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Abstract

The Locus model of search is a non-backtracking,
deterministic search technique in which a beam of near-miss
alternatives around the best path are extended in parallel for
graph searching problems.: In this paper we formulate image
interpretation as a graph searching problem and show how
the Locus model provides a near-optimal minimal effort
solution. The structure of the model is illustrated using a
detailed example. The relationship of the present approach
to earlier attempts at image interpretation are discussed.

Introduction

The central problem in image understanding is the
representation and use of all the available sources of
knowledge in the interpretation and description of an image.
The problem of representation is complicated by the diversity
of the sources of knowledge. Converting knowledge into
effective algorithms in the presence of error and uncertainty
further complicates lhe issue. In this paper we present a
specific framework for representation and use of knowledge
which appears to be both sufficient and efficient for a wide
variety of image interpretation tasks.

The framework for image interpretation presented here
is based on the Locus model successfully used in speech
understanding research (Lowerre and Reddy, 1977). The
Locus model is a non-backtracking, non-iterative,
deterministic search technique in which a beam of near-miss
alternatives around the best path are extended to determine
the near-optimal description of the image.

This technique is being applied to several tasks which
together exhibit a widé range of image source variability,
sensor characteristics, and noise characteristics. The three
tasks currently under exploration are: interpretation of
uncontrived arbitrary images representing different views of
downtown Pittsburgh (3-D world); location of a landmark or
identification of an image from satellite and aerial -images of
the Washington, D.C. area (2-D world); detection of changes in
an image using symbolic techniques. The downtown
Pittsburgh task involves several interesting subtasks: scene-
type identification (indoor, outdoor, office, ..), camera position
identification (scale, location and orientation aspects of the
image); image structure understanding (relative positions of
buildings); and image detail understanding (detect cars, bushes,
people walking after the larger context of a "road" is
established).

In the following sections we will outline the structure
of the model, illustrate its use by a simple but detailed
example, and discuss the relationship of the present approach
to earlier attempts at image interpretation. A detailed
description of the model as applied to the image
interpretation task will be given in Rubin (1977). A more
complete discussion of the strengths and limitations of the
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model and ils relationship 1o the other approaches to
knowledge representation and search are given in Reddy
(1977).

Image Understanding as Search:

The basic premise underlying the Locus model is that
the problem of image interpretation can be viewed as a
problem of  search. Given a specific knowledge
representation paradigm and a specific signal-to-symbol
transformation paradigm, a highly efficient search can be
used to obtain a near-optimal global solution satisfying as
many of the constraints of the world model as possible.

The principal requirement of the Locus model is in the
area of knowledge representation. Most approaches to image
recognition assume the existence (and availability) of a world
model in terms of some internal. symbolic description. The
world model usually consists of knowledge which defines the
structure and relationship among objects in all scenes that
are interpretable by the world model. By iteratively
redefining higher level structures in terms of simpler objects
one can generate a hierarchical network (or possibly a
relational semantic network).

The particular knowledge representation paradigm we
have adopted in Locus is to attempt to represent all images
that are admissible by the world model in terms of a graph
structure whose nodes are Primitive Picture Elements (PPEs).
A PPE is chosen so that all pixels belonging to a given PPE
class share the same properties in the feature space (or
signal space). Thus a PPE might sometimes represent an
entire object as in the case of sky, river, or road, or
represent a small subpart of an object such as a segment
with similar textural properties. As an exampie, the table
below lists the PPEs that have been identified in a typical
scene of downtown Pittsburgh. Note that the PPEs are
chosen for their structural uniqueness as well as their visual
uhiqueness.
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Hilton Awning roof

Hilton Awning side

Hilton Main roof

Hilton Main structure walls
Hilton Elevator shaft roof
Hilton Elevator shaft walls
Hilton Conference area roof
Hilton Conference area walls
Gateway 1 main roof

Galeway 1 walls

Gateway 1 elevator shaft walls
Gateway 2 main roof

Gateway 2 walls

Gateway 2 elevator shaft walls
Gateway 3 main roof

Gateway 3 walls

Gateway 3 elevator shaft walls
Jenkins Arcade walls

Hornes main area roof

Hornes secondary-area walls
Hornes tertiary-area roof
Hornes tertiary-area walls
Hornes smoke stack

Pittsburgh Press roof
Pittsburgh Press walls
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Pittsburgh Press plaza roof
Pittsburgh Press plaza sides
State Office main tower roof
State Office main tower walls
State Office office building roof
State Office office building walls
Allegheny River

Gateway Towers roof

Gateway Towers walls

Gateway Towers elevator shaft roof
Gateway Towers elevator shaft walls

Commonwealth Place
Liberty Ave. East
Liberty Ave. West
Blvd. of the Allies
Point Park Road A
Point Park Road B
Point Park A

Point Park B

Point Park C

Point Park D

Liberty Ave. Island A
Liberty Ave. Island B
Mountains to north of city
Sky



The above sct of PPEs are primarily intended for use
in the detail understanding sub-task of the downtown
Pittsburgh image interpretation task. These are by no means
unique and are given here purely to illustrate the type of

detail that can be applied. However, at other levels of
understanding (such as scene understanding or viewpoint
understanding) the number of PPEs needed can be
substantially  smaller. For example, on the scene
understanding task, we plan to use only 5 PPEs: Sky,

Mountains, Buildings, River, and Park.

We assume that a set of PPEs are available which can
be used to compose any image that is admissible by the
world model. Furlher we assume that most, if not all, of the
constraints about object structure, size, shape, location, and
orientation are expressible in terms of the graph structure
containing only the PPEs. It is obvious that this type of
knowledge representation is likely to be. expensive in terms
of space for all excepl lhe most trivial problems but it
appears to be what is needed for an efficient solution. Baker
(1975) and Lowerre (1976) show how different types of
knowledge and constraints can be combined into a single
graph structure.

Let us consider an exawmple. The task is the labeling of
a 4x2 scene. We will assume (hal this scene consists of three
objects (PPEs) called A, B, and C. Figure 1 shows the
possible relalionships that are allowed between A, B, C, and
the scene edge. The arrows indicate the adjacency
relationships between the objects and the boundaries. Note
that either A or B may be adjacent to the left, top, and
bottom boundaries and that only C is permitted next to the
right boundary.
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Figure 1. Legal relalionships helween the three PPEs and the scene edge.
Note that state A is optional because state B may border the top and left
sides.

The only relationships used in this network are horizontal and
vertical.. It is possible to employ more contextual information
such as diagonal relationships, but this simple network is
adequate for our example. -

In the absence of any constraints, the optimal
assignment of PPEs to pixels can be obtained by selecting the
best PPE label in each pixel neighborhood. However, given
the semantic, syntactic, structural, and segmental properties
of scenes that are acceptable within the world model, one
wishes to choose those assighments of PPEs to pixels that
are both globally optimal and consistent with the model.

In our example, each point in the 4x2 scene can be
labeled arbitrarily from the three PPEs, allowing 38 possible
interpretations. Given the network constraints, this reduces
to only 9 possible labelings, shown below in Figure 2:

L"A"AB'C’ 5. [A]A[B]C] a. [A[B[B]C
" [A|A]B]C " [A|B[B]C " [A]B]B]C
4ABBc' 5"’8:'3'80 6. [A[BICIC

B|B|B|C B|B[B][C " [A]B[C]C
7. [A|B[C]C] g. [B[B[CIC) g, [BICICIC
"[B]B]C|C B[B[C|C " [B[c[C]c

Figure 2. Legal label assignments of 3 PPEs to the 8 scene points of the 4x2
image using network constraints from Figure 1. Note that only 9 of the
possible 38 paths are legal

These 9 labelings can be seen graphically in Figure 3 which
shows the possible nctwork paths that can be traversed
while searching from the initial state to the final state. This
is an unpruned recognition tree. It appears as a graph
because some of the nodes have been combined to indicate
the independence of the path from the prior context. The
nodes at positions (2, 2), (2, 3), and (2, 4) have states arriving
from the TOP and LEFT. This is the normal case for most
PPEs in a larger image since the average point is not along
the top or left side. Note that for real pictures with real.
constraints, the complexity of the networks and the number
of legal label assignments is significantly higher.

Signal-to-Symbol Matching

Matching the symbolic elements of the network to the
signal requires a sighal-to-symbol transformation technique
by means of which one can estimate the likelihood that a
given PPE is present at (or around) a pixel location. This
basically requires the availability of a pattern template for
each PPE and a distance metric for matching the unknown
signal with the PPE templates.

Figure 4 shows the values at each position in the
sensed image for our example. Qur task is to assign a label
(A, B, or C) to each pixel. Supposc the expected value
(templates) of PPE objects are: A=4, B=9, and C=3. Then the
question is which of the 9 possible interpretations given in
Figures 2 and 3 best represent the signal. -

Figure 4. Sensed data for each position in the sample image.

For simplicity, let us assume that the distance metric is: Ai,' =
1 - |i-j|/10, yielding the following statistical matches for }\s,
Bs, and Cs:
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Figure 5. Likelihood values of each PPE to the points in the sensed image. For
example, the point (1, 1) has a 0.4 likelihood of being PPE B because B is
normaly 9 and point (1, 1) is 3: 1 - |[9-3]/10 = 0.4

The Locus Model

Given a PPE graph structure representation of the
world model and a signal-to-symbol transformation technique,
the problem of interpreting an unknown image can be viewed
as finding the optimal path through the graph, i.e., finding a
sequence of PPEs which best describe each of the pixel
neighborhoods of the unknown image, subject to constraints
defined by the knowledge sources represented by the graph.
In our example, Figures 2 and 3 provide two different
representations of the constraint and illustrate the power of
knowledge sources in reducing the number of alternatives.

Finding the optimal path through the graph is a
classical search problem with many possible alternative
search strategies (Nilsson, 1971). In this paper we propose
and use a search strategy called Locus which appears to be
effective in perceptual problem solving. Locus is a beam
search heuristic in which all except a beam of near-miss
alternatives around the best path are pruned from the search
tree at each pixel (or segmental) decision point. This contains
the exponential growth of nodes in the path without requiring
backtracking and non-deterministic search.

The Locus search proceeds as follows: 1) a forward
pass calculales path likelihoods and inter-node connections,
and 2) a backtrace uses the inter-node connections to
determine the components of the ncar-optimal network path.
As the forward pass search progresses through the network,
unpromising alternatives are pruned and the interconnections
along the beam are saved until the end of the network is
reached. At this point, a backtrace of the connections is
made to select a path through the network. Note that this
path is expected to lie in the beam that was carved out by
the forward pass. By delaying the decision making process
until all of the network nodes have been examined, Locus
obtains the globally near-optimal path through the network.
This is because the calculation of a node’s likelihood hinges
on all previous nodes that led up to it. Thus, during the
backtrace, each node decision is guaranteed against
degeneration because its likelihood is supported by all nodes
before it. This means that the selection of an object label in
one corner of the scene can affect the labeling in the
opposite corner. Consideration of all of the near-miss
alternatives removes the need for backtracking, and thus
removes the problem of whether to search by depth or
breadth.

Before we can define the search strategy for finding
the optimal path we need to define the term path likelihood in
a PPE network. Path likelihood is defined incrementally in
terms of the nodes it traverses and uses three pieces of
information to calculate a likelihood: the statistical match of
the signal to the symbol; the likelihoods of previous network
nodes; and the transition likelihoods of arriving from those
previous network nodes. Formally:

(1)

where P;; is the likelihood of being in network state i at
position j' of the sensed dala; A;; is the statistical match of
the PPE symbol represented by state i to the signal at
position j; a(d) is the state adjacency function which offsets
the current state (j) to the previous state (j+a(d)) in direction
d; and Tk,i,d is the transition likelihood of traveling from state
k to state i in direction d. For image processing, the position
(j) is an (x, y) vector. The maximum k in the above equation
is saved as the best previous state and identifies the best
path to take during the backtrace. Note that the likelihood
values are not needed during the backtrace: they accumulate
on the forward pass only. The back-pointers are calculated
on the forward pass using the likelihood information, so they
reflect all node transitions to that point. The backtrace uses
only the best previous node for each state as it quickly steps
through the network and selects a path. No search is
perforimed in this pass: it is pure look-up.

Going back to our example, Figure 6 shows the states
that were examined in the forward pass. Note that this is
simply a pruned version of the recognition tree in Figure 3.
The numbers above each node are the likelihoods calculated
for that point on the forward pass. The first number is the
forward pass likelihood which is calculated for each node at a
given position. The second number is the normalized forward
pass likelihood which is calculated after each node at the
position has been examined. The normalization is necessary
to keep the likelihoods from degencrating as the network is
traversed (discussed below). Note that nodes are pruned
from the beam when their un-normalized likelihood drops to
0.5 or below.

Let us look at the likelihood calculations for the point
(2, 3) in Figure 6 (the two squares in the third column). The
bottom point is a C, and it is on the path which selects
labelings number 6 through 9 (see Figure 2). There are two
paths from the top and left that contribute to the likelihood
calculations. For simplicity, the transition likelihoods in this
example will always be 1.0 when legal. Thus, if a transition
appears in Figure 3, it’s likelihood is 1.0. Looking at the left
context, the point at (2, 2) has a normalized likelihood value
of 1.0. Since this is the only node in that direction, it is the
maximum node in that direction (see equation 1) and so the
likelihood from the left is 1.0. From the top, the likelihood of
being at point (1, 3) is also 1.0. Taking the average gives 1.0
and multiplying this by 0.5 (the statistical from Figure 5)
match yields an un-normalized likelihood of 0.5 for this state.

The other node at position (2, 3) is a B on the path
which includes labelings 1 through 5. The statistical match of
that point to PPE B is 0.6. Since there are two previous
nodes to the left, calculation of the likelihood from the left
involves finding the best previous node in that direction. In
this case, the B in position (2, 2) is stronger with a likelihood
of 1.0. Since the likelihood from the top is 0.75, the average
likelihood for that state is 0.87. When multiplied by the
statistical match for that PPE, the un-normalized likelihood of
that node becomes 0.79.

Once all node likelihoods are calculated, they are
normalized so that the largest likelihood becomes 1 and the
others increase proportionately. For this reason, the top
node expands to 1.0. The PPE for C at position (2, 3) is
pruned because it’s un-normalized likelihood is 0.5. Note that
the back-pointers which are saved here tell which previous
node is the best. The back-pointer for the top node at point

(2, 3) selects the B at point (1, 3) from the top and the B at

position (2, 2) from the left. The selection of the node to the
left is done because that node had the greatest previous
node likelihood.
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The calculation of node likelihoods proceeds in a raster
manner. This means thal lhe order of calculation is (1,1),
(1,2), (1,3), (1,4), (2,1), (2,2), (2 3), (2,4). When all of the
likelihoods have been calculaled on the forward pass, the
backtrace makes a quick pass of the back-pointers to
determine the global path. This backtrace proceeds in a
reverse raster manner and follows the back-pointers left by
the forward pass. Refering to Figure 6 again, you can see
that the C at point (2, 4) is the first point chosen for the
global path. From there, two points are suggested to the top
and left: the C at (1, 4) and the B at (2, 3). The next point in
the backlirace is the B at (2, 3) which was indicated from the
C to its right. It indicates the B in (1, 3) and the B in (2, 2).
The backirace looks very simple but occasionally runs into
shnags. In this example, there is a conflict of back-pointers at
position (1, 3). The state to its right is a C and indicates that
(1, 3) should be a C. The state below it is a B and indicates
that (1, 3) should be a B. Although conflict resolution is very
difficult and not fully solved, the solution here is obvious.
The .network does not allow a C at (1, 3) to exist above a B
at (2, 3) and the B has already been chosen. Therefore the B
at (1, 3) is chosen because it does not contradict any network
constraints. Once the B at (1, 3)'is selected, the rest of the
backirace proceeds smoolhly and path 4 is identified as the
correct labeling.

This example shows an interesting property of the
Locus search: error correcting without backtracking. Notice
that the strongest path, from the slarl, is the one which leads
to labeling 7. This is based on the weak assumption that the
point (1, 3) is a C. In trulh, it could be any PPE, but the
network rules out A. Of the remaining: choices, C is
statistically better than B, so the forward pass prefers C. On
a global basis, however, B is better because path 4 is more
globally consislent with the.sensed data. This is because the
point (2, 3) is strongly favored to be a B over a C, and it is
not until the global path is assembled from the back-pointers
that the mistake is corrected. If this data were run through a
backtracking system which employed a best-first search, the
incorrect path would be selected because of the search
technique’s inability to bring global context to bear on local
labeling. If some way of detecting the error were found, the
system would have to back up before continuing. In this
example, Locus provides a better solution in the same amount
of time while in other cases, we can reduce the search time
without sacrificing accuracy.

Discussion

The model presented in this paper. has been used to
interpret Ohlander’s  city scene, demonstrating the initial
validity and usefulness of the model. We plan to use the
model to interpret arbitrary views of downtown Pittsburgh (a
3-D world), and different satellite views of the Washington,
D.C. area (a 2-D world). Representation of the knowledge
about 3-D and 2-D world models in terms PPE graph
structure requires the development of several preprocessing
programs (the PPE graph for Ohlander’s city scene was
generated manually). In this section we will discuss the
relationship of this model to other approaches in image
recognition research, and our present views of the strengths
and limitalions of this approach.

The graph structure representation proposed here is a
natural outgrowth of work in languages (Aho and Uliman,
1972), graph representations (Harlow, 1972), and syntax
directed pattern recognition (Narasimhan, 1966; Clowes, 1969;
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and Fu, 1976). The approach presented in this paper
principally differs from the above in how the network
representation is to be used. It rejects the notion that image
recognition is best viewed as a problem in parsing. Given the
error and uncertainty associated with the decisions, the
problem tends to be not one of deciding whether a given
pattern is parsable but rather one of search, ie, deciding
which of the many acceplable alternative paths represents
the near-optimal interpretation.

The view that the problem of image recognition is one
of constraint satisfying search has been gaining increasing
acceptance (Waltz, 1975; Tenenbaum and Barrow, 1976;
Rosenfeld, Hummel and Zucker, 1976). This paper also
subscribes to this viewpoint and differs mainly from the other
efforts in the representation of constraints and the method of
search.

The realization that one needs to introduce some
measure of the degree of uncertainty into the interpretation
process is reflected in the papers by Fischler and Elschlager
(1973), Feldman and Yakimovsky (1975), and the probabilistic
relaxation methods under development at SRI and Maryland.
The method proposed here is able to handle search in the

presence of error and uncertainty in a natural and
straightforward manner provided all knowledge and
consiraints are represented in terms of a PPE graph
structure.

Constraint satisfying search in the presence of

uncertainty is also a central problem in other areas of Al in
particular in speech understanding systems research. Several
techniques developed for use in the speech area such as
representation of knowledge sources as cooperating
independent processes (Reddy et al, 1973; Lesser et al,.
1975; Erman et al, 1977), island driven search (Woods et al.,
1977; Erman et al,, 1977), and network representations of
knowledge (Baker, 1975; Lowerre, 1976) also appear to be
relevant to other knowledge based systems research,
including vision. The Locus model presented here was first
developed for use in the Harpy connected speech recognition
system. Though the basic ideas remain the same, the model
had to be revised substantially to make it useful in image
recognition.

The best-first search given by the Ax algorithm
(Nilsson, 1971) and the breadth-first graph search of the
dynamic programming algorithms (Levine, 1977; Beliman,
1962) provide alternative approaches to optimal graph search
problems. The beam search technique of the-Locus model
provides a minimal effort near-optimal solution and appears
to be effective in cases where the evaluation function is a
function of an external signal source and where a large
number of decisions are related to. each other in that they
are all attempting to provide alternative interpretations of
the same signal segment.

Occasionally, the heurislics associated with the beam

-search lead to the elimination of the optimal path. This need

not be cause for major concern because a good path will
always be chosen. Since the match likelihoods are less than
accurate, attempting to find the optimal path at great cost
and effort leads to little or no improvement in performance.
The success of beam searching is highly dependent on
the choice of the "near miss" threshold that defines the width
of the beam. If the threshold is too small, the resulting
narrow beam of alternatives could lead to the pruning of the
correct path. On the other hand, many unproductive paths
will be examined if the threshold is too large. In our present
system, the threshold is chosen large enough so as to make it
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immune to local errors in the assignment of likelihood values
to symbols from the signal.

A significant feature of the Locus model of search is its
lincarity. Because Locus prunes all but a narrow beam of
alternatives, its search time is linear with respect to the size
of the input signal and is essentially independent of the
symbol space size. Thus, Locus searching controls the
combinatorial explosion that occurs in most graph searching
techniques. Note, however, that the size of the beam
expands and contracts during the search as the connectivity
belween symbols in the graph increases and with the degree
of uncertainty of the decisions.

The order of search in Locus is a subtle issue that
appears to be a problem but upon closer inspection turns out
to be unimportant.  When using Locus in speech
understanding, there is one independent dimension of time
which can be used lo order the search. In image processing
with static pictures, there are two dimensions, so a raster
.scan is used. This might appear to cause continuity problems
especially at the end of a scan line. However, Locus requires
only the local context for a point and it propagates the global
context regardiess of search order. Thus, any search pattern
can be used as long as it is reversed on the backtrace. Note
also that the rasier scan has the advantage of allowing the
use of conlext for horizontally, vertically, and diagonally
adjacent states,

A main concern with the finite state networks is that
not all relational constraints are easily representable within
that framework. We have nol found this 1o be a problem in
the 3-D and 2-D worids we have considered so far, although
the representations tend to be expensive in .terms of the
space (memory) required. We expect to use a post-pass to
apply constraints that are not easily incorporated into the
network.

Knowledge such as shape, size, orientation, and location
of objects is different from spectral properties of objects
such as color and lexture information. This type of
knowledge cannot be included directly as part of the signal-
to-symbol malch. Such supra-segmental knowledge can
"however be incorporated into the network in several
different ways (Rubin, 1977).

The example given in this paper shows how the Locus
model can be used in the inlerpretation of the image on a
pixel by pixel basis. The technique is equally useful with
pre-segmented dala. In fact, segmentation improves accuracy
and leads to substantial speedup in matching and search.
While extra segments do nol cause any problem, missing
segments cannot be accomodated within the .present scheme
without additional computational effort. This is because the
graph representation permits self-transitions in the PPE
network but does not (at present) permit skipping PPE nodes.

This paper provides a framework for knowledge
representation and scarch for image recognition tasks,
leading to an easily implementable total systems framework
within which one can explore the relative merits of different
types of knowledge. One still has to decide what knowledge
is available, how to acquire and define it, how to select an
adequate set of primitive picture elements (PPE) for a given
task, and how to match symbols (PPEs) to the signal.
However, each of these subtasks look much more manageable
to us than the original image interpretation task.
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Appendix: A Real Example
This appendix shows the Locus model as it has actually
been programmed at Carnegic-Mcllon University. The
program which uses Locus is called ARGOS and this example
is direct output from the system. The scene that we are
using is the downtown Pittsburgh image shown in Figure 7:
the most complex image uscd by Ohlander (1975). Thé image
was broken down into 15 PPEs shown below:

Sky

Mountains
Gateway Towers
Hilton

State Office
Pittsburgh Press
Jenkins Arcade
Hornes

Hornes Extension
Gateway 3
Gateway 2
Gateway |

River

Park

Road

oOZIT A" IToOTMMOO®>

Figure & shows the labelings that were generated for the
picture in Figure 7. The letters correspond to the PPE letters
in the above list. Although this is not a perfect labeling by
any means, it is an improvement over un-guided labeling and
shows that Locus is effective for image interpretation.
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Figure 3. A recognition tree representation of the legal label assignments
shown in Figure 2. Each node in the graph represents one of the contextual
situations possible for that pixel. The graph is' arranged in columns
corresponding to the columns of the original image. The shape of the node
indicates lhe row number (see key at the top). Arrows indicate the possible
transitions into and out of each slate. The hexagonal nodes are the Initial and
Final states for the network
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Figure 6. Path of Locus search on recognition tree shown in Figure 3

Numbers separated by a slash are the un-normalized and normalized node
likelihoods, respectively. The arrows indicale paths that were saved for global
path re-construction and the dotted lines indicate alternative paths that were
examined in the forward pass but not selected for the final recognition tree
because of low likelihood values. See text for more explanation,

Figure 7. Downtown Pittsburgh Scene
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Figure 8 Labeling of Downtown Pittsburgh Scene shown in Figure 7. See
Appendix for the labol namos of each letter.
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