shoreline AND near a town, the search for docks need only be carried out in
the intersection of the locations.

10.4 CONTROL ISSUES IN COMPLEX VISION SYSTEMS

340

Computer vision involves the control of large, complex information-processing
tasks. Intelligent biological systems solve this control problem. They seem to have
complicated control strategies, allowing dynamic allocation of computational
resources, parallelism, interrupt-driven shifts of attention, and incremental
behavior modification. This section explores different strategies for controlling the
complex information processing involved in vision. Appendix 2 contains specific

Fig. 10.18 (a) Initial data to be refined
by location network inference. (b)
Results of evaluating network of (a). (c)
Results of evaluating network after
additional information is added.
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techniques and programming language constructs that have proven to be useful
tools in implementing control strategies for artificial intelligence and computer vi-
sion.

10.4.1 Parallel and Serial Computation

In parailel computation, several computations are done at the same time. For exam-
ple, different parts of an image may be processed simultaneously. One issue in
parallel processing is synchronization: Is the computation such that the different
parts can be done at different rates, or must they be kept in step with each other?
Usually, the answer is that synchronization is important. Another issue in parallel
processing is its implementation. Animal vision systems have the architecture to
do parallel processing, whereas most computer systems are serial (although
developing computer technologies may allow the practical realization of some
parallel processing). On a serial computer parallelism must be simulated —this is
not always straightforward.

In serial computation, operations are performed sequentially in time whether
or not they depend on one another. The implied sequential control mechanism is
more closely matched to a (traditional) serial computer than is a parallel mechan-
ism. Sequential algorithms must be stingy with their resources. This fact has had
many effects in computer vision. It has led to mechanisms for efficient data access,
such as multiple-resolution representations. It has also led some to emphasize cog-
nitive alternatives for low-level visual processing, in the hope that the massive
parallel computations performed in biological vision systems could be circum-
vented. However, this trend is reversing; cheaper computation and more pervasive
parallel hardware should increase the commitment of resources to low-level com-
putations. Parallel and serial control mechanisms have both appeared in algo-
rithms in earlier chapters. It seems clear that many low-level operations (correla-
tion, intrinsic image computations) can be implemented with parallel algorithms.
High-level operations, such as ‘‘planning’’ (Chapter 13) have inherently serial
components. In general, in the low levels of visual processing control is predom-
inately parallel, whereas at the more abstract levels some useful computations are
necessarily serial in nature.

10.4.2 Hierarchical and Heterarchical Control

Visual control strategies dictate the flow of information and activity through the
representational layers. What triggers processing: a low level input like a color
patch on the retina, or a high level expectation (say, expecting to see a red car) ?
Different emphasis on these extremes is a basic control issue. The two extremes
may be characterized as follows.

1. Image data driven. Here the control proceeds from the construction of the

generalized image to segmented structures and finally to descriptions. This is
also called bottom-up control.
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2. Internal model driven. Here high-level models in the knowledge base generate
expectations or predictions of geometric, segment, or generalized image struc-
ture in the input. Image understanding is the verification of these predictions.
This is also called top-down control.

Top-down and bottom-up control are distinguished not by what they do but
rather by the order in which they do it and how much of it they do. Both ap-
proaches can utilize all the basic representations—intrinsic images, features,
geometric structures, and propositional representations—but the processing
within these representations is done in different orders.

The division of control strategies into top-down and bottom-up is a rather
simplistic one. There is evidence that attentional mechanisms may be some of the
most complicated brain functions that human beings have [Geschwind 1980]. The
different representational subsystems in a complex vision system influence each
other in sophisticated and intricate ways; whether control flows ‘‘up”” or ‘“‘down”’ is
only a broad characterization of local influence in the (loosely ordered) layers of
the system.

The term ‘‘bottom-up’’ was originally applied to parsing algorithms for for-
mal languages that worked their way up the parse tree, assembling the input into
structures as they did so. ‘““Top-down’ parsers, on the other hand, notionally
started at the top of the parse tree and worked downward, effectively generating
expectations or predictions about the input based on the possibilities allowed by
the grammar; the verification of these predictions confirmed a particular parsing.

These two paradigms are still basic in artificial intelligence, and provide
powerful analogies and methods for reasoning about and performing many
information-processing tasks. The bottom-up paradigm is comparable in spirit
with “‘forward chaining,”” which derives further consequences from established
results. The top-down paradigm is reflected in ‘‘backward chaining,”’ which breaks
problems up into subproblems to be solved.

These control organizations can be used not only ‘“tactically’’ to accomplish
specific tasks, but they can dictate the whole “‘strategy’’ of the vision campaign.
We shall discover that in their pure forms the extreme strategies (top-down and
bottom-up) appear inadequate to explain or implement vision. More flexible or-
ganizations which incorporate both top-down and bottom-up components seem
more suited to a broad spectrum of ambitious vision tasks.

Bottom-Up Control
The general outline for bottom-up vision processing is:
1. PREPROCESS. Convert raw data into more usable intrinsic forms, to be inter-
preted by next level. This processing is automatic and domain-independent.

2. SEGMENT. Find visually meaningful image objects perhaps corresponding to
world objects or their parts. This process is often but not always broken up into
(a) the extraction of meaningful visual primitives, such as lines or regions of
homogeneous composition (based on their local characteristics); and (b) the
agglomeration of local image features into larger segments.
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3. UNDERSTAND. Relate the image objects to the domain from which the image
arose. For instance, identify or classify the objects. As a step in this process, or
indeed as the final step in the computer vision program, the image objects and
the relations between them may be described.

In pure bottom-up organization each stage yields data for the next. The pro-
gression from raw data to interpreted scene may actually proceed in many steps;
the different representations at each step allow us to separate the process into the
main steps mentioned above.

Bottom-up control is practical if potentially useful ‘‘domain-independent”
processing is cheap. It is also practical if the input data are accurate and yield reli-
able and unambiguous information for the higher-level visual processes. For ex-
ample, the binary images that result from careful illumination engineering and in-
put thresholding can often be processed quite reliably and quickly in a bottom-up
mode. If the data are less reliable, bottom-up styles may still work if they make
only tolerably few errors on each pass.

Top-Down Control

A bottom-up, hierarchical model of perception is at first glance appealing on
neurological and computational grounds, and has influenced much classical philo-
sophical thought and psychological theory. The “‘classical’’ explanation of percep-
tion has relatively recently been augmented by a more cognition-based one involv-
ing (for instance) interaction of knowledge and expectations with the perceptual
process in a more top-down manner [Neisser 1967; Bartlett 1932]. A similar evolu-
tion of the control of computer vision processing has accounted for the augmenta-
tion of the pure ‘‘pattern recognition” paradigm with more ‘‘cognitive” para-
digms. The evidence seems overwhelming that there are vision processes which do
not ‘‘run bottom-up,’” and it is one of the major themes of this book that internal
models, goals, and cognitive processes must play major roles in computer vision
[Gregory 1970; Buckhout 1974; Gombrich 1972]. Of course, there must be a sub-
stantial component of biological vision systems which can perform in a noncogni-
tive mode.

There are probably no versions of top-down organization for computer vision
that are as pure as the bottom-up ones. The model to keep in mind in top-down
perception is that of goal-directed processing. A high-level goal spawns subgoals
which are attacked, again perhaps yielding sub-subgoals, and so on, until the goals
are simple enough to solve directly. A common top-down technique is
“‘hypothesize-and-verify’’; here an internal modeling process makes predictions
about the way objects will act and appear. Perception becomes the verifying of
predictions or hypotheses that flow from the model, and the updating of the model
based on such probes into the perceptual environment [Bolles 1977]. Of course,
our goal-driven processes may be interrupted and resources diverted to respond to
the interrupt (as when movement in the visual periphery causes us to look toward
the moving object). Normally, however, the hypothesis verification paradigm re-
quires relatively little information from the lower levels and in principle it can con-
trol the low-level computations.
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The desire to circumvent unnecessary low-level processing in computer vi-
sion is understandable. Our low-level vision system performs prodigious amounts
of information processing in several cascaded parallel layers. With serial computa-
tion technology, it is very expensive to duplicate the power of our low-level visual
system. Current technological developments are pointing toward making parallel,
low-level processing feasible and thus lowering this price. In the past, however, the
price has been so heavy that much research has been devoted to avoiding it, often
by using domain knowledge to drive a more or less top-down perception paradigm.
Thus there are two reasons to use a top-down control mechanism. First, it seems to
be something that human beings do and to be of interest in its own right. Second, it
seems to offer a chance to accomplish visual tasks without impractical expenditure
of resources.

Mixed Top-Down and Bottom-Up Control

In actual computer vision practice, a judicious mixture of data-driven analysis
and model-driven prediction often seems to perform better than either style in iso-
lation. This meld of control styles can sometimes be implemented in a complex
hierarchy with a simple pass-oriented control structure. An example of mixed or-
ganization is provided by a tumor-detection program which locates small nodular
tumors in chest radiographs [Ballard 1976]. The data-driven component is needed
because it is not known precisely where nodular tumors may be expected in the in-
put radiograph; there is no effective model-driven location-hypothesizing scheme.
On the other hand, a distinctly top-down flavor arises from the exploitation of what
little is known about lung tumor location (they are found in lungs) and tumor size.
The variable-resolution method using pyramids, in which data are examined in in-
creasingly fine detail, also seems top-down. In the example, work done at 1/16
resolution in a consolidated array guides further processing at 1/4 resolution. Only
when small windows of the input array are isolated for attention are they con-
sidered at full resolution.

The process proceeds in three passes which move from less to greater detail
(Fig. 10.19), zooming in on interesting areas of image, and ultimately finding ob-
jects of interest (nodules). Two later passes (not shown) ‘‘understand’’ the no-
dules by classifying them as ‘‘ghosts,”’ tumors or nontumors. Within pass II, there
is a distinct data-driven (bottom-up) organization, but passes I and IIl have a
model-directed (top-down) philosophy.

This example shows that a relatively simple, pass-oriented control structure
may implement a mixture of top-down and bottom-up components which focus at-
tention efficiently and make the computation practical. It also shows a few places
where the ordering of steps is not inherently sequential, but could logically proceed
in parallel. Two examples are the overlapping of high-pass filtering of pass II with
pass I, and parallel exploration of candidate nodule sites in pass III.

Heterarchical Control

The word ‘‘heterarchy” seems to be due to McCulloch, who used it to
describe the nonhierarchical (i.e., not partially ordered in rank) nature of neural
responses implied by their connectivity in the brain. It was used in the early 1970s
to characterize a particular style of nonhierarchical, non-pass-structured control
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PREPROCESS SEGMENT CONTROL
Pass 0
(Digitize The digitizer has a
radiograph)  hardware attechment
which produces the
optical density.
Pass I
(Find lung In 64 X 56 In 64 X 56 array,
boundaries)  consolidated find rough lung
array, apply outline; in TOP—DOWN
gradient at proper 256 X 224 array,
resolution refine lung
outline
Pass II
(Find In 256 X 224 array, In 256 X 224 array
candidate apply high-pass use gradient-
nodule sites  filter to enhance directed, circular BOTTOM—-UP
and edges, then inside Hough method
large lung boundaries; to find candidate
tumors) apply gradient at sites; also detect
proper resolution large tumors
Pass IIT
{Find nodule From 1024 X 896 In 64 X 64 full-
boundaries)  array, extract 64 X 64 resolution, pre-
window about each processed window,
candidate nodule site, apply dynamic
then in window apply programming TOP-DOWN

high-pass filter for

edge enhancement;
then apply gradient
at proper resolution

technique
to find accurate
nodule boundaries

Fig. 10.19 A hierarchical tumor-detection algorithm. Technical details of the
methods are found elsewhere in this volume. The processing proceeds in passes
from top to bottom, and within each pass from left to right. The processing exhi-
bits both top-down and bottom-up characteristics.

organization. Rather than a hierarchical structure (such as the military), one
should imagine a community of cooperating and competing experts. They may be
organized in their effort by a single executive, by a universal set of rules governing
their behavior, or by an a priori system of ranking. If one can think of a task as con-
sisting of many smaller subtasks, each requiring some expertise, and not neces-
sarily performed globally in a fixed order, then the task could be suitable for
heterarchical-like control structure.

The idea is to use, at any given time, the expert who can help most toward
final task solution. The expert may be the most efficient, or reliable, or may give
the most information; it is selected because according to some criterion its subtask
is the best thing to do at that time. The criteria for selection are wide and varied,
and several ideas have been tried. the experts may compute their own relevance,
and the decision made on the basis of those individual local evaluations (as in
PANDEMONIUM [Selfridge 1959]). They may be assigned a priori immutable
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rank, so that the highest-ranking expert that is applicable is always run (as in
[Shirai 1975; Ambler et al. 1975]). A combination of empirically predetermined
and dynamically situation-driven information can be combined to decide which ex-
pert applies.

The actual control structure of heterarchical programming can be quite sim-
ple; it can be a single iterative loop in which the best action to take is chosen, ap-
plied, and interpreted (Fig. 10.20).

10.4.3 Belief Maintenance and Goal Achievement

Belief maintenance and goal achievement are high-level processes that imply
differing control styles. The former is concerned with maintaining a current state,
the latter with a set of future states. Belief maintenance is an ongoing activity
which can ensure that perceptions fit together in a coherent way. Goal achieve-
ment is the integration of vision into goal-directed activities such as searching for
objects and navigation. There may be ‘“‘unconscious’’ use of goal-seeking tech-
niques (e.g., eye-movement control).

Belief Maintenance

An organism is presented with a rich visual input to interpret. Typically, it all
makes sense: chairs and tables are supported by floors, objects have expected
shapes and colors, objects appear to flow past as the organism moves, nearer ob-
jects obscure farther ones, and so on. However, every now and then something

Choose the best action

( based on what is known

so far

Perform it

Inperpret its results
to increase knowledge

T ore>TD
€D,

Fig. 10.20 A main executive control
loop for heterarchical vision.
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enters the visual field that does not meet expectations. An unfamiliar object in a
familiar environment or a sudden movement in the visual periphery can be
“‘surprises’’ that do not fit in with our existing beliefs and thus have to be reckoned
with.

It is sometimes impossible to ignore movements in our visual periphery, but
if we are preoccupied it is easily possible to stay unconscious of small changes in
our environment. How is it possible to notice some things and not others? The be-
lief maintenance mechanism seems to be resource-limited. A certain amount of
“‘computing resource’ is allocated for the job. With this resource, only a limited
amount of checking can be done. Checks to be made are ranked (somehow—
responses to events in the periphery are like reflexes, or high-priority hard-wired
interrupts) and those that cannot be done within the resource limit are omitted.
Changes in our beliefs are often initiated in a botfom-up way, through unexpected
inputs.

A second characteristic of belief maintenance is the almost total absence of
sequential, simulation-based or ‘‘symbolic’’ planning or problem-solving activity.
Our beliefs are “‘in the present’’; manipulation of hypothetical worlds is not belief
maintenance. ‘“Truth maintenance’’ schemes have been discussed in various con-
texts [Doyle 1979; Stallman and Sussman 1977].

We conjecture that constraint-satisfaction (relaxation) mechanisms
(Chapters 3, 7, and 12) are computationally suited to maintaining belief structures.
They can operate in parallel, they seek to minimize inconsistency, they can tolerate
“‘noise’” in either input or axioms. Relaxation techniques are usually applied to
low-level visual input where locally noisy parameters are combined into globally
consistent intrinsic images. Chapter 12 is concerned with inference, in which con-
straint relaxation is applied to higher-level entities.

Characteristics of Goal Achievement

Goal achievement involves two related activities: planning and acting. Plan-
ning is a simulation of the world designed to generate a plan. A plan is a sequence
of actions that, if carried out, should achieve a goal. Actions are the primitives that
can modify the world. The motivation for planning is survival. By being able to
simulate the effects of various actions, a human being is able to avoid dangerous si-
tuations. In an analogous fashion, planning can help machines with vision. For ex-
ample, a Mars rover can plan its route so as to avoid steep inclines where it might
topple over. The incline measurement is made by processing visual input. Since
planning involves a sequence of actions, each of which if carried out could poten-
tially change the world, and since planning does not involve actually making those
changes, the difficult task of the planner is to keep track of all the different world
states that could result from different action sequences.

Vision can clearly serve as an important information-gathering step in plan-
ning actions. Can planning techniques be of use directly to the vision process?
Clearly so in “‘skilled vision,’” such as photointerpretation. Also, planning is a use-
ful computational mechanism that need not be accompanied by conscious, cogni-
tive behavior.
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These inductive conclusions leading to the formation of our sense perceptions
certainly do lack the purifying and scrutinizing work of conscious thinking.
Nevertheless, in my opinion, by their particular nature they may be classed as
conclusions, inductive conclusions unconsciously formed. [Helmholtz 1925]

The character of computations in goal achievement is related to the inference
mechanisms studied in Chapter 11, only planning is distinguished by being
dynamic through time. Inference (Chapter 12) is concerned with the knowledge
base and deducing relations that logically follow from it. The primitives are prop-
ositions. In planning (Chapter 13) the primitives are actions, which are inherently
more complex than propositions. Also, planning need not be a purely deductive
mechanism; instead it can be integrated with visual ‘‘acting’’, or the interpretation
of visual input. Often, a long deductive sequence may be obviated by using direct
visual inspection. This raises a crucial point: Given the existence of plans, how
does one choose between them? The solution is to have a method of scoring plans
based on some measure of their effectiveness.

EXERCISES

10.1 (a) Diagram some networks for a simple dial telephone, at various levels of detail
and with various complexities of relations.
(b) Now include in your network dial and pushbutton types.
(c) Embed the telephone frame into an office frame, describing where the tele-
phone should be found.
10.2 Is a LISP vision program an analogical or propositional representation of
knowledge?

10.3 Write a semantic net for the concept ““leg,”” and use it to model human beings,
tables, and spiders. Represent the fact ‘““all tables have four legs.”” Can your “‘leg”
model be shared between tables and spiders? Shared within spiders?
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