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Abstract— 3D neural implicit representations play a significant com-
ponent in many robotic applications. However, reconstructing neural
radiance fields (NeRF) from realistic event data remains a challenge
due to the sparsities and the lack of information when only event
streams are available. In this paper, we utilize motion, geometry, and
density priors behind event data to impose strong physical constraints
to augment NeRF training. The proposed novel pipeline can directly
benefit from those priors to reconstruct 3D scenes without additional
inputs. Moreover, we present a novel density-guided patch-based
sampling strategy for robust and efficient learning, which not only
accelerates training procedures but also conduces to expressions of local
geometries. More importantly, we establish the first large dataset for
event-based 3D reconstruction, which contains 101 objects with various
materials and geometries, along with the groundtruth of images and
depth maps for all camera viewpoints, which significantly facilitates
other research in the related fields. The code and dataset will be publicly
available at https://github.com/Mercerai/PAEv3d.

I. INTRODUCTION

3D representations serve as the foundation for many robotic ap-
plications such as navigation, manipulation, and 3D understanding.
However, images captured by standard cameras are hardly used to
reconstruct entire 3D scenes on account of the lack of information
under suboptimal illumination environments, especially under ex-
treme lighting conditions including over- and under- exposures. On
the other side, event cameras, as neuromorphic sensors, have been
demonstrated to perform well in such environments due to their
high dynamic ranges which is because each pixel in event cameras
individually detects the changes of brightness and only outputs a
sequence of asynchronous events composed of the polarity rather
than the absolute intensities.

Unfortunately, event-based 3D representation and reconstruction
tasks remain challenging because event cameras only record relative
brightness changes. Several approaches combine other devices like
depth sensors or standard cameras with event cameras to reconstruct
3D scenes [56], [13], [43]. However, these methods sacrifice the
advantages of event sensors, such as high temporal resolution. Other
approaches tackle the problems by stereo visual odometry (VO)
[53], [9], [13], [31], [56] or SLAM [11], [30], [52]. These methods
only can reconstruct sparse 3D models such as point clouds. The
sparsity limits their usage in many scenarios. Besides, another
branch represents objects as rough templates initially, then updates
their deformations to align with events [26], [34]. Nevertheless, they
rely on the initialization of templates and are only constrained by
specific object categories.

NeRF [25] gains great success in computer vision communities
because it can densely represent entire 3D scenes and merely learn
from images. Very recently, [10] and [35] propose a novel paradigm
that reconstructs NeRF from event streams. Even if the paradigm
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Fig. 1. Reconstruction results of original NeRF, semi-dense point cloud
from event-based approach, EventNeRF, and Ours under extreme overexpo-
sure condition. The left figure is the rendering image and the right side is
the depth map.

can perform well in certain situations, it is hard to faithfully recon-
struct objects in real event data with complex geometries, textures,
or realistic noises. Figure 1 indicates examples of reconstruction
with different approaches in extreme illumination scenarios. The
results are produced by overexposing the original NeRF training set
and generating events with the event simulator. It can be seen the
event-based approaches are less affected by the intense illumination
whereas image-based NeRF is significantly destroyed. Additionally,
the conventional event-based reconstruction (c) introduces severe
sparsities while NeRF-based can continuously represent the 3D
object. Furthermore, there is still a gap in high-quality event-based
3D reconstruction datasets. Current event-based real datasets either
contain a simple handful of objects or lack corresponding image
labels, which hinders the development of related tasks.

In this paper, we tackle the problem of NeRF reconstruction from
raw event data in more realistic scenes. We analyze that event data
actually contain rich priors including density, motion, and geometry
because events are triggered by relative movement and edges. Our
aim is to embed these priors into the NeRF pipeline to physically
enhance its training and improve the reconstruction quality in the
aspect of textures and geometries. Moreover, we fill the gap in
the lack of high-quality event-based 3D reconstruction datasets.
We experimentally prove that our method outperforms the recent
benchmark by a considerable margin for both synthesis and realistic
datasets. Our primary technical contributions are summarized in the
following:

• We analyze underlying motion, density, and geometry priors
behind events, which we incorporate into the NeRF pipeline
through the warp field, deterministic event generation model,
and disparity-flow relation.

• We propose the probabilistic patch sampling strategy based
on the spatial event density to address the local minimum
optimization caused by the event sparsity, which also benefits
local feature representations.

• We first propose a large and real event-based 3D reconstruction
dataset with accurate groundtruth of image frames, foreground
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masks, and depth maps. The dataset contains more than 100
different objects with a wide range of materials and geometries,
and would be publicly available for the community.

II. RELATED WORK

A. Event-based 3D Reconstruction

Approaches for reconstructing 3D scenes via event cameras have
grown progressively, which can be roughly divided into different
categories. The first branch usually uses a mix of input data
modalities for additional information. Devo [56] reconstructs 3D
models with the assistance of depth sensors. [15], [5], and [46]
combine intensity frames, point clouds, or IMUs with event cameras
respectively. Obviously, these methods require additional sensors
and cannot fully utilize all the advantages of event cameras. Second,
the task can also be addressed with SLAM or VO techniques. [12],
[33], [3] use a pair of synchronized event cameras to obtain the
sparse 3D points. [53] solves this problem by using spatial-temporal
consistency principles. Moreover, [11], [30], [8] can produce semi-
dense 3D reconstructions by utilizing the knowledge prior to camera
motion to integrate events over a large time interval. However,
the reconstruction results of these methods are not dense enough
and only contain boundaries and edges resulting in events. The
third branch of works tends to initialize objects with 3D scans
or templates, then track the deformation of the initialization to
align with input events [48], [28]. However, they are constrained to
specific categories such as human bodies and hands.

Inspired by the recently popular 3D dense representation NeRF,
[10] and [35] modify the traditional NeRF pipeline and make
it trainable with only raw event data. These works preliminarily
bridge event cameras and the neural implicit representation, achiev-
ing dense scene reconstruction. However, the event-based NeRF
paradigm only supports recovering objects with simple geometries
and regular textures because event data only contain relative illumi-
nation changes and much less information compared to the standard
image, which causes ambiguity in the solution subspace. To reduce
ambiguity, we propose the physically augmented event-based NeRF
via underlying priors behind raw event data. Experiments illustrate
that our proposed prior-augmented NeRF paradigm outperforms the
benchmark considerably, especially in realistic scenarios.

B. 3D Scene Representations

Previous works have explored many different representations
for modeling 3D scenes in various vision, graphics, and robotic
applications. Traditional methods based on explicit representations
such as point cloud [29], [1], [18], mesh [45], [40], [20], and voxel
[22], [36] have inherent limitations of fixed topological structures
and poor quality of novel view synthesis. To address these, 3D
implicit scene representations [39], [51], [23], [25], [21], [27], [19]
have been presented. For instance, DIST [19] and DVR [27] propose
differentiable rendering formulations for implicit representations.
But they require explicit extraction of surface information.

Recently, the Neural Radiance Field [25] has gained many suc-
cesses. NeRF encodes a continuous volume representation of shape
and color in the weights of an MLP, it supports efficient learning at
arbitrary resolutions and enables rendering novel views with high-
fidelity detail. The superiorities of NeRF inspire subsequent works
in a wide variety of robotic applications, such as robotic policies
[50], [14], [6], [2], [16], [37], SLAM [44], [55], [4], large scene
reconstruction [49], [47], [38], robotic localization [54], [24], [17],
and robotic safety [41]. SPARTN [50]augments robot trajectories
via NeRF to improve the robustness of the grasping strategy. For
street view or aerial images, Block-NeRF [38], Switch-NeRF [49],

and BungeeNeRF [47] enable city level reconstruction. NICER-
SLAM [55] uses monocular geometric cues and optical flow as
supervisions to optimize hierarchical neural implicit representation
for building the SLAM system.

III. METHOD

First, we provide an overview diagram of our full method in
Figure 2 which contains all main components.

A. Preliminary Background

This section introduces and analyzes the preliminary knowledge
about volumetric rendering and event-based radiance fields. Con-
ventional radiance fields store scene information in the parameters
of MLPs and one can explore the scene by repeatedly accessing the
neural network that is defined by c,σ = f (x,y,z,d). The color c is
not only dependent on locations but also the direction from which
we observe. The opacity can be interpreted as the occupancy rate
of this location. After these definitions, volumetric rendering can
be applied to composite the results of sampled points on a ray into
a pixel, as in Equation 1.

C(r) =
t f

∑
t=tn

W (σ(t), t)c(t,d) (1)

where r refers to a sampled ray, c is the color for each point on
the ray. W is the blending weight calculated from the opacity by
Equation 2.

W (σ , t) =
T

∑
t=t0

[(1− exp(σ(t)δ ))T (t)] (2)

in which T (t) = exp(−∑
t
s=t0 σ(s)δ )), δ represents the distance be-

tween adjacent points on the same ray. Besides, we can approximate
the depth value at a certain pixel by the following equation:

D(r) =
T

∑
t=t0

W (σ(t), t)z(t) (3)

However, such NeRF model is hardly trained with pure event
streams directly [32].

A simple self-supervised paradigm for NeRF reconstruction from
a single event stream is first proposed by [10] and [35]. It considers
accumulated event frames as the intensity changes between two
images. The event-based paradigm computes losses between a pair
of images as in the following:

△L̂(u) = log(Ît +b)− log(Ît−1 +b) (4)

in which It denotes the rendering image at time t, b is an infinites-
imal number to prevent log(0). The difference is defined in the log
domain due to the principle of event cameras. The event frame is
accumulated as follows:

∆L(u) = ∑
t∈△t

pkCδ (u−uk),u ∈ (X ,Y ) (5)

In this equation, pk denotes event polarities, C represents the
event number, and δ is the impulse function. u stands for pixel
coordinates. It sums all events within the time interval on the frame.
The training loss function is defined as:

Levent = ||∆L̂−∆L||22 (6)

However, this paradigm cannot recover correct 3D scenes with
complex geometries, irregular textures, or realistic noises. We
incorporate strong priors into the training pipeline to improve the
reconstruction quality of realistic data. This will be introduced in
the next section.
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Fig. 2. The whole pipeline of the proposed approach. There are two main branches, i.e. the prior extraction and NeRF rendering branches. The priors
are incorporated into the NeRF pipeline at sampling and loss parts.

B. Extraction of motion priors

Events are triggered by apparent motions parallel to the intensity
gradient because event cameras respond to the apparent motion of
edges. Since the event stream only reports pixel-wise brightness
changes, it carries rich information about motion priors that contain
relative motions, underlying geometric structures, and appearance
gradients for events to be generated. These implicit priors are
beneficial for 3D reconstruction from pure event streams and
improve the details of geometries.

The problems of extraction of these priors can be converted
to establish data association among events. Data association is to
determine which events were triggered by the same edge. All events
can be warped back along their trajectories into a reference view
with a timestamp tre f to obtain a sharper edge image. Therefore, the
data association implicitly contains priors like optical flows, motion
patterns, and depths. Next, we introduce how to extract those priors
and how to use them to enhance the quality of reconstruction.

Since we only focus on the reconstruction of static scenes, motion
information where the effect of camera motion can be described
by a homography θ . Assume we are given a set of events ε ={

eN
i
}

, a general function for warping events is defined as x
′

k =

W (xk, tk;θ), which warps event ek = (xk, tk, pk) to ek = (x
′

k, tre f , pk)
according to the motion parameter θ . Then following Equation 5,
an image patch of warped events is built. The resulting sum is
denoted by H(x), which measures how well the events agree with
the candidate trajectories. After that, we compute the variance of
H by the following equation:

VH =
1

Ne
∑
i, j
(hi j −uH) (7)

where Ne is the total number of pixels of H, uH is the mean of H.
It is clear that correcter motion parameters result in sharper event
accumulated maps, i.e. the maximum variance. Thus we optimize
θ = argmaxθVH using gradient ascending to solve for the warp
field. One by-product is that a compensated edge map can also be
obtained from this optimization.

C. Learning from motion priors

We incorporate the prior warp field, which essentially encodes the
per-event optical flow, event density, and a deterministic generative

event model into the NeRF training. First, the process of event
generation within a given time interval △t can be described as:

|∆L(u)|= |L(u, t)−L(u, t −∆t)| ≥C (8)

in which C is a preset threshold. If we substitute the brightness con-
sistency assumption (Equation 9) into its Taylor’s approximation,
we can get 10

δL
δ t

(u, t)+∇L(u, t) ·v(u)) = 0 (9)

∆L(u)≈ δL
δ t

(u, t)∆t =−∇L(u) ·v(u)∆t (10)

The left side of the equation can be regarded as event accumulation
frames (defined by Equation 5) in a ∆t. On the right side, v(u)
refers to the velocity on the trajectories, which can be obtained
by accessing the warp field. Additionally, ∇L is the intensity
gradient in the log domain. This term can be considered as the self-
supervised target and obtained from the NeRF model. To leverage
this supervision, we modified two details in the NeRF pipeline.
First, conventional NeRF randomly selects some rays in a batch for
training. Nevertheless, isolated sampling pixels are not allowed to
compute gradients. Instead, we use patch-based random sampling to
randomly select several patches and compute their gradients. Then
we substitute gradients to Equation 10 to build the l1 gradient loss:

Lgrad =
1
N ∑

p
||∇Lp/∆t −∆Lp(u) · vp||1 (11)

in which p refers to each independent patch.
For each independent patch, it is a square of size n. We use the

event spatial density to guide the sampling processes. Patches are
sampled with weights of the number of pixels containing events,
which we call event pixels, (the number of pixels ranges from 0
to n2). However, we observed from experiments that if we evenly
sample patches with different event numbers, this could lead to
the exclusion of certain event patches from the sampling process.
Hence we propose to sample patches with different event numbers
in an uneven manner. In detail, we define a probability for each
patch being sampled according to its number of pixels containing
events. The probability of patches with the most event pixels
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Fig. 3. Qualitative Comparisons between ours and benchmark on the synthetic dataset.

reaches the maximum, whereas patches without events have the
least confidence. In Equation 12, ne denotes the number of event
pixels, f is a monotone increasing function and here we simply
choose linear function as f . It is noted that other functions may
reach the same effect.

P =
1

∑
n2

0 f (ne)
f (ne) (12)

This density prior not only ensures the sampling of a sufficient
number of event pixels but also captures local features present
within sparse event patches, thereby significantly enhancing the
quality of the final texture reconstruction.

Additionally, the warp field also implies geometric priors of the
scene because the scene is static and all events are caused by
moving cameras. A common sense is that objects closer to cameras
lead to larger displacement on the camera plane. The optical flows
are roughly proportional to the disparities when only the camera
is translationally moving. If we divide the camera trajectories into
infinitesimal segments, each can be approximated as a translation.
We use such features to regularize the geometries learned in NeRF.
For each batch, we have the equation below

Lgeo =
1
N̂

N̂

∑
u∈ε

|| Fu

Fmax
− 1

DuDmin
||1 (13)

In this equation, u ∈ ε represents the (x,y) of sampled rays origins
that contain at least one event. Fu denotes the warping flow that
can be attained by accessing the warp field (Fu =W (u, t;θ)). Fmax
is the maximum value over all Fu in this batch. Du = D

′
u + ε ,

where D
′
u is the output of NeRF models and can be computed

via Equation 3, ε is a very small number to prevent the divisor
from reaching zero. We normalize each Fu and Du over the batch to
reduce the influence of noises and the infinitesimal assumption. This
loss directly regularizes the learning of geometries and efficiently
improves the reconstruction of details.

D. Implementation details

We use the original NeRF framework containing the coarse and
fine models in accordance with the benchmark. Then we compose
the above loss functions to guide the model training. The total losses
are described as:

Ltotal = αLevent +βLgeo + γLgrad (14)

where α , β and γ denote the weights to balance losses. In all
experiments, we uniformly choose α = 1, β = 0.01, γ = 0.01. For
the density-based patch sampling, we fix n in Equation 12 as 2.
Adam optimizer with 1e-5 learning rate and β1 = 0.9,β2 = 0.999
is used to train the model. We train our model on two NVIDIA
3090 GPUs with 150,000 steps, whereas train the benchmark with
500,000 on the same devices because our model converges more
quickly due to the assistance of priors.

The depth maps rendered by NeRF usually display anomalies,
and substantial inaccuracies may occur. Since the event depth is
influenced by event noise, if we simply use the noisy event depth
prior and the depth map rendered by NeRF for training, it can
introduce significant errors, affecting the results of texture and
geometric reconstruction. Therefore, we use Ambient Occlusion
(AO) [42] to measure the confidence of the depth map rendered
by NeRF.
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Fig. 4. Qualitative Comparisons between ours and benchmark on the realistic dataset.

AO =
N

∑
i=1

Tiαi, αi = 1− exp(−σiδi) (15)

Different from [42], we start with an AO initial value of 0 and
gradually increase it to a predetermined maximum value as the
number of training steps increases. This is because the NeRF trained
with sparse event frames has a relatively poor fit when the number
of training steps is not high. Therefore, we employ a warm-up
filtering mechanism to gradually filter out geometric loss.

IV. EXPERIMENTS

Dataset. We test our methods and the benchmark (EventNeRF)
on both synthetic and realistic datasets. Notably, EvNeRF and
EventNeRF both worked at the same time and they follow a very
similar paradigm, thus we only test the EventNeRF by its official
source code. For the synthetic dataset, we simply transfer the
original NeRF dataset to event streams by the video2event algorithm
[7]. However, there is a large gap between synthetic and real event
data in the aspect of event distributions, noises, and resolutions.
Therefore, we mainly concentrate on realistic data.

Currently, there is no high-quality 3D reconstruction dataset cap-
tured by real event cameras, which obstacles the development and
evaluations of algorithms, therefore we present a large dataset for
event-based 3D reconstruction, which includes 101 different objects
and scenarios. This dataset is recorded by a realistic DVXplore
event camera and contains various materials and textures, such as
plush, leather, alloy, wood, flour, metal, plastics, etc. Moreover,
we provide the groundtruth of intensity frames, depth maps, and
foreground masks associated with all camera poses. Although
EventNeRF offers a few real event data, they only contain 10 objects
and do not include the groundtruth of frames and depth maps,
which cannot be used for quantitative analysis. As the space is
limited, we selectively established six different scenarios including
”bread”, ”bunny”, ”console”, ”helmet”, ”shoes”, and ”telescope”.
The whole dataset will be publicly available for the convenience of
other researchers.

Metrics. As event data reflect the relative differences in intensity
rather than absolute brightness, we normalize the rendering results
to align with the groundtruth before computing metrics. Then we
compute PSNR, SSIM, and LPIPS for comparisons.

TABLE I
METRICS OF OURS AND THE BENCHMARK ON SYNTHETIC DATA.

EventNeRF Ours
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

lego 21.91 0.921 0.073 24.51 0.961 0.067
materials 18.64 0.915 0.135 23.47 0.945 0.092

chair 20.74 0.917 0.121 23.61 0.972 0.112

TABLE II
METRICS OF OURS AND THE BENCHMARK ON REALISTIC DATA.

bread bunny console shoes telescope helmet

PSNR↑ 18.59 22.60 17.35 20.03 19.63 N/A
EventNeRF SSIM↑ 0.840 0.968 0.783 0.870 0.944 N/A

LPIPS↓ 0.318 0.085 0.304 0.224 0.280 N/A

PSNR↑ 27.15 25.82 23.27 22.51 24.74 22.40
Ours SSIM↑ 0.962 0.923 0.950 0.911 0.935 0.944

LPIPS↓ 0.067 0.017 0.116 0.059 0.142 0.063

A. Evaluation on Synthetic Event Data

We first evaluate the proposed method on the NeRF synthetic
data. We only report the comparison results on ”lego”, ”material”,
and ”chair” on account of the limited space. Our main focus is
on realistic event data. It is observed that our method maintains
correct structures, especially at geometry discontinuities, such as
the wheel of the ”lego” and the depression in the ”material”. The
counterpart method causes severe background noises at the depth
map, whereas our method attains clearer depths. Moreover, the
proposed approach delivers better contrast in the renderings, while
images produced by the benchmark are blurry. The quantitative
and qualitative comparisons are shown in Table I and Figure 3
respectively.

B. Evaluation on Realistic Event Data

The proposed dataset includes more than 100 objects and we ran-
domly select seven items with different materials for establishment.
Event NeRF only receives the 3D coordinates and view direction as
input, and considers the event stream as learning targets. However,
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TABLE III
ABLATION STUDIES FOR ALL COMPONENTS OF LOSSES.

PSNR↑ SSIM↑ LPIPS↓
Ourswo/geo 20.38 0.865 0.201
Ourswo/grad 19.49 0.820 0.199

Ours 21.31 0.910 0.167

Fig. 5. Qualitative Results of ablations on synthetic data.

as stated in Figure 2, we additionally input event streams into an
optimization-based prior extraction branch to build priors that guide
sampling and training procedures. This intuitively will decrease
the training speed. But we precompute the warp field for each
camera pose timestamp. Hence, we only compute them once during
training. In ”helmet”, EventNeRF cannot converge properly, thereby
learning nothing from event streams. Our approach faithfully re-
constructs the main structures of objects even if there are some fog
noises around them. In ”bread”, ”telescope”, and ”console”, the
benchmark infers wrong geometries and leads to large variances in
depth predictions. In contrast, ours maintains relatively clean shapes
and sharper boundaries. In ”bunny” and ”shoes”, the benchmark
incorrectly predicted the material to be translucent, while our
method gives higher confidence to the geometry. All the above
results are shown in Figure 4. We additionally compute the metrics
for the above six scenes and the results are listed in Table II.

C. Ablation studies

We ablate the work’s main contributions, including two prior-
based loss functions and the density-based patch sampling strategy
on synthetic and realistic event data. The quantitative results of
losses on the ”Lego” scene are shown in Table III. We also indicate
the qualitative comparisons in Figure 5. Clearly, the gradient loss
enables the model to correctly learn detailed local structures, includ-
ing holes or poles. While the geometry loss optimizes global trans-
mittance fields with less noise. Figure 6 gives ablation examples
on two realistic event data, namely ”wooden chair and ”telescope”.
It can be seen that the full model maintains the best complicated
geometries and local structures such as poles and hinged joints.

To evaluate the sampling strategy, we did three counterparts con-
taining our density-based patch sampling, random patch sampling,
and anchor-based patch sampling. Notably, our gradient loss must
require patches, therefore single-pixel sampling strategies such as
that in EventNeRF cannot be applied. For a fair comparison, we
instead use anchor-based sampling to replace, which means that
we first sample several independent pixels by the EventNeRF’s
sampling strategy. Then we extend these single pixels as patches.

Fig. 6. Qualitative Results of ablations on realistic data.

Fig. 7. Ablation studies of different sampling strategies.

Qualitative comparisons are listed in Figure 7. The random patch
sampling results in complete failure because of the spatial sparsity
of event data. The anchor-based method can resolve the influence of
sparsity, however, it only considers the distributions at the centers of
patches but ignores the sparsity over whole patches. Our density-
based patch sampling outperforms the counterparts and recovers
fine-grained local structures.

D. Efficiency

The proposed method learns from event data to represent 3D
scenes in a more efficient way, especially when temporal event
distribution is sparse. We evaluate our model and EventNeRF with
different maximum window sizes to compare the learning efficien-
cies on different levels of sparsities. We observe that EventNeRF
is not robust to the window size selection. For certain scenarios, it
requires a fine hyperparameter search to ensure convergence, while
our method can perform relatively well regardless of which window
size we choose. Moreover, our approach converges faster than its
counterpart. EventNeRF consumes about 500,000 iterations for full
convergence, which approximately needs 20 hours, whereas ours
only costs 200,000 steps and the time required is about 10 hours.

V. CONCLUSION

In this work, we present a novel paradigm to reconstruct NeRF
from event data with strong physical augmentations by motion,
geometry, and density priors. In detail, we bridge motion and
geometry priors with NeRF training via the event warping field and
the deterministic event generation model. Additionally, we propose
the density-guided patch sampling strategy to enable the model to
train more efficiently. Furthermore, we propose the first large dataset
for event-based 3D representation with high-quality image labels,
which contains 101 objects with various materials and geometries.
This dataset contributes significantly to advancing research in the
related field. We evaluate our approach on both synthetic and
real datasets and it is clear that our approach is much superior
to the counterpart, especially on realistic and noisy event data.
Moreover, the proposed method converges more than 2 times faster.
However, this method also has some limitations. For example,
the performance depends on the results of the prior extraction
branch. In the future, we plan to unify the two stages into a whole
optimization formular to optimize the two branches simultaneously.
Besides, with the help of large datasets, it is possible to explore
generalizable event-based 3D representation without the need for
per-scene optimization.
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[31] Henri Rebecq, Timo Horstschäfer, Guillermo Gallego, and Davide
Scaramuzza. Evo: A geometric approach to event-based 6-dof parallel
tracking and mapping in real time. IEEE Robotics and Automation
Letters, 2(2):593–600, 2016.
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