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1. Motivation and Introduction 

The manufacturing industry is facing several challenges. 
These include - and are not limited to, the change from mass 
production to mass customization and the ever-increased 
complexity of production lines. These challenges and their 
respective solutions are contradictories. On one hand, low batch 
sizes and complex production lines require flexible production 
systems and skilled workers. On the other hand, the competition 
with low-income countries and low defect rates expectation 
needs autonomous automation to ensure lower cost, 
autonomous production, and high quality through high 
repeatability. In the German French research project 
GreenBotAI, new solutions are being developed that enable
industrial robots to adapt automatically to the needs of the 
production line and master complex and laborious tasks when
handling objects. To achieve savings in cycle time and energy 
consumption, an efficient workflow is required that includes
on-the-fly robot applications and data reduction methods. [1]

Nomenclature

δref (t): 6D reference position (translative position: X, Y, Z; 

rotation around X, Y, Z axis respectively: A, B, C)
δimg (t): 6D position offset (translative position: ∆X, ∆Y, ∆Z; 

rotation around X, Y, Z axis respectively: ∆A, ∆B, ∆C)
ε (t): target position of image processing
φ (t): command variable image processing
δ (t): control variable image processing
e (t):    control deviation robot position controller
eb minimum position error of the control
eb.g: response time of the control until minimum position 

error is reached
h: height
GR: controlled System
KPR: proportional element
KIR: integral element
KDR: differential element
s (t): manipulated variable in position control
t: time
w: width
y (t): control variable position controller
ym (t): overlay position of robot
w (t):   command variable robot position controller

Keywords: Tracking, ECC (Enhanced Correlation Coefficient), Visual Servoing, Autonomous Robotics, One Shot Learning, On-The-Fly Assembly, 2D Image 
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2. Tracking approaches for flexible robot guidance

The usage of conveyor belt systems in robot-based industrial 
automation enables an efficient workflow. The combination of 
a machining and transport process brings an additional 
enhancement for mastering complex force-torque controlled 
assembly tasks in industry. Unpredictable forces and torques 
often occur during assembly tasks due to modeling inaccuracies 
and tolerance fluctuations in components and their positioning, 
which can lead to instabilities and thus to possible damage or 
quality defects. [2] A pure position-controlled robot is 
inadequate for successfully executing these processes.

There are various approaches for carrying out machining 
processes during movement. One strategy necessitates 
comprehensive analysis and subsequent synchronization of the 
robotic motion with the movement of the conveyor, considering 
parameters such as belt speed, component position, and robot 
dynamics. [3] If mathematical inaccuracies occur due to 
unpredictable behavior of the conveyor system, such as jerky 
movements of the conveyor system, this leads to a discrepancy 
between the planned feed rates of the robot movement and the 
actual position of the component.

Another approach to conveyor tracking in robotics is the use 
of camera systems, which is known as visual servoing. In the 
field of visual servoing, the robot arm can be used as a flexible 
system to guide the camera along the conveyor.

A second variant is the stationary mounting of the camera 
system, whereby the robot's working area is covered by the 
camera's field of view. [4, 5]

Both approaches require object recognition as a first step. 
Then, the position of the object is determined with the help of 
the image data. In order to track the moving object and perform 
assembly tasks, this processing pipeline must be executed 
continuously. Various approaches are listed in the literature that 
use 3D camera technology to recognize the position of objects. 
In most cases, the CAD model is used to achieve a high degree 
of accuracy. [6, 7] New industrial solutions for flexible robotic 

guidance like GuideNOW from inbolt achieve accuracies of up 
to ±1 mm. [8]

Another approach is based on pose estimation without 3D 
models. In [9] the general framework BundleTrack is used for 
6D pose tracking of novel objects with a cycle time of up to 100 
ms. Approaches for recognizing the position of previously 
trained objects from 2D video images are increasingly being 
pursued. [10, 11] To achieve higher performance, the image 
information is continuously reduced to keypoints. An 
evaluation on physical robots, including real-time position 
control, is not considered in any of the papers mentioned.

3. System setup

As stated previously, defined features on the component, 
workpiece carrier or belt that represent the movement of the 
conveyor, are analyzed using image processing and integrated 
into the control loop of the robot path planning as control value. 
[12] This method requires an image processing system to detect 
the position of the conveyor, regardless of the actual 
application, and under various challenges such as feature 
visibility and fluctuating lighting conditions.

The system set up shown in Fig. 1 therefore consists of a 6-
axis NC-robot Comau Racer-7-1.4, a monochrome image 
processing camera with a sensor width of 1280 pixels and 
sensor height of 960 pixels, the semiconductor laser distance 
sensor optoNCDT 1420 with a wavelength of 670 mm and an 
XY axis portal for moving the component to be tracked and an 
evaluation pyramid on a workpiece carrier. The laser spot is 
located on the upper center of the evaluation pyramid with the 
aim to evaluate the translative tracking performance. The tool 
coordinate system Ttool is determined from the robot's world 
coordinate system T using coordinate transformation following 
the described approach in [13]. The XY plane of Ttool is aligned 
parallel to the component to be tracked. 

Fig. 1. Schematic overview of the test system for object tracking with illustration of coordinate systems.
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The image processing camera is attached to the robot's flange 
so that the camera axis is aligned perpendicular to the 
component plane. The origin of the camera coordinate system 
Tcam is derived from Ttool via a rotation around the Z axis and a 
translation in X and Y. Tcam is used as a reference for the image 
processing algorithms. The transformation between T and the 
coordinate system of the XY axis portal Tportal is used to draw 
conclusions about the performance of tracking algorithms 
carried out by the robot that does not communicate with the 
portal.

4. Development rule-based object tracking algorithms

4.1. Image processing 

To ensure a precise tracking, the first and most important 
step is to correct the barrel lens distortion. This is achieved by 
calibrating the camera using a chessboard to determine the 
intrinsic camera parameters and the distortion coefficients.
These parameters are then used to map pixels to millimeters.

In the next step ECC (Enhanced Correlation Coefficient) is 
used to determine the translative and rotational position offset. 
ECC is an image alignment algorithm that takes two images as 
input and calculates the transformation between them. The first 
image is the so-called reference image or initial image 
(represented as a vector 𝐢̅𝐢𝑟𝑟). The second image is the live image 
from the camera stream (represented as a warped vector 𝐢̅𝐢𝑤𝑤(𝐩𝐩)). 
In summary, ECC attempts to find a mapping between 𝐢̅𝐢𝑟𝑟 and 
𝐢̅𝐢𝑤𝑤(𝐩𝐩) under consideration of the following criterion: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝐩𝐩) = ‖ 𝐢̅𝐢𝑟𝑟
‖𝐢̅𝐢𝑟𝑟‖

− 𝐢̅𝐢𝑤𝑤(𝐩𝐩)
‖𝐢̅𝐢𝑤𝑤(𝐩𝐩)‖

‖
2

(1)

Based on this approach and its solution, presented in [14],
all necessary information can be calculated from the parameter
vector p.

When considering the coordinate system of the image 
processing camera and its field of view (height and width) the 
6D position offset for the robot δimg (t) can be determined. For 
the use case of simple tracking of a moving object on a 
conveyor belt, only the translation in X and Y as well as the 
rotation around the Z axis are of importance. Therefore, neither 
the rotations around the X and Y axes nor the Z translation are 
included in the evaluation. This allows the 6D problem to be 
simplified to one with 3 degrees of freedom, which leads to an 
optimization of the computing time and an improvement of the 
energy performance.

As represented in Fig. 2, the camera axis with its relevant 
coordinates (X’cam, Y’cam, ɑ’cam) is perpendicular to the FOV of 
the camera or object plane and lies in the center of the target 
image. The FOV coordinate system TFOVoffset for determining the 
offset values between the reference and live image is introduced 
by shifting the camera coordinate system to the top left corner 
of the image in the object plane.

Fig. 2. (a) reference image for gear tracking including coordinate systems of 
camera and FOV for offset calculation; (b) live image corresponding to target 

image 

If the live image corresponds to the reference image as in 
Fig. 2, the overlapping area is highlighted yellow. A deviation 
or offset, as shown in Fig. 3, is highlighted in green. Since 
TFOVoffset orientation is the same as Trobot,tool, the three relevant 
deviations ∆Xrobot, ∆Yrobot, ∆Arobot can be sent to the robot 
controller via a TCP connection and processed into relative 
movements. To ensure a precise movement in this study a
calibrating procedure referring to hand-eye calibration is used. 
[15] This approach helps to determine the transformation 
matrices from the world coordinates T to the camera Tcam.

Fig. 3. (a) reference image for tracking of b-pillar (grey); (b) live image in 
yellow with the position deviations highlighted in green and the position 

offset in X, Y and C

By adjusting the camera zoom and specifying the width and 
height of the FOV, the image capture position is flexible. This 
relation can also be used to enable tracking in Z. However, the 
reference image must be adjusted with the FOV of the camera 
depending on the distance.

The developed image processing pipeline is represented as a 
network in the Xeidana® development environment [16] and is 
shown in Fig. 4. In addition, interface and necessary 
preprocessing modules such as image size reduction and lens 
correction have also been implemented, whereby it should be 
noted that the accuracy of the position calculation depends 
directly on the pixel size.

Since no pre-training is required when using ECC, and the 
reference image is sufficient, it is also referred to as a one-shot 
demonstration. 
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Fig. 4. Developed image processing pipeline consisting of main modules a) interface camera b) picture rectification c) position calculation d) data processing e) 
interface software, represented as network in the Xeidana® framework, developed by Fraunhofer IWU [16]

4.2. Tracking pipeline and position control

The tracking pipeline, shown in Fig. 5, consists of the two 
main structures:

• Image processing with calculation of the position 
deviation running on an eight-core Intel Xeon E-2286 M 
processor with maximum utilization of 15 % for 
calculation operations at 15 fps

• The robot position controller on SINUMERIK 840Dsl 
working in interpolation cycle (IPO) of 4 ms

On the first run, the reference image is captured and saved 
with its reference position. Since the live image will be taken 
after position control, the robot does not carry out any 
movements. With the actual live image, the offset values are 
calculated as described previously and saved in δimg(t). The 
absolute position of the robot is then calculated and the new
command value for position control w(t) is set. The position 
control of the robot is realized by means of synchronous actions 
which are calculated at 250 Hz and is aimed at calculating the 
step size for robot movement in IPO-cycle. A PID controller 
with the following structure is implemented for this purpose.

𝐺𝐺𝑅𝑅 = 𝐾𝐾𝑃𝑃𝑃𝑃 + 𝐾𝐾𝐼𝐼𝐼𝐼
𝑠𝑠 + 𝐾𝐾𝐷𝐷𝐷𝐷𝑠𝑠 (2)

The proportional 𝐾𝐾𝑃𝑃𝑃𝑃, the integral 𝐾𝐾𝐼𝐼𝐼𝐼 and the differential 
component 𝐾𝐾𝐷𝐷𝐷𝐷 must be set as control parameters depending 
on the system behaviour. In reality, the continuous laplace 
variable s corresponds to a discrete variable with a time interval 
of 4 ms. After the PID control is executed, the new actual 
position of the robot (overlay position) and the remaining offset 
to δimg(t) are calculated using the executed size of the robot. The 
result is then the new command value for position control in 
the next loop.

In addition, the control is embedded in a safety circuit that 
monitors the maximum step and the robot's workspace as well 
as the correlation between the live and reference image. If the 
limit values are exceeded, the program is either stopped or the 
target and axis positions are reset.

5. Experiments and results

In order to design the PID controller, a 2D dimensional 
movement profile (X, Y) was programmed on the axis portal, 
which accelerates the component to a standard industrial 
conveyor belt speed of 1 m/min. Based on an identical starting
and end position, Figure 6 illustrates the relative movement 
profile of the portal in X over time, the associated positions 
from image processing and the absolute position of the robot.

Fig. 5. Processing pipeline and control structure for object tracking consisting of SINUMERIK 840Dsl robot position controller, image processing and position 
deviation calculation  
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Table 1. Minimum position error eb and velocity error eb,g for position control of an uniformly moving object at 1 𝑚𝑚
𝑚𝑚𝑚𝑚𝑚𝑚 for various controller parameters

Type of controller 𝐾𝐾𝑃𝑃𝑃𝑃 𝐾𝐾𝐼𝐼𝐼𝐼 𝐾𝐾𝐷𝐷𝐷𝐷 eb [mm] eb,s [s]

P1 PXY = 0.007; PC = 0.007 - - 3.60 < eb < 4.40 5.12

P2 PXY = 0.01; PC = 0.007 - - -5.10 < eb < 7.90 ∞
PID1 PXY = 0.005; PC = 0.001 IXY = 0.003; IC = 0.0005 DXY = 0.001; DC = 0.0001 0.36 < eb < 0.80 13.62

PID2 PXY = 0.007; PC = 0.001 IXY = 0.003; IC = 0.0005 DXY = 0.001; DC = 0.0001 0.39 < eb < 0.80 8.95

PID3 PXY = 0.009; PC = 0.001 IXY = 0.003; IC = 0.0005 DXY = 0.001; DC = 0.0001 0.12 < eb < 0.85 13.41

PID4 PXY = 0.007; PC = 0.001 IXY = 0.005; IC = 0.0005 DXY = 0.001; DC = 0.0001 0.38 < eb < 0.60 11.44

A total of five approximately uniform movement sections, 
recognisable by the dicontinuities (equivalent to abrupt 
changes in direction of the workpiece carrier), can be 
distinguished.

Fig. 6. Performance of the developed tracking pipeline consisting of 
CommandValueCapture from image processing and absolute target position 
of the robot compared to absolute X target position of the X-portal at 1 𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚

By looking at the first time section in X direction (t < 15 s)
the processing pipeline including different PID controllers are 
analysed. Table 1 gives an overview of them as well as of the 
position control error eb and the response time eb,s until the
position error is minimized.

The first two P controllers (P1 and P2) underline clearly that 
a persistent disturbance variable cannot be precisely controlled 
in a stationary manner for a system with an equalization. 
However, the residual control error cannot become completely 
zero with a finite controller gain. A maximum gain KPR = 0.007
with eb of approx. 4 mm was empirically determined. In 
addition, an oscillation can be recognized if the gain is too high
(e. g. P2). This contradiction can only be resolved if the 
controller can generate a sustained manipulated variable even 
though the control error has become zero. For this purpose,
controllers with an I component (KIR) are able to do this due to 
their "memory effect". However, these systems are more inert, 
which is why a D component (KDR) is considered. 

The PID controllers tested for a movement in X of the axis
portal are presented in Fig. 7. The following graphs and 
statements can be transferred analogously to translative 
movements in Y. 

The offset curves of the position control over time show that
the control speed eb,s becomes smaller when a larger 𝐾𝐾𝑃𝑃𝑃𝑃 is 
selected (comparison between PID1 and PID2), however, no 
significant improvement for eb is achieved.

Fig. 7. Comparison of PID controllers 1-4 for position control in X direction
for an object velocity of 1 𝑚𝑚

𝑚𝑚𝑚𝑚𝑚𝑚

With higher gain factors, the system tends still to oscillate 
and thus becomes more unstable (PID3). This is also 
accompanied by a deterioration in eb,s. Increasing the I 
component improves the accuracy of the control, while at the 
same time increasing the delay (PID4). Although the use of the 
D component counteracts this inertia, higher KDR values lead to 
an even higher oscillation of the system, especially at the 
discontinuities. It can be concluded that PID2 performs best, 
noticing it reacts quickly to changes in speed with the same 
accuracy as the other controllers. The mostly sufficient 
accuracy of +- 1 mm compared to existing tracking solution 
with 3D cameras is achieved after approx. 6 s.

The dependencies of the absolute calculated target position 
of the robot, the command values of image processing and 
position control as well as the performed robot step in IPO-
Cycle for the first 0,3 s from beginning of tracking operation, 
are illustrated in Fig. 8.

Fig. 8. Robot position control in X direction showing the actual position 
offset of the robot to the object in the first 0,3 s from receipt of a disturbance 

(object is accelerated to a speed of 1 m/min)
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It can be concluded that the processing time of the ECC is 
the limiting factor in the processing pipeline. The position 
controller always reaches the target position at the achieved 
image processing speed. By reducing the data to be analyzed to 
10 % of the available data, a processing rate of 15 fps could be 
achieved with 10,5 W of power consumption on eight-core 
Intel Xeon E-2286 M processor. 

6. Conclusion and further development

The overarching goal of this study will be a streamlined 
process that enables on-the-fly assembly through the intelligent 
application of combined vision and force-torque data, negating 
the need for additional sensory equipment. 

The basis for this was presented in this paper. Based on the 
ECC approach, an NC robot can track the movements of any 
objects for 3 degrees of freedom according to one shot 
demonstration with an accuracy of <1 mm.  Particularly 
noteworthy is the low energy consumption of 10.5 W for the 
calculation algorithms and the low utilization of a 
commercially available PC.

Further improvements could be achieved by using more 
powerful hardware or by further data reduction methods 
(smaller image section, lower resolution, etc.). However, these 
approaches are either at the expense of energy consumption or 
the accuracy of the control. It should also be noted that image 
processing always provides positions from the past to the robot 
controller. To minimize the position error of the control, 
approaches for predicting positions in the future for at least
uniform movements, such as the additional use of a Kalman 
filter, will be tested. Furthermore, the dependency of the 
position control on the image processing speed in combination 
with the energy consumption will be further investigated to 
improve tracking.

These improvements are intended to achieve application 
scenarios where robots are equipped with cameras and force-
torque sensors and where contact between the robot and the 
component occurs due to the application. Consequently, the 
tracking approach presented in the paper must be extended to 
include movements in the Z direction, using a single 2D camera 
with the aim that the robot approaches the moving object at a 
defined point until contact occurs. At this point, the system 
switches from visual servoing to force torque control to 
perform the assembly task. The innovative contribution of next
studies is to expand stationary implementation of the assembly 
tasks, like described in [17], to an on-the-fly assembly. 
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