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ABSTRACT 

 

This work compares two controllers for human-robot object handovers. The proposed Timing 

controller allows users to specify timing parameters for the handover and computes velocity 

control using Model Predictive Control (MPC). This controller provides feedback if it cannot 

satisfy those constraints, which can be used to better tune the controller. We implemented the 

controller on a collaborative robot with two objective functions: minimum cumulative jerk 

(MCJ) and minimum cumulative error (MCE). For each, we conducted a user study to compare 

it with a baseline Proportional Velocity (PV) controller. Users specified the controller 

parameters and performed handovers with the robot using both controllers. We found that the 

timing controller with the MCE implementation can provide better user experience and fewer 

failures compared to the PV controller. Our findings could help towards the design of better 

controllers for Human-Robot handovers. 
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1. Chapter 1 Introduction  

1.1. Context of Thesis 

Collaborative robots (cobots) are rapidly entering various domains as hardware and 

software advancements enable more versatile and accurate robotic actions. With this 

comes the need to design control methods to allow seamless and intuitive interaction 

with these cobots as they begin to integrate into our everyday lives.  

Object handovers are critical in human-robot collaborative scenarios, whether in a 

domestic or industrial environment. Examples of handover tasks include a cobot 

packing/ unpacking objects with a human in a store, a surgical cobot providing tools to 

a human surgeon, and a cobot unloading dishes from a dishwasher. In this work we 

present findings from two user studies evaluating an online controller for human-robot 

handovers where users can specify the robot’s behavior in terms of timing parameters. 

 

1.2. Literature Review 

1.2.1. Phases of Handovers 

Strabala et. al. [1] proposed a coordination structure to independently consider the 

physical and social-cognitive aspects of the handover. They understood that handovers 

between humans can happen seamlessly in both planned and unplanned scenarios. 

Through their study, they attempted to code the cognitive and physical process that 

allows this. The physical phases of handover were defined to be Approach, Reach, and 

Transfer. The work presented in this thesis is an extension of the handover formulations 

in [1, 2] and uses four phases of handover: Pickup, Reach, Transfer and Retreat.  
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1.2.2. Human-Robot Handover Controllers 

Handover controllers can be classified as being either closed-loop, where the robot 

trajectory updates to varying target locations during trajectory execution, or open-loop, 

where the robot trajectory is computed before the trajectory begins and does not change 

during trajectory execution. 

 

Open-loop Controllers 

Offline controllers have been used in various studies in previous literature. Momi et al. 

[3] proposed that biologically inspired handover movements offer better motion 

intention understanding and prediction. They developed an open-loop controller using 

an artificial neural network trained on human actions, with the intention of replicating 

human-like motion. Participants in the user study evaluated whether the performed 

handover motion felt biologically inspired or not, and the overall accuracy index they 

achieved was 71.3%.  

Shibata et. al [4] studied human-human handovers using an open-loop controller and 

used the data to vary velocity profiles and handover location for a robot-human 

handover study. The study showed that bell-shaped velocity profiles were preferred and 

a distance of 450mm from the shoulder was easier to receive objects than other tested 

locations.   

Huber et. al. [5] also used open-loop controllers and analyzed the effect of minimum 

jerk spatial profile and trapezoidal velocity joint profiles on three handover setups: 

human-human, human-humanoid and human-industrial robot. Minimum jerk velocity 

profiles resulted in lower human reaction time for all three setups. However, in terms of 
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how humanlike the motion felt and how safe the user felt, there was no strong preference 

between the two profiles for the human-industrial robot setup. 

Mainprice et. al [6] implemented an open-loop controller which incorporated distance, 

visibility, and comfort as constraints. The distance constraint ensured safe distance 

between the robot and human hand. The visibility constraint attempted to maintain the 

robot in the field of view of the human. The comfort constraint minimized the effort for 

the human to reach a certain point for the handover. This controller allowed generation 

of comfortable object transfer positions and the computation of a visible and safe path 

to move to the handover position.   

Cakmak et. al [7] studied the configurations at which handovers are preferred in both 

human-human and human-robot scenarios. They also conducted human-robot 

handovers where they compared a planned handover controller to one that executed 

learned trajectories from preferred handover configurations. It was found that learned 

trajectories were preferred, with the difference in ratings being largest for naturalness 

and lowest (similar ratings) for practicality. In terms of reachability to the objects 

however the planner performed better.   

Koene et al. [8] found that the timing aspect of robot response in handovers is more 

important than spatial precision. In their user study, participants were asked to rate ease, 

satisfaction, comfort, and safety and the authors found a correlation between these 

factors and the timing of the handover, with the strength of correlation being dependent 

on the freedom of movement the human has in the handover setting. One of their 

configurations, “Lying under the car” had weaker correlations than the “[working under 
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a] Hydraulic Lift” and the “[working on an] Engine Bay” scenario. They concluded that 

speed of interaction may carry a greater weight for the subjective experience than the 

accuracy of reaching the human hand location. 

Aleotti et. al. [9] implemented an open-loop controller that orients the object to be most 

appropriate for the human. The controller used a priori knowledge that defined 

orientations for objects and an open-loop controller is used to execute the desired 

trajectory. When they compared their controller to a controller which oriented the object 

randomly for handover, they found that users preferred their controller with higher 

ratings for “the handover was delivered successfully”, “the motion was human like” and 

“the human felt safe” (p<0.001). 

The open-loop controllers discussed in this section have useful applications however, 

they are not suitable for moving targets (during trajectory execution) which can occur 

frequently in human-robot handover scenarios.  

 

Closed-loop Controllers 

Melchiorre [10] et. al. implemented a proportional velocity controller where the online 

controller commanded velocity at every timestep proportional to the distance to the 

human hand. They performed experimental tests with this controller to understand that 

different human limb motion times can affect the delay in the hand-over task, however, 

it does not affect the robot path.  

Bdiwi et. al implemented a visual servoing controller which behaved like a proportional 

velocity controller [11] and used force control for the transfer stage. The combined 

vision and force data is used to improve safety of the user by ensuring fulfilment of 
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grasping/release and simultaneously allowing reaction to the motion of the human hand 

during the interaction with the robot.  

Pan et. al [12] studied the human-like velocity profile to find the effect of tuning speed 

and reaction time. They used Bezier curves and generated minimum-jerk trajectories in 

joint space which followed a pre-planned trajectory towards an expected handover 

location towards the beginning of the handover, then converged to the human hand 

location towards the end. They conducted user studies where users experienced different 

predefined handover conditions and found that faster than human speeds were not 

preferred, and a slight delay was preferred to no delay or moderate delay in reaction 

time.   

Scimmi et. al. [13] use a smooth bell-shaped velocity profile to move the robot towards 

the human hand. The position of the human hand is updated at every time step and used 

to determine the instantaneous velocity towards a virtual target which was an extension 

of the human hand. They implemented the controller on a UR3 robot and showed that 

in all tested cases, the robot can meet the human hand in a final pose that is suitable for 

handover both in position and orientation.  

Sidiropoulos et. al. [14] propose a handover controller using a dynamical system and a 

force-based object load transfer strategy. The dynamical system learned human wrist 

position and orientations from demonstrations. Position and velocity trajectories are 

used to validate the reproducibility of human motion. Even with a moving receiver, this 

closed-loop controller executed successful and natural handovers without needing to 

predict the final exchange site.  
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Prada et. al. [15] believed that the handover point is fluidly negotiated and hence a 

handover controller that has both feedforward and feedback motion, like [12], should 

be designed. The motion created by their Dynamic Movement Primitive controller was 

governed by a predefined learned shape in the beginning of the handover and would be 

attracted to the goal (human hand) towards the end. Velocity matching of the human 

hand was also done to allow smoother handovers. The key takeaway from this work is 

that controllers exist that replicate human-like motion very well, however they require 

the tuning of non-intuitive parameters. Additionally, they cannot provide feedback if 

they are unable to reach the target in a specified time. 

Micelli et. al. [16] compared an online reactive controller to an offline planner in the 

context of handovers. Evaluation of the control algorithms was done based on total 

handoff time, handover success rate, and qualitative feedback from the users. It was 

found that the reactive controller had lower handoff time, had a 10% lower success rate, 

and is more predictable and likeable. Users found the controller to be more “gentle” and 

felt that the planner was more “aggressive”. A gap in this work is that while the reactive 

controller can adjust to different target locations, motion behavior of the controller 

cannot be changed as the controller will always have a velocity proportional to the 

distance from the human hand. The reactive controller presented in the study is used as 

the baseline (referred to as the Proportional Velocity controller) for comparison with 

the proposed controller presented in this thesis.   
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Gap 

The presented closed-loop and open-loop controllers use non-intuitive parameters to 

generate the robot’s behavior. Some recent works have proposed handover controllers 

with intuitive timing parameters [12], but they do not provide feedback in case of failure 

to meet the specified timing constraints.  

 

1.2.3. Human-Robot Handover User Studies 

HRI researchers have studied human-robot handovers to understand human preferences 

for robot behaviors in the approach [17, 18], reach [4, 5, 7, 8, 12, 19] and transfer [20, 

21] phases of handovers. 

Walters et. al [17] conducted two user studies studying human interactions with a 

mechanistic robot. In the first study, users approached a static robot, and the robot 

approached a static human. They found that the majority of users preferred maintaining 

a distance of 0.45 – 1.2m from the robot however a large minority maintained much 

smaller distances implying that they did not view the robot as a social agent. In the 

second study, the robot was operated by an experimenter and brought an object to the 

seated user. To the user, the robot motion was perceived as being autonomous. Different 

approach directions (with respect to the user) were tested and it was found that a frontal 

approach was disliked and a slight preference to the right side was indicated when 

compared to the left.  

Koay et. al [18]. conducted user studies to understand participant preferences for motion 

parameters in the approach stage. The participants interacted with the experimenters and 

the robot to actively guide the creation of the robot handing over gesture. Four arm-base 
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approach coordination styles defined when, with respect to the robot’s motion towards 

the human, the robot performed the handing over motion. Participants experienced each 

of them customized to their preferred motion parameters and were asked for their 

preference. They found that the mean preferred distance of the robot base was 66.8cm. 

They also found that of the four arm-base approach coordination styles, the most 

preferred was the gesture being performed towards the end of the approach phase and 

second preferred was the gesture being performed after the approach phase ended.  

Huang et al. [19] compared proactive and reactive coordinate methods by implementing 

them on a robot and conducting a user study. Participants performed a task with varying 

task load while experiencing the different handover strategies. They found that the 

proactive approach, where the robot did not wait for the receiver, provided the greatest 

team performance but was rated lowest in terms of user experience. The reactive 

method, where the robot waited for the receiver before starting motion improved user 

experience but had the worst team performance. They suggested a hybrid “adaptive” 

method that waited and slowed down based on the user’s task load and found that it 

provided the same user experience as the reactive strategy while improving team 

performance.  

Han et. al [21] studied the effect of different release behaviors with the intention of 

allowing the robot to release the object when the human desires. Three release methods 

were compared in a user study where the participant experienced each of these behaviors 

without knowing explicitly which they were experiencing. Han et. al found that a 

proactive release, where the robot actively detects a human grasp effort, has the highest 

handover fluency and ease-of taking compared to the rigid and passive strategies. The 
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rigid strategy only released the object after completing the motion and the passive 

strategy required a certain force threshold to trigger release.  

Porfirio et. al [22] propose a human-robot interaction design method, with visual 

authoring of interactions which are formalized in temporal logic and verified to adhere 

to a set of social norms and task expectations. The users are provided with six 

microinteractions: greeter, ask, handout, remark, wait, farewell and they first design a 

control without verification, then are given information about their errors, and finally 

have an opportunity to fix their errors. Porfirio et. al found that feedback from formal 

verification increased designer’s ability to accurately find and understand errors.  

 

Gap 

In our work, we focus on the reach phase of a handover. Prior studies of the reach phase 

have evaluated the effects of the robot’s velocity profiles and handover configurations 

on the subjective experience of handovers [4, 5, 8, 7, 19, 12]. 

However, most of these studies did not study the participant’s user experience of 

designing the robot behavior by tuning timing parameters. 

Some user studies [18, 22] do allow robot behavior to be tuned. In [22] users design 

complex robot behavior from modular actions, which includes a handover, but the 

actions are predefined, and users do not specify the robot’s behavior in the handover.  

In [18] participants are allowed to decide the location of the handover and the transition 

from the approach to the reach phase. However, this is only done once before data 

collection, and the focus is on specifying spatial characteristics of the handover and not 

timing.  
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1.3. Contributions of Thesis 

 

This work implements the proposed Timing controller using Model Predictive Control 

(MPC) for human-robot object handovers. The controller is specified by timing 

parameters and if the controller is unable to satisfy the specified parameters, feedback 

is provided which helps the user tune the parameter. Two implementations of the 

controller are designed. One implementation requires the specification of a reach time 

whereas the other requires the specification of a reach time as well as a stall time. The 

implementations are compared with a baseline PV controller through a user study where 

participants perform an industrial packaging task simulated in a lab setting. We allow 

users to change the robot’s behavior (by specifying the controller parameters) to control 

the handover behavior. It was found that the user experience and handover performance 

can be dependent on the optimization criteria of the MPC formulation even though both 

controllers require specification of timing parameters (which have different effects on 

handover duration).  
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2. Chapter 2 Theoretical Background 

 

2.1. Proportional Velocity Control 

 

Proportional Velocity (PV) control is a control strategy where the velocity control 

command is proportional to the position tracking error. For example, we consider a 

discrete time dynamical system as shown in (2.1), where 𝒙(𝑡) 𝜖 ℝ𝑛 represents the state 

vector with x, y, z coordinates of a robot gripper’s location in the Euclidean space and 

𝒖(𝑡) 𝜖 ℝ𝑚 represents the control vector which are commanded velocity components 

along the x, y, and z axes at the gripper. An error can be calculated as the difference 

between the current state 𝑥(𝑡) and the goal state 𝒙𝒈(𝑡). Control implemented 𝒖(𝑡) at 

every time step is then, as described earlier, equal to this error scaled by a specified gain 

value kp, as shown in (2.2). The advantage of this controller is that it is very simple to 

compute a solution however, a disadvantage is that there can be a steady state error as 

the proportional control can never truly eliminate all error with solely proportional 

control. In the context of handovers however, the human hand can adjust slightly 

towards the robot towards the end of the robot’s reach trajectory to compensate for the 

steady state error.  

 𝒙(𝑡 + 1) = 𝐺(𝒙(𝑡), 𝒖(𝑡)) (2.1) 

 𝒖 (𝑡) = 𝑘𝑝 ∗ (𝒙(𝑡) − 𝒙𝒈(𝑡)) (2.2) 
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2.2. Model Predictive Control 

The control commands generated at each timestep can also be computed by leveraging 

numerical optimization, using optimal control. Optimal control [24] allows the 

definition of a cost function and constraints as a function of the state/system variables. 

Consider the system (2.1) with additional state and control constraints such as accessible 

x, y, and z coordinates in the physical space or maximum velocities set by hardware 

limitations. These constraints can be depicted as ℎ(𝑥 , 𝑢 ) ≤ 0 with ℎ:ℝ𝑛 × ℝ𝑚 →

ℝ𝑛𝐶  . The control input is then calculated by minimizing/maximizing the cost function 

while abiding by these constraints. The cost function can be defined over time instant 0 

to time instant L as shown in (2.3). Here, L depicts the prediction horizon of the 

controller. This intuitively means how far into the future the control looks to predict the 

dynamics. Here 𝑥𝑘 denotes the state vector at time k which can be obtained by applying 

the system model (2.5) to the measured initial state 𝑥0 (2.4) under the control inputs 

𝑢0, … , 𝑢𝑘−1.    

 

𝐽0→𝐿(𝑥0, 𝑈0→𝐿) = 𝜌(𝑥𝐿) + ∑ 𝑞(𝑥𝑘, 𝑢𝑘)

𝐿−1

𝑘=0

 (2.3) 

 𝑥0 = 𝑥(0) (2.4) 

 𝑥𝑘+1 = 𝑔(𝑥𝑘, 𝑢𝑘) (2.5) 

 

This cost function has two terms called terminal cost and stage cost. The terminal cost, 

𝜌(𝑥𝐿), penalizes the controller to reach and remain at the terminal state (the state at the 

final instant L). The stage cost can be defined with a function 𝑞 that can use state 

variables, control variables or other parameters in the system to determine the value of 



13 
 

the cost at each predicted time step from 0 to L-1. 𝑈0→𝐿 𝜖 ℝ
𝑠, 𝑠 = 𝑚𝐿 is defined as the 

vector of future inputs. The optimal cost 𝐽0→𝐿
∗ (𝑥0) is found using the Model Predictive 

Control problem which is formulated as shown in (2.6-2.10).  

 𝐽0→𝐿
∗ (𝑥0) =    𝑚𝑖𝑛𝑈0→𝐿

               𝐽0→𝐿(𝑥0, 𝑈0→𝐿) (2.6) 

                            𝑠. 𝑡               𝑥𝑘+1 = 𝑔(𝑥𝑘, 𝑢𝑘),          𝑘 = 0,… , 𝐿 − 1 (2.7) 

                   ℎ(𝑥𝑘 , 𝑢𝑘) ≤ 0,            𝑘 = 0,… , 𝐿 − 1 (2.8) 

                 𝑥0 = 𝑥(0) (2.9) 

               𝑥𝐿 ∈ 𝜒𝑓 (2.10) 

 

Essentially the control 𝑈0→𝐿 is computed such that the cost function is minimized while 

abiding by the dynamics constraints (2.7), the system constraints (2.8) and by knowing 

the current state (2.9) and ensuring that the final predicted state using the predicted 

control lies in the desired terminal region 𝜒𝑓 (2.10), the region where we want the state 

to be at the end of the trajectory. From the control vector 𝑈0→𝐿 calculated using this 

optimization framework, only the first time-step’s velocity is commanded. Then the 

optimization problem is solved again for the next time step with state 𝑥(1) as initial 

state. 

 

2.3. User Study Questionnaires 

In this experiment, evaluation of the controllers is based on user experience, workload, 

and performance metrics. User experience is assessed using a modified version of the 

questionnaire created by Laugwitz et. al [25]. The original questionnaire uses a 7-point 

Likert scale on 26 attributes classified into 6 categories as shown in Figure 1. 
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Pragmatic quality which comprises of the categories: efficiency, perspicuity, and 

dependability were deemed to be relevant for the evaluation of the controllers in this 

study. 

 

Figure 1 Attribute Classification into Categories 

Additionally, user workload was also evaluated based on the NASA TLX Questionnaire 

[26]. Of the 6 metrics in this questionnaire, physical demand and temporal demand were 

deemed irrelevant. Difference in physical demand (human hand motion) between the 

controllers will be minimal and the Timing controller is defined temporally, and hence 

temporal demand is user determined. The remaining 4 metrics (mental demand, 

[perceived] performance, effort, and frustration) have been included in the 

questionnaire.  
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3. Chapter 3 System Setup 

3.1 System Model 

In this thesis, we have used a similar system model to [2] described below 

 

Figure 2 Robot Coordinate Frames 

In the global coordinate frame (overhead localization) the origin is the base of the robot 

as shown in Figure 2. We defined the state variable as the cartesian coordinates of the 

gripper with respect to this origin (3.3). The gripper orientation is fixed for all 

handovers. Control (3.4) variables are velocity components along the cartesian axes 

applied at the end effector (black circle shown in Figure 2). We chose velocity control 

as it allows control over the position trajectory of the end effector. In this work, cartesian 

velocity is converted into joint velocities using Kinova’s Internal Inverse Kinematic 

solver. 
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As we used overhead localization the system state was known at all time steps allowing 

C to be defined as shown in (3.5). The human (target) position was also known at all 

times due to overhead localization and a static motion model was assumed for the 

human, as the human hand reached the handover location well before the robot and 

waited for the robot. 

With this model, the continuous dynamics of the robot were represented by the linear 

equations (3.1-3.5). As �̇� = 𝒖, this equation can be represented in the discrete domain 

as shown in (3.6). 

 �̇� = 𝐴𝒙 + 𝐵𝒖 (3.1) 

 𝒚 = 𝒙 (3.2) 

 

𝒙 = (

𝑝𝑥

𝑝𝑦

𝑝𝑧

) (3.3) 

 

𝒖 = (

𝑢𝑥

𝑢𝑦

𝑢𝑧

) (3.4) 

 

𝐴 = (
0 0 0
0 0 0
0 0 0

)        𝐵 = (
1 0 0
0 1 0
0 0 1

)   (3.5) 

 𝒙(𝑡 + 1) = 𝒙(𝑡) + 𝒖 ∗ Δ𝑡 (3.6) 

 

3.2 Task Overview 

The motivation behind conducting the user studies was primarily to understand what 

users felt when physically performing a task with the Timing controller and to evaluate 

how well they could complete these tasks compared to a baseline.  
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Our selection criteria for the baseline controller were that it must be closed-loop [16, 

19], widely used, and simple to tune i.e. required minimal parameters for specification. 

For these reasons a Proportional Velocity (PV) controller [10, 11, 16] is selected.  

We ran a within-subject experimental design manipulating one independent variable: 

controller type (Timing vs. PV). We conducted two studies to evaluate the user 

experience and task performance for the two implementations of the Timing controller 

and compared each to the baseline PV controller.  

The scenario we designed was a human-robot collaboration task involving handovers 

from the robot to the human. This task models an industrial scenario of vaccine 

packaging in the pharmaceutical industry. Success of handover was defined as handover 

reach time falling within a specified bound, termed as vaccine exposure limits for this 

user study. The task involved a non-time critical and time-critical scenario to evaluate 

the controllers in both conditions.  

In the first Timing controller implementation, minimum cumulative jerk (MCJ), the 

users specified the reaching time of the robot, and the controller generated a minimum 

jerk trajectory towards the handover location. 

In the second Timing controller implementation, minimum cumulative error (MCE), the 

user specified a stall time along with the reaching time of the robot and the controller 

generated a minimum cumulative error trajectory towards the handover location. 

In the PV controller, the robot’s instantaneous cartesian velocity is proportional to the 

distance from the handover location, and the users specified the proportional gain.   
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3.3 Hardware & User Interfaces 

3.3.1. Hardware 

The hardware components we used to physically implement this controller included a 

Kinova Gen 3 collaborative robot [27], a Motive OptiTrack system [28] and plastic test 

tubes that were used as the object for handover.  

The Kinova Gen 3 collaborative robot was used with a RobotIQ 2 fingered gripper [29] 

end effector. Soft Styrofoam was taped onto the end effector to prevent damage to the 

handover object during handling, as shown in Figure 3.  

 

Figure 3 Gripper Modifications 

We asked the user to wear a marker on their dominant hand as shown in Figure 4 which 

was tracked using 12 cameras with the Motive Optitrack system shown in Figure 5. 

Trackers were also present on the end effector of the robot. This system provided 

localization data at 120 Hz. This allowed the position of the end effector to always be 

known. 
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Figure 4 Marker on Hand 

 

Figure 5 Cameras for Localization 

 

3.3.2. User Interfaces 

User Interfaces (UI) were created using QT [30]. Figure 6 shows the UI for the PV 

controller. In this case, users specified the gain for 3 different objects. Figure 7 shows 

the UI for the MCJ Timing controller. For this, users specified the maximum reach time 

for each object. Figure 8 shows the UI for the MCE Timing controller where two 

parameters were specified for each object: a “Don’t move until ___ seconds” (stall) time 

and a “Reach before ___ seconds” (maximum reach) time. 
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Figure 6 PV Controller UI 
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Figure 7 Timing MCJ Controller UI 
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Figure 8 Timing MCE Controller UI 

3.4 Controller Implementation 

Table 1 shows the symbols used in the equations for each controller 

Table 1 Controller Symbol Definition 

Symbol Meaning 

x Robot pose  

xhuman Human pose 

kp User specified gain (for PV controller) 

umax Maximum resultant velocity - set at 0.5m/s 

𝐿 Prediction Horizon - set at 24 steps 

u Velocity control 

tr Max. Reach time (seconds) 

ts Stall time (seconds) 

i Time step  

ireach Max. Reach Time (in time steps) i.e. robot must reach before this time 

ireachnot Stall time (in time steps) i.e. robot will remain stationary for this time 

𝜖𝑥 Position tolerance (to determine robot has reached human) - set at 10 cm 

𝜖𝑢 Velocity tolerance (negligible value to ensure robot is stationary) - set at 

0.1 cm/s 
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Every handover can be represented by the 4 phases mentioned in [2]. These phases were 

executed using ROS services provided by the Kinova ROS Package and can be 

distributed into different commands/steps as shown in Table 2.   

Table 2 Commands for Handover Phases 

Step Phase of Handover Command 

0 Homing If not already there, gripper moves to home position 

1 

Pick Up 

Gripper is opened 

2 End effector hovers over the pickup point at pre-

pickup height 

3 End effector descends to pick up test tube 

4 Gripper is closed 

5 End effector hovers over the pickup point at post-

pickup height 

6 Reach End effector moves toward human hand position 

7 
Transfer 

End effector comes to rest 

8 Gripper opens 

9 Retreat End Effector returns to home position 

 

As Kinova’s Internal Inverse Kinematics solver computed the joint angles, we noticed 

recurring instances where the robot would not be able to solve for a trajectory as the 

robot would have reached a singularity point. These occurred when the robot was very 

close to, or at its, maximum reach. During these cases we observed that homing the 

robot could still be done to exit the singularity point in almost every scenario. Hence, to 

minimize these errors, the robot was homed (Table 2, Step 0) prior to every handover 

to ensure that a trajectory could be calculated throughout the handover phases. The 

retreat phase (Table 2, Step 9) is also a return-to-home command. The trajectories in the 

pickup and transfer stages were shorter and not prone to large spatial variation and 

hence, the possibility of reaching a singularity point in those trajectories was negligible. 
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3.4.1. Pickup Phase 

We divided the pickup stage into five commands as shown (Table 2 Steps 1-5). The 

pickup point was decided based on vaccine number and color, which was different at 

every consecutive handover. We offset the hover point from the pickup point by 0.1m 

and 0.15m for pre (Table 2 Step 2) and post (Table 2 Step 5) pickup points to account 

for an increased height when holding the vaccine. Both heights were selected so that 

sufficient clearance was present from other vaccines when holding the vaccine. 

 

3.4.2. Reach Phase 

The reach phase was where the controllers were implemented. The first step of the reach 

phase was to check if the human has entered the collaborative handover zone, after 

which, the position of the human hand was obtained from overhead localization to use 

as a target for the handover. Prior work showed that this reactive behavior is preferred 

in human-robot handovers [19]. 

 

Control computation 

PV Controller 

For the PV controller, the commanded velocity components were computed as shown 

in equations (3.7-3.9). After finding the command velocity from (3.8), the velocity 

control components are defined as shown in (3.9). The terminal constraint for this 

controller is when the distance to the human hand reached the specified threshold 𝜖𝑥 

(3.10). Commands are executed at 20Hz and 𝑢𝑚𝑎𝑥 is set to 0.5m/s.  
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  𝑑ℎ𝑢𝑚𝑎𝑛 = ‖𝒙 − 𝒙𝒉𝒖𝒎𝒂𝒏‖ (3.7) 

  𝑢𝑐𝑜𝑚𝑚𝑎𝑛𝑑 = min (𝑘𝑝 ∗ 𝑑ℎ𝑢𝑚𝑎𝑛, 𝑢𝑚𝑎𝑥) (3.8) 

 
𝑢𝑥 = 𝑢𝑐𝑜𝑚𝑚𝑎𝑛𝑑 ∗  

𝑝ℎ𝑢𝑚𝑎𝑛𝑥
− 𝑝𝑥

𝑑ℎ𝑢𝑚𝑎𝑛
 , 𝑢𝑦 = 𝑢𝑐𝑜𝑚𝑚𝑎𝑛𝑑 ∗  

𝑝ℎ𝑢𝑚𝑎𝑛𝑦
− 𝑝𝑦

𝑑ℎ𝑢𝑚𝑎𝑛
, 

𝑢𝑧 = 𝑢𝑐𝑜𝑚𝑚𝑎𝑛𝑑 ∗  
𝑝ℎ𝑢𝑚𝑎𝑛𝑧

− 𝑝𝑧

𝑑ℎ𝑢𝑚𝑎𝑛
 

(3.9) 

 𝑑ℎ𝑢𝑚𝑎𝑛 < 𝜖𝑥 (3.10) 

 

Timing Controller 

For the Timing controllers, the optimal velocity was computed based on time bounds 

specified by the user. Commanded velocity was computed at 4Hz by solving an 

optimization function at each time step using Model Predictive Control. The problem 

was modeled with CVXPY in Python. 

After CVXPY variables had been defined for both the state and control vectors for the 

prediction horizon, the cost and constraints were computed. These were then solved to 

minimize cost and if a feasible solution was found, the first element of the velocity 

control was commanded to the robot.  

If a feasible solution was not found, the state was kept the same as its previous value 

and the control is made 0. Physically, the controller would display an abort message, 

play a sound, freeze at its current location for 5 seconds, and then proceed to return to 

the pre-pickup hover location. The freeze was provided as a visual indication of the 

controller being unable to satisfy the specified timing constraint. The freeze also 

prevented abrupt return to the pre-pickup hover location, which we understood could be 

negatively perceived by users.  
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MPC Cost Definition 

Minimum Cumulative Jerk 

The objective function to be minimized is shown in Equation (3.11) and is subject to 

the constraints in equations (3.12-3.17). Here the current time step is assumed to be 0 

and 𝑖 represents discrete future timesteps. 𝑖𝑟𝑒𝑎𝑐ℎ is found by dividing the user specified 

reach time, tr, by the computation time period (0.25s). 𝒙𝒉𝒖𝒎𝒂𝒏 is the position of the 

user’s hand and is assumed to be constant for a time period as we assumed a static 

human motion model. (3.12) represents the dynamics constraints and (3.13) represents 

the velocity limit imposed. (3.15) ensures that the first velocity component is 0 to allow 

a smooth trajectory. (3.16) ensures that the robot reaches the target at the desired time 

step. (3.17) ensures no motion after the robot has reached the transfer point. 

 

min∑ �̈�(𝑖)

𝐿−1

𝑖=0

  (3.11) 

 s.t 𝒙(𝑖 + 1) = 𝒙(𝑖) + 𝒖(𝑖) ∀ 𝑖 ∈ [0, 𝐿 − 1] (3.12) 

 ‖𝒖(𝑖)‖ ≤ 𝑢𝑚𝑎𝑥   ∀ 𝑖 ∈ [0, 𝐿 − 1] (3.13) 

 𝑥(0) = 𝑥0 (3.14) 

 

𝒖(0) = [
0
0
0
] (3.15) 

 ‖𝒙(𝑖𝑟𝑒𝑎𝑐ℎ − 1) − 𝒙𝒉𝒖𝒎𝒂𝒏(𝑖𝑟𝑒𝑎𝑐ℎ − 1)‖ ≤ 𝜖𝑥 (3.16) 

 ‖𝒖(𝑖𝑟𝑒𝑎𝑐ℎ − 1)‖ ≤ 𝜖𝑢 (3.17) 

 

Jerk at the 𝑖th timestep can be mathematically defined using forward finite differences 

as shown for the one-dimensional example in (3.18). Hence at each time step, data for 

the next 𝐿 +2 steps were stored.  
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𝑢�̈�(𝑖) =

𝑢𝑥(𝑖 + 2) − 2𝑢𝑥(𝑖 + 1) + 𝑢𝑥(𝑖)

Δ𝑡2
 (3.18) 

 𝒖 = [𝑢(𝑖) 𝑢(𝑖 + 1)…𝑢(𝑖 + 𝐿 + 1)]3×(𝐿+2) 

𝑢(𝑖) 𝑎𝑟𝑒 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

 

(3.19) 

 

𝐷 =

[
 
 
 
 
1 −2 1 0 0 0 … 0
0 1 −2 1 0 0 … 0
0 0 1 −2 1 0 … 0
… … … … … … … 0
0 0 0 0 0 1 −2 1

 

]
 
 
 
 

(𝐿+2)×(𝐿+2)

 (3.20) 

 
𝑐𝑜𝑠𝑡 = ‖𝐷 ∗ 𝒖𝒙‖

2 + ‖𝐷 ∗ 𝒖𝒚‖
2
+ ‖𝐷 ∗ 𝒖𝒛‖

2    (3.21) 

 

Minimum Cumulative Error 

For minimum cumulative error (MCE), the cost at each timestep is the squared distance 

to the target. This objective function is represented by (3.22). The constraints are similar 

to the MCJ formulation, with two exceptions. The zero initial velocity constraint is 

removed as a smooth trajectory was not required in this case. Additionally, the velocity 

command is 0 for the duration of the stall time, which is represented in discrete steps as 

𝑖𝑟𝑒𝑎𝑐ℎ𝑛𝑜𝑡 (3.24). 

 

min∑‖𝒙(𝑖) − 𝒙𝒉𝒖𝒎𝒂𝒏(𝑖)‖2

𝐿+1

𝑖=0

  (3.22) 

 s.t 𝒙(𝑖 + 1) = 𝐴𝒙(𝑖) + 𝐵𝒖(𝑖) ∀ 𝑖 ∈ [0, 𝐿 − 1] (3.23) 

 ‖𝒖(𝑖)‖ = 0  ∀ 𝑖 ∈ [0, 𝑖𝑟𝑒𝑎𝑐ℎ𝑛𝑜𝑡 − 1] (3.24) 

 ‖𝒖(𝑖)‖ ≤ 𝑢𝑚𝑎𝑥  ∀ 𝑖 ∈ [𝑖𝑟𝑒𝑎𝑐ℎ𝑛𝑜𝑡, 𝐿 − 1] (3.25) 

 ‖𝒙(𝑖𝑟𝑒𝑎𝑐ℎ − 1) − 𝒙𝒉𝒖𝒎𝒂𝒏(𝑖𝑟𝑒𝑎𝑐ℎ − 1)‖ ≤ 𝜖𝑥 (3.26) 

 ‖𝒖(𝑖𝑟𝑒𝑎𝑐ℎ − 1)‖ ≤ 𝜖𝑢 (3.27) 
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Computation Tradeoff 

A tradeoff is present between the prediction horizon (L=24), and computation frequency 

(4Hz). As the prediction horizon was increased, we noticed that the computation time 

also increased drastically. The computation time set a bound on how frequently we can 

output velocity commands and therefore defined the responsiveness of the controller.  

The optimal value for the two parameters was set by constraining the maximum window 

of time that needed to be predicted. This was defined by the longest expected handover, 

which was selected to be 6 seconds. With this bound, we selected the horizon and 

computation frequency parameters by attempting to maximize computation frequency 

while maintaining a look-ahead distance of 6 seconds.  

Terminal Constraint 

With each controller a check was also done at the corresponding sample time to see if 

the distance between the end effector and human hand was under a specified threshold, 

𝜖𝑥 = 10cm. This was the terminal constraint of the reach phase as it indicated that the 

end effector had reached the transfer zone, after which the gripper was opened.  
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4. Chapter 4 Experiment Design and Hypothesis 

4.1. Research Questions 

Formally we stated the research questions as shown: 

1. Whether and to what extent does the Timing controller offer better user 

experience than a PV controller? 

2. Whether and to what extent does the Timing controller improve efficiency of 

handovers as compared to a PV controller? 

 

4.2. Hypotheses 

H1. Timing controller will provide better user experience than PV controller. 

H1a. Timing controller will have higher perceived efficiency than PV controller. 

H1b. Timing controller will have higher perspicuity than PV controller. 

H1c. Timing controller will have higher dependability than PV controller. 

H2. Timing controller will have lower failures than PV controller. 

H3. Timing controller will not have higher total handover time than PV controller. 

 

4.3. Study Design 

We conducted two user studies. In the Study 1, we implemented the Timing controller 

with a minimum cumulative jerk (MCJ) objective, inspired by existing literature on the 

subject [5, 12, 31]. In Study 2, we implemented the Timing controller with a minimum 

cumulative error (MCE) objective while keeping the experimental procedure the same.  
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4.3.1. Experimental Layout 

The experimental layout is shown in Figure 9.  

 

Figure 9 Experimental Layout 

Plastic test tubes were selected as the handover object as they could be gripped with a 

fixed orientation of the end effector and still allow sufficient grasping area for the human 

during the transfer phase. Additionally, the test tubes were light and durable, allowing 

negligible payload on the robotic arm and preventing chance of damage if dropped. We 

placed 18 test tubes on a rack to represent the pick-up area for the handovers.  

Three stations were physically spaced out at varying distances from the pickup point. 

The area marked with blue tape on the table represented the unsafe refrigeration zone 
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where users are not allowed to enter their hand. We established this boundary to limit 

the reach of the user and to prevent cases where the robot does not need to perform a 

reach motion. If a user’s hand enters this zone, an alarm sound will continuously go off 

until the user removed their hand from the zone.     

The collaborative zone is defined by the reach of the robot, and prior to every handover 

reach motion, presence of the human hand in the collaborative one is checked to allow 

reactive behavior [19].  

The monitor showed the UI, packaging sequence and round timer. User verbally stated 

how they wanted to tune each controller while we acted as a Wizard of Oz [34] to change 

the parameters on the screen and generate the controller using the laptop labeled in 

Figure 9.  

 

4.4. Study Procedure 

Participants began by signing a consent form. They were then asked about their 

background (Engineering/Non-Engineering) and graduation year. A study instruction 

sheet (Appendix A.1) was provided to the participants to read as this prevented variance 

in instructions provided. 

The experiment consisted of eight recorded rounds where the first four rounds were a 

non-time critical task (non-optimization rounds) and last four were a time critical task 

(optimization rounds). There were two types of rounds, design rounds and test rounds. 

In the design round the users had limited time to program the robot to perform successful 

handovers. In the test round that immediately followed, the user performed handovers 

with the programmed parameters in a packaging task. A practice of each of these rounds 
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with a dummy parameter was conducted prior to beginning user data recording to 

prevent learning effects. Order of controllers was also counterbalanced between 

participants to avoid recency effects.  

Handover success was quantitively evaluated based on whether handover reach time fell 

between minimum and maximum bounds set for the three differently colored vaccines. 

These bounds, called exposure limits, are shown in the controller design User Interface. 

Aborts also counted as failures for the controller. In Study 2, inability to grasp a vaccine 

was termed a fall and classified as a different failure criteria. 

 

4.4.1. Design Round 

The goal of the design round was for users to tune the parameters to maximize the 

number of successful handovers in the following test round. Figure 10 shows the visible 

windows to the user on the Display Screen during the Design Round. The left side is the 

controller UI, which users used to verbally tune the control parameter for each vaccine. 

Controller UIs for the PV controller, the MCJ Timing controller, and MCE Timing 

controller are shown in Figures 6, Figure 7, and Figure 8, respectively.  The top right 

side is the five-minute countdown timer for the design round. The Current Handover 

Timer showed the reach time for each handover and indicated whether a handover was 

a success (green background) or a failure (red background). Users repeatedly performed 

handovers, observed the handover reach time taken, and tuned parameters accordingly 

until successful (within time bounds) handovers were possible at all three stations. Users 

had to attempt to do this for all three vaccines within the five minute time-limit.  
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At the end of the design round, the parameters were locked for the following test round 

and the Current Handover Timer was no longer visible.  

 

Figure 10 Design Round Monitor Display 

 

4.4.2. Test Round 

Figure 11 represents what was visible to the user on the Display Screen during the Test 

Round. In the test round, the robot autonomously attempted vaccine handovers, one by 

one, in the following order: six greens, six yellows then six reds. The goal of the test 

round was to successfully place the vaccines in the specified packaging sequence shown 

in the bottom right of Figure 11, while following two rules: the user was not allowed to 

walk with a vaccine in hand and the user had to place the vaccine at the station closest 

to where they received it.  

These two rules implied that the user must be present at the station where the vaccine 

was to be placed prior to receiving the vaccine, which forced users to move around the 

table. The packaging sequence had been designed to ensure all 3 vaccines are handed 
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over at all 3 stations so that the robustness of the user’s parameter tuning to handover 

distance variation could be assessed in the test round.   

 

Figure 11 Test Round Monitor Display 

 

After performing the design and test round with each controller in the non-optimization 

round, the same four rounds were performed in the optimization round with the added 

goal of minimizing total test time. We designed a monetary reward system, shown in 

Table 3 to incentivize users to optimize performance for minimum handover time, 

minimum failed handovers, and minimum time spent in unsafe zone.  

Table 3 Monetary Incentivization for Optimization Round 

 Scenario Reward 

Total test time < specified time + 1$ per second less 

Total time in unsafe zone > 1s -1 $ per second 

Total failed handovers > 0 -2$ per failed handover 

 

  



35 
 

4.5. Timing Controller Abort Feedback 

We designed the timing controller to provide feedback in the case of a failed handover. 

As described in the MPC implementation, when the optimization function yielded an 

infeasible solution due to violation of timing constraints, the robot froze in place and 

provided feedback on the timer as “Couldn’t reach your hand in time”, as shown in 

Figure 12. This message was changed to “I will not be able to reach in the specified time 

limit” in the Study 2. The feedback system was one of the key advantages of the Timing 

controller, as it could help the users in tuning the controllers. 

 

Figure 12 Handover Timer 

 

4.6. Questionnaires 

We designed a questionnaire to evaluate user experience (efficiency, perspicuity, and 

dependability) [25] and task workload (mental workload, perceived performance, effort, 

and frustration) [26]. Users were asked to assess components of these metrics on a 7-

point and 21-point scale respectively. The questionnaire is shown in Figure 13. 

Additionally, an open-ended qualitative questionnaire was given to users at the end of 

the experiment with the following prompt: “Please write a few sentences comparing the 
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two controllers based on your experience of designing and using them in this 

experimental task”. We asked users to fill out the questionnaires for both controllers at 

the end of both the non-optimization and the optimization rounds. The open-ended 

qualitative questionnaire was given once per participant at the end of the experiment.  

We also measured quantitative metrics from each user, including number of handover 

failures, total test time, total robot waiting time, and total human waiting time for each 

test round.  

For the scope of this work, analysis has been done for the User Experience 

questionnaire, handover failures, and total test time for both studies. Analysis of the 

workload questionnaire, qualitative feedback analysis, waiting times and monetary 

analysis is done by the collaborator, Alap Kshirsagar. Both collaborators had equal 

contribution in the experiment design and data collection.  
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Figure 13 User Experience & Workload Questionnaire 
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4.7. Participant Details 

We conducted both user studies with 30 participants each. The study lasted around 90 

minutes and participants were students and staff from Cornell University. The 

distribution of participants in engineering and non-engineering backgrounds for both 

studies is shown in Table 4. Each participant was compensated with a minimum of $15 

for participating in the study. One set of data from Study 1 was neglected in analysis 

due to incomplete information.  

Table 4 Participant Background Distribution 

 
MCJ Timing Controller vs 

PV (Study 1) 

MCE Timing Controller vs 

PV (Study 2) 

Engineering 12 2 

Non-Engineering 19 28 

 

 

4.8. Study 1 vs. Study 2 Changes 

Table 5 Study 1 vs Study 2 Changes 

S. No Component Study 1 Study 2 

1 Timing Controller Objective 

Function 

Minimum 

Cumulative Jerk 

Minimum 

Cumulative Error 

2 Parameters Specified Max Reach time  Max Reach time  

Stall time  

3 User Experience 

Questionnaire 

Overall Programming 

Collaborating 

4 Workload Questionnaire Surveyed N/A 

5 Timing Controller Abort 

Feedback Message 

“Couldn’t reach 

your hand” 

“I won’t be able to 

reach in the 

specified time 

limit” 

6 Handover Failure Criteria Failures 

Aborts 

Failures 

Aborts 

Falls 

7 Timing Controller Reward 

Time Bound  

280 s 260 s 
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Changes in the experimental design between the two implementations have been shown 

in Table 5. For Study 2, we decided to measure user experience for programming the 

robot and collaborating with the robot separately. Additionally, workload was no longer 

measured since it seemed to follow similar trends to certain User Experience metrics. 

The abort message was also changed to be more descriptive, as we hypothesized that 

improving the clarity of the message could improve the perspicuity of the controller. 

After the first study was conducted, we observed that many participants were not able 

to grasp the vaccine once the robot gripper opened. We hypothesized that this was due 

to the motion of the controller and hence fall was included as a failure criterion in the 

second study. The reward time bound was also decreased as the Timing controller had 

faster handovers with the MCE implementation compared to the MCJ implementation.   
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5. Chapter 5 Results & Discussion 

5.1. Summary of Results 

A summary of the results from the user studies has been shown in Table 6. 

Table 6 Summary of Results 

 

MCJ Timing Controller 

vs PV controller  

(Study 1) 

MCE Timing Controller 

vs PV controller  

(Study 2) 

H1 - Timing controller 

will provide better user 

experience than PV 

controller 

p = 0.842 
p = 0.035 (Programming) 

p < 0.001 (Collaborating) 

H2 - Timing controller 

will have fewer failures 

than PV controller 

p = 0.985 p = 0.015 

H3 - Timing controller 

will not have higher total 

test time than PV 

controller 

 

p = 1 p = 1 

 

User experience was higher, and failures were fewer with the MCE Timing controller 

compared to the PV Controller. User experience was lower, and failures were more with 

the MCJ Timing controller when compared to the PV. Total test duration was longer for 

both Timing controller implementations compared to the PV controller.  

Plots, inferential statistics and descriptives are provided for each section and reporting 

has been done with a format defined in [35]. All plots have been plotted with 1 standard 

deviation error bars.   
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5.2. User Experience 

5.2.1. MCE Timing Controller vs PV controller (Programming)  

Participants rated the overall user experience of programming the robot with MCE 

Timing Controller (M = 5.24, SD = 1.28) higher than the baseline PV controller (M = 

4.65, SD = 1.20), t(29) = -1.884, p = 0.035, d=0.48. Thus, H1 is supported. 

I. The programming perceived efficiency ratings of MCE Timing Controller 

(M =5.22, SD=1.15) were higher than those of PV controller (M =4.59, SD 

=1.19), t(29) = -2.195, p = 0.018, d=0.54. Thus, H1a is supported.  

II. The programming perspicuity ratings of MCE Timing Controller (M =5.25, 

SD=1.43) were higher than those of PV controller (M =4.75, SD =1.38), 

t(29) = -1.378, p = 0.089, d=0.36. Thus, H1b is supported. 

III. The programming dependability ratings of MCE Timing Controller (M = 

5.32, SD=1.26) were higher than those of PV controller (M =4.64, SD 

=1.19), t(29) = -2.305, p = 0.014, d=0.55. Thus, H1c is supported. 
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Paired Samples T-Test  

Measure 1     Measure 2  t  df  p  

PV Efficiency Programming  -   MCE Efficiency Programming  -2.195   29   0.018   

PV Perspicuity Programming  -   MCE Perspicuity Programming  -1.378   29   0.089   

PV Dependability Programming  -   MCE Dependability Programming  -2.305   29   0.014   

PV Overall UE Programming  -   MCE Overall UE Programming  -1.884   29   0.035   

 

Descriptives  

   N  Mean  SD  SE  

PV Efficiency Programming  30   4.592   1.187   0.217   

MCE Efficiency Programming  30   5.221   1.151   0.210   

PV Perspicuity Programming  30   4.746   1.377   0.251   

MCE Perspicuity Programming  30   5.254   1.431   0.261   

PV Dependability Programming  30   4.638   1.185   0.216   

MCE Dependability Programming  30   5.321   1.261   0.230   

PV Overall UE Programming  30   4.653   1.196   0.218   

MCE Overall UE Programming  30   5.244   1.279   0.234   
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5.2.2. MCE Timing Controller vs PV controller (Collaborating)  

Participants rated the overall user experience of collaborating with the robot in case of 

MCE Timing Controller (M = 5.57, SD = 0.96) higher than the baseline PV controller 

(M = 4.61, SD = 1.22) compared, t(29) = -3.955, p <0.001, d=0.87. Thus, H1 is 

supported. 

I. The collaborating perceived efficiency ratings of MCE Timing Controller 

(M =5.34, SD=1.05) were higher than those of PV controller (M =4.61, SD 

=1.26), t(29) = -2.818, p =0.004, d=0.63. Thus, H1a is supported.  

II. The collaborating perspicuity ratings of MCE Timing Controller (M =5.70, 

SD=1.09) were higher than those of PV controller (M =4.80, SD =1.26), 

t(29) = -3.355, p =0.001, d=0.76. Thus, H1b is supported. 

III. The collaborating dependability ratings of MCE Timing Controller (M 

=5.59, SD=0.99) were significantly better than those of PV controller (M 

=4.58, SD =1.14), t(29) =-4.146, p <0.001, d=0.96. Thus, H1c is supported. 
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Paired Samples T-Test  

Measure 1     Measure 2  t  df  p  

PV Efficiency Collaborating  -   MCE Efficiency Collaborating  -2.818   29   0.004   

PV Perspicuity Collaborating  -   MCE Perspicuity Collaborating  -3.355   29   0.001   

PV Dependability 

Collaborating 
 -   

MCE Dependability 

Collaborating 
 -4.146   29   < .001   

PV Overall UE Collaborating  -   MCE Overall UE Collaborating  -3.955   29   < .001   

 

Descriptives  

   N  Mean  SD  SE  

PV Efficiency Collaborating  30   4.608   1.262   0.230   

MCE Efficiency Collaborating  30   5.342   1.052   0.192   

PV Perspicuity Collaborating  30   4.800   1.258   0.230   

MCE Perspicuity Collaborating  30   5.700   1.092   0.199   

PV Dependability Collaborating  30   4.575   1.142   0.209   

MCE Dependability Collaborating  30   5.592   0.989   0.180   

PV Overall UE Collaborating  30   4.609   1.218   0.222   

MCE Overall UE Collaborating  30   5.572   0.956   0.175   
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5.2.3. MCJ Timing Controller vs PV controller  

Participants did not rate the overall user experience of MCJ Timing controller (M = 

4.69, SD = 0.78) to be higher than the baseline PV controller (M = 4.93, SD = 1.04), 

t(29) = 1.02, p = 0.842, d=-0.26. Thus, H1 is not supported. 

I. The perceived efficiency ratings of MCJ Timing controller (M =4.72, 

SD=0.71) were not higher than those of PV controller (M =4.86, SD =0.96), 

t(29) = 0.70, p =0.76. Thus, H1a is not supported.  

II. The perspicuity ratings of MCJ Timing controller (M =4.59, SD=1.10) were 

not higher than those of PV controller (M =4.82, SD =1.35), t(29) = 0.69, p 

=0.75. Thus, H1b is not supported. 

III. The dependability ratings of MCJ Timing controller (M =4.75, SD=0.85) 

were not higher than those of PV controller (M =5.09, SD =1.01), t(29) = 

1.60, p =0.94. Thus, H1c is not supported. 
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Paired Samples T-Test Results 

Measure 1     Measure 2  t  df  p  

PV Efficiency   -   MCJ Efficiency   0.699   29   0.755   

PV Perspicuity   -   MCJ Perspicuity   0.691   29   0.752   

PV Dependability   -   MCJ Dependability   1.596   29   0.939   

PV Overall UE   -   MCJ Overall UE   1.019   29   0.842   

  

Descriptives  

   N  Mean  SD  SE  

PV Efficiency  30   4.862   0.961   0.175   

MCJ Efficiency  30   4.721   0.710   0.130   

PV Perspicuity   30   4.825   1.345   0.246   

MCJ Perspicuity   30   4.592   1.100   0.201   

PV Dependability   30   5.092   1.009   0.184   

MCJ Dependability   
 

 30   4.746   0.850   0.155   

PV Overall UE   30   4.927   1.043   0.190   

MCJ Overall UE   30   4.686   0.776   0.142   
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5.2.4. MCE Timing controller vs MCJ Timing controller  

To test the effect of Timing controller implementation on User Experience in the non-

optimization round (Round 1), we ran independent t-tests or Mann-Whitney Utest. We 

found that participants scored the MCE Timing controller (M = 5.46, SD = 1.21) higher 

compared to the MCJ Timing controller (M = 4.81, SD =0.98), W = 291, p = 0.012, d = 

0.49. 

I. The perceived efficiency ratings of MCE Timing controller (M =5.38, 

SD=1.21) were higher than those of MCJ Timing controller (M =4.72, SD 

=1.05), W=297.5, p = 0.012, d= 0.58.  

II. The programming perspicuity ratings of MCE Timing controller (M = 5.45, 

SD = 1.37) were higher than those of MCJ Timing controller (M = 4.79, SD 

= 1.34), W=325.5, p = 0.033, d=0.49. 

III. The programming dependability ratings of MCE Timing controller (M 

=5.56, SD=1.25) were higher than those of MCJ Timing controller (M =4.92, 

SD =1.01), W=312, p = 0.021, d=0.56.  

 

For the optimization round (Round 2) we also found that participants scored the MCE 

Timing controller (M = 5.02, SD = 1.71) higher for overall UE compared to the MCJ 

Timing controller (M = 4.56, SD =1.02), W = 326.5, p = 0.069, d = 0.33. 
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Independent Samples T-Test  
 Test  Statistic  df  p  

Timing Efficiency N/O (S1&S2)  Mann-Whitney   297.500     0.012   

Timing Perspicuity N/O (S1&S2)  Mann-Whitney   325.500     0.033   

Timing Dependability N/O (S1&S2)  Welch   -2.182   55.590   0.017   

    Mann-Whitney   312.000     0.021   

Timing Overall UE N/O (S1&S2)  Welch   -2.310   55.573   0.012   

    Mann-Whitney   291.000     0.010   

 

N/O represents Non Optimization 

S1 represents Study 1, S2 represents Study 2 

Group Descriptives  

   Group  N  Mean  SD  SE  

Timing Efficiency N/O  S1   30   4.717   1.046   0.191   

    S2   30   5.383   1.212   0.221   

Timing Perspicuity N/O  S1   30   4.792   1.341   0.245   

    S2   30   5.450   1.368   0.250   

Timing Dependability N/O  S1   30   4.917   1.014   0.185   

    S2   30   5.558   1.252   0.229   

Timing Overall UE N/O  S1   30   4.809   0.977   0.178   

    S2   30   5.464   1.208   0.221   
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5.3. Failures 

5.3.1. MCE Timing controller vs PV controller 

Participants had fewer total failures with the MCE Timing controller (M = 1.78, SD = 

2.80) than with the baseline PV controller (M = 3.03, SD = 2.56), t(29) = -2.289, p = 

0.015, d=-0.55. Therefore, H3 is supported. Additionally, participants had fewer falls 

with the MCE Timing controller (M = 0.067, SD = 2.80) than with the baseline PV 

controller (M = 0.417, SD = 0.588), W=14.5, p=0.005, d=-0.20. 

  

 

Paired Samples T-Test  

Measure 1     Measure 2  Test  Statistic  df  p  

MCE Test Failures & Aborts  -   PV Test Failures  Student   -1.803   29   0.041   

MCE Test Falls  -   PV Test Falls  Wilcoxon   14.500     0.005   

MCE Test Failures Total  -   PV Test Failures Total        Student   -2.289   29   0.015   

MCE Test Failures Total includes MCE Test Failures, Aborts, and Falls 

PV Test Failures Total includes PV Test Failures, and Falls 

Descriptives  

   N  Mean  SD  SE  

MCE Test Failures & Aborts  30   1.717   2.775   0.507   

PV Test Failures  30   2.617   2.473   0.451   

MCE Test Falls  30   0.067   0.217   0.040   

PV Test Falls  30   0.417   0.588   0.107   

MCE Test Failures Total  30   1.783   2.797   0.511   

PV Test Failures Total  30   3.033   2.556   0.467   
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5.3.2. MCJ Timing controller vs PV controller 

Participants had more total failures with the MCJ Timing controller (M = 2.60, SD = 

1.80) than with the baseline PV controller (M = 1.65, SD = 1.37), t(29) = 2.283, p = 

0.985, d=0.58. Thus, H2 is not supported. 

  

 

Paired Samples T-Test  

Measure 1     Measure 2  t  df  p  

MCJ Total Failures  -   PV Failures   2.283   29   0.985   

 

 

Descriptives  

   N  Mean  SD  SE  

MCJ Failures  30   2.233   1.799   0.328   

PV Failures   30   1.650   1.366   0.249   

MCJ Total Failures  30   2.600   1.863   0.340   

MCJ Test Failures Total includes MCJ Test Failures and Aborts 
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5.3.3. MCE Timing controller vs MCJ Timing controller 

To test the effect of Timing controller implementation on failures in the non-

optimization round (Round 1), we ran an independent t-test or Mann-Whitney Utest. 

We found that participants had fewer failures (without falls) with the MCE Timing 

controller (M = 1.93, SD = 3.93) compared to the MCJ Timing controller algorithm (M 

= 2.77, SD = 2.67), W = 606.5, p = 0.008, d = -0.25. 

 
 

Independent Samples T-Test  
 Test  Statistic  df  p  

Timing Test Failures & 

Aborts N/O (S1&S2)   
 Mann-Whitney   606.500     0.008   

N/O represents Non Optimization 

S1 represents Study 1, S2 represents Study 2 

 

Group Descriptives  

   Group  N  Mean  SD  SE  

Timing Test Failures & Aborts N/O  MCJ (S1)   30   2.767   2.674   0.488   

    MCE (S2)  30   1.933   3.930   0.717   

 

For the optimization round (Round 2) we also found that participants had fewer failures 

(without falls) with the MCE Timing controller (M = 1.63, SD = 3.22) compared to the 

MCJ Timing controller algorithm (M = 2.43, SD = 2.57), W = 584, p = 0.039, d = -0.27.  
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5.4. Total Test Time 

5.4.1. MCE Timing controller vs PV controller 

To test Hypothesis H3, we ran a Wilcoxon Signed Rank Test as shown below. Results 

are inconsistent with our hypothesis for the total test time, as participants took longer 

with the MCE Timing controller (M = 263.9, SD = 15.6) than with the baseline PV 

controller (M = 243.3, SD =9.1), W = 461, p = 1, d = 1.61. 

 

Paired Samples T-Test  

Measure 1     Measure 2  Test  Statistic  df  p  

MCE Test Duration  -   PV Test Duration  Wilcoxon   461.000     1.000   

 

Descriptives  

   N  Mean  SD  SE  

MCE Test Duration  30   263.945   15.619   2.852   

PV Test Duration  30   243.250   9.071   1.656   
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5.4.2. MCJ Timing controller vs PV controller 

To test Hypothesis H3, we ran a paired samples t-test as shown below. Results are 

inconsistent with our hypothesis for the total test time, as participants took longer with 

the MCJ Timing controller (M = 283.6, SD = 9.4) than with the baseline PV controller 

(M = 247.8, SD =4.7), t(29) = 20.741, p = 1, d=4.81. 

 

Paired Samples T-Test  

Measure 1     Measure 2  t  df  p  

MCJ Test Duration  -   PV Test Duration  20.741   29   1.000   

 

Descriptives  

   N  Mean  SD  SE  

MCJ Test Duration  30   283.574   9.438   1.723   

PV Test Duration  30   247.757   4.711   0.860   
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5.5. Discussion 

After analyzing the results from both studies, our findings indicate the following 

conclusions. 

 

5.5.1. Timing Controller Optimization Criteria Affects UE & Performance 

As handover success in the user study is a function of the reach time, our initial 

assumption was that specifying a maximum handover time would be more intuitive to 

participants and would provide a better user experience. However, results from Study 1 

indicate that the perspicuity of MCJ Timing controller (M= 4.59) cannot be proven to 

be better than PV (M=4.82); p=0.752. Results from Study 2 however, show that the 

MCE Timing controller has a higher programming perspicuity score (M=5.25) and 

collaborating perspicuity score (M=5.34) compared to the baseline PV’s programming 

(M=4.75) & PV’s collaborating (M=4.8) scores; p=0.089 and p=0.001. As some users 

did not have time to tune both the stall and reach times (in the 5-minute design round 

limit) that are used to specifying the MCE controller, they could have found it harder to 

understand. Our findings also indicate that even though the MCE Timing controller has 

an additional parameter to tune, it is perceived to be easier to understand than the MCJ 

Timing controller. For the non-optimization rounds, the perspicuity of the MCE Timing 

controller (M=5.45) is higher than the MCJ Timing controller (M=4.79) controller; 

p=0.033. However, this could also be affected by the change in the abort feedback 

message between Study 1 and Study 2 (Table 5.5). An implementation-specific reason 

for the higher rating for MCE Timing controller could be due to high tracking error 

found with the MCJ Timing controller explained in Appendix A.2.3. These results 
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suggest that the optimization criteria of the Timing controller can be the deciding factor 

in determining whether time can be an intuitive parameter to specify for a controller, 

when compared with a PV controller.  

Additionally, we also hypothesized that even though the task is non-time critical, as the 

task emulated an industrial scenario, participants may have been naturally inclined to 

perform faster handovers and preferred a faster controller.   

 

5.5.2. MCE Timing Controller has Higher Handover Quality than PV Controller 

From the Velocity Analysis shown in Appendix A.3, we notice that similar to the PV 

controller, the MCE Timing controller reached its maximum velocity in the first 

timestep itself. We observe that the PV controller and MCE Timing controller both have 

handover times of approximately 2s however the maximum commanded velocity occurs 

for approximately 1 second longer with the MCE controller compared to the PV 

controller. We hypothesize that this is due to the MCE Timing controller travelling a 

larger distance and overshooting the minimum distance to target (yet still within the 10 

cm radius of the target) due to the low computational frequency. This behavior was 

preferred by users as they felt the object was being placed into their hand. The PV 

controller on the other hand, slowed down as it approached the static target and we 

observed instances when it released the vaccine well before the target (yet within the 10 

cm radius of the target). This is due to the PV controller running at a higher frequency 

as well as its velocity being much lower near the target, resulting in it being more likely 

to undershoot.  
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Supporting this behavior, we observed that falls were more with PV controller 

(M=0.417) compared to the MCE Timing controller (M=0.067), p=0.005. Most of the 

falls happened were observed to happen at slow handover speeds. As the gripper 

opening condition is based on a distance threshold, we think users cannot gauge exactly 

when the vaccine will be released by the gripper when it travels very slowly (when the 

gain is approximately < 0.25) and users are therefore unable to react fast enough to grasp 

the vaccine. We hypothesize that an inherent disadvantage with the PV controller is the 

execution of position trajectories at slower speeds to ensure larger handover time. The 

MCE Timing controller's motion of staying still then moving at maximum speed seems 

to be more effective in reducing falls.  

 

5.5.3. Timing Controller has Higher Total Test Time than PV Controller 

Another learning was that for both implementations of the Timing controller, the total 

test time was longer compared to PV. This is due to several reasons. Due to our 

implementation, there is an inherent sub-optimality with a time-based controller. As 

shown in Figure 14 the distances of stations 1 and 3 from the pickup point are D1 and 

D3 respectively, where D3 > D1. When a handover time is specified, it is for an object 

type, and hence the handover time will be fixed no matter where it occurs. Hence an 

optimal solution for the D3 distance will be sub-optimal for the D1 distance.  

Velocity analysis from Appendix A.3 also showed that for a fixed handover distance, 

the PV controller took the least amount of time per handover. This is another 

implementation-specific reason for the total time being less with the PV controller as it 
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operated at 20 Hz and every handover is 0.2 seconds faster due to a quicker detection 

time of the end of reaching the human hand.  

It was also noticed that users were also more conservative in setting the parameters for 

the Timing controller in fear of aborts. Even though the stall time could be set to 0 for 

the green vaccine and never result in a failure, many participants set a non-zero value 

for its stall time.  

 

Figure 14 Packaging Station Distance Variation 

 

5.6. Conclusion  

In this work we have explored the implementation of a Timing controller using Model 

Predictive Control (MPC) for Human-Robot Handovers. Users specify timing 

parameters for this controller and if the controller cannot find a solution, it provides 

feedback to the user which can help in tuning controller parameters. We conducted user 

studies where users evaluated their user experience of using the Timing controller 

compared to a baseline Proportional Velocity (PV) controller for a packaging task. In 

the Minimum Cumulative Jerk (MCJ) implementation the users specified a reach time 

parameter. In the Minimum Cumulative Error (MCE) implementation the user specified 
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both reach time and stall time parameters. From the subjective user experience data and 

the objective handover failure data, we show that for the designed task, the 

implementation of the Timing controller can allow contrasting results for the two 

metrics. From our results we conclude that the Timing controller can be implemented 

to provide better user experience and have fewer handover failures but will have longer 

total handover time compared to the baseline PV controller. Discussion of learnings 

have also been presented to aid the design of future handover controllers. 

 

5.7. Future Work 

At present, the feedback given by the robot is binary as the robot either stated that it 

cannot reach the handover location in the specified time or provided no information. 

However, allowing the robot to provide corrective feedback such as how the parameter 

should be tuned (increased/decreased and by what amount), could result in faster tuning 

of the controller, as well reduced cognitive load on the user. This could be done by 

analyzing failed trajectories and computing a proposed parameter value that satisfies the 

average handover location with some tolerance. Additionally, the feedback provided 

could be three dimensional, depicted by instantaneous directional feedback for the 

human hand position to allow the handover to occur within the specified time. For 

example, the robot could tell the user the direction in which the human user must move 

their hand at every timestep to allow the time bound to be met, essentially guiding the 

human hand. This could be useful in handover training purposes as well.  

In this study, the average handover travel distance is approximately 60cm for the robot 

whereas it is less than 20 cm for the human. Prior work shows that the human speed is 
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approximately 0.64 m/s [12], greater than the fastest speed possible by the robot in this 

study 0.5m/s. Hence, the human almost always waits at the handover location for the 

robot. The human motion model used in this work is static. However, for faster 

handovers, prediction of the human hand may be required to allow smoother handovers 

targeted at expected handover locations. Implementing the timing controller with a 

predictive human motion model could be interesting with an MPC control method as 

the prediction horizon must be optimally selected to allow reactivity as well as adequate 

prediction (with the increased computation load). This work could also be combined 

with grasping strategies [20, 21] to allow fluid and fast handovers.  

The user studies implemented in this work were in a lab setting with university students 

and staff as participants. The ecological validity [35] of the experiment can also be 

improved by modifying the experiment to more general tasks from fields other than an 

industrial setting. Currently the controllers are being evaluated in an industrial context, 

however, domestic settings may emphasize different attributes. Comparing the 

controllers in less time-critical and more human comfort scenarios such as for household 

or creative tasks, would be an interesting extension to this study. Additionally, the 

demographics of the participants can also be varied to observe effects on user experience 

and performance.   
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APPENDIX 

A.1 Study Instruction Sheet 

Thank you for participating in this session. Please turn off your mobile phones or keep 

them on silent mode (not vibrate). Please sanitize your hands before and after the 

experiment and wear a mask throughout the experiment. 

Imagine that you are a worker in a vaccine manufacturing company and your task is to 

make packages of different vaccines. As shown in figure below, the robot will pick up 

vaccines from the stack and hand them over to you. You need to seal the tube with a cap 

(placed in a stack in front of each packaging station) and place the tube in the package. 

There are three types of vaccines (colored red, yellow, and green). Each package needs 

to be loaded with a different sequence of vaccines. The computer screen in front of you 

will show the sequence of vaccines to be placed in each package. Each vaccine has a 

maximum air exposure time limit after which it is rendered ineffective. Also, each 

vaccine has a minimum air exposure time before which it is ineffective. The computer 

screen will show the air exposure time limits for each vaccine and will also keep track 

of the air exposure time for each vaccine when it is being handed over. You are not 

allowed to enter the refrigeration zone marked by blue lines. 
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Before starting the packaging task, you need to program the robot for performing the 

vaccine tube handover with you. To simplify your job, we have already programmed 

two different robot controllers (programs that control the robot) for this task. However, 

each one of those controllers requires specifying certain parameters.  

In this study, there will be two design rounds and two test rounds for each controller i.e. 

total 8 rounds. In the design rounds, you will tune the controller’s parameters so that the 

vaccines are handed over within the timing constraints. In the design rounds, you can 

request the robot to handover different vaccines as many times as required to tune the 

parameters (no time limit for this round). Current handover time will be shown on the 

screen, green timer indicates that the handover was within the time limits i.e., a 

successful handover, and red timer indicates that the handover was beyond the time 

limits i.e., a failed handover: 
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The design rounds will be followed by test rounds.  In the test rounds, the controller 

parameters will be locked, and vaccines will be supplied by the robot in a fixed 

sequence. The aim of the test round is to place the vaccines in a specific sequence, as 

shown below, at their respective locations.   

 

 

After each session you will be asked to fill-out a questionnaire related to your 

experience of using that controller. 

Please ask the experimenter if you have any questions. 
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A.2 Failure Analysis 

Table 7 shows the failure data from Study 1 comparing the MCJ Timing controller to 

the PV controller. Table 8 shows the failure data from Study 2 comparing the MCE 

Timing controller to the PV controller. Table 9 shows the failures for the green vaccines 

from Study 1 with the MCJ Timing controller.  

 

A.2.1 MCJ vs PV (Study 1) Failure Data 

 

Table 7 MCJ vs PV (Study 1) Failure Data 

  

 Round 1 (Non-Optimization) Round 2 (Optimization) 

 
Mean Std. Dev. Mean Std. Dev. 

 
MCJ PV MCJ PV MCJ PV MCJ PV 

Out of 

Bound 

Failures 

0.87 1.87 1.43 1.83 0.27 1.43 0.69 1.48 

Aborts 1.9 N/A 2.47 N/A 2.17 N/A 2.61 N/A 

Recoverable 

Aborts 
0.2 N/A 0.48 N/A 0.53 N/A 1.46 N/A 

Total 

Failures 
2.77 1.87 2.67 1.83 2.43 1.43 2.57 1.48 

Recoverable 

Aborts as a 

Percentage 

of Total 

Failures 

7.2%    21.8%    
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A.2.2 MCE vs PV (Study 2) Failure Data  

 

Table 8 MCE vs PV (Study 2) Failure Data 

 

 

An independent two-tailed t-test was also performed comparing the Study 1 PV and 

Study 2 PV failures to test if there was a statistical difference however, it was not found 

(p>0.05).   

 Round 1 (Non-Optimization) Round 2 (Optimization) 

 Mean Std. Dev. Mean Std. Dev. 

 MCE PV MCE PV MCE PV MCE PV 

Out of 

Bound 

Failures 

0.7 2.3 2.1 2.8 0.4 2.9 1.3 3.0 

Falls 0.1 0.6 0.4 0.9 0 0.2 0 0.5 

Aborts 1.1 N/A 3.5 N/A 1.3 N/A 2.7 N/A 

Recoverable 

Aborts 
0.2 N/A 0.8 N/A 1 N/A 2.2 N/A 

Total 

Failures 
1.9 3.0 3.9 2.8 1.6 3.1 3.2 3.1 

Recoverable 

Aborts as a 

Percentage 

of Total 

Failures 

10.5%    62.5%    
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A.2.3 MCJ Timing Controller Green Failures  

 

Table 9 Study 1 MCJ Green Vaccine Failures 

 Round 1 (Non-Optimization) Round 2 (Optimization) 

 
MCJ Green MCJ Total MCJ Green MCJ Total 

Sum 52 83 46 73 

Percentage 62.65%  63.01%  

 

Observations from the first user study indicated that the MCJ Timing controller was 

extremely sensitive to hand location. We observed that participants who kept their hand 

very still had fewer aborts, and that many aborts were with the Green Vaccine, which 

had the lowest upper bound on handover time.  

The robustness of the controller to hand deviations was tested. After programming the 

controller for a 2.5 second handover, the hand was kept at a 5 cm increased handover 

distance from the start of the handover, and for multiple trials, this resulted in aborts. 

This high sensitivity to hand location was not observed with the MCE Timing controller. 

We hypothesize this to be due to the error accumulation between commanded velocity 

and actual velocity. With the MCE Timing controller, the error only occurs in the initial 

ramp up to the maximum velocity and eventually the commanded and executed 

velocities at each timestep will have negligible difference. However due to jerk 

minimization, as the velocity profile of the MCJ Timing controller (Appendix A.3.3) is 

almost always bell shaped (unless the only solution is to increase cost drastically and 

behave like the MCE Timing controller to satisfy the constraints) there are more velocity 

changes over the timesteps resulting in more error accumulation. The result of this is 
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that even minor changes in hand motion can cause an abort to occur. This effect was 

particularly dominant when the maximum reach time was set close to the minimum 

possible time for a station. For the Green Vaccine at station 3, the minimum reach time 

was tested to be around 3.5 seconds. This varied with user height (affecting handover 

location), right/left handedness etc. However, since the upper bound for the Green 

Vaccine was 4 seconds, participants were forced to set the Maximum Reach Time 

between 3.5 and 4 seconds. It is hypothesized that due to the velocity profile requiring 

steep changes and error accumulation being large, as the trajectory progressed, 

constraint-violating velocity commands are likely to occur due to even minor 

fluctuations of the human hand position. More than 60% of the recorded failures in both 

the non-optimization and optimization rounds (Table 9) occurred due to the Green 

Vaccine in Study 1. With the yellow and red vaccines having higher maximum exposure 

times, more time is available to travel the same distance and hence velocity profiles can 

be smoother resulting in less error accumulation.  

This issue was not visible in Study 2 with the MCE Timing controller. We hypothesize 

that it could be because maximum velocity does not need to be set near the minimum 

possible time as this controller is around 0.5 seconds faster and hence, sufficient buffer 

time is present to accommodate for accumulation errors. However, the same behavior 

is observed if the maximum reach time is set slightly above the minimum possible time 

and even minor fluctuations of the hand motion occurs.   
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A.2.4 Recoverable Aborts  

We also analyzed the aborted handovers with the Timing controllers. Aborts are 

detected during execution of the trajectory. We defined the term recoverable aborts as 

aborts that happened at a handover time less than half the vaccine’s maximum exposure 

time. We used this definition to indicate that the vaccine could theoretically return to 

the packaging station in twice the time it took to realize that it must abort, and still have 

an exposure time under the maximum exposure limit. We use this metric to show the 

advantage of the feedback provided by the controller. For the optimization rounds the 

recoverable aborts are 63% and 22% of the total failures for the MCE and MCJ Timing 

controllers respectively. The percentages are lower in the non-optimization rounds at 

11% and 7% respectively. We notice that the total failures decreased by approximately 

0.3 from the non-optimization to the optimization rounds for both controllers however 

the recoverable aborts increased by 0.8 and 0.3 respectively for the MCE and MCJ 

Timing controllers. This could be due to handovers occurring faster in the time-critical 

optimization rounds and hence time taken to detect aborts also occurring sooner, relative 

to the fixed maximum exposure bound for each vaccine.  

 

 

  



68 
 

A.3 Velocity Analysis 

Several handovers were conducted with each controller with a stationary target. The 

repeated minimum reach time obtained after several trials with each controller is shown 

in the titles of Figure 15, Figure 16, and Figure 17. Commanded resultant velocity 

published to the robot arm has been plotted in these figures as well. 

 

A.3.1 PV Controller 

 

Figure 15 PV Commanded Velocity  

As the PV controller operated at 20 Hz there are more data points available in this graph. 

The commanded velocity reached the maximum value of 0.5m/s at the first-time step 

because of the error being at its maximum value. The PV controller reached in the fastest 

time and one of the reasons for this is due to it taking less time to stop. As it operated at 

20 Hz it detects reaching the goal position within an error of 0.05 seconds. This 

detection time is 0.25 seconds in the Timing controllers that operate at 4 Hz.  
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A.3.2 MCE Timing Controller 

 

Figure 16 MCE Timing Controller Commanded Velocity  

 

A.3.3 MCJ Timing Controller 

 

 

Figure 17 MCJ Timing Controller Commanded Velocity  

0

0.1

0.2

0.3

0.4

0.5

0.2 0.45 0.7 0.95 1.2 1.45 1.7 1.95 2.2

C
o

m
m

an
d

ed
 R

es
u

lt
an

t 
V

el
o

ci
ty

 (
m

/s
)

Time (s)

MCE Timing Controller, Reach Time = 2.1s

0

0.1

0.2

0.3

0.4

0.5

0.6

0.25 0.5 0.75 1 1.25 1.5 1.75 2 2.25 2.5

C
o

m
m

an
d

ed
 R

es
u

lt
an

t 
V

el
o

ci
ty

 (
m

/s
)

Time (s)

MCJ Timing Controller, Reach Time = 2.5s



70 
 

The trajectory shown in Figure 17 for the MCJ Timing controller has been obtained 

after decreasing the reach time to its lowest value that avoided the abort condition, while 

keeping the target at the same fixed distance. As the target was stationary, the minimum 

jerk trajectory maintained its bell profile and took the longest handover time. To allow 

smooth trajectories the initial velocity was 0 however this further increased the handover 

time.  

The overshoot of the MCJ Timing controller is also low due to lower velocities near the 

end of the trajectory however it is not as reactive as the PV controller due to a similar 

4Hz computational frequency resulting in a larger detection time.  
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A.4 Code 

Below is the link to the code used in both user studies for the implementation of the 

MCE Timing, MCJ Timing, and PV controllers.  

https://github.com/alapkshirsagar/handovers_kinova_gen3  

https://github.com/alapkshirsagar/handovers_kinova_gen3
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