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ABSTRACT
The Extended Logical Sensor Architecture (ELSA) has
been developed for industrial applications, particularly,
the on-line grading and classification of non-uniform food
products. This architecture addresses a number of issues
specific to industrial inspection including modularity, scal-
ability, and design by non-expert users. To address these
needs, the sensors are encapsulated by a logical sensor
model, providing robustness and flexibility. The construc-
tion methodology is based upon the object model which
represents object classifications through combinations of
primary features weighted by fuzzy membership functions.
The features guide the selection of sensors and processing
routines; the classifications determine the rulebase used by
the inference engine for process decisions.

1. INTRODUCTION
The ability to consistently produce high-quality products is
important to the success of manufacturing and processing
operations. Traditional quality assurance methods have of-
ten relied on human operators who use visual cues in order
to determine product quality. Such methods are tedious,
time-consuming, and inconsistent. Many products, espe-
cially biologically formed items, exhibit non-standard and
non-uniform characteristics. For example, products such
as fish, chicken, tomatoes, and other types of produce may,
even within a single classification or grade, vary widely in
appearance. The problem is compounded by variations in
the product characteristics within a species, region, or in-
dustry. As a result, industry has turned to automation to
address these grading and quality assurance needs.

Much of the success of machine vision and multisensor
systems is dependent upon the ease of use of these systems
for industrial users who may understand the process but not
the details of the sensor technology. However, such sys-
tems tend to be highly specialized for each industry, and, at
least partially, developed or contracted “in house.” There-
fore it is important that the development and operation of a
multisensor system is orderly, comprehensible, and simple.

The architecture and approach presented herein provides
a methodology for the design and implementation of mul-
tisensor systems for industrial automation; it is particu-
larly suited to the on-line grading and classification of non-
uniform food products. Although inspection is the focus
of this work, it is intended to be applicable to a variety of
automation tasks which may benefit from a multiple sensor
system.

1.1 Multisensor Integration
Automated systems which make multi-factored decisions
about non-uniform products on the basis of information
from a single sensor have had limited success. Often, there
is simply inadequate data for a proper product assessment.
The transition to multiple sensors can extend the capabili-
ties and improve the robustness of existing systems.

A system which employs multiple sensors may enjoy
several advantages over single sensor systems [1]. Re-
dundant and complementary information increase accuracy
and enable features undetectable with individual sensors to
be perceived in less time and with less cost.

The majority of the work in the area has been conducted
for mobile robot navigation [2] and military target tracking
[3, 4]. Much less published work has considered sensor
integration architectures for industrial applications.
1.2 Industrial Applications
In the area of quality assessment and assurance, machine
vision is often used to gather the bulk of the required in-
formation, especially for the grading or classification of
non-uniform (biological) products. Other sensors, such as
scales, mechanical measurement devices, and ultrasound
are employed to gather information that is used to enhance
the machine vision data.

There have been a number of vision-based multisensor
systems developed for quality assurance and assessment
over the past decade. Examples include systems for poul-
try [5], fruits and vegetables, [6], herring roe [7], printed
circuit boards [8], and baked goods [9]. In most of these
applications, ad-hoc methods are used to develop a sensor
integration system to monitor the process. Such systems
lack a formal architecture, and are typically designed by
experts in machine vision and/or systems integration. This
can result in difficulties with the use and maintenance of the
system for the everyday user. Additionally, upgrading the
system to change or add additional sensors and/or require-
ments often requires the system to be redesigned. This is
a problem for industrial users whose requirements in terms
of speed, feature recognition, accuracy, and other process
monitoring parameters invariably change over time.

2. SYSTEM ARCHITECTURE
The basic structure of the Extended Logical Sensor Archi-
tecture for multisensor integration may be decomposed into
three groups, according to the following tasks:

1. Sensing: The acquisition of information from the en-
vironment which is used as the data for inference and
decision making.
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2. Inference: The combination of the sensory informa-
tion with information contained in a knowledge base
to infer decisions.

3. Action: The conversion of decisions into commands
and signals which control process machinery.

The structure of ELSA is illustrated in Fig. 1. An object-
oriented approach to the system configuration has been
adopted. The encapsulation of the primary components
leads to a scalable and flexible system which is particu-
larly suited to industrial grading tasks. The system may be
easily reconfigured to adapt to advances in sensor and pro-
cessing technologies or changing market demands. This
paper shall focus primarily on the sensing group; details of
the architecture may be found in [10].
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Fig. 1: Extended Logical Sensor Architecture structure.

2.1 Logical Sensors
A logical sensor (LS) is an abstract definition for a sensor.
Logical sensors were first defined by Henderson and Shil-
crat [11] and later broadened to include a control mecha-
nism by Henderson, Hanson, and Bhanu [12]. This def-
inition provides a uniform framework for multisensor in-
tegration by separating physical sensors from their func-
tional use within a system. Logical sensors are used to en-
capsulate both physical sensors and processing algorithms.
This encapsulation defines a common interface for all sen-
sor types allowing the straightforward addition, removal,
and replacement of sensors within the architecture.

The logical sensor model has been extended for a model-
driven open architecture. As shown in Fig. 2, the proposed
Extended Logical Sensor (ELS) is comprised of a num-
ber of different components. The components are object-
oriented by design; each is responsible for a single task
within the sensor. The ELS strongly encapsulates the in-
ternal workings of each logical sensor while allowing the
modification of the sensor’s operating characteristics.

The logical sensor hierarchy structures data in a bottom-
up manner. The raw data collected by the physical sensors
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Fig. 2: Basic Extended Logical Sensor components.

is processed through different levels of logical sensors to
produce high-level representations of sensed objects and
features. To higher-level sensors, each antecedent logical
sensor appears as a single entity with a single output, re-
gardless of the scope of its antecedents. This approach of-
fers considerable flexibility. High-level tasks may be im-
plemented without regard to the specific sensing devices.

The implementation of an ELS requires an understand-
ing of signal processing. This is knowledge that most in-
dustrial users will not possess. They will understand what
they would like the ELS to do, but not necessarily how to
accomplish it. This limitation is overcome to some degree
by the provision of an ELS library containing logical sen-
sors for common signal processing operations. However,
for these users, it will be necessary to have others imple-
ment specialized ELS units for inclusion in the library.

3. OBJECT MODELLING
Given a data set provided by a set of sensors to perform
some level of object recognition, an object model is used
to classify the data. The model provides a generalized de-
scription of each object to be recognized. For industrial
grading applications, the object model must represent the
important features which designate the ‘grade’ or value of
an object. Ideally, the model is simple to construct.

ELSA utilizes feature-based recognition, using distin-
guishing features to recognize and differentiate objects
without discriminating every object feature. This uses the
theory of recognition-by-components (RBC) proposed by
Biederman [13] which suggests that objects are recognized,
and may therefore be represented, by a small number of
simple components and the relations between them. A brief
review of ELSA’s object model [14] is provided herein.

Objects are represented by a connected graph structure
similar to that proposed by Tomita and Tsuji [15] for the
recognition of objects from texture features, Fig. 7. The
object model is a top-down representation of an object. Ob-
ject nodes represent salient features of an object. The ob-
ject itself is represented by the classification layer, which is
the highest level of abstraction. An object whose relevant
features are invariant or which does not require classifica-
tion may have a single node in the classification layer.

Below the classification layer lie nodes representing
the primary features upon which classifications are made.
ELSA utilizes fuzzy links which relate primary object fea-
tures to produce classifications. Here, fuzzy logic has been
chosen as a method to incorporate human expertise [16].
Primary features are composed of a number of subfeatures.
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The hierarchical structure minimizes the disturbance to
the model should a feature used for classification require
modification. This structure provides a representation for
real-world objects that allows for the quantification of devi-
ations from an ideal model. The following section demon-
strates how this structure guides the construction of a mul-
tisensor system.

4. CONSTRUCTION METHODOLOGY
To maximize system robustness and usability, the construc-
tion of an industrial sensing and processing system us-
ing ELSA follows a set procedure. An overview of this
methodology is presented in Fig. 3. The following sub-
sections detail the phases of the process. The methodology
will be illustrated by an example in Section 5.
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Fig. 3: Overview of construction methodology.

4.1 Problem Definition/Requirements Specification
The first phase of the design process involves the recog-
nition of the needs of the particular industry or process.
From these needs, a clear statement of the problem to be
solved may be formulated. This problem definition is more
specific than the general needs; it must include all of the
specifications for what is to be designed. The designer
must consider what the capabilities of the system should
be. Following the general principles for system design out-
lined in [17], a set of minimum functional requirements is
specified. The articulation of these requirements is used as
a guide for subsequent phases. If any of the requirements
are left unsatisfied, the design is inadequate. The require-
ments also serve to keep the design focused.

4.2 Object Model Development
Object model development for ELSA is a two-stage pro-
cess. First, based upon the requirements of the system from
the previous phase, the primary features or characteristics
upon which classifications are to be made are identified.
As discussed in Section 3, it is advantageous to keep the
size of this set to a minimum. Typically, the features in
this set are at a high level of abstraction. They occupy the
top of the feature layer of the model (Fig. 7). Following
the methodology outlined in Fig. 4, each primary feature is
decomposed into a set of subfeatures.

Object classifications are defined by combining primary
features with fuzzy links. By adjusting the combination of
features and their corresponding fuzzy descriptors, object
classifications may be distinguished. The object model
may be refined by adjusting the classifications and/or the
primary (and subordinate) features. The classification layer
of the object model (relevant features in combination with
relative weights) serves as a template for the inference
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Fig. 4: Object model development methodology.

engine which, in practice, makes classification decisions
based on the information extracted by the logical sensors.

4.3 Logical/Physical Sensor Selection
The selection of logical sensors is driven by the primary,
intermediate, and atomic features that have been identified
as necessary for the object model. Sensor selection starts
with the primary features. Each feature has a correspond-
ing ELS which packages the information from lower-level
sensors (logical or physical) into the representations used
for object classification. Many of the low-level logical sen-
sors are selected from a reusable ELS library. The logical
sensors contained within the library perform standard im-
age and signal processing operations. The algorithm for
constructing the ELS hierarchy is given in Fig. 5.
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Fig. 5: LS hierarchy development methodology.
The selection of physical sensors requires the consider-

ation of both the input requirements and the capabilities of
available transducers. A feature that is beyond the range
or capabilities of a single sensor may be accommodated
by a LS which fuses the data from multiple sensors that
cover the feature space. A single sensor may also be used
for multiple tasks; separate cameras are not necessarily re-
quired to extract size, colour, and shape information.

4.4 Rulebase Definition
The rulebase defines both rules for object classification and
rules to infer the appropriate system output from these clas-
sifications. It is generated directly from the object classifi-
cations contained in the object model.
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The classification rules are based on the fuzzy descrip-
tions of each classification. Each rule expresses a degree
of certainty in the classification of the object based on the
detection of the primary features. The rules for each clas-
sification are combined using the compositional rule of in-
ference to determine to what degree the object belongs in
each classification.

Action rules are defined using the certainty of each ob-
ject classification as the antecedent(s); the appropriate ac-
tion(s) forms the consequent. If an object classification is
certain, the appropriate action is straightforward.

The membership functions required for the definition of
these rules are automatically generated so that users are not
required to have an in-depth understanding of fuzzy logic.
Classification of features which are not easily quantified
use the membership functions low, average, and high to ex-
press the confidence in the detection of the feature. These
functions span the range 0 to 1; average is centred over 0.5.
This is intended to provide users with an intuitive feel for
the specification of classifications. The user does not con-
sider values or fuzzy membership, but rather the linguistic
variables low, average, and high.

For features that are easily quantified, such as length
and mass, the system prompts the user to supply informa-
tion about the universe of discourse (range of expected val-
ues), and linguistic variables for the classifications over this
universe. Triangular membership functions centred at the
mean values of each variable are used, since with sufficient
representation the membership function shape is not crit-
ical [18]. Expert users may by-pass the system, allowing
direct definition and tuning of the membership functions.

Inferring action from the object classifications uses a
similar methodology. The membership functions uncer-
tain, unsure, and certain are used to span the universe of
certainty. Again these functions are defined over the range
0 to 1, with unsure centred over 0.5.

5. APPLICATION EXAMPLE
5.1 Background
Herring roe is an important part of the B.C. economy, with
an annual value of $200 million dollars. A herring roe skein
is a sac of tiny herring eggs. Being a natural product, it ex-
hibits many non-uniform characteristics. Roe is a particu-
larly challenging product due the large number of classifi-
cations. Each classification is dependent on the presence or
absence of a number of features. Weight, appearance, and
texture of the salted herring roe are the primary factors in-
fluencing price. Proper classification allows processors to
offer improved value to their customers.

The roe grades are subject to change each season, due
to the customer driven nature of the industry. Currently,
there is no standardization of the various grade specifica-
tions. Distortions of the roe are commonly described using
linguistic terms — the interpretation of which varies among
expert graders. This inconsistency makes the quantification
of product quality difficult. Examples of good (Grade 1)
and distorted (Grade 2-H) roe are presented in Fig. 6.

(a) Grade 1 (b) Grade 1

(c) Grade 2-H (d) Grade 2-H

Fig. 6: Examples of herring roe classification grades.

5.2 Problem Definition/Requirements Specification
The shape of the roe has been the most difficult to access
using machine vision [19]. Human graders look for roe to
be “well formed,” or free from defects. The current indus-
trial prototype [7] is limited to the use of a single image
without intensity information, making it difficult to consis-
tently classify roe with various defects. The original sys-
tem was designed as a two-classifier — separating good
roe from bad — and while Grade 1 roe are identified con-
sistently, attempts to subclassify the defective roe have met
with limited success. To address these limitations, addi-
tional information is required. Three dimensional and tex-
ture information would provide the system with features
that are essential to proper classification. The following ex-
ample demonstrates how ELSA can be used to implement
such a multisensor system. Development of this prototype
is continuing.

The requirements of the multisensor system for the grad-
ing of herring roe skeins are as follows:

1. Accurate determination of skein length (±1 mm).
2. Estimation of skein weight (5–50 g ± 0.5 g).
3. Estimation of roe thickness as ratio of width.
4. Detection of parasite bites.
5. Detection of broken skeins (broken head or tail).
6. Detection of depressions (> 12 mm2).
7. Detection of twists (> 12 mm2).
8. Detection of proper yellow colour.
9. Estimation of roe firmness as a measure of maturity.

10. Detection of bumps and ‘cauliflower’ deformations.
11. Detection of cracks in the roe skein (> 1 mm).

5.3 Object Model Development
From the requirements, there are eleven salient features that
can be identified as necessary for classification. These in-
clude weight, length, thickness, firmness, presence/absence
of parasite bite(s), breaks, cracks, twists, depressions,
cauliflower, and proper colour. Many of these can be as-
sessed on the basis of 2D (overhead) visual information.

Thickness, twists, and depressions require information
about the three dimensional profile of the roe skein. The
3D profile is usually represented as a surface map. Due to
the variability of roe, thickness is represented as a ratio be-
tween the depth of the roe (as estimated by the 3D profile)
and the width of the roe at the minor axis.

Weight is not measured directly, but is estimated using
a linear regression model based on the peripheral length,
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area, and thickness of the roe [7]. Firmness is assessed
using ultrasonic echo imaging. The strength of the echo
signal is directly dependent on the structure, uniformity,
and firmness of the object region which generates the echo.
Therefore, the echo image contains features correlated with
the firmness of the roe. These features may be extracted
and used as an indirect measure.

None of the primary features are atomic. Each is broken
down into the various atomic components which permit the
detection of the feature. The primary features and corre-
sponding subfeatures for Grade 2-H roe are shown in Fig.
7. The complete object model details the other object clas-
sifications similarly.
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Fig. 7: Object model for Grade 2-H roe.

5.4 Logical/Physical Sensor Selection
From the object model, a logical sensor hierarchy is con-
structed, Fig. 8. Each of the features identified during the
development of the object model is associated with an ELS
which can extract the required feature. Many of the pri-
mary features share common subfeatures, simplifying the
logical sensor hierarchy. There are three physical sensors
required: two CCD cameras and an ultrasonic probe; the
details of each follow:
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Fig. 8: Sensor hierarchy for herring roe grading.
The low-level subfeatures RGB Image and 2D Profile,

from which a number of other subfeatures are derived, may
be provided by a single colour camera with evenly dis-
tributed, diffuse lighting.

The Echo Image subfeature is provided by a 10 MHz
mechanical sector ultrasound probe. This provides input to
the ELSs responsible for estimating the firmness of a roe
skein. Upon extracting the relevant image features, these
are passed to the Firm ELS which uses fuzzy logic to esti-
mate firmness.

The 3D Profile Extractor ELS utilizes a second CCD
camera in combination with a structured laser light. Us-
ing knowledge of the image geometry, the 3D profile of the
roe skein may be reconstructed.

5.5 Rulebase Definition
The rulebase generation follows from the object model.
The object classifications outlined in 5.3 are used as the ba-
sis for the classification rules, Fig. 9. For clarity, only rules
related to the classification of Grade 2-H roe are shown.

IF Firm IS high AND Length IS normal AND ParasiteBite IS high THEN No2-H = high
IF Firm IS average AND Length IS normal AND ParasiteBite IS high THEN No2-H = high
IF Firm IS high AND Length IS normal AND ParasiteBite IS average THEN No2-H = low
IF Firm IS high AND Length IS normal AND Depression IS high THEN No2-H = high
IF Firm IS average AND Length IS normal AND Depression IS high THEN No2-H = high
IF Firm IS high AND Length IS normal AND Depression IS average THEN No2-H = low
IF Firm IS high AND Length IS normal AND Twist IS high THEN No2-H = high
IF Firm IS average AND Length IS normal AND Twist IS high THEN No2-H = high
IF Firm IS high AND Length IS normal AND Twist IS medium THEN No2-H = high
IF Firm IS high AND Length IS normal AND Twist IS low THEN No2-H = no
IF ParasiteBite IS low AND Depression IS low AND Twist IS low THEN No2-H = no

Fig. 9: Rules used to identify Grade 2-H herring roe from
primary features.

Once the roe have been classified, a decision is made
about which of six bins it should be ejected into; unclassi-
fied roe are allowed to fall off the end of the conveyor into
a seventh bin. Fig. 10 presents the rules which are used to
infer this decision. The fuzzy membership functions asso-
ciated with these rules are shown in Fig. 11.

IF Grade1-3L IS high THEN Decision = bin1
IF Grade1-2L IS high THEN Decision = bin1
IF Grade1-Large IS high THEN Decision = bin1
IF Grade1-Medium IS high THEN Decision = bin2
IF Grade1-Small IS high THEN Decision = bin3
IF Grade1-Pencil IS high THEN Decision = bin7
IF Grade2 IS high THEN Decision = bin4
IF Grade2 IS low THEN Decision = bin4
IF Grade2-C IS high THEN Decision = bin5
IF Grade2-C IS low THEN Decision = bin5
IF Grade2-H IS high THEN Decision = bin6
IF Grade2-H IS low THEN Decision = bin6
IF Unclassified IS high THEN Decision = bin7
IF Unclassified IS low THEN Decision = bin7

Fig. 10: Rules used to determine decisions about how roe
should be handled based on object classifications.

5.6 Discussion
In this simple application, the advantages of the ELSA ap-
proach to system design are demonstrated. By formalizing
the design process, a system can be designed to meet the
specified functional requirements in a systematic and com-
prehensible way. Each stage involves the extraction and
utilization of the user’s expert knowledge about the pro-
cess and desired outcomes. Specification of the require-
ments leads to the identification of primary features and
object classifications. These are expanded into subfeatures.
The features themselves determine the algorithms (encap-
sulated by logical sensors) and physical sensors that are re-
quired by the system. Decisions are inferred directly from
the object classifications.
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Fig. 11: Membership functions used for classification of
herring roe grades.

The specification process effectively separates the ex-
pert domain knowledge from the technical programming
knowledge required to develop an ELS. Should a required
sensor be unavailable from the library, an industrial user
may still specify the system while the ELS development is
deferred to a technical expert.

The structure of the architecture ensures that should ad-
ditional capabilities be desired, they may be added with-
out affecting the existing components. The object model is
simply expanded to include the additional features and/or
classifications. Any required logical sensors are added to
the ELS hierarchy. This is accomplished without disturb-
ing the remainder of the system.

6. CONCLUSIONS AND FUTURE WORK
ELSA was developed to provide an organized approach to
the development of industrial-based sensor systems. It ad-
dresses the need for scalable, modular, and structured sen-
sor systems, replacing current ad hoc approaches. The con-
struction methodology enables domain experts, who lack
signal processing knowledge, to design and understand a
sensor system for their particular application.

The object model used by ELSA is particularly suited
to the representation of non-uniform products, or any ob-
ject for which classification is desired. Logical sensors are
chosen to provide each of the features defined by the ob-
ject model; this in turn determines what physical sensors
are required by the system. The classification layer of the
object model directly specifies how primary features are
combined to determine object classifications.

Future work will include the development of a library of
Extended Logical Sensors that is suitable for a variety of in-
spection and grading tasks. This will assist in the develop-
ment of ELSA-based systems for applications such as the
grading of potatoes, blueberries, and other produce. Other
applications include assembly, material handling, and ma-
chining operations.
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