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ABSTRACT

We introduce a new architecture for optical sensing of 3D struc-
ture of simple scenes which is based on parametric modeling and
processing of scene impulse responses. In contrast to conventional
techniques, this framework offers simplicity of hardware, high frame
rates, compact form factors, insensitivity to ambient light, and low
power. It does not provide high resolution for general scenes, but
rather high accuracy for simple features. In simulations, we apply
our framework to two potential applications: localization of two
hands for a gestural interface and estimation of plane position and
pose for augmented reality.

Index Terms— 3D Imaging, time-of-flight imaging, parametric
signal processing, spectral estimation.

1. INTRODUCTION

As 3D information is increasingly integrated in a variety of appli-
cations, the demand for accurate and portable depth cameras is also
increasing. A variety of features are desirable, including high frame
rate, small size, insensitivity to ambient light, high resolution, low
power, and high range; several technologies are compared qualita-
tively along these axes in Figure 1. Currently, no available technol-
ogy is favorable in all regards.

In this paper, we present a new architecture—both the mea-
surement method and signal processing—for sensing 3D structure
of scenes comprising a small number of planar objects. Our tech-
nique is based on the time-of-flight principle and has significantly
lower computational complexity than computer vision techniques
like depth from stereo disparity and structured light methods [1].
Relative to existing 3D acquisition technologies, we can achieve
high frame rate, maintain a compact form factor, remain insensitive
to ambient light, achieve high resolution, and use very little power
(again see Figure 1). These features make our framework suitable
for use in mobile and portable devices to support real-time applica-

Frame Rate Form Factor Ambient Light Resolution Power Range
Ultrasound [2] 50 Hz Mobile Not sensitive Coarse Low <1 m
2D Cameras [3, 4] 25-30 Hz Mobile Not sensitive Coarse Low 0-5 m
Structured Light 3D [5] 30 Hz Bulky Highly sensitive Low High 2-5 m
Time-of-Flight 3D [6] 40-60 Hz Bulky Less sensitive High High 1-9 m
This Paper 90-100 Hz Mobile Not sensitive High∗ Low 0-5 m

Fig. 1: Comparison of 3D imaging devices based on five common
metrics. The asterisk indicates that the high resolution we achieve is
task specific.
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Fig. 2: Device and scene setup for imaging two hands.

tions. Furthermore, our method uses only standard and inexpensive
hardware components. The sacrifice is the restricted set of scenes;
thus, we are performing task-specific 3D acquisition or 3D feature
acquisition rather than full depth map generation.

Several applications of interest, such as hand tracking (see Fig-
ure 2) and generating physically-accurate rendered augmentations
(see Figure 3), rely on the estimation of a few scene features such
as object pose and position. The current image processing and com-
puter vision pipeline operates by first capturing a full 2D or 3D im-
age of the scene, then processing to detect objects, and finally per-
forming object parameter estimation. This pipeline works for gen-
eral scenes but requires significant computation and acquisition re-
sources. It obtains a full-resolution image even though the objects
of interest are simple and few. Our acquisition architecture can be
used to disrupt the standard image processing and computer vision
pipeline. With few sensors and low computational complexity, we
can track hands or infer planar object pose and orientation. This
obviates high-complexity processing on high-resolution image data.
The key concept behind our framework is parametric modeling and
acquisition of the scene impulse response. This was also exploited
in [7, 8]. The present paper differs in important ways:
• Spatial patterning: Previous work has used spatially-patterned il-

lumination with a piezoelectric spatial light modulator (SLM) [7]
or spatially-patterned measurement with a digital micromirror
device (DMD) [8] to obtain transverse spatial resolution. Here,
we require neither an SLM nor a DMD.

• Far-field assumption: The mathematical model in [7, 8] employs
a far-field assumption that is valid for planar facets that occupy a
small fraction of the sensor field-of-view (FOV). This simplifies



Fig. 3: Device and scene setup for imaging single plane.

the parametric form of the impulse response to a sum of trape-
zoidal functions. Here, the challenges of dealing with the more
general form of the scene impulse response are considered.

By avoiding the use of an SLM or DMD, we greatly reduce the hard-
ware cost and potentially save on hardware size. However, we have
lost the portion of the architecture of [7, 8] that enables transverse
spatial resolution. Instead using 4 sensors, as illustrated in Figures 2
and 3, we obtain diversity in the form of 4 source–detector pairs. We
exploit this in the manner of [9], though that prior work does not
use parametric modeling in any way. Thus, the present paper has
some similarities with [7–9] but addresses different imaging scenar-
ios with different techniques.

The rest of the paper is organized as follows: Section 2 develops
a mathematical model of the scenes of interest and the data samples
acquired; Section 3 describes algorithms for estimating the scene
features; Section 4 presents simulations of our proposed framework;
and we conclude in Section 5.

2. IMAGING SETUP AND SIGNAL MODELS

We consider two scenes of interest shown in Figures 2 and 3. These
scenes correspond to practical scenarios, namely hand tracking and
physically-accurate rendering of 3D models in augmented reality ap-
plications. In the first scenario, the features of interest are the 3D lo-
cations of the two hands; in the second scenario, we are interested in
estimating the pose and position of the plane relative to the imaging
device.

Our proposed imaging architecture comprises a single intensity-
modulated light source that illuminates the scene with a T -periodic
signal s(t) and 4 time-resolved detectors. The intensity of reflected
light at Sensor k is rk(t), k = 1, . . . , 4. The light source and de-
tectors are synchronized to a common time origin. We also assume
that the illumination period T is large enough to avoid distance alias-
ing [10]. To derive the scene impulse response, we let s(t) = δ(t).

2.1. Two Hands

Suppose each of the two hands in the scene occupy a small area in
the sensor FOV. Considering each as a small planar facet, it was
shown in [7] that the impulse response is well modeled as

gk(t) = a1 B(t−d1k/c,∆1)+a2 B(t−d2k/c,∆2),

s(t) gk(t) hk(t)

ηk(t)
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Fig. 4: Signal flow diagram for signal acquisition at Sensor k.

where c is the speed of light, ai is the reflectance of Object i, dik is
the total length of the path from source to Object i to Detector k, and

B(t,∆) = u(t)−u(t−∆)

denotes the causal box function of width ∆. The scene impulse re-
sponse is the sum of two box functions that are time shifted in pro-
portion to the respective object distances and scaled in amplitude by
the object reflectances. The box function widths are governed by
the object poses, positions and areas. As ∆ → 0, we approximate
B(t,∆) ≈ ∆δ(t), so the response for two small objects can be ap-
proximated simply as a sum of two scaled, shifted Diracs:

gk(t) = a′1 δ(t−d1k/c)+a′2 δ(t−d2k/c).

In this case, the locations and amplitudes of the Diracs constitute the
signal parameters we wish to recover.

2.2. Planar Scene

Now consider a scene comprising a single plane occupying the entire
FOV. Following [9], let x = (x1, x2) ∈ [0, L]2 be a point on the
scene plane, let d(s)(x) denote the distance from illumination source
to x, and let d(r)k (x) denote the distance from x to Sensor k. Then
d
(t)
k (x) = d(s)(x)+d

(r)
k (x) is the total distance traveled by the con-

tribution from x. This contribution is attenuated by the reflectance
f(x), square-law radial fall-off, and cos(θ(x)) to account for fore-
shortening of the surface with respect to the illumination, where
θ(x) is the angle between the surface normal at x and a vector from
x to the illumination source. Using s(t) = δ(t), the amplitude con-
tribution from point x is the light signal ak(x) f(x) δ(t−d(t)k (x)/c)
where

ak(x) = cos(θ(x))/
(
d(s)(x) d

(r)
k (x)

)2
. (1)

Combining contributions over the plane, the total light incident at
Sensor k at time t is

gk(t) =

∫ L

0

∫ L

0

ak(x) f(x) δ(t−d(t)k (x)) dx1 dx2. (2)

The intensity gk(t) thus contains the contour integrals over the ob-
ject surface where the contours are ellipses. As we will later illus-
trate and exploit, gk(t) is zero until a certain onset time τk and then
well approximated by a polynomial spline of degree at most 2.

2.3. Sampling the Scene Response

An implementable digital system requires sampling at the detectors.
Moreover, a practical detector has an impulse response, hk(t), and
a Dirac impulse illumination is an abstraction that cannot be real-
ized in practice. Using the fact that light transport is linear and time
invariant, we accurately represent the signal acquisition pipeline at
Sensor k using the flow diagram in Figure 4.

At Sensor k we acquire N digital samples per illumination pe-
riod using a sampling period of Ts = T/N :

rk[n] =
[
gk(t)∗hk(t)∗s(t)+ηk(t)

]∣∣
t=nTs

, n = 1, . . . , N,



Fig. 5: Typical continuous-time scene impulse responses gk(t) and samples rk[n] for our two types of scenes.

where ηk(t) represents photodetector noise. Except at very low flux,
ηk(t) is modeled well as signal-independent, zero-mean, white and
Gaussian with noise variance σ2

k. Assume for simplicity that the
4 detectors have identical responses and noise variances: hk(t) =
h(t) and σ2

k = σ2 for k = 1, . . . , 4.
The top row of Figure 5 shows the continuous-time scene im-

pulse responses for the scenes under consideration, and the bot-
tom row shows the samples acquired at the individual detectors in
the absence of noise for Gaussian s(t) and hk(t) specified in Sec-
tion 4. Our goal in the next section is to use the samples, rk[n],
k = 1, . . . , 4, to estimate the desired scene features.

3. SCENE FEATURE ESTIMATION

In the case of a scene with two hands, we are interested in estimating
the 3D locations of the objects in the sensor’s FOV; in the case of a
single plane, we wish to estimate the plane position and orientation.
In each case, we apply a two-step process to the feature acquisition
problem:

1. Use parametric deconvolution to estimate scene impulse re-
sponse ĝk(t) from the acquired samples rk[n].

2. Use the set of estimated signal parameters from the 4 scene
impulse responses to recover the scene features.

Note that our proposed technique directly captures the scene features
without requiring acquisition of a complete 2D or 3D image.

In both cases, we define our coordinate system relative to the
device with the illumination source as the origin and the device lying
in the xy-plane. The detectors are located at (±w1,±w2, 0). We
choose the imaging direction to be in the positive z-direction so that
the sensor’s FOV lies in the halfspace where z > 0.

3.1. Two Hands

Following Step 1 of our two-step process, we can directly estimate
the amplitudes and time shifts of the Diracs in the scene impulse

response. Since we are trying to localize two objects, we assume
model order 2 in our parametric deconvolution scheme and recover
the scene impulse response as a sum of 2 Diracs. From the time
shifts we can estimate distances d̂Ak and d̂Bk. Note that to recover
the spatial locations of the two objects in the FOV, we specifically
use the distances d̂ik.

Once we have estimates d̂Ak and d̂Bk for each detector k from
Step 1, we begin the recovery with Step 2. We first determine which
estimated distance corresponds to which object. We can accomplish
this by finding the equations describing the 8 total ellipsoids for
which the total distance from the source to a point on the ellipsoid
and back to receiver k are d̂Ak and d̂Bk. In the ideal noiseless case,
we can partition the 8 ellipsoids into two disjoint sets of 4 ellipsoids
each, with the first set defined by d̂1k and the second set defined by
d̂2k, such that each set intersects in one unique point. These two
points of intersection x̂1 and x̂2 are the estimates for the locations
of the two objects.

In the noisy case, the two sets will nearly intersect in one point.
Define dk(x) as the total distance traveled by the contribution from
point x in the detector’s FOV. To estimate the locations of the objects
under noisy conditions, we solve the following optimization prob-
lem that finds the point for which the sum of squared differences
between total distances to the point and estimated total distances is
minimized:

x̂i = arg min
x

∑
k

(
dk(x)−d̂ik

)2
.

These x̂i are the recovered locations of the two objects. Note that
estimates in the ideal noiseless case also satisfy this minimization
problem.

3.2. Planar Scene

We have seen that the impulse responses of large planar scenes can
be modeled as continuous piecewise-polynomial signals with sev-
eral kinks, or discontinuities in slope. We first note that the kinks di-
rectly correspond to spatial locations of scene features (such as near-



est points, edges, and vertices), and thus the parameters we wish to
recover from the signal are the time locations of the kinks. For Step 1
of our process, we employ the method for recovering piecewise-
polynomial signals described in [11, 12] to determine both the loca-
tions in time and amplitudes of these kinks. Though a typical signal
can be seen to have as few as 4 or 5 kinks, recovery in practice was
more accurate assuming a higher model order (number of kinks) of
10 or 12 to begin and rejecting kinks with low amplitude. To de-
termine the location and orientation of our large planar scene, we
specifically require the time location of the first kink, or onset time
τk, of the impulse response gk(t). These onset times correspond to
the times at which the light that travels the shortest total path length
is incident on the detector. Thus, from each τk we can calculate the
shortest path length d̂min

k = cτk for each source–detector pair k.
We describe our plane P (n) by the point n = (a, b, c) on the

plane with minimum distance to the origin. The plane is also equiv-
alently described by the equation n·x = n·n. For any plane not
passing through the origin, the ordered triple n uniquely determines
both the normal direction and a point on the plane. Let dmin

k (n) be
the minimum path length from the origin to P (n) and back to Detec-
tor k. With the shortest path length d̂min

k for each source–detector
pair k, we solve the following optimization problem that finds the
plane P (n̂) for which the sum of squared differences between total
distances to the plane and estimated total distances is minimized:

n̂ = arg min
n

∑
k

(
dmin
k (n)−d̂min

k

)2
The resulting plane P (n̂) is our estimate for the plane.

4. SIMULATIONS

We simulated imaging using a device of dimension 25 cm × 20 cm,
which is the size of a typical current-generation tablet device. The
illumination source s(t) was a Gaussian pulse of width 1 ns with a
pulse repetition rate of 50 MHz (signal period T = 20 ns) withN =
501 samples per repetition period. To demonstrate the framework
for the two cases we examined in this paper, we considered:

1. two small rectangular planes of dimension 5 cm× 10 cm (ap-
proximately the size of average human hands) fronto-parallel
to the device; and

2. a single, large tilted rectangular plane of dimension 50 cm
× 50 cm defined by nearest point and normal direction n =
(0.6, 0, 0.8) relative to the device.

Figure 6 shows signal parameter estimation from Step 1 of our
framework. We are able to recover the important times and distances
needed for estimating scene features. The time locations dik of the
hands and the onsets τk of the large plane are captured accurately.
Note that the exact amplitudes of the piecewise-polynomial fit for
the scene impulse response of the large plane are not completely
preserved due to the mismatch in the model, but the time locations
of the kinks are still preserved.

Figure 7 shows the effects of noise on accuracy for localizing
each of the two hands in the detector’s FOV and similarly the effects
of noise on accuracy for recovering plane location and orientation.
We calculated the normalized MSE averaged over 500 trials at each
SNR level. We see that the recovery of two hands is more robust to
noise than the recovery of the single plane due to the lower complex-
ity and better fit of signal model.

Fig. 6: Recovered impulse responses of Detectors 1 and 3 from our
simulated scenes superimposed with actual noiseless scene impulse
responses.

Fig. 7: Effects of noise on scene feature estimation for (a) two
fronto-parallel “hands”; and (b) a single large tilted plane.

5. DISCUSSION AND CONCLUSION

We have demonstrated with our new 3D imaging framework that
we are able to directly estimate features from two scenes of prac-
tical interest by recovering signal parameters. We are not aware of
any previously published results on reducing the complexity of 3D
acquisition by directly inferring features rather than forming a full
depth map.

Our two-step process is able to estimate the location and ori-
entation of a single large tilted plane by fitting the scene impulse
response with a piecewise-linear spline. In addition, we are able to
estimate the locations of two small fronto-parallel planes accurately
under fairly noisy conditions.

The signal parameter recovery in Step 1 of our framework is
somewhat susceptible to noise for large planar scenes due to the
model mismatch. In addition, our framework estimates scene fea-
tures assuming that recovered signal parameters vary according to
a normal distribution, which is not necessarily the best fit based on
the parameter recovery method. Future work includes increasing the
parametric deconvolution performance in Step 1 and incorporating
the distribution of recovered parameters when estimating scene fea-
tures in Step 2.
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