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Abstract—Signed Distance Fields are a common surface
representation method widely used for both 3D mapping and
obstacle avoidance. While the former traditionally uses projec-
tive Truncated Signed Distance Fields (TSDF), the latter often
requires a complete Euclidean Signed Distance Field (ESDF)
representation of the environment. In this paper, we propose
a unied system by combining both methods to generate
force vectors to nearby obstacles from a TSDF-based 3D
reconstruction. We introduce a new merging scheme to better
capture the geometry of the object, with no post-processing
requirements, and a way to increase the effective range of
the system. Validation experiments demonstrate the accuracy
of the force vector calculation by comparing it against an
ideal simulated environment. The exibility of the system is
demonstrated by implementing a haptic feedback teleoperation
setup, which is validated through a user study in a teleoperation
task. Through this, it is shown that the proposed method
provides a statistically signicant improvement to the task.
Finally, a brief description on future improvements to the
system is presented.

I. INTRODUCTION

As technology advances, robots are expected to operate in
larger, more unstructured environments containing complex
objects that cannot be represented by simple shapes. Since
their properties are often unknown, processing them of-
ine is impractical. For tasks like manipulation, ne-grained
geometric information is crucial. Additionally, persistently
representing the environment helps avoid collisions with
objects not under direct observation and quickly updates
changes, especially when inuenced by other agents like
humans. This information is vital during teleoperation, where
full contextual data isn’t available. Existing object collision
avoidance methods often simplify representations or rely on
raw point cloud data, which can miss ner details, lack
persistence, or fail due to occlusions.

With such factors in mind, we propose a new force
vector calculation method that leverages the well-established
signed distance eld (SDF)-based 3D reconstruction that can
be used for collision avoidance. Furthermore, the method’s
exible nature allows its application as a haptic feedback
generator, which can assist users in teleoperation scenarios.

*:Corresponding author. This work was supported by the Light-
house Initiative Geriatronics by StMWi Bayern (Project X, grant no.
IUK-1807-0007// IUK582/001) and LongLeif GaPa gGmbH (Project
Y). 1: Afliation with Munich Institute of Robotics and Ma-
chine Intelligence (MIRMI), Technische Universität München (TUM),
Germany. 1: Afliation with School of Computer Science, Uni-
versity of Nottingham, UK. Email:s.bien, djallil.naceri,
haddadin@tum.de, Luis.Figueredo@nottingham.ac.uk

Fig. 1: The proposed system in action, showing the recon-
structed environment scanned by the robot and the resulting
force vector that is fed into the robot’s controller (red arrow)
and the haptic teleoperation device (green arrow).

II. RELATED WORKS

A. Object Collision Avoidance

Several works have explored using RGBD sensors for ob-
ject collision avoidance [1], [2], [3]. These methods typically
involve placing one or more static RGBD cameras to monitor
the workspace and using continuous camera feeds for real-
time collision avoidance with dynamic obstacles. Collision
avoidance is often achieved through articial potential elds,
generating repulsive or attractive forces between the robot,
obstacles, and goals to guide the robot in a collision-free
manner.

A common issue with these methods is occlusion, where
obstacles are partially or fully hidden from view. This is
addressed by either conservatively estimating the obstacle’s
position to minimize collision risk [3] or adding more sensors
to reduce occlusions [1], [2]. However, the former can lead
to suboptimal strategies, while the latter is impractical for
mobile robots due to the larger workspace and limited sensor
coverage.

Other approaches approximate object geometry using sim-
ple shapes like spheres and cylinders [4], [5], [6], enabling
faster computation but resulting in conservative estimates.
A recent method by Eckhoff et al. achieved true real-time
collision avoidance with a 1kHz command frequency by
creating a digital twin of the scene, but this required prior
knowledge of object locations and could not handle dynamic
objects [6].

B. SDF-Based Collision Avoidance

Instead of using live data from an RGBD sensor, an
alternative way is to create a persistent reconstruction of
the environment for collision avoidance. A family of 3D
reconstruction methods employ signed distance elds (SDF),
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which are voxel-based representations of the environment
comprised of discrete voxels that store the distance to the
closest surface. SDFs have gained a large amount of at-
tention for performing environmental collision avoidance on
unmanned aerial vehicle (UAV) platforms [7], [8], [9], as the
stored distance values can be interpreted as discrete values of
a potential eld function for trajectory planning. Many such
applications calculate ESDFs based on observations, which
provides a more accurate potential eld. While calculation
of ESDFs is computationally expensive, works such as
VoxBlox [7] and FIESTA [8] deal with this by reducing
the ESDF’s resolution paired with sophisticated update al-
gorithms, allowing for real-time computation at the cost of
losing ner details. They have also found applications in
both wheeled and legged robots for environmental collision
avoidance [5], [4].

C. Haptic Feedback from 3D Environments

In addition to audiovisual feedback, haptic feedback rep-
resents another useful modality for users to gain more infor-
mation about the environment during teleoperation. Existing
works on generating haptic feedback from 3D environment
observations fall into two main categories: visual detection,
and using raw point clouds.

Detection-based methods rst locate the target object
using techniques like deep learning or color detection, then
generate haptic feedback based on it. A common strategy
involves enveloping the target in a potential eld to guide
the teleoperator [10], [11]. Another approach creates a vir-
tual xture between the object and the robot, then using
a controller to both control the robot and provide haptic
feedback [12].

For the latter category, many works are based on Rydén et
al.’s method, where a control point is enveloped by several
spheres of different radii, and forces are calculated based on
the location of point clouds that enter these spheres [13],
[14]. This concept has been applied in context of a tel-
operated robotic welding task [15] or combined with a
digital twin to improve robustness against delays during
teleoperation [16].

D. Contribution

The literature review reveals two important gaps: 1) they
often require continuous observation of the environment, and
cannot deal with occlusions in an elegant manner, and 2) the
resolution of SDF-based methods are often reduced to deal
with memory costs. Our work attempts to address these two
issues by making the following contributions to the eld:

1) A new merging scheme for projective TSDFs that
retains the benets of both minimum merging [17] and
average merging for more accurate TSDF construction;

2) A method for calculating forces from TSDFs that can be
used for both collision avoidance and haptic feedback;

3) Implementation of the framework in a service humanoid
robot and a teleoperation user study to validate the
usefulness of the proposed system.

III. METHOD

A. KinectFusion

1) Background to KinectFusion: KinFu represents sur-
faces in the environment implicitly using a global projective
TSDF. The eld is discretized into voxels at a chosen
resolution and stored into GPU memory. A ray is projected
from the camera until it reaches an obstacle, and the distance
the ray travels until it reaches the obstacle at each discrete
position is stored in the voxels. Negative distance value
indicates that the voxel is located inside the object. The
surface of the obstacle is thus calculated as the zero-crossing
between cells.

To deal with differing distances from multiple camera
viewpoints, the authors of KinFu used average merging to
combine multiple observations across time[18]:

fk(p) =
wk−1(p)fk−1(p) + wMk

(p)fMk
(p)

wk−1(p) + wMk
(p)

(1)

wk(p) = wk−1(p) + wMk
(p) (2)

w0(p) = 1 (3)
wMk

(p) = 1 (4)

where k is the current step, p is the voxel, f(p) is the SDF
value, w(p) is the weight, and the subscriptMk is the current
observation. They noted that simply setting wMk

= 1, i.e.
simple averaging, provides good results.

Populating every cell that the projected ray passes through
would result in a huge memory requirement. Also, only cells
close to surfaces are necessary for surface reconstruction. As
such, cells beyond the threshold distance µ from the zero-
crossings are truncated.

2) KinectFusion Modication: Projective TSDF fre-
quently overestimates the true distance to the nearest surface,
as the true distance can only be obtained if the ray’s angle
coincides with the normal of the surface. An ESDF, on the
other hand, updates the cells based on the shortest Euclidean
distance to the nearest surface. This has the advantage
of estimating the true distance better at the cost of steep
processing requirements.

Oleynikova et al. [17] showed that using a minimum
merging scheme, where the minimum value of all observed
TSDF values for each cell is taken, allows the TSDF to
converge to an ESDF. This works because as the number
of camera viewpoints increases, so does the likelihood of a
viewpoint closely aligning with the surface normal, enabling
TSDF cells to store a distance that closely approximates the
Euclidean distance to the obstacle.

However, they assumed perfect, noise-free sensors. In
practice, sensor noise and other disturbances can lead to
erroneous observations. Simply taking the minimum of all
observations does not allow for these errors to be averaged
out, causing them to persist throughout the reconstruction.

In light of this, a weighted merging scheme, which gives
more weight to smaller observed distances, is presented.
This merging scheme aims to combine the benets of both
the minimum and the original schemes. The merging is
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(a) Simulation (b) Average (c) Minimum

(d) Exp. n=1 (e) Exp. n=3 (f) Exp. n=5

Fig. 2: Visualized slices of the TSDF reconstructions under
different conditions, all generated from an identical cylinder.
The colors indicate the distance values of the respective cell.

equivalent to (1), with the following equation for wMk
:

wMk
= exp(n|1− fMk

|)exp(n) (5)

where n is an adjustable parameter, and the divisor exp(n)
normalizes the value to [0, 1].

Fig. 2 demonstrates the effect of this weighting. A simple
3D-printed cylinder placed on a table was used as the target
object reconstruction, as seen in Fig. 3b. Fig. 2a shows the
ideal TSDF generated from a digital twin of the setup in
Gazebo. Figs. 2b and 2c show the TSDF from the scan
using the original weighting (1) and the minimum merging
scheme respectively, while Figs. 2d-2f show the new merging
scheme with different values of n.

It can be seen that the minimum merging most closely
approximates the ideal TSDF of the simulation, but its
sensitivity to noise is readily apparent, indicated by the
”spikes” of colors. On the other hand, average merging
results in a smoother but more abrupt change of the TSDF
values, as indicated by the sharper transition of color at the
blue-green border near the center. The proposed methods
result in TSDFs that lie between the two, with higher n
parameters getting closer to the minimum merging scheme.

3) Extending the TSDF Range: In the original KinFu, due
to the memory issue described in Sec. III-A.1, the truncation
distance µ is set to 0.03m by default. However, while such
a short truncation distance is sufcient for performing 3D
reconstruction, for tasks such as obstacle avoidance, bigger
truncation distance is necessary.

This is due to the force vector calculation method de-
scribed in Sec. III-B requiring all the cells within a neighbor-
hood range of size n of the control point to be populated. As
such, the methods require the control point’s distance from
the obstacle surface to be less than µ− β ∗ n

2m, where β is
the size of the voxel in m, even in ideal cases where all cells
in the neighborhood have been observed.

While increasing the truncation distance to the system’s
maximum limit could address the issue, it leads to sig-
nicant overestimation of distances for cells far from any
surface, particularly when camera viewpoints are limited.
Additionally, this approach does not resolve edge cases
where some neighboring voxels are unpopulated, potentially
causing force vector calculations to fail.

To address these issues, we apply a wavefront algorithm
to the neighborhood of the control point when the number
of valid neighboring points exceeds a predened threshold v.
This algorithm calculates the Euclidean distance from every
observed point to every unobserved point in a brute-force
manner. The unobserved points are then set to the closest
Euclidean distance plus the projective distance of the selected
source cell. This method extends the effective range of force
vector calculations and makes them more robust to random
unobserved points in the reconstruction. Additionally, since
the values of missing cells are derived from observed cells,
the problem of overestimation is mitigated.

To further increase the effective range, we also introduce
a step parameter s to query every sth neighboring voxel;
e.g. with n = 3 and s = 2, the 1st, 3rd, and 5th voxels are
queried. This allows a larger neighborhood to be queried at
the cost of losing ner details of the TSDF.

B. Estimating Force Vectors from TSDF

Since each voxel stores the distance to the closest surface,
the direction of greatest change of a local neighborhood
will be towards the surface. Therefore, the resulting force
vector to the closest obstacle, F , is calculated as the inverse
of the current voxel’s TSDF value, 1

d , and the direction
from the gradient C(p) of its local neighborhood, C(p),
with a nonlinear clamping function Ψ to prevent the force
vector’s magnitude from reaching innity as the distance of
the control point to the surface approaches zero:

F = Ψ(
C(p)

d ∥C(p)∥ ) (6)

C(p) =


δC(p)

δx

δC(p)

δy

δC(p)

δz

T

(7)

The gradient of the TSDF C(p) can be calculated
directly by convolving each voxel in the local neighborhood
of a control point with a kernel to calculate the central
difference. The TSDF is rst smoothed using a Gaussian
smoothing kernel G(t) before approximating its gradient.
This kernel is less sensitive to noise and can be generated
depending on the desired size n of the local neighborhood.

Differentiating a convolution operation is equivalent to
convolving the TSDF itself with the derivative of the kernel:

C = d(C ∗G(t)) = C ∗ dG(t) (8)

where t is the displacement of the Gaussian from the center,
a ∗ b convolves a with b and the Gaussian function and its
rst derivative with zero mean are given by:

G(t) =
1√
2πσ

e−
t2

2σ2 (9)

dG(t)

dt
=

−t√
2πσ3

e−
t2

2σ2 (10)

The Gaussian kernel is generated by sampling the Gaus-
sian distribution at discrete intervals. Since the negative
values of the exponential in Eq. 9 quickly approach zero,
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we truncate the function as we move away from the center
of our kernel based on the value of σ and the neighbour size.

Thus, discretizing Eq. 9 and Eq. 10 into m steps around
point p gives us 1D discrete Gaussian smoothing and deriva-
tive kernels in the x, y and z directions:

kx,ky,kz = [η (G(t)|t=j) , ∀ j=[
−(m−1)

2 ,m−1
2 ]] (11)

dkx,dky,dkz =


η


G(t)

dt

t=j


, ∀ j=[

−(m−1)
2 ,m−1

2 ]



(12)
where η is a normalization term such that for a vector v of
size m,

m
i=1 η(vi) = 1, vx  Rm×1×1, vy  R1×m×1 and

vz  R1×1×m.
To calculate the derivative in the x, y and z directions of

a discrete, 3D eld, we can use the separability property of
a Gaussian kernel to generate a 3D kernel for each direction
in x, y and z. Each kernel calculates the derivative in the
specic direction and performs smoothing in the other two
perpendicular directions. We can generate such a kernel using
the Kronecker product of the 1D Gaussian smoothing and
derivative kernels from Eq. 11 and Eq. 12, respectively:

Kx = (dkx ⊗ ky)⊗ kz (13)
Ky = (dky ⊗ kx)⊗ kz (14)
Kz = (dkz ⊗ kx)⊗ ky (15)

whereKx,y,z  Rm×m×m and a⊗b is the Kronecker product
of a and b.

C. Collision Avoidance and Haptic Feedback

A force vector calculated from the above method can be
inserted into a controller as a virtual force to enable a colli-
sion avoidance behavior on the robot. Here, this is realized
by setting a control point at the end effector of a Franka
Emika Robot, where the the force vector can be interpreted
as an external force Fext acting upon it. Additionally, this
value can then be directly used for calculating the haptic
feedback during a teleoperation scenario.

By placing multiple control points around the end effector,
as in Fig. 3a, and taking the transforms rpcp of those control
points relative to the root frame r, torque terms Text can also
be derived to obtain the external wrenchFext = [Fext,Text]:

Fext =
1

ncp
[

ncp

i=1

Fi,

ncp

i=1

Ti]  R6 (16)

rF = abs(
cp
F̂ ) cpF  R3 (17)

rT = rpcp × cpF  R3 (18)

where abs(
cp
F̂ ) calculates the cos θ of the force vector along

the x-, y-, and z-axes of the root frame. The magnitude of
Fext is then clamped to a pre-dened maximum value fmax.

The calculated wrench term is then fed into a Cartesian
impedance controller of the form

τa = τtask + τN + τff + τext, (19)

τtask = JT (−Kpe−Kd(Jq̇)), (20)

τext = JTFext (21)

with JT  R7×6 the transposed Jacobian matrix, Kp/d 
R6×6 the proportional and derivative gains, e  R6 the
task-space error, τtask/N/ext  R7 the task, nullspace, and
external torques respectively, and τff  R7 the feed forward
term including gravity and Coriolis/centrifugal terms.

IV. EXPERIMENTS

A. Comparing the Merging Schemes

We conducted a study to compare the quantitative quality
of the force vector under different TSDF merging schemes.
A single 5cm-by-10cm cylinder was placed on a at table,
and the cylinder was scanned using an Intel Realsense D435
mounted rigidly on a 7DoF Franka Emika Robot, with an
identical trajectory for all merging schemes. As ground truth,
a digital twin of the setup was created in Gazebo. A single
control point was placed at the edge of the gripper’s tip
(the bottom point in Fig.3a). Data from the force vector
algorithm was collected by moving the robot into 4 different
positions, as seen in Fig. 3b. The rst position was directly
above the table to serve as a sanity check, as it should in
theory perfectly align with the simulation’s force vector,
given that it is a at surface. Afterwards, the robot was
brought to 3 different positions. For each one, the cosine
similarity between real-life and simulation’s force vectors
were calculated, and their magnitudes were sampled. For
all scenarios, resolution of 512 voxels, 12m3 volume, µ =
015m and step size s = 2 were used.

The results of this experiment are summarized in Figs. 3c
and 3d. In general, the proposed merging schemes perform
better or close to the average merging scheme, with n =
3 showing the best performance on average. All merging
schemes underestimate the proximity of the obstacle, result-
ing in a large norm difference. However, this is an issue that
can be addressed by scaling the force vector to increase its
effect at longer distances.

The minimum merging scheme, while it marginally better
estimates the proximity of the object given by its smaller
norm difference in Fig. 3d, its sensitivity to noise is apparent
in its lower cosine similarity score at position 1. Moreover,
the scheme reconstruction failed to capture the geometry of
the cylinder, leading the algorithm to believe that the robot
arm was placed inside the object at position 4, resulting in the
angle of the vector to be grossly different and the magnitude
of the vector to be much greater than all others.

B. User Study

The aim of the user study was to validate the proposed
system’s usefulness in a teleoperation scenario through haptic
feedback. GARMI [19], a robot equipped with two Franka
Emika Robots as its arms, was used as the platform. A
Realsense D435 camera was mounted rigidly to its right arm,
which was used to scan the setup. Based on the quantitative
evaluation results, the exp(n = 3) merging scheme was
chosen, with all other parameters being identical.

We recruited 13 non-expert participants with (n♂ = 7,
n♀ = 5) between 24 and 52 years of age (µ = 345,σ = 76)
for the study. The participants were asked to teleoperate the
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(a) Control points.
Root frame in purple.

(b) Sample positions. Color to
position: R=1, Y=2, G=3, B=4.

(c) Cosine similarity at each position by merging scheme.

(d) Force norm difference (Fsim − Fscheme) at each
position by merging scheme.

Fig. 3: Comparison of the different merging schemes against
the simulation ground truth force vector in sample positions.

(a) (b) (c)

Fig. 4: (a) The initial teleoperation pose. (b)-(c). The torso
and right arm-mounted camera’s view, respectively. (d)
Cross-section of the TSDF of the scene, showing the holes.

left arm of GARMI, holding a small cube, to perform a
packing task, dropping the cube into one of the three square
openings of a cardboard box. This was randomly chosen by
the experimenter for each trial. If the cube failed to enter
the correct opening, the trial was regarded as a failure. For
all trials, the number of collisions between the arm and the
environment was recorded. The study had a 2x2 design: i)
the force feedback algorithm was either turned on, or off; and
(ii) the participants could view the color image output from
either the torso-mounted or the right arm-mounted camera.
The second condition was chosen to vary the amount of
visibility in the relevant task space. Camera viewpoints and
box position were xed across all sessions. The setup and
the camera conditions are shown in Fig. 4.

For teleoperation, Force Dimension’s Omega7 was used,
which has congurable forces in all 3 axes. Since it does not
have congurable torques, orientation control was disabled

betterTask difficulty

Intuitiveness

Control
satisfaction

Future task
confidence 

Irritation

Subj. pace

Subj. success

Haptic force
usefulness

1 2 3 4 5 6 7

Haptic ON Haptic OFF

(a) (b)

Fig. 5: Results from the study. (a) Boxplot of the NASA TLX
surveys. (b) Total number of collisions and failures from the
72 trials for each haptic feedback condition.

for the experiment. The device was used to publish the
desired pose of the end effector in Cartesian space of the
robot. For haptic feedback, a time-to-impact (TTI) algorithm
was implemented:

vd =
min(v · F , 0)

||f || (22)

FΩ = Φ(kΩvdv̂) (23)

where v is the Omega7’s current velocity, F is the force
vector, kΩ is a scalar gain term, Φ is a non-linear clamping
function to avoid overloading the device’s motors, and FΩ

is the force value that is set on the Omega7.
After a short introduction, the participants repeated each

condition 3 times. The order of the conditions was random-
ized, resulting in 144 total data points. Number of failures
and the number of collisions with the environment were
recorded. Task completion time was not tracked on purpose,
so as to not place the participants under time pressure. After
the experiment, the participants were asked to ll out the
NASA TLX questionnaire [20], and an additional question
rating the helpfulness of haptic feedback for the conditions
where it was enabled. The results are shown in Fig. 5.

TABLE I: ANOVA analysis of the two independent variable
conditions and their p-values. p < 005 is bolded, and
borderline values (i.e. p near 05 are italicized.

Cam. View Haptics
Haptic force usefulness 0.5238 N/A
Subj. success 0.6065 0.2602
Subj. pace 0.0759 0.5470
Irritation 0.0457 0.0847
Future task condence 0.2952 0.0028
Control satisfaction 0.7272 0.4864
Intuitiveness 0.0804 0.0804
Task difculty 0.6204 0.0528
Collisions 0.9154 0.0003
Failures 0.5411 0.0283

Figs. 5a and 5b show the result of the 48 NASA TLX
questionnaires from the participants summarized based on
the haptic feedback condition, and the number of failures
and collisions in the trials, respectively.

Given the small number of participants and the broad
range of the qualitative results, an ANOVA analysis was
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performed on both the quantitative and qualitative results to
examine the signicance of the two independent variables.
The results are summarized in Table I. Based on this,
the only statistically signicant items are Irritation, Future
task condence, and to some extent, Task difculty. Camera
viewpoint did not have a signicant impact on the way that
the participants perceived the experiment on average. On
the other hand, it can be implied that the haptic feedback
provides helpful information on completing the tasks, though
a a larger sample size is needed for a more clear evidence.

The framework’s benet is more evident in Fig. 5b. Out of
72 trials for each haptic feedback condition, there were only
5 failures with haptic feedback, compared to 16 without.
Additionally, far more collisions occurred without haptic
feedback. This is supported by the p-values in Table I,
showing that haptic feedback signicantly improves task per-
formance, indicating it provides valuable obstacle avoidance
information to users.

V. CONCLUSION

In this paper, we presented a unied system for calcu-
lating force vectors of obstacles from a TSDF-based 3D
reconstruction of the environment. The proposed system
uses KinFu with a new weighted merging scheme and a
wavefront algorithm to extend its effective range, and can
calculate force vectors in real time with multiple control
points. Quantitative assessment was carried out to examine
the quality of the force vectors under the different merging
schemes. Moreover, a full haptic teleoperation pipeline was
implemented with GARMI and Omega7, and a user study
was conducted to validate the usefulness of the system in
a robot teleoperation scenario. Statistical analysis on both
NASA TLX and quantitative results from the experiment
showed that the haptic feedback feature had a signicant ef-
fect on improving the users’ performance in the experiment.

There are several limitations to the system. First, the
KinFu requires quality camera viewpoints to achieve a good
TSDF for accurate force vector calculation, which may be
impossible to achieve in certain scenarios. Second, TSDF-
based representation is an overly expensive method to rep-
resent simple shapes in the environment such as planes and
cuboids, which are prevalent in man-made environments.

In future works, we plan to investigate how to deal with
limited viewpoints for TSDF reconstruction by using deep
learning-based SDF estimation methods that do not require
full camera observations. Additionally, we wish to examine
the possibility of creating an efcient and unied collision
avoidance system by combining geometric primitives-based
collision avoidance methods like [6] with dynamic SDFs.
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