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ABSTRACT

Optical time-of-flight sensors operate by illuminating the scene with a pulse of
light and measuring the time it takes for that pulse to return back to the sensor.
These sensors convert that time-of-flight to a per-pixel distance to the scene,
forming a depth image. Recently, miniature time-resolved time-of-flight sensors
have become available. In addition to reporting the distance to the scene, these
sensors capture a 1D waveform per-pixel which encodes the intensity of returning
light at picosecond-to-nanosecond resolution. This waveform therefore encodes
sub-pixel information about the scene geometry and photometric properties.
However, existing downstream algorithms for these sensors do not utilize the
entirety of this 1D waveform, instead summarizing it to a single distance estimate
per-pixel. Because of this, these miniature sensors have so far been limited to
crude tasks such as proximity sensing and presence detection, rather than 3D
computer vision tasks that require more complex processing, such as object
tracking or pose estimation.

In this dissertation, we develop new algorithms and frameworks for making
use of the sub-pixel information captured by miniature time-of-flight sensors. We
create realistic models of existing off-the-shelf sensor hardware, and apply those
models to demonstrate our algorithms in the real world. We primarily focus on
robotics applications—robot arms and mobile robots—with additional work on
general scene recovery. Our algorithms demonstrate a path towards enabling a

new level of computer vision on minimal sensing hardware.



1  INTRODUCTION

3D imaging systems offer two primary advantages over monocular RGB imagery:
1) 3D sensors provide metric depth information, and 2) the 3D data reported
by these sensors feeds directly into downstream geometric algorithms for e.g.
mapping or reconstruction. As a result, 3D imaging systems are often a practical
and reliable solution for both real-time systems and offline reconstruction and
mapping. 3D imaging systems come in many forms; for example, depth-from-
stereo pairs, long-range direct time-of-flight (ToF) LiDAR, and high-precision
structured light arrays. Each of these systems offers a different set of tradeoffs
in terms of requirements (power, compute), form factor (size, weight), accuracy,
operating range, and robustness to environmental conditions.

Thanks in part to this broad spectrum of capabilities and configurations,
3D sensors are used in a wide range of applications, including smartphone
camera systems [4], autonomous vacuum cleaners [96], industrial robots [10], and
autonomous vehicles [70]. In offline settings, LIDAR maps aided in restoration
of Notre Dame Cathedral after a fire [45], LiDAR has been used to discover lost
cities in the jungle [98], and is used to map and inspect critical infrastructure [19].

Recently, miniature direct ToF sensors have become commercially available.
These sensors lie at the extreme end of the spectrum in terms of size, weight,
and power requirements. Consequently, they offer very little spatial resolution,
presently ranging from a single pixel to an 8 x 8 pixel array. Existing applications
for these sensors are for simple tasks which require minimal processing of the
distance estimates reported by the sensor. For example, cliff detection for mobile
robots [91], collision avoidance for micro-drones [43], and aiding auto-focus
for smartphones [32]. The vast majority of existing applications treat the sensor
measurements as single distance estimates per-pixel. In reality, these sensors
gather richer underlying information, in the form of a 1D waveform called the
transient histogram, which encodes the intensity of returning light over very

short time scales. In such a resource constrained setting, taking advantage of this



information is crucial to enabling 3D computer vision (e.g. object tracking, pose
recognition, 3D reconstruction).

I claim that, by leveraging the sub-pixel transient histogram information
captured by miniature time-of-flight sensors, these sensors can be used for
3D computer vision, unlocking new applications for real-time systems. In this
dissertation, we develop new algorithms for making use of the sub-pixel transient
histogram information captured by miniature ToF sensors. We demonstrate that
these algorithms can unlock new possibilities in real-time systems often with
minimal compute overhead, and can enable higher fidelity 3D vision with minimal
sensing hardware. We explore data-driven approaches for detecting deviations in
transient histogram measurements, and apply these to detect deviations in planar
surfaces (Chapter 3) and to detect objects near a robot arm (Chapter 4). Next, we
investigate both data-driven and first-principles approaches for recovery of planar
surfaces from a single multi-pixel miniature ToF sensor measurement (Chapter 5).
Finally, we demonstrate a general framework for recovery of parametric scenes

from a spatially distributed set of miniature ToF sensors (Chapter 6).



2 DIRECT TIME-OF-FLIGHT IMAGING
WITH SINGLE-PHOTON CAMERAS

Direct time-of-flight (ToF) sensors operate by illuminating the scene with a very
short (on the order of picoseconds) burst of light, and measuring the time it
takes for that light to bounce off the scene and return back to the sensor. In this
dissertation, we focus on utilizing the raw time-of-flight information captured by
time-resolved direct time-of-flight sensors. These sensors capture not only the
time it takes for the light to return to the image sensor, but the infensity of photon
flux at a very high temporal resolution (pico-to-nanoseconds). This 1D signal,
which encodes the intensity of photon flux per-pixel is called the scene transience
and the quantized version captured by the sensor is called the transient histogram
[42, 38]. Single photon avalanche diodes (SPADs) [79, 133] are the most mature
and widely available technology enabling this type of sensing. While SPAD
sensors are used for real-world tests in this work, the same principles developed
here could be applied to any time-resolved direct time-of-flight sensor, should
new sensor technologies become available.

Time-resolved direct ToF sensors exist in a range of form factors, including
360 automotive LiDAR [83], smartphone camera modules [4], and laboratory
grade benchtop setups [68]. In this dissertation, we focus on miniature time-
resolved direct ToF sensors, which are often marketed as “direct time-of-flight
(dToF)” or “proximity” sensors. These sensors are available for less than $5
USD and are widely used in robotics applications [ 118, 80]. In addition to their
low cost, they are very small (<20 mm?®) and low-power (<10 milliwatts per
frame) [108, 2]. However, these sensors provide very low spatial resolution,
ranging from a single pixel [109] to an 8 x 8 array [108]. These sensors operate
as a flash LiDAR system, illuminating the entire field-of-view at once with a
diffuse laser.

The transient histogram signal captured by these sensors is a product of the

geometric and photometric properties of the scene, as well as the properties of the
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Figure 2.1: Miniature Time-of-Flight Sensor and Accompanying Histogram
Measurement: Due to the sensor’s wide field-of-view, it captures returning light
from both the pear and flower pot. Despite the flower pot being larger in size, its
corresponding signal in the histogram is smaller in magnitude due to its increased
distance from the sensor.

sensor. An example transient histogram for a simple scene is shown in Fig. 2.1.
More details of the image formation process, including nonlinearities caused by
SPAD technology and intricacies of specific sensors, are covered in subsequent
chapters when necessary.

The key challenge addressed in this dissertation is how to make use of the
transient histogram signal for 3D computer vision tasks, e.g., pose estimation, 3D
reconstruction, or obstacle detection. Traditional algorithms based on features
corresponding to distinct visual patterns (e.g., textures, edges, or corners) [63, 99,
23] are not effective due to the lack of spatial resolution. Supervised learning-
based methods can be difficult to train because existing large-scale datasets do
not include transient histogram measurements. Additionally, the image formation
process contains nonlinearities, making it difficult to invert, and the histogram is a

product of both the photometric and geometric properties of the scene, which are



difficult to disentangle. Throughout this dissertation, we take multiple approaches

to address these challenges for multiple downstream tasks.



3  DETECTING DEVIATIONS IN A PLANAR
SURFACE

In this chapter, we investigate methods for determining if a planar surface contains
geometric deviations (e.g. protrusions, objects, divots, or cliffs) using only an
instantaneous measurement from a miniature optical time-of-flight sensor. The
key to our method is to utilize the entirety of information encoded in raw time-of-
flight data captured by off-the-shelf distance sensors. We provide an analysis of
the problem in which we identify the key ambiguity between geometry and surface
photometrics. To overcome this ambiguity, we fit a Gaussian mixture model to
a small dataset of planar surface measurements. This model implicitly captures
the expected geometry and distribution of photometrics of the planar surface
and is used to identify measurements that are likely to contain deviations. We
characterize our method on a variety of surfaces and deviation types, and provide
an example application in which our method enables mobile robot obstacle

avoidance and cliff detection over a wide field-of-view.

Project website: cpsiff.github.io/using_a_distance_sensor/

3.1 Introduction

Optical time-of-flight distance sensors are widely used in robotics to sense
the distance to nearby objects for tasks such as obstacle avoidance [28] or
localization [43, 44]. These sensors are low-cost, low-power, and are available in
low-resolution (e.g., 4x4 pixel) arrays requiring minimal data bandwidth. The

distance estimates reported by these sensors are summaries over a wide (e.g.,

This work was completed under the supervision of Michael Gleicher and Mohit Gupta.
William Sun contributed by gathering testing data and evaluating methods. Carter led the project,
designed the experiments, designed the algorithm, conducted experiments, created figures, and
wrote up the results.
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Figure 3.1: Method Overview: Our method uses raw time-of-flight data to detect
deviations from planar surfaces (e.g., objects, divots, cliffs, or walls). It is able to
do so more accurately than methods that utilize on-sensor distance estimates.

10°-30°) field-of-view per pixel, which is advantageous for some applications
(e.g., conservative obstacle avoidance), but these distance estimates are ineffective
at detecting small geometric deviations. In this work, we show that this limitation
can be overcome by utilizing readily available raw time-of-flight information
captured by these sensors. With this data, we are able to detect geometric
deviations in a planar surface with more accuracy than is possible with distance
estimates alone.

Our method utilizes raw time-of-flight data captured by consumer-grade time
resolved active time-of-flight sensors. These sensors operate by illuminating a

wide (30° +) patch of the scene with a pulse of light, and capturing the intensity



of light over time as it bounces back from the scene in a 1D temporal waveform
called a transient histogram [16, 42]. These sensors are available for less than
$5 USD and are widely used in robotics applications [118, 80]. In addition to
their low cost, they are very small (<20 mm?) and low-power (<10 milliwatts per
measurement) [ 108, 2]. Typical applications do not utilize the transient histogram
captured by these sensors, instead relying on a proprietary algorithm onboard
the sensor to extract a single distance estimate per pixel. While this estimate is
convenient for many tasks, it is not ideal for many others, as it obscures relevant
information about the scene which is encoded in the shape and magnitude of the
transient histogram.

In this chapter, we aim to detect geometric deviations on planar surfaces
(e.g., objects, divots, cliffs, or walls). Our method assumes that the relative
orientation and distance of the sensor to the planar surface remains fixed (i.e.,
only translation parallel to the surface is permitted), and our method requires a
small dataset of measurements from the sensor to fit a surface model. We do not
aim to detect the exact nature of the deviation; we only classify a measurement as
“planar” or “not planar” (the latter class including planes viewed from a different
orientation and/or distance). This capability is useful for robotics applications
like mobile robot and drone navigation. It could also be useful for e.g., safely
landing a drone on a flat and level surface or safely placing a cup of liquid on a
clear and level portion of tabletop with a robot manipulator. Our method enables
deviation detection in a very small size, weight, and compute footprint, making it
particularly useful for resource-constrained scenarios like micro-drones, and for
distributed sensing with sensors mounted at many points on a larger robot.

The key contributions of the work in this chapter are: 1) an analysis of the
problem of detecting deviations from a planar surface with a distance sensor,
in which we identify the key ambiguity that makes the problem challenging,
2) a computationally lightweight method for detection of said deviations using
raw sensor time-of-flight information, 3) characterization of the sensitivity and

accuracy of said method compared to methods which use only sensor distance



estimates, and 4) an example application in which our method enables mobile

robot obstacle avoidance.

3.2 Related Work

Obstacle Detection on Planar Surfaces

Detecting obstacles on top of planar surfaces is a widely studied problem in
computer vision and robotics [5, 132]. Approaches vary in their problem setup
(per-frame detection or utilizing constrained robot motion) and imaging modality

(RGB, depth from stereo, or structured light).

Utilizing Robot Motion

One class of methods utilize robot motion parallel to a ground plane and the
parallax effect to detect deviations from a flat plane in RGB images. This includes
methods which compute homographies between subsequent images [134, 21], and
those based on optical flow [111, 18]. Kumar ef al. [51] use an RGB-D camera
and robot motion to detect very small obstacles (0.5-2cm) on a planar surface.
While such methods work well for moving, wheeled robots, they are not useful
for detecting deviations when camera motion is unconstrained or nonexistent, and
they assume that the scene is static from frame to frame. Our method operates on
a per-frame basis, meaning it does not rely on robot motion nor assume a static

scene from frame to frame.

Stereo-based Methods

Some methods for obstacle avoidance [11, 90, 41] use depth from stereo to
determine the distance to the ground plane, and detect an obstacle when it deviates
greatly from that ground plane. Compared to our work, these methods use larger
sensors, as they require a stereo baseline, and the algorithms have higher compute

requirements.
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Learning-Based Methods

Many methods for per-frame object detection utilize a large labeled dataset to
train a detector via supervised learning [41, 59, 95, 37]. Other works aim to
generally detect any anomaly in an image, relying only on a dataset of anomaly-
free images [26, 92]. While many of these methods are effective, the neural
networks employed are generally compute intensive, making them unfit for

resource constrained applications.

Time-Resolved Sensors in Robotics

Time-resolved time-of-flight sensors which report transient histograms are widely
used in robotics to sense the distance to an object. One line of work places these
sensors in a distributed manner on robot arms and uses their measurements to
ensure safe movement [28, 117]. There exist methods for calibrating the position
of these sensors on a robot arm [105]. The sensors’ small size makes them well
suited for use on small drones for obstacle avoidance [118] and SLAM [43], and

for use on very small mobile robots [80].

Low-cost Distance Sensor Transient Histograms

Transient histograms from low-cost distance sensors have been utilized for human
pose estimation [101], object tracking [16], material classification [6, 16], depth
estimation [42, 81, 58], to assist an RGB camera in SLAM [61], and for multi-
view 3D reconstruction [75]. While many of these works are similar in spirit
to this work, i.e., they aim to take advantage of transient histograms to unlock
new capabilities, they do not attempt to solve the same problem of detecting if a

surface is planar from a single sensor reading.
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3.3 Problem Analysis

Background: Transient Histograms

A time-resolved distance sensor operates by illuminating a wide patch of the
scene with a very short pulse of light and capturing the intensity of that light over
pico-to-nanosecond timescales as it returns to the sensor after bouncing off of the
scene in a transient histogram [42, 38]. Single photon avalanche diodes (SPADs)
[79, 133] are the most mature and widely available technology enabling this type
of sensing.

In this chapter, we utilize the AMS TMF8820 sensor, a SPAD-based distance
sensor with 9 pixels in a 3 x 3 configuration, making it akin to a very low-
resolution depth camera. Unlike a typical depth camera, each pixel captures a
128-bin transient histogram, which can be read out in addition to a per-pixel
distance estimate generated by a proprietary algorithm onboard the sensor. We
choose this sensor as it reports histograms at a relatively high temporal resolution,
with each bin corresponding to ~ 1.2 cm of depth range. In principle, our
method can be applied to any time-resolved optical sensor with a diffuse light
source, which currently includes dozens of SPAD-based consumer distance sensor

models, in addition to research-grade benchtop setups.

Sensor Sensitivity

Miniature time-resolved sensors can be very sensitive at close distances and
have a high signal-to-noise ratio. To demonstrate this with the TMF8820, we
perform an experiment in which we place a 20 x 20 x 1 mm piece of heavyweight
paper on a background of the same material, as shown in Figure 3.2. Without
moving the sensor or background, we capture 16 measurements of the flat surface
and 16 measurements of the surface with the small square of paper in the same
position 20cm from the sensor. The sensor is set to its default integration period

of 230ms, during which it integrates over 4 million laser pulses, giving it an
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Figure 3.2: Sensor Signal-to-Noise Ratio Test: A low-cost distance sensor can
distinguish between a flat surface and one with a small piece of heavyweight
paper under controlled conditions. The effect of a change in surface photometrics
caused by a change to a tile surface is much larger than the effect of a change in
geometry caused by the presence of a small piece of paper on a background of
the same material.
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Figure 3.3: Geometry-Albedo Ambiguity Demonstration: Time-resolved
distance sensors exhibit a fundamental ambiguity between geometry and albedo.
While a geometric deviation from a flat plane does affect the histogram, a
photometric deviation, in the form of a patch with a higher albedo, can affect
the histogram in an identical way. This makes the detection of deviation an
ill-posed problem aside from geometric variations that violate the space carving
assumption. This space carving assumption is weaker at a steep angle of incidence
with the plane.

effective frame rate of ~4.3FPS. As shown in Figure 3.2A, transient histograms
between the two scenarios are easily separable when the background surface is
highly controlled. This might lead one to expect that the distance sensor would be
capable of detecting even sub-mm deviations in a planar surface. However, sensor

noise is typically not the limiting factor as discussed in the following subsection.

Ambiguity Between Geometry and Albedo

The captured transient histogram is a product of scene geometry, photometric
effects (spatially varying scene albedo and reflectance), and sensor intrinsics
(laser power, FoV, etc.). As described in previous work [42], this leads to an
ambiguity between scene geometry and photometrics. The intensity of light
captured in a given histogram bin is affected by both how much surface is within
the range corresponding to that bin, and the effective albedo of that surface in
the wavelength of the light source. From a single measurement, it is impossible
to differentiate between a large low-albedo scene patch, and a small high-albedo
one.

This ambiguity poses a problem for our goal of detecting deviations in a
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planar surface. The only constraint that can be placed on the scene from a single
measurement is that bins in which no light returns do not contain any geometry,
commonly referred to as space carving [52, 68, 75]. This constraint is especially
ineffective when the sensor is at a steep angle-of-incidence to the planar surface,
e.g., the configuration in Figure 3.3. Without making assumptions about the
plane photometrics or introducing implicit bias into the inference process, it is
impossible to detect planar deviations beyond those that violate the space carving
constraint. This ambiguity exists regardless of the temporal resolution of the
sensor, but is reduced by an increase in spatial resolution (i.e., more pixels, each
with a smaller FoV).

We demonstrate that, despite this fundamental ambiguity, it is practical to
detect deviations on real-world surfaces by implicitly modeling the expected
distribution of surface reflectance, and identifying measurements that are unlikely
under the model. We are inspired by works on monocular depth estimation
(MDE) [27, 31], which have been successful at predicting ordinal depth despite
MDE exhibiting a very similar geometric-photometric ambiguity to our problem.
This is possible because real-world data tends to be well-behaved, and adversarial
examples that abuse the ambiguity are exceedingly rare. While approaches for
MDE take advantage of implicit bias by training a neural network on a large
dataset, the relative low-dimensionality of the measurements captured by our
sensor means that simpler classical vision techniques can be effective.

The existence of this ambiguity informs the design of our method. We know
that the image formation process cannot be directly inverted to recover geometry,
so a model of the expected reflectance properties of the background surface is

necessary to make predictions about scene geometry.

3.4 Method

Given a single measurement from a time-resolved distance sensor, we aim

to predict whether the geometry of the imaged scene area matches that of a



15

plane viewed from a fixed distance and angle-of-incidence. This is a binary
classification problem: given a measurement, classify whether it is an image of a
deviation-free plane or not.

At inference time, our method takes as input a set of query histograms H =
{h; = [h1, ha, ..., hp] }}_, captured simultaneously by a sensor with p pixels and b
bins per histogram. We assume that the histograms have had some form of pile-up
correction, like Coates’ correction [20] applied, but have not been processed to
remove ambient light, which manifests as a constant DC bias in the measured
signal [36]. This is consistent with the transient histograms reported by currently
available low-cost distance sensors, including the TMF8820. The output of our
method is a likelihood ¢ € [0, 1] of H being an image of a deviation-free planar
surface viewed from a fixed position, i.e., p < 0.5 could mean that there is an
object atop the plane, the plane contains a divot downwards, the plane is not being
viewed from the fixed distance and angle-of-incidence, or the imaged scene is not
a plane at all.

Our method utilizes a dataset D of measurements H, each of which images
a flat planar surface from a fixed distance and angle-of-incidence. This dataset
can consist of measurements of a single surface material (to be used e.g., when
the surface material is known) or a larger corpus of measurements of multiple
surfaces. We investigate performance under both dataset types in Section 3.5.
Fitting a model of the deviation-free surface to this dataset consists of two steps:
1) pre-processing D to remove the effect of ambient light and normalize based on
albedo, and 2) modeling the distribution of DD with a multi-dimensional Gaussian
mixture model. This model was chosen based on empirical performance, because
it allows lightweight inference, and because it can be trained on only samples of

deviation-free planar surfaces.

Pre-processing

We approximate the ambient light level a; for each histogram h; by calculating

kernel density on the values of h; with a Gaussian kernel with bandwidth ¢, and
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choosing the value with the highest density:

a; = argmax Z N (z;h, o) (3.1)

T hehy

This serves as a way of estimating the modal value in the histogram with more
robustness to noise than the mode. For most scenes, the modal bin value is equal
to the influence from ambient light, as bins which do not capture light returning
from the scene will capture only ambient light, and even a few such bins are
typically enough to make it the modal value. In practice, the ideal o varies based
on sensor noise, and can be found by searching for the o which minimizes the
variation in recovered a over a set of measurements taken under the same ambient
light.

Surfaces of different, but uniform albedos will result in histograms of similar
shape, but different magnitudes, equivalent to scaling the bin values uniformly.
To compensate for this effect, we normalize each histogram to have a unit L'

norm after ambient light has been removed. The pre-processed measurement H

o h; —a; "
H = 3.2
{ T, } G-

These pre-processing steps serve to align histograms which have similar

is given by:

shapes, but different magnitudes due to surface albedo, or different DC biases

due to ambient light.

Gaussian Mixture Model

We model the distribution of measured histogram values using a multi-dimensional
Gaussian mixture model [110]. We flatten each measurement H across the pixel
dimension to get a one dimensional vector H € R* where k = px b containing
each fll € H concatenated one after another. Our method does not account for
the ordering of the histogram bins or the spatial position of their fields-of-view,

so this flattening serves to simplify notation. A Gaussian mixture model is fit to
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the pre-processed measurements H in the dataset D.

We fit a Gaussian mixture with ¢ components, a per-component per-bin mean
vector p € R*F, a per-component variance vector o’ € R anda per-component
weight parameter o € R°. This means that a separate Gaussian mixture is fit
to each bin, with each Gaussian mixture constrained to use the same variances,
weights, and number of components. The likelihood ¢ of a given histogram being
an image of a flat plane is calculated by taking the joint probability over all bins,
with each bin’s likelihood calculated by summing all weighted components of

the mixture:

C

k
=1 j=1

The Gaussian parameters are estimated over the dataset D of flat planar images
using the expectation-maximization algorithm [24] to optimize the parameters
wu, 02, and a. To choose the number of Gaussian components ¢ to use, we fit
models with a range of ¢ values and choose that which minimizes the Akaike

information criterion (AIC), given by:

AIC =2p —2In( ) L(H) (3.4)
HeD
where the parameter count p = kc + 2c. The chosen c varies depending on the
contents of D.

To predict the likelihood that a query histogram H,ry is an image of a flat
planar surface from the same fixed pose as the measurements in DD, we perform
the same pre-processing steps given in Equation 3.2 and calculate E(ﬂquery) as
in Equation 3.3. To generate a binary prediction, we apply a threshold to this
likelihood, and we label likelihoods above the threshold as “no deviation” (the

negative class) and those below the threshold as “deviation” (the positive class).
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Figure 3.4: Surfaces and Obstacles used in Object Detection Experiments.

Baseline Methods

We compare our method to two baselines, both of which extract from the
histograms a single value per-pixel before performing classification on those
values. The proprietary distances method utilizes the per-pixel distance estimates
generated onboard the sensor via a proprietary algorithm. The histogram peaks
method finds the location of the histogram peak by fitting a cubic curve to the
histogram and sampling that curve at a high frequency, following the method
of [107]. For either method, we plug the distance estimates into the same Gaussian
mixture model as described above, but effectively treating each distance estimate
as a histogram with one bin, leading to p-dimensional feature vector. Empirically,

we found this to be the best performing approach for utilizing distance estimates.
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Per-Object AUROC 1

Method Overall AUROC 1 Bottle Cap Cable Chair Fork Glove SD Card Tennis Ball Wall
Ours (Histograms) 0.84 0.83 0.87 080 0.84 0.87 0.76 0.86 0.89
Histogram Peaks 0.63 0.61 0.65 0.61 0.63 0.66 0.57 0.71 0.62
Proprietary Distances 0.60 0.58 0.55 059 054 0.63 0.70 0.52 0.68

Table 3.1: Forward-Facing Obstacle Detection Results: Our method
outperforms baselines overall and across each object.

3.5 Experimental Results

We perform real-world experiments with the AMS TMF8820 distance sensor to
assess the performance of our method for detecting planar surfaces across many
conditions and compare our method to baselines that utilize only a summary

statistic for each histogram.

Implementation Details

Measurements are taken with an AMS TMF8820 sensor connected to an Arduino
microcontroller via I?C, which forwards the measurements to a connected computer.
The sensor is set to 4 million iterations and a measurement period of 230ms,
leading to an effective frame rate of ~4.3FPS. KDE kernel bandwidth ¢ in
Equation 3.1 is set to 5. Expectation-maximization for Gaussian mixture model
fitting is done via the scikit-learn [87] GaussianMixture class. On a mid-range
laptop, model fitting takes about 3 seconds on a dataset of 75 measurements, and
inference runs at ~108 FPS. We run the sensor in “low range, high accuracy”
mode, which gives it a maximum range of 120cm. We limit our testing to within
80cm of the sensor and trim all sensor measurements h to bins in range (13, 73)
after the pre-processing step, corresponding to distances 0-80cm from the sensor.
This range makes it more practical to capture measurements of a surface that is

planar over the entire sensor FoV.
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Figure 3.5: Obstacle Detection ROC Curves: Our method outperforms baseline

methods on AUROC on our forward-facing and top-down obstacle detection
datasets.

100
el
Q
)
o 80
)
)
Qm 60 Full Histograms (Ours)
0 Histogram Peaks
'_% 40 Proprietary Distances
O
G 20
S

0

0-20 20-40 40-60 60-80
Distance to Object (cm)

Figure 3.6: Obstacle Detection Performance as a Factor of Distance to
Obstacle: Our method achieves a higher detection rate than baselines across the
entire distance range. Detection threshold is limited to a < 5% false positive rate
on the test set for fair comparison.
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Forward-Facing Obstacle Detection

We capture a large dataset to emulate an obstacle detection scenario for a small
mobile robot. We build a mount that holds the sensor 10cm from the ground and
at a 60° angle-of-incidence to the surface, as in Figure 3.2, so that the top of its
field-of-view is parallel to the ground. We capture measurements of five planar
floor surfaces; for each surface, we capture 30 measurements of the surface with
no deviations and 10 measurements each of 8 different objects placed at various
distances between 10cm and 80cm from the sensor. The surfaces and objects are
shown in Figure 3.4. Every capture is under artificial lighting, aside from the
wood floor surface, which is under direct sunlight filtered through a window. In
total, we capture 550 measurements. The sensor and objects are moved between
every capture to ensure diverse coverage of the spatially varying surface. For
every measurement, we also capture an RGB and depth image from an Intel
RealSense D405 depth-from-stereo camera placed next to the sensor. These depth
images are used to manually verify that the objects lie within the sensor’s FoV

during capture and to label the distance to each object.

Per-Object Performance

We use half of the captures of empty surfaces to fit a single surface model (/N = 15
per surface, 75 total) as described in Section 3.4. This emulates a scenario in
which the material of the planar surface is constrained, but not exactly known.
The model selected by Equation 3.4 has ¢ = 10 components. For every query
measurement in the test set, Equation 3.3 is used to calculate the probability of
the sample not being a measurement of a deviation-free planar surface. These
per-sample probabilities are used to calculate the area under the receiver operating
characteristic (AUROC) for the binary classification problem, and those results
shown in Table 3.1. The ROC curves are shown in Figure 3.5. Our method
leads to significantly higher AUROC than the baselines, meaning it is better at
discriminating between measurements of a flat planar surface and measurements

of a surface with an obstacle. When broken down by object, we find that our
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method is marginally better at detecting large objects (e.g., wall, glove) than small

ones (e.g., SD card, bottle cap).

Performance vs. Distance to Object

Using the same per-sample probabilities, we utilize the distance labels generated
from the depth-from-stereo camera to evaluate obstacle detection performance as
a factor of distance to the object. To ensure a fair comparison between methods,
we restrict the detection threshold to generate a < 5% false positive rate on the
test dataset. Obstacle detection accuracy as a factor of distance is shown in
Figure 3.6. We find that, at all distances, our method outperforms baselines. We
also observe that the distance to the object has a larger effect on detection rate
than the object size. This may be because the amount of light returning from an
object at distance d falls off at a rate of 1/d?, meaning SNR goes down quickly

as d increases.

Performance as a Factor of Training Surfaces

To evaluate the performance of our method on out-of-distribution surfaces, we
perform an experiment in which we vary the surfaces used to fit the surface model
and split the AUROC by test surface. This means the model is trained on four
surfaces, and must generalize to a fifth. We test three conditions: “All” training
surfaces, which is the same surface model fit to 75 total measurements of all
surfaces, as used for Table 3.1 and Figures 3.5 and 3.6; “Test only” training
surfaces, in which only 15 measurements from the test surface are used to fit
the surface model; and “All but test”, in which 60 total measurements of all
surfaces except for the test surface are used to fit the surface model. The results
of this experiment are shown in Table 3.2. When the surface model is fit to
all five surfaces, performance is uniform across each surface. When fit to and
tested on one surface only, our method’s performance increases significantly
for most surfaces, as per-bin measurements have lower variance and the surface

model is able to fit more tightly to the expected distribution. Performance is
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AUROC by Training Surfaces 1 (# of samples)

Test Surface All (75) Test Only (15)  All but Test (60)
Paper 0.85 0.99 0.60
Patterned Carpet  0.83 0.65 0.70
Solid Carpet 0.84 0.92 0.79
Tile Floor 0.84 0.97 0.48
Wood Floor 0.83 0.91 0.62
(Average) 0.84 0.89 0.71

Table 3.2: Performance as a Factor of Surfaces Used to Fit the Surface Model:
Performance is highest when the test surface is the only surface in the training set
(Test Only), is lower when the test surface is one of five in the training set (All),
and 1s much lower when the test surface is not in the training set (All but Test).

reduced, however, on the highly spatially varying “patterned carpet”, as fifteen
measurements of the surface alone is not enough to capture a comprehensive
range of surface textures. Lastly, when the surface model is fit to all surfaces but
the test surface, we see a noticeable drop in the performance of our method, with
the highest performance decrease present in the highly specular tile floor, and the
lowest in the solid carpet. Performance on the tile floor likely suffers because it is
specular, while all other surfaces are nearly fully diffuse. Meanwhile, the solid
carpet is photometrically more similar to the other four surfaces, leading to better

generalization.

Top-Down Obstacle Detection

We also apply our method to a top-down obstacle detection scenario, as might
be utilized by e.g., a drone finding a safe spot to land, or a manipulator finding
a safe spot to place an object. In this experiment, the sensor is placed 28cm
above the ground facing straight downwards. We use the “solid carpet” material
from Section 3.5 and the bottle cap, cable, fork, glove, SD card, and tennis
ball objects. Similar to the forward-facing obstacle detection experiment, 30

total measurements are taken of the empty surface, half of which are reserved
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for fitting the surface model. Ten pictures of each object are taken, with the
object moved within the FoV and the sensor moved relative to the surface for
each capture. The model selected by Equation 3.4 has ¢ = 4 components. The
resulting ROC curves of each method are shown in Figure 3.5. Our results echo
those of the forward-facing obstacle detection experiment: utilizing the entirety
of the histograms makes it much easier to discern between planar surfaces and
non-planar surfaces. Performance in this setting at this distance is similar to that
achieved in our forward-facing obstacle detection experiment, when only the

solid carpet surface is used to fit the surface model.

CIiff Detection

In principle, our method can detect any deviation in a planar surface, e.g., a
protrusion upwards, cliff, or ledge. To evaluate cliff detection performance, we
gather a dataset in which the sensor is placed atop a wooden table, using the same
forward-facing mount. We use 15 measurements of the empty tabletop to fit a
model for the surface, and the sensor is placed at varying distances from the edge
of the table in the range (Scm, 75cm) in Scm increments. At each distance, four
measurements are taken from various positions. An additional 15 measurements
of the empty planar surface are reserved for testing to test false positive rate.
Our method is able to detect cliffs 100% of the time up to 35cm away with no
false positives. Cliffs 45cm away or further are not detected. Under the same
conditions, the histogram peak-based method detects cliffs up to 25cm, while the

proprietary distance-based method is only effective up to 10cm.

Ablation Study

We perform an ablation study to assess the importance of each aspect of our
method on the forward-facing obstacle detection dataset. The results of this study
are shown in Table 3.3. We find that each aspect of our method has some effect

on performance, with exclusion of both pre-processing steps leading to a drop of
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Figure 3.7: Effect of varying the number of samples used to fit the surface
model on AUROC on our forward-facing obstacle detection dataset: The
shaded region represents the minimum and maximum over 100 samples, while
the solid line represents the average.

0.8 AUROC, and limiting the Gaussian mixture model to one component leading
to a large drop of 0.21 AUROC. We believe that this is because bin values tend
to be multi-modal, especially when the surface model is fit to a multiple-surface
dataset, as different surfaces’ varying reflectance properties mean that the shape
of the histogram is consistent within a surface (aside from patterned surfaces), but
varies between surfaces. By limiting the model to a single Gaussian component,
the varying histogram shapes are not effectively modeled.

We perform an additional study in which we vary the number of samples used
to fit the surface model for forward-facing obstacle detection. For a given number
of samples, we pull an even number of samples from each of the five surfaces.
For each number of samples, we repeat the experiment 100 times, each with a
randomly sampled dataset for surface model fitting and the same test set. The
results of this experiment are shown in Figure 3.7. We find that performance
begins to level out as we approach 15 samples per surface (75 total). Reasonable
performance is still possible with fewer samples per surface, e.g., 5 samples per
surface (25 total) yields an average AUROC of 0.80.
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Method AUROC 1
Base 0.84
No Ambient Light Correction (a; = 0) 0.82
No Normalization (modify Eqn. 3.2) 0.78
No Norm. or Ambient Light Correction (skip Eqn. 3.2) 0.76
Limit to one Gaussian Component (¢ = 1) 0.63
No Norm, No ALC, & Limit to One Component 0.53

Table 3.3: Ablation Study Results on Obstacle Detection Dataset

3.6 Example Application

We build an example application for our method in which a mobile robot is
equipped with three distance sensors in a forward-facing configuration, providing
a wide field-of-view. The sensor is in the same position relative to the ground
as in our forward-facing obstacle detection and cliff detection experiments. We
assume that the robot begins in an obstacle-free area and can safely drive forward
for 10 seconds to characterize the surface. After capturing 30 measurements per
sensor to characterize the ground surface and fit a surface model, the robot is able
to avoid obstacles and cliffs using measurements from the sensors alone. The
maximum range at which obstacles are detected is configurable by trimming the
histogram bins per sensor during inference. A visualization of the application
is shown in Figure 3.8. See youtube.com/watch?v=vtP5Ktp-olo for a video

demonstration.

3.7 Limitations and Conclusion

While we have shown that real-world deviations can be detected with reasonable
accuracy, our method is still subject to the photometric-geometric ambiguity
described in Section 3.3. Additionally, because of the presence of photometric
effects, our method is most effective when the surface is well-known, and it

is much less effective when an observed surface has not been previously seen.


https://www.youtube.com/watch?v=vtP5Ktp-oIo
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Figure 3.8: Example Application of our Method being Applied to Mobile
Robot Obstacle Avoidance: The robot is equipped with three distance sensors.
After characterizing the surface, it is able to avoid obstacles and cliffs in its path
with a configurable buffer distance.
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Future work should investigate ways to overcome this limitation by, e.g., creating
a general-purpose surface model by fitting to a large dataset of surfaces or
utilizing an explicit photometric model to set bounds on the expected photometric
deviations of the surface. Lastly, we assume that the relative orientation and
distance to the planar surface is fixed. Future work should investigate the
possibility of detecting surface geometry regardless of relative sensor pose and
investigate robustness to subtle changes in sensor pose due to robot motion.
This work provides a way to extend the capabilities of distance sensors with no
additional hardware and minimal compute overhead. We look forward to future
robotics applications that make use of our method to improve robot sensing,

particularly in resource constrained scenarios.
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4 DETECTING OBJECTS NEAR A ROBOT
MANIPULATOR

In this chapter, we provide a method for detecting and localizing objects near a
robot arm using arm-mounted miniature time-of-flight sensors. A key challenge
when using arm-mounted sensors is differentiating between the robot itself
and external objects in sensor measurements. To address this challenge, we
propose a computationally lightweight method which utilizes the raw time-of-
flight information captured by many off-the-shelf, low-resolution time-of-flight
sensors. We build an empirical model of expected sensor measurements in the
presence of the robot alone, and use this model at runtime to detect objects in
proximity to the robot. In addition to avoiding robot self-detections in common
sensor configurations, the proposed method enables extra flexibility in sensor
placement, unlocking configurations which achieve more efficient coverage of
a radius around the robot arm. Our method can detect small objects near the
arm and localize the position of objects along the length of a robot link to
reasonable precision. We evaluate the performance of the method with respect
to object type, location, and ambient light level, and identify limiting factors on
performance inherent in the measurement principle. The proposed method has
potential applications in collision avoidance and in facilitating safe human-robot

interaction.

Project website: cpsiff.github.io/efficient_detection/

4.1 Introduction

Detection of objects near a robot arm is useful for tasks such as collision

avoidance [113, 55] or to enable proximity-based human-robot interactions [28].

This work was completed under the supervision of Michael Gleicher and Mohit Gupta.


https://cpsiff.github.io/efficient_detection/
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Externally mounted cameras are one way of detecting such objects, but they suffer
from occlusion and require the robot to remain in view of the cameras, limiting
their practicality when used with mobile manipulators. Therefore, we seek a
solution which uses sensors mounted on the robot. Miniature time-of-flight (ToF)
sensors [16, 107, 2, 108] are particularly attractive for for mounting on-robot
because of their small size and low power consumption. In order to cover the
space around the robot with a small number of sensors, we need the ability to
choose efficient sensor configurations, such as placing the sensor peering down the
length of an arm segment, as shown in Fig. 4.1F. However, miniature ToF sensors
have very low pixel counts (e.g. 3x3) with a wide field-of-view (FoV) per-pixel
(5° - 40°), meaning that in such configurations, the robot is constantly detected,
and other objects can only be detected if they are closer than the robot is to the ToF
sensor. As illustrated in Fig. 4.2, simple filtering of pixels which view the robot
is ineffective in this case; therefore, to enable such sensor configurations, any
approach to object detection must be able to differentiate between self-detections
(the robot itself) and external object detections within each pixel.

In this work, we provide a method for detecting and localizing objects near a
robot arm using miniature ToF sensors. Our method allows for flexibility in sensor
placement and avoids self-detections of the robot. We address the key challenge
of differentiating robot self-detections from other objects by implicitly modeling
the expected appearance, reflectance, and geometry of the robot through sampling
of raw ToF measurements. We utilize the raw ToF data captured by commonly
used off-the-shelf sensors; at runtime our method finds differences between the
measured ToF data and the expected appearance of the robot. Therefore, our
method can detect objects even in sensor pixels for which the robot is prominent
in view. This enables configurations such as that shown in Fig. 4.1F, which
provide coverage of a small radius around the robot surface using few sensors.
Our method also prevents self-detection in more typical outward facing sensor
configurations as shown in Fig. 4.1C.

Our contributions are: 1) a method for detection and localization of objects
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Figure 4.1: Overview of Near-Robot Detection Problem: Time-of-flight
sensors attached to robot arms are prone to self-detection (A), and typical
configurations provide inefficient coverage of the radius near the robot surface
(B). Our method enables self-detection free proximity sensing, which enables
new sensor configurations that provide more efficient coverage of a radius around
the robot surface (C-F).
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near a robot arm with a known joint state using a miniature ToF sensor while
ignoring robot self-detections; 2) experiments demonstrating that our method is
effective at detecting and estimating distance to objects with the configuration
shown in Fig. 4.1F, and experiments investigating the limits and inherent constraints

on the performance of our method; and 3) a live demonstration.

Scope and Limitations. While our method can scale to multiple sensors, in
this work we build a prototype which includes one sensor at a time. Our
demonstration shows live output of our method, but is not integrated with robot
control for e.g. collision avoidance, and the sensor frame rate is limited to 3.5 Hz
by the data interface of currently available sensors. Our method enables sensor
configurations which efficiently cover a small radius around the robot surface, and
is computationally efficient at runtime, but requires one-time overnight reference
data capture per sensor position. Additionally, our method foregoes the need for
any geometric calibration of sensor position, which is required by most alternative

methods.

4.2 Related Work

Whole-Robot Proximity Detection

Research on robotic “sensitive skin” comprised of touch or proximity sensors
dates back to the 1980s [119, 64]. While tactile sensors [130, 126, 60] are useful
for collision detection and human-robot interaction, the ability to sense objects
before touch occurs (proximity detection) enables a different set of applications
including collision avoidance and safety in human-robot interaction. Systems
have been proposed for whole-robot proximity detection, including those based
on optical ToF [117, 34, 136, 46], or other sensing principles [30, 77]. These
works do not address the problem of self-detection directly. Therefore, they are
limited to outward facing sensor configurations. Our work demonstrates using

flexibility in sensor placement to enable novel configurations that cover regions
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efficiently.

Avoiding Self-Detection

Self-detection, when the robot itself is detected as an external object, is a
challenging problem for robot manipulator perception systems due to the manip-
ulator’s dynamic shape during operation. There exists work on avoiding the
self-detection problem when using an external depth camera which provides a
3D point cloud, by filtering out points belonging to the robot. Some approaches
rely on extrinsic calibration between the camera and the robot, and use a 3D
model of the robot to simulate its expected signal in the point cloud [94, 112].
Other works do not rely on extrinsic calibration, recognizing and removing the
robot from the point cloud directly [124], or using temporal cues along with
proprioception [66, 71]. These approaches are a reasonable solution for high
resolution point clouds; when the robot points are removed, there is still sufficient
information remaining to avoid collisions. However, with a low resolution sensor,
filtering point clouds is not effective because the robot may be visible in all or
nearly-all pixels. Therefore objects can only be detected when they are closer
than the detected distance to the robot in a given pixel, severely limiting the
effective detection area for some sensor configurations. A visualization of this
limitation is shown in Fig. 4.2.

There is little prior work on avoiding self-detection with arm-mounted prox-
imity sensors. The works which address the problem directly follow an approach
similar to that used for point clouds. Avanzini et al. [13] place distance sensors
on the links of a robot arm. To avoid self-detections, they use a 3D model of the
robot to simulate the expected distance reading if only the robot were present.
If the distance reading is less than the simulated reading, an object is detected.
Himmelsbach et al. [40] use a similar approach. Such an approach means the
sensor will not see objects within its FoV which are further than the simulated

distance estimate, again being prone to the problem shown in Fig. 4.2.
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Figure 4.2: Limitation of Distance Estimates for Object Detection: When
sensor measurements are treated as single distances per-pixel, objects further than
the detected distance to the robot cannot be detected. This leads to significant
blind spots, precluding sensor configurations such as the one shown. Our work
enables such sensor configurations.

Miniature Time-of-Flight Sensors

Miniature ToF sensors are widely used in robotics due to their small size and low
power requirements. Applications have been developed for the sensors mounted
on miniature drones [118, 76, 137, 80, 43]. Other works place a sparse set of
sensors around a robot [28, 46] or at a robot wrist [1], and build applications for
collision avoidance. There exist methods which use the sensors to detect the 3DoF
pose of a planar surface [107], and methods for calibrating the extrinsic position of
a sensor attached to a robot arm [105]. This work builds on previous work which
provides a method for detecting geometric deviations on a planar surface [106].
In contrast to this previous work, the method presented in this chapter works for
articulated robots and non-planar surfaces, and is able to determine the distance
to unknown objects.

There is a body of research which aims to make use of the raw ToF data
from low-cost sensors akin to the one used in this work. Callenberg et al. [16]
demonstrate in-contact material classification and, utilizing additional hardware,
high-resolution imaging and non-line-of-sight tracking. Other works look to

recover more detailed 3D information from the low-resolution measurements of
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Figure 4.3: Demonstration of Near-Robot Objects Captured in Histogram:
AMS TMF8820 sensor used in this work, and an example histogram captured
by the sensor mounted on a robot arm. The large, leftmost peak is due to the
surface of the robot link. The presence of the finger causes the appearance of an
additional peak.

these sensors. There exist approaches for recovering 3D human pose [101], high
resolution depth images [58], and general 3D reconstruction (from a distributed set
of sensors) [75]. Miniature ToF sensors have also been used to refine monocular
depth estimates [42, 81] and augment RGB SLAM [61]. Aforementioned work
in robotics also takes advantage of raw ToF data [107, 106].

4.3 Problem Overview

Background: Direct Time-of-Flight

The miniature direct ToF sensors that we utilize operate by illuminating a patch of
the scene with a pulse of (typically infrared) light and directly measuring the time

of travel of the returning light at high (nano- to picosecond) time resolution. The
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returning light waveform is called the scene transience, and the quantized version
of that waveform recorded by the sensor is the transient histogram [42, 38]. The
transient histogram is a function of scene geometry and reflectance properties
(in addition to sensor and light-source characteristics) integrated over the FoV of
the sensor which, for miniature sensors, is typically between 10 and 40 degrees
per pixel. Single photon avalanche diodes (SPADs) [79, 133] are the most
mature and widely available technology enabling direct ToF, and the basis of
currently available miniature direct ToF sensors. These sensors are very small
(<20 mm?), lightweight (<1 gram), and power efficient (<10 milliwatts per
measurement) [2, 108, 109].

Typically, miniature ToF sensors use an onboard algorithm to calculate a
distance estimate from the transient histogram, which is reported. The goal of this
work is to recover the distance to the closest point on unknown geometry while
ignoring the robot itself. To accomplish this, our method utilizes the transient
histogram directly, rather than on-sensor distance estimates. An example of a
transient histogram is shown in Fig. 4.3. Using the transient histogram directly
allows us to pick out subtle variations in the measured ToF signal in an individual
pixel which are not contained in on-sensor distance estimates alone. In Sec. 4.5,

we demonstrate that on-sensor distance estimates are not sufficient.

Problem Analysis

In order to estimate the distance to unknown objects in a transient histogram
while ignoring the robot itself, we first must identify and remove the signal
caused by the robot. In the case of an articulated robot, the geometry of the
robot varies with respect to the robot joint state. Our goal is then to create a
mapping from robot joint state to a probabilistic model of the expected transient
histogram, as it would appear if only the robot were present. This mapping
could be achieved in multiple ways. Previous work [75, 107] demonstrated
an effective forward model for miniature direct ToF sensors, which allows

simulation of a histogram measurement given scene geometry and reflectance
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(i.e. surface albedo and specularity). However, in order to accurately simulate
sensor measurements of the robot, the spatially varying reflectance properties of
the robot would need to be known. Gathering such a measurement requires highly
specialized equipment, making a simulation-based approach impractical. Further,
previous work has established that detecting objects based on known geometry but
unknown reflectance is fundamentally ambiguous under many settings [ 106, 42].

Rather than modeling the ToF signal of the robot explicitly, we utilize a
data-driven approach in which measurements from the sensor are sampled at
many robot states with only the robot present. Those measurements are used to
create a probabilistic model of the expected transient histogram for any single
joint state within the sampled range. Our method is applicable to any direct ToF
sensor which reports a transient histogram. We evaluate our method using the
AMS TMF8820, shown in Fig. 4.3.

4.4 Method

Given a b-bin transient histogram h,, € N’ captured by a miniature ToF sensor
attached to an n degree-of-freedom robot with joint state q € R", we aim to
recover the distance d to the point nearest the sensor on any object in the sensor
FoV excluding the robot itself (and any attached accessories, e.g. a gripper). In
practice, depending on the mounting position of the sensor, the sensor may not
be able to see every link of the robot. In this case only degrees-of-freedom which

affect sensor readings are included in q.

Histogram Pre-Processing

Transient histograms are affected by ambient light, which manifests as a DC offset
in the captured signal [36]. To avoid falsely detecting changes in ambient light as
objects, we pre-process histograms by subtracting the DC offset and normalizing
the area under the signal, following the approach of previous work [106]. For

the histogram h the DC offset /¢ induced by ambient light is approximated by
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finding the maximum kernel density on the values of h, which acts as a robust
way of estimating the modal value of h. The kernel bandwidth o is a tune-able

parameter, which can vary by sensor model:

Pofiser = argmax Z N(z;h;,0) 4.1)

T heh

The area under the signal is normalized after A is subtracted. The pre-

processed histogram his given by:

h — hoffset

h=_—— b
”h — hoffset”l

4.2)

Modeling Known Objects

To detect the distance to unknown objects in the FoV imaged by hy,s, we rely on
a probabilistic model of the per-bin mean j1q € ler and per-bin variance oq € RZ
of the expected histogram if only known objects were in the sensor FoV, given
the current joint state . For reasons explained in Sec. 4.3, we approximate /iq
and o4 by interpolating between real samples over a range of possible q rather
than an analytical approach.

Our method requires a set of per-bin histogram means M, variances V and
corresponding joint angles J which sample the robot configuration space. In
practice, this dataset can be captured by, e.g. grid search or random sampling in
configuration space. For each joint position sampled, multiple histograms are
captured to generate a good approximation of V to capture sensor noise. Details
of how we perform this sampling for real-world experiments are given in Sec. 4.5.
To approximate ;14 and o4 from samples in M and V, we perform barycentric
interpolation, which requires finding a convex hull of n + 1 points around q in
J. 1iq and o4 are then interpolated between the corresponding values in M and
V. The importance of interpolation and the density of samples needed to achieve

good approximation of ;4 and o4 is investigated in Sec. 4.5.
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Detecting Distance to Unknown Objects

Given 14 and o4, we calculate the normalized probability vector p € RI_’F for
h,,s, which encodes the per-bin likelihood that a given bin is in the distribution
expected when the robot alone is present, normalized so that for a given bin index

i, when hgps i = piq,i the likelihood is 1:

_(hobs,i - ,uq,i)Q
pi=e 2(0q:) 4.3)

To detect objects and estimate their distance, we transform p to a binary vector
g which encodes bins that are likely to contain an unknown object. The threshold

for detection ¢ is a hyper-parameter which can be tuned to adjust sensitivity:

1 ifp; <t

gi = 4.4)

0 otherwise
We then search for segments of the value 1 in g which span ¢ or more
contiguous bins, each of which corresponds to one detected object. For each
segment, we extract the values of h over the corresponding range. We find
the peak in these extracted values of h. The position (bin index) of this peak
corresponds to the distance to the detected object. We convert from bin index
ipeak tO distance using the conversion from bin index to distance for the TMF8820
sensor established by previous work [107]: distance (m) = 0.013874pea —0.1825.
We empirically observe that this calibration is stable between multiple instances

of the same sensor model.

TMFEF8820 Calibration

We observe that a varying bias is applied to TMF8820 histogram measurements
between sensor power cycles. This bias can lead to false positives if the sensor is
cycled off after the reference measurements (M, V and J) are captured. While

we do not know the exact cause of this effect, or if it applies to other ToF sensors,
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we are able to mitigate it by performing a one-off calibration step every time
the sensor is powered on after reference capture. We move the robot to the first
reference joint position J; and capture a set of 50 measurements, which we
average per-bin and store as h..;. We then calculate he,;, = M — hper. hegyp is

stored and at query time is added to h prior to Eq. (4.1).

4.5 Experimental Results

Implementation Details

We perform a series of experiments in which a TMF8820 sensor is attached
to link two of a Universal Robots URS robot arm. The sensor is positioned
facing the end effector, as shown in Fig. 4.3. In this position, sensor readings
are invariant to movement in the three most proximal joints. Thus, we only
sample the 3DoF of the three most distal joints (i.e. those comprising the wrist) to
capture reference histograms. Each experiment aside from Sec. 4.5 relies on the
same reference dataset, which is captured over a 3D grid in joint space, in which
q € [-7m,—7/12], q5 € [-57/6,57/12], q¢ € [—7/2, 57 /12]. Joint positions
are sampled in 7/12 radian increments, for a total of 2,304 joint positions. It
takes ~ 10 hours to programmatically capture 50 measurements per joint position.
The brushed aluminum surface of the URS robot is highly specular. While our
data-driven approach models the effect of the specular surface when the robot
alone is present, when other objects are present outside of the sensor field-of-
view the surface acts like a mirror. This leads to false detections when objects
outside of the sensor FoV are detected via three-bounce paths. We cover the
metallic surfaces of the robot in masking tape to minimize this effect, and further
investigate in Sec. 4.5

We capture data from an AMS TMF8820 sensor connected to an Arduino
microcontroller, using the microcontroller code provided by prior works [107, 75,
106] to extract both distance and histogram measurements. The TMF8820 reports
9 histograms over 9 non-overlapping zones, for a total FoV of 30° diagonally. For



40

simplicity and to limit the FoV to avoid unwanted detections, we utilize only one
zone of the sensor, yielding a 10° diagonal FoV. Sensor frame rate is limited by
the speed at which the I2C interface, which is not designed for histogram data
capture, can transmit histograms, so we modify the microcontroller code to only
report bins 1-80 to increase frame rate. This means the maximum range of the
sensor as configured is ~ 90cm. The sensor reports measurements at 3.5 FPS.
The execution of our algorithm takes 0.35 ms (2803 FPS) on a mid-range laptop
CPU (Intel i5 1340P), and the runtime scales linearly with the number of sensors
used. In our testing, interference between multiple TMF8820 sensors is minimal,
making them well-suited to future systems with many sensors.

Unless otherwise stated, we set the probability threshold ¢ = 0.001, and
minimum segment size ¢ = 4. These values were manually tuned to create
a reasonably low false positive rate for the main experiments. We investigate
the effect of changing these parameters in Sec. 4.5. A peak in bin ~14 from
the TMF8820 corresponds to an object at distance zero; therefore we trim the
histogram h to bin range (15, 80) before applying Eq. (4.3). We set o in Eq. (4.1)
to 5, following previous work [106]. In each experiment, we only consider the
closest detection. All captures are in a windowless room with fluorescent lights
(~ 500 lux).

Self-Detection Rate

We perform an experiment to understand the effect of joint-space sampling density
on the rate at which the robot is falsely detected. The results of this experiment
are highly dependent on robot geometry and sensor position. The experiment
serves to provide a rough approximation of performance in general, and provides
context for other experiments, which use the same robot and the same sensor
position.

We capture a dataset of ToF measurements from 1000 uniformly sampled
random joint positions within the joint range of the reference dataset, with only

the robot present. The self-detection rate (false positive rate) is the rate at which
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Figure 4.4: Effect of Joint-Space Sampling Density on Self-Detection (False
Positive) Rate. Linear interpolation of background histograms between nearby
joint states outperforms nearest neighbor interpolation (lower is better). 3 DoF of
robot wrist joints are sampled.

detections occur in this dataset. To investigate the effect that sampling density has
on self-detection rate, we sub-sample the reference dataset by a factor of 2, 3, and
4 per dimension, creating a coarser grid of samples on which the model is built,
and plot the effect on self-detection rate in Fig. 4.4. Self-detection rate increases
as the density of joint-space samples decreases, and linear interpolation leads
to a lower self-detection rate than nearest neighbor interpolation. Self-detection
rate levels off at high sampling densities; we hypothesize that this is because in
rare cases measurement noise leads to self-detections, and measurement noise is
constant regardless of sample density. A coarser sampling of every 30 achieves
similar performance to 15 while requiring an order of magnitude fewer samples.
Coupled with future sensors with a higher frame rate, this means that reference
data capture could be made orders of magnitudes faster for little performance

penalty.

True Positive Rate

To evaluate the true positive rate of our method (i.e. the rate at which an object

is detected when one is present), we capture a dataset of ToF measurements
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Figure 4.5: Objects Used in Experiments, Shown as Placed on the Robot for
Data Capture: Pieces of foamboard have a hatching pattern applied to provide
visual features for ground-truth depth-from-stereo camera.
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Figure 4.6: True Positive Rate as a Factor of the Distance from the Sensor to
the Object, by Object Type: Note that due to random object placement, each
data point may not represent the same number of samples.

in which objects are touching or nearly touching the robot arm. Between each
measurement, the robot is moved to a random uniformly sampled joint state
within the bounds of the reference dataset, and moved the object to a random
distance from the sensor along the robot arm (1-28cm from the sensor); random
distances are used to make data capture faster, ultimately allowing a larger dataset.
We utilize five objects: a human pointer finger, a human hand, and long pieces
of white foamboard cut to 1cm, 2cm, and 4cm in width. The objects are shown

in Fig. 4.5. The finger and hand were captured touching the robot arm, while each
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piece of foamboard was captured at Ocm, 1cm, and 2cm proximity from the arm
itself. In total, the dataset contains 275 captures, each with varying conditions
(object, distance to sensor, and proximity to arm).

We achieve a true positive rate of 78.9%; this is broken down by object and
distance to the sensor in Fig. 4.6. The 4cm wide foamboard and pointer finger are
the easiest to detect at all distances, while the narrower foamboard and hand are
the most difficult. The hand, 1cm, and 2cm-wide foamboard are rarely recognized
beyond 19cm from the sensor. We hypothesize that the difference between objects
is due to a difference in their cross-sectional area and geometric deviation from
the robot. While the hand is a large object, its cross sectional area is small from
the point-of-view of the sensor when the hand is resting flat on the robot, and
the hand does not extend far above the robot surface, leading to a relatively
small change in the histogram. Object albedo might also play a factor; an object
which is much brighter or darker than the robot will cause a larger change in the
measured histogram than one with the same albedo. Lastly, non-line-of-sight
effects (see Sec. 4.5) caused by the rest presence of the wrist and rest of the arm
above the finger may make it easier to detect than the narrow foamboard. Future
work should aim to isolate and negate the cause of the performance gap between

objects.

Distance Estimation

We use the same dataset as in the previous subsection (Sec. 4.5) to evaluate the
accuracy of our distance estimate. Ground truth distance labels are captured
via an Intel Realsense D405 depth-from-stereo camera positioned next to the
ToF sensor. The closest point on each object is labeled, and the depth estimate
extracted from the D405 depth image. Objects closer than the minimum depth
range of the camera are labeled by overlaying an image of the robot arm with
ruler marks onto the captured RGB image of the object.

Fig. 4.7A compares the distance estimate from our method to the actual

distance. We achieve an average absolute error of 2.08cm. Our method under-
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Figure 4.7: Distance Detection Results: A. Actual distance vs. distance predicted
by our method. We achieve an average distance error of 2.08cm. B. Actual
distance vs. distance predicted by a baseline method which utilizes on-sensor
distance estimates. The baseline method never estimates a distance further than
Scm due to the limitation illustrated in Fig. 4.2.

estimates the distance to objects in some cases. One case is when a nearby object
fills a large portion of the FoV, completely changing the shape of the histogram.
When this happens, it is difficult to align the observed histogram to the reference
to localize the deviation. Our method also sometimes under-estimates the distance
to far away objects. We hypothesize that this could be due to a low signal-to-noise

ratio, and/or the presence of the dynamic robot wrist links at those distances.

On-Sensor Distance Estimation

We compare the distance estimation results achieved by on-sensor distance
estimates to our method. The TMF8820 reports up to two distance estimates per-
zone, corresponding to up to two objects in the FoV. For each sample we choose
the distance estimate of the two which achieves the lowest absolute error from
the ground truth to demonstrate the best case for on-sensor distance estimates.
In Fig. 4.7B, we show the distance estimated by this method compared to the true
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Figure 4.8: Detection Rate as a Factor of Object Distance from the Sensor
and Proximity to the Arm: We see that objects beyond 4cm proximity to the arm
are rarely detected, and that the proximity of detection is consistent regardless
of distance from the sensor. This well-defined field-of-view is desirable for
downstream applications.

distance. The distance estimates never exceed Scm, roughly the distance to the
nearest point on the robot. This experiment demonstrates the limitation illustrated
in Fig. 4.2 and makes it clear that the results achieved by our method cannot be

achieved using on-sensor distance estimates alone.

Sensor Field-of-View

We characterize the FoV of the sensor by placing the 4cm and 2cm foamboard at
varying distance from the sensor and proximity to the arm and plot the TPR per
object position in Fig. 4.8. The sensor is 4cm from the robot surface, with the top
edge of the FoV aligned with the surface. Accordingly, we see that detection is
less likely at 4cm from the surface and much less likely at 6cm+. The maximum
detection proximity is consistent across all distances from the sensor, making the
sensor configuration effective for detecting objects that come within 4cm of the

robot surface.
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Condition TPR (1) FPR (])
Base 0.789 0.002
No Preprocessing 0.785 0.002
No Calibration 0.996 0.917

No Bin Trimming 0.938 0.706

Table 4.1: Ablation study: Calibration and bin trimming are necessary to avoid
high false positives. Preprocessing has no effect as the test dataset does not
contain changes in ambient light.

Non-Line-of-Sight Objects

Direct ToF sensors are subject to non-line-of-sight (NLOS) effects, which occur
when photons bounce multiple times before returning to the sensor, as illustrated
by the blue path in Fig. 4.9. As previously noted, this effect is very noticeable
with the brushed aluminum robot surface. We cover the arm with masking tape to
lower this effect for our experiments, but it is still present. In this subsection, we
investigate the prevalence of NLOS effects in our setting.

We investigate NLOS effects over the previously captured dataset (Sec. 4.5).
We treat objects outside of the direct Fol of the sensor (i.e., 6cm and 8cm
proximity to the arm; the top two rows in Fig. 4.8) as NLOS objects. We compare
false positive rate between this set of objects and the case where only the robot
is present. As shown in Fig. 4.10, false positives are much more likely when an
NLOS object is present. The NLOS effect limits the performance of our system
when the detection threshold is limited to not detect NLOS objects; increasing
the sensitivity to detect more distant objects comes at the expense of increased
detection of NLOS objects. On the other hand, for some applications, detection
of NLOS objects may be welcome. In such cases the sensitivity can be increased
to detect more distant line-of-sight objects with little increase in false positives in

the absence of any objects.
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Figure 4.9: LOS-NLOS Ambiguity: There is an ambiguity between distant
line-of-sight (LOS) objects and nearer non-line-of-sight (NLOS) objects outside
of the sensor field-of-illumination. This limits the performance of our method on
distant objects. If the detection threshold is lowered to determine distance LOS
objects, nearer NLOS objects will also be detected.
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Figure 4.10: False Positive Rate Compared Between NLOS Object Present
and no NLOS Object Present: When there is a large object outside of the sensor

field-of-view, false positives are more likely due to three-bounce paths from the
object.
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Figure 4.11: Parameter Tuning Demonstration: Changing method parameters
(t or ¢ described in Sec. 4.4) leads to different operating points on the ROC curve.

Parameter Tuning and Ablation Study

Tuning the parameters ¢ and c (see Sec. 4.4) allows for a tradeoff between false
positive rate and true positive rate. We use the dataset from Sec. 4.5 to test false
positive rate and that from Sec. 4.5 (containing objects Ocm, 1cm, and 2cm from
the robot surface) to test true positive rate. The operating points achieved by
varying ¢ and c are shown in Fig. 4.11. Varying these parameters allows for
tuning of the FPR/TPR trade-off for different scenarios. However, as shown in
Fig. 4.10, increasing the sensitivity of the method also increases the detection
rate of non-line-of-sight objects.

We ablate components of our method and show the effect on true positive
rate and false positive rate in Tab. 4.1. We find that calibration (Sec. 4.4),
and bin trimming are necessary to prevent a high false positive rate. Normal-
ization (Eq. (4.1)) has no significant effect on the results because the test dataset

does not exhibit strong changes in ambient light.

Performance Under Varying Ambient Light

Ambient light affects the histogram, potentially leading to a false positive if

ambient light level changes after reference capture. To evaluate our method under
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FPR (})
Lighting Lux Base Method No Pre-Processing
Dark < 0.1 0.0099 0.0198
Dim LEDs* 100 0.0198 0.0198
Flourescent Lights 500 0.0099 0.1089
Halogen Lights 1000 0.1782 1.0000

Table 4.2: False Positive Rate Under Varying Ambient Light: Poor
performance is observed under bright halogen lights, and performance is worse
with no pre-processing (Eq. (4.2)). * Dim LED lights match the lighting used
during reference capture.

such changes, we capture new reference captures at the same joint locations as
previous experiments. For each of four ambient light levels, 100 measurements of
the robot are captured at random joint positions with only the robot present. We
calculate the false positive rate of our method at each of these four light levels.
The results are shown in Tab. 4.2. Moderate changes in ambient light from the
reference capture (which was taken under the “Dim LED” lighting) do not lead to
an increase in false positive rate. The bright, IR-heavy halogen light source leads
to a sharp increase in false positive rate. This means our method is impractical
when ambient light changes significantly (e.g. moving from indoors to sunlight).
Additionally, we observe that the pre-processing steps described in Sec. 4.4 are
somewhat effective at improving performance under high ambient light. It is
possible that more sophisticated methods for reversing the effect of ambient light
[36] could improve the performance of our method in these scenarios, but they
require an accurate model of sensor hardware which is not available with current

commercially available sensors.

4.6 Demonstration

We demonstrate our method on a URS5 robot arm. As objects approach the arm,

they are detected and their position shown overlaid on an image of the robot as



50

a yellow region corresponding to the range of the detected segments, and a red
line for the detected distance, shown in Fig. 4.1E and Fig. 4.1F. In addition to
the configuration used for experiments (Sec. 4.5), we demonstrate an additional
configuration in which the sensor is positioned orthogonal to the robot surface.
The only change made to accommodate this configuration is that joints 2 and 3 of
the robot are sampled for reference measurements rather than joints 4, 5, and 6.
See youtu.be/Y XwGyWGNJhg?t=66 for a video version of the demonstration.
This demonstration shows that our method is effective under multiple sensor

configurations with minimal adjustments.

4.7 Conclusion and Future Work

The work in this chapter demonstrates that it is possible to use raw ToF measurements
to extract information about objects near a robot arm that would be impossible to
obtain from distance estimates alone. We see poor performance on small objects
when they are placed beyond ~ 15cm from the sensor, limited partially by non-
line-of-sight effects. Future work should investigate fusing sensor measurements
to resolve the ambiguity between line-of-sight and non-line-of-sight objects. Our
method could also be made more practical. We sample joint space uniformly
to capture reference data, which is inefficient; future work should explore
adaptive sampling or vary sampling density based on robot geometry. Creating a
robot system which utilizes our method will require improved sensing hardware
design (i.e. PCBs and integrated wiring) to decrease footprint and increase frame
rate, in addition to integration with kinematics and control algorithms, akin to
[28, 46, 93], to enable human-robot interaction and collision avoidance. A full
system could additionally leverage temporal filtering to improve detection stability
and performance. Further work should also further investigate performance as
a factor of the sensor placement and the geometry and reflectance properties
of detected objects. We believe the method presented in this chapter is a step

towards whole-body proximity sensing with minimal hardware sensing cost.
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5 RECOVERING PLANAR GEOMETRY

In this chapter, we provide methods which recover planar scene geometry by
utilizing the transient histograms captured by a class of close-range time-of-flight
(ToF) distance sensor. Typically, a sensor processes the transient histogram using
a proprietary algorithm to produce distance estimates, which are commonly used
in robotics applications. Our methods utilize the transient histogram directly
to enable recovery of planar geometry more accurately than is possible using
only proprietary distance estimates, and consistent recovery of the albedo of the
planar surface, which is not possible with proprietary distance estimates alone.
This is accomplished via a differentiable rendering pipeline, which simulates
the transient imaging process, allowing direct optimization of scene geometry to
match observations. To validate our methods, we capture 3,800 measurements of
eight planar surfaces from a wide range of viewpoints, and show that our method
outperforms the proprietary-distance-estimate baseline by an order of magnitude
in most scenarios. We demonstrate a simple robotics application which uses our
method to sense the distance and angle-of-incidence of a planar surface from a

sensor mounted on the end effector of a robot arm.

Project website: cpsiff.github.io/unlocking_proximity_sensors/

5.1 Introduction

Optical time-of-flight proximity sensors which measure scene transients have
recently become widely available. These sensors operate by illuminating the
scene with a pulse of light, and measuring the shape of that pulse over time as

it returns back from the scene in a transient histogram. These transient sensors

This work was completed under the supervision of Michael Gleicher and Mohit Gupta.
Yeping Wang programmed the robot arm for the live demo, and helped set up and capture the live
demo. The rest of the work was completed by Carter.
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have seen use in robotics due to their ability to reliably report a distance estimate
over a wide range (1cm - 5m) while being small (< 20 mm?), lightweight, and
low-power (on the order of milliwatts per measurement) [2, 109]. Because of their
form factor, transient sensors can be placed in locations where higher resolution
3D sensors cannot, such as on the gripper or links of a robot manipulator, or on
very small robots. While these sensors have many desirable properties, existing
robotics applications do not utilize the transient histograms, instead relying on
low-resolution (at most 4 X 4 pixel) proximity measurements generated onboard
the sensor. Due to the coarseness of their measurements, these sensors are
presently only used in robotics for coarse sensing, e.g., detecting the presence of
obstacles or distance to a target.

In this work, we utilize transient histograms directly to recover accurate
planar scene geometry, and consistent planar albedo from a single 3 X 3 transient
sensor measurement. Planar geometry is an initial use case for our methods,
and is a special case of 3D sensing that has many applications in robotics. A
robot interacting directly with any planar surface will benefit from sensing the
geometry of that surface accurately and at a close range. For example: a robot
arm placing an object on a tabletop, sweeping a floor, or writing on a flat surface;
a mobile robot localizing the floor and walls of a room; or a drone finding a safe
spot to land. Our method enables accurate recovery of this planar geometry that
otherwise would have required multiple proximity sensors or a depth camera,
while maintaining the same very small form factor and operating at ranges as low
as lcm.

This work is the first to demonstrate that utilizing transient histograms can
improve the performance of proximity sensors over utilizing proprietary on-
sensor distance estimates. To achieve this, our contributions are 1) an effective
forward imaging model for commodity proximity sensors, 2) a differentiable
rendering pipeline which implements the forward imaging model and utilizes
it to recover planar geometry and albedo directly from transient histograms, 3)

an empirically calibrated approach which approximates the performance of the
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differentiable rendering pipeline and acts as a baseline, and 4) empirical evidence
that our approaches outperform alternative methods which do not utilize transient
histograms.

We present two methods for recovery of planar geometry, one of which can
also be used to consistently recover the albedo of the planar surface. To evaluate
our methods, we gather thousands of measurements of eight planar surfaces with
a commodity transient sensor from a range of angles-of-incidence and distances.
We find that our methods which utilize the transient histogram are more accurate
and robust than those which rely on proprietary distance estimates. We also
find that our method recovers consistent planar albedo, which is not possible
to recover from proprietary distance estimates, as they do not encode intensity
information. We build a demonstration application which takes advantage of
the small size of a transient sensor by mounting the sensor to the gripper of a
robot arm. Measurements from the sensor are used to measure the distance to the
surface below the gripper and to ensure that the surface is level before placing an

object.

5.2 Background: Transient Histograms

A transient is a one dimensional temporal waveform which measures the light
reflected from a scene over time in response to a pulsed light source. Recently,
sensors which are able to capture a transient quantized over short (picosecond)
time scales have become available for distance/range measurement using the time-
of-flight principle. We refer to these sensors as transient sensors. These sensors
come in a range of form factors: from high resolution lab-grade arrays to mobile
device LiDAR modules, to very small proximity sensors. Most notable of the
currently available transient sensors is the single photon avalanche diode (SPAD)
[22, 88], which is inexpensive and commonly used in robotics (see Sec. 5.3).

A SPAD-based sensor approximates the transient histogram through a repeated

process. A controlled pulse of light (typically infrared) flood-illuminates the scene
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in front of the sensor. Each sensor pixel records the elapsed time between this
pulse being sent and a single photon arriving at the pixel. This arrival time is
quantized to a discrete bin and accumulated in a transient histogram. Over many
photon arrivals, this histogram approximates the true transient. In practice, a
commodity sensor may record millions of photon arrivals to form a transient
histogram. In sensors with an array of pixels, a transient histogram is generated
for each pixel.

Currently available commodity transient sensors have many desirable properties.
Many are capable of gathering transient histograms at 30 frames per second.
Maximum range varies by model, but may be as high as 5m, with a typical
minimum range of 1cm. There exist techniques for mitigating the effects of high
ambient light on these sensors, enabling their operation in diverse environments
[86, 35].

In this work, we evaluate our method using the SPAD-based TMF8820 sensor
manufactured by AMS. We choose this sensor because it 1) allows access to
transient histograms through an official driver, 2) captures a 3 x 3 grid of transient
histograms at a time, each from a different region of its field-of-view, and 3)
provides access to a “reference histogram” which encodes the intensity of the
laser pulse over time. In the sensor’s default configuration, transient histograms
are summarized onboard the sensor via a proprietary algorithm, and a distance and
confidence estimate are reported for each field-of-view region. We reconfigure
the sensor to report a transient histogram and proprietary distance estimate for
each FoV region. While we utilize the TMF8820 in this work, the methods we
propose can be applied to any sensor which reports a transient histogram.

5.3 Related Work

Transient Sensors in Robotics

Transient sensors are widely used in robotics applications as they provide highly

reliable distance measurements, while being lightweight, low-cost and low-power.
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Tsuji and Kohama [117] demonstrate a “sensitive skin” for a robot arm consisting
of many single-pixel transient sensors. Similarly, Adamides et al. [1] propose an
array of transient sensors mounted around a robot wrist to achieve safe human-
robot collaboration. Escobedo et al. place transient sensor on robot joints and use
them to actively avoid collisions [28]. Transient sensors have been used to detect
obstacles when mounted on a drone [118]. Our previous work characterized
two transient sensors and demonstrated a method for extrinsically calibrating
their position relative to a robot arm to which they are attached [105]. Outside
of robotics, commodity transient sensors have seen use in wearable computing
[103] and inspection applications [69]. In these prior works, only the sensor’s
proprietary distance estimates are utilized. To our knowledge, our work is the

first to utilize the transient histogram in a robotics setting.

Inference from Transient Histograms

Our differentiable rendering pipeline and forward imaging model are heavily
inspired by prior work in imaging. Photon arrival times, like those encoded by
a transient histogram, are heavily utilized in non-line-of-sight (NLOS) imaging,
pioneered by Velten et al. [123]. In NLOS imaging, scene geometry is recovered
from around the corner by reflecting a powerful pulsed laser off a diffuse surface.
Recent NLOS works utilize the same single photon avalanche diode (SPAD)
technology as the sensor that we use in this work [14, 104]. However, the imaging
setup used in NLOS imaging requires a high-powered laser and relatively large,
expensive laboratory grade SPAD sensors, which have thousands of histogram
bins and very precise timing. In contrast, the sensor that we use in this work is
readily available, small, lightweight, and eye safe, but reports only 128 histogram
bins, and has less precise timing and optical characteristics.

A number of recent papers have utilized transient histograms from commodity
SPADs to perform scene inference. Each of these works uses sensors which are
very similar to the one used in this chapter in terms of technology, form factor,

and cost. Callenberg et al. [16] propose the use of transient histograms from
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a SPAD to classify materials based on subsurface scattering (with the sensor
placed in direct contact), generate higher resolution depth imagery, and perform
non-line-of-sight imaging (with additional hardware). Becker and Koerner [6]
also classify materials, but in a non-contact setting. Ruget et al. [101] perform
super resolution and use supervised machine learning to estimate human poses
from transient histograms. Other works also perform super resolution to resolve
higher resolution depth images from relatively few transient histograms [9, 100].
The differentiable rendering approach used in this work is inspired by Jungerman
et al. [42], who use differentiable rendering to recover partial plane parameters
from a single transient histogram. Because the sensor used by Jungerman et al.
reports only a single transient histogram, only two of the three planar degrees
of freedom could be recovered from a single sensor measurement. In contrast,
the multiple transient histograms reported by the sensor used in this work enable
recovery of all plane parameters from a single measurement, and our work is the

first to do so.

5.4 Forward Imaging Model

An accurate forward imaging model is crucial to enabling our differentiable
rendering method. In this section, we give an overview of our forward imaging
model, which is designed for the TMF8820 sensor, but can in principle be adapted
to other sensors. Our model assumes planar scene geometry, with uniform albedo
and reflectance model parameters per-plane. For a more general forward imaging
model that is sensor agnostic, refer to previous work [42]. We consider a set
of transient histograms which are simultaneously captured by a transient sensor
over different fields-of-view. We refer to this set of histograms as an image ®.
Each image consists of n histograms ¢ € ®. Each histogram consists of m bins,

i1 <1< m.
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Surface Reflection Model

We utilize the Phong reflection model [89], in which a surface’s reflection
properties are parameterized by its albedo «, specular exponent k., and specular
weight k;. We assume that the light source and sensor are co-located, the pulsed
laser source is the only light in the scene, and the strength of illumination is
uniform over the field of view. The intensity / of incident light returned by a ray

r € R3 intersecting with plane ax + d = 0 is given by:

I=ax*(l—k)(r-a)+k(2(r-a)a+r) r) (5.1)

SPAD Saturation

The Phong reflection model alone does not take into account light falloff or unique
properties of the SPAD sensor. Previous work [36] has established that, due to
the nature of SPADs, the number of detected photons p follows a soft saturation
curve in relation to the number of incident photons ¢, given by p = 1 — ™%,
Due to the inverse-square law, a ray which travels distance r from the sensor
before bouncing off the scene returns with an intensity of 1/r2. We incorporate
the plane’s albedo «, as well as the output / from the lighting model given in
Eq. (5.1). The asymptotic highest possible photon detection count o is a property
of the sensor. The sensor gain parameter g scales the intensity for an individual
ray—this 1s included because in practice we do not simulate as many rays as
photons are actually measured by the sensor. The number of detected photons p
is then given by:

p=o(1—e 9/ (5.2)

Histogram Formation

Consider a histogram ¢ which images a plane given by ax + d = 0, with a
uniform albedo and reflectance parameters. Let the sensor reside at the origin,

and let R be a set of rays uniformly sampled from the field-of-view which ¢
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images. If ¢ has n bins, a bin temporal “size” of ¢, and a bin offset w (meaning a
flight time of t is recorded as ¢ + w), the value of an individual histogram bin is
given by:

is=w+t(i—1) te = w + 11

21114 £ d
raw p(r) leS < ||lSeC (I‘,87 )||2 <i,
=2 ¢ (5.3)
rer (0 otherwise

Where p(r) is the intensity of light returned by ray r, as given in Eq. (5.2), ¢ is the
speed of light, and i sect(-) € R? is the intersection point of r with ax + d = 0.
Because the sensor that we model (TMF8820) filters out ambient light on-sensor,

we assume no ambient light in our imaging model.

Laser Impulse

The sensor which we model records the intensity of its laser impulse over time by
piping the laser pulse directly to a SPAD [2], and reports the result as a “reference
histogram”. The captured transient histogram is effectively temporally blurred
by a kernel matching the reference histogram. To replicate this effect, we cross-
correlate the reference histogram with the generated histogram as a step in our
forward process, as shown in Fig. 5.1. In the case of the TMF8820 sensor that we
utilize, the temporal scale (bin size) is not the same in the reference histogram
0 as in the transient histogram ¢, so we temporally scale § by a factor s5 before

applying the cross-correlation. The histogram after correlation is given by

corr

P = """ x rescale(d, ss) (5.4)

Where + denotes the cross-correlation operation, and the rescale function

scales the function ¢ temporally by s;.
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Figure 5.1: Illustration of Convolution with the Laser Impulse: The raw
rendered histogram is cross-correlated with the reference histogram (which
encodes the laser pulse intensity over time) to generate the output histogram
of our forward imaging model.

Inter-histogram Interference

The sensor that we model suffers from inter-histogram interference, meaning
light detected in one histogram is also detected in other histograms, scaled by a
factor. We assume that one histogram interferes with all other histograms with an
equal magnitude ¢/, meaning that a bin value of = in one histogram will manifest
as vz in all other histograms. Formally, for a histogram ¢ € ®, where ¢; is the
i™ bin of ¢,

i =0T Y T (5.5)

¢corr G(I)cor'r

5.5 Differentiable Rendering Pipeline

Our differentiable rendering pipeline recovers plane parameters by minimizing
the loss between an observed histogram and the output of a render function.
The render function renders a histogram image ®" as a function of four sets of
variables: the scene geometry G, reflectance model parameters F', the sensor’s

forward imaging model parameters C', and the sensor’s reported laser impulse 9:
" = R(G, F,C,)) (5.6)

The render function assumes that the sensor is placed at the origin and the
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optical axis is aligned with the positive z axis. The planar geometry G is given
by the angle of incidence 6 of the optical axis to the plane, the intersection point
of the plane with the z axis 7, and the azimuth angle ¢, which denotes rotation
about the optical axis.

The lighting parameters I’ are comprised of the Phong reflection model
parameters (ks, k., o). The camera parameters C' are comprised of those described
in Sec. 5.4 (n,t,g,v, ss,0), along with 36 scalar parameters which define the
height, width, and center of each of the sensor’s 9 FoV regions. These FoV
parameters are derived from the TMF8820 specification sheet [2], and are not
differentiable in our implementation. Also included in C' is an integer which
denotes the number of random ray samples used to render the transient histogram.
We keep this fixed at 2304 per FoV region. The impulse response function ¢ is
reported by the sensor along with every image.

To compare the rendered histogram ®" to the observed histogram ®°, the

following loss function L is used:

T o

o
max(¢®) max(p°)

LD, )= > (5.7)

(" ,p°)EDT, DO

2

Dividing by the magnitude of the observed histogram ensures that high magnitude
histograms do not dominate the loss. Unlike previous work [42], we do not use
a Fourier transform-based loss function. In our tests, the L2-norm function
above performed slightly better. We believe this is because we utilize a good
initial estimate from the histogram peak based approach described in Sec. 5.6. A
Fourier-based loss excels when the rendered and observed histograms are very
different, but may not provide as strong of a signal when they are similar. We
adapt Mu et al.’s Python implementation [74] of the algorithm given by Urea et
al. [121] to uniformly sample rays from the rectangular FoV of the TMF8820.
The process of assigning a value to a histogram bin is inherently non-diff-
erentiable, as there is an instantaneous change in the output histogram as the

input crosses a bin boundary. Following previous work [42], we make the render
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function differentiable via a soft binning process, in which a Gaussian kernel
is generated centered at each input datapoint, and these Gaussians sampled
at the bin centers and summed across the datapoint dimension to generate an
approximation of the histogram. In our implementation, each Gaussian is also
weighted according to its intensity, which is given by Eq. (5.2). The same soft
binning process is used to temporally scale the reference histogram 9.

To tune the parameters of our forward imaging model, we utilize a large
dataset D of ($°, 9) pairs, each with an associated ground truth geometry G. We
minimize the reconstruction loss, as given in Eq. (5.7) over the entire dataset to

find the ideal camera parameters C*:

C* = arg min g L(R(G,F,C,§),d°%) (5.8)
c
(®°,G,0)eD

Where the reflectance model parameters F' are free variables. This optimization
only needs to be performed once, as C* remains fixed for a given sensor.

To recover the geometric parameters G* of a planar surface from a single
image $° with reference histogram 9, we use the optimized forward imaging
parameters C*, while allowing the scene geometry GG and reflectance model

parameters F' to change:

G*, F* = argé“r;lin L(R(G,F,C*,9),P°%) (5.9)

Performing this optimization also recovers the reflectance model parameters

F™ of the surface. We evaluate the consistency of the surface albedo recovered

by this approach in section Sec. 5.7. Recovery of other reflectance parameters is

left for future work as it is outside of the scope of this chapter, and evaluation of
these parameters is difficult.

Optimization is performed via stochastic gradient descent using the Adam

optimizer [47]. The render function R is implemented in PyTorch with gradients

generated through automatic differentiation. To initialize G in Eq. (5.9), we use
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the output of the histogram peak based approach described in Sec. 5.6. We observe
that regardless of what reasonable starting estimate is used, the optimization tends

to converge to the same solution for planar geometry.

5.6 Histogram Peak Based Approach

We provide an empirically calibrated approach which is able to approximate the
performance of differentiable rendering on the plane recovery task. This method
operates by estimating the distance to the plane in each field of view, projecting
outwards by the distance, and fitting a plane to the projected points. To tune the
method, we optimize a linear mapping from histogram bin to distance (given
by parameters m and b below). We also optimize the angle at which points are
projected outwards; a different angle is used depending on whether the histogram
corresponds to a field of view region on the edge or corner of the overall 3 x 3
region field-of-view (s, or s. respectively). The algorithm for this approach is
shown in Algorithm 1.

To find the location of the peak in a histogram ¢, we fit a piecewise cubic curve
to the 128-bin histogram, and sample that curve at 10x density around the highest
individual bin. The temporal position of the highest point on the interpolated
curve is the location of the peak. This process captures variations smaller than the
~ 1.2cm equivalent bins of the histogram by using the relative intensity between
adjacent bins. We find empirically that this approach outperforms picking the
highest bin without interpolation.

To determine the optimal parameters m, b, s., and s, to the RecoverPlane
function, we find the parameters which minimize the error in the reconstructed
plane over some calibration dataset D which contains images ¢ along with ground

truth planar geometry a, d:

m*, b, sk, st = argmin Z ep(f(P,m, b, se, 5¢), a,d) (5.10)

m,b,8e,Sc & a.deD
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Algorithm 1 Empirically calibrated algorithm for recovering planar geometry
from a set of transient histograms using histogram peaks
function RECOVERPLANE(®, m, b, s., S.)
pts <[]
for o in ® do
1 <— the temporal coordinate of the peak of ¢
dist <—ixm+0b
u <— unit vector pointing to center of FoV of ¢
if ¢ images an edge FoV region then
Scale angle of u from optical axis by s,
else if © images a corner FoV region then
Scale angle of u from optical axis by s,
end if
pt < u * dist
Append pt to pts
end for
Fit a plane to pts via SVD [12]
return the parameters a, d of the fit plane
end function

where the ¢, is the point error between two planes, as defined in Eq. (5.11),
and f is the RecoverPlane function given in Algorithm 1. We perform this
optimization using the Nelder-Mead method [78] with finite difference estimation
of derivatives, via the SciPy Python library. As this optimization is performed

only once, speed is not crucial.

5.7 Experimental Results

Sensor Configuration

We run the TMF8820 in “short range, high accuracy” mode, in which it reports
128 bins with an individual bin size equivalent to ~ 1.2cm of distance. We run
the sensor in the default configuration of 4 million iterations (light pulses) per

measurement, and use the default field-of-view configuration, which gives an
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FoV of 33 x 34, divided into 3 x 3 regions, with a transient histogram reported

for each region.

Metrics

We use three metrics to measure the accuracy of plane recovery. Assume that
we are comparing two planes given by a;x + d; = 0 and asx + dy = 0, where
dy > 0, dy > 0, then the angular error €, = arccos(a; - ay). Linear error is
given by €, = |d; — ds|. These metrics are intuitive, but the trade-off between the
two is not clear. To capture error with a single metric, we define point error ¢,,.
Given a random ray originating at the sensor and within the sensor’s FoV, point
error captures the expected difference between the intersection of that ray with
the predicted plane and with the ground truth plane. Formally:
Y rerllisect(ar, di,r) — isect(ay, da, 1)l

= A1
" K ey

where isect(a, d,r) returns the 3D point of intersection between plane ax+d =
0 and ray r, and I? is a randomly sampled set of rays originating at the sensor and
within the sensor’s FoV. In practice, we set R to be an 8 x 8 grid of rays which

uniformly cover the sensor’s FoV for repeatability.

Planar Recovery

We evaluate five different approaches for planar recovery:
1. Differentiable rendering, the optimization problem in Eq. (5.9) is solved.

2. Peak finding - calibrated, the histogram peak based approach given by
Algorithm 1 is performed with optimized parameters given by Eq. (5.10).

3. Proprietary distances - calibrated, the same as 2), but utilizing distance

estimates generated onboard the sensor rather than histogram peak locations.
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Figure 5.2: Materials Used for Evaluation of Planar Recovery: (a) aluminum
foil; (b) red painted drywall; (c) wooden table; (d) whiteboard; (e) white paper;
(f) black fabric; (g) checkerboard; (h) patterned rug.

4. Peak finding - naive, the histogram peak based approach is used, but without

optimized parameters.

5. Proprietary distances - naive, the same as 4), but utilizing distance estimates

generated onboard the sensor rather than histogram peaks.

To generate ground truth data, we mount a TMF8820 sensor to a custom
3D printed end effector for a Universal Robots URS robot arm. We manually
calibrate the position of the sensor relative to the end effector, and use the robot’s
forward kinematics (which are quoted as precise to + 0.1mm) to gather ground
truth sensor poses. To determine the position of the plane relative to the robot,
the end effector is touched to the plane at a number of points, and a ground truth
plane is fit to these points. The robot is used to automatically move the sensor,
allowing us to generate a large dataset of planar images (3,800 images total) from
a variety of distances (Z), angles-of-incidence (6), and azimuth angles (¢). All
measurements were captured in an artificially lit room.

To ensure the validity of our results when comparing differentiable rendering
to other approaches, we use the worst-performing naive proprietary distances

approach as a starting estimate, and perform 100 iterations of gradient descent.
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Angular Error () Linear Error (mm) Point Error (mm)
Method Mean Median 95% Mean Median 95% Mean Median 95%
Differentiable Rendering” 3.40 197 1290 2.46 1.90 6.51 3.79 3.17 8.46
Peak Finding - Calibrated" 3.57 222 1344 2067 2.11 7.13 394 3.52 7.92
Peak Finding - Naive 5.68 387 1842 6.15 528 1356 7.70 6.96  14.28
Proprietary Distances - Calibrated’  7.34 471 2597 4920 6031 6841 5244 6296 69.60
Proprietary Distances - Naive 8.87 4.71 30.06 6031 7196 78.14 6545 76.26 83.15

Table 5.1: Comparison Between Our Method and Methods Using Proprietary
Distance Estimates: Methods which utilize the histogram outperform those
which use proprietary distance estimates in all metrics. Images in range 1-
30cm to plane, 0-30Ao0l on surfaces (c) - (h). 400 measurements per surface.
Measurements of surface (b) from the same range were used optimize forward
model of differentiable method (*) and calibrate “calibrated”” methods (). 95%
refers to the 95" percentile of error. See Sec. 5.7 for a description of methods.

Point Error (mm)

Method Mean Median 95%

Differentiable Rendering” 6.26 352 2231
Peak Finding - Calibrated® 6.80 3.78 23.58
Peak Finding - Naive 1584 1145  44.56
Proprietary Distances - Naive 4223 2215 130.46

Proprietary Distances - Calibrated” 74.45  75.45  143.51

Table 5.2: Comparison Between Our Method and Methods Using Proprietary
Distance Estimates Over a Wide Range: Methods which utilize the histogram
outperform those which use proprietary distance estimates in larger range of
plane parameters. Measurements cover range 1-70cm, 0-45A01 of surface (b).
Measurements of surface (e) from range 0-30cm, 0-30 Aol were used optimize
forward model of renderer (*) and to calibrate “calibrated” methods (}).

One iteration takes about 0.05 seconds on a mid-range laptop (i7-10705H,
NVIDIA GTX 1650Ti). In real-world operation, a better starting estimate could
be used and fewer iterations performed. The peak-based approaches operate at
95Hz on the same hardware, exceeding the 30Hz at which the sensor reports data.

A comparison between the five approaches is given in Tab. 5.1. Methods

which utilize transient histograms consistently outperform those which rely on
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Figure 5.3: Higher Angle-of-Incidence Leads to Higher Error in
Reconstruction: Measurements of materials (c)-(h) cover distance range 0-
30cm. Whiskers extend to 5 and 95% percentile.

proprietary distance estimates. We see that the differentiable rendering approach,
which utilizes the entirety of the information in all nine histograms, outperforms
peak finding approaches, in which each histogram is reduced to a single value.
Our peak finding approach comes close to the performance of differentiable
rendering across the board, even outperforming it in some cases, offering speed
at the expense of generality. We believe the large gap between the “peak finding”
and “proprietary distances” approaches can partially be explained by a difference
in interpolation method; the interpolation method used onboard the sensor may
be less accurate than the one used in our peak finding method. However, in our
testing we found that even when using no interpolation at all, our peak finding
approach outperformed the proprietary distances approaches, necessitating an

additional explanation.
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Figure 5.4: Distance to the Planar Surface has Little Effect on Reconstruction
Error: Measurements of materials (c)-(h) cover Aol range 0-30. Whiskers extend
to 5™ and 95" percentile. Ticks on x axis denote center of 54mm bins.

We suspect that the proprietary algorithm onboard the sensor is not overly
naive, but instead is designed to be more general purpose than our approach.
Plane fitting is a special case; an algorithm which performs well for a variety of
potential use cases may not be optimal for plane fitting. The peak finding method
that we use was chosen because it is effective at recovering planar surfaces.
By accessing the transient histograms directly, we were afforded the ability to
make this choice. Results of planar recovery over a wider range of sensor poses
are shown in Tab. 5.2. The effect of angle-of-incidence (Aol) and distance on
reconstruction error is shown in Fig. 5.3 and Fig. 5.4.

We evaluate our method on a range of surfaces and report the results in Tab. 5.3.
The parameters of the “calibrated” methods and imaging model parameters of

the differentiable rendering methods were trained on measurements of the red
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Mean Point Error (mm)

Material Diff. Render Peak Find Propr. Dist.
(b) Red drywall* 2.05 3.09 4.68
(e) White paper 2.51 3.45 63.0
(f) Black fabric 2.51 3.35 72.5
(h) Patterned rug 2.69 3.62 62.7
(c) Wood 4.19 4.03 60.7
(d) Whiteboard 5.12 5.82 54.9
(g) Checkerboard 6.94 4.12 61.1
(a) Aluminum foil 12.7 15.0 25.3

Table 5.3: Performance of Planar Recovery by Surface: Our methods are
generally robust to surface properties, aside from highly specular aluminum foil.
Images in range 1-30cm, 0-30 Aol. *Measurements of red drywall are used to
optimize forward model of differentiable method and to calibrate peak finding
and proprietary distance approaches.

painted drywall. We see that our methods are generally robust to this change
from training to testing surface, particularly when that surface has a uniform
texture and albedo. Our methods are slightly less robust to textured surfaces such
as wood and a patterned rug. We see diminished performance with the slightly
glossy whiteboard, and the checkerboard surface, which has spatially varying
albedo. Performance is significantly diminished on the specular aluminum foil.
We observe that the proprietary distance based approach tends to overfit
when calibrated to a dataset. There is evidence of this overfitting in the longer
range test in Tab. 5.2; the calibrated histogram approach improves over the naive
approach, while the calibrated proprietary distance approach performs worse
than the naive. This is because the parameters of the “calibrated” approaches
were calibrated to recover planar geometry on images of a different surface over
a different range of distances and angles of incidence. While the histogram
based approaches, including differentiable rendering, are robust to this change in

surface, the approaches which utilize proprietary distances are not.
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Figure 5.5: Albedo Recovery Results: Our method recovers consistent surface
albedo under various distances and angles-of-incidence. Recovered albedo is in
the wavelength of the sensor light source (940nm IR), and may vary significantly
from the albedo as it appears to the human eye under visible light. Each surface
is observed from 300 poses in range 7-40cm, 0-30 Aol.

Albedo Recovery

We evaluate the performance of our differentiable renderer for recovering surface
albedo, as given in Eq. (5.9) by recovering the albedo from images of three
planar surfaces which have a uniform texture and albedo. We only evaluate the
consistency of the recovered albedo, not the accuracy. Evaluating the accuracy
would require an accurate characterization of the wavelength of the sensor light
source, and surfaces with a known albedo in that wavelength, which is outside
the scope of this work. We find that this method recovers a consistent albedo per-
surface relatively invariant to distance in the range 7-40cm and angle-of-incidence

in the range 0-30, allowing discrimination between surfaces, as shown in Fig. 5.5.
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5.8 Example Application

We build an application to showcase our methods, in which a robot arm is holding
a cup of liquid. The robot’s goal is to safely place the cup on a tabletop below,
which is at an unknown distance and may have regions which are not level. In
our application, we attach a TMF8820 transient sensor directly to the gripper of
the robot arm. Due to its small size, the sensor can be placed centimeters away
from the jaws of the gripper, where it senses the surface below directly, making it
invulnerable to occlusions.

Using our approach for recovering planar geometry, the robot is able to sense
the distance to and slope of the surface below the cup being held in the end
effector, as shown in Fig. 5.6. The robot uses this information to know when it is
close enough to the surface to place the cup down, and to ensure that the surface
is level enough to safely release the cup. See youtu.be/vIdfpmd6OE0?t=258 for a

video demonstration.

5.9 Limitations

While the differentiable rendering method given in this work can in principle
recover any unknown parameters to the render function, we only evaluate recovery
of scene geometry and albedo. A next step is to investigate recovery of the
reflectance model parameters of a surface. While our method in principle
enables such recovery, evaluation is difficult. Another next step is recovering
other types of geometry. Our approach can in principle easily be adapted to
other parameterized surfaces, e.g., a sphere or cube. Extending to arbitrary
geometry would require a more general differentiable representation, e.g. a neural
representation akin to NeRF [72]. As both of these tasks introduce extra degrees
of freedom into the optimization process, they may require a more accurate and/or
sophisticated model of the transient histogram imaging process to sufficiently

constrain optimization.


https://youtu.be/vJdfpmd6OE0?t=258
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Figure 5.6: Plane Recovery Demo: We mount a proximity sensor on a robot
gripper (top). The sensor detects when the surface below the gripper is level and
safe to place a cup full of liquid (bottom left) or is not level and therefore unsafe
(bottom right).

One challenge for future work is the low bandwidth available on commodity
sensors. In our test setup, histograms are read from the sensor at 4.5 frames
per second (where one “frame” consists of nine histograms) despite the sensor
generating proximity estimates at 150Hz. This is not a limitation of the sensor
technology, but of the I>C interface over which it transmits data. We hope that
commodity SPAD sensors will in the future come packaged with high bandwidth
interfaces to enable granular and high-speed sensing. Algorithms will also need
to be optimized to perform inference quickly enough to keep pace with higher

bandwidth sensors.
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Lastly, we provide only a basic demonstration of utilizing transient histograms
in a robotics setting. It is yet to be shown that utilizing these histograms leads to
improvement in performance of downstream robotics tasks. An important next
step is to build a complete robotics system which utilizes transient histogram data,
and evaluate the system performance compared to alternative sensing modalities.
We are hopeful that future robotics systems will harness the power of transient
histograms to be highly aware of their environment on a low size, weight, and

power budget.
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6 RECONSTRUCTING PARAMETRIC 3D
SCENES

In this chapter, we aim to recover the geometry of 3D parametric scenes using
very few depth measurements from low-cost, commercially available time-of-
flight sensors. The time-of-flight data captured by these sensors encodes rich
scene information and thus enables recovery of simple scenes from sparse
measurements. We investigate the feasibility of using a distributed set of few
measurements (e.g. as few as 15 pixels) to recover the geometry of simple
parametric scenes with a strong prior, such as estimating the 6D pose of a
known object. To achieve this, we design a method that utilizes both feed-
forward prediction to infer scene parameters, and differentiable rendering within
an analysis-by-synthesis framework to refine the scene parameter estimate. We
develop hardware prototypes and demonstrate that our method effectively recovers
object pose given an untextured 3D model in both simulations and controlled
real-world captures, and show promising initial results for other parametric scenes.
We additionally conduct experiments to explore the limits and capabilities of our

imaging solution.

Project website: cpsiff.github.io/recovering_parametric_scenes/

This work was completed under the supervision of Yin Li, Mohit Gupta, and Michael
Gleicher. This is joint work with Yiquan Li, with additional help from Yiming Li and Fangzhou
Mu. Yiquan led feedforward network training and architecture, and ran many experiments.
Yiming led the development of the differentiable mesh renderer. Fangzhou contributed to the
development of the simulator used to generate training data. Carter led data capture, overall
ideation and experiment design, sensor characterization, baseline methods, writing, figures, and
presentation.


https://cpsiff.github.io/recovering_parametric_scenes/
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Figure 6.1: Overview of Our Method for Recovering Parametric Scenes:
We introduce a method for recovering the geometry of parametric 3D scenes,
such as the 6D pose of a known object, from a distributed set of very few (e.g.,
15), diffuse (i.e., wide field-of-view) single-pixel ToF Sensors. Methods based
on traditional depth sensors suffer poor performance under a low-pixel-count
regime due to their sparse coverage. Our method outperforms a point cloud-based
baseline by utilizing the entirety of data recovered by a diffuse ToF sensor.

6.1 Introduction

Time-of-flight (ToF) cameras such as LiDARs are a key technology for modern
3D vision, enabling tasks like pose estimation, shape reconstruction, and object
recognition, with applications spanning fields such as robotics, augmented reality,
and autonomous driving. Most current methods for inference from ToF imagery
depend on dense 3D data, usually represented as a point cloud captured by high-
resolution camera(s). It is generally accepted that a dense collection of depth
measurements (e.g., ToF pixels as points) is vital for precise 3D vision. While
certain applications do require high-resolution geometry, can some vision tasks
be accomplished with only sparse 3D measurements?

This question is particularly relevant given the recent emergence of low-cost
(< $3 USD per unit), miniature (< 5 mm across) ToF sensors [109, 2]. These
sensors, already deployed in mobile [114] and wearable applications [82], are
often implemented with a single photon avalanche diode (SPAD) array [79, 73],
featuring very limited pixel counts (even a single pixel) yet a wide field-of-
view (FoV) per pixel (e.g., 30°). They capture raw ToF data with a transient
histogram—a 1D waveform that encodes the intensity of light returning from

the scene at pico-to-nanosecond timescales, integrated over a pixel’s entire FoV.
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Traditionally, these histograms are processed into a point cloud by detecting and
converting their peaks into depth estimates. However, this processing reduces the
high-dimensional histogram to a single number, eliminating potentially useful
information. Our key hypothesis, inspired by recent studies [75, 7, 58, 42],
is that while these sensors cannot recover high-resolution point clouds, even
a few transient histograms encode rich scene information sufficient for various
downstream 3D vision tasks. An example is recovering scenes with low geometric
complexity or scenarios where a strong geometric prior (e.g., a low-dimensional
parametric shape model) is available. Our question is, under these conditions,
what is the minimal number of depth measurements required to recover 3D
scenes?

As a first step towards addressing this question, we investigate the recovery
of simple parametric 3D scenes using very few ToF measurements, each with a
wide FoV (see Fig. 6.1), e.g., as few as 15 pixels captured by spatially distributed,
low-cost single-pixel SPAD sensors. We assume a 3D Lambertian scene defined
by a parametric shape model and aim to recover the parameters of that model
using a limited number of transient histograms captured from known fixed poses.
We place special emphasis on the task of 6D pose estimation, which is a specific
case of parametric scene recovery. In this case, the parameters that we aim to
recover are the position and orientation of a known object mesh. We focus on 6D
pose estimation because it is a well-defined problem with practical applications
in robotics and augmented reality. This makes it a good testbed to tackle the
fundamental challenge: utilizing very low resolution sensor data. With very
few pixels, each of which integrates over a wide FoV, recovering 6D pose is
challenging.

To solve this problem, we present an analysis-by-synthesis based approach.
Our method integrates (1) a learning-based feedforward model which predicts an
initial estimate of scene parameters; (2) a differentiable renderer that synthesizes
sensor measurements given scene parameters in the parametric model; and (3)

an optimization-based refiner that iteratively renders sensor measurements to
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optimize scene parameters using the differentiable renderer. To address the
scarcity of real-world imaging data, we re-use our renderer to generate a large-
scale synthetic dataset for training our feedforward model, and explore its ability
to transfer to real-world captures.

We develop hardware prototypes for real-world capture and evaluate our
approach using both simulated and real-world data. In real-world tests, our
approach successfully estimates poses of even non-Lambertian objects using only
15 ToF pixels and an untextured object mesh. Moreover, leveraging our approach
and hardware, we also briefly investigate two other forms of parametric scene
recovery: parametric shape recovery (i.e., the position and scale of a known
spherical object), and human hand pose recovery (i.e., pose and articulation), for

which we demonstrate encouraging preliminary results in real-world settings.

Scope and Limitations. While our problem formulation is general, we focus on
6D pose estimation, with a limited exploration of two other forms of parametric
scene recovery. Our main objective is to establish feasibility rather than present
an immediately deployable solution. To simplify real-world experiments, we
make key assumptions, such as Lambertian surfaces, co-located sensor and light
source, and known sensor poses. While robustness to varying scene reflectance
and imperfect sensor poses are assessed in our experiments, our approach and
prototype are not yet practical for widespread use. Moreover, we rely on currently
available consumer hardware, which has a restricted sensing range, limiting our

experiments to tabletop scenes.

6.2 Related Work

Time-of-flight (ToF) Imaging with SPADs. A ToF camera emits light pulses
and measures the return time of incident photons to estimate distance. SPAD
sensors have increasingly been adopted for ToF imaging, typically combined
with a co-located light source (e.g., laser) [73]. This setup has been successfully

applied to fluorescence lifetime imaging [102], novel view synthesis [67], and
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non-line-of-sight (NLOS) imaging [128, 39, 49, 48, 29]. Many of these systems
rely on large, costly SPAD arrays (>$10K USD) with high spatial and temporal
resolution. Recent works have explored low-cost SPAD sensors (<$3 USD) with
limited pixel counts and lower temporal resolution for applications such as NLOS
imaging [16, 131], shape reconstruction [75], human pose estimation [101], and
SLAM [61]. Our work also explores low-cost SPAD sensors for ToF imaging;
however, our primary focus is on the feasibility of using a minimal number of
SPAD sensors for parametric scene recovery.

A key component in SPAD imaging is modeling the image formation process.
Sifferman et al. [107] introduce a simple model for miniature ToF sensors. Recent
works model the SPAD image formation process with differentiable functions
for laboratory-grade [68, 65] or commodity [75] sensors, enabling gradient-
based optimization and facilitating 3D tasks such as pose estimation and shape
reconstruction. Our work modifies the sensor model in [75] to accommodate

differentiable mesh rendering.
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Figure 6.2: Overview of our method as applied to 6D pose estimation. Our
method consists of two components: 1) a pose prediction module, where a
feedforward network estimates initial object pose from a sparse set of input
transient histograms; and 2) a pose refiner, where a differentiable renderer is
integrated into an analysis-by-synthesis framework to iteratively optimize the pose
estimates. Yellow boxes indicate inputs. Green boxes indicate (intermediate)
outputs. The optimization loop is illustrated with green arrows.

3D Vision with Low-Cost SPADs. Prior works have explored feedforward neural
networks for inference from transient histograms. Pixels2Pose [101] proposes a

learning-based method to estimate whole-body human pose from a single 4 x4
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pixel transient histogram. DELTAR [58] and Jungerman et al. [42] both predict
high resolution depth images from ToF transient(s) plus an RGB image. The
neural networks in these prior works are generally trained on real-world data only,
or on simulated data generated from a simple sensor model. In this work, we
train on simulated data generated via a high-fidelity sensor model.

Recent works have considered an analysis-by-synthesis (AbS) paradigm,
which uses differentiable rendering to align a set of underlying scene parameters
with observed transient measurements. Sifferman et al. [107] design an AbS
pipeline to recover 3DoF plane pose and albedo from a set of 3x3 transient
measurements. Mu et al. [75] present a method to recover arbitrary 3D scenes
from a distributed set of >100 single-pixel transient measurements. Behari et
al. [7] leverage AbS to reconstruct arbitrary 3D scenes from a miniature ToF
sensor plus an RGB camera. Liu ef al. [61] build a neural radiance field for dense
SLAM by integrating data from a miniature ToF sensor with an RGB camera.
Luo et al. [65] reconstruct 3D scenes from transient measurements from very
few viewpoints, however they use a high-resolution scanning LiDAR with higher
fidelity and data rate than the miniature ToF sensors we consider.

Our work shares a similar goal to prior studies that use multiple sensors for
3D scene recovery. However, our focus is on leveraging strong geometric priors

to push the limits of scene recovery using only a few low-fidelity sensors.

6D Pose Estimation. 6D pose estimation aims to determine the 6 degree-of-
freedom pose of a known rigid object relative to the camera, given its 3D mesh
model. Recent approaches use supervised learning to directly regress object pose
from RGB and/or depth images [125, 127, 84, 53, 15]. The predicted pose can be
further refined via an AbS pipeline [125, 116, 53, 50]. We take inspiration from
the success of these works in designing our approach, integrating a feedforward

network for initial pose prediction and an AbS pipeline for pose refinement.
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6.3 Scene Recovery from a Few ToF Pixels

Problem Formulation. We aim to recover 3D geometry of a Lambertian scene
specified by a set of parameters P from a distributed set of n ToF sensors with
known poses. We make two key assumptions regarding the sensing setup and
scene representation. First, we assume that each ToF sensor operates via a co-
located diffuse light source with a finite field-of-view, and reports a transient
histogram h which captures the intensity of light returning from the scene after a
controlled pulse of illumination. This assumption covers a range of ToF sensors,
including flash LiDAR and the low-cost SPAD sensor considered in this chapter.
Second, we utilize a mesh-based 3D scene representation, where the scene is
modeled as a polygonal mesh composed of interconnected triangles that define
its shape and surface. Mesh-based representations are widely used in graphics
and many shape models are built on meshes [97, 57, 62, 129]. In this case, P can
be the 6 DoF pose of a 3D object mesh or parameters for a mesh-based shape

model. Our goal is to estimate P from the set of measured histograms {h;}? ;.

Method Overview. Our method consists of two steps: 1) given a set of input
transient histograms {h;}!" ,, a feedforward network outputs a prediction Pgg
of the scene parameters, and 2) an analysis-by-synthesis based refiner takes Pgg
as an initial estimate, alongside camera pose and any other scene prior (e.g.,
a parametric model), and iteratively optimizes Pgr to minimize the difference
between the measured histograms {h;}! , and histograms synthesized by our
differentiable renderer. An illustration of our method as applied to the task of
6D pose estimation is shown in Fig. 6.2. In what follows we introduce the SPAD

image formation process and present each component of our method.

Background: Transient Formation Model

We utilize physics-based sensor modeling to accurately render the transient
histograms {h;}?_,. For each captured histogram, the laser source emits Nep;;

photons. Assuming that the source is co-located with the sensor at the origin
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o, the rays of the emitted photons can be parametrized by a direction w. As
in [75, 42, 107], we ignore high-order light paths and consider one-bounce paths
only. Therefore, each photon travels from o to a point on the scene  and then
back to o, where * = x(w, M) is the first intersection between the ray in the
direction of w and the scene M.

Following prior work [75, 42], the expected number of photons N [i] received

by the sensor within the -th bin, in its angular integral form, is

—w,'fz(a:)>
|2

2|l

N[i] = Nomi / I(w)p<w> < W ) dw 6.1
Q ™

where (2 is the space of solid angles within the FoV of the sensor. /(w) encodes

the intensity of the laser along the direction w. p(x) is the albedo, and n(x) is

the normal of the surface at . t; = 1At corresponds to the time of the leading

edge of the i bin, with At as the bin width. Lastly,

1 if t e[t ti + Al),
Wit 1) = (6.2)

0 otherwise

bins the photons. Due to hardware effects, the binning of photons is not perfect
in reality. h[i] in fact might also detect photon arrivals near but outside that bin,
and is affected by the shape of the outgoing laser pulse. Therefore, we convolve
the expected photon numbers with an empirically derived discrete jitter kernel s

to account for this effect
hli] = EjN[i + Ai — j]slj], (6.3)

where Az is sensor-specific, constant temporal offset to the histogram, which

needs to be calibrated.

Pile-up Correction. Previous works [36, 75] model the pile-up effect, which
can significantly alter the measured histogram at high levels of ambient or active

flux. To mitigate this effect, many existing sensors pre-process the histogram with



82

algorithms like Coates’ correction [20]. With this correction and under reasonable
lighting conditions, the pile-up effect is often negligible. We thus do not include

pile-up in our imaging model.

Differentiable Rendering

We numerically integrate Eq. (6.1) using the weighted sum

Vi~ 3 Qe 2P 1L ) e

wew

where W is a specified set of rays, and )(w) is the associated quadrature. To
make the rendering differentiable, we calculate 0z /0M and 9n/0M using off-
the-shelf differentiable rendering libraries. Specifically, we set W to a h x w grid
of rays, fully covering the FoV and resembling the rendering of classical pixels,
and the rasterization computes the rays’ «, n, and the gradients. Suppose that the
center of the FoV is the z-axis and the imaging plane is z = 1, each pixel has area
Apixet = (2tan(FoV/2))?/ (h - w). Assuming w = (w,w,,w,), the quadrature

(Q)(w) transforms the square pixel areas to solid angle differentials by

 Apa(w, 2)  4tan®(FoV /2)w?
Qw) = El/wz)2 - h-w :

(6.5)

The binning function W in Eq. (6.2) is discontinuous. We thus approximate

it with the sigmoid function o () by
W(t,t:) = o (k(t = t;)) — o (k(t —t: = At)), (6.6)

where £ is a hand-picked constant to balance smoothness and realism. Further, the
intensity map /(w) is discontinuous under an idealized diffuse laser source, since
it provides uniform illumination within its FoV and zero illumination elsewhere.
However, real-world lasers exhibit a non-uniform distribution, where intensity is

highest at the center and gradually decreases toward the edges of the FoV. This
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allows us to approximate /(w) using a differentiable, spatially-varying function.
We fit this function using real-world sensor properties in our experiments (see
Sec. 6.4).

Feedforward Estimation of Scene Parameters

We learn a neural network fy to predict initial scene parameters Pgg, which will

be further refined. This is given by

fo({hi}iZ1) — Prr, (6.7)

where 0 is the network weights learned from data, {h,}?_; is the input of n
transient histograms from ToF sensors. Namely, this feedforward network directly

regresses the scene parameters based on sensor data.

Network Architecture. Specifically, fy is a standard Transformer model [122].
The input transient histograms are first normalized, and then embedded using
an MLP. These embeddings are added to positional embeddings, and further
processed by a stack of Transformer blocks (4 in our implementation). The
output embeddings are concatenated and fed into another MLP to predict scene
parameters P. This network is trained with full supervision, and the loss function

varies depending on the scene parameterization used, as described in (Sec. 6.7).

Sim-to-Real Transfer. A key challenge for training is the lack of real-world
sensor data. We explore training on a large-scale synthetic dataset and transfer the
learned model directly to real-world captures. This is made possible thanks to our
efficient renderer in Sec. 6.3 and availability of 3D models [17]. We demonstrate

strong results using this sim-to-real transfer in our experiments.

Discussion. Our network assumes fixed sensor poses and requires re-training for
every sensor configuration. This design is highly tailored for our current hardware
prototypes, yet can be easily extended to accommodate varying sensor poses, e.g.,

encoding sensor pose as part of the input [56].
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Parameter Refinement

Given an estimate Pgr of the scene parameters from the feedforward network
and the differentiable renderer R, we propose an analysis-by-synthesis approach
to further refine Pgg. This is done by directly optimizing P to minimize the
difference between the measured histograms {h;}” ; and rendered histograms
R(P), given by

arg mgn Y2 IRMP); — k. (6.8)

Since the renderer R is fully differentiable, gradient descent can be used to solve
this optimization locally. Specifically, this optimization starts from the initial
estimate Pgr and applies gradients steps until convergence. Since the rendering
process R is highly nonlinear, the quality of the solution depends on the accuracy

of initial estimate Pp.

6.4 Experiments on 6D Pose Estimation

To adopt our method for 6D pose recovery, we set the scene parameters P to a
rotation R and translation T which transform a known object mesh to its position
in a global coordinate frame. We evaluate our method for 6D pose estimation in

simulation and on real-world captures.

Hardware and Real-world Capture

Hardware Prototype. Our imaging system assumes known relative position
of the ToF sensors. In practical deployment, this may be achieved by placing
multiple sensors in a stationary position in the environment, or by attaching
them each to a rigid object, like a mobile device. To allow flexibility for our
experiments, we instead place a single sensor on an industrial robot arm, and
move the sensor to multiple positions by controlling the robot while the scene
remains static. We rely on the robot’s kinematics, which are quoted as repeatable

to =0.1mm [120], to record sensor pose.
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Figure 6.3: Overview of 6D Pose Capture Setup: Left: Illustration of our
capture setup, where a ToF sensor is mounted on a robot arm and moved between
a set of positions. Right: 15 sensor poses used for our experiments.

We use the AMS TMF8820 SPAD-based ToF sensor. Like other sensors of its
class, the sensor is very small (12.8mm?, < 1g) and low-power (< 100mW) [2].
The illumination source is an integrated low-power 940nm VCSEL laser. We
operate the sensor in “low range, high accuracy mode,” and 4 million iterations
per measurement, giving it a maximum range of 1.5m and a bin size equivalent
to ~ 1.4cm. We interface with the sensor via an attached microcontroller, which
forwards transient histogram measurements from the sensor to a connected

computer.

Capture Setup. We sample random sensor positions between 30cm and 80cm
from the workspace center (within the range of TMF8820), and random orientations
which face the camera to the workspace center (£15°). For a fair comparison, the
same 15 randomly sampled sensor poses are used for all real-world experiments.
This number (15) allows for practical data capture, and was chosen to strike
a balance between estimation accuracy and information sparsity based on our
simulation results (see Sec. 6.4). An Intel RealSense D405 depth-from-stereo
camera is affixed next to the ToF sensor for ground truth capture. We utilize the
merged point cloud from the depth camera views alongside ICP [8] and manual

registration to generate ground truth object poses. We measure the geometry
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of the known background (the tabletop) by touching the robot to the surface at

multiple points. This capture setup is shown in Fig. 6.3.

Data Capture. We capture each object at 25 poses (10 for the highly symmetric
basketball, softball, and tennis ball) by manually positioning the object such
that the object center is within 15cm of the workspace center. Effort is made
to distribute the object poses uniformly within the workspace and to vary the
object orientation uniformly. Because the objects are placed on a tabletop, we are

restricted to orientations that provide stable support on the surface.

Implementation Details

TMF8820 Modeling. The TMF8820 reports transient histograms for nine
separate fields-of-view, called “zones”, each of which correspond to different
sets of pixels on the SPAD array. Significant bloom artifacts are present between
zones, and the exact zone dimensions are poorly defined [107, 7]. To address
this challenge, and in line with our focus on very-low-pixel-count regimes, we
aggregate the zones into one by summing across the zone dimension, yielding a
single 128-bin histogram per sensor measurement. This approach is consistent
with prior work [75, 106].

Further, in the TMF8820 datasheet, the laser illumination is reported as non-
uniform across the FoV [2] /(w). We therefore approximate the intensity map
using

I(w) = Kyexp (— K (W] + w)) — Ks(w, +wy)) - (6.9)

We calibrate the constants A to match the intensity map shown in the TMF8820
datasheet. A visualization of /(w) is included in (Fig. 6.10). We find that pile-up

is not very apparent even at high ambient light levels.

Jitter Kernel. The TMF8820 reports the shape of the outgoing laser pulse in a
“reference histogram” alongside each measurement, which is measured from a
SPAD sensor inside the laser cavity. Because this reference histogram is itself

captured by a SPAD sensor, it encapsulates the shape of the outgoing laser pulse
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and the temporal response function of the SPAD itself. We make use of this

histogram as the jitter kernel s in our imaging model.

Sensor Calibration. The reference histogram reported by the TMF8820 is not
reported at the same temporal resolution as the transient histogram [107, 75].
We resample the reference histogram by a factor of sy, before use in our
imaging model. Additionally, the temporal resolution At and a constant temporal
offset to the histogram Ai are not known. Following prior work, we recover the
parameters Sy.q., At, and Ai by calibrating on some set of reference captures of
a planar surface with known geometry. To do so, we keep scene geometry fixed,
and optimize the sensor parameters to minimize the loss between captured and

rendered histograms, akin to Eq. (6.8).

Feedforward Network. We train the network described in Sec. 6.3 to predict
6D pose. For non-symmetric objects, we use a combination of rotation loss,
translation loss, and a point matching loss. For symmetric objects, we use the
ADD-S loss [127]. See the Sec. 6.7 for details of the loss functions and training

parameters. A single-instance forward pass takes ~ 4.6ms on Nvidia RTX 4080.

Pose Refinement. We use adaptive gradient descent following Adam [47]
to solve Eq. (6.8). We set the step size (i.e., learning rate) to 0.01 for R
and 0.001 for T. Additionally, we optimize the albedo of both the object
(pobj) and the planar surface (ppane). These albedos are not predicted by the
feedforward network; instead they are initialized to 1 and further optimized.
We find empirically that optimizing albedos improves performance. We set the
number of optimization steps to 200. We represent R using the 6D rotation
representation proposed in [135]. Differentiable rendering is implemented via
Nvdiffrast [54] and PyTorch [3].

Experiment Protocol

Datasets. We evaluate our method for 6D pose estimation on two sets of objects:

1) 3D printed test objects and 2) seven readily available objects from the YCB
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dataset [17] — a standard benchmark for 6D pose recognition. See Fig. 6.15
for images of the objects. For YCB objects, the high-resolution “Google 16k”
meshes provided by the YCB dataset are used for data generation and as input to
the refiner. A child’s basketball is used in place of the child’s soccer ball in the

YCB object set, along with a manually constructed spherical mesh.

Synthetic Training Data. We generate synthetic data with our renderer to train
the feedforward model. For each object, we synthesize 200K samples by limiting
the object center within 15cm of the workspace center. Object orientations are
randomly sampled. To ensure physical plausibility, the object height is adjusted
so that at least one vertex of the mesh lies on the planar surface, preventing
the object from appearing to float in space, though this configuration may not
correspond to a stable resting pose. This setup imposes a conservative prior on
object placement. The planar surface is included in the scene when rendering
synthetic data. We also perform domain randomization [115]; we add Gaussian
noise with a standard deviation of 1.5cm to the sensor positions independently

for each sample, and vary the albedo of the object and the planar surface.

Total AUC-ADD-S (1)
Data Pixels Method Crackers Mustard Chips SPAM Basketball Tennis Ball Softball Mean
Sim. 15 1 Px Point Cloud' 78.36 82.12 77.83  85.07 82.92 88.09 86.36  82.96
Real 15 Ours: Feedforward 88.02 90.04 88.38  90.04 95.15 96.26 94.95 91.83
Real 15 Ours: FF + Refiner 90.04 90.07  88.50 90.00 95.76 96.06 94.95  92.20
Sim. 3840 162 Point Cloud 95.17 97.23 97.23  97.19 97.67 971.57 97.37 97.06
Real 407K  Single-View RGB [138] 60.71 87.93 40.12  58.95 65.46 77.68 72.42 66.18
Real 407K  Single-View RGB-D* [125] 90.49 92.10 92.54  93.80 94.24 86.67 94.24 92.01

Table 6.1: 6D Pose Estimation of Symmetric Objects from the YCB Object
Set. gray: methods using additional pixels; 'methods using oracle ground-truth

pose; “methods using simulated high-resolution point cloud data. See details in
Sec. 6.4.

Evaluation Metrics. We follow standard metrics [127] for evaluation, including
ADD for non-symmetric objects, and ADD-S for symmetric objects. ADD
captures the average distance between corresponding points on the predicted and
ground truth object. ADD-S captures the average distance between a point on

the predicted object and the nearest point on the ground truth object. We report
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Total AUC-ADD (1)
Data Pixels Method Two P L Bunny Armadillo Mean
Sim. 15 1 Px Point Cloud’ 73.87 59.65 55.11 56.14 53.89 59.73
Real 15 Ours: Feedforward 74.67 77.31 69.11 67.78 65.93 70.96
Real 15 Ours: FF + Refiner 83.47 8494 77.75 77.68 79.71 80.71
Sim. 3840 162 Point Cloud! 97.55 96.18 95.17 96.18 96.90 96.39
Real 407K  Single-View RGB [138] 56.99 6540 51.51 64.63 86.28 64.96

Real 407K  Single-View RGB-D* [125] 86.57 85.51 82.72 88.30 87.58 86.14

Table 6.2: 6D Pose Estimation of (Non-Symmetric) 3D Printed Objects. gray:
methods using additional pixels; T methods using oracle ground-truth pose; *
methods using simulated high-resolution point cloud data. See details in Sec. 6.4.

Reference
=Y

Prediction

Figure 6.4: 6D Pose Recovery of 3D Printed Objects: Using our method
(feedforward + refiner). For each object, the pose prediction with the median
pose error (ADD) over the 25-capture dataset is shown.

the AUC-ADD(-S) in order to capture the distribution of scores over the entire
dataset, with the maximum threshold in calculating AUC set to 10cm. Note that
ADD(-S) score is highly dependent on the scale and geometry of a specific object,

thus should not be compared between objects.

Point Cloud Baselines. We implement a point-cloud based baseline which
represents an upper bound on point-cloud based system performance. To avoid

pitfalls of any one particular depth camera, we simulate idealized sensor measure-



Reference

Prediction

Figure 6.5: 6D Pose Recovery of Objects from the YCB Object Set: Using
our method (feedforward + refiner). For each object, the pose prediction with the
median pose error (ADD-S) over the 25-capture dataset is shown.

ments; for each sensor pixel we project rays to get points of intersection with
scene geometry, which are combined to form a point cloud. Points which lie on
the planar surface are removed. The result is a noise-free point cloud of points on
the object mesh. We then use ICP [8] to align the object mesh to this point cloud.
To maximize the chance of success, the ground truth pose is used as initialization
for ICP. Therefore, this baseline represents the best possible performance of a
vanilla ICP-based registration system. We consider two variants: single-pixel,
in which the same number of imaging pixels are used as in our system (one per
view), and 162, in which a 16 x 16 point cloud sampled from a pixel grid spanning
an FoV matching the diffuse sensor is generated per view (yielding 256 x imaging

pixels of our system).

RGB(D) Baselines. For reference, we compare to two recent deep models:
FoundPose [138], which uses single-view RGB input, and FoundationPose [125],
which uses single-view RGB-D input. For both methods, the RGB image from
viewpoint 15 is used as it provides a wide view. For FoundationPose, a high

resolution depth camera view is simulated from the ground truth object pose.
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6D Pose Estimation Results

Main Results. Our main results are presented in Tab. 6.1 and Tab. 6.2. Visualiz-
ation of sample results with median pose errors are shown in Fig. 6.4 and Fig. 6.5.
In all cases, our method outperforms the best-case performance of using a single-
pixel point cloud. Additionally, our refiner improves performance in most cases.
We also notice that our refiner yields a much larger performance improvement
over the feedforward network on 3D printed objects. We hypothesize that this
is due to the ambiguity of symmetric objects, and the symmetric loss can easily
converge to a local minimum. Despite reasonable metrics, the SPAM is a failure
case for our method; because the object is very small and near-symmetric along
many axes, a high ADD-S score can be achieved by matching object translation.
However, qualitative results (Fig. 6.5) show that orientation is not predicted
reliably. Our method approaches the performance of the RGB-D baseline, while
exceeding the performance of the RGB baseline which struggles due to the lack

of metric depth information and/or lack of object texture.

Varying Viewpoint Count. In simulation, we evaluate the performance of our
method with varying number of views. We compare to the point cloud-based
baseline described in Sec. 6.4. We evaluate on synthetic data of the 25 real “2”
poses. Camera poses are sampled via the same process as real poses (Sec. 6.4).
Results are shown in the rightmost panel of Fig. 6.1. See Tab. 6.8 for full results.
Our approach exceeds the performance of the point cloud-based baseline for
5-100 total pixels. The point cloud-based method suffers with very few input
pixels because, despite some variation in sensor orientation, the poses do not

achieve good coverage of the scene.
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6.5 Exploration Beyond 6D Pose Estimation

Size and Position of Spherical Objects

We experiment with recovering the size and location of a sphere resting on a
planar surface We use an identical method to that used for 6D pose estimation
(Sec. 6.4), except the predicted parameters P consist of the center point and
diameter of a sphere, rather than the rotation and translation of a known mesh.
Both parameters are predicted by the feedforward network and optimized during
refinement. We evaluate on our pre-existing captures of the basketball, softball,
and tennis ball objects. The results of this experiment are shown in Tab. 6.3. We
find that our method can recover the position and diameter of the sphere with
an average error of < lcm in all cases, with often < 0.5cm of error, despite the

temporal resolution of an individual SPAD being ~ 1.4cm.

Human Hand Pose

We recover human hand pose (absolute pose and articulation) from a ring of eight
sensors encircling the wrist, as shown in Fig. 6.6. We modify the feedforward
prediction to include pose, shape, global translation, and rotation of the human
hand. The hand pose and shape is represented using the parameters of the MANO
hand model [97].

Obiect Mean Error Mean Error

J in Diameter (cm) (|) in Position (cm) (])
Basketball 0.35 (1.9%) 0.84
Softball 0.28 (2.9%) 0.24
Tennis Ball 0.33 (4.8%) 0.39

Table 6.3: Recovering Position and Size of Spherical Objects.

Data Capture. As an initial feasibility study, we gather 250 measurements of

a single individual’s hand from the ring of sensors. To sample hand poses, we
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Method PA-MPJPE (mm) (])
ToF-based Prior Work' [25] 11.96
Trained on Sim. Data Only (ours) 19.56
Trained on Real Data Only (ours) 9.98

P.T. on Sim., ET. on Real (ours) 8.18
RGB-Based Method' [85] 6.0

Table 6.4: Hand Pose and Shape Estimation: 'Related works are provided
for context only; metrics are over a different dataset and should not be directly
compared.

prompt the user to match their hand pose to a random hand pose selected from the
DART dataset [33]. RGB-D cameras are mounted above and below the hand to
capture ground truth, which is provided by the RGB-based method HaMeR [85],
and aligned to a fused point cloud from the two depth maps via ICP [8]. We

reserve 50 captures for testing.

Results. We report Procrutes aligned mean per joint position error (PA-MPJPE),
a standard metric for hand tracking [25, 85]. PA-MPJPE captures the average
distance between corresponding joints in the predicted and ground truth hand
pose. The results of our experiment are shown in Tab. 6.4. We find that, in this
setting, training on simulated data alone yields unsatisfactory results. A closer
inspection reveals that the simulated histograms become inaccurate at distances
below 15cm. We attribute this to unmodeled sensor effects, such as unmodeled
effects such as gating and/or pile-up from the high intensity of returning light.
While we attempted to mitigate this issue by modeling these effects and learning
a custom gating function, these efforts did not lead to improved performance. For
the same reason, our refiner module is also not effective for hand pose estimation.

We observe significantly improved results when training on real data, with the
best results achieved through a two-stage process: pre-training on simulated data
followed by fine-tuning on real data. Despite the limited realism of the simulated
data, pre-training still provides benefits, likely because the network is able to

learn transferable high-level features. To contextualize our results, we include
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Figure 6.6: Visualization of Hand Pose Recovery Results: Top: Setting for hand
pose capture, in which eight ToF sensors encircle the wrist. Bottom: Visualization
of results of applying our method to hand pose estimation, corresponding to
method ”Pretrained on Sim., E.-T. on Real” in Tab. 6.4.

comparisons to related works in Tab. 6.4. However, results from prior works are
based on different datasets and experimental conditions, and thus are not directly

comparable.

6.6 Discussion

Our work demonstrate that a few (e.g., 15) diffuse ToF pixels are sufficient to

recover simple scene geometry. Moreover, we showcased the potential of our
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approach for more complex geometry, including recovering the position and
scale of a spherical object, and human hand pose estimation. Our work offers an
initial step toward enabling a range of practical applications and open up several

promising directions for future research.

Practical Implications. While still in its early stage, our approach has great
potential for 3D vision applications that benefit from low-cost, low-power, and
distributed sensing. One promising application domain is wearable computing.
Inspired by our experiments on hand tracking, we envision that an array of
miniature ToF sensors could be deployed in head-mounted or wrist-worn devices
to track a user’s body motion (e.g., arm and hand pose), enabling gesture-based
user interfaces. Another key application domain is robotics. Imagine a robotic
arm or drone equipped with a distributed array of lightweight, energy-efficient
ToF sensors. These sensors could function as a network of spatially distributed
cameras, reconstructing the environment from an inside-out perspective, enhancing

tasks like grasping, navigation, and human-robot interaction.

Future Directions. Our work demonstrates the estimation of 6D pose of rigid
objects in a tabletop setting. Future work should aim to improve robustness to
environmental factors such as ambient light and varied surface reflectance. This
could be achieved by explicitly modeling these factors or developing methods
that are inherently invariant to them. Additionally, future work should explore
recovery of more complex scene geometries at larger scales, e.g., multiple
deformable, articulated objects in room- or playground-sized environments. A
promising future direction is learning from large-scale synthetic data. Encourag-
ingly, our results have demonstrated that effective sim-to-real transfer is possible
with ToF histogram data. We are hopeful that large-scale synthetic data can be

applied to a range of inference tasks.
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6.7 Supplementary Materials

In this supplementary material, we provide (1) a description of loss functions
for training our feedforward model (Sec. 6.7); (2) additional results on 6D pose
estimation (Sec. 6.7); (3) an analysis of runtime and complexity (Sec. 6.7); (4)
experiments and discussion on sensor interference (Sec. 6.7); and (5) additional

visualization of our results on 6D pose estimation (Sec. 6.7).

Training Loss of Feedforward Models
6D Pose Estimation

As described in Sec. 6.4, we utilize one of two losses to train the feedforward
model depending on if the object is symmetrical. For non-symmetrical objects,
we utilize a combination rotation, translation, and point matching loss. Given a
ground truth object rotation R, (represented by the 6D representation proposed
by [135]) and translation ty. Given a set of 3D points x; on the object, the loss

of the predicted rotation R and translation t is given by:
L= Arﬁrot + )\t‘ctrans + )\pﬁpm
where the loss terms are given by

Lrot = ||R - Rgt“h
Etrans - ||t - tgt”ly

N
1
Lom = 37 22 IR+ 8) = (Ryxi + b |2
i=1

We set A\, = 1.0, \y = 0.5, A\, = 0.1 for our experiments.

For symmetric objects, we use ADD-S loss introduced in [127], where X
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represents the set of object points:
| N
Lapp-s = N Z;i?elg [(Rx; +t) — (Rexj + to) |2

Spherical Object Recovery

For spherical object recovery (Sec. 6.5), the scene is parameterized by the center
point ¢ € R? and diameter d. Our loss function is a simple combination of error

in the two components:
L= lc—cgll + Ald — dy
We set A = 1 for our experiments.

Human Hand Pose Estimation

For hand pose estimation (Sec. 6.5), we predict the MANO model [97] shape
parameters 3, pose parameters 8, global 3D rotation R (represented by the 6D
representation proposed by [135]), and global 3D translation t. The loss for a

given prediction is given by:
L= )\sﬁshape + )\pﬁpose + )\rﬁrot + Atﬁtrans + /\j*Cjoint + )\vﬁvertex

where the loss terms are given by

Lspape = [|B — Ball1,

Lpose = [0 — Ogl|1,

Lot = [[R — Rgll1,

Lirans = ||t — tall1,

Lj = [|[(RM;(8,0) +t) — (RaM;(By, O) + tar) |2,
L, = [[(RMy(B,0) + t) — (RaeMoy (B, Ot) + tar) l2
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Where M is the MANO model that outputs joint keypoint positions, and M, is
the MANO model that outputs mesh vertex positions. We set A; = 0.1, A\, = 0.1,
A= 1.0, \y = 1.0, \; = 0.1, \, = 0.1 for our experiments.

Additional 6D Pose Estimation Experiments
Data Visualization

We visualize the transient histograms captured by multiple, distributed ToF
sensors across two different 3D scenes in Fig. 6.7. The measurement has a
complex relationship with scene geometry. We aim to solve the inverse problem
(multi-view transient histogram — geometry) for simple parametric scenes.

Scene 1
WPl Scene 1 ‘ Scene 2

ToF Histograms

Viewpoint 1

Viewpoint 2

Viewpoint 3

Figure 6.7: Transient histograms from multiple viewpoints alongside
corresponding 3D scenes.

Fine-Tuning on Real Data

We investigate the effects of fine-tuning our feedforward model on real data. To
do so, we capture 80 additional measurements of the matte white “2” object used
in prior experiments, and fine-tune the model trained on simulated data on these
measurements. We leave the refiner unmodified.

The results of the fine-tuning experiment are presented in Tab. 6.5. We see a

significant improvement in the performance of the feedforward network. We also
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AUC-ADD (1)
Training Data Feedforward FF + Refiner
Fully Sim. 74.67 83.47
Finetune on Real 86.16 90.36

Table 6.5: Results of fine-tuning the 6D pose estimation method on real data,
over 25 measurements of the ‘2” object.

see a significant improvement in the result after refinement due to the improved
starting estimate from the feedforward network. These results are encouraging
as they indicate that a minimal amount of real-world data could improve the

performance of our method.

Varying Scene Reflectance

The transient is a product of scene geometry and reflectance, so scenes of varying
reflectance could affect the performance of our method. We conduct a systematic
test in which we modify the reflectance properties of the 3D printed digit “2” and
the tabletop surface. We test “2” objects with three surface finishes, as shown
in Fig. 6.8. We test two table materials: matte white and matte black.

The results of varying surface properties are presented in Tab. 6.6. A modest
decline in performance is observed with the glossy white object and the matte
black tabletop, while a significant drop in performance occurs with the spotted
black-and-white object. We attribute this drop to the fact that the spotted object
has strong low-frequency variations in albedo across the surface. This sort of
albedo variation is not included in our domain randomization when generating

simulated data, nor is it able to be modeled by our refiner.

Varying Ambient Light

We evaluate the performance of our method under varying levels of ambient
lighting in Tab. 6.7, on a new set of 10 captures of the “2” object at each light

level. We see consistent performance in darkness (<0.1 lux) and the same indoor
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Figure 6.8: “2” objects with different reflectance properties used in the
varying scene reflectance experiment (Sec. 6.7. From left to right: matte white,
glossy white, and spotted black and white.

AUC-ADD (1)
Obj. Material Table Material FF  FF + Refiner
Matte White Matte White 74.67 83.47
Matte White Matte Black 66.59 79.55
Glossy White =~ Matte White 69.86 77.74
Spotted B/W Matte White 50.46 61.49

Table 6.6: 6D Pose Estimation of the ‘2’ object with varying object and
tabletop surface reflectance.

lights as used in other captures (300 lux), but a heavy falloff in performance under
a very bright halogen spotlight (3000 lux), which emits high amounts of infrared
light, leading to a high DC offset in the transient histogram. This performance
drop is expected as we assume negligible ambient light in both synthetic data
generation and the refiner. Future work could aim to alleviate this problem by
including ambient light level in domain randomization to make the feedforward
network more robust, pre-processing histograms to mitigate the effect of ambient

light, and/or optimizing for ambient light level in the refiner.
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Ambient Light Level AUC-ADD(T) AUC-ADD-S(1)

< 0.1 Iux 65.69 90.47
300 lux 72.45 93.10
3000 lux (heavy IR) 25.45 26.53

Table 6.7: 6D Pose Estimation of the ‘2’ object under varying levels of
ambient illumination.

10
FF

FF + Refine
[min, max]

AUC-ADD
S 2 8

o
=)

05 0.0 0.5 1.0 15 2.0 25

0 of Gaussian Error in Sensor Position (cm)

Figure 6.9: Effect of adding Gaussian error to sensor poses on the ‘“2” pose
estimation task before feeding into our method.

Sensitivity to Inaccuracy in Sensor Pose

When generating synthetic data to train our method, we add random Gaussian
noise to the simulated sensor position to increase robustness to real-world inaccuracies
in sensor position. We perform a simulated experiment to test this robustness,
the results of which are shown in Fig. 6.9. Both the feedforward model and
refiner are robust to modest variations in sensor pose (< 1cm), which are likely
achievable in realistic settings. We find that the feedforward method is more
robust to variations than the refiner, and when there is high variation in sensor

pose, foregoing the refiner leads to higher accuracy in the recovered object pose.

Sensor Model Ablation Study

We perform an ablation study over key components of our sensor model as

described in Sec. 6.3. We consider the following variants:

1. Full: The full sensor model as described in Sec. 6.3 and used for all



Number of Views

AUC-ADD (AUC-ADD-S) (1)

Feedforward

FF+Refiner

5 Pixels (Views)
10 Pixels (Views)
15 Pixels (Views)
25 Pixels (Views)
50 Pixels (Views)
100 Pixels (Views)

74.79 (90.34)
78.29 (90.57)
84.65 (91.27)
87.48 (91.51)
90.54 (94.33)
91.47 (94.58)

74.80 (90.34)
78.07 (90.63)
84.79 (91.66)
87.40 (91.42)
90.87 (94.59)
91.49 (94.37)
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Table 6.8: 6D Pose Estimation with Different Numbers of Views.

previous experiments.

2. Idealized Jitter Kernel: The jitter kernel s is replaced by a Dirac delta

function at the location of the peak of s.

3. Imaccurate Bin Size: The temporal bin size At of the transient histogram

is ~10% smaller than as calibrated (from 1.38cm to 1.2cm).

4. Inaccurate FoV Size: The angular size of the FoV is incorrect by ~ 20%,
increasing from 32° to 38°. Additionally, the intensity map /(w) is replaced

with a constant function.

For each variant, we train a feedforward model on synthetic data generated
with the ablated sensor model, and use the same ablated sensor model in our
refiner. Results over the 25-pose “2” digit dataset are shown in Tab. 6.9. The
results demonstrate that each of these aspects of sensor modeling are important

to achieve good performance.

Runtime and Complexity Analysis

While our method foregoes some computation performed by traditional methods
(e.g. peak finding and ICP), it is replaced by relatively costly neural network
inference and iterative pose refinement. Therefore we do not foresee efficiency

improvements compared to point cloud-based methods. One feed-forward pass
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AUC-ADD (1)
Ablation Feedforward FF + Refiner
Full Model 73.67 83.47
Idealized Jitter Kernel 22.64 24.50
Incorrect Bin Size 49.98 33.23
Incorrect FoV 29.70 44.22

Table 6.9: Results of 6D Pose Estimation under varying sensor model ablations,
over a dataset of 25 captures of the “2” object.
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Figure 6.10: Visualization of the laser intensity function /(w) that we use for
the TMF8820 sensor, as given by Eq. (6.9). We set K; = 0.88, Ky, = —3.16,
K3 = 250.51.

of our network takes ~4.8 ms. The (unoptimized) refiner takes ~2 seconds.
With attention paid to efficiency, refiner speed could likely be increased. The
costs of both the forward pass and optimization scale linearly with the number of

viewpoints.

Test of Between-Sensor Interference

In our prototype system, a single sensor is moved to multiple positions while the
scene remains static. However many practical applications for our method may
involve multiple sensors imaging the scene at the same time, which could lead to
interference between sensors. We perform controlled experiments to investigate

the effect of interference.
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ToF Sensors (AMS TMF8820)

(a) Sensor configuration for interference experiment 1.

Data captured from center sensor

v

Flat white planar surface

(b) Sensor configuration for interference experiment 2.

Figure 6.11: Sensor configurations used for interference experiments.

Two Sensors Facing Each Other

We position two AMS TMF8820 sensors facing directly at each other at a distance
of 6cm, as illustrated in Fig. 6.11a. We compare measurements captured by sensor
A between two conditions: sensor B on and sensor B off. The raw and normalized
histograms for both conditions are shown in Fig. 6.12. We find that the operation
of sensor B causes an effect in the histogram captured by sensor A ~ 10% of
the time. Even after normalization, the effect is still present. This effect appears
similar to the effect caused by ambient light [36], and is consistent with what
we would expect to see if sensor B’s light source is not correlated with the light
source of sensor A; i.e., because the laser pulse trains of the two sensors are not

synchronized, sensor B’s operation leads to photons arriving uniformly at any
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(b) Histograms normalized to have a sum of 1.

Figure 6.12: Comparison of the histograms captured in interference
experiment 1. Each plot shows 128 sensor measurements overlaid. About
90% of samples in the right column exhibit no interference artifacts, comprising
the dark orange lines.

time relative to sensor A’s pulse train, just as ambient light arrives uniformly.
To further validate this hypothesis, we perform another test using the same
sensor configuration in which the laser light source of sensor A is covered, so
that only ambient light and the effect of sensor B are captured by sensor A. The
results of this experiment are shown in Fig. 6.13. In this case we can clearly see
interference manifest as a DC offset in the captured histogram, again matching

the signature of ambient light.

Nine Sensors Imaging a Plane

We perform a second experiment in which nine sensors are all operating simult-

aneously and imaging the same portion of a planar surface. The experimental
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Figure 6.13: Comparison of the histograms captured in interference 1, with
the light source of sensor A covered. Each plot shows 128 sensor measurements
overlaid. About 90% of the samples in the right column exhibit no interference
artifacts, comprising the dark orange line.

setup is illustrated in Fig. 6.11b. We position the sensors such that the centers of
their optical axes each intersect with a planar surface at the same point, and record
data only from the center sensor. Again, we compare between two conditions:
the other 8 sensors on, and the other 8 sensors off. The results of this experiment
are shown in Fig. 6.14. We see the same effect as in the previous experiment, but

with a slightly higher occurrence rate of ~ 25%.

Discussion: Between-Sensor Interference

We have demonstrated that, at least for the AMS TMF8820 sensor, the effect
of interference between sensors happens only occasionally even in the worst
case. In practical scenarios, the rate of interference is likely to be quite low
(i.e. < 10%). Further, the effect of interference on the histogram appears to be
similar to the effect of ambient light. Adjusting captured histograms to account
for ambient light is a well-studied problem [36], and it is likely that methods
which are robust to changes in ambient light will be robust to between-sensor
interference. While future applications should take interference into account, we
believe it is unlikely to be a major obstacle for future deployments of distributed

miniature ToF sensors.
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(c) Histogram of values of bin 26 (the peak) for the ”Other Sensors On” condition. The
bin values are grouped together in about 75% of measurements.

Figure 6.14: Comparison of the histograms captured in interference

experiment 2.

Visualization of 6D Pose Results

We provide visualization of our results on 6D pose estimation in Figures 6.16

to 6.24.
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Figure 6.15: Objects used for 6D pose estimation experiments.
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Figure 6.16: Visualization of results on the 3D printed ‘“two’ object.
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Figure 6.17: Visualization of results on the 3D printed “L” object.

o
3
o
o
-
£
S
a
°
X
a
K]
0
£
n

Ours: Feedforward

Ours: FF + Refiner

M

Meidan Prediction 25th Percentile Worst Prediction

Best Prediction 75th Percentile

Figure 6.18: Visualization of results on the 3D printed ‘“bunny” object.



110

Ours: Feedforward Single Pixel Point Cloud

Ours: FF + Refiner

- N
Best Prediction 75th Percentile Meidan Prediction 25th Percentile Worst Prediction

Figure 6.19: Visualization of results on the 3D printed ‘“P”’ object.
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Figure 6.20: Visualization of results on the 3D printed “armadillo” object.
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Figure 6.21: Visualization of results on the “chips” object from the YCB
dataset.

Figure 6.22: Visualization of results on the ‘“crackers” object from the YCB
dataset.
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Figure 6.23: Visualization of results on the “mustard” object from the YCB
dataset.
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Figure 6.24: Vlsuahzatlon of results on “SPAM” object from the YCB dataset.
The SPAM is a failure case for our method due to its specular surface, small size,
and many near-symmetries which make optimization difficult.
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7  CONCLUSION AND FUTURE OUTLOOK

In this dissertation, we demonstrated that miniature time-of-flight sensors can be
used for demanding 3D sensing tasks despite their very limited spatial resolution.
Along the way we modeled and characterized real sensor hardware, built systems
for data capture, and real-time demos which incorporate sensors into control for
robot arms and mobile robots. While the systems demonstrated in this work are far
from complete products, they represent a first step towards systems which utilize
a distributed set of miniature sensors to enable sensing from the “inside out”,

sensing the world with a minimal set of modular, highly configurable sensors.

Limitations and Open Problems

Geometric-Photometric Ambiguity: In Chapter 3, we demonstrate a fund-
amental ambiguity in a single transient histogram measurement: because the
sensor measures incident light, a small, bright patch will appear the same as a
large, dark patch. Using only a single sensor, this ambiguity became a limiting
factor in the performance of our method for detecting deviations in planar surfaces.
In theory, this ambiguity can be resolved in the multi-view setting. Future work
should aim to develop general multi-view algorithms that resolve this ambiguity,
and characterize the theoretical limits of such methods dependent on sensor

configuration.

Multimodal Sensing & Deep Learning: The works presented in this dissertation
utilize miniature time-of-flight sensors as the sole sensing modality. However,
miniature time-of-flight sensors nicely compliment RGB cameras; RGB has high
spatial resolution, while ToF has high depth resolution. RGB cameras work best
in bright ambient light, while ToF sensors work best in no ambient light. Future
work should aim to utilize the low-level techniques that we developed in this
dissertation to make the most of multimodal RGB + ToF data. This direction

has already been explored in existing work [81, 42], but these works do not
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utilize the detailed sensor model and algorithms (e.g. background subtraction,
analysis-by-synthesis) presented in this dissertation. Utilizing deep learning is a
promising direction for solving multimodal problems, and doing so will likely

require scaling up both real and synthetic data collection.

Distributed Sensing: A primary advantage of miniature time-of-flight sensors
over traditional high-resolution LiDARs is that they can be distributed around a
device, for example a robot or wearable device. This set of sensors can give an
“inside-out” view of the world which is more robust to occlusions than a single
high resolution sensor. Additionally, sensors can be positioned to customize
coverage, e.g. providing high-density coverage in crucial areas while ignoring
less important areas. In this dissertation, we largely demonstrate algorithms
on a single sensor. We develop a capture setup with 8 simultaneous sensors in
Chapter 6, but that setup resembles a prototype more than a product. Future work
should aim to create miniature hardware prototypes which take full advantage
of the form factor and modularity of miniature sensors. Such prototypes may
require new algorithmic approaches to e.g. support movement of relative sensor

positions or run on embedded hardware.

Hardware Limitations: Because miniature time-of-flight sensors are typically
used for only coarse sensing, they are typically outfitted with only low-bandwidth
data interfaces like I2C. This proved a limiting factor for the frame rate of our
end-to-end system in Chapter 3, Chapter 4, and Chapter 5. Additionally, many
sensors provide limited software support for capture of transient histograms, and
may artificially limit the histogram temporal resolution. We hope that the work
presented in this dissertation demonstrates that access to high-speed, full quality
transient histograms will unlock a range of applications for miniature time-of-

flight sensors, thus encouraging extra attention from sensor manufacturers.
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