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Abstract
Colorado State University is initiating a new
project on learning control strategies for object
recognition. It is our belief that the current
library of IU algorithms is sucient for solving many practical tasks if we can only learn
to sequence them properly. We are investigating the use of open-loop and closed-loop control
policies for sequencing IU algorithms, emphasizing the use of Markov decision models and
reinforcement learning to derive closed-loop object recognition policies. This work is being conducted in the context of the Automatic Population of Geospatial Databases (APGD) project,
where it will be used to learn object recognition
strategies for nding buildings, roads and other
objects of interest in aerial images.

1 Introduction
Image understanding (IU) research at Colorado
State University (CSU) is based on two simple
premises:




IU researchers have made tremendous
progress in developing algorithms for many
aspects of the computer vision problem,
including feature extraction, shape reconstruction and model matching.
Despite this progress, there are very few
practical IU systems because they are too
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dicult to build and too brittle with respect to changes in the domain or task
statement.
Based on these observations, researchers at CSU
are developing recognition strategies for the
DARPA Automatic Population of Geospatial
Databases (APGD) program based on a new
approach. Instead of hand developing new algorithms for speci c IU tasks, we approach IU as
a control problem. Our hypothesis is that many
practical IU problems can be solved through
existing techniques, provided we can learn to
select the proper sequence of algorithms. Our
goal is to develop the technology for learning
to recognize objects from examples by training
control strategies that select sequences of IU algorithms based on the object to be recognized
and the domain context.

2 Background
Over the last twenty years, computer vision
researchers have divided the eld into ten or
twenty (or more) topics, each with a narrowlyde ned problem focus. Within these sub elds,
theories have been developed and speci c algorithms have been proposed. As a result, there
are now good and improving algorithms for feature extraction (including points, edges, lines,
curves and regions), stereo analysis, multi-frame
feature tracking, depth from motion (two-frame
and multi-frame), shape matching, color matching, pixel matching (a.k.a. appearance matching), and 3D pose determination, and new algo-

rithms are being developed as this is written.
At the same time, other researchers (particularly within the DARPA community) have concentrated on building end-to-end systems that
solve speci c IU tasks. For example, in recent
years competing systems have been developed
for recognizing and reconstructing buildings
from aerial images [McGlone & Shufelt, 1993;
Lin et al., 1994; Jaynes et al., 1996], while other
systems have been built for recognizing military targets, road networks and terrain features.
These systems can be viewed as the intellectual
descendents of earlier knowledge-based systems
that exploited knowledge about objects and domains to create special-purpose object recognition strategies (e.g. [McKeown et al., 1985;
Hwang et al., 1986; Draper et al., 1989]).
If we take a close look at the recent work
on building reconstruction [McGlone & Shufelt,
1993; Lin et al., 1994; Jaynes et al., 1996], we
can draw several conclusions:








These systems were built by sequencing
standard IU algorithms for line extraction,
line grouping, shadow analysis and graph
matching/traversal. (Some of these systems re ned previous algorithms in these
areas.)
These systems are special-purpose to the
extent that they reconstruct a single type
of object within a speci c domain. They
will not work if the target object class or
domain is changed signi cantly.
It is dicult to analyze these systems.
There is no underlying theory by which to
gauge their performance, nor is there an
analytical method for predicting at what
point they will break. It is dicult even
to compare them, since each system makes
slightly di erent assumptions about the imagery.
These systems are dicult to build. Each
system took months or even years of highly
skilled labor to construct, and even so most
of these systems could be improved given
more time.

Our project is an e ort to generalize from earlier object recognition e orts. Like these pre-

vious systems, our goal is to sequence existing
IU algorithms in order to recognize speci c objects within limited contexts. Unlike previous
e orts, we will neither construct these algorithm
sequences by hand nor build a \knowledge base"
with rules for selecting algorithms (such knowledge bases have proven error-prone and dicult to build in the past; see [Draper & Hanson,
1991]). Instead, we will model IU as a control
problem, in which the goal is to select the best
sequence of algorithms for recognizing a given
object class. More speci cally, we model the IU
control problem as a Markov decision process,
in which the goal is to train a control policy
that selects algorithms so as to maximize the
expected reward over time, where the reward
is a weighted function of cost versus accuracy.
Our aim is a system that is general-purpose and
robust in the sense that it can be retrained to
recognize a wide variety of objects in various domains, and theoretically sound in the sense that
it will converge to the optimal control policy as
the training set size increases.

3 Relevance to APGD
To the extent that we are successful, our technology for learning object recognition strategies
could be used within the APGD context for
context-based algorithm control. We imagine
a system in which image analysts begin to populate a database by outlining and labeling objects of interest in images. As the analysts work,
the system uses these labeled object instances
as training samples for learning object recognition policies. When the strategy for an object
class is trained, the system will take over for the
analyst and automatically label any remaining
instances of the object class and enter these instances into the geospatial database. Moreover,
as new images are acquired the system will automatically label objects instances and update
the database.
Through continued training, a system which
learns strategies could in principle adapt to recognize any visually distinct object class. Moreover, because the system will be based on a
Markov decision process model and reinforcement learning, there are analytical reasons to
believe that the control policies it learns will be

sound; this is not true of current hand-crafted
systems. Finally, because the reinforcement
learning process makes a series of predictions
about the intermediate data it generates, the
system should be able to detect when its control policies are failing (perhaps because of a
new variant of an object class or because of a
change in the domain) and to ask the image analyst for new training samples, rather than make
possibly disastrous mistakes.

4 Image Understanding as a Control
Problem
Underlying this work is the notion of IU as a
control problem. In casting IU as a control
problem, we make the assumption that there is
a library of available IU algorithms (such as the
ones mentioned in Section 2), and that these algorithms are sucient to solve many interesting
IU problems. We also assume that the system
is given an IU task of the form \Find the X
in Y", where X is an object to be recognized
and Y is a set of images; examples of X in the
APGD context include buildings, roads, trees
and power lines, while an example of Y might
be EO nadir-view images of a constrained geographic area such as Bosnia or Somalia. The
challenge for the control system is to nd a sequence of algorithms (ideally, the best sequence
of algorithms) for nding the target object in
the given domain.
Readers should note that we propose to control
algorithms, not physical devices such as cameras
or platforms. Other researchers have addressed
physical camera control in the context of active
vision research. Also, there is a harder version
of the IU problem in which the object being
searched for is unspeci ed (i.e. \What's in the
image, and where is it?"). This form of the
problem includes the object indexing problem,
which is outside of the scope of this work.

4.1 Open-. vs. Closed-loop Control

tem. In open-loop control, the system selects a
xed sequence of actions for each task. Openloop control systems have the advantage that
recognition strategies can be easily expressed as
sequences of algorithms, and open-loop policies
can be learned by searching the space of algorithm sequences; Brown & Roberts [1994], for
example, use genetic algorithms to search for
the best sequence of algorithms for a speci c
automatic target recognition (ATR) task.
On the other hand, open-loop control systems
have the disadvantage that they are unable to
adjust to unexpected events. For example, one
strategy for nding buildings in aerial images
might be to rst extract building corners, where
the camera viewpoint determines the expected
image angle. Unfortunately, if the corner detector fails in an open-loop system (perhaps because of an error in the estimated viewpoint)
the open-loop strategy will continue to apply
the remaining algorithms in the sequence, even
though the data produced by the rst step was
erroneous. Closed-loop systems, on the other
hand, do not produce explicit sequences of actions. Instead, they select an algorithm at each
stage of the process based on the results of
the previous processing step. This gives closedloop systems the ability to react to unexpected
events during processing, for example by backtracking and selecting another algorithm.
More formally, closed-loop control strategies are
de ned by policies that map states of the system onto actions (i.e. algorithms), where system states are determined by measuring feature
attributes. Closed-loop control is more powerful
than open-loop control, and it is our belief that
variations among images within a domain and
the inherent unreliability of many IU algorithms
imply that closed-loop policies will be needed
for robust control. This is still a hypothesis,
however, and one of our tasks in this project
will be to compare closed-loop strategies learned
through reinforcement learning with open-loop
strategies learned through search.

4.2 Expert Knowledge vs. Machine
Learning
Once the decision is made to cast IU as a control
problem, several interesting questions emerge.
The rst of these questions is whether the system is an open-loop or closed-loop control sys-

Another question is whether control decisions
come from reasoning about expert knowledge

or whether they are learned automatically from
experience. We believe that although many
variations on expert systems have been tried
for IU (e.g. SPAM [McKeown et al., 1985],
SIGMA [Hwang et al., 1986], PSEIKI [Andress
& Kak, 1988], the Schema System [Draper et
al., 1989] and more recently OCAPI [Clement
& Thonnat, 1993]), they have always proven to
be dicult to build and harder to extend. Moreover, even when they produce acceptable results
on a limited set of images, it is dicult to tell
whether the control system has performed well
or not. We base our conclusions in part on our
own past work. In [Draper & Hanson, 1991]
we used the Schema System to illustrate problems inherent in the hand-construction of expert
knowledge bases for IU, while in [Draper et al.,
1996] we give a broader scope to these issues.
The alternative is to build a system that learns
control strategies based on examples. Brown
& Roberts [1994] is one example of a system
that learns open-loop control policies bases on
examples ([Chen & Mulgaonkar, 1992] is another). We propose to build on our earlier work
[Draper, 1996a; Draper, 1996b] by building a
system that uses reinforcement learning to automatically acquire closed-loop control policies
from examples. (In related but di erent work,
[Peng & Bhanu, 1996] used reinforcement learning to select parameters for IU algorithms.).
It is our contention that in the long run machine
learning is the best source of control strategies.
A elded APGD system, for example, must be
able to adapt to new object classes in new domains. A system requiring expert modi cation
and recerti cation for each new object or domain is not acceptable to the military (or indeed to any user). Instead, it is our goal to show
that robust closed-loop control policies for object recognition can be learned by observing an
expert.

4.3 General-purpose vs.
speci c Attributes

Object-

A critical issue for closed-loop control systems
is generating object-speci cation attribute measures for intermediate data representations. In
a closed-loop system, a control policy selects

actions (i.e. algorithms) based on the current
state of the system. The system state in turn is
a re ection of attributes that can be measured
for the features that have been extracted up to
that point. For example, in the hypothetical
closed-loop control policy for recognizing buildings mentioned in Section 4.1, the rst action
was to extract corners from the image data. The
second action was then selected based on the
number and quality of corners found in the rst
step.
Clearly, closed-loop control policies can only
outperform open-loop action sequences if the attributes of the image features provide meaningful feedback. In earlier experiments on learning to recognize buildings we provided a system
with routines for computing sophisticated feature attributes, including an algorithm which
measured how much of a shadow a feature cast
(based on the known camera viewpoint). This
attribute proved to be critical; as reported in
[Draper, 1996a] (page 1453), the number of false
alarms detected by the trained system dropped
signi cantly when the shadow attribute was introduced.
In this project, we intend to have the system develop meaningful attributes on its own. Some
of these attributes will be learned, while others will be deduced from a priori models. Attributes may be derived from many levels of representation, including image properties, such as
color and texture, and object geometry. For
instance, we will extend our earlier work with
linear machine decision trees to learn the apparent color of objects in outdoor imagery [Buluswar & Draper, 1994] to train attributes that
match image features to the expected textures
(and if available, colors) of objects. We will also
build on current work for matching features derived from geometric object models. Prior examples include our past work on matching horizons derived from terrain maps to imagery [Beveridge & Balasubramanian, 1997] and our multisensor system for predicting observable features
of CAD vehicle models [Stevens & Beveridge,
1997]. The speci c feature sets developed in
these examples do not carry over directly to
the APGD domain. However, the principles
employed by the algorithms generating these
features are applicable to APGD. We will also

be expanding our work on a set of algorithms
for learning probe sets and/or eigenvalue measures from example features extracted from images [Stevens et al., 1997].

5 Evaluating Recognition Strategies
In order to evaluate our ability to learn closedloop object recognition policies, we will apply
our system to the APGD Fort Hood dataset1
and test its ability to recognize objects of strategic interest. In particular, we will begin by
training recognition policies to nd buildings
and roads. Then we will test how easily the
system can adapt to new tasks by training it to
recognize two more object classes, to be determined jointly by ourselves and representatives
of the Army Topographic Engineering Center
(TEC). Finally, we will adopt a new dataset
from a di erent domain to see how easily the
system adapts from one setting to another.
In general, when evaluating our system, the
quality of a control policy will be measured by
a utility function that balances accuracy and
cost. (The relative weight of accuracy vs. cost
is determined by the user prior to training.) To
measure the e ectiveness of the learning system,
however, we must seperate the performance of
the control policy from the quality of the underlying IU algorithms. To do this, we will
compare control policies against two standards.
The rst standard is the result of an exhaustive search of the space of open-loop strategies. (We can compute this because the space
of open-loop strategies is much smaller than
the space of closed-loop policies.) Closed-loop
policies trained through reinforcement learning
will then be compared to the optimal open-loop
strategy according to the user-de ned utility
function. Second, we will compare closed-loop
policies to each other. Although there is no way
to know what the true optimal closed-loop policy for a given task may be, if we train multiple closed-loop policies we can compare them to
each other, determining which are the best (and
by how much).
For readers unfamiliar with the Fort Hood data, it
is a collection of approximately twenty high-resolution
black-and-white aerial images of Fort Hood, TX, including approximate camera parameters for each image.
1

6 Practicum: Khoros and the IUE
At a more mundane level, work on IU as a control problem can only proceed if libraries of IU
algorithms are accessible. One of the goals of
the Image Understanding Environment (IUE)
[Mundy et al., 1992] is to disseminate libraries
of IU \task" objects, which are implementations
of IU algorithms. To this end, we have been actively contributing to the IUE e ort. Our most
recent contribution is a target detection algorithm for use in IR imagery. This algorithm was
selected as an archetypical ATR algorithm and
it is based loosely on the concepts of a sliding
window detector set out by Nguyen [Nguyen,
1990]; it is of practical interest because it is
used as the rst phase of a two phase target
detection algorithm on the Unmanned Ground
Vehicle Program's Semi-Autonomous Scout Vehicles. We are also developing a version of our
optimal line segment matching system for release with the IUE.
At the same time, we are forced to recognize the
limited state of the current IUE task library. We
will therefore be developing our learning system within the Khoros image processing environment [Rasure & Kubica, 1994] which at the
moment has a more extensive library of (mostly
low-level) computer vision algorithms, and we
will be extending this library as necessary. Fortunately, long-term plans call for the IUE to become compatible with Khoros, and it is our hope
to be able to access both the IUE and Khoros
task libraries in the relatively near future.

7 Recent Accomplishments
Although the main thrust of this paper is to look
forward to our project on learning object recognition policies, we thought it would be useful
to brie y summarize some of our recent accomplishments, and in particular to expose some
underlying intellectual connections between our
previous work and our new project.

7.1 Automatic Target Recognition
Over the past three years we have devoted
considerable attention to the development of

Table 1: Confusion matrix for Multisensor Target Identi cation. Correct identi cation rate is
27/35 (77%). The two entries marked with `*'
are cases where hypothesis generation failed to
suggest the correct target type.
Multisensor System ID
True Target ID

M113 M901
M113
M901
M60
Pickup

7
1*

M60 Pickup

5

1
2

1
1*

1

7

1
8

new model-based ATR techniques for multisensor imagery. This work was supported by the
DARPA IU Program as part of the Unmanned
Ground Vehicle (UGV) program's RSTA (Reconnaissance, Surveillance and Target Acquisition) activity. A detailed report on this e ort
appears in [Beveridge et al., 1997a]; Here we
discuss only those portions of the work that are
relevant to the APGD project.
The CSU ATR system was a three-stage target detection and recognition system that performed well on the dicult Ft. Carson data set
[Beveridge et al., 1994]. On 35 target identi cation tasks involving 4 targets, the CSU system
correctly identi ed 27 out of 35 (77%) of the
targets. If we neglect dicult cases, such as
distant and occluded targets, the correct identication rate is over 90%. The confusion matrix
summarizing this result is presented in Table 1.
As a point of comparison, the group from MIT
Lincoln Laboratory has used the Ft. Carson dataset in part of the evaluation of their
own range-based ATR system [Verly & Lacoss,
1997]. Based upon their performance modeling work, they conclude their approach is only
applicable to four of the highest resolution Ft.
Carson range images.
Although some aspects of the CSU ATR system
are tailored to ATR, some of the technology is
applicable to the APGD task. The rst stage of
the ATR system used a linear machine decision

tree to learn the range of apparent colors exhibited by an object under outdoor lighting conditions [Buluswar & Draper, 1994]. Although the
Ft. Hood dataset used for the current APGD
work does not include color data, this same
learning technique can be used to learn combinations of texture measures extracted from
black and white imagery. How well an image
feature matches the expected texture of an object then becomes an attribute that a closedloop control system can use for feedback.
The second stage of the CSU ATR system used
probing techniques to suggest possible targets
and target orientations. The probing techniques
derived probe sets from BRL/CAD models of
possible targets, and we developed new techniques based on neural networks for eciently
selecting the most relevant probesets [Stevens
et al., 1997] . Once again, although the objects
being searched for in the APGD domain will be
di erent, probing techniques such as these can
be used to develop object-speci c feature attributes whenever either object models or substantial training imagery are available. We have
also begun to explore the intellectual connections between probing and eigenspace analysis [Nayar et al., 1996; Kirby & Sirovich, 1990;
Turk & Pentland, 1991], and are looking for
ways to train both probe sets and eigenspace
representations from the APGD training samples.
Finally, the third stage of the CSU ATR system
performed the nal target identi cation and target pose determination by matching 3D target models to the multisensor image data. By
exploiting an iterative predict-and-match cycle
between the 3D object model and the multisensor image data, we have demonstrated what
we consider to be several signi cant advances in
the state-of-the-art for ground-based multisensor ATR. We have demonstrated an ability to
take a rough target pose estimate, i.e. o by
as much as 30 , and generate a more reliable
estimate accurate to within about 5 [Stevens
& Beveridge, 1997]. Further, this is done in
the presence of errors in the initial registration
mappings between sensors: our algorithm renes sensor registration and 3D target pose as
part of the matching process.

Although this work might at rst seem unrelated to the current APGD e ort, this work implies that our learning systems will have access
to state-of-the-art algorithms for matching geometric models to data. Moreover, it demonstrates an ability to propagate evidence for terrain occlusion between sensors and accordingly
modify range, IR and color target features during the matching cycle. This means that the
CSU ATR system does not try to nd features
which it can infer are occluded by foreground
terrain. Such an ability to reason about why
certain features might not be seen will be critical to control systems that must distinguish between features that are missing (or may have
changed), and those which simply cannot be
seen from the current viewpoint.

8 Conclusion
The current focus of IU research at Colorado
State University is on understanding the implications of modeling IU as a control problem,
and on building practical systems that learn object recognition strategies from examples. This
work is being conducted in the context of the
Automatic Population of Geospatial Databases
(APGD) project, where it will be used to learn
object recognition strategies for nding buildings, roads and other objects of interest in aerial
images.
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