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Robotic grippers are being increasingly used in everyday tasks and complex missions 

that require the ability to perform a range of grasps. Rigid grippers have been used for 

decades since their start in industrial applications, but their inability to grasp delicate 

objects has led to the development of soft grippers. While soft grippers are showing 

promising results in many applications, they often are limited by low grasp forces and 

availability. This paper presents an algorithm for using an off-the-shelf rigid gripper to 

grasp objects of different strengths and compliances, without the need for tactile 

sensors or modifications. The algorithm was used to successfully grasp a variety of 

objects, most notably a potato chip and a highly compliant paper cup.  
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1. Introduction 
The challenge of grasping delicate and compliant objects is a trending topic in the 

robotics community [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11]. Rigid grippers have 

been well established as robust, reliable, and widely available end-effectors for 

applications such as industrial uses, underwater missions, and many others. They are 

recognized for their ease of use, precision, and ability to apply high grasping forces to 

objects [1], [5], [7], [9]. As robots are being used in a wider range of applications that 

require more delicate grasps, however, their limited force control and ability to perform 

gentle grasps has caused researchers to look for alternative solutions. 

 

In recent years, there has been a significant shift from conventional rigid grippers and 

actuators to soft-robotics in order to address the issue of grasping delicate and 

compliant objects. Soft-robotics solutions range from soft actuators to achieve more 

precise force control and variable stiffness grippers [1], [2], [4], [5], [6], [7], [8], [9]. Many 

of these new designs have proven successful in providing delicate grasps, but they are 

often limited by their low grasping forces, complexity, and need for maintenance [1], [5], 

[11], [12].  There have been efforts to design rigid grippers to have better force sensing 

and control systems, but these designs can be high-cost and complex [3], [10], [11]. To 

the knowledge of the author, little research has been done to stretch the grasping 

possibilities of existing rigid grippers without altering the hardware. 

 

This research began as a part of a larger project that aims to use a semi-autonomous 

robot in a variety of underwater missions ranging from infrastructure maintenance to 

biological sampling. The Bravo 7 manipulator from Blueprint Labs was purchased as a 

part of the larger project and came with a standard rigid gripper. Given the ultimate goal 

of the project, the gripper will require the ability to apply a range of grasps to a variety of 

objects. Because of the acknowledged limitations of rigid grippers, the goal of this 

research is to develop an algorithm to use this available, off-the-shelf rigid gripper to 

automatically grasp objects of different compliances and strengths without the need for 

additional tactile sensors. This document details the methods used to achieve such a 

goal beginning with an overview of the available hardware and software in Section 2. 

The development of a preliminary grasping algorithm is described in Section 3 along 

with test results. With insight gained from experiments done in Section 3, two sub-

algorithms for detecting and characterizing objects are discussed in Section 4 and 

Section 5. And finally, Section 6 provides the results from the adjusted algorithm which 

first detects when contact is made with an object and then applies an informed grasp 

based on the object’s properties. 
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2. Hardware/Software 
For this research, the Bravo 7 Arm from Reach Robotics was used with their standard 

interlocking quad jaws gripper shown in Figure 1. Reach Robotics’ communication 

protocol was used to control the gripper via ethernet, with the ability to send position, 

relative position, velocity, and electrical current commands to the gripper’s actuator. 

This section details the gripper specifications and control modes. 

 

 

2.1. Gripper specs 

The gripper in this model is actuated using a linear pushrod with a range of motion of 

roughly 33mm. When the pushrod is fully extended (wide open), the jaws have a tip to 

tip distance of 130 mm and a maximum width of 145 mm. According to Reach Robotics, 

the grabber close force can reach up to 1000 N. Additional specifications can be found 

in the datasheet in Appendix A. 

2.2. Control Options 
The gripper can be controlled using position, velocity, or current commands. In this 

research, relative position and current commands are used, while the absolute pushrod 

position, velocity, and current are sampled. The range of operating current for actuating 

the gripper is -1840 mA for closing and +3400 mA for opening. The update rate for 

commands and sampling was determined experimentally to be roughly 700 Hz. 

 

Figure 1. Reach Robotics Bravo 7 manipulator (left) and 
their standard interlocking quad jaws gripper (right). 
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Figure 2 shows the available sensor readings with respect to each input. The first row 

shows the current measurements under current (a), velocity (b), and position (c) inputs. 

These three graphs are displayed with a range of 300 mA, illustrating that there is 

significant noise in the signals. The lowest noise in the current signal occurs when 

current is used as the input. The second row shows velocity measurements under each 

control input with a range of 1.5 mm/s. There is again significant noise in every signal, 

but when velocity is used as the input (e), the signal is most stable. The third row shows 

25 points of position data under each control input. In all cases, the position changed 

linearly with time with little some variation between steps. 

 
 

 

3. Grasping objects of different compliances: Part 1 
This research began with the goal of using a rigid, off-the-shelf gripper to automatically 

grasp objects of different strengths and compliances, without the need for additional 

tactile sensors. Position control is the recommended mode of operation due to its 

reliability and ease of use. A major issue, however, is the inability to know the force of 

Figure 2. Current, position and velocity readings under each control option. The first column 
shows the various readings when a current command is used to move the gripper. The second 
column shows each signal when position commands are used. And the third column shows each 
signal when velocity commands are used. 
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the grasp being applied to an object. Because of this limitation, current control was 

explored as an option to control the amount of force applied to an object. Once the force 

data was collected and analyzed, an algorithm for automated grasping was developed 

and tested on various objects both in air and underwater. 

3.1. Force data 
An ATO Load cell was used to determine the applied force of the gripper at each input 

current between 0 and 1000 mA using step sizes of 50 mA. The load cell was placed 

between the fingertips of the jaws, as shown in Figure 3, for repeatability purposes. The 

gripper was held at each current for 50 samples to ensure steady-state behavior.  

 

 

 

 

 

Figure 4 shows the applied force to the load cell with respect to the input current for 

three runs of this experiment. 

 

 
 

Figure 3. The ATO load cell placed between the fingertips of the end-effector for force data 
collection. Aluminum plates were secured to each side of the load cell to provide a flat surface for 

the jaws to contact. 
 

Figure 4. Gripper closing force applied to a load cell at different input current values 
ranging from 0 to 1000 mA. Each line is a separate trial done for repeatability. 
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The results in Figure 4 show a fairly linear relationship between the input current used 

to drive the gripper and the closing force applied by the gripper. Despite this clear trend, 

there is some variation in the force readings at respective current values. These 

variations are especially significant at lower current values, which poses an issue when 

using current to grasp delicate objects.  

 

A second experiment was done similar to the one described previously, but this time 

with the jaws starting fully open in order to understand the impact that momentum has 

on the force experienced by an object. The force experienced by the load cell under 

currents ranging from 150 mA to 400 mA is shown in Figure 5. The values by each peak 

are the difference in force between the peak force and the steady-state force. This 

experiment demonstrates the significance of how the impact from the jaws closing on an 

object can cause a spike in the force experienced at different input currents. 

 

 
 

 

 

  

These force experiments revealed two major challenges associated with using input 

current as a means to grasp objects. There is significant variation in applied force at 

different current values and even at low current values, an object may experience 

higher forces on impact than desired. Despite these downsides, there were several 

valuable discoveries made during these experiments: 

 

Figure 5. The applied force of the gripper jaws at current values between 150 mA and 400 
mA with respect to time. The values at each peak show the difference between the max force 

and the steady-state force. 
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1. Increasing the input current generally causes an increase in applied force. 

2. Though not very precise, a constant current maintains a constant applied force 

once it has reached steady-state. 

3. When the input current is set to 0 mA, the gripper maintains a small applied force 

of up to 1.8 N due to mechanical properties of the actuator. 

4. In order to cause motion, the gripper requires 100 - 200 mA. Setting the current 

to +50 mA, say, would not cause motion but it would offset some of the frictional 

forces of the actuator, creating a near net-zero-torque for the gripper. 

 

This information is helpful moving forward and the mechanical resistance of the gripper 

actuator may be leveraged, especially for delicate objects.   

3.2. Position-Current Control Algorithm 
Based on the observations made in Section 3.1, there are two main ideas important for 

a grasping algorithm that would work for delicate objects: 

 

1. The gripper should come in contact with the object slowly to avoid significant 

impact force. 

2. Once contact has been made with an object, a specified current can be used to 

apply a force within a safe range. For delicate objects, 0 mA or even +50 mA of 

input current may be appropriate to maintain enough force to hold the object. 

Recall that the +50 mA offsets some of the frictional forces, creating a looser 

grip. 

 

To achieve each of these goals, a combination of position and current control can be 

used where the gripper begins closing using small position changes and then switches 

to current control once contact is made. Since this process should be automated, 

however, there is a question of how contact is determined. To address this issue, the 

algorithm relied on the resistance of the object being grasped as a means of detection. 

Instead of using position commands to close until contact and then switching to current 

control, the algorithm instead switches between position and current control in a 

continuous loop. Figure 6 illustrates how the algorithm is implemented.  

 

 
 

while True: 

 
 close gripper slightly 

 
 set current to 0 mA 

Figure 6. Pseudocode showing the algorithm used to automatically grasp an 
object. The 0 mA highlighted in blue can be changed depending on the object. 

 



 7 

This basic loop allows the gripper to continue closing while no object is yet contacted 

but then allows the object to push back once contact is made. The current value, 

highlighted in blue in Figure 6, is chosen based on the object. For fragile objects, for 

example, 0 to +50 mA may be used where as a stronger closing current may be more 

appropriate for stronger objects with more resistance or elasticity. If the current value is 

chosen properly, the gripper should compress the object slightly after being given the 

position command and then be pushed slightly back open when in current control, 

resulting in a subtle, steady-state oscillation illustrated in Figure 7. 

 

 
 

 

3.3. Discussion of results 
This algorithm was tested both air and underwater on various objects, shown in Figure 

8. Objects such as plastic cups (a and e), a whiteboard eraser (b), a clementine (c), a 

kiwi (f), and a tomato (g) were grasped with ease and without causing damage. The 

most challenging object that was successfully grasped was a potato chip, shown in 

Figure 8d.  

 

       
 

Figure 7. An illustration of how the gripper behaves once contact with an object is made. A 
position command causes the jaws to close slightly and compress the object. A current command 
then allows the object to push back against the jaws. This process causes a slight oscillation. The 

position change at each step and the current input can be adjusted by the user to best suit the object. 
 

(a) (b) (c) (d) 
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This algorithm worked for rigid and strong objects, but it failed on highly compliant, 

delicate objects, such as the paper cup as shown in Figure 8h. While the gripper itself is 

capable of holding such objects, this case was essentially an issue of detection. In order 

to perform a successful grasp, this algorithm relies on two ideas: first being that the 

object has a high enough spring constant to push back on the gripper while current 

control is being used. In the case of the paper cup, the gripper was never met with 

enough resistance to create that desired steady-state oscillatory behavior. Additionally, 

this algorithm is limited to known objects with known properties. If the selected current is 

not appropriate for the object, there is a chance that the gripper will continue to close 

and crush the object or that the gripper will not apply enough force to hold the object. 

These results lead to further research into using the gripper for object detection and 

characterization. The following sections detail an adjusted algorithm, illustrated in Figure 

9, that first detects an object, characterizes the object in terms of strength and rigidity, 

and finally makes a better informed grasp.  

 

 

 
 

 

 
Detection 

Close jaws until 
object is contacted 

 

Characterization 
Determine if the object is: 

• Strong, rigid 
• Strong, compliant 
• Fragile, rigid 
• Fragile, compliant 

 

Informed Grasping 
Grasp the object without 
causing damage and 
without dropping it  

(e) (f) (g) (h) 

Figure 8. Grasp tests on various objects in air and underwater. The first row shows for successful 
grasps in air of a plastic cup (a), a whiteboard eraser (b), a clementine (c), and a potato chip (d). The 

bottom row shows three successful grasps under water of a plastic cup (e), a kiwi (f), and a tomato (g). 
The algorithm failed to grasp a paper cup (h) without crushing it.    

 

Figure 9. The process needed to automatically grasp objects, including highly compliant objects 
and those with unknown properties. 
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4. Detection 
As discussed in the previous section, the paper cup is a challenging object because of 

its high compliance. The previous algorithm relied on an object’s elasticity to push back 

against the gripper to avoid being crushed and therefore it does not perform well on 

compliant objects. A new method is required to signal when an object is contacted. This 

section outlines the development of a detection algorithm to address this problem. 

4.1. Overview of approach 
The results from the initial algorithm showed that a compliant object like the paper cup 

does not have enough elasticity to push the gripper back open; however, it may still 

impact the gripper behavior. The new approach for object detection uses a constant 

input current to close the jaws while monitoring the velocity. If the velocity decelerates 

beyond a threshold, detected by baseline tests, contact with an object will be assumed 

and the gripper will stop. To begin, an input current of -150 mA was used to close the 

gripper. This value was used because it is the lowest current that reliably sets the jaws 

in motion. This section walks through the development, testing and results of the 

detection algorithm. 

4.2. Baselining 
The first step in implementing this algorithm is to collect baseline data of the gripper to 

determine first, if the velocity of the actuator when no object is present is consistent and 

second, if there is a noticeable difference in the data when an object is present. To 

determine the first point, the jaws were set to a fully open position and then closed using 

an input current of -150 mA. Figure 10 shows the results from several tests. The data 

follows a clear, repeatable trend but has significant noise and changes with respect to 

position. Oscillations can be observed at several frequency and are likely due to the 

current control and hardware properties.  How the noise and variation are handled is 

discussed later in Section 4.3. 
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Knowing that the velocity of the gripper actuator follows a repeatable trend, the same 

test was run with a paper cup present to determine if there is a noticeable divergence 

from the baseline data when no object was present. Figure 11 shows the resulting 

velocity data from the cup run overlaid with a run with no object present. There is a 

significant divergence from the baseline velocity when the cup was present. By viewing 

this data, it is clear that an object is present, but a quantifiable process for determining a 

detection. This process is outlined in Section 4.3.  

 

 
 

 

 

Figure 10. A graph showing the velocity of the gripper with respect to position when no object is 
present. In addition to noise, a sinusoidal pattern is observed. Multiple data sets are shown to confirm 

the repeatability of the signal. 
 

Figure 11. Velocity of the gripper with respect to position when no object is present (blue) and 
when a compliant paper cup is present (red). There is a clear divergence after the paper cup is 

contacted. 
 



 11 

4.3. Regression and Detection Method 
While the velocity readings when no object is present are repeatable, they vary with 

position and therefore a single value threshold would not be sufficient for detecting 

objects of different size. A fourth degree polynomial regression was applied to the 

baseline velocity data to model the expected velocity at each position. This model was 

then offset to encapsulate the noise readings closer to zero and is used as a threshold 

for object detection. Both the regression model and the offset are shown in Figure 12.  

 

 
 

 

 

 

 

Even with the offset, there are still some data points that fall above the threshold that 

are not due to contact with an object. To address this, the algorithm requires that a 

specified number of consecutive data points fall above the threshold in order to be 

considered a true detection. This process is illustrated in Figure 13. 

 

Figure 12. Regression model of expected gripper velocity with respect to position. The blue and 
red datasets are the same as in Figure 11. A regression line (yellow) based on the blue data models the 

expected velocity of the gripper at each position. This line was offset (purple) to act as a threshold for 
detection. 
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4.4. Results and Analysis 
Despite the data clearly indicating the presence of an object, the paper cup was 

regularly being crushed when testing this algorithm. Several hypotheses were made as 

to why these failures were occurring. The first hypothesis relates to the number of 

consecutive data points, n, required to give a positive detection result. Figure 14 shows 

where the positive detection would occur when n is 5, 10, and 20. The first two lines, 

when n is 5 and 10, appear to occur relatively close to where the data begins to diverge. 

The risk with a low n value is that false positives are more likely to occur. As n was 

lowered, false positives became more frequent as expected. When a false positive did 

not occur, the paper cup was still crushed, suggesting that there is a different issue at 

play. 

begin closing jaws with current input of -150 mA 
 
count = 0 //consecutive velocity readings over predicted velocity  
 
while no object is detected: 
 

predicted_velocity = regression_model(position) 
 

if measured_velocity > predicted_velocity: 
  count = count + 1 

else: 
  count = 0 
 
 if count > n: 
  object is detected, exit while loop 
 
stop the jaws 

Figure 13. Pseudocode outlining how the regression model is used to determine if an object is 
present or not. At each sample, the measured velocity is compared to the velocity predicted by the 

regression model. If a specified number of consecutive data points fall above the predicted values, an 
object is assumed to be present, and the gripper is stopped. 
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After tuning the n value did not work, another hypothesis was explored. Until now, it was 

assumed that the contact was made with the cup close to where a visible divergence in 

velocity values from the baseline occurred. The results from the above tests suggest 

that perhaps contact was made much earlier and the divergence occurs after damage 

has already been caused. To test this hypothesis, the cup data was recollected, but this 

time with two event markers, the first when contact first occurs and the second when 

damage to the cup begins. These events can be observed in Figure 15. 

 

 
 

 

 

Figure 14. Difference in detection time with varying values of n. The value n is the number of 
consecutive data points that must fall above the expected velocity threshold (purple) to be considered a 

detection. A larger value of n causes a longer lag between the actual time of contact and detection. 
 

Figure 15. Event markers showing when contact is made with the paper cup versus when 
damage occurs. Both events happen before detection was determined by the existing algorithm. 
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The results of this experiment confirm the second hypothesis. By the time there is 

enough velocity data points above the threshold to determine that an object is present, 

the cup has already experienced permanent damage. Given that there is no measurable 

difference between the baseline data and the data from the cup trial between the point 

of contact and when damage starts to occur other avenues for detection must be 

explored.  

4.5. Adjusted approach 
In the previous section, it was discovered that damage was occurring to the paper cup 

before the algorithm would be able to confirm detection. The window of time between 

contact and damage to the object was simply too short. In other words, for this highly 

compliant object, the gripper was moving too fast. The input current of -150 mA was 

originally chosen because it was the lowest current that could set the jaws in motion; 

however, once the jaws are moving, they can continue moving under a lower input 

current. The process described in sections 4.2 and 4.3 were repeated but this time, 

using an input current of -150 mA to begin closing the gripper and then stepping down 

to -75 mA. The graph in Figure 16 shows the velocity measurements with respect to 

position, again with multiple runs to confirm repeatability. 

 

 
 

 

 

The same process described in Section 4.3 was repeated with the velocity data 

resulting from the input current of -75 mA. The regression model and its offset are 

shown overlaid on the velocity data in Figure 17.  

 

Figure 16. Gripper velocity with respect to position when no object is present when using an input 
current of -75 mA. The current is set to -150 mA initially to ensure that the gripper is set in motion. 
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Using the same process outlined in Figure 13 in Section 4.3, the detection algorithm 

was tested again on the paper cup, this time using the input current of -75 mA. The 

paper cup was successfully without causing permanent damage 30 times out of 30 

trials. To ensure that this algorithm would also work on fragile objects, it was tested on 

potato chips and also succeeded five times out of five trials. Figure 18 shows both the 

paper cup and the potato chip after detection. 

 

   
 

 

Figure 17. Regression model of expected gripper velocity with respect to position when using 
an input current of -75 mA. The blue data set is the velocity when no object is present, while the red 

data is the velocity when a paper cup is present. A regression line (yellow) based on the blue data 
models the expected velocity of the gripper at each position. This line was offset (purple) to act as a 

threshold for detection. 
 

 

Figure 18. A paper cup (left) and potato chip (right) picture without 
damage after detection. 
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5. Characterization 
The goal for this portion of the project was to characterize an unknown object in terms 

of rigidity and strength. Objects were to be placed into one of four categories: rigid and 

strong, rigid and fragile, compliant and strong, or compliant and fragile. Figure 19 

provides a visual representation of how objects will be characterized, as well as four 

objects used for baseline data collection. The x-axis represents the rigidity of an object, 

spanning from compliant to rigid, while the y-axis represents the strength of an object, 

spanning from fragile to strong. Where an object falls within the grid is determined 

relative to the four base objects, each representing an extreme case of each quadrant.  

 

 
 

 

 

 

With the desired characteristics and extreme cases established, a quantitative method 

to determine these characteristics was needed. An initial experiment was conducted on 

the four baseline objects in hopes of producing data that showed patterns related to 

both strength and rigidity. For this experiment, each object was positioned inside the 

jaws with the jaws set either touching or in very close proximity to the object, as shown 

in Figure 19. The actuator current was then set to -150 mA for 400 samples, increased 

to -250 mA for another 400 samples, and then reduced to 0 mA for a final 400 samples. 

The velocity of the gripper was recorded with each sample and can be seen in Figure 

20 below. 

Figure 19. Characterization grid for objects in terms of strength and rigidity. Four objects 
representing each region are pictured: pretzel (upper left), metal (upper right), paper cup (lower left) and 

rubber dog toy (lower right). These objects are used in the development of the characterization 
algorithm discussed in this section. 
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The first third of the graph where the current is held at -150 mA shows insightful 

information already. Figure 21 shows a closer view of this section. First analyzing the 

rigid metal piece, the gripper initially accelerates and then decelerates at a quicker rate 

than in the case of the kong and then paper cup, suggesting that the object is rigid. The 

kong displays similar behavior, but causes a slower deceleration than the metal piece. 

For the paper cup, there is a clear decrease in speed, but under -150 mA, the gripper 

does not stop, suggesting compliant and fragile characteristics. Finally, the data from 

the pretzel run is the most unique of the four objects. The gripper accelerates initially 

followed by a momentarily steep deceleration, as would be expected given the rigidity of 

a pretzel. Before stopping, however, the gripper begins to accelerate again and then 

maintains a relatively constant velocity for the remainder for the samples. This behavior 

is explained by the fact that the pretzel broke and was dropped early on in the 

experiment, leading to the expected conclusion that while the object is rigid, it is also 

fragile. 

Figure 20. Velocity data under -150 mA, -250 mA, and 0 mA for four different objects for 
characterization. The data collected in this experiment will be used to develop a method for 

characterizing objects. 
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After analyzing the data from the first third of the experiment, when the current was held 

at -150 mA, it seemed that significant conclusions could be reached about the strength 

and rigidity of each object. The next step was to develop an automated process for 

analyzing the data, as opposed to a human analyzing the graphs. The challenge was to 

extract the key features from the data needed to draw conclusions. Based on the 

analysis described above, the following process was developed:  

 

 
 

 

 

 

Figure 21. Velocity data under -150 mA, for four different objects. This visual is used to infer 
properties of each object. dashed vertical line shows the fracture point of the pretzel. 

 
 

Figure 22. The process for used characterizing an object. If the gripper stops within a set time 
frame, the deceleration is analyzed to distinguish between a rigid and strong object and a compliant and 

strong object. If the gripper does not stop and the velocity maintains a relatively constant value, it is 
assumed that a rigid and fragile object was present but then broke. Otherwise, the object is categorized 

as compliant and fragile.  
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Using the process shown in Figure 22, rigid-fragile objects and compliant-fragile objects 

were easily identified. The first part of the characterization process checks whether the 

gripper stops moving sometime after making contact with the object. If it does not, the 

next step is to determine if the velocity was approaching zero or if it maintained a 

constant velocity expected when no object is present. If the data showed deceleration, 

the object was characterized as fragile and compliant. If there was no deceleration, the 

object was characterized as fragile and rigid which is consistent with the idea that the 

object was broken and dropped. The table in Figure 23 shows the objects tested and 

how they were characterized based on the process just described. The most fragile 

objects, the pretzel, foam block, and paper cup, were characterized in the same class 

each time. 

 

 metal nalgene eraser box kong orange cup pretzel 

Rigid 
fragile 

       4 

Rigid 
strong 

4 4 2 2     

Compliant 
fragile 

      4  

Compliant 
strong 

  2 2 4 4   

total 4 4 4 4 4 4 4 4 

 

 

 

 

For stronger objects, differentiating between rigid and compliant properties was more 

challenging using only the data from when -150 mA was being applied to the object. 

The initial method used to do so involved looking at the rate of deceleration after contact 

with the object was made. Cutoff values for the time to reach zero velocity after contact 

were determined from preliminary data of both the kong and the metal piece.  

6. Final Results and Discussion 
With the ability to detect objects, the alternating position/current command method 

described in Section 3.2 was no longer necessary. Instead, the detection method could 

be used to close the grippers until contact with an object was made, at which point an 

Figure 23. The results from the characterization process. Each object was tested four times. The 
number in each box shows how many times each object was characterized with the respective 

characteristics. 
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appropriate current could be set based on known object properties or those determined 

from the characterization process. Figure 24 shows the successful grasps of a variety of 

objects, including fragile and brittle objects as well as fragile and compliant objects. 

Each row of pictures shows objects with relatively similar properties. The first row (a-c) 

shows three very light, brittle objects. The second row (d-f) of objects are heavier and 

stronger than the first, but are also prone to fracturing. In the third row (g-i), three highly 

compliant objects are shown. These objects were the most challenging to detect and 

motivated the development of the detection portion of this research. The fourth row (j-l) 

of objects show objects that have compliance but also risk fracturing. And finally, the 

last row (m-o) shows fruits and vegetables that are heavier and stronger than many of 

the other test objects, but have sensitive surfaces. 

 

   

  

  

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 
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All objects were held securely with low input currents between -100 mA and +50 mA. 

While the rigidity of the gripper was generally a disadvantage when applying gentle 

grasps, it was helpful when grasping heavier objects as it allowed for a lower applied 

force. Despite the variation in test object properties, the grasping algorithm enabled a 

rigid gripper to apply a successful grasp to each object.   

7. Conclusion 
The goal of this research was to use an off-the-shelf rigid gripper to automatically grasp 

objects of different strengths and compliances without any additional hardware and 

without causing damage. Once it was determined that a gentle grasp was possible, a 

process for detecting and, in some cases, characterization was needed to slowly 

contact the object before applying an appropriate grasp. This goal was achieved and 

demonstrated on a variety of objects. This work expands the uses for rigid grippers 

without sacrificing the high grasp force, robustness, and affordability that is not often 

found in soft-grippers and other grasping solutions.  

(j) (k) (l) 

(m) (n) (o) 

Figure 24. Final grasp results. These pictures highlight the range of objects that can be successfully 
grasped by the rigid gripper used in this research. The objects shown include a biscuit, a pretzel, a 

potato chip, an egg, a shell, dry ramen noodles, a piece of foam, a paper cup, a bun, a bag of chips, a 
plastic cup, an aluminum can, a tomato, an orange, and a bell pepper. 
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The process for grasping in this research only used one orientation, leaving room for 

even gentler grasps if combined with methods that focus on how to best approach and 

carry an object. For example, the green bell pepper shown in Figure 24o had slippery 

vertical sides, requiring more force to securely hold it than the heavier orange in Figure 

24n. The shape of the orange enabled it to stay in place with a very light grip. Rotating 

the bell pepper so that the jaws contacted its top and bottom instead would require less 

force for a secure grasp. In addition to the grasp approach, rotating the end-effector 90 

degrees while holding a delicate object would reduce the risk of slip and allow the robot 

to loosen its grip. 

 

By combining this research with grasping approach and manipulation algorithms, the 

versatility of a rigid gripper could be expanded even further. While soft-robotics is 

making significant strides in developing universal grippers, this research offers a cost-

effective solution that can be implemented into existing technology today.  
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