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Abstract
Due to its excellent chemical and mechanical properties, silicone sealing has been widely used in many industries. Currently, the
majority of these sealing tasks are performed by human workers. Hence, they are susceptible to labor shortage problems. The use
of vision-guided robotic systems is a feasible alternative to automate these types of repetitive and tedious manipulation tasks. In
this paper, we present the development of a new method to automate silicone sealing with robotic manipulators. To this end, we
propose a novel neural path planning framework that leverages on fractional-order differentiation for robust seam detection with
vision and a Riemannian motion policy for effectively learning the manipulation of a sealing gun. Optimal control commands can
be computed analytically by designing a deep neural network that predicts the acceleration and associated Riemannian metric of the
sealing gun from feedback images. The performance of our new methodology is experimentally validated with a robotic platform
conducting multiple silicone sealing tasks in unstructured situations. The reported results demonstrate that compared with directly
predicting the control commands, our neural path planner achieves a more generalizable performance on unseen workpieces and is
more robust to human/environment disturbances.
Keywords: Robotic sealing, reactive path planning, Riemannian motion policy, neural path planning, seam detection.

1. Introduction
Silicone sealing is a common technique to join two surfaces/materials with special silicone sealant as the caulk [1].
After producing reactions with atmospheric moisture, the
heavy-duty and gel-like adhesive offers exceptional adhesion
performance, as well as resistance to large temperature variations, corrosive fluids, and even fire. Due to its excellent chemical and mechanical properties, silicone sealing has been extensively used in many industries, ranging from general construction and manufacturing [2, 3, 4] to home repair and device
maintenance [5, 6, 7]. Up to this day, the majority of these
sealing tasks is performed by human workers, hence, it is susceptible to labor shortage problems. The use of vision-guided
robotic systems is a feasible alternative to automate these types
of repetitive and tedious manipulation tasks [8]. However, this
automation problem has not been sufficiently studied in the literature.
Creating a robotic system capable of autonomous sealing in
complex and dynamic environments is a challenging problem.
As shown in Fig. 1, when sealing for fixing window leaks in
a domestic environment, traditional robot control approaches
based on e.g., “teach and playback” mode [9] or offline ad-hoc
programming [10], are unpractical, as these control approaches
lack adaptation to accommodate for changes in the environment. A viable solution is to exploit visual information [11, 12]
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Figure 1: (Left) Illustration of silicone sealing performed by a human expert
and (right) by a robot arm.

to detect the sealing seam/joints, plan the path, and correct for
deviations in real-time [13, 14, 15]. Therefore, the key for an
intelligent sealing robot that can operate in dynamic environments lies in an efficient design of vision-based path planning
and control [16, 17].
Previous vision-based path planning approaches for sealing
and welding applications are mainly divided into two working paradigms. The first employs real-time path planning on
the basis of defining regions of interest (ROI) [18] and extracting seam characteristics [19, 20, 21]. The idea is to iteratively
call the local path planning function with the input of real-time
updated visual clues in the ROIs. By measuring the changes
in the detected seam characteristics, the robot is able to react
promptly to environmental changes. However, this paradigm
has been typically validated on simple workpieces that required
motions in a straight two-dimensional segment [22]; This limits
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its applicability to general free-form grooves (e.g., with curved
edges). The second paradigm relies on the availability of complete 3D geometric information of grooves and seams to implement offline path planning algorithms [23, 24]. By collecting partial visual/depth information, it computes and describes
the groove/seams with a model, e.g., based on point clouds
[25, 26] or RGB-D images [27, 28], then conducts 3D feature
extraction to obtained the offline path for the sealing/welding
task. The latter approach can handle complex grooves/seams
with various workpieces, however, it depends on the availability of such precise geometry mode, which might be difficult to
obtain in practice; Furthermore, as the planned path with this
model-based approach typically assumes a static working environment, therefore, it is not robust to uncertain models (e.g.,
arising from the typical noise of the 3D vision sensors or kinematic errors of the sealing tool) [29, 30].
In this paper, we present a new autonomous sealing system
capable of online path planning and control in complex dynamic environments; By using real-time feedback, our method
avoids acquiring accurate 3D models of the workpiece. To
this end, a fractional order differentiation-based edge detection
is implemented to robustly extract the sealing seam from low
signal-to-noise ratio (SNR) images (which are typically captured by cheap commodity cameras). Subsequently, we introduce a novel framework for reactive path planning that leverages on a Riemannian motion policy (RMP) [31] and deep
learning techniques. RMP models the interaction between the
robot and the working environment as a unified representation,
which is defined by an acceleration policy and its corresponding Riemannian metric. By utilizing the forward kinematics,
optimal commands for the robot control can be generated computationally. This RMP technique is combined into the design
of a neural path planning framework for robotic sealing tasks,
as shown in Fig. 2. Compared to directly predicting the sealing
control commands with neural networks, our neural networkbased RMPs prediction is able to achieve more generalizable
performance on unseen workpieces. Besides, by checking each
predicted RMP, it is efficient to analyze and debug the desired
sealing behavior, thus making the path planning approach in an
explainable manner.
To validate the proposed methodology, we developed an experimental system composed of a UR5 manipulator, a modified pneumatic sealing gun, and a real-time control system integrated into ROS (see Fig. 1 and Fig. 7). This system controls the airflow to the gun to deposit silicone sealant along the
planned path, which is computed from the RMPs; This motion policy adjusts the sealing velocity in an appropriate range
and orientation for the detected workpieces. A detailed experimental study (with over 100 trials) is conducted to validate the
performance of the automated sealing robot; Robustness to external disturbances is demonstrated with various experiments
in dynamic situations. The conducted experimental results can
be downloaded from: https://sites.google.com/view/reactivesealing.
In summary, we present four key contributions in this paper:
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Figure 2: Overview of the neural path planning framework with RMPs for
automatic robotic sealing. The interaction between the sealing gun and the
workpiece environment is modeled with neural RMPs. Typically, the interaction could be attractive (yellow), and heading correction (green). The RMPs are
predicted by training a neural network with the ROI features from two different
camera views. The RMPs are then combined into the forward kinematics of the
robotic sealing system to solve the control commands.

• A fractional order differentiation seam detection method
to robustly extract features in low-SNR images;
• A reactive path planning with RMPs to handle external
disturbances in a dynamic environment;
• A detailed experimental validation of the proposed neural
path planning framework with a robotic sealing platform.
The rest of the paper is organized as follows. Sect. 2 introduces the architecture of the proposed neural path planning system, together with key techniques applied, followed by Sect. 3
describing the system implementation details. The experimental results of the proposed system are presented in Sect. 4. Sect.
5 gives final conclusions
2. Methodology
The neural path planning framework for the robotic sealing
system is presented in Fig. 2, where a novel image-based reactive autonomous sealing with an elaborately designed edge detection pipeline and the Riemannian Motion Policies (RMPs) is
proposed. It begins with R-L fractional order derivative-based
edge detection approach to extract the edge information in the
ROIs from different camera perspectives. Subsequently, the
Kalman filter is employed to further improve the precision of
estimated ROI features. Then, a neural net is trained to predict
RMPs, which model the interaction between the sealing gun tip
and the workpiece into a unified robot geometry. This joint representation is typically defined by an acceleration policy with
the corresponding Riemannian metric. By doing so, this RMP
structure is combiend into the design of our neural robotic sealing framework.
2.1. Robust Seam Detection Pipeline
To extract the edge features from two cheap commodity
monocular camera sensors, the low signal-to-noise ratio (SNR)

• A novel two-camera path planning framework for robotic
sealing;
ii
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Figure 3: Illustrations of the state representation for the sealing seam in the
Kalman filter. (a) shows the real state representation of ROI features in front and
side views of the robotic sealing task; (b) presents the conceptual representation
of the ROI-related state variables and (c) enlarges the attraction pattern between
the sealing gun tip and the attraction point.

On the basis of the matrix form of the R-L α-order derivative w.r.t. p x and py , we compute an edge vector E in Eq.
(4) by convolutions of input ROI image with its α-order fractional derivative in x and y direction. As a result, we can denote
each edge component as the convolution between the image
and its corresponding fractional differential pair, formulated by
E x (i, j) = Rαpx ⊗R(i, j) and Ey (i, j) = Rαpy ⊗R(i, j), where E x (i, j)
and Ey (i, j) are the edge components in x and y directions, respectively, and ⊗ is the convolution operator.

issue is unavoidable in a dynamic environment. Due to the
limitations of the visual sensors, the resulting noise can decrease image quality and undermine the performance of following downstream sealing tasks. Therefore, it is of great importance to select an appropriate approach for contrast and texture
enhancement to restore image features. Recently, fractional
differential-order-based algorithms have demonstrated better
results on contrast and texture enhancement than traditional
integer-based algorithms. Inspired by the [32], a RiemannLiouville (R-L) fractional differential operator is implemented
to enhance the contrast and texture features for edge detection
in order to provide precise visual features for the following
path planning framework. To save computing resources and
accelerate the edge feature extraction, we only employ the R-L
fractional-order differentiation operation on a predefined region
of interest (ROI), as shown in the rectangular area in the different camera views in Fig 2.
Formally, given a M × N-resolution ROI image R M×N , let p x
and py denote the pixel’s location, d x and dy as the distance between the pixels in x and y direction, respectively. Then the
relationship between the pixel and distance is formulated as
p x = d x i and py = dy j. On basis of the R-L definition, αorder fractional derivative approach is performed at each point
of p x and py . A α-order fractional derivative of R(i, j) w.r.t. p x
can be computed as:
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As the magnitude and direction of the edge vector E may not
be distributed uniformly in unclear ROI images, we average all
values that are close to one another to improve edge identification. Therefore, the magnitudes of edge component E(i, j)| and
directional component dir[E(i, j)] are represented as:
r
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The edge vector is used in the proposed edge detection
pipeline. Edge magnitude is used as a first measure, the directional component is used as a second measure, and contrast
is used as a third measure in order to increase the probability
of searching for the strong and proper border. The succeeding
position with respect to a position (i, j) of the ROI image is calculated in a matrix with a (h × w) size (normally, 3 × 3). With
the aid of edge magnitude, directional component, and contrast,
the edge intensity Ik (h, w), k = 1, 2, . . . 8 can be computed using
Eq. (8) from eight directions as:

(1)

and a α-order fractional derivative of R(i, j) w.r.t. py can be
represented as:
Rαpy
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where wα (i, j) is the coefficient
! at pixel space (i, j) and denoted
α
as wα (i, j) = (−1)i+ j
. Then, we can denote the α-order
i+ j

Ik (h, w) = |Ei j (h, w)| + dir[Ei j (h, w)] + Ci j (h, w)
iii

(8)

where |Ei j (h, w)|, dir[Ei j (h, w)], Ci j (h, w) denote the edge component, the directional component, and contrast component respectively, and each item can be calculated as follows:
|Ei j (h, w)| =

|E(i + h − 1, j + w − 1)|
maxi, j |E(i, j)|

dir[Ei j (h, w)] = 1−

Algorithm 1: Robust seam tracking with Kalman filter
Input: Observation of the ROI at time step t, Rt
Output: ROI features at time step t , dattr (t) and θ(t).
1 for each time step t do
// 1) Compute seam line points
2
for each pixel (i, j) do
3
Compute Ii j (u, v) in the mask using Equ. (8);
4
Collect candidate edge point (i, j) if Ii j (u, v) ≥ τ
5
Compute the seam line equation with RANSAC
algorithm on candidate edge point set {(i, j)} ;
6
Compute the two intersection points between the
ROI rectangular and the seam line, (x1 , y1 ), (x2 , y2 );
// 2) Prediction Time Update
7
Predict state vector and error covariance:
X̂t|t−1 ← Ft X̂t−1|t−1 + Wt
P̂t|t−1 = Ft P̂t−1|t−1 FtT + Qt
// 3) Observation and Update
8
Compute Kalman gain:

−1
Kt = P̂t|t−1 HtT Ht P̂t|t−1 HtT + Rt
9
Correction based on observation:
zt = Ht Xt + vt 

bt|t = X̂t|t−1 + Kt zt − Ht X
bt|t−1
X

(9)

dir[E(i, j)] − dir[E(i + h − 1, j + w − 1)]
π
(10)



Ci j (h, w) = S f (i, j) − S b (i, j)
!
¯ f (i + h − 1, j + w − 1) (11)
ḡb (i + h − 1, j + w − 1)⊖ḡ
× ln
¯ f (i + h − 1, j + w − 1)
ḡb (i + h − 1, j + w − 1)⊕ḡ
For each edge intensity computation, the three components are
computed to find relative values within the surrounding pixel
space (i+u−1, j+v−1), and a large value of Ik (h, w) indicates a
higher possibility of edge existence in the corresponding direction. In the contrast component calculation, the foreground and
background image entropy are denoted as S f (i, j) and S b (i, j),
logarithmic image processing (LIP) subtraction and addition
¯ and the average gray values of foreare denoted as ⊖¯ and ⊕,
ground and background are denoted as ḡ f and ḡb , respectively.
Based on the gray levels of the foreground and background ROI
image, the contrast component is used to enhance the pixel contrast after computing the magnitude and direction of the strong
edge.
For each pixel (i, j), an edge intensity Ii j (h, w) is calculated
on the basis of the mask matrix (h, w), and we will collect the
pixel coordinates only when its edge intensity exceeds a predefined threshold τ. As shown in Fig. 3 (b), after performing on
the entire ROI, a final candidate edge point set {(i, j)} is formed
to estimate the sealing seam e1 e2 by using the RANSAC algorithm. With the resulting seam line equation, the two ending
points, (x1 , y1 ), (x2 , y2 ), intersecting with the rectangular boundary, can be easily computed.

10
11

bt|t−1
P̂t|t = (I − Kt Ht ) P
bt|t ;
Compute ROI features dattr (t) and θ(t) based on X
return dattr (t) and θ(t) ;

the transition matrix Ft and measurement matrix Ht in this seam
tracking system can be denoted as:
I
Ft = 4
0

∆tI4
I4

!
and



Ht = I4 , 0

(12)

where I4 = diag(1, 1, 1, 1).
The Kalman filter predicts the state by using the model system equations, which are based on the interaction between the
sealing gun tip and the sealing workpiece and the previous state
matrix. Then we can predict the parameters of the next state
seam. When updating the time step, the Kalman filter leverages
the measurement generated from our designed edge detector to
refresh the predicted state for determining the position of the
sealing seam in ROIs. The major goal of this tracking system is
to estimate the optimal Xt based on the measurement zt . Considering the above description, our robust seam tracking with
Kalman filter is illustrated in Alg. 1. After the measurement of
the sealing seam, it involves two main stages, which are prediction time update and observation and update processes.
1) Prediction time update: After initializing the parameters
of the related state vector, the prediction equations are defined
as the Phrase (2) in the algorithm, where the transition matrix is
defined as Ft , and we perform this effect for each state vector.
The zero mean white prediction noise with covariance matrix
Qt is denoted as Wt . Last, the noise covariance between different terms in the state vector is represented as P̂t .
2) Observation and Update: In this phase, the algorithm
deals with the computation of the Kalman gain Kt , the ratio

2.1.1. Kalman Filter
As illustrated in Fig. 3, we assume that the region of interest (ROI) must contain the sealing seam. Hence, seam tracking under two different camera perspectives is established. To
further reduce the seam line tracking error, two Kalman filters are performed to predict and automatically correct sealing seam states for different camera views. To describe the
sealing seam on a two-dimensional ROI image, we define
the coordinate of two ending points as the parameters of the
sealing seam. Therefore, position and velocity of a sealing
seam
in Kalman

 filter can be denoted as (x1 , y1 , x2 , y2 ), and
v x1 , vy1 , v x2 , vy2 respectively, the state vector is then expressed
Xt = (x1t , yt1 , x2t , yt2 , vtx1 , vty1 , vtx2 , vty2 )T , where k indicates the discrete time step over ROI frame intervals. Since the measurement consists of positions of two the seam ending points, the
measurement vector can be expressed zt = (x1t , yt1 , x2t , yt2 )T , and
iv

between covariance of predicted noise and covariance of measured noise. Subsequently, we update the prediction model.
During updating process, the measurement matrix is represented as Ht represents and vt is a zero mean white measured
noise with covariance Rt . At last, corrected seam line points
can be obtained to compute the ROI features, dattr (t) and θ(t),
for the motion policy generation, which we will illustrate in the
following section.

can make a significant impact. A sound solution is to employ a
Riemannian metric to expand the local space so that the cost of
the behavior of going in one direction differs from that of moving in another. By introducing a Riemannian metric A to depict
the magnitude of a cost vector v, denoted by ∥v∥2A = v⊤ Av, the
policy is reformulated as:
X1
f (x, ẋ) = argmin
(14)
∥ fi − ẍ∥2Ai
2
ẍ
i

2.2. RMP for Autonomous Sealing
In this part, we begin with a brief overview of RMP and its
application to robotic sealing control (see [31] for a theoretical
introduction), then followed by the RMP controller design for
our robotic sealing scenario and our proposed neural RMPs.

where Ai represents the Riemannian metric with respect to its
corresponding policy fi . By doing so, we expand the original
motion policy into a Riemannian Motion Policy, and for each
policy fi , it has an associated Riemannian metric Ai .
Although Eq. (14) has considered the end-effector of the
robot, the physical robotic sealing system has non-negligible
shapes (e.g., a sealing gun) and complex mechanics (e.g., a multiple DOF robotic arm). Taking these extra considerations into
account, we define the robot as a collection of control points
tip
and sealing seam angles, xtip
1 , x2 , · · · , with corresponding forward kinematic functions (also known as a task map) ϕ linked
to a joint configuration space q defined by x = ϕ(q). Considering a classic 6-DoF robot consisting of six joints, denoted by
θ1 , θ2 , θ3 , θ4 , θ5 , θ6 , the transformation matrix from the base to
the robot hand, b T h , and also known as its forward dynamics
model, can be denoted as:


n x o x a x p x 
n oy ay py 
b
 (15)
T h = 0 ϕ6 (θ1 , θ2 , θ3 , θ4 , θ5 , θ6 ) =  y
 nz oz az pz 
0 0 0 1

2.2.1. RMP Modeling
Consider a robotic agent x in the task space Rn (usually n = 3
for the robotic arm system), the position of the end-effector of
the robot arm at time step t is defined as x(t). In RMP, the
motion policy is defined as a mapping from the position and
velocity of the robot to an acceleration, which is denoted by
fmotion : x(t), ẋ(t) → ẍ(t). The robot moves to a new state
x(t + 1), ẋ(t + 1) by using the acceleration policy for a short time
period, from which a trajectory can be formed by using forward
integration. In autonomous sealing tasks, we attempt to establish a motion policy to move the robot to reach a goal configuration g ∈ Rn while moving along the sealing seam and avoiding
collisions in the sealing grooves. To this end, we model desired
behaviors of the sealing gun tip as reaching the nearest sealing
seam and adjusting the orientation of the heading direction. As
shown in Fig. 3, the nearest reaching point is the intersection
point pa between the sealing seam, e1 e2 and pt pa . On the other
hand, the seam angle is computed between the sealing seam,
e1 e2 , and the vertical line or horizontal line. And these ROI
features can be directly measurable using the proposed Alg. 1.
Then the problem becomes designing a motion policy that controls the heading direction to ensure a small seam angle θ while
attracting the sealing gun tip to the generated attraction point
pattr on the basis of the seam line.
Intuitively, the motion policy can be easily designed by dividing it into a collection of different policies that model the
interaction between the sealing gun tip and attraction point or
sealing angle from different perspectives. For example, for each
attraction point, we design a policy that generates an attractive
acceleration towards the computed attraction point, while for
the sealing angle, the policy attempts to form a rotation acceleration to control the heading direction. Finally, by solving a
least-squares problem, the resulting motion policy can be computed analytically as below:
f (x, ẋ) = argmin
ẍ

X1
i

2

∥ fi (x, ẋ) − ẍ∥2

While the transformation from the sealing gun tip to the robot
base frame, b T p , is given by:
b

Ttip = b Th · h Ttip

(16)

where h Ttip denotes the transformation from the sealing gun
tip to the robot hand. Since the sealing gun tip is defined as
our Tool Center Point (TCP), we keep its orientation as same
as the robot hand. Therefore, the final transformation of the
sealing gun tip with respect to the robot base can be regarded as
a translation Trans(d x , dy , dz ) (di denoting the fixed translation
distance along the i-th axis) from the robot hand to the sealing
tip, denoted by:


n x o x a x p x + d x 
n o a p + d 
y
y
y
y

Trans(d x , dy , dz ) × b T h =  y
(17)
 nz oz az pz + dz 
0 0 0
1
where

1
0
Trans(d x , dy , dz ) = 
0
0

(13)

where fi represents the acceleration policy of the i-th attraction
behavior or sealing angle control behavior. However, Eq. 13
may lead to negative behaviors. For instance, it ignores the error heading direction. When the robot goes parallel to the sealing groove as opposed to heading towards the sealing seam, this

0
1
0
0

0
0
1
0


d x 

dy 

dz 
1

(18)

Therefore, the final forward kinematic function for our robotic
sealing task can be represented as:
x = ϕ(q) = ϕ(θ1 , · · · , θ6 , d x , dy , dz )
v

(19)
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Figure 4: Conceptual representation of the robotic sealing system with ROIs from two different camera views. (a) visualizes an overview of the robotic sealing
configurations from a third-person perspective, (b) shows a top-down view of the robotic sealing configurations, and (c) presents a side view along the sealing
heading direction.

By combining the Jacobian of the kinematic function J ϕ =
into Eq. (14), we can compute the optimal RMP policy in
the joint space as below:

For each view, two specific RMPs are designed, where one is
attraction RMP, and the other is heading correction RMP. The
attraction RMP aims to minimize the position between the sealing gun tip and the attraction point in the ROI, and it only affects
the translation part of the motion policy. While the heading correction RMP attempts to move to the goal point and minimize
the sealing seam angle in the ROI, which only works with the
orientation part. As illustrated in the Tab. 1, we use → and ↓
to represent the RMPs in forward and side views, respectively.
For Attraction RMPs, the transformation from the image space
to the TCP frame Fimg TFtip (for simplicity, we use img Ttip in the
following) varies and depends on the different views. As shown
y
x
in Fig. 5d, the dattr can be divided into dattr
and dattr
by projectx
ing along the x and y axis in Fimg . In the forward view, dattr
is
only considered to have an impact on the x-directional translay
tion for the sealing gun. On the other hand, dattr
is used for side
view RMPs. For Heading RMPs, θ is only considered to deal
with the rotation acceleration along the z-axis aγ in frame Ftip
in the forward view, and aα for side view.
By combining the RMPs summarized in Tab. 1, we can compute our final optimal acceleration of the sealing gun tip in Ftip
frame with the below equation:
X
2
Ftip
arg min
f − Ftip a M
(22)

∂ϕ
∂q

f (x, ẋ) = argmin

X1

q̈

i

2

∥ fi − J ϕi q̈∥2Ai

(20)

By introducing the Jacobian of a robot control point involved in
motion policy i, which is defined as J ϕi , we can solve the Eq.
(20) analytically as below:

+ 


 X ⊤
X ⊤
∗
J i Ai fi 
(21)
J i Ai J i  
f (x, ẋ) = q̈ = 
i

i

where + denotes pseudo-inverse.
2.2.2. Locally Reactive RMP Controller Design
The overview configuration of the proposed robotic sealing
application is illustrated in Fig. 4, using two monocular cameras observing the forward and side view of the interaction between the sealing gun tip and the local environment. Since our
approach is aimed at solving the entire sealing path planning
task by repeatedly generating new local desired robot motions,
so essentially, we are interested in the locally reactive RMPs.
Tab. 1 summarizes all the RMPs used for the design of the
reactive controller and the corresponding formulations for the
fields and metrics. However, before implementing and integrating them with the robotic sealing system, there are still factors
to consider:
1) Reference frames and state representation: Fig. 4a illustrates the frame conventions considered in our formulation. The
state x of the robotic sealing device is given by the pose of the
sealing gun tip Ttip ∈ SE(3) expressed in the fixed TCP frame
Ftip , and the state of the ROI features dattr and θ are expressed
in the image frame Fimg . The velocity ẋ and acceleration ẍ of
the sealing gun tip are represented in the TCP frame as vtip =
(v x , vy , vz , vα , vβ , vγ ) ∈ R3 and atip = (a x , ay , az , aα , aβ , aγ ) ∈ R3 ,
respectively.
2) RMPs in different views: Our autonomous sealing employs
two different views to generate multiple RMPs so that it can recover the motion generation in the original 3D working space.

Ftip

Ftip ,M

|

{z

}

RMPs employed in the TCP

where we expand the original RMP formulation in Eq. (14) to
a motion policy where each case is explicitly incorporated into.
2.3. Neural RMPs
In this section, we propose two neural models to learn robot
controllers from visual ROI images for robotic sealing tasks.
One model is to predict the robot control command directly
with the neural net, which is also selected as a baseline model to
compare our model that instead predicts the parameter for generating RMPs first and then performing sealing gun controls.
Neural controls: An intuitive strategy is to train an end-toend neural network that directly predicts the control commands
used for sealing gun behavior. This is intriguing because it can
vi

Table 1: Main Riemannian Motion Policies (RMP) used for the reactive controller formulation

†
‡
∗

RMP

Attraction (→) †

Heading Correction (→) †

Attraction (↓)†

Heading
tion (↓) †

Descriptrion

Minimizes the position between sealing gun tip and the
attraction point in
forward view

Moves to the goal
point and minimizes the ROI
angle in forward
view

Minimizes the position between sealing gun tip and the
attraction point in
side view

Applied to

TCP

TCP

TCP

(tcp T

‡

k frot (tcp Timg )θ‡

−k∇ fattr

(tcp T

‡

Damping

Regularization

Moves to the goal
point and minimizes the ROI
angle in side view

Damps the output
acceleration
depending on the
current velocity

Smooths the output acceleration using the last acceleration command

TCP

TCP

TCP

−kVtip

atip (t − 1)
Translation and orientation

(tcp T

Correc-

)θ‡

Acceleration
field f

−k∇ fattr

Components
affected

Only translation,
tip fα,β,γ = 0

Only orientation,
tip f x,y,z = 0

Only translation,
tip fα,β,γ = 0

Only orientation,
tip f x,y,z = 0

Translation and orientation

Metric M

σ (d, dc ) I3×3 ∗

σ (θ, θc ) I3×3 ∗

σ (d, dc ) I3×3 ∗

σ (θ, θc ) I3×3 ∗

σ (d, dc ) I6×6 ∗

sI6×6

When Enabled?

Distance to attraction point, dattr , is
further than dc

Vertical angle in
the ROI, θ, is further than θc

Distance to attraction point, dattr , is
further than dc

Horizontal angle in
the ROI, θ, is further than θc

Always

Always

img )dattr

img )dattr

k frot

img

→ and ↓ represent the forward view and side view for the robotic sealing, respectively.
img denotes the transformation from the image frame to the tool center point frame.
The function σ(d) is implemented as a logistic/inverse logistic function that becomes 1 when d is closer/farther than dc depending on the case.
tcp T

RMP acceleration component f and its associated Riemannian
metric A that encodes the locally joint geometry of the sealing
gun and the environment. Furthermore, by combining the Jacobian matrix and the kinematic model of the predefined control
point, the final optimal control command for the sealing gun’s
behavior can be solved by combining the RMP for each control
point with a unified geometrical and kinematical representation,
thus resulting in a more generalizable and interpretable model,
especially on unseen dynamic environments.

learn geometric and semantic information from visual representations. However, this technique is totally data-driven. Thus it
lacks an understanding of how the environment influences the
sealing gun’s behavior. Furthermore, without explicitly modeling the geometry and dynamics of the robotic sealing system,
it could also have a negative effect on the generalizability of
the model application, which we will illustrate in the following
experiments.

Fig. 6 depicts the conceptual representation of the framework of the propose neural RMPs and the neural control baseline model. Different from the neural control model, apart from
multiple feature extractors and a regressor, our neural RMPs
have an additional solver to compute the optimal acceleration
commands. The image feature extractor is completed with our
designed seam detection pipeline. Since an RMP may need extra input data, such as the velocity and angular velocity of the
sealing gun tip, we employ multiple fully connected layers to
extract the features for each extra input. Following that, to predict RMPs parameters (i.e., accelerations and Riemannian metrics), the extracted features are concatenated and input into a
regressor, which is composed of multiple fully connected layers. According to the definitions of RMP [31], several RMPs
can be defined on one sealing gun control point and combined
into one single equivalent RMP based on the addition operator
designed under the RMP architecture. Mathmatically, let two
RMPs in space Φ be M1 = Φ ( f1 , A1 ) and M2 = Φ ( f2 , A2 ), then
we can combine them as follows:

Sealing gun tip
Sealing gun tip
Region of interest

Region of interest

Figure 5: Conceptual representation of different state representations for RMPs
modeling process. (a) and (b) show the forward and side views of the sealing
process. (c) and (d) depicts an example of an enlarged interaction pattern in
the forward view. (e)–(h) present the different interactions in the forward view.
(i)–(l) display the different interactions in the side view.

M1 + M2 = (A1 + A2 )+ ( A1 f1 + A2 f2 ) , A1 + A2

Neural RMPs: To overcome the shortcomings of the preceding method, we offer a novel model that predicts RMPs from
seam features extracted in ROI images. In the given design, the
command applied to the control point of the sealing gun tip is an



Φ

(23)

where + denotes the pseudo-inverse and will reduce to the inverse with full rank. In general, we can combine mutiple RMPs
{Mi }ni=1 into a single RMP M∗ = Φ ( f∗ , A∗ ) by averaging the
vii

ROI Image #1
Edge Detector

ROI Image #2
Edge Detector

Velocity

Angular
Velocity

512

512

512

512

512

512

512

512

512

512

512

512

256

256

256

256

256

256

(a)

(d)

(c)

(b)

(e)

(f)

1536
512

512

512
(g)

256

256

256

24

66

6

Figure 7: The designed pneumatic system for robotic sealing tasks is composed
of (a) Jun-air 12-40 air compressor, (b) manual control Valve, (c) original pneumatic sealing gun, (d) silicone sealant, (e) modified pneumatic sealing gun, and
(d) two camera sensors.

Figure 6: Our RMP network and a baseline model. The predicting controls
network reuses the seam feature extractor of the RMP network.

weighted Riemannian metric:



X 
X
X + X



M∗ =
Mi = Φ 
Ai 
Ai fi ,
Ai 
i

i

i

3.1. System construction
To automate the robotic sealing process, a pneumatic system is built as illustrated in Fig. 8. Our air supply source for
the pneumatic system is a Jun-air 12-40 compressor, which is
suitable for common laboratory applications and gas generation
despite having a 40-Litre receiver size and 1200W compressor
motors. Manual control valves are used to measure the realtime air pressure in the mainstream and are also connected to
the control box of a UR-5 robot so that we can control the airflow by assigning the control input signal in python code. The
sealing gun is the pneumatic actuator that converts air pressure
into physical sealant pushing motion. We modify the original
sealing gun by removing the gunstock grip and connecting the
air intake with the air compressor. Instead, we 3D-print a supporting holder to install the rest sealing gun and mount it on the
end-effector of the UR robot. Also, two monocular cameras are
mounted on the front and side view of the sealing gun tip. The
final experiment setup is shown in Fig. 8.
Generally, in order to choose the correct silicone sealant, one
needs to take into account the type of cure and more importantly the modulus. Though there are many main types of silicone sealant, such as High Modulus Acetoxy, Low Modulus
Neutral, Low Modulus Acetoxy, and so on, the neutral cure silicone sealant, as shown in Fig. 7d, is used for our experiments.
Because this type of silicone sealant deposits methyl ethyl ketoxime during curing, which is a non-corrosive, thixotropic substance, thus making neutral cure silicones suited for electronics
applications. Furthermore, although having a longer cure period than acetoxy cure silicones, these silicones have a considerably more faint odor, making them ideal for indoor applications such as kitchen installations. But considering our case, we
need to clear out the sealant to do the experiment repetitively.

(24)

i

which generates the optimal acceleration policy for the combined autonomous sealing system. Specifically, in our designed RMPs, since each metric is of the form Ai = wi I,
then it reduces
weighted
average specified by:

 Pto the classic
P
P
( f∗ , A∗ ) = w1 i wi fi , w1 i wi Ai , where w ≡ i wi . As a result, only one RMP needs to be predicted for each control point
of the sealing gun.
In the robotic sealing system, an RMP is composed of a 6element acceleration f and the associated 6×6 Riemannian metric matrix. We only predict half element values of the Riemannian metric due to its symmetric property and then construct
the entire matrix. Note that since some of our designed RMP
used for locally reactive control are designed to only have an
effect on translation or orientation components, the predicted
acceleration and Riemannian metric will be reduced in a half
accordingly. Last but not least, the solver in our model is not
a component of the network, which is only used to compute
the final optimal robot control command for the sealing system.
To compare with our proposed neural RMPs model, a baseline
model that predicts sealing gun controls is also implemented
(see Fig. 6 right part), where we employ a regressor to directly
output the control command for the sealing gun instead of RMP
parameters. To examine which approach is more effective and
generalizable, we maintain the architecture and computing cost
for both models at the same level.
3. System Implementation

3.2. Software platform
To coordinate different sensor and signal inputs for the
above-designed robotic system in a seamless manner, a software platform is mainly built based on the robot operating system (ROS). As shown in Fig. (), preliminary settings (e.g.,

To validate the performance of the proposed reactive sealing
path planning method, we built a robotic sealing system based
on a UR-5 robot manipulator and a modified pneumatic sealing
pipeline. In the following, we will discuss the system construction in detail and followed by the ROS-based software platform.
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Parameter

RMP Command
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Figure 9: The ROS architecture for the proposed two-camera-based neural
path planning system for robotic sealing tasks.
Figure 8: The experimental set-up for two-camera-based robotic sealing tasks.

ROI corner and sealing tip positions in different views, IP address for connecting UR robot, TCP transformation matrix)
are loaded from sealing.conf in front and side view image processing ROS nodes, which subscribe the ROS topics from the cameras providing front and side views, named
usb cam1/logi camera and usb cam2/side camera, respectively. Based on the RGB ROI images, the proposed robust
edge detection algorithm is implemented to compute the ROI
features, including attraction distances and sealing seam angles
in different views. Those features will be used to train the neural RMPs or execute the generated RMPs as their inputs. During the neural RMP training process, a top-down camera will
be used to detect the AR code labeled on different workpieces
by subscribing to the rs camera/rgb image topic. Since the
relative transformation between the workpiece and the AR code
position is calibrated with the geometrical calculation. By doing so, the ground truth sealing trajectory can be generated according to the sealing seam. The motion controller node deals
with the generated ground truth sealing path and outputs the
robot control command to the RMP node as the corresponding
ground truth of the ROI features. Once the training process is
completed, the RMP node will combine all the RMPs into one
to send the resulting control commands to the UR robot. Note
that the control commands not only contain the robot motions
but also the air pressure controls.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 10: (a)-(c) are flat workpiece, cylinder workpiece, and quadrangular
workpiece; (d)-(f) are corresponding workpieces labeled with AR codes.

environmental disturbances to examine the local reactive behaviors. Last, the limitations of the proposed approach are also
mentioned.
4.1. Edge Detection Pipeline
Based on the designed edge detection pipeline, the R-L
fractional-order differentiation edge detector is employed first
to detect the sealing seam for the tested workpieces from the
ROIs in two different views (forward and side views). The
ROIs are all in 100 × 50-pixel size, and their positions in different views are loaded according to the parameter settings in
the sealing.conf. All the experiments are performed with
OpenCV python library on a PC with AMD R7/3.2GHZ/16GB
specification. As shown in Fig. 11, two groups of results are
randomly selected from the experiments, one is ROI images
for flat workpiece (see Fig. 11 (a) and (c) ) and the other is
cylinder workpiece (Fig. 11 (b) and (d) ). In each subfigure,
(1) shows the original ROI images, (2) shows a transformed
grayscale map with 256 gray levels for (1), (3)-(5) shows the
texture results generated with two classic edge detection algorithms, Canny [33] and Sobel [34], and our R-L fractional-order
edge detection algorithm, respectively. By comparing the different texture results, the R-L fractional-order edge detection
algorithm performs best in all four different ROI images. On
the contrary, the Canny detector tends to produce lots of noise
edge points without a good fine-tuning of the threshold values.

4. Experiments
In this section, to verify the effectiveness of our proposed
methods, three workpieces are considered to test with the designed robotic sealing system and the proposed neural RMPbased path planning method. As shown in Fig. (), the testing workpieces have different joint types, which are straightline, cylinder, and mixed joints, respectively. The results of the
ROI edge features performed with our designed edge detection
pipeline are presented first, then with trained neural RMPs sealing performance on different workpieces is analyzed. More importantly, we conduct reactive path planning experiments under
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4.2. Neural RMP
We trained our neural RMP model in the real workpiece sealing environment. The ground truth trajectories are generated
by calibrating the transformation between the position of the
AR code labeled on the workpiece and the CAD geometrical
model. As shown in Fig. 10, we fix the starting and ending point for the sealing trajectory due to the limited working
space of the UR robot manipulator. Our training dataset consists of 2.4k trajectories generated from flat and cylinder workpieces, which includes the most sealing cases, i.e., lines and
curves cases. During training, we keep the consistent velocity
for the sealing forward direction (y-direction), and randomize
the offset velocity (x-direction) ∼ U(−0.01, 0.01)), approaching velocity (z-direction) ∼ U(−0.01, 0.01)), forward rotation
velocity (z-direction) ∼ U(−10◦ , 10◦ )), offset rotation velocity (x-direction) ∼ U(−10◦ , 10◦ )), lighting conditions (contrast
∼ U(−0.3, 0.3) and brightness ∼ U(−0.3, 0.3)). The L2 loss is
used to compute the gradients. We train each model with the
same training dataset and the same number of epochs and test
them in position-changed flat and cylinder workpieces and an
unseen quadrangular workpiece.
To measure path planning performance, we utilize three metrics: the proportion of trajectories where an agent achieves the
target (reached%), and the proportion of trajectories where a
collision occurs (collision%). When a collision happens, the
sealing agent will stop. Otherwise, the sealing gun tip would
deform and lead to imprecision of the TCP transformation,
which is not tolerated for high-precision sealing tasks. Therefore, we have reached% + collision% = 100%. Additionally,
an RMSE between the generated trajectories and the ground
truth is also considered to measure the sealing application performance. We collected over 100 trajectories for each workpiece and presented the results in Table 4.1. The performance of
our neural RMP agent is close to predictingcontrols on training
workpieces (flat and cylinder), with comparable high reached%
and low collision%. However, for the unseen quadrangular
workpiece, the predictingcontrols is more likely to get stuck,
with only performing 60% on reaching the goal points. On the
contrary, our neural RMPs still keep the high reached% for the
goal point reaching, which shows that our neural RMPs generalize much better than predicting controls due to their explicit
modeling of the sealing gun geometry and dynamics. In addition to the percentage of reached%, our neural RMPs keeps the
RMSE within 1mm, which outperforms the predicting controls
approach on all the sealing workpieces. Compared to predicting controls, the RMP representation is more succinct and less
noisy, making it more resilient when a robot manipulator operates in tight locations where slight measurement mistakes in the
geometry might result in failures.
Fig. 12 (a)-(g) show the top-down and side views of sampled trajectories on the three different sealing workpieces by
Neural Controls and Neural RMPs. From the top-down
views, the trajectories performed with Neural Controls are
close to those with our Neural RMPs, but when checking on
the side views, it’s obvious that Neural Controls generates a
trajectory with larger errors compared with our Neural RMPs
model. Among the three workpieces, the last one is challenging because they require sharp turns that is unseen in the train-

(𝟓)

(𝒃)

(𝒄)

(𝒅)

Figure 11: (a) and (c): edge detection results of the flat workpiece in the ROIs
of forward and side views. (b) and (d): edge detection results of the cylinder
workpiece in the ROIs of forward and side views. For each subfigure, (1)-(5)
denote original ROI image, gray ROI image, Canny result, Sobel result, and our
result.

State
(→)
dattr
(↓)
dattr
(→)
θ
θ(↓)

Flat
w/o. w/.
2.52 0.78
2.66 0.66
1.63 0.56
1.57 0.61

Cylinder
w/o. w/.
3.08 0.88
3.14 0.85
2.59 0.73
2.41 0.81

Quadrangular
w/o.
w/.
3.69
0.94
3.93
0.99
2.92
0.97
3.05
1.05

(→) (→) (↓)
Table 2: Kalman performance of the ROI features, [dattr
, θ , dattr , θ(↓) ], on
different workpieces in terms of RMSE normalized to each state.

For the Sobel detector, though it can get rid of most of the noise
points, the edge points are not as clear as the R-L fractionalorder edge detector in low-SNR conditions.
After performing R-L fractional-order edge detection algorithm, we leverage on Kalman filter to obtain an accurate estimation of the ROI features. With detected edges in ROI,
two endpoints could be determined to compute our designed
ROI features, which are attraction distance, dattr and sealing
seam angle, θ. Since the ROIs are generated from two different perspective views (forward and side views), four states,
(→) (→) (↓)
[dattr
, θ , dattr , θ(↓) ], are considered to be estimated by Kalman
filter as the input in the following RMPs. To distinguish the
performance of the edge detection with and without Kalman
filter, we set a ground truth trajectory to collect ROI images on
flat and cylinder workpieces for 10 seconds. During the process, the ROI features with Kalman filter is also performed.
We keep each camera capturing the images at 30 FPS. Hence,
each workpiece will generate 600 ROI images, and the entire
process ends up with 1200 ROI images in total. We manually label two endpoints to denote the edges in the ROI images to compute the ground truth estimation of the ROI features,
(→) (→) (↓)
[d̂attr
, θ̂ , d̂attr , θ̂(↓) ]. The performance of the state estimation
is measured by computing the root mean square error (RMSE)
between the estimation and ground truth, and table 4.1 summarizes the final results. The performance of the state estimation after using Kalman filter is clearly improved from original
range [2.5, 3.93] to reduced range [0.66, 0.99] in terms of the
(→)
(↓)
attraction distance measurement, dattr
and dattr
. For the sealing
seam angle, the Kalman filter also reduces the RMSE from the
original range [1.57, 3.05] to a shrank range of [0.56, 1.05]. According to the principle of sealing for most applications [], an
error within 1 sealing angle will not affect the welding quality.
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Figure 12: (a), (c), and (e) are the sampled trajectories on three different sealing workpieces by different models, respectively, and (b), (d), (f), and (g) depict
the detailed trajectory in a close side view. The ground truth is computed by calibrating the transformation between the AR code’s position and the corresponding
workpiece, which is marked in blue. The Neural Controls and Neural RMPs are marked in red and green, respectively. (h)-(i), (j)-(k), and (l)-(m) show the final
sealing and smoothing experiments with our learned Neural RMPs model working on different sealing workpieces. For each case, two camera views (front and
side views) are used to extract ROI features, and a top-down view is presented. The trajectories used for smoothing the silicone sealant are generated based on the
previous sealing trajectories with an appropriate computed transformation matrix.

Methods
Predicting Controls
Predicting RMPs

Collision
8%
3%

Flat
Reached
92%
97%

RMSE
2.36
0.51

Collision
6%
4%

Cylinder
Reached
94%
96%

RMSE
2.17
0.63

Quadrangular
Collision Reached RMSE
40%
60%
4.43
5%
95%
0.71

Table 3: Statistics on the three sealing workpiece environments. Note that the flat and cylinder workpiece is the training environment for our Neural RMPs and
Predicting Controls, while the quadrangular workpiece is an unseen environment to test their generalizability.

ing data set. Also, the tight spaces have a low tolerance for
controller models. Neural Controls tends to drift too much in
this working environment and ends up hitting the workpiece.
In comparison, Neural RMPs succeeded in all cases. Fig.
12 (h), (j) and (l) show the final real sealing experiments performed with our Neural RMPs. The corresponding front and
side views visualize the real-time sealing tip position, attraction point, and edge detected in the ROIs. The Neural RMPs
is able to process the attraction distance as small as possible in
all the sealing cases. From the side views, the silicone sealant
is evenly distributed on the sealing seam with the sealing gun
moving under the guidance of Neural RMPs model. After sealing, a smoothing process is necessary to remove the redundant
sealant to keep full contact with the moisture in the air to cure
the sealing seam rapidly. As shown in Fig. 12 (i), (k), and
(m), we also perform the smoothing process for each sealed
workpiece, and the trajectories used for smoothing the silicone
sealant are generated based on the previous sealing trajectories
with an appropriate computed transformation matrix.

4.3. Reactive Path Planning
Fig. 13 visualizes the predicted RMPs when the sealing
workpieces are rotating and translating. The learned Riemannian metrics assign high costs to the deviating directions toward the sealing seam and low costs to the attraction points, as
shown by the decreasing distance between the attraction point
and sealing gun tip. In addition, the learned Riemannian metrics try to reduce the sealing seam angles in both front and
side views, but it is less obvious compared with reaching the
attraction point. It is because the learned Riemannian metrics
are trained with cost function on the basis of the RMSE of the
ground truth, so the heading attraction point is more important
in terms of reducing the RMSE compared to changing the direction. The same argument also applies to the predicted accelerations. Therefore, we can analyze the predicted RMPs to
intuitively reason about the reactive behavior of the sealing gun
tip, which would allow us to add appropriate RMPs to improve
the reactive behavior of the sealing gun tip without having to
retrain the network.
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Figure 13: Illustration of Neural RMPs for reactive path planning under dynamical environment disturbance. (a)-(c) and (e)-(g) show how Neural RMPs control
the sealing gun to complete path planning when the sealing workpieces are rotating and translating.
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4.4. Limitations
Our neural RMPs model for reactive path planning holds an
assumption that the sealing seam could be precisely represented
by an edge. Although most of the sealing applications only
work on commonly used seam types (e.g., straight line, structured curve), there are still some application scenarios where
the sealing seam is so complicated that an edge representation
is not able to describe it. In that case, a wider camera perspective and a more precise seam representation method are necessary. Additionally, our current pneumatic sealing system has
not taken auto-sealant regulation into account in order to adapt
to various sealing applications, which is of great importance,
and we will incorporate this vision-based sealant regulation system design into our future work.
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