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Online weight estimation in a robotic gripper arm
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Abstract—This paper presents a novel methodology for online,
fast and accurate weight estimation technique in a robotic gripper
arm. The laboratory setup is inspired from several real life
applications of weight estimation in moving cranes, e.g. loading
containers in a shipyard, iron scrapping in steel industry, etc.
The weight needs to be estimated within a specified time interval
and within a tolerance interval for accuracy. The results indicate
that the proposed method is suitable for this kind of application
and an improvement of 30% has been achieved compared to the
current state of work.
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I. INTRODUCTION

Cranes are widely used in ports and on large ships for the
loading/unloading of containers and bulk materials. Shipboard
cranes are widely used to handle and transfer objects from
large container ships to smaller lighters or to the quays of the
harbours. The control of cranes is always a challenging task
which involves many problems such as load sway, positioning
accuracy, suppression, collision avoidance, and manipulation
security. Therefore, it is important that the load is transported
as fast as possible without causing excessive oscillations from
one position to the other. The undesirable load oscillations can
result in a drop in efficiency, load damages or even accidents. A
manifold of control works have been reported in crane control
to reduce these oscillations [1], but very little has been done
in terms of online weight estimation methods in cranes or in
robotic arms [2]-[4].

In order to manipulate objects, contact with the object has
to be made and suitable grasping forces have to be applied.
For successful manipulation, suitable grasping forces have to
be determined without the knowledge of the type of object
to be secured by the gripper. Based on grasping operations
typically performed by humans, several methods [5]-[7], [8]-
[11] have been proposed for robot grippers.

Designing grippers to perform the grasping of objects with
different shape, size, and texture is a complex and expen-
sive task since the manipulating forces cannot be accurately
determined. To minimize the overall system complexity and
cost, most of the designs rely on feeding the robot with a
variety of possible object patterns. The position of the object
relative to the gripper, its weight, orientation, and shape are
specified beforehand. Using this information, the gripper is
guided through a predefined trajectory to reach and to grasp the
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object with the proper force, while the integrity of the object is
guaranteed throughout the manipulation. If the applied force
is not sufficient, then the object can slip whereas too much
applied force can destroy the object. Moreover, for successful
manipulation, the fingers of a gripper have to make contact
with the object at the right location and orientation to avoid
slippage. One of the problems endured in grasping an object
is the ability of the gripper to reach an object in different
positions and orientations [11], [12].

In this paper a lab-scale setup has been used to grasp and
measure the weight of different objects. Within the current
set-up the measurements error can go as high as 40% and
therefore the aim of this study is to reduce this error around
10%. Moreover, the proposed solution should be adaptable to
different scenarios. There are several parameters which differ
from one set-up to another (e.g. dimensions of the claw, surface
type, distance between the claw and the surface, position of
the claws, etc).

The paper is structured as follows. In Section II a descrip-
tion of the system is given followed by Section III where the
proposed estimation methodology is detailed. In Section IV
the results obtained and the discussion are presented followed
by conclusions in Section V.

II. SYSTEM DESCRIPTION

The gripper movement mechanism is driven by three
motors and three main elements:

• first motor is moving the claw up and down and this
is depicted by a in figure 1;

• second motor is executing the left and right movement
of the gripper movement and this is depicted by b in
figure 1;

• third motor is performing the forward and backwards
movement of the gripper and this is depicted by c in
figure 1

• first element (1 in figure 1) is a sustaining platform,
this is mechanically connected to the machine and it
is used for the forwards and backwards movement;

• second element (2 in figure 1) represents the load cell
used to measure the weight of the object;

• third element (3 in figure 1) is the string which
connects the claw to the machine.
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Fig. 1: Left: Movement mechanism of the claw, Right: example
of a claw used in claw machine

The most representative parameters for this type of set-up
are: weight of the object, type of the load cell and length of the
string. A short description of each parameter is given below.

The weight of the object influences the three forces which
are applied to the claw during one complete cycle. The weight
could be used to identify a certain stage of the cycle (e.g. to
detect when the claw has picked an object and in this case the
weight will increase or to detect when the object is dropped
and in this case the weight will decrease).

The length of the string may be used to analyze the
oscillations affecting the weight measurement. The length of
the string can be computed using the impulses generated by
the motor performing the rotational movement (depicted by a
in figure 1). Knowing that the diameter of string role is 34
mm and that there are 700 impulses/rotation results a length
of approximatively 107 mm with about 1.5 mm/impulse. A
measurement error of about 5% has been identified as a cause
of the string length and this is due to the increase and decrease
of the string role diameter during the up and down movement
of the gripper.

The load cell is a transducer used to create an electrical
signal whose magnitude is directly proportional to the force
being measured. On the market exist several types of load
cells, such as: strain gauge load cell, hydraulic and pneumatic.
This type of load cells are predominantly used in industrial
weighing and force measurement due to their consistency and
accuracy. An important aspect to be considered is how the
measuring cable is affecting the sensitivity of the load cell (a
longer cable will cause a greater loss in sensitivity). Another
important aspect is the maximum capacity of the load cell.
If this is exceeded will result in a deformation of the elastic
element and this will cause a shift in the zero point (no load)
of the weighing system. The load cell precision used in this
study has an accuracy of 1 gram. The signal from the load
cell is amplified with a factor of 1000 and it is scaled to a 0-4
interval.

As for every other process there are also disturbances
affecting the accuracy of the measurements. For this particular
study, the disturbances are caused by: i) the oscillations which
appear during lifting; ii) the angle of the gripper when it
reaches the target; iii) the shape of the object (this will modify
the type oscillations); and iv) the movement of the object in
the claw.

Another important aspect is the type of the surface used
during measurement. In this paper three types of surfaces have

been tested during experiments: i) a soft material (i.e. packing
peanuts) generally used for packing fragile object (figure 2
left), ii) small grain like plastic cylinders (figure 2 right) and
iii) hard surface, i.e. empty stand surface.

Fig. 2: Left: Soft layer and Right: black grain-like surface.

A. Description of one complete cycle

A schematic representation of the platform used for exper-
iments is given in figure 3.

Fig. 3: Schematic representation of the system used for mea-
surements.

The following elements are being depicted: the object to
be lifted and the structure sustaining the gripper. The motor
performing the rotational movement and the load cell are
placed inside box 1.

In figure 4 a schematic representation of one complete
cycle is shown.

1) represents the starting position;
2) is the moment when the start button of the machine

has been pressed by the user and the gripper is
moving down (at this stage the claws of the gripper
are open);

3) is the moment when the gripper reaches the bot-
tom/object, in this step, after a few ms, the claw
closes;

4) represents the moment when the object is being lifted;
5) denotes the gripper reached the target and the object

is dropped;
6) is the last stage represented by the gripper being in

its initial position.



Fig. 4: A pictorial representation of a full cycle.

In figure 5 the output of one complete cycle is presented.
For this experiment, the weight of the object used for measure-
ments was approximately 102g. The sampling frequency is 100
samples/second and the output is given in Volts. First part of
the signal (flat line) represents the moment before the cycle
starts. Once the cycle starts a drop in the signals can be noticed.
The moment when the gripper reaches the surface/object is
defined by the second drop in the signal. The reason why this
occurs is because the weight of the claw is (gradually) no
longer sustained by the load cell. When the motor starts pulling
up the gripper with the object, the output rises again. This part
is highlighted in figure 5 (transient). The signal will increase
with the actual value of the object, but disturbances are also
present in the signal. Next drop in the signal corresponds to
the moment when the gripper arrives up. Then the object is
being dropped and the gripper returns to its initial position
determining the output to come back to 0 grams.

Fig. 5: Output of the load cell for an 102 g object.

B. Influence of the position of the claw on the surface of the
platform on the dynamics of the system

In this subsection the influence of the claw angle on the
dynamics of the system is being discussed. For this, several
experiments have been performed and we have determined

that three different outputs for the transient phase can be
distinguished, these are shown in figure 6.

Fig. 6: Outputs load cell depending on the angle of the gripper.

First class of output has been observed when the gripper
reaches the bottom/object with an angle of 90o. The dynamics
of the system in this case varies as a function of the object
shape, height and movement of the object in the claw while it
is ascending.

Second class may depend on how the finger of the claw
catches the object, e.g.the case when only one finger touches
the object and the other two are touching the platform surface
and therefore a small angle is being created.

Third class of output occurs when the claw falls on a side.
In this case the claw needs a longer time to completely rise
from the surface and therefore the time measurements is higher.

III. PROPOSED ESTIMATION METHODOLOGY

Since the output of the load cell (used for weight measure-
ments) is in Volts, first step is to make the conversion from
Volts to grams using linear regression methods [13].

For this, objects with known weight: 0 grams (empty claw),
33 g, 40 g, 60 g, 100 g and 140 g have been used and several
experiments were performed for each object. Using the linear
regression method we correlated the real weight of the object to
the voltage output of the load cell. Linear regression attempts
to model the relationship between two variables by fitting a
linear equation. One variable is considered to be an explanatory
variable, and the other is considered to be a dependent variable.
In case of linear regression, predictions of Y are obtained as a
function of the independent variable X , i.e. Ypredicted=αX+β.
The most common approach for fitting a regression line is
the least-square method [13]. The following equation has been
used to estimate the parameters:

α =

∑
xiyi − nmxmy∑
x2i − nm2

x

β = my − amx

(1)

where: xi represent the values given to the independent vari-
able X; yi represent the experimental data, mx is the mean
of all X values, my represent the mean of all data points,
n is the number of data points, α is the slope and β is the
intercept. In order to compute the confidence interval for the



slope, standard error of the slope α has been calculated using
(2).

Sα =
sest∑

(xi −mx)2
(2)

where sest is computed using (3):

sest =

√∑
(Y − Ypredicted)2

n− 2
(3)

Next, the 95% confidence interval have been calculated:

Lower bound:α− t95Sα
Upper bound:α+ t95Sα

(4)

These are the basic signal processing techniques used to
estimate online the weight of the object grasped by the claw.

A. Identification of the relevant part of the signal which
contains the object weight information

The key part is to detect the most significant segment of
the signal to be used for weight measurement. Considering the
time constraint (measurement within 0.5s) a specific interval
of the measured signal will be used for weight estimation. This
is depicted in figure 7 (step 3).

Fig. 7: Graphical illustration of the estimation algorithms
related to the data measured online. See text for detailed
explanations.

The following algorithm is used for online object weight
estimation:

• first, we have to detect when the claw reaches the
surface/object. This is denoted by the most significant
drop in the signal (step 1).

• second, we go back a number of samples and we
take the mean. This mean should correspond to an
empty claw (i.e. 0 grams) this is highlighted by zone
A (corresponding to the initial state, i.e. before starting
a cycle) and B (corresponding with the moment when
the gripper start to go down). The part of the signal
in between the two zones correspond to the moment
when the cycle is started (i.e. when start button

is pressed). Several test were performed to identify
which zone is best to use to compute the mean value.
The obtained results indicated that both zones are
suitable, but zone A gives slightly better performance
in terms of accuracy. One important aspect is that the
part of the signal in between the two zones should not
be included in calculation.

• third, using the mean obtained in step 1 we de-
tect/define the measurement starting point (i.e. step
2).

• fourth, now the choice of how far from the staring
point we can go in order to obtain the weight of the
object within the time constrains. For instance in the
case presented in figure 7 the signal corresponding to
an interval of approximatively 1.7s after the starting
point has been considered. However, taking into ac-
count the constrains we must detect the weight of the
object within 0.5s. Therefore, the interval 0.5-0.7s has
been considered to accurately determine the weight of
the object (step 3). A close view of the the signal used
for estimation is given in figure 8.

Fig. 8: Part of the signal containing the information about the
weight of the lifted object (result of step 4).

IV. RESULTS AND DISCUSSION

Using the proposed methodology for our data we have:
voltage = α ∗ weight + β, this will indicate how many
volts correspond to a known weight. Now, we will have
to determine the coefficients for the reverse formula, i.e.
weight = k ∗ volts + q; where k = 1/α and q=-β/α, which
will allow us to convert the output signal from volts to grams.
Finally, we have obtained the following expression used for
calibration: dataInGrams = 625 ∗DataInV olts− 498.875.
The y intercept (498.875) represents the weight of the claw.
In figure 9 the result is shown.

Next, the results obtained in case of estimating the weight
for two datasets (dataset=several experiments for the same
object), i.e. 80 g and 100 g. In figure 10 the results obtained
for two sets are presented. From this figure it can be clearly
seen that it is hard to make a differentiation between the two



Fig. 9: Calibration results.

sets in the first 0.3-0.4 seconds. To identify the time frame
where the differentiation between the sets can be seen we have
applied ANOVA technique. More specifically, the mean and
the standard deviation for each set has been calculated. If the
difference of the means for each set is higher that the standard
deviation of each set then we can clearly differentiate between
them. The algorithm is presented in detail in [14]. The results
obtained after applying the ANOVA analysis are presented in
figure 11.

Fig. 10: Sets of measurements for 100g and for 80g objects.
Observe the difference. See text for explanations.

From figure 11 we can conclude that the difference of the
means becomes higher than the standard deviation only after
0.3 seconds. After several tests, the results suggest that for
most of the cases the sets can be differentiated around 0.4
seconds. Based on the acquired knowledge, we have decided to
use the mean of the data between 0.4-0.6 seconds (samples 40-
60). This value is automatically identified (for each individual
experiment) and is further used in a weighted linear regression

Fig. 11: Results obtained after ANOVA method has been
applied to the datatsets.

analysis in order to obtain a model for weight prediction. In
figure 12 the results for the estimated and the real weight for
several object are shown. It can be noticed that the data points
varies more than in the case of the tests done for calibration.
This is due to the disturbances (e.g. position of the claw when
it arrives on the surface, the shape of the object, movement of
the object in the claw, etc.).

Fig. 12: Estimated vs real weight of the object.

In figure 12 the estimated weight versus the real weight
of the object is represented. The red + represent the means
for each individual measurement, blue + represent the means
of each group ± the standard deviation of each group and o
represent the means of each group.

A total number of more than 200 experiments have been
performed for objects of different weights. The results obtained
for different setups (i.e. different surfaces) and for different
weights are summarized in the tables below. As it can be no-



ticed from the tables below the online estimation methodology
gives better results than the actual method implemented in
practice, i.e. the measurement error has been reduced from
more than 40% while with the method proposed in this paper
the error has been reduced to less than 15%.

Table 1: Results obtained for soft surface (thin layer).

Table 2: Results obtained for soft surface (thick layer).

Table 4: Results obtained for black surface.

Table 3: Results obtained for hard surface (empty).

V. CONCLUSIONS

In this paper a novel methodology for online estimation
of weight in a robotic gripper arm has been presented. The
proposed methodology shows good performance and the error
has been improved from 40 grams (for weights between 30g
- 150 g) to errors smaller or equal to 15 grams (i.e. an
improvement of 66%). The aim of this study was to reduce the
error but at the same time to obtain the results in about 0.5s.
However, to fulfill both objectives a trade off has to be made.
Therefore, for all th experiments a accurate measurement can
be obtained in a time interval between 0.5s-0.7s.
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