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Abstract: To make the human-robot collaboration effective, it may be necessary to provide robots
with “senses” like vision and hearing. Task-oriented man-machine speech communication often
relies on the use of abstract terms to describe objects. Therefore it is necessary to correctly map those
terms into images of proper objects in a camera’s field of view. This paper presents the results of our
research in this field. A novel method for contour identification, based on flexible editable contour
templates (FECT), has been developed. We demonstrate that existing methods are not appropriate for
this purpose because it is difficult to formulate general rules that humans employ to rank shapes into
proper classes. Therefore, the rules for shape classification should be individually formulated by the
users for each application. Our aim was to create appropriate tool facilitating formulation of those
rules as it could potentially be a very labor-intensive task. The core of our solution is FCD (flexible
contour description) format for description of flexible templates. Users will be able to create and
edit flexible contour templates, and thus, adjust image recognition systems to their needs, in order to
provide task-oriented communication between humans and robots.

Keywords: image recognition; industrial robots; man-machine communication

1. Introduction

Interaction between man and machine plays an increasingly important role in modern industry.
A good example is collaborative robotics. Collaborative robots participate in various tasks where
manipulation of small parts or intricate motions are involved. This includes machine tending [1],
assembly [2], painting [3], coating [4], and many others. Direct cooperation between humans and
industrial robots, in order to pursue common goals enables synergistic effects to be achieved through
the combination of the robot’s precision and strength with human dexterity [5]. Many researchers
deal with various aspects of collaborative robotics, e.g., human-oriented robot design [6], robot
programming [7,8], sensory data sharing in multirobot systems [9], human trust in safety measures [10],
and many others. An important topic of research in this area is human-machine communication.
Efficient interaction plays a crucial role in the Industry 4.0 concept because it helps the workers realize
their full potential, and adopt the role of strategic decision-makers and flexible problem-solvers [11].
As shown in a survey on human-robot collaboration in industrial settings [12], the most popular
advanced means of human-robot communication are speech and gestures.

This kind of interaction requires robots to be equipped with artificial senses, such as hearing and
vision. As far as controlling industrial robots by speech is concerned, several laboratory experiments
were conducted at various universities [13–16]. An important advantage of speech is that it does
not involve operator’s hands. For example, Zinchenko et al. developed a voice control system for a
surgical robot [17].
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As far as vision is concerned, its application in industrial robotics makes it possible to achieve
various goals like real-time collision avoidance [18], evaluation of imperfections in manufactured
parts [19], determination of target objects for robot picking tasks [20], and many others. There are also
numerous reports of research regarding gesture recognition in the context of robot programming and
control. For example, Tsarouchi et al. deal with industrial robot programming, based on detection of
human motions using visual sensors [21]. A very popular topic of research is the combination of both
methods (speech and gestures) [22–24].

However, the parallel use of speech and image recognition does not have to be restricted to
speech-gesture combination. As stated by Pires [25], an important challenge for industrial robotic cell
programming is to develop methodologies that could help users to control and program a robot, with
a higher level of abstraction from robot language. High levels of abstraction may also relate to the
description of objects manipulated by the robot. Visual information, shared by a speaker (human)
and listener (robot), allow the speaker to produce inexplicit utterances [26]. In order to provide
effective speech communication with industrial robots, the voice commands should be formulated in a
task-oriented and concise manner, e.g., “Reach me the wrench”. It means that objects manipulated by
robots are described using abstract terms (like “wrench”) that cannot be directly assigned numerical
values to generate robot positioning instructions. Unfortunately, data describing abstract objects and
data describing robots’ environment are rarely associated with each other [27].

So far, little attention has been paid to vision-based object recognition aimed at mapping the
abstract terms into objects in camera’s field of view. An example of such research is the work by
Tasevski et al. [28] where automatic speech recognition was used in order to control an industrial robot
grasping the objects specified by oral expressions. However, their solution refers only to the recognition
of simple geometric figures of various colors. Our aim is to fill the gap in research and develop a
general solution in the specific domain of industrial robotics. This involves several aspects, including
voice command analysis [15], shape recognition, as well as formulation of identification rules for
mapping an abstract term into an object described by several contours derived from image recognition
system. The current paper presents an essential part of our research that deals with the identification of
individual contours for task-oriented human-robot communication in industrial scenario. We describe
a novel method for contour identification that is based on flexible editable contour templates (FECT).
One essential quality is that it allows the classification of contours of different dimensions and/or shapes
to one group (corresponding to certain abstract term). Therefore, it may be employed in task-oriented
communication between humans and industrial robots, and in particular, in voice communication.
As such interactions are characteristic mainly for collaborative robotics, this domain is expected to be
the main application area for our method.

Generally, there are two main aspects of vision application in industrial collaborative robotics.
The first one refers to monitoring the regions surrounding the robot (usually with respect to possible
human-robot collision), as well as to the recognition of operator’s gestures. These issues were the
subject of extensive research [29,30]. Our method is related to the second aspect that has been paid little
attention to: Recognition of objects (tools, workpieces) based on their description by abstract terms.

The remainder of this article is organized as follows. Section 2 contains the review of shape
recognition and classification methods. On this background, it explains the main contribution of
the paper in detail. General conception of FECT for contour classification is presented in Section 3.
The core of this conception is FCD (flexible contour description) format developed for the purpose of
creating the templates. Shape classification algorithm is presented in Section 4. Experimental results
are discussed in Section 5. Finally, Section 6 contains conclusions and plans for the future.
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2. Shape Recognition and Classification Methods

As stated by Hernández et al., the techniques and methods that detect objects depend on the
application environment [31]. There are systems developed to work on mobile robots, performing
navigation tasks and environment categorization, where accuracy is not the most important factor.
The examples are systems for semantic navigation of mobile robots [32,33]. Better recognition accuracy
must be provided, e.g., by multisensory system for service robots used in automatic harvesting of
fruits [34]. However, the highest requirements must be fulfilled by industrially-oriented systems.
In order to properly classify the images of objects like workpieces and tools, even little details cannot
be neglected. Admittedly, some industrially-oriented systems make use of basic geometric properties,
such as area and moments of inertia only [35] or additionally contour perimeter and dimension of
minimal enclosing circle [28]. However, such simple methods are sufficient only when a very narrow
spectrum of strictly determined objects is expected. Generally, a detailed description of shape is needed
to compare the objects with their templates.

There is a big number of shape representation techniques used in various image processing
methods, generally divided into contour-based and region-based ones [36]. Contour-based techniques,
include chain codes, polygon approximation, B-spline approximation, shape signature, Fourier
descriptors, wavelet descriptors, and others. As far as region-based techniques are concerned,
the geometric moments, moment invariants, Zernike moments, Legendre moments, convex hulls,
and many others may be applied.

The chain codes describe contours by a sequence of unit-size line segments with given orientation.
They can be used for image compression [37], recognition of monotonic parts in contours [38], and even
for face recognition [39]. Contour discretization obtained by polygon approximation lets lower
the computational cost in subsequent analysis [40]. An interesting research, dealing with polygon
recognition, was presented by Hernandez et al. [41], used for identification of celestial bodies in
the sky. For a more general shape analysis, B-spline approximation can be used. Application of
B-splines involves miscellaneous areas. An example thereof is research presented by Pedrosa et al. [42].
They propose a framework for three-dimensional (3D)-ultrasound segmentation in cardiology. B-spline
shape representation is sometimes used in shape design optimization task [43].

Shape signature represents a shape by one dimensional function (e.g., distance from centroid,
tangent angle, curvature), derived from contour points [36]. Application of shape signature involves a
very broad spectrum of domains like traffic sign recognition [44], recognition of facial expressions [45],
detection of anaemia blood cells [46], classification and sorting of agricultural products [47].

Fourier descriptors constitute an important class of global invariant features based on algebraic
properties of Fourier transform [48]. They are considered to be very promising descriptors as they
have the advantages of computational efficiency and attractive invariance properties [49]. They may
be applied to solve very challenging identification tasks, including analysis and classification of shapes
encountered in nature: Blood cells [50] or leaves [51]. In the applications similar to the latter, even
better classification accuracy may be obtained using wavelet descriptors [52].

An interesting contour recognition method is elastic matching (also known as deformable template).
It is one of methods used in optical character recognition systems (OCR) [53]. Its basic idea is to optimally
match the unknown symbol against all possible elastic stretching and compression of each prototype.
Therefore, it is also one of methods used in handwritten character recognition [54]. An interesting
application of this method was presented by Attalla and Siy [55] in their shape recognition algorithm
where elastic matching was employed as an auxiliary method when the shapes were partially occluded.

Among region-based shape representation techniques, there are Zernike moments [56] and
Legendre moments, both belonging to a family of orthogonal functions, which allow the generation of
non-redundant descriptors by the projection of an image onto an orthogonal basis [57].

Convex hull of a region is the smallest convex region containing the region in question.
Convex hulls are used for multiple purposes, e.g., image registration and retrieval, image classification,
and shape detection [58,59].
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Unfortunately, all those methods are not suitable for domain of industrial collaborative robotics
(except some simple cases). This domain is very specific. On the one hand, contours of workpieces or tools
handled by industrial robots usually consist of quite simple segments like lines, arcs, and sometimes Bezier
curves, unambiguously determined by small sets of numerical parameters. Therefore, there is no need to
apply methods used for recognition of ambiguous, non-rigid, or fuzzy shapes encountered in the nature
(e.g., methods based on Fourier descriptors). On the other hand, the objects belonging to the same class
may significantly vary in shape. Good examples are contours of adjustable wrenches, shown in Figure 1.
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The shape of adjustable wrench depends on how wide the wrench is open. Therefore, the use of
methods, e.g., those based on signature matching, may lead to false classification (images of the same
object would be classified to different groups). Seemingly, elastic matching may be a good solution.
However, shape similarity between two workpieces or two tools does not necessarily indicate they
belong to the same class. Also, the region-based methods, based on shape descriptors, may neglect
small but critical differences in shape between objects belonging to different classes.

The problem of correct shape classification is a very challenging one in the case of industrial
collaborative robotics as it is difficult to formulate the general rules which the humans employ
(consciously or unconsciously), in order to rank the shapes into proper classes. Additionally, those rules
may be strongly application-specific. Depending on the application, small differences in shape may be
crucial, but sometimes the same or even much bigger differences may be irrelevant. Hence, we came
to the conclusion that relying on human knowledge and experience is the best approach when
formulating the rules for shape classification in individual applications. However, the formulation
of those rules could be a very labor-intensive and time-consuming task. Therefore, there was a need
to create appropriate tools to facilitate it. Users should be able to create and edit flexible contour
templates, and thus, adjust image recognition systems to their needs. In this manner the customized
task-oriented communication systems, between humans and collaborative robots, could be relatively
easily developed. This conclusion was the basis for the flexible editable contour templates and FCD
format, developed as a result of our research.

The most important advantage of our method consists in a new approach to template creation.
The users are able to create flexible contour templates in an easy and transparent way. Those templates,
based on the human experience and the specific character of an individual application, effectively
combine two contradictory requirements that must be often fulfilled in order to properly recognize
the objects in industrial environment: Broad (but properly targeted) flexibility for some parts of the
template and strict precision requirements for the other ones.

It must be emphasized, that application of other methods is obstructed not so much by the fact they
are not flexible enough but rather by the fact they cannot cope with the problem of these contradictory



Sensors 2020, 20, 1773 5 of 19

requirements. The philosophy standing behind them is simply different. Some types of objects simply
cannot be successfully classified using those automatic methods that are not based on human experience
(an example of such object is a traditional key where the key shank and the key bow may be of any shape
but the key bit must be strictly determined in order to enable locking the door). In particular, it would
be almost impossible to successfully apply those methods when there is a need to represent features of
interest separately from features to be neglected (this issue will be described in detail in Section 3).

3. Flexible Editable Contour Templates

As objects (tools, workpieces etc.) belonging to one class may differ (sometimes even significantly)
in shape and/or dimensions, it is necessary to provide flexibility of contour templates. However, it cannot
be the art of flexibility used in elastic matching. Template flexibility must be strictly selective, according
to the rules which are specific for individual applications. For example, some template dimensions
may vary in a broad range but the other ones must be preserved. The rules may refer both to
dimensions as to geometric relations between contour segments (e.g., perpendicularity, distance etc.).
Another requirement is ability to create and modify the templates by the users in relatively effortless
manner. Therefore, the rules must be expressed in a simple and transparent way. All those features are
provided by FCD format used for template description.

As industrial robots usually operate on objects whose contours consist mainly of relatively simple
geometric entities, FCD format in its current version makes use of line segments, arcs, and restricted
set of Bezier curves. There is obviously the possibility to extend this scope. A description of flexible
template in FCD format has the following structure, presented below in extended Backus-Naur form:

flexible template= heading,contour description;
heading=‘#cnt’,[space],template name,new line;
template name=name;
contour description=statement | contour description,statement;
statement=direction description,new line | segment description,new line;
direction description=’go:’,direction,[‘/’,angle];
segment description=line description | curve description | virtual sement;
line description=’line:’,name,[‘/’,line specification];
curve description=curve type,’:’,name,‘/’,curve specification];
virtual segment=’virtual:’,name,[‘/’,line specification];
curve type=‘arc’ | ‘bezier’;
curve specification=arc specification | bezier specification;
line specification=length;
arc specification=curvature,[angle and radius];
bezier specification= curvature,[angle and radius],‘,’,weight;
angle and radius=[’,’,angle],[’,’,radius] | [’,’,radius],[’,’,angle];
curvature=’bend:’,direction;
length=’length:’,value;
angle=’angle:’,value;
radius=’radius:’,value;
weight=? value from the range (0,1> ?;
direction=’left’ | ‘right’;
value=variable name | [variable name,’=’],value specification;
value specification=single value | range of values;
range of values=lower limit,’,’,upper limit;
lower limit=single value;
upper limit=single value;
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single value=?number? | ?arithmetic expression?
variable name=name;
name = letter | name,letter | name,digit | name,‘_’;
digit = ‘0’|‘1’|‘2’|‘3’|‘4’|‘5’|‘6’|‘7’|‘8’|‘9’;
letter = ? alphabetic character ?;
new line=?new line character?;
space=?space character?;

In order to provide an example of FCD-based contour description, the flexible template of
adjustable wrench shown in Figure 2 is presented below.

# cnt adjustable wrench
line: a
arc: b/ bend: right, angle: alpha=1,45
go: left/ angle: beta=90,135
line: c
go: right/ angle: gamma=45,90
arc: d/ bend: left, angle: delta=1,90
go: left/ angle: epsilon=gamma-delta+90
line: e/ length: l
go: right/ angle: 90
line: f
go: right/ angle:90
line: g / length: l
go: left/ angle: epsilon
arc:h/bend:left,angle:zeta
line:i
arc:j/bend:right,angle:-alpha+beta+gamma-delta+zeta-180
line:k
arc: l /bend:left, angle:180
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As can be seen, an individual FECT is a closed contour consisting of elementary segments defined
in a flexible manner. Dimensions can be determined unambiguously or as the ranges of values.
Contour description in FCD has a form “drawing instructions”, e.g., “Draw the straight line a, continue
with the arc b which is bent to the left. The angle of this arc is up to 45 degrees. Then, turn left at angle
of 90 to 135 degrees . . . ” etc. It is similar to languages used in computer-aided machining (CAM)
systems (e.g., APT language) for determining tool paths. However, in contrary to those languages, this
description does not have a rigid character as it lets ranges and uses variables to be determined, as well
as arithmetic expressions. Template description in FCD format is a sequence of statements determining
direction of “drawing” (e.g., go: right), as well as shape and dimensions of individual segments (e.g.
line: e / length: l). Geometric relations between contour segments are expressed indirectly by arithmetic
expressions determining linear and angular dimensions. For example, perpendicularity of neighboring
segments may be expressed by the use of statements like “go: right / angle: 90”. When relations between
non-neighboring segments must be determined, those expressions may refer to variables introduced in
previous statements. An example is expression determining the angle of arc “j” in the above template.
It provides that lines “a” and “k” are parallel.

The use of ranges is another element of template flexibility. It lets classify objects of even significant
shape differences to one group. On the other hand, this flexibility is strictly controlled.

Assigning names to the segments requires additional explanation. Generally, the segment names are
not needed by contour classification algorithm. However, those names can be used later by the algorithm
for calculation of robot gripper position when generating robot control instructions. They facilitate potential
modification of flexible templates which are illustrated by images like that in Figure 2.

In order to increase flexibility of the templates, virtual segments were introduced. They let classify
the objects of quite different shapes to one group, under condition they possess certain key features.
For example, the template presented below is valid for both wrenches shown in Figure 3:

#cnt wrench
line:a
arc:b/bend:right,angle:alpha=1,45
arc:c/bend:left,angle:beta,radius:r
go:left/angle:gamma=90,150
line:d/length:l
go:right/angle:90
line:e
go:right/angle:90
line:f/length:l
go:left/angle:delta=90,150
arc:g/bend:left,angle:epsilon
arc:h/bend:right,angle:-alpha+beta+gamma+delta+epsilon-360
line:i
go:left/angle:70,110
virtual:j

In a particular application it may be of no importance which of those two wrenches is recognized.
From the human operator’s point of view both are appropriate because they are identical on one
side. Whether it is open-end wrench or box-end wrench on the other side. The statement “virtual: j”
in above template stands for any sequence of segments of contour, derived from image recognition
system. Hence, when the user says: “Give me the wrench size twelve”, the robot will pass any of those
wrenches, depending on which is currently available.
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4. Shape Classification Algorithm

If the templates were rigid, classification of contours could be easily performed e.g. with the help
of signature matching method. However, in our case the templates are flexible, even in a wide range.
Therefore our contour identification algorithm consists of two consecutive steps:

• Try to roughly superimpose the flexible template on each contour derived from the image.
• When the first step is successful for one or more contours: compare the signatures of superimposed

(adjusted) template and of contour(s) in question.

In order to facilitate the first step, the template description in FCD format has the previously mentioned
form of “drawing instructions”. However, those statements are usually ambiguous due to the indeterminate
length of line segments, indeterminate radius or angle of arcs etc. As a result, the number of possible
template instances is usually infinite. Superimposing (adjustment) of flexible template on a particular
contour in the image may reduce the ambiguity level. However, the number of possible variants of
adjustment is huge. In order to reduce it, contour feature points must be first extracted from the image.
The contour feature points should correspond to template feature points, i.e., the points of the template,
where the neighboring segments adjoin each another. It means the contours in the image must be searched
for points where specific changes in curvature occur. Depending on the type of feature point, the first
derivative of curvature function may be useful. Therefore, the shape signature in the form of curvature
function, as well as its derivative, must be created for each contour in the image. The analysis of signature
plots extract the feature points. The plots of curvature function, and its derivative for various types of
feature points, are shown in Figure 4. The upper plot shows the curvature and the lower one – its derivative.
We may distinguish between two types of feature points: Points of type 1 corresponding to local extrema of
curvature function (left picture in Figure 4), and; whereas the points of type 2 correspond to local extrema
of curvature derivative (middle and right picture in Figure 4).
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Figure 4. Typical feature points and corresponding signature plots (upper plot: curvature, lower
plot: derivative).

As contours are derived from discrete binary images, the curvature function may change frequently
and rapidly. This hinders the analysis. Therefore, contours must be first smoothed. It has some side
effects, e.g., there will be no abrupt changes in curvature even at sharp corners (as it is the case in
theoretical contours). It hinders exact recognition of corners and makes it impossible to distinguish
them from little fillets. However, it has also a positive effect: Sharp corners are actually marked by
three points (one of type 1 and two of type 2). This works like double-checking and provides the corner
recognition to be performed correctly even when some feature points are not detected due to any
reasons. On the other hand, two segments fluently passing into each other are marked with one point
of type 2 only. If such a point is not detected for any reason, it may simply result in false classification
of contour containing this point.

A sample contour of adjustable wrench and the plots of its signature are shown in Figure 5.
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After contour feature points have been determined, the flexible template may be superimposed on
the contour. Due to image distortions and inaccuracies, some recognized contour feature points may not
correspond to any template feature points at all (redundant points). It means the number of detected feature
points is greater than the number of segment endpoints in the template. It may result in a considerable
number of possible variants of template adjustment. As full analysis of all possible variants is computation
intensive, it is better to divide it into two phases: Rough and detailed matching. When negative results are
obtained in the first phase, detailed matching does not have to be performed at all.

The matching algorithm uses an ordered set of vectors, describing the parameters of contour
segments (exactly in the order the segments occur in contour). All possible variants must be taken
into account, as a priori is not known, which contour segment corresponds to the first FECT segment.
This could be computationally expensive, but due to division of the algorithm into phases, all variants
must be taken into account only for rough matching. Some starting points may be eliminated at once,
based on direction statements included in FECT. The detailed matching (which is computationally
more expensive) must be performed generally for one variant only (in particular cases a few variants).

The rough matching refers to feature points only and neglects details of contour shape. In order
to check if a given variant may result in successful superposition, only direction statements (e.g. “go:
right”) and general curvature description (e.g. “bend: left”) are used. The general algorithm for rough
matching is presented below:

Algorithm 1: Rough matching

Input: - Flexible template (T)
- of contours in the image (C)

Output: - Set of potentially matching contours (M)
- Set of starting points for each ith matching contour (Si)
- Set of combinations of feature points for each mi €M and sij € Si (Fij)

i← 0% reset number of potentially matching contours
for each ck € C do

% create set Pk = (pk: pk is feature point of kth contour}
q← get number of points belonging to ck

for n = 1..q do
crvkn ← compute curvature for nth point of ck

drvkn ← compute derivative of curvature for nth point of ck

end for
l← 0% reset number of feature points for ck

for n = 1..q do
if crvkn is local extremum then

l← l + 1
type(pkl)← 1% create feature point of type 1
x(pkl),y(pkl)← get coordinates of nth point of ck

end if
if drvkn is local extremum then

l← l + 1
type(pkl)← 1% create feature point of type 2
x(pkl),y(pkl)← get coordinates of nth point of ck

end if
end for
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% Attempts to superimpose template T on contour ck

i← i + 1% increase number of potentially matching contours
mi ← ck % assume ck as ith matching contour mi €M
j← 0% reset number of starting points for mi

for each pkl € Pk do
j← j + 1% increase starting point number
sij ← pkl % assume pkl as jth starting point sij € Si

FPK← create feature point combinations for jth starting point
e← 0% reset number of feature point combinations
for u = 1..|FPK| do

e← e + 1% increase number of matching combinations
fije ← fpku % assume fpku € FPK as eth combination fije € Fij

match← true % auxiliary logical variable
for each template statement ty € T do

if conditions imposed by ty are not fulfilled by fije then

match← false
end if

end for
if not match then

e← e − 1
delete e th feature point combination f kne

end if
end for
if e = 0 then

j← j − 1% decrease starting point number
end if

end for
if j = 0 then

i← i − 1% decrease matching contour number
end if

end for

The second phase (detailed matching) is performed only for the variants for which positive result
was obtained in the first phase. Its aim is to evaluate similarity between contour shape and the template
using signature matching method. Signature differences are interpreted as the distance between points
belonging to contour and corresponding points of the template. This distance is measured along the
straight line perpendicular to the template. First, each template segment must be adjusted in order to
coincide as close as possible with corresponding contour segment. This can be obtained by adapting
such parameters, e.g., radii of arcs (when they are not fixed) in order to minimize the above mentioned
distance. After all segments have been processed in this manner, the standard deviation of this distance
for the whole contour is calculated as a measure of shape similarity. If this measure does not exceed a
pre-determined value, the contour is considered to be identified. The general algorithm for detailed
matching is presented below:
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Algorithm 2 Detailed matching

Input: - Flexible template (T)
- Set of potentially matching contours (M)
- Set of starting points for each i th contour (S i)
- Set of feature point combinations for mi€M and sij€Si (Fij)

- Maximum acceptable error (err)
Output: - Identified contour (I)

- Starting point for this contour (P)
- Set of feature points for identified contour (FP)

v← 0% reset variant number
for each mi€M do

for each sij€Si do

for each fijk€Fij do

for each point pfijkl€fijk do

adjust parameters of lth segment of template T
end for
r← 0% reset contour point number
for each pfijkl€fijk do

n← get number of points corresponding to lth template segment
for q = 1..n do

r← r + 1% increase contour point number
dijkr ← calculate distance between qth point and the template

end for
end for
match← false % auxiliary logical variable
mseijk ← calculate the mean squared error for dijkt where t = 1..r

if mseijk < err then

v← v + 1
if v = 1 then

match← true
else

if mseijk < min_err then

match← true
end if

end if
if match then

min_err = mseijk % min_err is the smallest error until now

I← mi

P← sij

FP← Fijk

end if
end if

end for
end for

end for
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5. Experimental Results

In order to experimentally verify the results of our research, we developed and implemented a
speech interface for communication with a robot being a part of flexible machining cell depicted in
Figure 6.
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This interface employs Microsoft SAPI speech engine. The sub-language of voice commands
is defined using VCD (voice command description) format [15]. Sub-language description is
available as supplementary data research data S1. The speech interface is integrated with an image
recognition system which employs the method for contour identification described in the current
paper. Machine tending is the robot’s basic role, but it may also cooperate with human operator
during machine setup. In our experiment the task of the robot was to pass the tools required by the
operator. As the operator has his hands engaged, he communicates with the robot by speech. The tools
(e.g., various types of wrenches) are placed in random positions and they are in the field of view of a
camera connected to image recognition system. Depending on the command uttered by the human
operator, appropriate flexible contour template is matched against contours obtained from the image.
The functioning of the whole system is presented in detail in Video S1 (Video1.mov file available as
supplementary data). Flexible templates, used in this application, are available in Supplementary
research data S2.

The effectiveness of our method can be measured using two parameters: Percentage of correctly
classified contours (we will call it "recognition rate") and the time needed to recognize the contour.
The former one is crucial for evaluation of the method, although it must be emphasized that the
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recognition rate does not necessarily reflect the quality of the object classification method, as it depends,
not only on the method used, but also on several factors not related to the method itself, e.g., the better or
worse workspace illumination, the material of objects to be recognized (e.g., images of metallic objects
are often influenced by reflections), character of the background, image resolution, and many others.

As described previously, the most important advantage of our method consists in a new approach
to template creation. The FECTs effectively combine two contradictory requirements that must be often
fulfilled, in order to properly recognize the objects in industrial environment: Broad (but properly
targeted) flexibility for some parts of the template and strict precision requirements for the other ones.
This advantage has rather a qualitative character and it is not measurable. The issue cannot be reduced
to the comparison between different methods based on their recognition rates.

The latter parameter (time needed to recognize the contour) is almost equally important as the
former one because our method is expected to be used mainly in combination with speech-based
communication between robot and human operator. Significant delays in the robot’s reaction to speech
commands would make the whole system not very useful.

It must be emphasized that high recognition rate and short reaction delays are two contradictory
expectations. It results from potential existence of redundant points. As can be concluded from previous
section, correct extraction of contour feature points is the key factor for reliable functioning of contour
classification. As the feature points are the endpoints of contour segments, they are characterized by
specific changes in contour curvature. The key problem is to properly adjust sensitivity of detection
of those changes (we will call it “sensitivity level”). High sensitivity level provides high contour
recognition rate but it results in detection of many redundant points due to inaccuracy and distortions
of the image. When the number of feature points is increased, the number of passes of rough matching
algorithm grows combinatorially. This may lead to substantial delays in robot reaction.

In contrary, the low sensitivity level generally results in reduction of redundant points but it may
cause some feature points not to be detected. This is equivalent to the failure of contour recognition.

In order to perform essential tests regarding recognition rate and recognition time, first the
influence of image resolution on the number of redundant points was evaluated. An experiment
was conducted with an object consisting of 17 segments of various types (the images used in the
experiment as well as the corresponding signature plots are part of Supplementary research data S3).
Recognition of this object was performed several times using the same template, but various image
resolutions. Table 1 presents the results.

Table 1. Influence of image resolution on the number of redundant points.

Image Resolution (kpix) Redundant Points Undetected Points

307 8 0
277 6 0
249 8 0
222 5 0
196 4 0
173 5 0
151 4 0
130 4 0
111 5 2
93 2 2
77 1 2

As can be seen, positive results have not been obtained for very low resolutions only. On the other
hand, the test results show that a high resolution is neither necessary nor even desirable. As far as
there are no unrecognized feature points, the algorithm functions fully reliably, independent of the
resolution. However, the use of high resolution reveals and emphasizes small irregularities in the
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shape hence it generally results in an increased number of redundant points. This makes computing
time longer and leads to delayed robot reactions.

After appropriate image resolution had been determined for later experiments, the essential tests
could be performed. We used six various templates of tools to be manipulated by robot in those
tests. Images of those tools are available in Supplementary research data S4. Eight experiments were
conducted using eight different sensitivity levels. Each experiment was conducted 10 times for various
object positions and orientations i.e. each template was matched against 10 images of corresponding
tool. The experiments are summarized in the results in Table 2: Recognition rate (in %) and the longest
recognition time for a given template (in seconds). As far, as recognition time is concerned, it depends,
not only on the method, but also on the equipment used for computation. In our case it was Windows
PC computer with processor INTEL(R) CORE(TM) i3-7020 CPU @ 2.30 GHz. Application of more
powerful processor would shorten the recognition time.

Table 2. Test results.

Sensitivity Level Template 1 Template 2 Template 3 Template 4 Template 5 Template 6

1
70% 60% 70% 70% 100% 100%
0.1s 0.05s 0.05s 0.05s 0.01s 0.01s

2
80% 60% 80% 80% 100% 90%
0.1s 0.05 0.1s 0.03s 0.01s 0.01

3
90% 70% 90% 80% 100% 100%
3.2s 0.01s 0.1s 0.4s 0.01 0.01s

4
100% 90% 100% 100% 100% 100%
2.0s 0.7s 0.15s 1.7s 0.1s 0.1s

5
100% 80% 90% 90% 100% 100%
5.2s 0.2s 0.15s 0.4s 0.05s 0.05s

6
100% 100% 100% 100% 100% 100%
8.0s 1.9s 0.4s 3.2s 0.15s 0.15s

7
100% 100% 100% 100% 100% 100%
10.0s 3.0s 0.8s 5.1s 0.25s 0.25s

8
100% 100% 100% 100% 100% 100%
15.0s 4.5s 1.2s 7.5s 0.4s 0.4s

As can be seen, the test results are satisfactory. However, they also confirmed theoretical conclusions
that high recognition rates and short reaction delays are two contradictory expectations. In order to
provide 100% recognition rates and simultaneously avoid significant delays, appropriate measures
must be undertaken, resulting in decrease in the number of redundant points. Fortunately, FECTs are
created by humans who can adjust the templates to individual needs. The following simple practical
guideline on flexible templates can be formulated: It is neither necessary nor desirable to include all
shape details in the FECT, unless those details are crucial for distinction between objects. As may
be concluded from discussion in Section 4, this refers in particular to those parts of contours which
contain the feature points of type 2.

6. Discussion

The development of a novel method for contour identification based on flexible editable contour
templates (FECT) is the main contribution of the research, presented in this paper, to the area of
human-machine communication. This method helps to solve the challenging problem of shape
classification that results from difficulties in automatic formulation of the rules that humans employ
to rank the shapes into classes, corresponding to abstract terms used in task-oriented commands for
the robots. Depending on the application, small differences in shape may be crucial, but sometimes,
the same or even much bigger differences may be irrelevant. As explained in Section 2, existing
methods could not be applied to cope with this problem. Our approach assumes that construction of
the rules for shape classification should rely on user’s knowledge and experience. The rules must be
constructed individually for each application. As it may be a labor-intensive and time-consuming task,
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we developed FCD (flexible contour description) format that helps to create and modify FECTs in an
easy and transparent way. The users will be able to develop the customized vision-based task-oriented
communication systems between humans and robots in relatively easy way.

Theoretical considerations were practically verified, as described in Section 5. A speech interface
for the collaborative robot being a part of flexible machining cell has been developed and tested.

Although, research and tests, presented in this paper, proved our method to be useful, but further
improvements should be introduced. The future plans comprise extension of FCD format in order
to introduce description of optional subcontours. When using the current version, it is sometimes
necessary to create several templates for one object when the shape of this objects depends on its state.
For example, Supplementary research data S2 contains three templates for adjustable wrench (closed,
open, wide open) because there are, not only quantitative, but also qualitative differences in its shape.
This problem was partially solved by implementation of "virtual segments" (described in Section 3).
They allow one template for even quite different contours sharing only few features. This refers also to
various forms of one tool. However, virtual segments are neglected by matching algorithm, hence
they cannot be used in all situations. The introduction of optional subcontours will ensure only one
template is created for such objects (i.e., objects consisting of several moveable parts) also in situations
when all elements of contours must be taken into account, in order to match the template properly.

Another improvement will consist in introduction of subroutines into FCD format. Subroutines will
be used to describe the subcontours parametrically, hence, a number of different templates will be able
to refer to them. It will be possible to create libraries of typical subcontours. In this way development
of flexible templates will be facilitated.

As stated in the introduction, our final aim is a general solution for integration of industrially-oriented
image and speech recognition systems. In the very next step, we will develop a method for construction
of rules for identification of objects described by abstract terms and consisting of several contours.
The object identification rules will be based on topological and geometrical relations between those contours.
Subsequently, the previously developed VCD (Voice Command Description) format [15] will be extended,
in order to include identification rules in voice command sublanguage description.

Supplementary Materials: The following are available online at http://www.mdpi.com/1424-8220/20/6/1773/s1,
Video S1: Video1.mov, Research data S1: research data 1.doc, Research data S2: research data 2.doc, Research data
S3: research data 3.doc, Research data S4: research data 4.doc
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of titanium metallization coating deposited onto aln ceramics substrate by means of friction surfacing process.
Coatings 2019, 9, 845. [CrossRef]

5. El Makrini, I.; Elprama, S.A.; Van Den Bergh, J.; Vanderborght, B.; Knevels, A.J.; Jewell, C.I.C.; Stals, F.;
De Coppel, G.; Ravyse, I.; Potargent, J.; et al. Working with Walt: How a Cobot Was Developed and Inserted
on an Auto Assembly Line. IEEE Robot. Autom. Mag. 2018, 25, 51–58. [CrossRef]

http://www.mdpi.com/1424-8220/20/6/1773/s1
http://dx.doi.org/10.1016/j.rcim.2015.04.002
http://dx.doi.org/10.1016/j.cirp.2019.04.006
http://dx.doi.org/10.1109/MRA.2018.2816972
http://dx.doi.org/10.3390/coatings9120845
http://dx.doi.org/10.1109/MRA.2018.2815947


Sensors 2020, 20, 1773 17 of 19

6. Maurice, P.; Padois, V.; Measson, Y.; Bidaud, P. Human-oriented design of collaborative robots. Int. J.
Ind. Ergon. 2017, 57, 88–102. [CrossRef]

7. Rozo, L.; Calinon, S.; Caldwell, D.G.; Jiménez, P.; Torras, C. Learning Physical Collaborative Robot Behaviors
From Human Demonstrations. IEEE Trans. Robot. 2016, 32, 513–527. [CrossRef]

8. Schou, C.; Skovgaard Andersen, R.; Chrysostomou, D.; Bøgh, S.; Madsen, O. Skill-based instruction of
collaborative robots in industrial settings. Robot. Comput. Integr. Manuf. 2018, 53, 72–80. [CrossRef]

9. Kong, L.; Chen, X.; Liu, X.; Xiang, Q.; Gao, Y.; Baruch, N.B.; Chen, G. AdaSharing: Adaptive Data Sharing in
Collaborative Robots. IEEE Trans. Ind. Electron. 2017, 64, 9569–9579. [CrossRef]

10. Maurtua, I.; Ibarguren, A.; Kildal, J.; Susperregi, L.; Sierra, B. Human-robot collaboration in industrial
applications: Safety, interaction and trust. Int. J. Adv. Robot. Syst. 2017, 14, 1–10. [CrossRef]

11. Gorecky, D.; Schmitt, M.; Loskyll, M.; Zuhlke, D. Human-machine-interaction in the industry 4.0 era.
In Proceedings of the 2014 12th IEEE International Conference on Industrial Informatics (INDIN), Porto
Alegre, Brazil, 6 November 2014; pp. 289–294.

12. Villani, V.; Pini, F.; Leali, F.; Secchi, C. Survey on human-robot collaboration in industrial settings: Safety,
intuitive interfaces and applications I. Mechatronics 2018, 248–266. [CrossRef]

13. Pires, J.N. Robot-by-voice: Experiments on commanding an industrial robot using the human voice. Ind. Robot.
An Int. J. 2005, 32, 505–511. [CrossRef]

14. Veiga, G.; Pires, J.N.; Nilsson, K. Experiments with service-oriented architectures for industrial robotic cells
programming. Robot. Comput. Integr. Manuf. 2009, 25, 746–755. [CrossRef]

15. Rogowski, A. Industrially oriented voice control system. Robot. Comput. Integr. Manuf. 2012, 28, 303–315.
[CrossRef]

16. Rogowski, A. Web-based remote voice control of robotized cells. Robot. Comput. Integr. Manuf. 2013, 29,
77–89. [CrossRef]

17. Zinchenko, K.; Wu, C.Y.; Song, K.T. A study on speech recognition control for a surgical robot. IEEE Trans.
Ind. Informatics 2017, 13, 607–615. [CrossRef]

18. Zabalza, J.; Fei, Z.; Wong, C.; Yan, Y.; Mineo, C.; Yang, E.; Rodden, T.; Mehnen, J.; Pham, Q.C.; Ren, J.
Smart sensing and adaptive reasoning for enabling industrial robots with interactive human-robot capabilities
in dynamic environments—A case study. Sensors 2019, 19, 1354. [CrossRef]

19. Barber, R.; Zwilling, V.; Salichs, M.A. Algorithm for the evaluation of imperfections in auto bodywork using
profiles from a retroreflective image. Sensors 2014, 14, 2476–2488. [CrossRef] [PubMed]

20. Jiang, P.; Ishihara, Y.; Sugiyama, N.; Oaki, J.; Tokura, S.; Sugahara, A.; Ogawa, A. Depth image–based deep
learning of grasp planning for textureless planar-faced objects in vision-guided robotic bin-picking. Sensors
2020, 20, 706. [CrossRef]

21. Tsarouchi, P.; Athanasatos, A.; Makris, S.; Chatzigeorgiou, X.; Chryssolouris, G. High Level Robot
Programming Using Body and Hand Gestures. In Proceedings of the Procedia CIRP, 5th CIRP Global Web
Conference Research and Innovation for Future Production, Patras, Greece, 4–6 October 2016; Volume 55,
pp. 1–5.

22. Van Delden, S.; Umrysh, M.; Rosario, C.; Hess, G. Pick-and-place application development using voice and
visual commands. Ind. Rob. 2012, 39, 592–600. [CrossRef]

23. Maurtua, I.; Fernández, I.; Tellaeche, A.; Kildal, J.; Susperregi, L.; Ibarguren, A.; Sierra, B. Natural multimodal
communication for human-robot collaboration. Int. J. Adv. Robot. Syst. 2017, 14, 1–12. [CrossRef]

24. Pleshkova, S.; Zahariev, Z. Development of system model for audio visual control of mobile robots with
voice and gesture commands. In Proceedings of the International Spring Seminar on Electronics Technology,
Sofia, Bulgaria, 10–14 May 2017; pp. 1–4.

25. Pires, J.N. New challenges for industrial robotic cell programming. Ind. Robot An Int. J. 2009, 36.
26. Kuno, Y.; Kawashima, M.; Yamazaki, K.; Yamazaki, A. Importance of Vision in Human-Robot Communication:

Understanding Speech Using Robot Vision and Demonstrating Proper Actions to Human Vision. In Intelligent
Environments. Methods, Algorithms and Applications; Monekosso, D., Remagnino, P., Kuno, Y., Eds.; Springer:
London, UK, 2009; pp. 191–209, ISBN 978-1-84800-345-3.

27. Kharlamov, A.; Ermishin, K. Interactive Collaborative Robotics. In Lecture Notes in Computer Science;
Ronzhin, A., Rigoll, G., Meshcheryakov, R., Eds.; Springer International Publishing: Cham, Switzerland,
2016; Volume 9812, ISBN 978-3-319-43954-9.

http://dx.doi.org/10.1016/j.ergon.2016.11.011
http://dx.doi.org/10.1109/TRO.2016.2540623
http://dx.doi.org/10.1016/j.rcim.2018.03.008
http://dx.doi.org/10.1109/TIE.2017.2708000
http://dx.doi.org/10.1177/1729881417716010
http://dx.doi.org/10.1016/j.mechatronics.2018.02.009
http://dx.doi.org/10.1108/01439910510629244
http://dx.doi.org/10.1016/j.rcim.2008.09.001
http://dx.doi.org/10.1016/j.rcim.2011.09.010
http://dx.doi.org/10.1016/j.rcim.2012.11.002
http://dx.doi.org/10.1109/TII.2016.2625818
http://dx.doi.org/10.3390/s19061354
http://dx.doi.org/10.3390/s140202476
http://www.ncbi.nlm.nih.gov/pubmed/24504105
http://dx.doi.org/10.3390/s20030706
http://dx.doi.org/10.1108/01439911211268796
http://dx.doi.org/10.1177/1729881417716043


Sensors 2020, 20, 1773 18 of 19
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38. Žalik, B.; Mongus, D.; Liu, Y.-K.; Lukač, N. Unsigned Manhattan chain code. J. Vis. Commun. Image Represent.
2016, 38, 186–194. [CrossRef]

39. Karczmarek, P.; Kiersztyn, A.; Pedrycz, W.; Dolecki, M. An application of chain code-based local descriptor
and its extension to face recognition. Pattern Recognit. 2017, 65, 26–34. [CrossRef]

40. Prematilake, C.; Ellingson, L. Evaluation and prediction of polygon approximations of planar contours for
shape analysis. J. Appl. Stat. 2018, 45, 1227–1246. [CrossRef]

41. Hernández, A.E.; Alonso, M.A.; Chávez, E.; Covarrubias, D.H.; Conte, R. Robust polygon recognition method
with similarity invariants applied to star identification. Adv. Sp. Res. 2017, 59, 1095–1111. [CrossRef]

42. Pedrosa, J.; Queiros, S.; Bernard, O.; Engvall, J.; Edvardsen, T.; Nagel, E.; D’Hooge, J. Fast and Fully Automatic
Left Ventricular Segmentation and Tracking in Echocardiography Using Shape-Based B-Spline Explicit Active
Surfaces. IEEE Trans. Med. Imaging 2017, 36, 2287–2296. [CrossRef]

43. Yang, Z.; Sendhoff, B.; Tang, K.; Yao, X. Target shape design optimization by evolving B-splines with
cooperative coevolution. Appl. Soft Comput. 2016, 48, 672–682. [CrossRef]

44. Cai, Z.X.; Gu, M.Q. Traffic sign recognition algorithm based on shape signature and dual-tree complex
wavelet transform. J. Cent. South Univ. 2013, 20, 433–439. [CrossRef]

45. Barman, A.; Dutta, P. Facial expression recognition using distance and shape signature features.
Pattern Recognit. Lett. 2017, 1–8. [CrossRef]

46. Elsalamony, H.A. Anaemia cells detection based on shape signature using neural networks. Meas. J. Int.
Meas. Confed. 2017, 104, 50–59. [CrossRef]

47. Moreda, G.P.; Muñoz, M.A.; Ruiz-Altisent, M.; Perdigones, A. Shape determination of horticultural produce
using two-dimensional computer vision - A review. J. Food Eng. 2012, 108, 245–261. [CrossRef]

48. Bohi, A.; Prandi, D.; Guis, V.; Bouchara, F.; Gauthier, J.-P. Fourier Descriptors Based on the Structure of
the Human Primary Visual Cortex with Applications to Object Recognition. J. Math. Imaging Vis. 2017, 57,
117–133. [CrossRef]

49. El-Ghazal, A.; Basir, O.; Belkasim, S. Invariant curvature-based Fourier shape descriptors. J. Vis. Commun.
Image Represent. 2012, 23, 622–633. [CrossRef]

50. Tomakova, R.; Komkov, V.; Emelianov, E.; Tomakov, M. The Use of Fourier Descriptors for the Classification
and Analysis of Peripheral Blood Smears Image. Appl. Math. 2017, 8, 1563–1571. [CrossRef]

51. Kadir, A. Leaf Identification Using Fourier Descriptors and Other Shape Features. Gate to Comput. Vis.
Pattern Recognit. 2015, 1, 3–7. [CrossRef]

52. Yousefi, E.; Baleghi, Y.; Mahmoud Sakhaei, S. Rotation invariant wavelet descriptors, a new set of features to
enhance plant leaves classification. Comput. Electron. Agric. 2017, 140, 70–76. [CrossRef]

http://dx.doi.org/10.2298/SJEE1301219T
http://dx.doi.org/10.1007/s00170-013-4864-6
http://dx.doi.org/10.1016/j.rcim.2016.08.001
http://dx.doi.org/10.3390/s16081180
http://dx.doi.org/10.3390/s17020260
http://dx.doi.org/10.3390/s140406734
http://dx.doi.org/10.3390/s141223885
http://dx.doi.org/10.1080/0951192X.2014.900862
http://dx.doi.org/10.1016/j.patcog.2003.07.008
http://dx.doi.org/10.1016/j.dsp.2016.03.002
http://dx.doi.org/10.1016/j.jvcir.2016.03.001
http://dx.doi.org/10.1016/j.patcog.2016.12.008
http://dx.doi.org/10.1080/02664763.2017.1364716
http://dx.doi.org/10.1016/j.asr.2016.11.016
http://dx.doi.org/10.1109/TMI.2017.2734959
http://dx.doi.org/10.1016/j.asoc.2016.07.027
http://dx.doi.org/10.1007/s11771-013-1504-0
http://dx.doi.org/10.1016/j.patrec.2017.06.018
http://dx.doi.org/10.1016/j.measurement.2017.03.012
http://dx.doi.org/10.1016/j.jfoodeng.2011.08.011
http://dx.doi.org/10.1007/s10851-016-0669-1
http://dx.doi.org/10.1016/j.jvcir.2012.01.011
http://dx.doi.org/10.4236/am.2017.811114
http://dx.doi.org/10.15579/gtcvpr.0101.003007
http://dx.doi.org/10.1016/j.compag.2017.05.031


Sensors 2020, 20, 1773 19 of 19

53. Chaudhuri, A.; Mandaviya, K.; Badelia, P.; K Ghosh, S. Optical Character Recognition Systems for Different
Languages with Soft Computing; Studies in Fuzziness and Soft Computing; Springer International Publishing:
Cham, Switzerland, 2017; Volume 352, ISBN 978-3-319-50251-9.

54. Impedovo, S. More than twenty years of advancements on frontiers in handwriting recognition.
Pattern Recognit. 2014, 47, 916–928. [CrossRef]

55. Attalla, E.; Siy, P. Robust shape similarity retrieval based on contour segmentation polygonal multiresolution
and elastic matching. Pattern Recognit. 2005, 38, 2229–2241. [CrossRef]

56. Li, S.; Lee, M.C.; Pun, C.M. Complex Zernike moments features for shape-based image retrieval. IEEE Trans.
Syst. Man Cybern. Part A Syst. Hum. 2009, 39, 227–237. [CrossRef]

57. Hamdan, B.; Mokhtar, K. Face recognition using Angular Radial Transform. J. King Saud Univ. Comput.
Inf. Sci. 2018, 30, 141–151. [CrossRef]

58. Jayaram, M.A.; Fleyeh, H. Convex Hulls in Image Processing: A Scoping Review. Am. J. Intell. Syst. 2016, 6,
48–58.

59. Igarashi, Y.; Suzuki, H. Cover geometry design using multiple convex hulls. Comput. Des. 2011, 43, 1154–1162.
[CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.patcog.2013.05.027
http://dx.doi.org/10.1016/j.patcog.2005.02.009
http://dx.doi.org/10.1109/TSMCA.2008.2007988
http://dx.doi.org/10.1016/j.jksuci.2016.10.006
http://dx.doi.org/10.1016/j.cad.2011.04.016
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Shape Recognition and Classification Methods 
	Flexible Editable Contour Templates 
	Shape Classification Algorithm 
	Experimental Results 
	Discussion 
	References

