Part II
Task-based Optimisation

Chapter 4
Task-based Design Optimization
In this chapter, we’ll present a methodology to find the best MRR design that can
perform a given task. We can define the robot design as D = (H b , M), where M is
the robot morphology and H b is the base link coordinate transformation with respect
to a global frame. We’ll consider as morphology the combination of robotic modules
that can be realized, considering the connection capabilities of the modules introduced
in Chapter 2. From a morphology M we can unequivocally retrieve the robot physical
topology ϕ(M) and therefore the robot kinematic and dynamic model.
We’ll use a two-stage hybrid discrete-continuous optimization scheme to seek,
between all allowed combinations of modules, the one able to complete the task while
minimizing a given objective function. Two-stage schemes like this are popular in
literature and have been investigated to solve similar problems for example in [Chocron
and Bidaud, 1997], [Chung et al., 1997] and [Ha et al., 2016]. In most of these works
anyway, the objective is to find an optimal robot design by exploiting the fact that
link lengths can still be optimized. In our work, we instead consider the combinatorial
optimization problem that arises when the kit of robotic modules is already built and
want to find the optimal arrangements of said modules, similarly as dealt with in [Icer
and Althoff, 2016; Icer et al., 2016]. With respect to said papers in this work, we add
the base location as a variable to optimize and we consider also multi-arm designs
when the task allows it.
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Figure 4.1 The two-level optimization scheme used to find the best robot design.
The full optimization problem can be formulated as:
min

Z ttot

M, H b , q(·), q̇(·), τ (·), ttot

0

L(M, H b , q, q̇, τ ) dt

s.t. li ≤ ci (q(t), q̇(t), q̈(t), τ (t)) ≤ ui ,

i = 1, . . . , Nc

(4.1)

M ∈ Mf easible
H b ∈ H f easible ,
The proposed approach decomposes the hybrid discrete-continuous optimization
problem in (4.1) into two stages: a higher-level discrete optimization stage (described
in Sec. 4.3) determining the best design D∗ among the possible combinations of
modules and base placement in the discrete robot design-space, and a lower-level
continuous optimization stage (described in Sec. 4.2) optimizing the cost of a given
design by finding the optimum postures q ∗ , in the continuous robot joint-space Q ⊂ Rn ,
sometimes together with the velocities q̇ ∗ and torques τ ∗ . The output of the lower-level
stage will be used by the higher-level stage to compare the cost to execute the task by
a given design with respect to that of other design candidates. The cost function L and
the constraints ci are dictated by the task specifications, which are usually input to the
optimization problem. Fig. 4.1 shows a schematic representation of this optimization
process.
In this chapter, we’ll first define the task so that we can deal in the same way with
single- and multi-arm configurations in Section 4.1. Next, we’ll present a bottom-up
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view of the optimization process, introducing first the lower-level joint-space optimization step in Section 4.2 and then the higher-level design-space optimization step in
Section 4.3.

4.1

Task definition

The objective of this study is to derive the optimal modular robot configuration for
a given manipulation task or set of tasks, considering also multi-robot arrangements.
Assuming common manipulation tasks, we can divide them into cooperative and noncooperative tasks, whether they can be realized by two cooperating manipulator arms
or not. For cooperative tasks, a dual-arm arrangement can be exploited to improve the
performance for a certain objective. Without loss of generality, we focus on deriving
the optimal robot configuration for both single- and dual-arm configurable robot setup.
An extensive literature exists regarding compliant control of robots performing
manipulation tasks [Khatib, 1987; Raibert and Craig, 1981], where both the position
and the contact forces of the end-effector need to be controlled. It is convenient to
describe the tasks in a coordinate frame defined with respect to the task space and
geometry, where natural and artificial constraints can be defined [Mason, 1981]. In
assembly manipulation tasks, for example, defining a constraint frame with respect
to the part geometry allows describing the end-effector behavior in an easier way
[Raibert and Craig, 1981]. Furthermore, the task of a dual-arm manipulator can
be conveniently expressed in terms of relative poses between the two end-effectors.
This allows simplifying the manipulation problem of the dual-arm system to that of
a single-arm-like manipulator. While such a manipulator can have a high degree of
redundancy if two conventional robots are considered (6-7 DOF), it can intentionally be
designed to have just the right number of DOFs required for the task when deploying
two modular and reconfigurable robot arms.
The trajectory resolution of the two cooperating arms is one of the fundamental
problems in dual-arm systems. By considering the two robot arms as a single system,
and exploring the relative Jacobian between the two end-effectors, the task-space
trajectories can be generated in a constraint frame {C} attached to one end-effector.
In [Lewis and Maciejewski, 1990; Owen et al., 2005] relative motions of the two
manipulators are generated using the relative Jacobian pseudo-inverse.
Fig. 4.2 illustrates the main coordinate frames associated with the two single/dualarm manipulation tasks, where b1 and e1 denote the base and the end-effector of the
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Figure 4.2 The representation of main coordinate frames for the single/dual-arm robot
manipulation task.
first arm in both cases. In the dual-arm case, b2 and e2 represent the base and the
end-effector of the second arm, while in single-arm case b2 represents a fixed coordinate
frame rigidly connected to frame {C} on which the task is described i.e. where the
task is executed.
By defining the task in this frame, which is rigidly connected to the second base
b2 in the case of a single-arm robot, or connected to the end-effector frame e2 of the
second kinematic chain in the case of dual-arm robots, the task definition is the same
for both single-arm and dual-arm robots. Similarly, there is only one task Jacobian
e1
JC in both cases. It is obtained just by a rotation in the {C} frame for the single-arm
system, while a relative Jacobian is extracted for the dual-arm robot, as described in
[Jamisola et al., 2015].
This definition enables a unified task formulation for both, the single-arm and
the multi-arm robot setup. It allows the derivation of single and multi-arm robot
configurations from the same optimization procedure. We can then evaluate the
different arrangements of the robotic modules by composing single- and multi-arm
systems with a total number of DOFs equal or greater than the number of DOFs
required by the task.
The final optimization parameter for tuning the robot design is the relative transform
b1
Hb2 of the second base position b2 from the first base b1 . This determines where the
task is executed i.e. work-cell position. For a single-chain robot the position of frame
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b2 is arbitrary and it could even coincide with the global frame W . In that case b1 Hb2
would coincide with W Hb1 −1 .
For some non-cooperative tasks, not only the relative transformation between the
two bases matters. Instead, the global transform of frame {C} with respect to the
global frame might be constrained by the task specifications. For some tasks, in fact,
it might be a requirement that the part where the manipulator will operate is in a
specific position and orientation in the global frame W . This is the case, for instance,
of a manufacturing scenario where small pieces are assembled on a bigger component
that cannot be moved (e.g. an automotive assembly). We simulate such a situation
in Chapter 5 with the insertion of multiple pegs in holes on a vertical wall. Another
scenario is when we need to do a pick-and-place of an object from a point A to a
point B, which we tackle in Chapter 7. Since in these cases the absolute position in
the world frame is a constraint, it might not make much sense to consider dual-arm
arrangements, at least not in a cooperating way as in our approach. So depending
on the task, we can avoid considering dual-arm robots to speed up the optimization
process. Anyway, also in these cases the task formulation can stay the same.
From now on, to simplify the notation, we’ll refer to the relative transformation
between frame b1 and b2 , b1 Hb2 , as Hb . We’ll refer to the global pose of frame e1 ,
W
He1 , as Hee .

4.2

Joint space optimization

Starting from the lower level, let’s see how the joint space optimization step can be
formulated in a general way. For a given design D̃ and therefore a given robot dynamic
and kinematic model, we should find the optimal q ∗ or the complete optimal motion
plan and controls (q ∗ , q̇ ∗ , τ ∗ ), that minimizes a certain cost function. This lower-level
stage will ensure optimal task execution within the design robot D̃ and will compute
the cost of such a design that will be used by the higher-level stage to compare it with
the other designs.
We can formulate the continuous optimization problem in a general way as:
min

Z ttot

q(·), q̇(·), τ (·), ttot

0

L(q(t), q̇(t), τ (t)) dt

s.t. li ≤ ci (q(t), q̇(t), q̈(t), τ (t)) ≤ ui ,

(4.2)
i = 1, . . . , Nc
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where L is a generic cost function depending on the robot state (q(t), q̇(t)) and the
control inputs τ (t). A series of Nc bilateral constraints ci can be added to the problem
and then converted to inequality or equality constraints depending on the value of the
bounds li and ui . These constraints can include joint limits, velocity limits, and torque
limits of the actuators, as well as environment and collision constraints or end-effector
pose constraints. When looking for a solution that also takes into account the system
dynamics, a constraint in the form of an ordinary differential equation (ODE) should
be considered, which will depend also on the joint acceleration q̈(t).
There are several approaches to tackle the nonlinear joint-space optimization
problem [Nocedal and Wright, 2006]. In the following chapters we’ll use just a few of
them to tackle the problems posed by the example applications:
• In Chapter 5 we discretize the trajectory into a finite number of waypoints and
transform (4.2) into a series of IK sub-problems. We’ll make use of sequential
quadratic programming (SQP) to locally solve the IK and find the optimal robot
postures q ∗ (·).
• In Chapter 6 we discretize the trajectory into waypoints and find the motion
between them by formulating a series of velocity-based IK problems expressed
as a quadratic programming (QP) problem like (3.3). These can be solved
with standard QP solvers to find the optimal motion (q ∗ (·), q̇ ∗ (·)) between each
waypoint.
• In Chapter 7 we treat the problem as an optimal control problem and use direct
multiple shooting [Diehl et al., 2006] to implicitly discretize the trajectory. This
approach will find, in addition to the optimal motion plan (q ∗ (·), q̇ ∗ (·)), also the
optimal control inputs τ ∗ (·).

4.2.1

Common objective functions

In this subsection, we’ll introduce the objective functions that will be used for the
applications in the next chapters.
Total task execution time
A simple index to use as cost function is the total task execution time which can be
obtained by choosing L = 1:
Z ttot
ttot =
1 dt.
(4.3)
0
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This simple objective function has a very practical relevance when used to minimize
the cycle-time of a production process and thereby maximize production output in
manufacturing scenarios.
Effort
A key performance index often utilized as cost function, is the effort [Kirk, 1970; Martin
and Bobrow, 1999]:
Z
ϵ(τ (t)) =

ttot

0

τ T (t)τ (t)dt,

(4.4)

where τ symbolizes the vector of the joint torques. The effort is the integral of the
instantaneous power of the actual control input τ (t) and is therefore proportional to
the total energy spent during the task. This index might be particularly important
when operating in remote environments with limited energy supply (e.g. space applications), or when considering the cumulated energy consumption of 24/7 operation in
manufacturing scenarios.

4.2.2

Common constraints

In this subsection, we’ll list common constraint functions that can be added to the
optimization problem and will be used for the applications in the next chapters.
End-effector pose constraints
An end-effector pose constraint is used to ensure the end-effector can reach a desired
pose in the Cartesian space. It can be expressed with an equality constraint such as
H ee (q) = H̄ ee .
If we want to set different type of constraints for the end-effector position and
orientation, we can split this into two constraints: pee (q) = p̄ee and Ree (q) = R̄ee .
In this way, we could set the orientation constraint as an inequality for example, in
order to have some tolerance on the desired orientation, while the position constraint
remains an equality.
Another important advantage is that we could reformulate one of the two constraints
so to constrain only certain directions or certain orientations. In fact, many industrial
tasks do not require to control all six Cartesian coordinates. For instance tasks such
as welding, painting, or “peg-in-hole” of axially symmetric components only require
5 of the 6 DOFs to be controlled, with one of the orientations relaxed. Moreover,
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morphologies exhibiting n < 6 DOFs cannot fulfill the execution of fully-constrained
Cartesian poses. To this end, we can specify a relaxed orientation constraint on the
end-effector pose, so to be able to handle also robots with 4 or 5 DOFs. For instance,
we can set an orientation constraint on the end-effector to be perpendicular to a plane
P where the orientation around that axis is not constrained:
h(q) =W n̂T · W ẑee = −1,

(4.5)

where W n̂ is the unit vector normal to the plane P and W ẑee the z-axis of the end-effector
frame, both expressed in the global frame {W }. When working with gradient-based
optimization algorithms, the gradient of this constraint is computed as
∇h(q) =W n̂T · Ω(W ẑee )T · J (q),

(4.6)

by exploiting the relation
W

ẑ˙ ee = ω × W ẑ ee = J (q)q̇ × W ẑ ee = Ω(W ẑee )T · J (q)q̇.

(4.7)

Collision constraints
Constraints that ensure the robot motion is collision-free can generally be expressed by
inequalities. Given the robot physical model ϕ, and the robot configuration q we are
able to compute the robot occupancy. For any ϕ and q we know the physical shape of
the links and their global pose. A robot avoids self-collisions if there is some clearance
between each pair of links that can come into contact. So the distance between the
two closest points on each link surface should be greater than zero djk (ϕ, q) > 0 for
any pair of links j and k that can collide. For a more compact representation we’ll
group all the distances djk (ϕ, q) in a vector d(q) > 0.
The same goes for the distance between each link and each obstacle present in
the environment. We can express an environment collision constraint as the distance
between each one of the robot links j and an arbitrary geometric shape in R3 o as:
ejo (ϕ, q) > 0. For a more compact representation we’ll group all the distances ejo (ϕ, q)
in a vector e(q) > 0. With the information from ϕ about the links meshes, these
distances can be computed with libraries such as FCL [Pan et al., 2012].
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Force transmission ratio
Another index for evaluating the performance of a single or dual arm robot is the force
transmission ratio between the joint torques and the task forces. The intersection of
the force/velocity ellipsoids with a unit vector u representing a Cartesian direction,
quantifies the force/velocity transmission ratio of the manipulator [Siciliano and
Khatib, 2016; Yoshikawa, 1985]. By considering the manipulator Jacobian J , the force
transmission ratio is then:
1
α = (uT J J T u)− 2 .
(4.8)
This concept was extended to multi-arm systems in [Chiacchio et al., 1991]. Manipulability ellipsoids may then be derived similarly for the multi-arm case [Faroni et al.,
2016]. When using this index as a constraint of the optimization problem, generally a
lower bound would be set to the force transmission ratio:
1

α(q) = (uT Jr (q)JrT (q)u)− 2 > ᾱth .

(4.9)

Having a lower bound on α of value ᾱth , a minimum force transmission ratio along
u is set, thereby ensuring the capability of the designed robot to apply forces along a
given direction u. A higher value of α results to lower torques in the joints for given
forces at the end-effector, therefore inherently leading to a better energetic economy.
This can be particularly important for tasks presenting high forces on the tool along a
given direction u. For instance, a peg-in hole task or a drilling task implies high forces
on the direction perpendicular to the contact surface, while a milling process implies
elevated forces along the direction tangent to the desired path.
Manipulability measure
For contactless tasks or in specific directions within tasks with contacts, the manipulability measure is obtained to account for the manipulation capability of the robot.
When using it as a constraint, a lower bound w̄th can be applied on this measure to
guarantee a certain level of dexterity for a certain robot posture:
w(q) =

q

det(J (q)J T (q)) > w̄th .

(4.10)
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Design space optimization

This stage of the problem will be tasked with finding the best combination of morphology
and base placement from the set of feasible designs. Only discrete variables are left in
this problem. Constraints on the robot design can be set to limit the design space to
the allowed configurations.
For each morphology, by changing the transform H b we can obtain robots with
very different performances. Only considering both we can really find the optimal robot
design for a certain task. Moreover, often we can place the robot base only at discrete
positions of the work cell. So to avoid dealing with this when solving a continuous
optimization problem we can address the base placement optimization in this stage.
If instead, for the base position, continuous values can be selected, then this can be
tackled at the joint optimization level. An example of this will be shown in Chapter 7.
In general we can formulate the discrete optimization problem, in the discrete robot
design variables M and Hb , as:
min

M,H b

Z ttot
0

L(M, H b , q ∗ , q̇ ∗ , τ ∗ ) dt

s.t. M ∈ Mf easible

(4.11)

H b ∈ H f easible ,
where q ∗ , q̇ ∗ and τ ∗ will be the output of the lower-level optimization problem.
In this stage we also account for constraints on the robot design, both on the
morphology and its base position, so to enforce M ∈ Mf easible and H b ∈ H f easible .
Examples of constraints considered are:
• Constraints on the availability of modules of a certain type to prevent obtaining
an optimal robot that cannot be realized.
• Constraints on the minimum number of DOFs required for the task.
• Constraints on each module’s individual load capacity. For each module type,
there is a maximum weight a module can support due to its structural limits.
• Constraints on the payload of the robot and its max reach.
• Constraints on the base placement, given by possible obstacles present in the
work cell and the work cell boundaries.
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These constraints are usually either “task-dependent” (required payload, number of
DOFs, allowed base placement, etc.) or “hardware-dependent” (number of available
modules, module’s load capacity, etc.). Therefore, they are usually set by the user
depending on the particular task to optimize and the hardware modules used. In
general, they will change for each specific application and there is not a universal way
of defining them starting only from the task definition. The process of defining them
for each application is manual, with the goal of reducing the number of evaluations of
unfeasible modules combinations to both speed up the search and avoid optimizers
getting stuck in local minima that represent impractical robot configurations.
A problem of this type, where all variables are discrete and come from a finite set, can
be solved with combinatorial optimization techniques [Blum and Roli, 2003; Grötschel
et al., 2012; Papadimitriou and Steiglitz, 1998]. Fig. 4.3 shows a non-exhaustive
taxonomy of methods to solve these kind of problems. These methods can be classified
as either exact or approximate. Exact methods are those that guarantee to find an
optimal solution to the problem in bounded time. They might be in turn classified
into methods that perform either a complete or a partial enumeration of the search
space. The complete enumeration methods, sometimes called brute-force methods,
evaluate the full search space. When modelling the combinatorial problem as a graph
or tree, algorithms such as breadth-first search or depth-first search are examples of
complete enumeration. To reduce the number of enumerative steps, methods that
perform only a partial enumeration of the search space have been developed. These
include for instance branch-and-bound methods or dynamic programming.
Although the computation time of the exact method is finite, it might still become
exponential in the worst case. In particular, as the dimension of the problem grows,
the cost of the algorithm grows exponentially with it, a phenomenon termed as “curse
of dimensionality” [Bellman, 1957]. To avoid running into it, approximate methods
can be used, which give no guarantees that an optimal solution can be found, but in
general focus on finding a close-to-optimal solution in a significantly reduced amount
of time.
Approximate methods can be further classified with respect to whether they use
domain-specific knowledge or not. If we know enough about the problem to find a
heuristic function that can effectively guide our search towards the optimum, we can
use heuristic search methods such as greedy algorithms or the A* algorithm. With a
good heuristic function, the number of evaluations can be significantly reduced with
respect to the exact methods approaches. If the chosen heuristics is also admissable
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Figure 4.3 A taxonomy of combinatorial optimization methods.
[Russell and Norvig, 2002] A* has also been proven to be optimal and could therefore
be even considered as an exact method. The biggest problem of these techniques is
indeed the difficulty to find a suitable heuristic function, also because we might require
knowledge of the problem that could not always be available.
When a good heuristics cannot be found meta-heuristic approaches can be used
[Blum and Roli, 2003]. These algorithms make use of some sort of randomization to
make up for the absence of a defined heuristic and are sometimes considered as random
search algorithms [Zabinsky, 2003]. Often these algorithms are bio-inspired and include
GAs, swarm intelligence algorithms, or simulated annealing.
In our case, the costly part of the search is the evaluation of the cost function,
which is required to solve a lower-level optimization of its own and implies a full
simulation of the task for each evaluated candidate. If the number of designs that
can be generated from a given set of modules is small, an exhaustive evaluation of
each design can be performed within a reasonable time. However, as the number of
robot DOFs increases, the set of morphologies may become factorially large and the
exhaustive search becomes an unreasonable option. The choice of the method to apply
is therefore strongly dependent on the application and the design constraints.
Some approaches tackle the problem with heuristic-search methods, where the
discrete search in the design space is guided by heuristic functions. These heuristics
can be provided a priori [Ha et al., 2018] or iteratively learned [Zhao et al., 2020]
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from evaluated designs. Heuristics can be used to aid the search process and help to
minimize the number of required cost evaluations, but as mentioned earlier they are
problem-dependent and might not always be easy to find.
Another approach is to keep the search space as manageable as possible and apply
enumeration methods. If we are not able to get an admissable heuristics to implement
an A*, this might be one of the few ways to find the real optimum. In [Icer et al.,
2016; Liu and Althoff, 2020] for instance, robot morphologies are constrained to some
conventional industrial kinematics, therefore limiting the search space and making an
exhaustive search feasible.
Other researchers have applied GAs to task-based robot design [Bi and Zhang, 2001;
Chen and Burdick, 1995; Icer et al., 2017; Leger, 1999]. These evolutionary techniques
have proven to be effective for tackling the problem, but on the downside, give no
guarantees of finding an optimal solution. Plus, their stochastic nature makes them
very sensitive to input parameters, meaning a lot of tuning might be required to adapt
to a different objective.
In the next chapters, we’ll show some applications of task-based robot design, where
we’ll use just a few of the possible ways to solve the design optimization stage. In
Chapter 5 we’ll make use of GAs to find the minimum-effort arrangement of modules for
a multiple-peg-in-hole task. In Chapter 6 and Chapter 7 we’ll use an exhaustive search
to find the best robot design in term of minimum-effort and cycle-time respectively.

Chapter 5
Application: Minimum effort
optimization for multi-peg-in-hole
task
In this application of the optimization framework, we’ll search for the best robot design
to perform a multiple-peg-in-hole task. In this case, the constraints on the end-effector
position are expressed in the global frame, since the “holes” are placed on a vertical
plane. This task can therefore be considered “non-cooperative” since a second robot
cannot really help the first robot in any way to perform the task. Because of this, in
this scenario, we won’t consider dual-arm configurations but restrict the search to a
single kinematic chain.
For this application we applied a minimum effort objective, but evaluated it on a
discretized trajectory (see Section 5.1) to simplify the overall optimization problem
(see Section 5.2). By simplifying the cost evaluation we can reduce the computation
time for each design and therefore for the overall process. The lower-level stage reduces
to solve a series of IK problems (see Section 5.3), whose cumulated result will be
used to evaluate the designs in the higher stage where a GA has been implemented
(Section 5.4). The results of the simulation are shown in Section 5.5 and in Section 5.6
these are validated with real-world experiments. We also make a sensitivity analysis of
the effects of the constraints on the final solution.
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Figure 5.1 Two morphology examples for the reconfigurable prototype. The robot on
the right is performing the multi-peg-in-hole task

5.1

Cost Criterion

In the proposed approach, the cost criterion utilized to evaluate the different configurations of the modular robotic system is the minimum effort from (4.4). For the type of
task considered in this application, a multiple-peg-in-hole task, the predominant torque
contribution is given by the static torques. Moreover, the robot spends most of the
time in quasi-static configurations on a set of waypoints of the trajectory. One strategy
to simplify the optimization problem is then to discretize the trajectory and consider
the effort only at these waypoints. For these type of tasks these approximation can be
quite accurate and greatly reduce the computation time of the lower-level optimization.
With a discretization of the task trajectory in Np,j points, the effort required for
the execution of the j-th task Tj can be approximated in a quasi-static fashion by
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considering a set of Cartesian poses Hee (qi ), with qi representing the i-th posture,
i = 1, .., Np,j . The effort from (4.4) is then approximated as follows:
ϵTj =

PNp,j
i=1

(τsT (qi )τs (qi )) ∆ti ,

(5.1)

where ∆ti is the fixed or varying discrete time step associated with the i-th posture
PNp,j
qi and i=1
∆ti = tTj is the total time to complete the task. In this way we’ll split
the joint space optimization problem from (4.2) into Np,j simpler sub-problems (see
Section 5.3).
As control input we consider only the static torques τs = g(q) + J T (q)Fext , where
J (q) is the manipulator Jacobian and Fext the external force applied by the environment.
Considering only the static cost in the energy expenditure for a robot may seem a strong
simplification in general. However, for the moderately dynamic tasks analyzed in this
work, the static torques are prevalent, so this approach yields a useful approximation
to drive the optimization towards energy-economic solutions.
In the case where not only one, but a set of tasks need to be executed by the
robot, the effort required by all distinct tasks can be minimized by considering a
multi-objective cost function. If Nt different tasks are to be executed by the robot
and each of them is repeated γj times, the effort related to the whole process can be
P t
computed as ϵtot = N
j=1 γj ϵTj . A robot design D = (H b , M), can then be extracted
to minimize all Nt task objectives, where γj acts as a weight for the j-th task.

5.2

The hybrid optimization problem

With these simplifications, the optimization problem of (4.1) becomes:
min

M,H b ,qi

s.t.

ϵtot =

Nt
X
j=1

Np,j

γj

X

∆ti (τ T (qi )τ (qi ))

i=1

H ee (M, H b , qi ) = H̄ iee (Tj )
α(M, qi ) > ᾱth (Tj )

(5.2)

qlb ≤ qi ≤ qub
d(qi ) > 0, e(qi ) > 0
M ∈ Mf easible
H b ∈ H f easible ,

∀i = 1, ..., Np,j
∀j = 1, ..., Nt
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where Mf easible and H f easible are the sets of feasible morphologies and base poses
respecting the design constraints; qlb and qub are the joint position limits; d and e
are the constraints guaranteeing no self-collisions or collisions with the environment.
An equality constraint is present to guarantee the reachability of the given poses H̄ iee
defined by the Nt tasks, while the inequality constraint enforces a lower limit ᾱth on
the force transmission ratio α along a certain direction. If one task does not involve
interaction and contact forces, the force transmission ratio constraint can be omitted.

5.3

Joint space optimization

i
Given a robot design D̃ = (H̃b , M̃), for each Cartesian pose H̄ee
with i = 1, ..., j Np
associated with the discretization of the given task Tj , a solution to the inverse
kinematics (IK) minimizing the effort must be found. This can be formulated as Np,j
optimization problems in the continuous joint coordinates qi as follows:

min ϵi = ||τs (qi )||2
qi

s.t.

H ee (M̃, H̃ b , qi ) = H̄ iee (Tj )
α(M̃, qi ) > ᾱth (Tj ),

(5.3)

qlb ≤ qi ≤ qub
d(qi ) > 0, e(qi ) > 0
In this formulation, the constraints enforce the position and orientation of the endeffector pose while the objective function minimizes the static torques. If no solution
is found for any of the Np,j poses, the task is infeasible. This at the same time ensures
the feasibility of the task and that the effort for the whole task ϵTj is minimized as well.
Constraints on force-transmission ratio α can be set depending on task specifications,
in particular, if the task requires the robot to apply a force in a certain direction.
i
For this case, we relaxed the orientation constraints on each Cartesian pose H̄ee
as
described in Section 4.2.2, since the task only requires 5 DOFs and rotation around
one axis is free.

5.3.1

Implementation

As the objective function defined here does not permit exploiting existing IK solvers,
we implemented a customized solver to address (5.3). This problem can be formulated
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as a sequential quadratic programming problem (SQP). The implementation has been
done with the NLopt library using the SLSQP algorithm [Kraft et al., 1988], which
has been used by Trac-IK [Beeson and Ames, 2015] and proved to be quite efficient
and handle well constraints such as joint limits. Nevertheless, it cannot guarantee to
find the global minimum and may result in local solutions – false positives. These
issues can be mitigated by restarting the algorithm with a random seed several times,
as in the Trac-Ik implementation. Moreover, due to the gradient-based nature of this
technique, it requires the gradient of the cost function and constraints, which might
become troublesome to derive for more complicated constraints.
To ensure the posture is feasible to reach without the robot colliding with itself or
the environment, a check for collisions is performed by making use of the PlanningScene
from MoveIt! [Chitta et al., 2012]. If a collision is detected the posture is discarded
and a new optimal posture is sought. The robot collision model is derived from the
robot URDF, which can be obtained for the modular robot as described in Chapter 2
and enriched with an environment model.

5.3.2

Orientation constraint relaxation for robots with less
than 6 DOFs

Openly available IK solver implementations (e.g., KDL, Trac-IK) require the definition
of complete (six-dimensional) task-space poses, while the morphologies exhibiting n < 6
DOFs cannot fulfill the execution of fully-constrained Cartesian poses. To this end,
we specify a relaxed orientation constraint on the end-effector pose, so to be able to
univocally find solutions for robots with 6 DOFs or less. For the tasks considered in this
work which require 5 DOFs, we then set an orientation constraint on the end-effector
as described in (4.5). Since we use a gradient-based technique we need to provide the
gradient of the constraint as well which has been set as (4.6).

5.4

Design space optimization

The higher-level optimization problem can then be solved by using the output of the
lower-level optimization problems. The design optimization problem from (4.11) can
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be formulated as:
min

M,H b

ϵtot =

Nt
X

γj ϵTj

j=1

s.t. M ∈ Mf easible

1 ≤ j ≤ Nt

(5.4)

H b ∈ H f easible ,
where the cost function value can be directly computed from the output of the lowerlevel optimizations ϵTj and the number of repetitions of each task γj . Only discrete
variables are left in this problem. Constraints on the robot design can be set to limit
the design space to the allowed configurations.
The reason we consider the base transform parameters as discrete variables is
because we consider as space to look for the optimal placement of the base a table with
pre-made mounting holes, making the possible values of these parameters discrete.
For solving the higher-level optimization problem a GA has been implemented for
its simplicity and straightforward analogy to the physical assembly of modular robotic
structures. In fact operations such as the crossover, which swaps two sub-strings
(or schema) from two different genotypes is equivalent to swapping two sub-assembly
patterns from two robot assemblies; or as a mutation, which randomly flips a bit in a
gene encoding, is equivalent to replace a robot module with another.

5.4.1

Encoding

With our modular robot architecture (see Chapter 2) the encoding is quite simple
since each module can be connected only in one way to its predecessor. One number is
sufficient to encode all kinematic and dynamic properties of the module. While many
examples in literature use bit-strings to represent the robot assembly structure, for
a modular robot of this kind the straightforward and more effective encoding is that
of using an integer alphabet. Following the "principle of meaningful building blocks"
[Goldberg, 1989], schemata of low order and length are the best choice to achieve
a high-performance GA. An integer-based encoding produces more meaningful and
shorter building blocks than a binary-based one for the problem addressed.
For example, a combination of one straight and one elbow Joint module (a good
building block for many robots) can be encoded with just two integers (e.g. the string
“1 2”). This makes the encoding robust as it provides a schema that is difficult to break
by crossover operations and with a low probability to be mutated, therefore likely to
be propagated also to future generations. Instead, if using a binary string, s different
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modules can be encoded with a (⌈s/2⌉)-bit string, which presents a higher possibility
to be disrupted by the GA operations without adding any additional information or
useful schemata.
The set of s different module types can be completely encoded by making use of
an integer alphabet of cardinality s. A string of r integers unequivocally determines
the morphology M composed of r modules. As the morphology may comprise active
Joint and passive Link modules in the same way, we can have r ≥ n modules in the
chain. This entails the morphology string to generally vary in length, but this is not a
problem as long as the evaluation function of the GA knows how to handle the strings.
The integer encoding can be expanded to include the six parameters defining the
transformation H b from the global frame to the robot’s base frame: dx , dy , dz for the
position coordinates and dν , dµ , dϵ for the relative orientation in the representation of
choice (Euler angles, quaternions etc.). They are discretized to the desired granularity
and prepended as sub-string. The length of the total string completely describing the
robot design D is then the (6 + r)-integer string:
D = “dx dy dz dν dµ dϵ d1 d2 . . . dr ” .

(5.5)

Note that we exclude the end-effector module. It must be present in every design
and would carry no information in the encoding string. It is added afterward to any
generated design for the cost evaluation.

5.4.2

Decoding and evaluation

The GA evaluation function can decode the string and univocally reconstruct the robot
model from it, by considering the first six integers for H b and the last r genes to
obtain M. Thanks to the conventions established in Chapter 2 the r modules can
be iteratively added to reconstruct the full kinematic and dynamic model. For each
considered task Tj , the lower-level optimization algorithm is called a total of Np,j times
to compute the overall cost ϵtot of the current design D.

5.5

Optimization Results

The proposed method is utilized to optimize for a peg-in-hole task of a 2×2 pattern on
a vertical plane passing through the x and z axes of the global frame. The four holes
are at the corners of a square of 12 cm sides, which is centered at [0.53, 0.0, 0.18] w.r.t.
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(a) D1 : A 5 dof robot with only Joint modules (b) D2 : Optimal robot by adding all conand no Links. Cost = 77303
straints. Cost = 28993

(c) D3 : 3rd best robot by adding all con- (d) D4 : 2nd best robot by adding all constraints. Cost = 55909
straints. Cost=49252

(e) D5 : Optimal robot removing the con- (f) D6 : 6-DOFrobot, not realizable as it instraint on max number of elbow Joint modules. volves 4 Joint elbow modules. Cost = 56127
Cost=17174

Figure 5.2 The best results obtained in simulation by optimizing for the “peg-in-hole”
task
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the global frame. This apparently simple task is not trivial for modular robots of less
than 6 DOFs and provides for an interesting challenge to finding a minimum-effort
solution by optimally making use of Link modules.
In the simulated problem, we consider the work-cell where the base of the robot can
be placed on a 1.2 m×0.6 m table with pre-made mounting holes in a way that it allows
for a discretization with steps of 0.2 m. It also permits to consider the angle offset ψ
with respect to the z-axis of the global frame with steps of 90°, which is reduced to
the two values {0.0, 1.57} due to the symmetry of the modules.
The base pose is encoded by two integers dx ∈ X = {0, 1, .., 7} and dy ∈ Y =
{0, 1, 2, 3} for the position and one integer dψ ∈ B = {0, 1} for the orientation. This
results in the (3 + r)-integer string D = “dψ dx dy d1 d2 . . . d′′r , where the first three
integers determine the transform from the global frame to the base frame of the robot
H b.
For what regards the robot morphology M, s=4 types of modules are considered,
where the representation of each module can be encoded by an integer di ∈ A =
{0, 1, 2, 3}. The encoding is 0 for the straight Link, 1 for the elbow Joint, 2 for the
straight Joint, and 3 for the elbow Link module.
To successfully perform the task also with robots with n < 6, we implemented
the relaxation of the orientation constraint associated with the corresponding normal
plane P, as explained in Section 5.3.2, rather than specifying a full orientation for the
end-effector.
The task has been approximately discretized in eight Cartesian poses Np,j : four
pre-insertion poses and four insertion poses. Without loss of generality, we consider all
poses in the task to have the same time duration ∆ti = 5.0 s so that the total time to
complete the task would be of tTj = 40.0 s.
A constraint on the lower bound of the force-transmission ratio along the insertion
direction ᾱth of 0.2 is set, whose value was set heuristically. Joint limits are set as
2.0 rad for the elbow Joint modules and 2.8 rad for the straight Joint modules.
Constraints at the design space level are also enforced to avoid evaluating unfeasible
modules combinations:
1. The max number of elbow or straight Joint modules that can be used in the
robot design is three for each. For the elbow and straight Link modules, this is 1
each. This is set according to the actual availability of modules.
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2. The minimum number of DOFs the robot can have is five, as the task will not be
feasible with fewer DOFs. When using GA, operations such as mutation might
create genotypes with too many passive links and not enough DOFs. These could
be discarded to avoid issues with the evaluation function and to avoid evaluating
robots that by definition cannot execute the task. No limit on the maximum
number of modules is set in this case, letting the GA free to explore redundant
solutions.
3. The maximum weight the Link module can support is set to 6 Kg. This is set
according to the specifications of the structural limits of the prototype based
on data provided by the analysis of the prototype CAD model. We can discard
designs where the sum of the weight of the successive modules in the chain
surpasses the limit. No limit is set for the Joint modules since they can support
more modules than we have available (see design-space constraint 1).
4. We consider the work-cell table to be occupied for x > 0.6 m by obstacles, thereby
restricting our design space search for the position of the base frame to a square
of 0.6×0.6 m2 .
The implementation of the GA is done by making use of the DEAP toolbox [Fortin
et al., 2012], where the mutation and crossover operations are modified in such a way
that they generate designs only using the correct alphabet for every gene di and avoid
creating unfeasible designs. An initial population size of 40 individuals was used, which
are evolved over time for 80 generations, with a crossover probability of 0.5 and a
mutation probability of 0.1.
The result of the simulation is shown in Figure 5.3 where the evolution of the cost
over the generations is shown. The average size (r) of the robot structure sub-string
is also plotted. While we cannot present all the solutions here, a number of the best
results, found in the “hall of fame” of evaluated individuals, are reported below:
• D1 = (H 1b , M1 ) = ”0 0 2 2 1 1 2 1”. A generic 5-DOF robot, without adding any
Link modules. This is a versatile robot that can be used for many tasks and what
we may naively build without running the task-based optimization. We consider
this as a baseline against the task-specific robots selected by the optimization.
The total cost for this design is ϵtot = 77303.
• D2 = (H 2b , M2 ) = ”1 1 1 1 2 1 1 2 3”. The best robot design when adding all
constraints. Having the elbow joint as the 1st joint is certainly not an intuitive
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Figure 5.3 Cost evolution over generations and average number of robot DOFs over
generations.
solution, which however performs particularly well for this task. The total cost is
ϵtot = 28993.
• D4 = (H 4b , M4 ) = ”0 1 2 2 1 1 1 2 3”. It is the 2nd classified design which has a
total cost of ϵtot = 49252.
• D3 = (H 3b , M3 ) = ”0 1 1 2 1 1 1 2 3”. It is the 3rd classified design and the
“brother” of D4 . The robot design is the same as M3 = M4 , while the position
of the base is different. Comparison with D4 shows the effect of the base position
on the final cost, which is ϵtot = 55909.
To evaluate the effect of the current limitation on the number of available modules, we
execute again the optimization without enforcing this design constraint. The major
results are as follows:
• D5 = (H 5b , M5 ) = ”0 1 2 2 1 1 3 1 1”. Despite being practically unrealizable
(requiring four elbow Joint modules), this design is the most optimal solution as
the final cost is very low due to the particular structure of the robot, especially
when close to the working design. The total cost is ϵtot = 17174.
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• D6 = (H 6b , M6 ) = ”1 1 1 1 2 1 1 2 1”. This design also requires four elbow Joints
and is therefore unrealizable. It possesses six DOFs, allowing for a larger variety
of tasks compared to 5-DOF robots, while rendering a comparable cost as some
of the above-mentioned optimal designs. The total cost is ϵtot = 56127.
The simplification of the joint-space optimization introduced in Section 5.1 allows
to keep the computation time of the evaluation function very low, as the whole problem
is reduced to solve Np,j = 8 IK problems with constraints. With our implementation
(see Section 5.3) the average time to get an IK solution is of about 0,1 seconds, which
can go up to 1 second in the worst case. Multiplied by eight we get the time to evaluate
one single robot design. Thanks to the GA we don’t need to evaluate all possible
designs, meaning that one full optimization run takes on average between one to three
hours. These results were obtained on a 3.4 GHz AMD Ryzen 7 1700x 8-core processor,
with multi-threading capability. Parallel processing has been used to exploit all the
virtual cores and simultaneously evaluate 16 designs.

5.6

Experiments

After the optimization phase, the cost estimates are evaluated by performing the task
with real robot prototype designs. Therefore, the actual values for the cost criterion are
computed from the joint torque measurements recorded during each experiment. The
experimentally obtained values are referenced against their simulated counterparts.
Due to the practical limitation of available modules stock, only the first 4 designs
D1 , D2 , D3 and D4 of the group shown in Section 5.5 are assembled and tested with
the peg-in-hole task.
The task is executed using a Cartesian impedance controller (as in Section 3.2.3)
since the specification and tuning of the stiffness values in the task frame of the
peg-in-hole task is more straightforward compared to the specification in joint space.
The relative transformations between the robot and the targeted holes are programmed
through kinesthetic teaching. The reference poses H̄ iee are obtained from forward
kinematics starting from the optimized postures qi∗ .
To compare the four different designs, Figure 5.4 shows the instantaneous power of
the actual control input Pτ (t) = τ T (t)τ (t). A scaled-up Cartesian y position reference
is also plotted to relate the costs with the motion phase of the peg. The total control
effort for the whole task ϵtot , which is proportional to the energy spent, can be computed
by integrating power over time.
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Figure 5.4 The instantaneous power of the control input during the task execution for
the 4 evaluated robot designs over time
Figure 5.5 depicts the corresponding efforts. The effort computed by integrating the
instantaneous power of τ (t) is shown in blue. The effort corresponding to g(t) obtained
from the experimental torque measurements is shown in red. The effort derived from
simulation by using (5.1) is illustrated in yellow. From Figure 5.5 it is apparent, that
the approximation of the actual effort based on the static torques at certain waypoints,
closely matches the experimental data. It is sufficiently accurate to practically predict
the minimum effort design for this low-speed executed task.
The found optimal robot design D2 demonstrates an energy demand reduction of
about 62 % compared to our baseline robot design D1 . The designs D3 and D4 also
exhibit clearly visible energy demand reductions. Moreover it can be observed how
much design D4 with its base placed at x = 0.2, y = 0.4 improves over design D3 with
its base placed at x = 0.2, y = 0.2. This underlines how the same robot morphology
M3 = M4 may demonstrate different energy consumption if the position of its base
varies.
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Figure 5.5 The total effort for the 4 designs tested. In blue computed using real torque
measurements τ (t), in red using the gravity vector g(t), in yellow the value derived
from the simulation using (5.1)
The marginal discrepancies between the simulated and actual final cost can be
explained by the errors introduced by factors such as:
• the discretization of the task in Np,j static postures and the cost approximation
based on static torques,
• the use of an impedance Cartesian controller to execute the task, such that
compliance causes the actual joint positions to be slightly different from the ones
computed in simulation. For a task of this kind, having the possibility to set a
Cartesian or task-frame stiffness makes tuning the controller much easier, but we
lose direct control over the q,
• possible offsets in the torque readings, which accumulate in the cost criterion via
integration over time.
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Figure 5.6 The effect of joint space optimization on the instantaneous power of τ (t)
for a fixed design D3 . In yellow if the orientation constraint is expressed as an equality
constraint, in green if expressed as an inequality constraint to allow for a tolerance of
5°
Finally, we study the sensitivity of the final cost and energy consumption of the
robot designs with respect to the lower-level robot posture optimization. For instance,
fixing the robot design and selecting slightly different orientations of the end-effector
can lead to significant changes in the posture and the final result. For this reason we
show the effect of the relaxation of constraint (4.5) from an equality to an inequality
constraint of the kind:
g(q) =W n̂T · W ẑee ≤ −0.996,
(5.6)
which allows for orientation errors of about 5°. For tasks where loose tolerances like
these are acceptable, the optimization is able to select a better posture with a lower
effort cost.
The cost for the two different constraints is compared in two experiments with
robot design D3 . Figure 5.6 shows the instantaneous power during the task execution
for both experiments. The integration to compute the total effort yields a reduction
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(a) D1

(b) D2

(c) D3

(d) D4

Figure 5.7 The real-world assembly of the best robots performing the “peg-in-hole“
task
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in the cost obtained with the original constraint ϵtot = 55909 to a cost of ϵtot = 44775
with the relaxed orientation constraint. It’s clear that this can be exploited for tasks
that allow loose tolerances on the orientation; or, without relaxing the constraint, with
robots that have a null-space associated with the task.

Chapter 6
Application: Minimum effort
optimization for a peg-in-hole and
contour-following tasks
In this application, we’ll optimize the robot design to perform two tasks in series: a
peg-in-hole and a contour-following task. Differently from the application in Chapter 5
here the end-effector constraints are not expressed in the world frame W but only on
the constraint frame C. This means that the part to operate on can be picked up by
one robot and manipulated by another, in a position not fixed in the environment,
making this a cooperative task. We will then evaluate the discrete space of feasible
robot designs considering also multiple kinematic chains to derive the optimal robot
configuration, minimizing the effort during task execution.
The task definition in Section 4.1 allows us to consider at the same time morphologies
composed by one or two kinematic chains. The idea is to leverage on the relative
Jacobian [Lewis and Maciejewski, 1990; Owen et al., 2005] to distribute these minimum
required DOFs across multiple kinematic chains of an optimized reconfigurable robot
to further reduce the energy demand. These results have been presented in [Romiti
et al., 2021, ICRA].

6.1

Cost criterion

Like in the application in Chapter 5 also in this case the task do not require the robot
to execute highly dynamic motions. As in Section 5.1 we consider an approximation of
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Figure 6.1 Two robot configurations for the peg-in-hole (left) and contour-following
task (right).
the task on a finite number of work points to compute the cost of each design using
(5.1).

6.2

The hybrid optimization problem

In this optimization process, a kinematic simulation is performed, where a velocitybased IK as the one defined in (3.3) is used to generate the trajectory and check
the feasibility of the defined task with respect to the constraints. To exploit the
potential redundancy of the robot with respect to the task a lower priority level
minimizing the effort is added to the QP with the goal to keep the robot posture in an
energetically-efficient configuration while solving the higher priority IK problem.
The candidate robot must reach a finite number of task points, which are assumed
to approximate the given trajectory. Constraints considered include a reachability
constraint and a manipulability constraint. The reachability is checked by imposing
thresholds on the errors of position and orientation on the waypoints of the trajectory.
Lower bounds are set for the manipulability w and for the force-transmission ratio α
along the task tangential direction. Relaxation of the orientation constraint so to allow
solutions for 5 DOFs robots has been used also in this case.
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The full optimization problem can be formulated in a very similar way to (5.2) as:
min

M,H b ,qi ,q̇i

s.t.

ϵtot =

Nt
X
j=1

C

Np,j

γj

X

∆ti (τ T (qi )τ (qi ))

i=1
C

H ee (M, H b , qi ) = H̄ iee (Tj )

α(M, qi ) > ᾱth (Tj )
w(M, qi ) > w̄th (Tj )

(6.1)

qlb ≤ qi ≤ qub
q̇lb ≤ q̇i ≤ q̇ub
d(qi ) > 0, e(qi ) > 0
M ∈ Mf easible
H b ∈ H f easible .

∀i = 1, ..., Np,j
∀j = 1, ..., Nt

The only differences with (5.2) are:
• the addition of a constraint on the manipulability measure w
• the addition of joint velocity limits
• the fact that also q̇i is an optimized variable here, due to the fact that we use a
velocity-based IK to find the motion between the given poses discretizing task Tj .
Note that we explicitly specified that the desired pose of the end-effector is expressed
in frame C. Since the constraints are specified in the constraint frame C, the task can
be considered cooperative and dual-arm configurations evaluated.

6.3

Joint space optimization

The joint space optimization step will be very similar to the one formulated in (5.3).
It can be formulated as Np,j optimization problems where each of them will generate
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C

C

i−1
the full motion plan in terms of qi and q̇i from H̄ ee
to H̄ iee :

min ϵi = ||τs (qi )||2
qi ,q̇i

s.t.

C

C

H ee (M̃, H̃ b , qi ) = H̄ iee (Tj )

α(M̃, qi ) > ᾱth (Tj ),
w(M̃, qi ) > w̄th (Tj )

(6.2)

qlb ≤ qi ≤ qub
q̇lb ≤ q̇i ≤ q̇ub
d(qi ) > 0, e(qi ) > 0
In this case the IK solver will be implemented using CartesI/O API [Laurenzi et al.,
2019], where a stack of tasks (see Section 3.2) of this kind can be set:
• a velocity based IK task at the higher priority level QP as in (3.3)
• a minimum effort joint-space task at the lower level QP with cost function ||τ ||2 .
During the task execution, the predicted gravity compensation torques are computed
and recorded along with the end-effector poses. In this step also the performance index
is computed as in (5.1).

6.4

Design space optimization

For this application, a full search of the design space has been performed instead of
exploiting GA. The optimization problem to solve is the same as in (5.4) from Chapter 5,
with different constraints and with the difference that also dual-arm arrangements are
considered.
In order to deal with the large number of candidate designs, we will set more
restrictive constraints than in Chapter 5 to limit the number of possibilities. In
particular, as the objective of the optimization is to minimize joint effort and effectively
energy consumption, we target robot structures having exactly the minimal overall
number of DOFs to satisfy the task specifications. On the contrary, when using GAs
there was no upper limit on the number of DOFs, which allowed the algorithm to
search the design-space also for redundant configurations.
In this application we consider a peg-in-hole task, which requires five DOF. Only
arrangements of robots with a total number of five joints are considered. We consider
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also a surface-following task as a second task for the same robot, which anyway can be
executed also with less than five DOFs. This leads to a multi-objective optimization
problem. We follow a hierarchical approach. The module configuration is first optimized
for the task requiring the maximum number of DOF. Solutions for the other task with
lower DOF must then reside in the solution set obtained for the first task. This reduces
optimization run time.
The design-space optimization step can still be formulated as in (5.4), where Nt = 2.
The peg-in-hole task will be evaluated first and if no solution is found the evaluation
of the contour-following task can be skipped and the cost invalidated.
To avoid implausible combinations, a set of connection rules between modules are
applied:
• to prevent from connecting subsequent Joint modules with collinear rotational
axes,
• to account for possible limitations on the number of available modules of each
type,
• to avoid subsequent Link modules.
These constraints can be handled in the design step to quickly discard unallowed
combinations. They allow to keep the number of designs to evaluate to a reasonable
value, so that the full search approach can still be used.
To represent a robot design we use the same integer-based encoding as in Chapter 5
although we don’t make use of GA. A string of r integers represents univocally a
r-modules robot morphology M, where n ≤ r is the number of Joint modules (and
therefore DOFs). We partition this integer string into two sub-strings to also represent
different designs of multi-chain robots with r total modules. Splitting the string at
multiple positions i, with 0 < i < r, we generate two sub-strings, corresponding to two
robot kinematic chains. For example a string composed by r = 3 integers “d1 d2 d3 ”
can be split into two sub-strings either by “cutting" at i = 1 resulting in the substrings
“d1 ” , “d2 d3 ” or at i = 2 resulting in the substrings “d1 d2 ” , “d3 ”. For each combination
of r modules, there are therefore r associated morphologies, depending on how the
modules are distributed in the two chains.
The position and orientation of the second robot base b2 with respect to the first
b1 , determined by transform H b is the other variable to be optimized. The dimension
of the space to search is dependent on the size of the work-cell intended for the robot.
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Figure 6.2 Effort, manipulability and force transmission ratio on the first task optimization (peg-in-hole).
Techniques such as octree encoding [Noborio et al., 1988] could be used to efficiently
represent larger 3D work-cells. Here we consider the same work-cell as described in
Section 5.5 and therefore the transformation can be encoded as well in an integer-string
of 3 integers in general. Since in this application, we presume the origin of the two
frames to be in coinciding x − y planes, having only discrete orientation offset along
the z axis ψ, 3 integers are enough to encode H b . This means the base transform can
be encoded in the 3-integer string H b = “dψ dx dy d1 d2 . . . dr ”.

6.5

Optimization results

In this section, we evaluate the best robot assembly configuration to perform a peg-inhole task and a contour-following task. Since the former task requires a higher number
of DOFs, we first evaluate a set of candidates satisfying the constraints of this task.
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Figure 6.3 Torques and manipulability of the resulting solutions after the 2nd task
optimization (contour-following). The best robot design minimizing the effort index is
also shown in the picture.
Pose errors are evaluated with respect to two goal poses (pj = 2) defining the task:
C
H̄ 1e1 and H̄ 2e1 . These two relative poses between the end-effector frame and the
constraint frame correspond to a pre-insertion pose where the peg is centered with the
hole at a distance of 0.05 m from it and a final pose where the two frames are still
aligned and the peg is inserted for the whole length: 0.05 m. The threshold on the
error between the relative and actual poses is of 0.001 m for position and of 0.005 rad
for orientation. The lower limits on the manipulability measure w and the forcetransmission-ratio α are set to 0.02 and 1.0. The trajectories of the two manipulators
are generated by using the relative Jacobian e1 JC and solving a velocity-based inverse
kinematics problem using CartesI/O [Laurenzi et al., 2019].
The effort index for this task can be computed evaluating (5.1) in the two poses.
Figure 6.2 shows the result of this first step of the optimization, where the effort index,
the manipulability measure, and the force-transmission ratio are plotted for every robot
configuration satisfying the reachability constraint.
A total of 62 configurations satisfy the task constraints. It shows there are a
number of configurations that despite presenting a low effort index, exhibit a very low
C
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manipulability index w and are therefore discarded. The number of candidates after
the first step is then 43.
The second step optimization runs on the remaining candidates, to evaluate the
execution of a contour-following task. Pose errors are evaluated with respect to five
waypoints (pj = 5) discretizing the end-effector trajectory in the constraint frame. This
task simulates a glueing operation where the robot end-effector follows the contour of
a surface at a small distance.
The poses are defined on the edges of a square with a side length of 0.011 m while
keeping a distance of 0.01 m from the constraint frame. The same procedure as the first
task is used to simulate the second; , in the inverse kinematics, the relative position of
the end-effectors has priority over the orientation since the relative orientation is not
important in this task.
The manipulability is then computed by only considering the reduced translational
Jacobian. Being a contactless task, the force-transmission-ratio constraint is omitted.
The effort index is computed as before using the static torques at the five waypoints of
the trajectory and the overall effort of the two tasks is evaluated.
The combined effort index of the two tasks is displayed in Figure 6.3, together with
the manipulability measure. The minimum-effort solution results to the dual-arm with
3+2 DOF (M3 = “2, 1, 1” , “2, 1”) and the coordinates of b2 (0.4, 0.4) with an offset
angle of 0° with respect to b1 .
Performance-wise the approach followed for this application is substantially slower
than the one used in Chapter 5. This approach required 24-48 hours to complete,
compared to the 2-3 hours of the previous one. The results were obtained on the
same 3.4 GHz AMD Ryzen 7 1700x 8-core processor used also for the simulations in
Section 5.5, concurrently evaluating up to 16 robot designs. Although this approach is
computationally heavier than the one in Chapter 5, a full search like this can still be
used when long computation times are acceptable and want to avoid issues given by
the random nature of the GAs.

6.6

Experiments

For the experiments, the optimal robot for the two tasks is built (Figure 6.1, left) and
its performance is compared to that of a single chain 5-DOF robot (Figure 6.1, right).
Thanks to the prototype’s reconfigurability feature detailed in Chapter 2, switching
between the two robot configurations is a matter of only minutes.
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We chose to compare the winner design D3 with D1 , one of the best designs for the
5-DOF robots in terms of torque and manipulability, as presented in Figure 6.2. The
robot is controlled using a Cartesian impedance controller, where the relative poses
obtained from the simulation are sent as reference and played back. To operate the
robot we make use of XbotCore [Muratore et al., 2020] as software framework and of
CartesI/O as control interface [Laurenzi et al., 2019].
For the peg-in-hole task, a very simple strategy was chosen where the arm holding
the peg approaches the hole from the direction normal to the hole. The inevitable
inaccuracy in the positioning of the peg with respect to the hole is compensated by the
compliant control strategy, with an appropriate choice of the gains as suggested by [Park
et al., 2013]. To perform peg-in-hole tasks for smaller clearances more sophisticated
strategies need to be considered, such as the ones that exploit reinforcement learning
[Yun, 2008] or those where the contact state is analyzed [Park et al., 2017], [Polverini
et al., 2016].
In this experiment a peg of diameter 0,024 m and length 0,05 m is inserted in a hole
of diameter 0,025 m. The same experiment is repeated with a 5-DOF robot and the
3+2 robot selected as the best design by the optimization. Note that if the relative
poses between the constraint frame and the end-effector frame are considered, the
reference trajectory for the peg-in-hole task is the same for the two robots.
Figure 6.4 shows the reference and actual values of the relative poses, the points
where the peg enters in contact with the hole, and the points where the insertion starts
and the peg moves. We can see that both robots can equally perform the desired task.
To analyze the effort index associated with the task, Fig. 6.6 and Fig. 6.8 illustrate
the time evolution of the torques τ during the execution of the task, which evidence
significantly lower torques of the dual arm robot.
For the contour-following task the concept is the same and Figure 6.5 shows the
results of the experiment. Fig. 6.7 and 6.9 show the time evolution of the torques during
the execution of the task. It is evident the dual-arm system completes the task using
much lower torques.
To better estimate the energy spent over the task execution, considering E =
R tt
V 0 idt, the motor currents are approximated based on τ = ηKT ri, where the
corresponding parameters for our actuators are: η ≃ 0.7, KT = 0.078 Nm/A, r = 160
and V = 48 V. From the integral of the norm of the torque over time, an estimate of the
energy consumption for the different robots can be computed, and the corresponding
results are reported in Tab. 6.1. The effort and energy consumption of the dual-arm
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Figure 6.4 3D trajectories of the peg with respect to the hole for the 5DOF and
3+2DOF cases. Final error in position is reported for both cases.
Table 6.1 Values of estimated energy consumption for each robot and task considered.
R ttot

5-DOF peg-in-hole
(3+2)-DOF peg-in-hole
5-DOF contour-following
(3+2)-DOF contour-following

τ dt
0
1.7607e+05
1.8582e+04
1.3083e+06
1.3100e+05
[N m · s]

E
9.67417e+02
1.02098e+02
7.188461e+03
7.19780e+02
[kJ]

system is over nine times smaller/better than that of the single-arm system when
executing the same task.
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Figure 6.5 The trajectories for the contour-following task with respect to the constraint
frame for the 5-DOF and (3+2)-DOF cases.

Figure 6.6 Torques of the 5-DOF robot for the peg-in-hole tasks.
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Figure 6.7 Torques of the 5-DOF robot for the surface-following task.

Figure 6.8 Torques of the (3+2)-DOF robot for the peg-in-hole tasks. Superscript A
and B indicate the 3-DOF and the 2-DOF chains.
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Figure 6.9 Torques of the (3+2)-DOF robot for the contour-following tasks. Superscript
A and B indicate the 3-DOF and the 2-DOF chains.

Chapter 7
Application: Cycle Time
Optimization for a pick-and-place
tasks
We’ll now apply the design optimization framework to minimize the cycle time of a pickand-place task. We’ll consider as input to the optimizer a given trajectory describing
the pick-and-place operation in the global frame, making this a non-cooperative task.
We’ll then select from the pool of possible designs the one which is able to complete
the trajectory in less time while considering a safety-related limit on the maximum
Cartesian velocity. We consider this to be a collaborative application with a human
involved and therefore followed the guidelines provided in the technical specification
on collaborative robots, ISO/TS 15066:2016 [2016], so to render the potential physical
contact situation harmless. In this case, differently from the two previous applications,
we consider the robot base position can take any continuous value and it’s not limited
to some discrete value. For this reason, we tackle the base positioning problem directly
at the lower level stage.

7.1

Cost criterion

For this application we choose as objective to minimize the total time to complete the
task, so that the cost function used will be as the one in (4.3).

7.2 The hybrid optimization problem
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The hybrid optimization problem

In this case, we’ll not discretize the trajectory into a series of waypoints and interpolate
between them as we did in the two previous applications. Instead, we treat the problem
as an optimal control problem where the whole system dynamics are taken into account
and the whole motion plan and the torques to control the robot are optimized.
S, in this case, the full optimization problem can be written as:
min

M, H b , q, q̇, τ , ttot

s.t.

ttot =

Z ttot
0

1 dt

H ee (M, H b , q(t)) = H̄ ee (t)
q̈ = ABA(M, q, q̇, τ )
||ẋ(t)|| < v̄th

(7.1)

qlb ≤ q(t) ≤ qub , q̇lb ≤ q̇(t)) ≤ q̇ub
τlb ≤ τ (t) ≤ τub
M ∈ Mf easible , H b ∈ H f easible ,
where:
• q̈ = ABA(M, q, q̇, τ ) is a constraint representing the robot dynamics
• ||ẋ(t)|| is the norm of the Cartesian velocity of the robot end-effector ẋ(t) =
J (q(t))q̇(t) and v̄th the velocity limit imposed for safety reason according to
ISO/TS 15066,
• τ (t) are the control inputs which get optimized together with the motion plan
(q(t), q̇(t)). All q(t), q̇(t), τ (t) are subject to lower and upper bounds dictated
by the actuators.

7.3

Joint space optimization

To solve the optimal control problem in (7.1) in its continuos variables q(t), q̇(t), τ (t)
we treat it as a nonlinear programming problem (NLP) and use direct multiple shooting
method [Diehl et al., 2006; Verscheure et al., 2008]. A similar approach for solving the
problem of optimal robot synthesis has been proposed in [Icer and Althoff, 2016].
The possibly varying time-horizon of the control problem is discretized on Ns
shooting intervals. The time interval [0, ttot ] is sampled by Ns + 1 shooting nodes, is
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defined at time ti so that 0 = t0 < · · · < ti < · · · < tNs = ttot for i = 0, . . . , Ns . The
controls are discretized so to be piecewise constant on the shooting interval [ti , ti+1 ]
and depend only on the value of the parameters at node i.
In our case the state vector is s(t) = (q(t), q̇(t)) and the control input u(t) = τ (t).
The system dynamics in state-space form ṡ(t) = f (s(t), u(t)), will therefore be:






q̇(t)  
q̇(t)

ṡ(t) = 
q̈(t),
ABA(q(t), q̇(t), τ (t)),

(7.2)

where ABA is the Articulated Body Algorithm (see Section 2.2.4).
The system dynamics are discretized so that continuity conditions in each shooting
node are considered as equalities and state constraints on each shooting interval
as inequalities. The ordinary differential equation (ODE) representing the system
dynamics is solved for each interval starting from an initial value which becomes a
parameter of the problem and on which equality constraints can be set. At the same
time, the integral representing the cost is numerically computed.
By choosing the initial value of the states we can set constraints on the end-effector
position and orientation for the nodes we are interested in q(ti ) : H ee (q(ti )) = H̄ ee (ti ).
On a subset of shooting nodes, we can then set constraints like these to specify the
waypoints of the end-effector trajectory for the pick-and-place task. On the waypoints
where the end-effector should stop (to pick or place the item) we can put a zero velocity
constraint: q̇(ti ) = 0. A constraint of the same type as in the previous applications
can be used for the orientation since we consider a pick and place of axial-symmetric
parts, so that perpendicularity of the end-effector to the plane is enough.
In this application we consider the base of the robot to not be limited to some
discrete positions of the work cell, but instead that its coordinates can take any
continuous value, inside the boundaries of a plane. Because of this, the base location
optimization can be addressed at this step. To deal with this, one approach is to enlarge
the robot model identified by ϕ(M) with a planar joint between the robot base link
and the world link. This virtual joint will be considered as integral part of the model
which will have then 3 + n DOFs. The model will be augmented with qb = [xb yb ψb ]T
coordinates of the planar joint, from which the base link transformation H b (qb ) can
be retrieved. We can then set the dynamics of these states in the control problem so
to have zero velocities q̇b (ti ) = 0 and acceleration q̈b (ti ) = 0, preventing them from
moving during the trajectory. The initial state q b,0 = [xb,0 yb,0 ψb,0 ]T can be considered
as an additional optimization variable. We can impose the state q b to be equal to q b,0
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with an equality constraint at time t0 . These states will then keep this value for all the
time horizon.
The optimization problem can be written as:
min

q b,0 , q(·), q̇(·), τ (·), ttot

ttot =

NX
s −1 Z ti+1
i=0

ti

1 dt

s.t. qb (t0 ) = qb,0
q̇b (ti ) = 0, q̈b (ti ) = 0
H ee (M̃, q b (ti ), q(ti )) = H̄ ee (ti )

(7.3)

q̈(ti ) = ABA(M̃, q(ti ), q̇(ti ), τ (ti ))
||ẋ(ti )|| < v̄th

∀i = 0, ..., Ns

qlb ≤ q(ti ) ≤ qub , q̇lb ≤ q̇(ti )) ≤ q̇ub
τlb ≤ τ (ti ) ≤ τub ,
The constraints were written in a form in which they could be of easy interpretation.
The actual implementation, on the other side, will be different, to be compliant with
the multiple shooting formulation [Diehl et al., 2006]. Some node-specific constraints
have also been omitted.

7.3.1

Implementation

The optimization algorithm has been implemented using Horizon [Horizon, nd], a library
for optimal control with a special focus on robotics systems. It relies on direct methods
to reduce the optimal control problem to a NLP, which can be solved with methods
such as multiple shooting or direct collocation. Under the hood, Horizon makes use
of CasADi [Andersson et al., 2019] a tool for nonlinear optimization and algorithmic
differentiation. By making use of symbolic expressions to represent variables, one
can define automatically differentiable functions, making CasADi a powerful tool to
easily and efficiently handle derivatives in the constraints of (7.3). As underlying NLP
solver, we used IPOPT [Wächter and Biegler, 2006], since its primal-dual interior point
method is particularly suited for solving large-scale NLPs such as this one.

7.3.2

Safe velocity constraint

According to ISO/TS 15066:2016 [2016] if a potential hazard of a transient contact
between end-effector and human body part is possible, the energy transfer between the
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two bodies should be limited. This entails that the robot velocity while moving in the
workspace should be limited to a value that would keep potential pressure and force
values below the threshold limits.
By modeling the collision between the two bodies as a fully inelastic contact, the
2
relative kinetic energy of the two-body model 12 µvrel
should be kept lower than the
spring energy Ēth of the body region where the contact occurs. µ = ( m1H + m1R )−1 is
the reduced mass of the two-body system, composed by effective mass of the human
body mH and the robot mR . The effective mass of the robot can be computed using
the formula given by the technical specification:
M
,
2

mR =

(7.4)

where M is the total mass of the moving parts of the robot. This formula to compute
the effective robot mass is clearly a strong approximation and more accurate ways
have been proposed [Kirschner et al., 2021] using the effective mass perceived at the
operational point [Khatib, 1995].
We can then find a value for the Cartesian velocity limit for the end-effector, so
that is safe according to the standard, using the formula:
v̄th =

v
u
u
t

2

Ēth
µ

(7.5)

Values of the energy thresholds, effective masses, etc. can be found in the tables of
annex A of ISO/TS 15066:2016 [2016]. The norm of the Cartesian velocity of the end
effector can then be constrained in the optimization problem to stay below this limit:
||ẋ(t)|| < v̄th .

7.4

Design space optimization

Since the robot base placement was optimized already in the lower-level, the higher-level
optimization problem reduce to:
min ttot
M

s.t. M ∈ Mf easible .

(7.6)
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Figure 7.1 Pick-and-place task trajectory in the x-z plane.
Only the robot morphology should be optimized in this step, which makes the
design space much smaller than in Chapter 5. Moreover, the task considered is a
non-cooperative task, so only robots composed of a single kinematic chain will be
considered. Also in this case we exclude from the set of robot feasible designs: (a) those
containing subsequent Joint modules with collinear rotational axes, (b) those exceeding
the maximum number of available modules of each type, (c) those designs containing
subsequent Link modules. For these reasons, we are able to keep the dimension of the
search space manageable, and also in this case, we can use a full-search of the design
space to find the best design.

7.5

Optimization results

We consider a pick-and-place task with a desired Cartesian trajectory as the one in
Figure 7.1. The motion sequence for the whole task is 1 → 2 → 3 → 4 → 3 → 2 →
1, where 1 is the waypoint where the “pick” is done and 4 is the waypoint for the
“place”. We’ll add one waypoint at the beginning of the time horizon to act as “homing
waypoint”. Each robot will start from a homing configuration with all joint angle values
equal to zero and we must find a motion between the pose at the homing configuration
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and waypoint 1. Since this motion is performed only at the beginning, will not be
considered in the cycle time computation.
We divide the time horizon into 70 intervals, so that for each motion between
waypoints there are a total of 10 intervals on which the controls stay constant, as in
the multiple shooting formulation (see Section 7.3). We have a total of 7 waypoints
to pass through, so to find the optimal motion at the joint optimization level, we can
write constraints on 7 nodes of the time horizon. The first waypoint constraints will
be expressed on the node at time t10 , for the second on the node at time t20 , and so
on. On each of these nodes associated to a waypoint we’ll have the constraint that the
end-effector pose coincides with the one required by the task, and to have zero-velocity
constraint. The coordinates of waypoint 1 are [1.2 0.2 0.0] and for the other waypoints
a translation of the distances indicated in Fig. 7.1 can be applied. The orientation of
the end-effector is required to stay perpendicular to the plane x-y on all waypoints.
As mentioned in Section 7.3 also the position of the base is optimized and qb,0 =
[xb,0 yb,0 ψb,0 ]T is a variable of the problem. We set bounds on xb,0 and yb,0 of [0.0, 1.2],
on ψb,0 of [0.0, 3.14). Bounds are also set on the joint variables, dependent on the
module and actuator used:
• bounds on the joint angles q of [−2.0, 2.0]rad, in case Joint elbow modules and
of [−2.8, 2.8]rad, in case of Joint straight modules,
• bounds on the joint velocities q̇ of [−3.9, 3.9]rad s−1 ,
• bounds on the joint torques τ of [−147, 147]N m.
For what regards the limit on the Cartesian velocity we consider this pick-and-place
task to take place in an environment shared with a human. We consider having the
risk of collision between the robot end-effector and the human chest. From ISO/TS
15066:2016 [2016], we get that the effective mass of the chest body part is listed as
40 kg, and the limit on the energy transfer for a collision of this type to be safe is of
1.6 J. Using (7.5) we can compute a limit on the Cartesian velocity of the end-effector
of v̄th which will depend on the effective mass of the evaluated robot mR .
Since the task in question requires at least 5 DOFs to be completed (because of the
perpendicularity constraint between the plane and the end-effector), we consider robot
designs with at least 5 DOFs. We also consider to have only 3 elbow Joint modules and
3 straight Joint modules, restricting the search to morphologies that can be realized
by a combination of these available modules. In conclusion, we restrict the search to
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robots with 5 and 6 DOFs, with max 3 elbow and 3 straight Joint modules, and avoid
connecting Link modules after another Link module.
These constraints greatly restrict the search space and make the full-search approach
applicable. In this case, the joint-space optimization step requires much more time
than in the previous application. On the other side, it solves a more complex problem,
since also the position of the base is optimized in this step and the whole motion plan
and control inputs are found.
Solving the optimal control problem of (7.3) by making use of Horizon, CasADi, and
IPOPT might require a very variable amount of time depending. For morphologies that
can complete the task while enforcing the constraints, a solution of the problem can be
found on average in 20 seconds, for those who fail the solver might take some minutes
to reach the max number of iterations allowed and deem the problem unfeasible. With
the constraints used in this application, the whole optimization runs for 24 to 36 hours,
while exploiting the same processor as in the two previous applications and parallel
computing on 16 threads.
The design able to complete the task in less time while respecting the constraints
is the 5 DOF robot shown in Fig. 7.2. The morphology can be encoded as M1 =
“2 1 1 2 1′′ . The optimal value of the base coordinates from which we can get H 1b (qb,0 )
are qb,0 = [0.799 0.733 0.0]T , resulting in the pose of the robot base as shown in Fig.
7.2. The value of the orientation angle ψb,0 is zero because of the presence of a Joint
module with the same axis of rotation as the first module in the chain, making ψb,0
redundant.
In Fig. 7.3 we can see the values taken by q(t), q̇(t) and τ (t) during the time
horizon. We can see the bounds are respected for all variables. In particular for the
velocity, where on the nodes corresponding to the waypoints 1 and 3 the bounds go to
zero to impose the zero-velocity constraint.
In Fig. 7.4 the resulting end-effector trajectory is plotted in the Cartesian space.
Frame {b} is also shown in the figure to indicate the pose of the robot base H 1b with
respect to the global frame {W }.
Design D1 takes 8.27s to complete the pick-and-place task, less than any other
designs. Other similar designs with 5 DOFs take roughly the same time to complete.
In general adding Link modules seem to not help for this application, since they
just add weight to the system, which makes the threshold on safe maximum Cartesian
velocity decrease. Moreover, by allowing to select any continuous value for the base
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Figure 7.2 Design D1 = (M1 , H 1b ) with the lowest cycle time ttot = 8.27s
coordinates in the allowed range, the advantage provided by them in terms of improving
reachability is lacking.
With respect to 6-DOFs designs, the advantage of the winner and other similar
5-DOFs designs is clear. Having a lower mass the safe maximum velocity limit is higher,
allowing to have a shorter cycle time.
For this purpose, let’s compare design D1 with D2 , the best between the 6-DOFs
robots. The robot is shown in Fig. 7.5, and its morphology can be encoded as
M2 = “2 1 2 1 2 1′′ . The optimal value of the base coordinates from which we can get
H 2b (qb,0 ) are qb,0 = [0.791 0.962 0.0]T , resulting in the pose of the robot base as shown
in Fig. 7.2.
Design D2 takes 8.83s to complete the pick-and-place task, the reason being the
lower Cartesian velocity limit. In fact, robot D2 has an effective mass mR = 8.383 kg
(computed using (7.4)), compared to the effective mass of robot D1 : mR = 7.045 kg.
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These mass values result in velocity threshold of v̄th = 0.73 m s−1 for design D1 and of
v̄th = 0.67 m s−1 for design D2 .
The result of this different limit on the velocity can be seen in Fig. 7.6. During
the path from waypoint 2 to 3 and back, the velocity of the robot is saturated by the
safety limit, making the lighter robot D1 , capable of achieving a higher speed.
The difference between the best 5-DOF robot and the best 6-DOF robot in terms of
cycle time is of 0.56 s. On an 8-hour shift, this would result in 220 more units processed
per day. In conclusion, the possibility to build an ad-hoc 5-DOF robot, in contrast
to using conventional industrial 6-DOF or 7-DOF robots, can provide the means to
develop a collaborative application where the robot can go faster. This shows how in
general, a modular robot that can adapt to the task requirements, can provide a boost
in productivity.
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Figure 7.3 Joint positions, velocities, and torques for the winner design D1 . Bounds
for q(t) are drawn with dashed lines for Elbow Joint modules and with dotted lines for
Straight Joint modules. Bounds for q̇(t) are drawn with dotted lines.
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Figure 7.4 3D plot of the trajectory in Cartesian space. The reference frames {W }
and {b} are also shown in the picture.
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Figure 7.5 Design D2 = (M2 , H 2b ) with cycle time ttot = 8.83s
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Figure 7.6 The norm of the Cartesian velocity for design D1 (left) and D2 (right). The
dashed line represents the value of the safe velocity threshold, which is higher for D1
than for D2 since it is a lighter robot. Only nodes 10 to 70 are shown, which is where
the constraint is enforced.

Chapter 8
Conclusions
In Part I we presented a novel method for automatic model generation and a complete
hard- and software architecture for MRRs. The hardware architecture comprises a
set of modules with modular electro-mechanical communication, power, and mounting
interfaces along with a fully reconfigurable software stack. The software stack comprises
the lowest module firmware level, a hard real-time middleware for centralized control
and safety-critical algorithms as well as a higher non-real-time application level.
Physical connections between modules establish a communication link, which makes
the robot become a distributed network over the fieldbus of choice. In this thesis, we
focused on EtherCAT-based robots and showed how to use the implicit information
retrieved from the network to reconstruct the robot topology. From the robot topology,
we can unequivocally reconstruct the robot kinematic and dynamic model and store
it as a URDF without any information loss, so that it can be shared with external
software libraries for dynamic computations, control, or collision avoidance.
Using the proposed method, we demonstrate and exemplify how a robot can be
built, programmed for a task, commanded to execute it, reconfigured for a larger
workspace, and commanded again to execute the task in minimal time within 13
minutes approximately. The time to physically assemble and to program the robot for
the desired tasks are on equally short time scales. This paves the way to exploit the
versatility of reconfigurable modular robots to: (i) cope with frequent product variation,
(ii) minimize maintenance downtimes and (iii) build new robot designs on-demand.
The proposed approach enables robots not only to assist in the production of mass
customizable products but permits robots to become mass-customizable themselves.
Future research of this work will focus on the development of software assistant
tools to help the user identify the optimal robot configuration for formally defined task
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requirements as well as on the further extension of the presented approach to floatingbase robots for locomotion, mobile manipulation, and combined loco-manipulation
tasks.
In Part II we tackled the problem of task-based design optimization of MRRs,
studying how the morphology of reconfigurable robots and their base placement can be
optimized for a given task to provide enhanced benefits and performance. We propose
to split the problem into two stages:
• a higher-level optimization stage seeking the best robot morphology for the task
in the discrete design-space,
• a lower level stage evaluating the design for the desired objective, while optimizing
joint positions, velocities, and torques in the continuous joint-space.
Moreover, the proposed approach unifies the optimization problem formulation for
single-arm and multi-arm robots. For tasks allowing multiple cooperating robots, we
can therefore find a heterogeneous group of design solutions tailored to the task. We
then apply the proposed scheme to three different applications where we use different
methods to solve the lower and higher stages of the problem.
1. In Chapter 5 we seek the design with minimum-effort execution of a sequence
of peg-in-hole tasks, mimicking an assembly scenario in a confined environment.
The derived optimal and multiple sub-optimal designs are then realized using the
MRR prototype and evaluated in real-world experiments. The costs predicted
simulating an approximation of the task, to speed up evaluation time for each
design, are in good agreement with that obtained from the real experiments. A
sensitivity study of the cost when relaxaing the orientation constraints provides
interesting insights to further task-specific robot optimization potentials.
The cost function approximation in the lower level and the use of GAs as a
method to solve the higher-level optimization problem, make it possible to obtain
a solution in a relatively low amount of time, considering the dimension of the
search space. With this approach a full optimization run takes between one and
three hours, making it usable to optimally re-purpose reconfigurable robot cells
in response to market fluctuations with a forewarning of that timescale. On
the other side using GAs we have no guarantees of finding the global optimal
solution, and due to their stochastic nature, we also might get different results
on subsequent runs.
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2. In Chapter 6 we again search for the minimum-effort candidate, this time for
both a peg-in-hole and contour following tasks. In this case, we consider the
tasks to be cooperative so we evaluate dual-arm configurations as well. We use a
similar simplification of the cost evaluation as in the previous application and
use a brute-force approach to explore the design-space, while applying design
constraints to keep the search space manageable. The exhaustive search of
the design-space requires significantly more time than GAs (24 to 48 hours to
complete), but guarantees to find the global optimum.
With the exemplified tasks we show experimentally how the optimal solution,
a dual-arm configuration, reduces greatly the energy consumption compared to
a traditional single-arm manipulator configuration. This shows another way of
exploiting MRR to generate optimal fit-to-task assemblies even composed of
multiple kinematic chains.
3. In Chapter 7 we optimize the robot design for the minimum cycle time of a
pick-and-place task. We consider a collaborative scenario with a human present
and require the solution to keep a safe velocity according to the ISO standard.
To solve the problem we follow a different approach from the other two applications. We consider a much more complex problem at the lower level stage where
we optimize also the robot control inputs and the position of the base (in its
continuous coordinates). This simplifies the higher-level discrete optimization
stage, where only the robot morphology is left to optimize, while at the same
time making the lower-level computationally heavier. We again use an exhaustive
design-space search for the higher level resulting in a duration of the whole
optimization run of 24-36 hours. This duration is similar to that of the previous
application, while also considering the system dynamics in this case.
The results show how the winner is a 5-DOF robot, which is able to achieve a
lower cycle time than other robot designs. This is due to the safe velocity limit
imposed by the standard, which depends on the weight of the robot and therefore
gives an advantage to smaller, lighter robots. The performance of the winner
5-DOF robot is compared to that of the best robot with 6-DOF. The 5-DOF
robot shows a cycle time 0.56 s shorter than the 6-DOF, therefore allowing to
process more units in a workday. This shows yet another potential benefit of
modular robots for collaborative applications: they can be assembled so to have

116
as few modules as possible and therefore boost productivity while still respecting
the ISO standard.
In conclusion we showed different applications where MRRs can be exploited to
enhance the performances:
• by tailoring the morphology to the specific task,
• by arranging the required DOFs into convenient dual-arm configurations,
• by building lighter robots which can go faster while respecting safety standards
and so improve their throughput.
A direction of future work on this subject is to apply these concepts to practical
industrial processes, exploiting MRR for a higher variety of applications and comparing
their performance to that of commercially available industrial robots.
In the example applications, we employed just a few of the possible methods to
solve the discrete design-space optimization problem. While the approach with GAs
was definitely faster than with brute-force, it does not guarantee optimality and can
have a random behavior if not tuned adequately. On the other side, the brute-force
approach can be applied only in certain cases with a reduced search space and cannot
scale up for an higher variety of modules. In conclusion, the choice of the algorithm
for the higher-level optimization depends much on the considered application and
requirements and is usually a trade-off.
While a universal approach, good for all cases, does not exist, two potential future
works directions could be identified. The first is to find a more deterministic algorithm
than GA to approach the problem, that can potentially guarantee finding the optimal
solution. To improve flexibility, the second direction aims at further reducing the time
required to derive the optimal design solution, making it close to the timescale needed
to assemble and program the reconfigurable robot hardware. For both directions, a
promising approach could be that of exploiting tree-search algorithms such as A* [Ha
et al., 2018], which although being based on heuristics can guarantee optimality under
some conditions. The difficulty of finding a suitable heuristic function for situations
where we lack domain-specific knowledge could be tackled with reinforcement learning
approaches [Zhao et al., 2020].
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