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SUMMARY
Determining an appropriate grasp configuration for multi-finger grasping is difficult due to the
complexity of robotic hands. The multi-finger grasp planning should consider not only geometry
constraints of objects but also kinematics and dynamics of robotic hand. In this paper, a precision
grasp-planning framework is presented for multi-finger hand to grasp unknown objects. First, the
manipulation capabilities of the robotic hand are analyzed. The analysis results are further used as
bases for the precision grasp planning. Second, the superquadric (SQ) fitting method is used for
approximating unknown object models. Finally, a local–global optimization method is implemented
to find appropriate grasp configurations for dexterous hand. The presented planning framework is val-
idated in simulation experiments. Simulation results demonstrated that the presented grasp-planning
framework enables the multi-finger hand to grasp unknown objects effectively.

KEYWORDS: Grasp Planning; Robotic hands; Pose Estimation and Registration; Optimization
Robot Kinematics.

1. Introduction
Grasping with multi-finger hand is a popular topic in robotics, because it is an important part of the
interaction between robot and environment. In order to grasp objects autonomously, a grasping strat-
egy for unknown objects is essential to plan appropriate grasp configurations for robots. However,
due to the high-dimensionality of grasping space and the uncertainty of the environment, grasp plan-
ning is a great challenge, especially for multi-finger hands. Typically, grasping is divided into power
grasp and precision grasp.1 Numerous researches for grasp planning have been studied based on
these two aspects in the past few decades. Most researches mainly focus on power grasp, while pre-
cision grasp is rarely discussed. However, compared with power grasp, precision grasp has a wider
application in daily manipulation and is a crucial factor to realize dexterous operation. Therefore, in
this paper, our goal is to design an optimal precision grasp-planning framework for unknown objects
by using multi-finger hand.

Recently, a number of precision grasp-planning methods have been proposed for multi-finger
grasping. Most of these methods formulated the planning problem as a constrained optimization
problem.2–5 Because the constraint definitions are mainly based on object’s geometry properties,
most of these methods require an accurate object mesh model, which is difficult to be obtained in
practical grasping application, and therefore limits these methods to known and familiar objects. In
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1416 Precision grasp planning for multi-finger hand

order to deal with unknown targets, some researches discussed generating grasp postures accord-
ing to object’s point cloud, but a known dataset of grasp postures is required.6, 7 Moreover, the
characteristics of multi-fingered hand, such as manipulation capability, are not fully considered
in previous methods. As grasp capabilities of robotic hands fundamentally depend on hand’s
mechanical structure, kinematics analysis of dexterous hand’s mechanism will contribute to improve
the efficiency of grasp syntheses.

To overcome the above shortages, a precision grasp-planning strategy for multi-finger hand to
grasp unknown objects is proposed in this paper. An analysis of hand’s manipulation capabilities
is discussed firstly as a preprocess of planning. The detailed planning process includes two main
steps: (1) representing object models based on superquadric (SQ) function8–10 and (2) finding appro-
priate grasp configurations based on a local–global optimization algorithm. Compared with other
researchers, the main contributions of our work are as follows:

1) A precision grasp-planning strategy is presented to discover grasp configurations for multi-finger
hand to grasp unknown objects. This planning framework also takes manipulation properties of
robotic hand into account.

2) An SQ fitting method is applied for object representation of precision grasp planning. Due to
the compact formulation of SQ function, object surface features can also be calculated fast and
directly during optimization.

3) A local–global optimization approach is presented to find a series of precision grasp config-
urations. Local properties of contact points, grasp stability and manipulation capabilities are
considered comprehensively during the optimization.

The rest of this paper is organized as follows: In Section 2, the related works are reviewed.
Section 3 introduces the proposed grasp-planning framework. The analysis results are discussed in
Section 4. In Section 5, we conclude our work and introduce the future works.

2. Related Work
Grasp planning is a complex topic including lots of subproblems such as grasp stability analy-
sis, grasp synthesis, object representation and so on.11, 12 Due to the complexity of the problem,
most researches discussed about grasp planning based on power grasp. As a kind of reliable grasp
with high capacity during interaction, sufficient grasp force and stability of power grasp are main-
tained by large contact area between the hand and objects. Therefore, most existing methods of
power grasp planning mainly focus on the relative relation between the base frame of hand and
objects.13, 14 Besides, in order to enhance the applicability to grasp unknown targets, lots of recon-
struction methods are discussed,14, 15 among which SQ fitting is quite popular nowadays, because
of its compact formulation and the ability to express a wide variety of objects with just a few
parameters.16–18

Unlike power grasp, precision grasp only maintains contact points between fingertips and objects.
The quality of grasping is largely influenced by the contact distribution. Considering disturbance
resistance, force equilibrium and grasp stability, a variety of researches studied the relationship
between contact distribution and grasp effectiveness.19, 20A grasp quality measurement is proposed
and widely used in precision grasp planning. This criterion, as well as contact force condition, is
closely related to local surface properties of object. Therefore, an accurate object mesh model is
required in most existing methods. Besides, corresponding to certain determined contact points, there
are multiple configurations for pose of hand’s base frame and angles of finger joints. Hence, precision
grasp planning is normally formulated as a constrained optimization problem. Constraints are mainly
established according to grasp quality measurement, and numerical optimization algorithm is usually
used for solving the problem. However, in practical robotic grasping applications, object mesh mod-
els are always missing and the accurate contact points are hard to calculate. Some researches studied
the segmentation of contact regions for fingertips based on object’s point cloud.6, 21 Because of the
lack of object’s global information, the base frame of dexterous hand is hard to locate according to
these discrete contact regions. A preestablished dataset of grasp configurations is required for the
synthesis of precision grasp posture in this method.
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Fig. 1. The schematic of the precision grasp-planning framework.

In addition, as the general pre-grasping phase of in-hand manipulation, precision grasp partly
determines the performance of subsequent operations. However, few researches have discussed the
relationship between manipulation capability and grasp posture.22 In this paper, we formulate the pre-
cision grasp planning as a constrained optimization problem combining the analysis of grasp stability
and manipulation capabilities. SQ fitting is utilized for the approximation of unknown objects, as both
global status and surface properties of objects can be obtained effectively with this method.

3. Methodology
This section presents a precision grasp-planning framework for a multi-fingered hand and the
schematic is shown in Fig. 1. Manipulation capability analysis for dexterous hand is implemented
as the preprocess and generates crucial planning parameters. SQ fitting and local–global optimiza-
tion constitute the complete grasp-planning process. The detailed methods of this framework are
discussed in the following subsections.

3.1. Manipulation capability analysis of robotic hand
Dexterous hand’s structure influences the manipulation performance fundamentally. Analysis of
manipulation capabilities helps to determine the feasible grasping space and reduce the complexity
of grasp planning.

3.1.1. Characteristic analysis of human and robotic hand. A four-finger tendon-driven hand
(FT-Hand) proposed in our previous work23 is evaluated as an example in this paper. Hands with
other structures can be evaluated by the similar method. The structure of the FT-Hand is shown in
Fig. 2. This hand has 11 Degrees of Freedom in total. Index, middle and little fingers are defined as
principal components analysis (PCA) fingers. Distal interphalangeal (DIP) joint and proximal inter-
phalangeal (PIP) joint of PCA finger are coupled by a four-bar linkage. The metacarpophalangeal
(MC) joint of the middle finger is fixed. The MC joints of the index and the little finger are coupled.
Other joints of fingers are independent revolute joints. All the joints are driven by a pair of “tendon
& spring.” The driven system of tendons is placed in the forearm structure.23 The frame of each pha-
lanx is established based on Denavit–Hartenberg (DH) method. The base frame of the hand is set at
the root of the middle finger as shown in Fig. 2(b). The geometry parameters of fingers are named
as follows, for example: the phalanx length of the little finger are Ll1, Ll2, Ll3, Ll4 from palm to
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1418 Precision grasp planning for multi-finger hand

Table I. The structure parameters of FT-Hand.

Parameter Value (mm) Parameter Value domain (◦)

Li1, Lt1 8,0 θi1, θt1 [0,36],[0,110]
Li2, Lt2 50,50 θi2, θt2 [0,90],[−60,60]
Li3, Lt3 35,35 θi3, θt3 [0,100],−30,105]
Li4, Lt4 25,25 θt4 [−30,105]

Fig. 2. A four-finger tendon-driven hand (FT-Hand).23 (a) Hand prototype. (b) Sketch of the hand’s structure.
{H} is the base frame of the hand and {I}, {M}, {L}, and{T} are frames for index, middle, little and thumb
fingers. The base frame origin of the hand coincides with the origin of {M}.

Fig. 3. Neutral configuration. (a) Grasp constraints in the Xh–Yh plane. (b) Grasp constraints in the Xh–Zh plane.

fingertip, and the joint angles of the index finger are �i = (θi1, θi2, θi3, θi4) from palm to fingertip.
The detailed structure parameters of FT-Hand are shown in Table I. The parameter values of other
PCA fingers are set as the same as the index finger. The DIP and PIP joint angles of all PCA fingers
follow the coupling relationship θi4 = fcouple(θi3).

Human hand’s grasping patterns are studied to develop evaluation methods and several character-
istics are concluded as follows:

a. Human tends to grasp objects in neutral positions with relatively stable configurations as shown in
Fig. 3. These grasp configurations are defined as neutral configurations for corresponding neutral
positions.

b. Translation along the Yh-axis is very small.
c. Grasp configurations can be synthesized by several manipulations from the neutral position.

Specific to the structure of FT-Hand discussed in this paper, objects cannot be translated along the
Yh-axis and displacement on the Yh-axis can only be aroused by rotations, because the MC joint of
the middle finger is fixed and the MC joints of the index and little fingers are coupled.
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3.1.2. Analysis of manipulation capabilities. Based on the above characteristic analysis of human
and robotic hand, the hand’s manipulation capabilities are evaluated from two aspects: the neutral
graspable workspace (NGW) and the in-hand manipulation abilities (IMAs). The NGW is the collec-
tion of neutral positions, which is defined as a 2D region in the Xh–Zh plane. The IMA are discussed
based on the neutral configurations for the points within NGW, and are evaluated by achievable
ranges of manipulations along three principal axes. During evaluation, sphere element objects are
introduced to represent objects of different dimensions that may be handled in daily life.

• Neutral graspable workspace. The NGW for FT-Hand is a 2D region within the Xh–Zh plane as
shown in Fig. 3(b) and the grasp configurations for points outside the NGW is regarded as the
combinations of in-hand manipulations. During the analysis, an object is placed at a discrete point
in the Xh–Zh plane, and the realizability of valid grasp configuration for the element object is
checked at this point. A discrete point will be verified as valid if a valid configuration can be
generated for the object at this point, as well as this configuration will be defined as the neutral
configuration for this point. The NGW is the collection of all valid points. The detailed analysis is
carried out according to the following two processes:
(I) Validity verification for grasp configuration: The verification for grasp configuration is

implemented by checking if there is a valid joint configuration for each finger. During verifi-
cation, first the possible contact points Phobject of fingertips on object’s surface are calculated
by exhaustion method, and then the joint angles of each finger are computed. To simplify the
calculation, fingertips are modeled as spheres with 12 mm radius. All fingertips are limited in
the plane, which simultaneously includes the object’s center and keeps parallel to the Xh–Yh

plane as shown in Fig. 3(b). In addition, considering the contact stability, collision avoidance
and force closure conditions, three constraints should be satisfied:
(a) The angle between the Yhtip-axis of the fingertip’s frame and the surface normal vector ns

at the contact point should be within [90◦, 180◦] as shown in Fig. 3(b).
(b) The angle between the connections from any two fingertips to object center should be

larger than β = 2 ∗ arctan[rfingertip/(rfingertip + robject)] as shown in Fig. 3(a).
(c) The fingertip of the thumb should be within angle γ as shown in Fig. 3(a).⎧⎪⎪⎨

⎪⎪⎩
Phobject = Phb + [d, 0, 0], α = 0 middle finger

Phobject = Phb + [dcosαI, dsinαI, 0], α = αI index finger

Phobject = Phb + [−dcosαT , dsinαT , 0], α = αT thumb
d = rfingertip + robject, αTmax = max(αI, π − αI − β)

αI ∈ [β, π/2], αT ∈ [0, αTmax]

(1)

According to above constraints, the possible contact point of each fingertip can be calculated
as Eq. (1), where Phb is the coordination of the object’s center position. The pose of the little
finger is symmetric to the index finger and its joint angles are �l = (−θi1, θi2, θi3, θi4). The
calculation of finger joint configuration is modeled as a constrained optimization problem as
Eq. (2), where Phtip(�) is the position of the fingertip. A discrete point will be verified as
valid if the equations for all fingers have solutions.{

min f (�) = ((Yhtip)y/(Yhtip)x − tanα)2

s.t. (Phtip(�) − Phobject) < Tolg, (Xtip)z > 0
(2)

(II) Search strategy: Because searching the valid points sequentially in open space produces
numbers of invalid points, a row-major search strategy as shown in Fig. 4 is utilized in order
to improve the computing efficiency. Initially, a wide search range is set. Then the search
starts from a valid point Ph0 = [−14, 0, 73] which is determined by combining the individual
workspace of each finger.23 Row-search processes in two directions {+Zh, −Zh} separately
and repeats with a step offset on the Xh-axis after it reaches invalid points in both search
directions. The search mode along the Xh-axis is defined as column-search as shown in Fig. 4.
When no valid point exists within the entire row, the column-search will terminate. Because
the initial point of row-search may locate outside the NGW, if the row-search starts with an
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Fig. 4. The search strategy for the NGW.

Fig. 5. In-hand translation and rotation. B is the center of the element object and It, Mt, Lt, and Tt are the
tips of each finger. (a) Translation along the Xh-axis. (b) Translation along the Zh-axis. (c) Rotation about the
Xh-axis. Mt and Tt remain unchanged. (d) Rotation about the Yh-axis. (e) Rotation about the Zh-axis. Mt remains
unchanged.

invalid point, the search will continue until the first invalid point comes after valid points. The
detailed algorithm WorkspaceSearching is shown in Appendix A.

• In-hand manipulation ability. IMAs are divided into translations and rotations as shown in Fig. 5.
The corresponding neutral configuration for each discrete point is the initial configuration of
manipulation. Considering the continuity of manipulation, the relative positions of fingertips and
object’s center remain unchanged during motion. For translations, vectors ItB, MtB, LtB and TtB
are constants, while for rotations these vectors rotate with the element object. For each manipu-
lation ability estimation, the object is moved step by step from the neutral configuration and the
target points of the fingertips change with ItB, MtB, LtB and TtB during the motion. Thus, the grasp
verification for each step is formulated as follows:

min g(�) = (Phtip(�) − Phobject)
2 s.t. (Xtip)z > 0, g(�) < Tolm (3)

The capability of a manipulation is defined as the largest motion range of the element object
under this manipulation. The detailed algorithm MotionRange is shown in Appendix A. After the
analysis of hand’s manipulation capabilities, several evaluation sets can be obtained as planning
parameters. The NGW is expressed as follows: HG = {(xh, yh, zh)|yh = 0, xh ∈HGx, zh ∈HGz}. The
evaluation set of IMA is established to express the region of neutral positions with grasp configu-
rations that have certain preferable manipulation capability. In this paper, the neutral configurations
for the points within HM = {(xh, yh, zh)|yh = 0, xh ∈HMx, zh ∈HMz} are supposed to have balanced
manipulation capabilities in all direction and be suitable for grasping. Several evaluation sets of IMA

https://doi.org/10.1017/S0263574719000031 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574719000031


Precision grasp planning for multi-finger hand 1421

can be established in advance to make the planning algorithm adaptive to different tasks. Therefore,
all capabilities can be considered comprehensively to synthesis grasp configurations according to
specific task requirements.

3.2. Object approximation based on SQ
In this paper, the SQ fitting method is used for object approximation and the SQ model expression is
formulated as Eq. (4). The parameter vector −→sp = (a1, a2, a3, ε1, ε2) incorporates all the parameters
of SQ model, where ε1, ε2 control the shape of SQ model and a1, a2, a3 express the size of SQ
model in three main principle directions Xs, Ys, Zs. The local object frame {S} is established at the
center of SQ model. F(−→sp : xs, ys, zs) is the “inside-outside” function. It is very convenient to judge
the location of certain point. When F = 1, the point is on the surface of the model. If F < 1, the point
lies inside the model. If F > 1, the point lies outside the model:

F(−→sp : xs, ys, zs) =
((

xs

a1

) 2
ε2 +

(
ys

a2

) 2
ε2

) ε2
ε1

+
(

zs

a3

) 2
ε1

(4)

Because the SQ function as shown in Eq. (4) is established with respect to the SQ model center,
the fitting result is sensitive to the coordinate of the object’s center. In order to obtain a preferable
fitting shape, the whole point cloud (xg, yg, zg) of objects is gathered for the estimation of the object
center (xgc, ygc, zgc) in this paper. A rotation angle φ about the global Zg-axis is also added in the
function to fit the global pose of each object. Therefore, the transformation matrix of object can be
defined as Tgpose(xgc, ygc, zgc, φ). The object function of SQ fitting is formulated as Eq. (5) and the
Levenberg–Marquardt method is utilized for calculation. This function is rewritten based on Eq. (4)
in order to obtain a tight fitting model:8, 24

{
min

∑
(a2

1 + a2
2 + a2

3)(F
ε1(−→sp : xg − xgc, yg − ygc, zg − zgc, φ) − 1)2

s.t. ε1, ε2 ∈ [0.1, 1.9]
(5)

In addition, because SQ model is too regular to express the entire surface properties accurately,
each point in the corresponding point cloud will be checked whether it locates near the surface of
the object’s SQ model after fitting. Points within a range near the surface are marked as inline points
Sin = {(xg, yg, zg)||F(−→sp : xg − xgc, yg − ygc, zg − zgc, φ) − 1| < Tolin}, which are utilized to value the
planned grasp configuration in the next phase.

After fitting, the normal vector of each point on object’s surface can be obtained by computing the
gradient of the fitted SQ function at this point. Because parameters of SQ function all have explicit
impacts on the model shape, by changing −→sq , new SQ models can be shaped straightforward with
relation to the fitted model. The SQ model can also be expressed as parametric equations shown
in Eq. (6), where η, ω determine the location of point on the model’s surface as shown in Fig. 6.
Therefore, it is able to choose one point on the new SQ model, such as Ps in Fig. 6, with desired

relation to the current object. The locating parameter vector (LP-Vector) can be defined as
−→
lsp =

(a1, a2, a3, ε1, ε2, ω, η) ⎧⎪⎨
⎪⎩

x(−→sp , η, ω) = a1cos(η)ε1 cos(ω)ε2

y(−→sp , η, ω) = a2cos(η)ε1 sin(ω)ε2

z(−→sp , η, ω) = a3sin(η)ε1

η ∈ [−π/2, π/2], ω ∈ [−π, π]
(6)

3.3. Precision grasp planning
This subsection introduces a precision grasp-planning approach based on a local–global optimization
algorithm. Appropriate grasp configurations for objects subject to constraints are generated according
to the results of previous analysis as shown in Table II.
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Table II. Pre-conditions of precise grasp planning.

Condition Detail

NGW HG = {(xh, yh, zh)|yh = 0, xh ∈HGx, zh ∈HGz}a

IMA HM = {(xh, yh, zh)|yh = 0, xh ∈HMx, zh ∈HMz}a

Object information 1. Transformation matrix of object Tgpose(xgc, ygc, zgc, φ)b

2. SQ function of object F(−→sp : xs, ys, zs, φ) − 1 = 0b

3. Parameter vector of the fitted SQ model −→sp t = (at1, at2, at3, εt1, εt2)
b

Object’s inline points set Sin = {(xg, yg, zg)||F(−→sp t : xg − xgc, yg − ygc, zg − zgc, φ) − 1| < Tolin}b

a
HG and HM are specific to hand’s base frame {H}.

b (xs, ys, zs) is the coordinate in the SQ model frame. (xg, yg, zg) and (xgc, ygc, zgc) are the coordinates in the global frame.

BOX1

g

BOX3

BOX2

Zs

Ys
Xs

Ps

Fig. 6. The properties of parameters in SQ parametric equations. −→sq of three boxes: BOX1 −→sq = (10 mm,
10 mm, 10 mm, 0.5, 0.5); BOX2 −→sq = (10 mm, 10 mm, 20 mm, 0.5, 0.5); BOX3 −→sq = (20 mm, 20 mm,
20 mm,0.1, 0.1). RA1 : ω ∈ [0, π/2], RA2 : ω ∈ [π/2, π], RA3 : ω ∈ [−π/2, −π], RA4 ∈ [0, −pi/2], RAZ1 : η ∈
[0, π/2], RAZ2 : η ∈ [0, −π/2].

3.3.1. Initialization of Hand’s base frame. Grasp planning is aiming at generating feasible grasp
configurations for objects and a reasonable feasible region is a key factor for the planning efficiency.
In this paper, a feasible grasp region is utilized to limit the valid original points of hand’s base frame.
This region is determined according to the range of neutral positions in HG and HM as shown in
Table II.

Normally, there are two general kinds of grasp modes for an object on the table as shown in
Fig. 7(a). The Zs-axis of the object frame is vertical to the table plane. In mode 1, the object is
grasped from the top. In mode 2, the object is grasped from its lateral side. Because Zh always points
to the object, the distance range between the object’s surface and the hand base frame equals the
range of zh in HG as shown in Fig. 7(b). A tolerance Tollb is introduced to the lower bound to move
the hand closer to the object center. The grasp mode 2 is infeasible for the object with small at3,
which means these objects can be grasped only from the top. The limitation Tola3 of at3 is related to
the dimension of the fingertip. The direction of the Xh-axis is determined by the shape parameter at1

and at2. According to human’s grasping pattern, people tend to grasp objects from the narrow side,
which means, if at2 < at1, the Xh-axis will point to the direction of the Ys-axis as shown in Fig. 7(b).
For the convenience of the following discussion, at2 is assumed to be the smaller one. Therefore, the
feasible region on the Ys-axis is determined by the range of xh in HG.

For the feasible grasp region, an upper bounding box and a lower bounding box, can be established
according to above analysis as shown in Fig. 8. The parameter vectors of the lower bounding box−→sp lb = (alb1, alb2, alb3, εlb1, εlb2) and the upper bounding box −→sp ub = (aub1, aub2, aub3, εub1, εub2) are

https://doi.org/10.1017/S0263574719000031 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574719000031


Precision grasp planning for multi-finger hand 1423

(a) (b)

Fig. 7. Relative relations of the object and different grasp modes. (a) Xs–Zs view. (b) Two ultimate grasp states.

Fig. 8. Boundary of the feasible grasp region. The dot arrow line shows the establishment for the base frame on
a stochastic initial point. Xgs, Ygs, and Zgs are three principle axes for the frame {GS} established in the center
of the SQ model but with the same orientation as the global frame.

formulated as follows:⎧⎪⎪⎪⎨
⎪⎪⎪⎩

−→sp lb = (at1, Lxb, at3 + Lzlb, εt1, εt2) at3 ≤ Tola3−→sp ub = (at1, Lxb, at3 + Lzub, εt1, εt2)−→sp lb = (at1 + Lzlb, Lxb, at3 + Lzlb, εt1, εt2) at3 > Tola3−→sp ub = (at1 + Lzub, Lxb, at3 + Lzub, εt1, εt2)

Lzub = {max(zh)|zh ∈HGz}, Lzlb = {min(zh) − Tollb|zh ∈HGz}
Lxb = {max(xh)|xh ∈ |HGx|}

(7)

The origins of a set of hand’s base frames are generated randomly by the parametric equations
as shown in Eq. (8). Two boundaries limit the ranges of the parameters in these equations. It should
be noted that this bounding method will cause deviation of distance at corners, especially when εt1

is small and the corner of the cross-section in the Xs–Zs plane is very sharp. Therefore, if εt1 < 0.5,
both εlb1 and εub1 are set to 0.5:⎧⎪⎨

⎪⎩
xsh = a1cos(η)εt1 cos(ω)εt2

ysh = a2cos(η)εt1 sin(ω)εt2

zsh = a3sin(η)εt1

∀a1 ∈ [alb1, aub1], ∀a2 ∈ [alb2, aub2], ∀a3 ∈ [alb3, aub3]
∀ω ∈ [−π, π], ∀η ∈ [−π/2, π/2]

(8)
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(a) (b)

Fig. 9. Different contact conditions of the fingertip.

Because neutral positions within HM are suitable for grasping, a preferable region can be delim-
ited by the same method, and origins are generated in this field with higher probability. Besides,
if obstacles exist, changing the values of η and ω can conveniently realize obstacle avoidance. For
example, as shown in Fig. 7(a), the table is an obstacle. The distance between the origin of the hand’s
base frame and the table plane should be larger than Tolc. This distance is checked for each initial
base frame. If invalid, η will move a randomly step until the distance is larger than Tolc.

Based on a settled origin (xsh, ysh, zsh), three principle axes {Xh, Yh, Zh} of the hand based frame
are established by the following rules:

1) The vector from the hand’s origin to the center of the object is Zh as shown in Fig. 7(a). If at3 ≤
Tola3, Zh = −Zs.

2) Xh = pxVsh, where Vsh is the projection vector of the Ys-axis in the plane vertical to Zh-axis, and px

is a correction parameter to modify the direction and calculated as Eq. (9). If at3 ≤ Tola3, Xh=pxYs:⎧⎪⎨
⎪⎩

px = sign[random(0, 1) − 0.5] ysh ∈HGx, −ysh ∈HGx

px = sign(ysh) ysh ∈HGx, −ysh /∈HGx

px = −sign(ysh) ysh /∈HGx, −ysh ∈HGx

(9)

3) Yh is established by the right-hand rule.

3.3.2. Grasp planning with local–global optimization. The proposed grasp planning is carried out
based on a local–global optimization. The local optimization computes the joint configuration of each
finger separately by optimizing the direction of fingertip’s contact force. The particular precision
grasp configuration is formed in this phase. The global optimization is proceeded by particle swarm
optimization (PSO) algorithm to optimize the contact point distribution.

• Local optimization phase. A local grasp configuration is generated by planning for the four fingers
separately with the given base frame. For each finger, the planning focuses on obtaining the valid
joint angles with optimal contact condition of fingertip. As shown in Fig. 9(a), when the Ystip-axis
is in the same direction with the surface normal vector ns, the contact area between the fingertip
and the object’s surface tends to be larger, therefore the contact stability will get better. The local
optimization is formulated as Eq. (10), where PCs are several points set on the hand’s palm and
phalanxes for collision avoidance detection.

Because the accurate contact point on the surface is hard to calculate, ns is replaced by a surface
normal n′

s of a modified SQ model which goes through the fingertip center as shown in Fig. 9(b)
and calculated as Eq. (11), where tip

s T(�) is the transfer matrix from the fingertip’s frame to the
object’s frame {S}, and −→sp fc = (at1 + rfingertip, at2 + rfingertip, at3 + rfingertip, εt1, εt2) is the parame-
ter vector of the modified SQ model. In order to improve the computational efficiency, fingertip
position is preplanned in the joint space. A close-boundary −→sp cb = (at1 + Tol, at2 + Tol, at3 +
Tol, εt1, εt2) is established by adding a tolerance to at1, at2 and at3. The finger bends toward the
surface of the object obeying the PCA-rule23 until F(−→spcb; Pstip, φ) − 1 < 0. The joint angles of
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this state are utilized as the initial values:{
min O(�) = Ystip · ns

s.t. (Ystip × ns) · Zstip < 0, F(−→sp t : PCs, φ) − 1 > 0
(10)

tip
s T(�) =

[
Xstip(�) Ystip(�) Zstip(�) Pstip(�)

0 0 0 1

]

ns = 
(F(−→sp fc; Pstip(�), φ) − 1)

(11)

Powerful fingertip force may conflict with good manipulation capabilities, because the contact
condition in Fig. 9(a) will make θ4, θ3 to be 0. Therefore, if good manipulation capabilities is
the major purpose, the optimization equation should be reformulated. A distance constraint for
Pstip(�) can be added into Eq. (10) according to HM .

• Global optimization phase. At the global search phase, the configurations with better contact dis-
tribution and grasp quality are determined. The search strategy used in this paper is PSO algorithm,
which can expand the search scope based on both local and global optimum. The relative position
between the hand’s base frame and the object’s center is set as the particle position, which is for-
mulated as three position parameters ppso = (ppso1, ppso2, ppso3) along the directions of three
principal axes in the object frame as shown in the following equation:{

ppso1 = abs(zsh − at3), ppso2 = abs(xsh), ppso3 = abs(ysh) zsh > at3 mode 1

ppso1 = abs(xsh − at1), ppso2 = abs(zsh), ppso3 = abs(ysh) zsh ≤ at3 mode 2
(12)

The fitness value of each state is composed of two parts: (1) the overlap between the con-
tact region and inline points and (2) the grasp quality generated by the traditional force-closure
criterion.19 For the first part, an inline point set Sin is established after fitting, and it is necessary
to ensure all the contact points located in this point set. The traditional way to judge the inclusion
relation is to check the number of the inline points within a circle rtip around the contact point.
However, because objects have different dimensions and point cloud densities, it is hard to set
a unified criterion for all objects. Therefore, a dimensionless overlap ratio σr by normalizing the
point numbers of four fingertips is utilized instead. If inline points distribute evenly around all con-
tact points of a grasp configuration, all fingertips of this configuration are regarded as located in the
overlapped region. Otherwise, the fingertip with the lower ratio may locate outside. The minimum
ratio value of the configuration is returned as the fitness value. For the second part, the criteria
Q∞19 is utilized for the grasp quality evaluation. The grasp quality values should also be normal-
ized, in order to gather all the fitness indices together. Therefore, the maximum values of the grasp
quality in the first PSO iteration are utilized as the reference parameters for normalization. If the
new particle locates outside the feasible region, the fitness value will be set to 0 directly.

Because PSO searching is hard to converge to a certain global optimal state for grasp-
planning problem, the termination of the search is set to be the end of iterations. The detailed
PSOSearching algorithm is shown in Algorithm 1.

The integrated framework of the local–global optimal planning method is shown in Fig. 10. The
local planning has two main effects: (1) to initialize a set of postures for the global PSO search and (2)
to synthesize postures for particle positions. All the detailed hand postures, including configurations
of all joint angles, are generated by the local optimization algorithm. The global planning focuses on
the relative position between the hand’s base frame and the object. The location of the base frame is
designed as the particle position. The fitness value consists of the grasp quality Q∞ and the overlap
ratio σr. The position of the hand’s base frame will be updated during each iteration of PSO search
and finally converge to several optimal regions. When the hand’s base frame locates within these
regions, the postures generated by the local planning will be more possible to have high Q∞ and σr.

4. Evaluation Results and Simulation
The detailed results of the manipulation capability analysis are presented in this section. Based on
the evaluation sets generated from the analysis, simulations are conducted to validate the proposed
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Algorithm 1: PSOSearching

Input: Object’s SQ parameter vector −→sp t, Sin and transformation matrix Tgpose

Output: Configuration Set Gconfiguration = [Gg, Gp]
1 begin
2 Initialization: partical number pnum, iteration times iternum, initialization

limitaion ininum, global index gindex = 0, partical index pindex = ∅,
Gconfiguration=∅, bframe = ∅, particale velocities
pvec = (pvec1, pvec2, pvec3), particale positions ppos;

3 for il = 1 to ininum do
4 hframe=BaseframeInitialization(−→sp t, pnum);
5 Pset=LocalPlan(hframe, −→sp t);
6 if Pset 
= ∅ then break;

7 if Pset=∅ then Error(“Fail Initialization”), return;
8 Initialize the particle’s best known position: Pset → Gp, ppso;
9 for ip = 1 to pnum do

/* inp is the number of overlapped inline points */
10 inp=CheckInline(Pset, Sin, Tgpose) σr=r1[ip]=min(inp/ max(inp));
11 r2[ip]=Force(Ptip,−→sp t, Tst); r3[ip]=Moment(Ptip,−→sp t, Tst); // grasp quality

12 pr2 = max(r2); pr3 = max(r3); pindex = r1 + r2/pr2 + r3/pr3;
13 Update the Swarm’s best known position Gg, gindex;
14 Update particle velocities and positions pvec, ppso;
15 for ig = 1 to iternum do
16 hframe=NewFrame(ppso); Pset=LocalPlan(hframe, −→sp t);
17 for ip = 1 to pnum do
18 Calculate the fitness value r;
19 if r > Gp[ip] then
20 update pindex[ip], Gp[ip];
21 if r > gindex then update gindex, Gg;

22 Update particle velocities and positions pvec, ppso;

Limitation of
iteration times

Local Planning: initialize a valid posture set

Initialize particle positions and velocities

Calculate fitness values

Update particle positions and velocities

Local Planning: generate new postures

Final result

No

Yes

Fig. 10. The framework of the local–global optimal planning

planning methods, including SQ fitting and local–global optimization. To test the proposed grasping
planning strategy, a collaborative simulation is carried out based on ROS Indigo and Matlab R2015b.
The test objects are selected from the YCB dataset.25

4.1. Results and discussion of manipulation capability analysis
In this paper, balls with 15 mm, 20 mm, 25 mm, 30 mm, 35 mm and 40 mm radius are chosen as
element objects for the analysis of hand’s manipulation capabilities. These balls represent not only
spherical objects but also objects with similar local dimensions.

The NGWs of FT-Hand for different element objects are shown in Fig. 11. Figure 12 shows the
IMA of grasp configurations for two element objects with radius = 15 35 mm. The analysis results
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Fig. 11. The NGW of FT-Hand for different element objects, radius = 15 mm, 20 mm, 25 mm, 30 mm, 35 mm
and 40 mm. The unit of Xh- and Zh-axis is millimeter.

Fig. 12. In-hand manipulation ability of grasp configurations for the element objects. The unit of the Xh- and
the Zh-axis is millimeter. (a) Translation abilities: radius = 15 mm, radius = 35 mm. (b) Rotation abilities:
radius = 15 mm, radius = 35 mm.

for other element objects are shown in Appendix B. According to the results, for objects with differ-
ent dimensions, FT-Hand shows two general kinds of manipulation properties. Correspondingly, the
element object is divided into two groups: objects with radius ≤ 20 mm are defined as S-object and
others are defined as L-object.

• Evaluation results of NGW. As shown in Fig. 11, the NGWs of FT-Hand for all element objects
locate in the range (50, 100) on Zh-axis, but differ on Xh-axis. The NGWs of S-object locate
only on the −Xh-axis, while for L-object, the NGWs distribute in the similar regions on the
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+Xh- and the −Xh-axis. This difference is caused by the mechanical structure of FT-Hand.
When index and little finger have no lateral rotation θi1, θl1 = 0, the PCA fingers cannot all
contact with the small radius objects at the same time, because fingertips will hinder with each
other. To grasp small objects, the index and little fingers must bend largely and simultane-
ously rotate laterally, which will move the region of valid points toward −Xh direction and lead
to larger lateral rotation angles of these two fingers for grasping S-objects than for L-objects.
As shown in Fig. 11, for S-object, the NGW locates within the space HGS = {(xh, yh, zh)|yh =
0, xh ∈ (−60, 0) mm, zh ∈ (50, 100) mm}, while for L-object, the NGW locates within the space
HGL = {(xh, yh, zh)|yh = 0, xh ∈ (−40, 40) mm, zh ∈ (50, 100) mm}.

• Evaluation results of IMA. For different points in NGW, the achievable manipulation range of the
corresponding neutral configuration is different as shown in Fig. 12. Therefore, the best grasp
configuration varies with particular manipulation tasks. The large lateral rotation angles of index
and middle finger to grasp S-objects also cause two distinguishing features of IMA:

1) For the points {(xh, zh)|xh ∈ (−30, 0) mm} in S-object’s NGW, the translation manipulation of
the corresponding neutral configurations performs poorly in the +Xh direction.

2) Neutral configurations for S-object have good performance in rotation about the Zh-axis, while
configurations for L-object perform poorly in rotation about the Zh-axis.

In general, for S-objects, neutral configurations in the range HMS = {(xh, yh, zh)|yh = 0, xh ∈
(−25, −35) mm, zh ∈ (70, 80) mm} has balanced IMA in all direction. For L-objects, the range
is HML = {(xh, yh, zh)|yh = 0, xh ∈ (−5, 5) mm, zh ∈ (70, 80) mm}.
According to the discussion above, NGW HG differs with object’s dimension, and in-hand manip-

ulation capabilities relate to the locations of the neutral configurations in NGW. The center region
HM of NGW has balanced manipulation performance. During simulation experiments, the detailed
set is chosen according to the object’s dimension. If at1 ≤ 20 mm, HG =HGS,HM =HMS, else
HG =HGL,HM =HML.

4.2. Results and discussion of SQ fitting
During the simulation, the point clouds of objects are gathered in a scene built up in Gazebo 2.2.
This scene includes a table, two Kinects, and an object. These Kinects are set on two opposite sides
of the table separately. The global frame {G} is built up at the center of the table and the Zg-axis is
vertical to the table plane. At the beginning of each simulation, an object is randomly put into the
scene. Then the point cloud of the scene is gathered by Kinects and Gaussian noise is added to the
gathered signal. After modifying the whole point cloud based on Point Cloud Library (PCL), the
point cloud of the object is obtained and utilized as the input for our planning framework. Figure 13
shows some examples of SQ fitting. For the unknown object with rough convex shape, SQ fitting
performs effectively for model representation.

During the fitting process, the transfer matrix Tgpose(xgc, ygc, zgc, φ) and surface information of
the object can be obtained simultaneously. In order to judge the local property approximation perfor-
mance of SQ fitting, Figs. 13 and 14 show the estimation results of surface normal vectors at inline
points by SQ function and PCL library, respectively. For each object, the average normal orienta-
tion error 
θn is calculated. According to the comparison, several conclusions can be concluded as
follows:

1. The estimation deviation 
θn for objects with regular shapes are acceptable as shown in Fig. 14.
However, if the inline point locates on the edge of the fitted SQ shape, the surface normal cal-
culated by SQ function is normally incorrect, especially for box-like and columnar shapes. For
objects with all dimensions smaller than 20 mm, the SQ function performs more stable than PCL
library in estimation. Because during the extraction of object point cloud from the signal of the
Kinect, normally a supervoxel filter is performed for the whole original point cloud at first. This
step aims to speed up the computation, however it will cause the deficiency of the points in the
small object point cloud, which leads to the inaccuracy of surface normal estimation by the general
method in PCL library.
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Fig. 13. SQ fitting results for objects from the YCB set. The green points are the original points and the yellow
points are the inline points. The transfer matrix for the objects is Tgpose(xgc, ygc, zgc, φ).

Fig. 14. Normal estimation for objects with regular shape. The black arrows are surface normals calculated by
SQ functions. The red arrows are surface normals estimated by PCL library. The unit of θn is radian. (a) Boxes.
(b) Cylinders. (c) Elliptical cylinders. (d) Balls

2. For ball-like objects, the general estimation errors 
θn are relatively larger. Because during the
collection of object point cloud, the bottom part of ball-like object will be sheltered by the upside,
which leads to the incomplete of point cloud and the large deviation for the object’s center estima-
tion. Therefore, the errors of fitted SQ shapes and estimated normal vectors for ball-like objects
are slightly larger than other objects as shown in Fig. 14(d).

3. For flat objects with very small size in Z-dimension, SQ function performs very poorly in surface
normal estimation, which is also caused by inaccurate object’s centers.

4. For objects with irregular shapes, SQ fitting results are improper. A method combining segmen-
tation and SQ modeling can be utilized to improve fitting results9 as shown in Fig. 15(b). The
subpart with large dimensions or many inline points is chosen as the main part for the planning of
contact locations.

It has to be mentioned, that 
θn cannot directly indicate the quality of normal estimation, because
both methods have errors. The SQ function can only be utilized for estimations of surface normals
at inline points, and estimation errors increase at the edge of SQ shapes. Surface normal vectors
generated by SQ method reflect the general surface properties, but perform weakly in the expression
of very detailed features. The common normal vector estimation method in PCL library performs
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Fig. 15. Normal estimation for objects with special shape. The black arrows are surface normals calculated by
SQ functions. The red arrows are surface normals estimated by PCL library. The unit of θn is radian. (a) Shapes
with small dimensions in Z-axis (b) Complex shapes. The first row of figures for complex shapes show the
results estimated within the software MeshLab V1.3.2.

(a) (b)

Fig. 16. PSO searching process. The unit of axes is millimeter. (a) Initial particles. (b) Terminal state of PSO
searching.

well in the presentation of local features, but sometimes it is too precise for surface textures. For
example, for surfaces covered with anti-skid rubber particles, too detailed normal vector estimation
is an obstacle to grasp planning. Besides, deficiency of points in the target point cloud will also cause
the instability of normal vector accuracy.

As discussed above, a fitting quality evaluation index Esq formulated as Eq. (13) should be
calculated after SQ fitting. If Esq < Tolsq, SQ fitting combining point cloud segmentation will be
done to improve the fitting quality.9 In this paper, Tolsq is set to be 0.55:

Esq = number of the points in Sin

number of the points in the original point cloud
(13)

4.3. Results and discussion of precision grasp planning
In the simulation, the local planning is used for configuration synthesis during each revolution of
PSO search. For PSO, the number of iteration is set to 100, the learning factors are set to 1 and the
time factor is formulated as ω = 1 − ig/iteration. Five particles are initialized for PSO as shown in
Fig. 16, and five final configurations for a box-like object are shown in Fig. 17.
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Fig. 17. The grasp configurations for the box-like object.

Table III. Grasping success ratios for different objects.

Object Ratio Object Ratio

Large bottle 0.90 Apple 0.95
Small bottle 0.93 Pear 0.90
Large cup 0.85 Drill 0.90
Small cup 0.55 Screwdriver 0.95

Hammer 0.95

Fig. 18. Grasp configurations for different targets. (a) Large bottle. (b) Small cup. (c) Apple. (d) Drill.
(e) Hammer, large cup, small bottle, pear and screwdriver.

This planning framework generates several valid grasp configurations together with their evalua-
tion indices for unknown objects with different dimensions, even for small dices. The local planning
costs most of the planning time, because it includes a traditional optimization process. In order to
enhance the computation speed, the number of particles should be limited below 10, but the small
number of particles may cause the global PSO search converge to the local optimum. Therefore, a
mirror probability is introduced into the global search. The origin of hand’s base frame within the
region {(xsh, ysh, zsh)|zsh < 0} has a possibility to be mirrored about the Xs − Ys plane, while the ori-
gins within the region {(xsh, ysh, zsh)|zsh > at3} may be mirrored about the Zs − Ys plane as shown in
Fig. 16(a). This mirror operation makes the searching process expand more efficiently to the whole
range of the feasible region with fewer particles and iterations.

For the initial particles, two conditions need to be satisfied according to the simulation results:

1. At least one valid configuration should be included in the initial particles, otherwise, the search
will diverge and exceed the feasible region very fast.

2. More initial particles should be set for small objects, because feasible grasp configurations for
small object are very limited. If the initial particles is too few, configuration synthesis will fail at
most PSO search positions. Increasing the number of initial particles will not reduce the compu-
tation speed, because point clouds of small objects include fewer points, so that SQ fitting and
local planning processes will be more efficient than large objects.

More objects are tested in the simulation environment as shown in Fig. 18. During the simulation,
weights of all objects are set to be 100g. We execute 30 trials on each object, and the success ratios
for all objects are shown in Table III. Because of the inaccuracy of fitted SQ model edges, if there
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are important surface features near this region, the success ratio of grasp planning will be largely
reduced, such as small cup shown in Fig. 17(b).

The local–global optimization planning method introduced in this paper is effective for regular and
convex shapes. For objects with irregular features, the planning method has different performances:

1) Object has concave or special local geometry on the surface, such as the bottles shown in
Fig. 14(c): Although SQ models are regular and convex shapes, several irregular local geometries
on the surface will not interfere with the grasp planning. The contact points will only locate within
the overlap region between the fitted model and the original point cloud. This is the importance
to import the inline point set Sin into the global optimization.

2) Object’s shape is complex, such as the drill and clamp shown in Fig. 15(b), or concave, such
as banana or crescent: If the fitting quality Esq < Tolsq, a method combining segmentation and
SQ modeling is utilized for these objects to improve fitting results. The original point clouds of
objects is segmented into several subparts, and SQ fitting is executed for each subpart. Therefore,
the final SQ model for the original object may consist of several submodels. A submodel with
better fitting quality is chosen as the main part for grasp planning, while other submodels are
regarded as obstacles.

3) Object with important local features, such as mug with a handle or annulus: Because fitted SQ
model is the envelope shape of object, local features inside the SQ model is hard to express.
Therefore, with the local–global planning method, the contact points will never locate on those
local features. However, this does not mean that the planning method cannot generate a valid
posture. The contact points of those valid postures can still locate on the envelope shape. Taking a
mug as an example, by the presented planning method, the robotic hand will not grasp the handle,
but the main body of the mug.

As a conclusion, the proposed local–global optimization planning method is able to generate valid
postures for irregular objects, but the successful ratio of grasping is lower than regular objects.

Compared with other researches for grasp planning, SQ fitting is utilized for precise grasp plan-
ning in this paper, which is rarely discussed before. The planning framework introduced in this paper
is able to deal with unknown objects without precalculated posture sets. Besides, it can generate
several poses of the hand’s base frame and relevant configurations of all joints at the same time.

5. Conclusion
In this paper, to stably grasp unknown objects by multi-finger hand, an optimal precision grasp-
planning strategy is presented. The manipulation capabilities of the robotic hand are analyzed first.
The analysis results are utilized as the pre-conditions of the planning algorithm to increase the effi-
ciency. Second, an SQ fitting method is utilized for reconstructing object models, which enables
the proposed grasp planning to deal with unknown object. Inline points are extracted to represent
feasible grasp region. Particularly for complex objects, a method combining segmentation and SQ
fitting was utilized instead. Thirdly, in order to find an appropriate grasp configuration, a local–
global optimization method is applied. The contact optimization for each fingertip generates the local
grasp configuration and the PSO search algorithm is used for determining the grasp configuration
with better contact distribution. Finally, simulations are implemented to demonstrate the proposed
grasp-planning framework.

The proposed grasp-planning framework is suitable for grasping unknown objects. However, its
planning efficiency is not high enough to realize online planning. Improving the efficiency will be our
primary future work. At the same time, in order to realize the proposed grasp-planning framework on
a real-world platform, the allocation of finger contact force and unified hand-arm planning are also
considered in our future work.
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Appendix A

Algorithm 2: WorkspaceSearching
Input: P0 = [−14, 0, 73], radius of the element object r, β, search step 
p, search

range zup, zlow, xup, xlow

Output: Point set Rp, finger joint angles set J
1 begin
2 i = 0, R = ∅, J = ∅;
3 for xi = 1 to xup; // column-search
4 do
5 flag = 1;
6 for zi = 1 to zup; // line-search
7 do
8 check the validity of Pi;
9 if Pi is valid then

10 Pi → Rp, finger joints angles �n → J, Pi+1 = Pi + [0, 0, 
p],
i = i + 1, flag = 0

11 else
12 if flag 
= 0 then Pi+1 = Pi + [0, 0, 
p], i = i + 1;
13 else break;

14 flag = 1, Pi[3] = 72;
15 for zi = 1 to zlow; // line-search
16 do
17 check the validity of Pi;
18 if Pi is valid then
19 Pi → Rp, �n → J, Pi+1 = Pi − [0, 0, 
p], i = i + 1, flag = 0
20 else
21 if flag 
= 0 then Pi+1 = Pi − [0, 0, 
p], i = i + 1;
22 else break;

23 if flag == 1 then break;
24 else Pi[3] = 73, Pi+1 = Pi + [
p, 0, 0], i = i + 1;

25 Pi = [−15, 0, 73];
26 for xi = 1 to xlow do
27 same as line5 to line22;
28 if flag == 1 then break;
29 else Pi[3] = 73, Pi+1 = Pi − [
p, 0, 0], i = i + 1;
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Algorithm 3: MotionRange
Input: Neutral point set R, finger joint angles set J, motion step set S
Output: Motion range set M

1 begin
2 num = Size(R), M = ∅;
3 for ip = 1 to num do
4 P0 = Rp[ip], �n = J[ip], P0 → M;

/* P0 is the element object center */
5 [Pftt, Pfit, Pfmt, Pflt] = ForwardKinematics(�n);

/* Coordination of each fingertip */
6 Vbt = Pftt − P0, Vbi = Pfit − P0, Vbm = Pfmt − P0, Vbl = Pflt − P0;
7 for id = 1 to 8 do

/* translation directions including +Xh, −Xh, +Zh, −Zh

*/
/* rotation directions including +Xh, +Yh, −Yh, −Zh */

8 flag = 1, i = 1, Pr, Pi = P0, rot = 0;
9 while flag == 1 do

10 if id ≤ 4 then
/* for translations */

11 Pi+1 = Pi+S[id];
12 Pft = Vbt + Pi+1, Pfi = Vbi + Pi+1, Pfm = Vbm + Pi+1;
13 CheckValidation(Pft, Pfi, Pfm);
14 if invalid then i − 1 → M, flag = 0;
15 i = i + 1;
16 else
17 rot = rot + S[id], Mtrans = TransMatrix(rot);
18 if id == 8 then Pr = Mtrans ∗ (−Vbm) + Pmt;

/* rotation around Zh-axis is specific to Mt */
19 Pft = Mtrans ∗ Vbt + Pr, Pfi = Mtrans ∗ Vbi + Pr,

Pfm = Mtrans ∗ Vbm + Pr, Pfl = Mtrans ∗ Vbl + Pr;
20 CheckValidation(Pft, Pfi, Pfm, Pfl);
21 if invalid then rot − S[id] → M, flag = 0;
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Appendix B

Fig. 19. Translation capability of FT-Hand for element objects. The unit of Xh and Zh is millimeter.
(a) Radius = 20 mm, (b) radius = 25 mm, (c) radius = 30 mm and (d) radius = 40 mm.
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Fig. 20. Rotation capability of FT-Hand for element objects. The unit of Xh and Zh is millimeter.
(a) Radius = 20 mm, (b) radius = 25 mm, (c) radius = 30 mm and (d) radius = 40 mm.
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