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Abstract—In this work, we aim to improve the performance
of an underactuated anthropomorphic tendon driven robotic
gripper with two fingers by allowing the stiffness of the finger
joints to change as a function of the object shape. An optimization
problem requiring that the gripper apply a constant total contact
force with a minimum actuation force was formulated using a
Genetic Algorithm (GA) approach in order to obtain a set of
designs with geometrical parameters such as position and size of
various elements of the fingers as well as stiffness of the joints.
The optimization process was also repeated for the fixed stiffness
case to compare the two approaches, demonstrating that the
addition of variable stiffness allowed to achieve the same grasp
with less actuation force.

Index Terms—Underactuated gripper, Variable stiffness, Opti-
mization, Genetic Algorithm

I. INTRODUCTION

Robotic grippers have revolutionized various industries by
allowing robots to grasp, hold, and manipulate objects with
different shapes, sizes, and materials [1], [2]. To be able to
grasp this wide range of objects, different types of grippers
have been designed over time, varying actuation methods (vac-
uum, tendon-based, adaptive), the configuration and number
of fingers, and stiffness [3]. Tendon driven grippers are often
preferred due to their intrinsic anthropomorphic characteristics
and improved weight to size ratio. However, with increasing
number of tendons, controlling such grippers becomes more
difficult and more complex [4]. In order to solve this problem,
underactuated robotic grippers were proposed [5]. These
grippers can achieve the same movements with fewer tendons,
in some configurations.

Designing underactuated robotic grippers requires taking
into account the grasp type and the object shape, and proper
modeling and optimization of certain system parameters.
These can be achieved using various optimization approaches
such as Genetic Algorithms (GA) or Reinforcement Learn-
ing (RL) [6], [7]. Zhang et al. [8] have developed a RL
based computational framework that changes the number of
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fingers, the number of links, and the position of the fingers.
Treratanakulwong et al. [9] reduced the friction loss over
tendon path by routing it through 3D pulleys, while Boisclair
et al. [10] reduced the contact losses between the phalanges
by introducing rolling contact joints instead of the traditional
revolute joints. Yoon et al. [11] proposed a design controlled
by two tendons where the finger can elongate to increase the
task space.

Underactuated grippers allow achieving different grasps,
such as pinching and enveloping, using the same gripper
design. Hussain et al. [12] demonstrated that by setting specific
stiffness values on the joints, pre-formed shapes could be
achieved with the fingers using a single tendon. Yang et
al. [13] showed that different grasping configurations could
be achieved by optimizing the torsion spring parameters of
the joints using a co-optimization approach that takes into
account grasping skills and structural parameters. On the other
hand, Zhang et al. [14] showed that grasp shape could be
modified using two tendons with different winding paths, with
the tendons aiming to change the resulting moment of the end
knuckle’s revolute joint.

Another approach is to allow dynamic changes in the
intrinsic parameters of the gripper in order to make it adapt
to the object. Mizushima et al. [15] developed a gripper
based on jamming transition that allows the gripper to adapt
its rubber skin to the shape of the object. Additionally, the
grasping posture can be fixed by applying vacuum so that
the object can be grasped more firmly and stably. Wang et
al. [16] demonstrated that by using a finger structure where
the segments could change their own structural stiffness to
allow variable bending length in order to conform objects with
different sizes, the performance was improved compared with
fixed length grippers. On the other hand, different grasping
shapes can be achieved by changing the stiffness of the finger
joints, as shown by Yang et al. [17].

In order to design a gripper that satisfies multiple require-
ments, several parameters have to be taken into account at
the same time. Ciocarlie et al. [18], aiming to grasp a diverse
set of objects, proposed a design that optimizes the length of
the links, the entry and exit points of the tendons through the
phalanges, and the stiffness and radius of the joints, using a
data-driven approach. Dong et al. [19] optimized the geometric
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parameters of two fingers, each with three phalanges. The
parameters were the phalange lengths and widths, the radii of
the joints, the palm width, and the positions of the six pulleys
used to modify the tendon route.

Surveying optimization studies on underactuated robotic
hand design, we notice two different approaches that are
mostly used by the research community. In the first ap-
proach, the physical design is analytically described using
equations [6], whereas in the second, simulation is used [20].
Our literature survey had revealed that no work had been
proposed that use a data-driven approach to optimize the
position of the joints relative to the phalanges and the starting
angle of the fingers, in addition to other design variables.
Hence, we recently studied the optimization of both geometric
and mechanical design parameters of an underactuated robotic
gripper with two fingers, taking into account these missing
variables [21]. In the optimization process, we optimized 21
variables of the chosen design, which are length, width and
distances between the successive phalanges; the location, size
and stiffness of each joint rotation point; the distance between
the joints and tendons; and finally, the starting angle of the
fingers. However, in [21] we assumed a fixed stiffness for all
objects. In this work, we relax this requirement and propose
varying the fitness based on the object that the robotic hand is
going to grasp, hence increasing the number of optimization
variables to include stiffness for different grasps. Due to the
high number of variables in the optimization, we use a GA
based approach that optimizes the contact forces using data
obtained from grasp simulations.

The rest of the paper is organized as follows. In the next
section, we first present the gripper model used in the design
optimization, and then present the specifications of the Genetic
Algorithm. In section III, we present the experimental results,
concluding the paper in section IV.

II. METHODS

The goal in this work is to improve the performance of
our previous robotic gripper [21] while maintaining the same
model. The gripper consisted of two underactuated fingers with
anthropomorphic characteristics. It was made of phalanges that
were connected by joints and actuated by tendons. In previ-
ous work we demonstrated that by optimizing the geometric
dimensions and the stiffness of the joints, which stay the same
for different grasping strategies, the gripper could perform
stable flat pinching and enveloping grasps while maximizing
the contact forces.

In order to improve the performance while keeping the same
model, the parameters should be allowed to change between
the different grasps. Since geometrical changes in real-time
would be difficult, the stiffness of the joints remains as the
only real-time variable. The stiffness, S, used in the paper is
defined by the following equation:

S =
τ

θ
, (1)

where τ correspond to the torque applied on the joints and θ to
the angle of rotation of the joints. Changing the stiffness allows
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Fig. 1: A schematic of the optimized hand with respective
design parameters. The green line represents the tendons and
the red boxes represent the phalanges. The magenta circles
with the black dots represent the joints.

us to change the torque needed to rotate to a specific angle.
In real case scenarios, the way stiffness is tuned will depend
on the technology used to implement stiffness, with some
example technologies being Shape Memory Alloy (SMA)
wires, springs, motors, etc.

Below, we present the method used to improve the perfor-
mance of the gripper by allowing the stiffness of the joints to
change between different grasps.

A. Gripper model

Considering our requirement, we maintained our previous
geometric model of the gripper as presented in Fig. 1, in which
it can be seen that the design has two symmetrical fingers
with three phalanges each, driven by tendons. The geometries
around each rotational joint are locally symmetric to simplify
the model, reducing the number of design parameters to a
total of 21, which are described next. The lengths are given
by Li (i ∈ {0, ..., 6}) where L2, L4 and L6 denote the half
phalange lengths, L0 denotes the half-length of the palm, and
L1, L3, L5 denote the distance between the phalanges and
the points of rotation of the joints. R1, R2, R3, H1, H2, H3,
S1, S2 and S3 denote the radii, the heights relative to the
center of the phalanges, and the stiffnesses of the three joints
respectively. θ denotes the starting angle of the first phalange
relative to the palm. K1, K2 and K3 denote the distances of
the virtual pulleys, which guide the tendons in and out of the
phalanges, to the centerline. Finally, W represents the width
of the phalanges. The tendon route will always be a straight
line between the virtual pulleys (i.e. ends of the phalanges)
except when the line passes around the circle of the joints, in
which case the tendon will wrap around it. In order to allow
changes of the stiffness between grasps, the stiffness variable,
Si, was changed to SEi for the enveloping grasp and SPi for
the pinching grasp, increasing the number of variables to a
total of 24.

Let x⃗ = (L[0..6], R[1..3], H[1..3], SE[1..3], SP [1..3],K[1..3], θ)
be the variable vector with respect to which the optimization
will be done. Let Fs (s ∈ {0, L1, L2, L3}) stand for the normal
force of the respective surface s. Let F⃗ = (F0, FL1

, FL2
, FL3

)
be the force vector (variable) containing all the contact forces
and FA be the actuation force in both tendons. Let σ( . ) denote
the standard deviation functions of their arguments. Similarly,



let F⃗ ( . ) be the value of the force vector when grasping its
argument. Let LF be the length of the finger, measured from
the tip of the finger to the joint connecting it to the palm.
Hence

LF = L1 + 2L2 + 2L3 + 2L4 + 2L5 + 2L6 (2)

B. Problem Formulation

Grasping requires the phalanges to apply force on the
objects. This force is indirectly applied by pulling the tendons
downward. However, the required amount of force depends on
the type of object, amount of friction between the surfaces and
even the orientation of the hand with respect to gravity.

In order to simplify the force calculation we assumed that
the amount of friction between the surfaces is high enough that
the object does not slip between the fingers, hence we consider
only the normal forces in the model. However, we think that
it is important to distribute the force uniformly across the
different surfaces of the gripper, and hence we set the goal as
to minimize the actuation force, FA, and the standard deviation
of the contact forces, σ(F0+FL1

+FL2
+FL3

), for a constant
contact force, F⃗ , (formulated as ||F⃗ |−FC| < ε with FC = 2N
in the optimizer) for both grasping strategies. This approach
also allows to increase the contact to actuation force ratio,
reducing the effort on the motor, eventually providing a more
efficient system.

The solution clearly has to obey some sets of constraints.
The first set of constraints that is defined for the model con-
cerns the lower and upper limits, (x⃗L, x⃗U ), for the geometric
parameters, x⃗, as shown on Table I, as well as a maximum
acceptable length for the fingers (LFINGER MAX = 120mm). The
second set of constraints is related to the contact between the
test objects and the phalanges. For the enveloping grasp it was
desired that at least the last two phalanges and the palm make
contact with a minimum force of FMIN CONTACT = 0.4N, and for
the pinching grasp, the constraints are the same excluding the
palm, which is not required to contact the object.

For optimization, a cylinder with a radius of 4 cm and a
prism with 3 cm of width and 5 cm of length were chosen,
using the first for the enveloping grasp and the second for
the flat pinching grasp. These shapes favor the mentioned
grasping, as can be seen from the representation of the contact
points between the fingers and objects in Fig. 2. The cylinder
is a good approximation to bottles and cups that the gripper
would be expected to grasp, and the prism approximates other
prismatic objects such as books, boxes, laptops, etc.

The resulting optimization problem for enveloping and flat

(a) (b)

Fig. 2: A schematic of the hand grasping a circular (a) and
a rectangular (b) object. The blue dots represent the contact
points, which also correspond to the locations of the force
sensors used in the simulation. The tendons are not shown to
reduce image clutter.

pinching grasps can be defined as follows:

minimize f1(x⃗) = FA(Box) , (3)
f2(x⃗) = FA(Cylinder) , (4)

f3(x⃗) = σ(F⃗ (Box)) , (5)

f4(x⃗) = σ(F⃗ (Cylinder)) , (6)
subject to LF ≤ LFINGER MAX , (7)

FLi
≥ FMIN CONTACT i ∈ {2, 3} , (8)

F0 ≥ FMIN CONTACT for cylinder , (9)
||F⃗ | − FC| ≤ ε , (10)

x⃗L ≤ x⃗ ≤ x⃗U . (11)

Note in the above formulation that the constraint on F0 is
checked only for the cylinder object, i.e. the enveloping grasp.
Above it can be seen that the constraints are defined only
on the left finger, because the gripper and the objects have
symmetric shapes, and hence the forces on the left and the
right fingers are expected to be the same. This symmetry
assumption allowed to reduce the number of constraints by
half, simplifying the optimization algorithm.

C. Solution

The above presented optimization problem requires the
optimization of 4 functions with respect to several constraints
and the 24 variables, which is difficult to track and perform
analytically using for example a gradient descent based ap-
proach. However, this problem can be solved with numeric
methods, such as a GA based approach [22]. For this work
we have adopted a fast and elitist multi-objective genetic
algorithm, NSGA-II [23], to calculate the optimum parameters
of the model of the gripper. NSGA-II has already been used
in similar studies on gripper optimization [6], [19].

The cost function values for the GA based solver were cal-
culated in simulation, using the given parameters. As simulator
the freely available MuJoCo [24] simulator was selected for
this work, because both it allows simulation of tendons, and
it was rated as good in a relevant study [25].



TABLE I: Upper and lower limits of the parameter values.

x⃗ L0 Li (mm) Li (mm) Ri (mm) Hi (mm) SEi (N.m/rad) SPi (N.m/rad) Ki θ W
(mm) i ∈ {1, 3, 5} i ∈ {2, 4, 6} i ∈ {1..3} i ∈ {1..3} i ∈ {1..3} i ∈ {1..3} i ∈ {1..3} (o) (mm)

L.L. 10 5 5 3 -4.5 0 0 -5.5 0 15
U.L. 40 10 20 5 4.5 2 2 5.5 45 15
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Fig. 3: Evolution of the constraint violations over the gener-
ations of the genetic algorithm for fixed (a) and variable (b)
stiffness. Non-zero values indicate infeasible solutions. After
the 50th generation, none of the offsprings of the GA leads to
infeasible solutions.

In order to use the gripper model with the simulator it
was converted to the proper format, representing the bodies,
the phalanges, and the components that are doing contact.
Then these bodies were connected together and the degrees of
freedom of the joints were set. Finally, the connection points
of the tendons were specified. Since the used tendons have a
constant length, they were connected to a linear displacement
actuator, whose actuation force was monitored. To measure
the grasping force, force sensors were added to each phalange
of the gripper and the palm, giving the forces FLi

, FRi
and

F0 for the left and right phalanges and the palm respectively.
To be able to compare the performance with our previous

gripper, the presented optimization algorithm was run for both
approaches: fixed and variable stiffness. For fixed stiffness, the
method was run by setting SEi = SPi, maintaining the same
stiffness between the different grasp modes.

III. RESULTS

A. Optimization Results

The parameters of the multi-objective genetic algorithm
used to solve the above optimization problems, for both fixed
and variable stiffness, are the following. The initial population
was randomly initialized with a total number of 1000 individ-
uals. The survival of each selected individual depended on
the rank and crowding strategy proposed by Kukkonen and
Deb [26], and the selection of those individuals was random.
The probability of crossover between parents was set to 0.5.
Each individual experienced at least one polynomial mutation
of the values in each generation of the algorithm, as explained
in [27]. Finally, the termination criteria of the algorithm was
set to 500 generations.

In Fig. 3, we can observe the evolution of the constraint
violation for fixed and variable stiffness over each generation.
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Fig. 4: Evolution of the objective functions over generations
of the genetic algorithm for fixed stiffness.
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Fig. 5: Evolution of the objective functions over generations
of the genetic algorithm for variable stiffness.

In both cases, the whole populations become feasible solutions
very early, around generation 50, but at this point the objective
functions had not yet converged as shown in Fig. 4 and Fig. 5.
This was the reason to set the termination criteria to a high
value at a cost of increased optimization time. The whole
optimization process took 10.73 hours for fixed stiffness and
9.38 hours for variable stiffness, while running on a computer
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Fig. 6: The cost function values, for variable stiffness (ma-
genta) and fixed stiffness (cyan), of the members of the last
population of the GA.

with 128GB of memory and 64 cores.
Due to the difficulty of visualizing the 4D objective func-

tions corresponding to the optimization problem, pair-wise
2D plots are shown in Fig. 6, comparing the distributions
of the standard deviations of the contact forces and of the
actuation forces of both the enveloping grasp and the flat
pinching grasp, for fixed and variable stiffness. Overall, we
can see that the distributions of the cost functions in the last
generations are similar. However, for the variable stiffness case
the distributions are closer to the bottom left corner, where the
biggest improvement is for f2. The corresponding distribution
is on average 14.83% lower than the fixed stiffness case.
Therefore, they are better than the fixed stiffness case.

An optimal design would be a point on the lowest left corner
of every plot representing a gripper with low actuation force
and contact forces uniformly distributed for both grasps. For
each problem, the best overall design was chosen to be a
configuration where f3 and f4 are less than 0.3N , and the
actuation force sum given by f1 + f2 is minimum. The fixed
stiffness could only generate a configuration that achieved
minimum actuation forces of f1 = 18.5N and f2 = 11.7N,
whereas the variable stiffness could reduce f1 down to 16.2N
and f2 down to 10.0N, while both had the standard deviations
less than 0.3N. The resulting design is represented by a red
star (fixed stiffness) and blue square (variable stiffness) on
each plot (Fig. 6). The corresponding design parameters are
presented on the last rows of Table II for the joints and
Table III for the lengths and starting angle for fixed stiffness;
and on the last rows of Table IV for the joints and Table V for
the lengths and starting angle for variable stiffness. In Fig. 7,
the resulting designs are shown grasping a box and a cylinder
in simulation.

IV. CONCLUSION

In this work, we improved the design of our previous
underactuated gripper [21], by allowing the stiffness of the
joints to be variable between different objects in order to
achieve the same target contact force with less actuation force

(a) (b)

(c) (d)

Fig. 7: Simulation of the best result for fixed stiffness while
grasping a cylinder (a) and a box (b), and for variable stiffness
while grasping a cylinder (c) and a box (d)

over the tendons. Due to the high number of design variables
and the multi-objective nature of the proposed cost function,
which maximizes the grasping forces for different objects and
minimizes the variance of the force at the different phalanges,
a Genetic Algorithm was used to solve the problem.

In the transfer of this work to a physical hand some
limitations are expected to appear. The friction on the path
of the tendons’ and the friction on the joints connecting the
phalanges are not considered in the simulation. Therefore, it
is expected that the ratio of actuation to contact force will
increase. Another important limitation is that for the joint
stiffness there is no limit defined on the torque, whereas
in a real scenario every material has a maximum limit on
deformation that it can handle or force that it can apply, so
some non-linearity is expected to appear in a physical robot
hand. In future works, we will take into account those issues
to obtain a more realistic gripper design, and produce a hand
with variable stiffness for eventual hardware validation.
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