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Abstract 

Detecting contact when fingers are approaching an object and estimating the magnitude of the force the fin-
gers are exerting on the object after contact are important tasks for a multi-fingered robotic hand to stably grasp 
objects. However, for a linkage-based under-actuated robotic hand with a self-locking mechanism to realize stable 
grasping without using external sensors, such tasks are difficult to perform when only analyzing the robot model 
or only applying data-driven methods. Therefore, in this paper, a hybrid of previous approaches is used to find a solu-
tion for realizing stable grasping with an under-actuated hand. First, data from the internal sensors of a robotic hand 
are collected during its operation. Subsequently, using the robot model to analyze the collected data, the differences 
between the model and real data are explained. From the analysis, novel data-driven-based algorithms, which can 
overcome noted challenges to detect contact between a fingertip and the object and estimate the fingertip forces 
in real-time, are introduced. The proposed methods are finally used in a stable grasp controller to control a triple-fin-
gered under-actuated robotic hand to perform stable grasping. The results of the experiments are analyzed to show 
that the proposed algorithms work well for this task and can be further developed to be used for other future dexter-
ous manipulation tasks.

Keywords Fingertip contact detection, Fingertip force estimation, Multi-fingered hand, Externally sensorless 
grasping, Grasping, Manipulation

Background
In the robotic manipulation field, grasping using under-
actuated hands has recently been receiving more 
attention [1–4]. This is because, by relieving the over-
constraint problem, mechanical compliance can be 
achieved, and the power grasping controller becomes 
simple. In addition, a lower number of actuators means 
that the robotic hand is more energy- and cost-efficient 
and can be lighter compared to a fully actuated hand. 

This paper focuses on one common type of under-actu-
ated hand, a linkage-based mechanism, which facilitates 
serial and parallel links to transmit high actuator power 
to the fingertip to execute a large force to grasp large/
heavy objects [5].

During the finger bending process, a common link-
age-based under-actuated mechanism operates using 
one or several mechanical parts that act as “rotational 
limiters” (e.g., breaks or stoppers [6]), which lock some 
of the links in the finger base from moving in a certain 
direction, while forcing other links at the upper part to 
move, causing the tip of the finger to bend [7, 8] (see 
Fig. 1). By utilizing a self-locking mechanism, the finger 
can grasp objects in many situations, even under signif-
icant object pose and size uncertainties. Hence, adap-
tive or power grasping with the fingers automatically 
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wrapping around an object without specifying a desired 
fingertip position during control can be realized (see 
Fig. 2c). Besides the indicated advantages of a linkage-
based under-actuated hand, this particular mechanism 
also allows the hand to be easily bent to perform other 
tasks, such as scooping (see Fig.  2a) or simple object 
manipulation without complex sensing [9].

However, the use of self-locking mechanisms in link-
age-based under-actuated hands create passive shifts that 

lead to nonlinearity in the kinematics/dynamics of the 
fingers during the finger-bending process, making it dif-
ficult to model, as well as to obtain necessary information 
for precision grasping, such as the detection of contact 
between the fingertip and object to switch the control 
phase from approaching to grasping, or the estimation of 
fingertip force to perform precision grasping. Therefore, 
although there are several existing studies on fingers with 
a similar mechanism, the majority of their focus is simple 
self-adaptive power grasping (see Fig.  2c) [10, 11]. Due 
to such challenges, while dexterous manipulation meth-
odologies for fully-actuated hands have already been 
introduced throughout the years, it is still challenging 
for linkage-based under-actuated hands to realize even a 
simple task such as stable object grasping using the fin-
gertips. To allow linkage-based under-actuated hands 
to realize more complicated precision grasping tasks, 
the focus of this paper is developing new methodolo-
gies to obtain the required information to perform sta-
ble grasping, which is the foundation task for dexterous 
manipulation.

In recent years, to address the problem of uncertain-
ties in grasping/manipulation, vision and sensor-based 
methodologies to obtain as much information as possible 
have become very common, and experiments are mainly 
performed in an ideal laboratory environment [12–15]. 
Although the indicated controllers can be used in very 
specific situations (e.g., in a location with enough light-
ing and no significant or frequent changes in the environ-
ment), they are still not flexible enough to be used for a 

Fig. 1 Linkage-based under-actuated self-locking hand mechanism

Fig. 2 Tasks using an under-actuated hand
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variety of other tasks in the industry (e.g., outdoor tasks, 
rough use). The reasons behind this vary, with the most 
common reasons being that the aforementioned sen-
sors and controllers are still under development and the 
environment can affect the sensor data quality, which 
can affect the robustness of the method. Camera sensors, 
which are used very commonly to collect information 
about objects to be grasp, do not work well in extreme 
lighting conditions or on reflective objects. On the other 
hand, special types of tactile sensors used to obtain the 
fingertip contact point and fingertip force still have prob-
lems with robustness, noise, accuracy, and drift, and are 
difficult to maintain [16], so they are not ready to be used 
in some uncertain situations (e.g., grasping unknown 
objects, in unstructured environments, grasping objects 
that can damage the tactile sensors). Rather, the majority 
of manipulators/robots in the industry still have robust 
and widely used sensors attached inside the hand, far 
from the tip, and necessary information is obtained by 
transforming the sensor signals. For that reason, to satisfy 
industry demands, the focus of this paper is to develop 
a methodology to transform the internal sensor data in 
real-time so that unknown information can be obtained 
with enough accuracy for manipulation tasks. Further-
more, this also means that it is better not to rely entirely 
on those devices when manipulating unknown objects or 
in an unstructured environment, and external sensor-less 
controllers still need further investigation.

For the aforementioned reasons, the significant chal-
lenge in in-hand manipulation using a linkage-based 
under-actuated hand is to keep a grasped object stable 
while performing dexterous manipulation tasks in an 
unstructured environment, in which prior information 
about the object is missing, sensor data are prone to be 
noisy, and preparing additional special sensing devices to 
support this operation is not a solution. Therefore, this 
paper focuses on developing a methodology to acquire 
the required information to utilize the previously devel-
oped stable grasping controller, namely the contact 
detection between the fingertip and object, as well as 
the fingertip force, while overcoming the challenges of 
(1) noisy internal sensor data, (2) non-linear kinemat-
ics/dynamics of a linkage-based mechanism, and (3) not 
using external sensors to support the task.

Related work
External sensorless grasping/manipulation
Regarding research on external sensorless methods for 
dexterous manipulation, in recent decades, the common 
method is to apply an analytics model-based approach. 
This technique uses a robot model with many assump-
tions to compute a mathematic relation between known 
and necessary information to control the robot. This 

also allows researchers to understand the phenomenon 
behind the dynamics/kinematics of the robot and to 
simulate what is likely to happen without risking dam-
aging the real robot. Using this approach, Arimoto et al. 
introduced a new modeling and analytical-mechanics 
approach to simulate the grasping process without using 
any information regarding fingertip contact point and 
object mass [17–19]. Then, in subsequent work, sig-
nificant research effort has been applied to the idea to 
further develop various control methodologies. Regard-
ing stable grasping with a triple-fingered fully actuated 
hand, Tahara et al. [20] developed an external sensorless 
post-contact controller to stably grasp objects. However, 
state-of-the-art methods still face many challenges when 
modeling multi-fingered hands. For linkage-based under-
actuated fingers with nonlinear complex kinematics/
dynamics, which are difficult to model, these techniques 
face additional problems with inaccuracy, making them 
unsuitable for precision grasping tasks. Additionally, to 
automate the whole grasping process with these post-
contact controllers, switching signals or contact between 
the fingertips and object should be detected in real-time, 
which is challenging for an under-actuated hand to real-
ize without using additional sensors. Facing somewhat 
similar problems, Ozawa et  al. [21] also discussed a 
“force-sensorless fault tolerant detection and switching 
control” for a tendon-based under-actuated hand. For 
linkage-based under-actuated hands, external sensorless 
methods are still not available for fingertip contact detec-
tion and force estimation. For these reasons, while many 
controllers for various types of robots have been studied, 
the majority cannot be applied directly to a linkage-based 
under-actuated hand, and methods to obtain the neces-
sary information to regulate the robot using feedback 
need to be further investigated.

Precision grasping/dexterous manipulation 
with an under‑actuated hand
When addressing uncertainties in controlling under-
actuated hands, many studies have focused on using only 
an end-to-end learning framework with little or no use 
of the robot’s physics knowledge [13, 15]. The majority 
of these experiments are carried out in an ideal environ-
ment with various types of external sensors to gather as 
much information as possible for the robot to make deci-
sions. Hence, an end-to-end machine learning framework 
is not the ideal solution for stable grasping in the case 
of no additional external sensors. However, in the last 
decade, some researchers have addressed this challenge 
from a different point of view. To make under-actuated 
fingers useful for dexterous manipulation tasks, Liaroka-
pis and Dollar [22–24] presented methodologies that 
combine learning with analytics models for dexterous 
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manipulation to overcome the difficulties of control-
ling a tendon-driven under-actuated hand. The use of an 
analytics model in the learning framework significantly 
reduced the amount of sensor data required for learning, 
and its effectiveness was also demonstrated. Yet, simi-
lar approaches have not been applied to a linkage-based 
under-actuated hand. On the other hand, significant 
improvement in model-based controllers combined with 
reinforcement learning for manipulation using the entire 
robotic arm has also been demonstrated [25, 26]. Thus, 
while only a few papers have focused on this approach, 
combining an analytics model and learning has been 
demonstrated to be an effective method to address the 
challenges this paper focuses on.

Data‑driven based stable grasping method
In [27], the idea of using a well-known clustering algo-
rithm in the data science field, the density-based spatial 
clustering of applications with noise (DBSCAN) algo-
rithm [28], to detect “pre-contact” and “post-contact” 
data points was discussed. The idea of choosing suitable 
parameters for the algorithm, as well as how to simplify 
the algorithm for real-time use is also briefly discussed in 
this paper. Then, in [29], the preliminary results of sta-
ble grasping with a data-driven-based controller for each 
finger were introduced, which can benefit from the use 
of contact detection and fingertip force estimation meth-
ods to regulate the grasping process under disturbance. 
In this paper, using the proposed ideas as a foundation, 
two novel algorithms to detect contact and estimate the 
force the fingertips exert on an object in real-time and 
a detailed explanation of a stable grasping controller for 
the whole under-actuated hand are presented.

Method
In this paper, to have an external sensor-less stable grasp-
ing controller for an under-actuated hand, a hybrid 
model-based and data-driven approach is used, so that 
the advantages of both can be utilized while reducing the 
disadvantages of each. The structure of this methodology 
is shown in Fig. 3. The study starts with collecting a large 
amount of data from the internal sensors of a robotic 
hand during finger bending operations. Next, using a 
robot statics model and field knowledge, the meaning 
of the collected data is explained. Using the analysis, 
the difference between the analytics model with various 
assumptions and the phenomenon observed in the real 
robot is determined. Then, novel data-driven-based algo-
rithms, which are suitable to overcome the problem with 
modeling such phenomenon, are proposed. Such meth-
ods are used to replace the specific parts in the model 
which do not represent real behavior well. Finally, using 
the proposed data-driven methods in a model-based con-
troller, stable grasping experiments are conducted, the 
experimental data are collected for analysis, and the cycle 
is repeated.

Paper structure
The subsequent parts of this paper are structured as fol-
lows: The “Problem Statement” section explains the 
design and the background of the robotic hand used in 
the experiment, the problem this paper is focusing on, 
and the generalization of the proposed method to similar 
hands. The "Data Collection and Analysis" section pre-
sents the collected time series data from internal sensors 
during the finger-bending process, and explains the phe-
nomenon observed. The “Fingertip Contact Detection” 
section introduces the method used to learn the behav-
ior of the collected data to find suitable parameters for 
the DBSCAN algorithm to detect contact data points, 

Fig. 3 Proposed approach
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and the novel algorithm which uses learned information 
to detect contact in real-time. The “Fingertip Force Esti-
mation” section proposes a new algorithm, which utilizes 
the Fingertip Contact Detection algorithm output to esti-
mate the fingertip force during grasping. The “External 
Sensor-less Stable Grasping Technique using a Virtual 
Frame” section explains the stable grasping technique 
applied in this paper. In the “Stable Grasp Controller for 
the Jinki Hand” section, a controller for each finger, as 
well as the controller for the whole robotic hand are pre-
sented. Using this controller, stable grasping experiments 
are carried out and discussed in the “Stable Grasping 
Experiment” section, and the data collected are analyzed 
to evaluate the proposed algorithms. The paper ends with 
the “Conclusion” section summarizing the content of the 
paper and a discussion of the methodology results and 
how it will be used in future work.

Problem statement
In this experiment, a triple-fingered under-actuated 
robotic hand (the Jinki Hand) (see Fig.  4) made by our 
collaborator, Man–Machine Synergy Effectors Inc. 
(MMSE) [30], is used. MMSE has been developing 
humanoid robots to perform dangerous and dexterous 
manipulation tasks in unstructured industry environ-
ments, and the Jinki Hand was developed to be attached 
to those humanoid robots. The Jinki Hand has three link-
age-based under-actuated fingers with the same design: 
an index (Finger 1), thumb finger (Finger 2), and middle 
finger (Finger 3) (see Fig.  5). The hand was designed so 
that Fingers 1 and 3 can freely rotate from 0° to 100° with 
support from two rotation supporters, while Finger 2 
remains fixed. The configuration of each finger is shown 
in Fig. 6. Each finger has a lead screw located at the bot-
tom which connects with a motor. By applying a voltage 
to the motor, the lead screw moves up and down in the 
vertical direction. From the motor encoder, the loca-
tion of the lead screw can be determined. Therefore, the 
use of the motor and lead screw in this design works as 
a linear actuator to bend each finger. A rotational lim-
iter is designed to be at a location to lock some specific 
links (see Fig. 1). In each finger, a load cell is attached to 

the link that connects the actuator with the upper part 
of the finger to measure the internal force in this link in 
real-time.

It is important to note that the location of the load 
cell sensor in the Jinki Hand is far from the fingertip, 
and with this complex configuration, creating a precise 
analytical model to obtain the relationship between the 
load cell value and fingertip force is challenging. This 
paper focuses on the linkage-based under-actuated hands 
with a similar self-locking mechanism, in which internal 
force and position sensors can be attached to the link 
inside the robot for the data-driven-based methods to be 
applied. More specifically, each time the fingertip touches 
the object, there should be a change in the internal force 
that can be captured by a force sensor. Our methodolo-
gies then utilize such data and overcome other challenges 
such as sensor noise, and discrete shifts in the kinemat-
ics/dynamics of the hand to detect contact. A force sen-
sor should also be placed in the location where the statics 
relation between its data and the fingertip force can be 
derived. Then, the novel algorithm can obtain unknown 

Fig. 4 Jinki Hand

Fig. 5 Jinki Hand top view

Fig. 6 Jinki Hand finger configuration
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terms necessary to derive the fingertip force. One posi-
tion sensor should be at the location where the kinemat-
ics relation between its data and the fingertip position 
during precision grasping can also be formulated. As long 
as those conditions are met, similar hands with the same 
mechanism but different specifications, including differ-
ent numbers and sizes of links or with more rotational 
locks, can also apply the generalized novel algorithms.

In this paper, we focus on developing a stable grasp-
ing control system for the linkage-based under-actuated 
hands. Our approach is to utilize the external sensor-
less fingertip grasping technique that has already been 
validated to be able to keep objects stable without utiliz-
ing object properties in the controller [20]. To keep the 
object stable, the technique requires all of the fingertips 
to be in contact with the unknown object, and then con-
trol the fingertip force in a feedforward manner without 
knowing the exact contact location and force of each 
fingertip. In other words, to enable such a technique to 
a linkage-based under-actuated hand, only obtaining the 
boolean information of whether each fingertip contacted 
the object or not, and a method to roughly control the 
fingertip force, are necessary. However, such an approach 
is difficult to realize on a linkage-based under-actuated 
hand with no tactile sensors. Therefore, our solution 
is to adjust the controller and introduce novel finger-
tip contact detection and force estimation algorithms 

for feedback control to execute the stable grasping pro-
cess. Thus, it is important to note that the term “finger-
tip contact detection” in this paper refers to the process 
of obtaining the boolean information of fingertip con-
tact/non-contact. Our work is to confirm that such an 
approach allows the linkage-based under-actuated hands 
to execute the previously proposed stable grasping 
technique.

Data collection and analysis
Data collection
First, the data from the internal sensors of the robotic 
hand, including the position encoder and load cell at 
each finger, were collected during one finger-bending 
process, which is the process from when the finger is 
straightened until it is fully bent without contacting 
the object. The finger-bending process was performed 
again, but this time we touched the fingertip twice dur-
ing the process (once before self-locking occurred, and 
once after) (see Fig. 7). The experiment is conducted to 
observe the changes in the internal sensors data when 
the fingertip is touched. Subsequently, for each finger, 
the finger-bending process was carried out 200 times 
(see Fig.  8), which is assumed to be enough to record 
most of the possible internal sensor behavior during 
the finger-bending process. The data are cleaned so 
that duplicated values are removed and the data are 

Fig. 7 Load cell - lead screw position data during one finger-bending 
process

Fig. 8 Load cell - lead screw position data during 200 finger-bending processes

Fig. 9 Difference in the data collected from three fingers 
with the same configuration
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rounded to a significant figure suitable for the sensor 
resolution. It is important to note that the load cell and 
lead screw position encoder values are both initialized 
at the start of the experiment, when the finger is fully 
straightened. Hence, the data obtained are with respect 
to the initialized value.

Analysis of collected data
Nonlinear behavior of under‑actuated fingers
In each of the three subfigures in Fig.  8, a shift in the 
load cell data when changing the lead screw position 
around 45  mm can be observed. The same phenome-
non can also be seen in Fig. 7, in both the “No contact” 
and “Contact twice” experiments.

The shift in the load cell sensor data that occurs dur-
ing each finger-bending process, as explained above, is 
due to the use of one rotational limiter in the bending 
mechanism of the linkage-based under-actuated finger, 
and the shift represents the change in the internal force 
when the brake starts exerting force on the link for the 
self-locking mechanism.

Lack of replication in the same finger bending process 
and same finger configuration
From Fig.  8, it can be seen that the process lacks repli-
cation in internal sensor data even though the same fin-
ger movement was carried out 200 times for each finger. 
This can be explained as the effect of sensor noise, drift, 
calibration error, hand vibration, and many other exter-
nal factors. In industrial use, these factors cannot be 
fully controlled, and the sensor data are expected to vary 
even more when attached to the robot’s arm. In addition, 
since the exact lead screw position where the self-lock-
ing occurred, even for the same finger, differs in every 
finger bending process, the nonlinear behavior becomes 
even more challenging to solve. Moreover, while hav-
ing the same design, due to slight errors in the robotic 
hand manufacturing process, the data collected are dif-
ferent for the three fingers (see Fig.  9). Thus, using the 

robot design to create an analytics model could result in a 
highly inaccurate controller.

Deviation of the contact data from the “non‑contact zone”
In Fig. 7, it is obvious that the contact data points devi-
ate completely from where the data usually appear on 
the graph. The visualization of this idea can be seen 
in Fig.  10. In addition, when plotting the data density 
graph of each 200 finger-bending data collected (the 
density is the data point per pixel in the figure, see 
Fig. 11), the result showed that in these collected data, 
the non-contact zone has much higher density. Thus, 
a data-driven-based classification method using data 
density characteristics can be used to detect contact 
and non-contact data points.

Fingertip contact detection
Contact and non‑contact data points detection using 
the DBSCAN algorithm
In [27], the concepts and use of the DBSCAN algorithm 
in the robotic manipulation field are introduced. The 
DBSCAN algorithm goes through every data point in 
the input dataset and detects its cluster using the fol-
lowing rule: a data point that has more than MinPts data 
points in the Eps neighborhood (within the distance Eps) 
belongs to the same cluster as those points (see Fig. 12). 
The metric for the distance between 2 data points used 
here is the Euclidean distance in the data science field. 
After analyzing all data points, the data points which do 
not belong to any cluster are detected as outliers [28]. 
In the “Data Collection and Analysis” section, 200 fin-
ger bending data for each finger were collected, which 
are assumed to represent all of the internal sensor data 
behavior when the fingertip is not in contact with the 
object (non-contact representative datasets). As a result, 

Fig. 10 Deviation of contact data points from the non-contact point 
“area”

Fig. 11 Data density of each 200 finger-bending dataset
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it is necessary that each DBSCAN algorithm tuning 
detects all points in the respective non-contact repre-
sentative dataset to be in the same “non-contact cluster”. 
In addition, it is also necessary for the DBSCAN algo-
rithm to be sensitive enough to detect the contact points 
as outliers. For the parameter tuning process, each of the 
non-contact representative datasets is used to determine 
the suitable set of DBSCAN parameters for each finger.

The DBSCAN parameter tuning algorithm for contact 
data detection (see Algorithm 1) requires three inputs: D 
is the representative dataset of the finger currently tun-
ing, 1 to MaxPts is the tuning range of MinPts, and FoS 
is the safety factor. This algorithm outputs the tuned tEps 
and tMinPts values, which can be used for the DBSCAN 
algorithm to cluster non-contact and contact data points. 
The goal of the tuning process is to obtain the set of 
parameters that can make the DBSCAN algorithm accu-
rate and sensitive to detect contact data points as outli-
ers, and it is designed as follows:

Algorithm 1 DBSCAN parameter tuning for contact detection

For the tuning process on D, initially (lines 1 to 3), 
MinPts is set to MaxPts and Eps is first set to DeltaEps, 
which is the higher resolution between the lead screw 
position encoder and the load cell sensor. DeltaEps 
should not be smaller than this value because the sen-
sors do not have enough resolution for sensing it. To 
start the tuning loop, loop condition Continue is initial-
ized to TRUE (line 4). In each tuning loop (lines 5 to 
19), first, the previously assigned parameters MinPts 
and Eps are checked using the DBSCAN algorithm on 
D (line 6).

If the current set of parameters cannot detect all non-
contact representative dataset D as “non-contact” (the 
number of clusters Ncluster  = 1 and the number of out-
liers Noutlier  = 0 , line 7), these parameters need to be 
further adjusted. MinPts is adjusted first by reducing its 

Fig. 12 Each loop in the DBSCAN algorithm

Fig. 13 Tuning result example
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value by 1 if it is not already the lowest allowed value of 
1 (lines 8 to 9). Otherwise, Eps will be increased by Del-
taEps, and MinPts is reset back to its highest allowed 
value of MaxPts. Then, the adjusted values are checked 
in the next loop.

On the other hand, if all data points are detected as 
non-contact (the number of clusters Ncluster = 1 and the 
number of outliers Noutlier = 0), that will be the final tun-
ing process loop (lines 14 to 15). In an ideal case, the 
representative dataset can represent all of the possible 
data points during pre-contact. However, in reality, this 
is not the case. Therefore, a safety factor FoS is applied 
to the parameters in the final tuning loop MinPts and 
Eps results, then the values are rounded to obtain the 
final output, tEps and tMinPts (lines 16 to 17). In other 
words, the user of this algorithm can slightly self-adjust 
the tuned parameters to further improve the accuracy 
and sensitiveness of the algorithm, depending on the 
situation. Thus, using this algorithm, the parameters nec-
essary for the DBSCAN algorithm to detect contact data 
points can be acquired. An example of the tuning result 
is shown in Fig. 13. The same process is performed for all 
three fingers to find suitable parameters for each finger.

The tuning process enables the algorithm “learns” key 
information about the non-contact representative data 
for contact detection: There are more than tMinPts other 
data points within the tEps neighborhood of a non-con-
tact data location. When comparing the real-time data 
with the representative dataset, if a real-time data point 
does not meet this requirement, it is a contact data point.

Real‑time fingertip contact detection algorithm
In the “Contact and non-contact data points detection 
using the DBSCAN algorithm” section, a method using 
the DBSCAN algorithm to detect contact and non-con-
tact data points is presented. However, since the original 
DBSCAN algorithm was designed to go through every 
data point in the input dataset each time the algorithm 
is called, for fingertip contact detection, this is a waste 
of computing resources. The main goal of controlling an 
under-actuated hand is to stably grasp objects, hence, the 
contact detection algorithm should be simplified to be 
used in real-time with low memory usage. The fingertip 
contact detection, inspired by the DBSCAN algorithm, 
is shown in Algorithm 2, and a visualization of the algo-
rithm is shown in Fig. 14.

Algorithm 2 Real-time fingertip contact detection

Fig. 14 Real-time Fingertip Contact Detection algorithm
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The real-time Fingertip Contact Detection algorithm 
requires five inputs: the representative dataset D, the 
tuned parameters tEps and tMinPts, and the real-time 
sensor data RTData, which includes load cell and lead 
screw position encoder data L and E. The representative 
dataset of each finger D is obtained as described in the 
“Data Collection and Analysis” section, tEps and tMinPts 
are obtained as described in the “Contact and non-con-
tact data points detection using the DBSCAN algorithm” 
section, and the other two inputs are the signals from the 
internal sensor output. The algorithm works by append-
ing the RTData to D, then checking the data density of 
RTData to see if it belongs to the “non-contact” cluster, 
or if it is an outlier, i.e., a contact point. The detail of the 
algorithm structure is explained as follows:

First, the real-time sensor data RTData is assigned as 
an array of E and L (line 1). Then, the subset data of D, 
ANN (Approximated Nearest-Neighbor), is obtained 
using a common data structure and algorithm field algo-
rithm, Approximate Nearest Neighbor Search, to find 
the set of data within D which is likely to be in the tEps-
Neighbor of the RTData (line 2, see Fig. 14). By doing so, 
when checking for the number of neighbors of RTData 
in subsequent steps, the number of data points to check 
is significantly decreased, hence, reducing the comput-
ing resources. It is important to note that the Approxi-
mate-NNS algorithm is used instead of the Precise-NNS 
algorithm because the Approximate-NNS algorithm is 
much faster and memory saving, making it suitable for 
real-time use. However, it is also necessary to choose an 
algorithm that over-selects the data points in the neigh-
borhood, otherwise the algorithm will result in inaccu-
racy (see Fig. 14). 

Here, “Check round 1” (see Fig. 14) is conducted: If the 
number of data points within this over-selected neigh-
borhood Size(ANN) is less than MinPts, true neighbors 
should also be less than MinPts. For that reason, in this 
case, contact is detected (lines 3 to 4).

Otherwise, “Check round 2” (see Fig.  14) begins. The 
number of true neighbors N_neighbors is initialized to 0 
(line 6), and the algorithm starts counting with a loop. In 
each loop, 1 data point is selected using the ANN and is 
analyzed (lines 7 to 15). If the Euclidean distance between 
the point and RTData is less than or equal to tEps, the 
point is in the true tEps neighborhood, hence the algo-
rithm adds 1 more neighbor N_neighbors (lines 8 to 9). 
Right after this analysis, the counted number is checked 

to see if its equal to tMinPts. If it is, the fingertip is not in 
contact and there is no need to continue checking. In that 
case, the loop iteration is finished and is broken (lines 10 
to 12). If not, the counting process continues and ends 
when there is nothing left to count inside the ANN. After 
checking all data points in the ANN, if the counted value 
is still not equal to MinPts, then the counted value is less 
than MinPts and the fingertip is detected to be in contact 
with the object (lines 16–18). All cases were checked, so 
the algorithm ends here (line 19).

Therefore, by having two check rounds designed 
as explained above, the algorithm can detect contact 
between the fingertip and object in real-time.

Fingertip force estimation
Explanation of collected data using an analytics model
In [29], a simple analytics model to explain the behav-
ior of the internal sensor data pre and post-contact 
was introduced. Simply put, the key ideas that can be 
obtained from the model are as follows:

The load cell measures the internal force of the link 
inside the Jinki Hand:

1) When self-locking has not occurred, the load cell 
value mainly contains the internal force caused by 
the effect of gravity on the links and the internal force 
caused by the fingertip force.

 

where Lgravity is the load cell value that is affected by grav-
ity and Lcontact is the load cell value caused by the finger-
tip contact force.

2) After self-locking occurs, the load cell value includes 
the additional internal force caused by the rotational 
limiter stopping the bending motion of one finger 
link.

where Llocking is the internal force shift caused by 
self-locking.

(1)L = Lgravity + Lcontact

(2)L = Lgravity + Lcontact + Llocking
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Algorithm 3 Real-time fingertip force estimation

Furthermore, in the “Data Collection and Analysis” 
section, the load cell value also includes noise and error 
from the manufacturing process and initialization. 
Thus, the above equations can be further derived:

in which,

A visualization of this equation is shown in Fig.  15. In 
this equation, Lgravity and its sum with Llocking , together 
with noise and error, is defined as Lchallenges because these 

(3)L = Lchallenges + Lcontact

(4)

Lchallenges = noise + error

+







Lgravity before self-locking

Lgravity + Llocking after self-locking

values vary significantly during each finger bending pro-
cess (see Fig. 8), which has already been explained in the 
“Data Collection and Analysis” section. From the figure, 
it is clear that a traditional analytics model has difficulty 
representing this behavior. Therefore, by using the finger-
tip force analysis method introduced in [29] as a founda-
tion, Fingertip Force Estimation algorithm is proposed to 
overcome the challenges of obtaining Lchallenges by esti-
mating it in real-time. Then, most of the challenges to the 
model parts Lchallenges can be removed (subtracted) from 
the load cell value L, and Lcontact can be easily acquired:

The analytics model can be used with the obtained infor-
mation to estimate the fingertip force.

(5)Lcontact = L− Lchallenges

Fig. 15 Visualization of the summarized load cell value equation

Fig. 16 Visualization of the weighted average method
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Real‑time fingertip force estimation 
In [29], the idea of using a basic data science field algo-
rithm, the weighted average, to estimate Lgravity was 
proposed. Here, this method is further developed into 
a complete algorithm that is connected to the Finger-
tip Contact Detection algorithm to make it suitable for 
stable grasping task. The idea of using the weighted 
average method to estimate Lchallenges when contact is 
realized is as follows (see Fig. 16): 

Since a precise Lchallenges is difficult to obtain offline, 
it should be measured/estimated in real-time. From the 
analysis of the collected data, it was clear that when con-
tact is realized, Lchallenges is approximately equal to the 
weighted average of the load cell value of a few sampling 
iterations, N, right before contact is detected.

Here, the weighted average method is applied to the sen-
sor data so the noise can be partially removed and the 
initialization error can be significantly reduced. For this 
proposed idea to be used in real-time for stable grasping, 
it was developed into Algorithm 3. It is also important to 
note that the method is used to obtain fingertip contact 
force at the finger posture when contact is realized. Dur-
ing stable grasping, it is assumed that the finger posture 
does not change, hence, the method can be used for this 
task.

The algorithm requires three inputs: the Contact out-
putted from the Fingertip Contact Detection algorithm 
and the signals from the internal sensors load cell L and 
encoder E. The current control loop T should also be 
known to initialize N load cell values before contact, LT-1 

(6)Lchallenges ≈

∑N
i=1 wi LT-i
∑N

i=1 wi

to LT-N , to 0 during the beginning of the first iteration 
(lines 1 to 6). Then, as mentioned above, it is clear that 
when contact is not realized, the fingertip force should 
be equal to 0, so this is checked first (lines 7 to 8). When 
that is the case, LT-1 to LT-N will be updated and saved 
to be used in the next loop (lines 9 to 12). On the other 
hand, if Contact is TRUE, the weighted average method 
introduced above for the saved pre-contact load cell data 
is used to obtain Lchallenges (line 14). Applying equations 5 
(lines 16) and using the relation between Lcontact and 
Fcontact obtained from the analytics model, the estimated 
fingertip force Fcontact is determined and outputted from 
the algorithm.

External sensor‑less stable grasping technique 
using a virtual frame
For the three fingers to grasp object stably, in the work 
carried out by Tahara et al. [20], a method using only the 
robot state information was introduced. Then, in our pre-
vious work [29], the method was developed to be suitable 
for the Jinki Hand. The idea is explained as follows (see 
Fig. 17):

To grasp an object stably without its information using 
a triple-fingered robotic hand, after the three fingers are 
in contact with the object, an external sensor-less stable 
grasping technique is utilized. The technique imagines 
that the triangle “virtual frame” generated by connecting 
fingertip positions, is the object to grasp. Then, without 
utilizing the object properties such as size, shape, posi-
tion, and posture, by exerting force for force/torque equi-
librium at the equilibrium point inside the frame, the 
robot can grasp the object stably [20]. In [20], the con-
troller is in a feedforward manner, and it does not utilize 
the contact location information between the finger-
tip and object. Thus, it is suitable to be applied for tac-
tile sensor-less stable grasping with the linkage-based 
under-actuated hand. It is important to note here that 
the technique was already shown to be able to keep the 
grasped object stable. Here, we only apply the technique 
introduced in the previous work to show that the novel 
algorithms in this paper are effective, and the detailed 
explanations, including the limitations and the assump-
tions of the stable grasping technique, are not focused on 
in this paper.

In our case, since Finger 2 in the Jinki Hand cannot 
rotate, the “equilibrium point” was selected to be X ′

G , 
which is the projection of the center of the virtual trian-
gle XG onto the Finger 2 direction:

in which,

(7)X
′

G = X2 +
|(XG − X2) · Fd_2|

|Fd_2|
2

Fd_2

Fig. 17 Object Force/torque equilibrium condition 
for the triple-fingered hand
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In this equation, X i with i from 1 to 3 is the fingertip 
position of each finger i, calculated using forward kine-
matics on encoder data Ei . Thus, the controller requires 
the desired magnitude of the Finger 2 force Fd_2 decided 
by the user and the desired Finger 1 force Fd_1 and Finger 
3 force Fd_3 are automatically calculated to realize object 
force/torque equilibrium, as follows:

where 〈A,B〉 represents the angle between vectors A 
and B . It should also be noted that the technique real-
izes only force/torque equilibrium in the planar plane. 
The vertical movement of each fingertip is limited by the 
degrees of freedom. Hence, the fingertip stable grasping 
technique relies only on the frictional force of the finger-
tips to realize force equilibrium in the vertical direction. 
In addition, the technique is modified here specifically to 
make it suitable for the configuration of the Jinki Hand. 
Since Finger 2 cannot rotate, the force/torque equilib-
rium that the method can support is limited when dis-
turbance forces are applied from the opposite of Finger 

(8)XG =
X1 + X2 + X3

3

(9)



















|Fd_1| =
−Fd_2

sin(A1)

tan(A3)
+ cos(A1)

Ad_1 = �X ′

G − X1,X
′

G − X2�

(10)



















|Fd_3| =
−Fd_2

sin(A3)

tan(A1)
+ cos(A3)

Ad_3 = �X ′

G − X3,X
′

G − X2�

2 that is not in line with Finger 2 bending direction, and 
are also supported passively by friction.

Stable grasp controller for the jinki hand
Fingertip controller for stable grasping
The stable grasping process starts with all three fin-
gers approaching the object (Phase 1), each finger stops 
individually when contact is detected (Phase 2), then all 
three fingers switch to force control for stable grasping 
after they are all in contact with the object (Phase 3). 
To make this possible, each finger i will have a separate 
controller (see Fig. 18), and each controller will have a 
switch inside to change the grasping phase from 1 to 3.

Phase 1)  For the fingers to approach the object in 
Phase 1, lead screw PID position control is used. For 
the desired lead screw position, the highest allowed 
lead screw position so the three fingers do not con-
tact each other, Papproach is used, while using encoder 
data E as feedback to regulate the approaching pro-
cess:

Phase 2)  The switch changes to Phase 2 after the 
Fingertip Contact Detection algorithm of the finger-

(11)

τfinger_i =KP_P(Papproach − Ei)

+ ;KD_P
d(Papproach − Ei)

dT

+ KI_P

∫

(Papproach − Ei) dT

Fig. 18 Fingertip controller for each finger i
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tip controller outputs Contacti as TRUE and the sig-
nal to stop finger i is outputted.

Phase 3)  When Contacti of a finger and Contactj 
and Contactk of the other two fingers all become 
TRUE, the switch changes to Phase 3, where fingertip 
force PID control, which has Fd_i as the reference and 
Fcontact_i as the feedback, is used:

 

(12)

τfinger_i =KP_F(Fd_i − Fcontact_i)

+ KD_F
d(Fd_i − Fcontact_i)

dT

+ KI_F

∫

(Fd_i − Fcontact_i)dT

With this structure, the fingertip controller has the fol-
lowing input and output:

a) Input: The desired Finger 2 force Fd_2 , and Finger 1 
and 3 rotation angles A1 A3 to calculate the desired 
fingertip i force; the internal sensor load cell L and 
encoder E signals to be transformed into necessary 
information to regulate each fingertip; and the con-
tact information of the other 2 fingers Contactj and 
Contactk to control the switch.

b) Output: The contact detection signal of the finger 
Contacti to control the switch of the other two fin-
gers; and the torque signal τfinger_i for the motor at 
the base of the finger to control the fingertip to the 
desired force.

Fig. 19 Finger rotation angle controller for Fingers 1 and 3

Fig. 20 Stable grasp controller for the Jinki Hand
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Finger rotation angle controller for stable grasping
The finger rotation angle controllers in Fig. 19 control the 
rotation angle of Finger m, where m is 1 or 3. The con-
troller uses the same switching algorithm used in the fin-
gertip controller. However, the algorithm is used to select 
the reference for the rotation angle position PID control:

During Phases 1 and 2, the fingers approach the object to 
grasp. Hence, the controller reference value, Ad_m , is the 
approaching angle, Aapproach . 

During Phase 3, the rotation angles of Fingers 1 and 3 
are controlled to the desired angles so that they can point 
to the “equilibrium point” on the triangular virtual frame 
for object force/torque equilibrium, as explained in the 
“External sensor-less stable grasping technique using a 

(13)

τangle_m =KP_A(Ad_m − Am)

+ KD_A
d(Ad_m − Am)

dT

+ KI_A

∫

(Ad_m − Am) dT

virtual frame” section. To find the “equilibrium point”, the 
encoder data Em is inputted.

With this structure, the controller takes the lead screw 
position and angle position encoder data Em and Am , 
together with the contact information of all three fingers 
Contact1,2,3 , and outputs the signal to control the rota-
tional angle of finger m, τangle_m

Jinki hand stable grasp controller
Fig. 20 illustrates the overall structure of the Jinki Hand 
controller for stable grasping.

An FPGA loop is used to connect the Jinki Hand to the 
controllers by transforming the τfinger_1,2,3 and τangle_1,3 
signals into voltages to send to the robot while trans-
forming the sensor signals into a format the controllers 
can use.

The fingertip controllers are connected to each other to 
exchange Contact1,2,3 information, and they are also con-
nected to the FPGA to send τfinger_1,2,3 data and receive 
load cell L1,2,3 , encoder E1,2,3 , and angle Angle1,3 data for 
feedback and desired finger force calculation. The desired 

Fig. 21 Stable grasping experiment

Fig. 22 Fingertip contact detection result to switch from Phase 1 to Phase 2
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magnitude of Fingertip 2 force Fd_2 is obtained from the 
UI, which is decided by the user. Contact information is 
also sent to the finger angle controllers.

The finger angle controllers receive the contact detec-
tion signals Contact1,2,3 to control the switches inside 
them. Encoder data E1,2,3 is used to obtain the desired 
finger angle for object force/torque equilibrium, and 
angle data A1,3 is used as feedback to control the angles. 
These controllers output the τangle_1,3 signal to the FPGA 
loop.

Therefore, using this Jinki Hand controller for stable 
grasping, all of the necessary input/output are connected 
to each other.

Stable grasping experiment
The overall experiment is shown in Fig. 21. During Phase 
1, the fingers approach the object from a constant angle. 
After the algorithm detects contact between a fingertip 
and the object, the controller moves to Phase 2 to stop 
the finger movement until all three fingers get in con-
tact with the object. In Phase 3, the fingers move to the 

desired angle and exert the desired fingertip force to real-
ize object force/torque equilibrium. 

In [29], the data from the load cells, encoders, esti-
mated force, and desired force are collected. In this study, 
the collected data is further analyzed to evaluate the Fin-
gertip Contact Detection and Fingertip Force Estimation 
algorithms.

During the experiment, the load cell values L1,2,3 and 
E1,2,3 , together with the Contact1,2,3 data were collected. 
By plotting these values, the result of the Fingertip Con-
tact Detection algorithm are shown (see Fig. 22). In the 
graph, the green points are the real-time data, the red 
point shows the moment contact was detected, and the 
back points represent the post-contact points. As seen in 
the three graphs, contact was detected right after the data 
point deviated significantly from the non-contact behav-
ior. The controller switch changed the grasping phase 
to Phase 2, and each finger stopped moving right after 
contact. Therefore, the monitored data showed that the 
contact detection algorithm worked well for stopping the 
fingers when they were in contact during the approach-
ing phase. 

Fig. 23 Fingertip force controller for stable grasping result during Phase 3

Fig. 24 Maintain object stability experiment
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The desired fingertip force Fd_i and estimated fingertip 
force Fcontact_i were also collected during the experiment 
(see Fig.  23). They confirmed that the estimated finger-
tips force reached the desired values for object force/
torque equilibrium. For that reason, from this graph, it 
is confirmed that the controller gain parameters KP,I,D 
are tuned well. Therefore, whether the robotic hand can 
grasp an object stably depends mainly on the quality of 
the Fingertip Force Estimation algorithm. 

To evaluate whether the proposed Fingertip Force Esti-
mation algorithm is suitable for stable grasping, the qual-
ity of stable grasping is evaluated. As explained above, 
due to the vertical movement of each fingertip being 
limited by the degrees of freedom, the control technique 
relies only on the frictional force to maintain equilibrium 
in the vertical direction. In addition, the adaptability to 
the opposite side of Finger 2 is limited because it cannot 
rotate freely. Thus, in order to verify that the stable grasp-
ing is established by the controller, it is necessary to apply 
a force in the horizontal plane from the opposite side of 
Finger 1 and 3. To do this, after the object was grasped 
and the fingers realized object force/torque equilibrium, 
an external force of 10 to 15 N was applied to the grasped 
object (see Fig. 24). During that process, the fingers auto-
matically adjusted themselves to maintain object force/
torque equilibrium and kept the object in the hand with-
out falling. This includes adjusting the fingertip forces 
and the finger angles to satisfy the new desired con-
ditions for object force/torque equilibrium. After the 
external force was removed from the grasped object, the 
fingers returned the object to near the original position 
before the object was pushed. Therefore, this experiment 
showed that the Fingertip Force Estimation algorithm is 
accurate enough to regulate the fingertip forces to keep 
an object stable. As a result, the controller can be further 
developed to be used for dexterous manipulation.

Conclusion
In this study, we propose two data-driven-based algo-
rithms: the Fingertip Contact Detection algorithm and 
the Fingertip Force Estimation algorithm, which are 
designed to use only internal sensor data to operate in 
real-time within a stable grasp controller for a triple-
fingered linkage-based under-actuated robotic hand. 
Using these algorithm, the purpose of this study was to 
automate the process of approaching an object, grasping, 
realizing object force/torque equilibrium, and maintain-
ing that state.

The Fingertip Contact Detection algorithm uses 
the traditional DBSCAN algorithm to “learn” (tune 
parameters) non-contact data point characteristics col-
lected beforehand. Using the learned information, a 

density-based-clustering approach is introduced to detect 
whether the internal sensors data are contact or non-con-
tact data points in real-time. This method assumes that 
the collected dataset can represent the possible behavior 
of the internal sensor data in the approaching phase. The 
experiment results conclude that the method can per-
form this task well and can also be adjusted to be used for 
other grasping/manipulation tasks.

The Fingertip Force Estimation algorithm uses the 
contact detection output and weight average method to 
measure challenging parts to model in real-time. Using 
this method, the analytics model assumptions and the 
sensor noise are significantly reduced, which improves 
the controller’s accuracy. When using this method, it is 
assumed that the finger posture does not change much 
during Phases 2 and 3, hence Lchallenges remains constant. 
The experiment confirmed that this algorithm can obtain 
enough accurate fingertip force data to regulate the fin-
gertip force in real-time to realize and maintain object 
force/torque equilibrium, and the assumption used is 
appropriate.

In summary, by replacing the parts which are difficult 
to model in the model-based stable grasp controller with 
data-driven-based algorithms, this paper proposes a sta-
ble grasp controller for a triple-fingered linkage-based 
under-actuated robotic hand. The proposed control-
ler was tested to be able to maintain object force/torque 
equilibrium, and it can now be used in the future as the 
foundation of other in-hand manipulation controllers.
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