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Abstract— We propose a novel implementation of visual
servoing whereby a human operator can guide a robot relative
to the coordinate frame of an eye-in-hand camera. Among
other applications, this can allow the operator to work in the
image space of the eye-in-hand camera. This is achieved using a
gamepad, a time-of-flight camera (an active sensor that creates
depth data), and recursive least-squares update with Gauss-
Newton control. Contributions of this paper include the use
of a person to cause the control action in a visual-servoing
system, and the introduction of uncalibrated position-based
visual servoing. The system’s efficacy is evaluated via trials
involving human operators in different scenarios.

I. INTRODUCTION

Visual servoing (VS) is a vision-guided robot control method
that has been intently studied over the last two decades.
The reader is referred to [1] and [2] (and the citations
therein) for a recent overview. The present paper describes
a novel application of visual servoing to human guidance
of a robot arm. The new method uses a gamepad and an
eye-in-hand camera display for navigating to an object in
the robot’s workspace. The method developed permits the
human operator to command the robot in the camera’s image
space by using the gamepad to generate the desired pose
(defined relative to the current location of the camera frame)
that drives the visual servoing algorithm. In test trials, the
implementation has been shown to provide more intuitive
robot user operation and significantly faster task completion
times.

The results reported here stem from recent work performed
at the Georgia Tech Research Institute to provide a more
natural user interface for operators of explosive ordinance
disposal (EOD) robots [3]. The standard configuration for
an EOD robot is an articulated arm mounted on top of a
mobile platform; the robot is manually controlled by the
operator via a remote pendant and visual displays showing
the view of on-board camera’s. Currently, a user operates
an EOD robots via joint-based control, rather than directly
controlling the end-effector motion in Cartesian space. This
control suffers from the fact that a general commanded joint
motion changes the image relayed by an eye-in-hand camera
in a non-intuitive fashion since the motion transformation is
governed by the robot’s nonlinear forward kinematics. This
impediment in EOD (and similar) robots has been noted by
various researchers (refer, for example, to [4], [5], and [6]).

The result is that to make EOD robots easier/feasible to
use, the operator will strive to maintain line-of-sight with

the robot. By observing the robot directly in this way, the
operator is able to develop a mental picture of the effect
that actuating a given joint has on the robot motion relative
to the world’s Cartesian space. Removal of this line-of-sight
requirement, in order to get the operator as far as possible
from harm’s way, was the driving motivator for the work
presented here. From the point of view of a user tasked
with guiding the robot end-effector motion while looking
only at video from an eye-in-hand camera, it is most natural
to control the motion in image space, rather than in joint
space. For example, if it is desired to position the end-
effector slightly to the left of an object appearing in the image
(say, to try to peer around it), then an optimal user interface
implements that motion by allowing the user to push a LEFT
button. This has a clear advantage over joint-based control,
a claim validated later in this paper using the experimental
results from user trials.

II. BACKGROUND

One major aspect of accomplishing visual servoing is trans-
forming camera data into variables that are meaningful to the
robot, either in Cartesian space or joint space. Techniques in
VS are commonly categorized into two groups, based on
the chosen transformation. The first group is position-based
visual servoing (PBVS), it treats the vision system as a 3-D
sensor to determine the Cartesian coordinates of the features.
The second group is image-based visual servoing (IBVS)
which uses “features that are immediately available in the
image data” [1]. There are advantages and disadvantages to
each.

A primary benefit of employing PBVS is that it can
provide optimized trajectories in Cartesian space. On the
other hand, PBVS typically requires precise calibration.
Here calibration deals with both the extrinsic (position and
orientation) and intrinsic (lens and sensor) parameters of
the camera, and the kinematic parameters of the robot. A
meritorious aspect of IBVS is that it is more accurate in
the presence of imprecisely estimated system parameters. A
drawback to IBVS is that the robot trajectory in Cartesian
space can be unpredictable [1].

Visual-servoing systems can also be categorized as either
calibrated or uncalibrated. In a calibrated system, camera
parameters and the kinematic model of the robot are both
utilized to generate robot commands. Uncalibrated visual
servoing is able to control the robot without knowledge of
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these parameters. In Marchand et al. [7], a type of hybrid VS
controller is reported where robot and camera parameters
are used but the robot itself lacks instrumentation, that is,
proprioceptive sensors. The work presented here is also a
hybrid, in that it is founded on uncalibrated (image-based)
visual servoing, but uses a calibrated, time-of-flight 3-D
camera. The result is that the kinematics of the system are
not needed, but a calibrated sensor is employed. Thus, this
paper presents an implementation of uncalibrated, position-
based visual servoing. To the best of the authors’ knowledge
this is the first such system to be reported.

The reason for basing this work on uncalibrated VS is
to address the many possible applications of VS technology
to unstructured environments: those where calibration is not
feasible. An example of this could be cameras mounted
on mobile robots that are deployed to a scene and provide
additional visual information for an EOD robot. It would not
be reasonable to calibrate the extrinsic parameters of these
mobile cameras relative to the EOD robot (and as stated
above the kinematic parameters of these robots are typically
not used).

Various methods for circumventing the calibration process
have been presented in the literature. One example is the
use of neural networks ([8] and [9]). These systems do
not require prior knowledge of the hardware parameters,
the controller learns the relationship between image data
and robot coordinates via an extensive teaching phase. The
Jacobian matrix for IBVS is a descriptor for this relationship.
It is a composite of the robot Jacobian (relating movement
in the robot joints to changes in its pose) and the image
Jacobian (relating motion in Cartesian space to movement in
the image plane). Another example of uncalibrated VS [10]
defines state variables formed from elements of the Jacobian
matrix and employs a Kalman-Bucy filter to estimate them
on-line. Undesirably, large performance losses were noted
in this type of controller as system noise increased [11].
In a different approach to the uncalibrated VS problem, the
transformation from robot joint coordinates to image plane
coordinates is estimated on-line via Broyden’s update so
changes to camera or robot parameters during operation can
be handled without the need for system recalibration. This
type of system is shown to be able to track moving targets
in Piepmeier et al. [12], and it forms the foundation for the
algorithms presented here.

Traditionally, visual servoing acts on an error that is
defined as the difference between the current coordinates of
features and their desired coordinates:

f = y − y∗ (1)

where y represents the location of the robot end-effector
and y∗ its desired location, for example, that of a target
being tracked. For IBVS these coordinates are given in
pixels of the image plane. For PBVS they are Cartesian
coordinates. Previously published instances of VS determine
the control action based on this error function toward the
goal of minimizing error.

In the application of VS described herein, there is no
explicit set of desired features from which to compute an
error like in (1). Instead, the control action is based on inputs
from a human operator, issued via a hand-held gamepad. This
distinction is expounded upon in the following section.

III. METHOD

The aim of this section is to describe the technique
used here for human-guided visual servoing. The control
algorithm is given, in general terms that can apply to either
traditional VS or the implementation in this work, and
then the distinction is drawn between the two approaches.
Concluding this section is a description of the perception
component of this work.

A. Control algorithm

The visual servoing system model is assumed to be linear
and able to be expressed as

δy ≈ J δθ

where the output y is some measurable value and θ describes
the system. The model used for the control algorithm is

hy = Ĵhθ

where, at the k-th iteration, hyk
≡ yk − yk−1 and hθk ≡

θk − θk−1. The term Ĵ denotes an estimate of J .
After each iteration and subsequent observation of the

system state θ and output y, the Jacobian model is updated
according to the following, which is based on work presented
in [12].

Ĵk = Ĵk−1 +

(
hyk

− Ĵk−1hθk

)
hT
θk
Pk−1

λ+ hT
θk
Pk−1hθk

(2)

Pk =
1

λ

(
Pk−1 −

Pk−1hθkh
T
θk
Pk−1

λ+ hT
θk
Pk−1hθk

)
where P may be initialized as the identity, and the term λ
is called the “forgetting factor.” This is a bit of a misnomer
since the Jacobian update reacts to new data more slowly
as λ increases, thus the system forgets old information more
quickly with smaller λ [13].

Given the new observations, the control action is governed
by the Gauss-Newton method as

θ(k+2)c
= θ(k+1)− + Ĵ+

k hyd(k+1)−
(3)

where Ĵ+ is the pseudo-inverse of Ĵ , hyd
is the desired

output change, the minus sign on (k + 1)
− indicates values

at a moment just prior to k+1, and the subscript c indicates
that this will not necessarily be the joint position at k+2 but
rather it is the commanded value. The possible difference is
due to the fact that the robot is operating in velocity mode
and the control period is dependent on the (variable) image
processing time.
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B. Difference between traditional VS and gamepad-driven

As described in §II, in the context of traditional PBVS the
system output y is given in Cartesian coordinates and θ is
robot joint angles. Conventional visual servoing would have
the desired output change in (3) as hyd(k+1)

= −fk, where
f is the pose based error from (1), thus commanding the
system toward zero error in the image plane. However, for the
implementation presented here, the user commands the robot
relative to the camera image by specifying motion in six
degrees-of-freedom (three translational and three rotational).

For example, there is a joystick direction for camera
movement to the right that will correspond to a translation
command in the positive x direction of the camera’s frame,
with similar commands along/about the other five camera
degrees of freedom (DOF). The 6× 1 vector describing this
desired motion is denoted g. The visual servoing algorithm
resolves the user-commanded motion into the proper joint
movements. It follows that here hydk

= gk, where gk is the
current operator input to the gamepad.

C. Perception

To control in all six camera DOF as described above, the vi-
sion system must solve for the Cartesian offset of the camera
(its relative pose) from one image to another, hpk

. The 3-
D time-of-flight (TOF) camera, which outputs a 3-D point
location for each pixel, allows for a simple transformation
solution using standard computer vision methods.

The TOF camera yields intensity, confidence, and 3-D
images. The intensity image is similar to a standard grayscale
image. 3-D positions of each pixel are returned in the 3-
D image. The confidence image is a grayscale image that
indicates the amount of error in the 3-D solution for each
pixel, and is critical for accurate data analysis. Distinct
feature points, or keypoints, are found in the images, which
are then matched from one image to the next. The 3-D
data at each point is then subsequently used to compute a
transformation solution. This process is illustrated in Fig. 1
and by Algorithm 1, which relies on many function calls
from [14].

After the images are obtained, the confidence image is
thresholded and eroded, and used as a mask for detecting
feature points with reliable 3D data. Feature points are
detected in the 2-D grayscale image using the FAST feature
detector [15], and descriptions of these keypoints are found
with the SURF descriptor [16]. Next, these 2-D keypoints
are matched with keypoints found in the previous image
using K-Nearest-Neighbors on the high dimensional space
of the descriptors. For each current keypoint the nearest
k previous keypoints are located, and all become initial
matches. These are then filtered to only the single best
cross correlated matches, and to those satisfying the epipolar
constraint (a fundamental matrix solution with RANSAC).
Finally, using the 3D coordinates of the current keypoint
matches, the 3-D transformation solution is computed using
a 3D-3D transformation solver [17] (using RANSAC for
further filtering). This final 3-D transformation, consisting
of rotations (roll, pitch, yaw) and translations (x, y, z), of

Fig. 1. Relative Camera Pose Solution: left, previous and current intensity
images in 2-D, matching keypoints highlighted in green; right, previous and
current 3-D meshes overlaid illustrating registering of the image data.

the camera with respect to the previous camera pose, is the
feedback input into the model update portion of the VS
algorithm as hyk

= hpk
. At the start of each cycle of the

VS algorithm, the camera is triggered and this method is
run.

IV. EXPERIMENTAL RESULTS

A. Setup

In the current implementation, a six degree-of-freedom artic-
ulated robot arm (shown in Fig. 2) is used as the testbed. A
3-D time-of-flight camera is affixed to the end of the robot
arm (i.e., eye-in-hand). The robot used for experiments is the
KR 15 SL manufactured by Kuka Robotics. The 3-D TOF
camera used is the SwissRanger SR4000.

This camera uses active-pulsed infrared lighting and mul-
tiple frames of the returned light, taken at different times, to
solve for the depth at each pixel. Its optics are pre-calibrated
by the manufacturer to accurately convert the depth data into
a 3-D position image. The camera resolution is 176 × 144
pixels. For image analysis this provides roughly 300 feature
points, yielding 50–200 matches per iteration, and takes 50–
70 ms processing time. Analysis of image data takes place
on a Windows 7 PC with an Intel Core i7-870 processor
and 8 GB of RAM. This PC communicates with the robot
joint-level controller using a DeviceNet connection, which
updates every 12 ms.

The gamepad is a Sony Playstation 3 DualShock con-
troller, with floating point axis feedback allowing for smooth
user control. Motion-in-Joy drivers are used to connect it as a
Windows joystick. NI LabVIEW reads the current gamepad
state, whose values are then sent to the VS controller over
TCP.

Before starting to servo the robot an initial estimate of
the Jacobian is made by jogging the joints individually and
recording the resulting measurement as a column of Ĵ . This
is not a necessary step, but done to minimize the learning
time, in the interest of safety. Also the gamepad position and
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begin
(1) Get images: intensity, confidence, and 3-D.

(2) Threshold and Erode TOF Confidence Image to Mask Keypoint Detection.
KeypointMask = cvThreshold(ConfImage, Threshold);
KeypointMask = cvErode(KeypointMask, ErodeSize);

(3) Detect Feature Points, Get Descriptors, and 3D Positions.
CurrKeypoints = cvFASTFeatureDetector(GrayImage, Mask);
CurrKeypointsDesc = cvSurfFeatureDesciptor(GrayImage, CurrKeypoints);
CurrKeypoints3D = Get3DPositions(CurrKeypoints, Image3D);

(4) Perform the 2D Keypoint Matching.
Matches = cvknnMatch(CurrKeypointsDesc, PrevKeypointsDesc, KNN);
Matches = CrossCheckMatch(Matches);
Matches = cvFundamentalMatrixMatch(Matches, CurrKeypoints, PrevKeypoints, RANSAC);

(5) Perform 3D Keypoint Matching for Final Pose Solution.
RelativePose = ThreeDMatchSolver(Matches, CurrKeypoints3D, PrevKeypoints3D, RANSAC);

(6) Swap Curr/Prev.
end

Algorithm 1: Perception algorithm pseudo-code.

Fig. 2. Experimental testbed consisting of a six degree-of-freedom
articulated arm robot controlled via a hand-held gamepad. Computer monitor
shown displaying, from left to right, 3-D and intensity images.

joint angles are read and stored as g− and θ− respectively.
This constitutes the system description at k = 0. The initial
action, θ1c , is computed using these three values and equation
(3).

To begin a general iteration, the controller first issues a
command for the robot motion. As stated before the robot is
operating in velocity mode so this is a motion in the direction
of θc. The perception subsystem (described in Section III-
C) is then immediately triggered. The joint angles θk are
read and the controller awaits the measurement hyk

= hpk
,

the measured relative pose of the camera from k − 1 to
k. Once this is received, the Jacobian estimate is updated
according to (2). Next, the joint angles and gamepad position
are re-read, as θ(k+1)− and hyd(k+1)−

= g(k+1)− respectively
(again, the minus sign indicates that they represent the values
at a moment just prior to the robot reaching k + 1). The
concluding task for an iteration is to compute the next desired
joint position, θ(k+2)c

, using (3).

B. Assigned manipulation task

To demonstrate the effectiveness of using visual servoing
for teleoperation, trials are performed with human operation
of the robot performing an object manipulation task, with
eleven members of our research team as volunteers. The
visual servoing method is compared to traditional joint-based
guidance for two different scenarios: 1) line of sight, and 2)
camera view. Thus each volunteer performs four tests. A
brief explanation of the four cases is provided for clarity.

• Line of sight, VS mode: The operator only has line
of sight to the robot. The buttons on the gamepad are
mapped to the Cartesian frame of the camera

• Line of sight, joint mode: The operator only has line
of sight to the robot. The buttons on the gamepad are
mapped to the robot axes.

• Camera view, VS mode: The operator sees only the
monitor displaying the intensity image from the eye-in-
hand camera. The buttons on the gamepad are mapped
to the Cartesian frame of the camera

• Camera view, joint mode: The operator sees only the
monitor displaying the intensity image from the eye-in-
hand camera. The buttons on the gamepad are mapped
to the robot axes.

In each case the operator servos to and grasps (using a
custom end-of-arm gripper, see Fig. 2) a two-inch diameter
ball. The gripper is able to open to a width of two-and-a-
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Fig. 3. Time to complete task (minutes), eleven trials.
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Fig. 4. Number of times user input changed direction, eleven trials.

half inches. The robot and ball start in the same positions
for each operator. These positions are such that the ball is
in the camera’s field of view at the start of the task and are
about one meter apart. A trial was deemed complete when
the user had closed the gripper on the ball.

C. Results of human trials

All participants completed the task with both control modes
in both scenarios. Analysis of the time required to complete
the task in the four different situations shows that when using
VS in the line-of-sight scenario, operator speed increases
by an average of 15% compared to using joint mode.
When using VS in the camera-view situation, the operator
completed the task 227% faster than in joint mode. The
data regarding time to complete the task is summarized in
Fig. 3. Box plots depict smallest observation, lower quartile,
median, upper quartile, and the largest observation.

Besides time-to-complete, another metric regarding ease
of use for the operator is a count of the times the user
input (gamepad position) changes direction during the task.
Roughly speaking, that means an instance when the operator
moved from pressing one button to another (besides buttons,
analog joysticks were available so this cannot be applied too
strictly). As shown in Fig. 4, there is, on average, a twofold
decrease in the number of direction changes for the line-of-
sight scenario, and a fourfold decrease for the camera-view
scenario.

For both modes of operation (joint and VS) in the camera-
view scenario, information regarding the 3-D path taken by
the robot gripper for a representative operator is shown in
Figures 5, 6, and 7. In Fig. 5 the X , Y , and Z coordinates of
the gripper in the world Cartesian system are plotted vs time.
Fig. 6 traces this path in a 3-D plot. The distance between
the gripper and the ball (the target) is plotted versus time in

Fig. 5. Gripper position relative to the world’s Cartesian space w.r.t. time.

Fig. 7. This distance is normalized with respect to its starting
value. These figures together serve to demonstrate that the
operator is able to guide the robot to the goal more directly
when using VS than when using joint mode.

V. DISCUSSION AND FUTURE WORK

This paper presents a novel control method based on un-
calibrated visual servoing for teleoperation of a robot. The
described method uses commands issued by the operator via
the buttons and joysticks on a hand-held gamepad; these
manual inputs drive the robot joint updates. This differs from
a standard visual servoing implementation that would use
image plane errors to update the robot joints. The operator
in our experimental trials is looking at a computer monitor
that displays the view from a camera affixed to the robot
end-effector.

We have reported the results of human trials in operating
a six degree-of-freedom articulated arm robot performing
a simple manipulation task. Four different scenarios were
tested: our modified visual servoing control with and without
line-of-sight and joint-based control with and without line-of-
sight. A significant improvement was observed for the visual
servoing trials. Operators were consistently able to complete
a manipulation task faster and with fewer commands, and
also the path of the gripper was more direct.
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Fig. 6. Gripper position relative to world Cartesian space, 3-D plot.

Fig. 7. Change in distance between gripper and ball as a function of time.

This 6-DOF Cartesian control can be implemented with a
stereo camera, a 3-D camera, or a 2-D camera with a 3-D
pose solution (e.g., using structure from motion techniques).
In addition, the work presented here need not be limited
to Cartesian control with a 3-D sensor. It is a flexible
platform in that it allows a user to guide a robot relative to
whatever the frame of the measurements is. For example,
in earlier, unreported work, we provided 3-DOF control
relative to the image plane using a standard 2-D eye-in-hand
camera. It need not even be limited to eye-in-hand camera

scenarios. The only requirement is that the user interface
and vision system are capable of control and feedback of the
desired coordinates. Another possibility is control of the end-
effector from an external eye-to-hand camera’s viewpoint.
Future work will seek to explore these alternatives to explore
potential benefits.
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