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iToF2dToF: A Robust and Flexible Representation
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Abstract—Indirect Time-of-Flight (iToF) cameras are a promising depth sensing technology. However, they are prone to errors
caused by multi-path interference (MPI) and low signal-to-noise
ratio (SNR). Traditional methods, after denoising, mitigate MPI by
estimating a transient image that encodes depths. Recently, datadriven methods that jointly denoise and mitigate MPI have become
state-of-the-art without using the intermediate transient representation. In this paper, we propose to revisit the transient representation. Using data-driven priors, we interpolate/extrapolate iToF
frequencies and use them to estimate the transient image. Given
direct ToF (dToF) sensors capture transient images, we name our
method iToF2dToF. The transient representation is flexible. It can
be integrated with different rule-based depth sensing algorithms
that are robust to low SNR and can deal with ambiguous scenarios
that arise in practice (e.g., specular MPI, optical cross-talk). We
demonstrate the benefits of iToF2dToF over previous methods in
real depth sensing scenarios.
Index Terms—Depth sensing, time-of-flight.

I. INTRODUCTION
NDIRECT Time-of-Flight (iToF) imaging systems measure
depths by illuminating the scene with a time-varying periodic
signal, and computing the time-shift of the reflected signal [3].
iToF cameras can achieve high-resolution, while maintaining
low-cost, small size and low power consumption, making them
a popular choice, especially in resource constrained applications
(e.g., Kinect for AR/VR).
Despite these strengths, iToF sensors face several practical
challenges; namely, multi-path interference (MPI), and low
signal-to-noise ratio (SNR). MPI arises from the indirect light
paths captured by each pixel, which may cause strong depth
errors. For example, points in a concave object may appear
farther away, and specular objects or optical cross-talk can cause
erroneous depth measurements. Low SNR, on the other hand,
occurs when operated with low exposure times to reduce motion
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blur and power consumption [4]. Overall, practical solutions
to MPI and low SNR are critical for emerging iToF-based 3D
applications.
Recently, data-driven methods that jointly denoise and correct
MPI errors, have been proposed [2], [5]–[8]. These solutions
do not rely on additional hardware or long acquisition times,
making them compact and low-power. Furthermore, it is possible to implement them in real-time using light-weight neural
networks [5], or through model compression and inference
acceleration [9], [10].
Current data-driven models for iToF cameras perform supervision on the final depthmap representation during training. This
approach works well when the training dataset provides explicit
supervision for each depth sensing scenario that may arise.
Explicit supervision is sometimes not available in scenarios
that are challenging to simulate or capture ground truth (e.g.,
optical cross-talk), or in ambiguous scenarios, like sparse MPI,
where the iToF data can encode multiple distances (e.g., specular
or transparent surfaces, and depth discontinuities). The lack
of such explicit supervision for each scenario can impact the
generalization of the model.
In this paper, we propose an alternative output representation
for data-driven iToF models. Similar to previous work, we
input sparse iToF frequency measurements to the data-driven
model. Different from previous approaches, our model outputs
interpolated/extrapolated frequencies, on which supervision is
performed. The estimated frequency data is used to estimate
dToF/transient1 images; therefore, the proposed method is called
iToF2dToF. The dToF representation benefits from the datadriven model’s denoising capabilities, and continues to mitigate
MPI by separating the direct and indirect illumination [11].
Furthermore, the data-driven model does not require explicit
supervision on each depth sensing scenario because it only
reconstructs the per-pixel dToF waveforms that encode distances
in their peaks. To estimate depths, iToF2dToF is integrated with
simple rule-based peak finding algorithms. Specifically,
1) Integrating iToF2dToF with a max peak finding algorithm
results in robust depth sensing even at low SNR.
This design is motivated by its relation to a recent depth
decoding method for iToF [12] and structured light [13].
2) The flexible dToF representation allows us to design simple rule-based algorithms for challenging scenarios, like
specular MPI and optical cross-talk, without re-training
networks or increasing dataset size.
1 We

use the terms dToF image and transient image interchangeably.
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To summarize, our contributions are:
r A robust and flexible representation for data-driven iToF
that improves depth sensing in different scenarios.
r An extensive validation of our data-driven models on realworld data with ground truth.
r A synthetic iToF dataset with realistic geometry, textures,
and noise.
II. RELATED WORK
Mitigating MPI and recovering reliable depths from low SNR
measurements are problems that have been extensively studied
in the iToF literature [12], [14]–[21]. In this paper, we focus
on solutions that could be applied to commercial iToF cameras
without hardware modifications.
A. Transient Imaging
A transient image visualizes a light pulse propagating through
a scene [22], where each pixel stores an intensity time profile,
referred as a transient pixel. Usually, a transient pixel encodes
depth as the first or max peak [11]. dToF systems capture transient images [23]–[25], enabling accurate depth reconstruction
in many scenarios [26]–[29].
iToF Transient Imaging: Typical iToF systems sample temporal frequencies from the Fourier Transform of the scene’s
transient image [30]. A large number of frequencies are required
to recover a transient image. Therefore, to greatly reduce the
number of measurements, iToF image formation models make
strong assumptions on the transient structure. Previous work can
be divided in two categories:
r Sparse Transient Imaging: One common approach assumes a sparse K-path model where each transient pixel
is the sum of K delta functions, one for each light path.
Both analytical [31]–[33] and numerical [34]–[37] solutions have been proposed. However, when K ≥ 3, these
methods require many measurements resulting in long
acquisition times and high-power consumption.
r Non-Sparse Transient Imaging:
Another family of methods relaxes the sparsity assumption on the transient image, but requires dense frequency
sampling.
Heide et al. [38] fitted a parametric model to each transient pixel. Through Fourier analysis, Lin et al. [30], [39],
recovered a transient image.
More recently, [40] used a wavelet-based framework that
achieved state-of-the-art accuracy, albeit at a higher computational cost. Peters et al. [33] proposed a real-time
transient reconstruction algorithm that requires as few as
3 frequencies. However, it requires frame averaging due to
its sensitivity to noise [40].
In this paper we introduce a data-driven non-sparse iToF
transient imaging approach for the extreme case where only 2
frequencies are measured.

due to the unavailability of real-world datasets with ground
truth. Broadly, previous data-driven iToF models have used two
types of “Input2Output” representations: Depth2Depth [5], [7],
[8], [44] and iToF2Depth [2], [6]. Depth2Depth models take
as input noisy and MPI-corrupted iToF depth images obtained
from one [5] or multiple frequencies [7], [8], [44]. iToF2Depth
models take as input raw multi-frequency iToF measurements
with minimal pre-processing. Although, a variety of network
architectures have been explored for these “Input2Output” representations (U-net [2], [5], coarse-to-fine CNN [7], [44], and
KPN [6], [8], supervision has only been done on the output depth
images. In this paper, we propose a different “Input2Output”
representation (i.e., iToF2dToF) where the output, on which
supervision is performed, are frequency-domain dToF images.
III. IMAGE FORMATION MODEL
Let α(x, y, t) be the transient image of a flash illuminated
scene (Fig. 2), where α(x, y, t) is the intensity of pixel (x, y)
at time t. We will consider each transient pixel independently
so we drop x and y. The domain of α(t) is on the nanosecond/picosecond scale, and α(t) ≥ 0 for all t.
ToF systems consist of a light source whose intensity is
modulated with a periodic function mω (t) with period T . Here
ω = 2πf where f is the repetition frequency. We assume that
T is chosen such that all interesting light paths in α(t) happen
at t < T , i.e., α(t) = 0 for t ≥ T . This assumption is necessary
because we cannot recover the general aperiodic form of α(t)
[33].
As illustrated in Fig. 2, light propagates to the scene and
returns to the sensor along different paths. The radiance incident
on the sensor will be the convolution of mω (t) and the transient
response of the scene, with a constant offset E0 due to ambient
light:
 ∞
α(τ )mω (t − τ )dτ = E0 + (α ∗ mω )(t)
rω (t) = E0 +
0

(1)
A dToF system, measures α(t) using a delta-train modulation
signal and sampling rω (t) with a high-speed sensor.
In iToF cameras, rω (t) is correlated with the sensor’s periodic
demodulation function, dω,ϕ (t), where ϕ is a controllable phase
shift. Generally, the correlation is done by modulating the pixel
gain according to dω,ϕ (t). In practice, one way to achieve this,
is with dual-tap demodulation pixels [3], [45] that re-direct the
photo-current between two buckets according to dω,ϕ (t). We
model dω,ϕ (t) as zero-mean, which is achieved by taking the
difference between the two buckets. The measured brightness
for an exposure time, nT , would be,

bω,ϕ =

nT
0

rω (t)dω,ϕ (t)dt

(2)

Constants in (2) cancel since dω,ϕ (t) is zero-mean.

B. Data-Driven ToF Imaging

A. Frequency Sampling With iToF Cameras

Transient rendering [41]–[43] has enabled the simulation of
ToF datasets, which has been essential for data-driven iToF

In most iToF systems mω (t) and dω,ϕ (t) are band-limited
square functions, modelled as sinusoids. If we write α(t) as its
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Fig. 1. iToF2dToF. We compare the iToF-based depth estimation results of previous traditional (Phasor [1]) and data-driven (iToF2Depth [2]) approaches with
our proposed data-driven method, iToF2dToF. Previous data-driven approaches map iToF data directly to depths making it hard to adapt to new scenarios such as
specular MPI (e.g., TV Pixels). In iToF2dToF we interpolate/extrapolate the captured iToF frequencies and use them to estimate the transient image of the scene.
Using rule-based peak finding algorithms, iToF2dToF, produces higher quality depth maps than previous solutions.

In the simple case where the sensor only receives direct
illumination, i.e., α(t) = δ(t − 2cd ), φω encodes depth as:
φω =

Fig. 2. iToF Imaging. The scene is flash illuminated with an amplitude
modulated signal mω (t). The radiance, rω (t), arriving at each pixel is the
sum of mω (t) over different light paths. At each pixel, rω (t) is correlated with
a demodulation function, dω,ϕ (t). The product is integrated for an exposure
time nT and the resulting intensity, bω,ϕ , is recorded.

rω (t) = E0 + α(t) ∗ (P cos(ωt) + P )
K


(4)

However, in the presence of MPI (4) will give the incorrect depth.
Multi-frequency Sampling: By repeating the measurements in
(3) at different ωk for k = [1. . .K], we can recover (Aωk , φωk ).
In other words, α(t) is reconstructed by measuring its Fourier
coefficients. Since α(t) is computed for t < T the maximum
recoverable depth is dmax = cT
2 .
IV. THE ITOF2DTOF FRAMEWORK
Current iToF cameras are limited to sampling 2-3 frequencies,
where the largest frequency is around 100 MHz. This is due
to constraints such as power consumption, real-time operation,
and bandwidth. Therefore, reconstruction of α(t) is not possible
through dense frequency sampling, unless strong assumptions
about α(t) are made. In this section we introduce a framework
that uses data-driven priors to estimate α(t) from sparse frequency measurements.

Fourier Series between [0, T ], then rω (t) becomes:

= E0 +

2ωd
c

Aωk e(i(ωk t−φωk )) ∗ (P cos(ωt) + P )

k=0

= Aω cos(ωt − φω ) + L
A. Data-Driven Frequency Estimation
where ωk = ωk, k is an integer, P is the average power,
T
L = E0 + P 0 α(t)dt is a constant, and Aω , φω depend on
the superposition of the returning sinusoids over all optical
paths. In theory, K can be infinite, but in practice it depends
on the time discretization. If we take two measurements with
dω,0 (t) = cos(ωt) and dω, π2 (t) = sin(ωt), we get the following
brightness measurements:
bω,0

Aω
Aω
cos(φω ), bω, π2 =
sin(φω )
=
2
2

The proposed framework is shown in Fig. 1. First, we concatenate the measured brightness pairs (bωk ,0 , bωk , π2 ). Brightness
images with nr rows, nc columns, and K frequencies, will result
in a nr x nc x2 K tensor B. We define a frequency estimation
network, gθ , that interpolates/extrapolates the frequencies up to
ωS , where ωS ≥ ωk :
gθ (B) = {bω1 ,0 , bω1 , π2 , . . . , bωS ,0 , bωS , π2 }

(3)

To avoid phase wrapping ambiguities B includes ω1 .

Authorized licensed use limited to: University of Wisconsin. Downloaded on May 13,2022 at 17:10:07 UTC from IEEE Xplore. Restrictions apply.

(5)

1208

IEEE TRANSACTIONS ON COMPUTATIONAL IMAGING, VOL. 7, 2021

Fig. 4.
Fig. 3. Truncated IFT. Examples of transient pixels reconstructed using a
truncated IFT. A truncated IFT transient, αS (t), with frequencies up to 100 MHz
(1st column) is not able to separate sparse MPI peaks (Row A), and diffuse MPI
(Row B) introduces a bias in the peak. Introducing higher frequencies in the
truncated IFT (2nd column) allows αS (t) to separate the sparse MPI, and the
diffuse MPI peak bias becomes smaller.

Why should gθ be able to learn this form of frequency
super-resolution? We observe that, although, transient pixel
waveforms can have arbitrary shapes, most waveforms have a
low-dimensional underlying structure. For example, in scenarios
where direct illumination is dominant, one frequency is sufficient to estimate the transient pixel, and hence, all of its Fourier
coefficients. For sparse MPI where there are two peaks (Row (A)
in Fig. 3), two frequencies are sufficient [33]. Finally, for diffuse
MPI (Row (B) in Fig. 3) the transient pixel can be approximated
by a low-dimensional parametric model [38], which reduces the
solution’s degrees of freedom. Based on this observation, we
hypothesize and empirically demonstrate that the priors learned
by gθ enable it to interpolate/extrapolate frequencies from a few
input frequencies.
B. The dToF Representation
One way to estimate α(t) from the output Fourier coefficients
at ω1 , . . . , ωS is to compute its truncated Fourier Series with the
first S terms:
αS (t) =

S


Aωs e(i(ωs t−φωs ))

(6)

s=1

(6) can be implemented by taking the Inverse Fourier Transform
(IFT) of the estimated brightness pairs in (5), with (bωs ,0 , bωs , π2 )
as the real and imaginary parts of ωs . A truncated IFT will
contain Gibbs ringing artifacts as shown in Fig. 3. These artifacts
are not an issue if we only need the maximum peak. However,
to find other peaks, it is useful to apply a smoothing function,
like a Hamming window [46], that reduces the ringing but does
not completely remove higher frequencies (red line in Fig. 3).
Moreover, besides a truncated IFT, other transient estimation
methods like the ones discussed in Section II are applicable.
We limit our analysis to the truncated IFT due to its simplicity,
minimal assumptions, and relation to a robust depth decoding
method discussed next.
Robust Depth Estimation: Given αS (t), assuming diffuse
reflections, depths are encoded by the maximum peak location,
i.e., argmaxαS (t). In other words, αS (t) is a depth lookup table.

Synthetic Scenes from the MF-ToF dataset.

It turns out that αS (t) has an interesting connection to the lookup
table used in the normalized cross-correlation (NCC) depth
decoding algorithm, originally proposed in the structured light
context [13], [47], and recently applied to iToF [12]. In our case,
the projected/reference signals are sinusoids at multiple frequencies, and the observed signals are the brightness measurements
estimated in (5). The NCC between the reference and observed
signals results in the NCC depth lookup table (green line in
Fig. 3). We observe that the NCC lookup table is equivalent
(up to a scale) to αS (t) (orange line in Fig. 3). Assuming a
direct-only illumination model, NCC decoding is near-optimal
in the presence of additive white Gaussian noise [13]. Therefore,
given (5) 2S brightness measurements, we can use the max
peak of the NCC lookup table or αS (t) for noise-robust depth
estimation. Interestingly, despite the direct-only assumption in
NCC decoding, the lookup table will account for direct and
indirect light paths, given enough frequencies. This means that,
although, NCC’s optimality may not hold for pixels with MPI,
it will still mitigate MPI.
Flexible Depth Estimation: In certain challenging depth sensing scenarios, like sparse MPI, the maximum peak may not
encode depth. Examples of these scenarios include: specular
MPI, optical cross-talk, and depth discontinuities. Some of these
scenarios may not be modeled in the training set (e.g., optical
cross-talk), or in the case of depth discontinuities the correct
peak may be application-dependent (see Supplementary Section
5.C for an example), making them challenging to resolve using
a data-driven model. Fortunately, the dToF response that arises
in all of these situations follows a similar sparse 2-path model,
which will be well-represented in the dataset at glossy surfaces
(e.g., wood floor in Fig. 4) and at edge pixels. Therefore, the
data-driven model in iToF2dToF should be able to generalize and
predict the correct sparse dToF response. Finally, we can design
rule-based peak finding algorithms around the flexible dToF
representation to recover the correct depths in these situations.

V. DATASETS AND IMPLEMENTATION
In this section, we introduce our simulator and new synthetic
Multi-Frequency ToF (MF-ToF) dataset. We also describe the
acquired real datasets. Lastly, we discuss the architecture used
for iToF2dToF and the baseline models.
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TABLE I
SYNTHETIC ITOF DATASET COMPARISON

A. Simulator and Synthetic Datasets
We implemented a data generation pipeline and created the
MF-ToF dataset. Table I outlines the aspects that our dataset
improves over previous datasets [2], [5]–[7].
iToF Simulator: We render transient images using MitsubaToF [43], [48]. The iToF simulator takes as input the transient
images, sensor parameters, and frequency, to produce 4-phase sinusoid measurements. Assuming sinusoid functions works well
in practice because commercial iToF modules come calibrated.
Finally, read and photon noise are added, and we check for
saturation. To validate the simulator’s signal and noise levels
we use real iToF data to tune the simulator parameters (see
Supplementary Section 1).
3D Scenes and View Generation: We gathered 14 Mitsuba
scene models from [49], and 11 Blender scene models from [50]
which we convert to Mitsuba. The scenes have realistic layouts,
textures/albedos, and diffuse and glossy materials as seen in
Fig. 4. For each scene, we semi-automatically generate 200
views used to render 5000 transient images.
MF-ToF Dataset: We simulate 5000 iToF images containing
frequencies from 20 MHz to 600 MHz in steps of 20. To cover a
wide range of SNR levels we simulate and average multiple
frames. According to our simulator validation, averaging 2
frames has similar noise levels to an exposure time of 0.3 ms
in the real sensor. Therefore, for each image the number of
averaged frames is randomized between 1 and 12 to emulate
exposure times ranging from 0.15-1.8 ms. We use this dataset
for training. We simulate 4 more datasets with varying number
of averaged frames to evaluate the performance of each model
at different SNR levels (Fig. 5). The dataset has a 120 × 160
spatial resolution.
For more details about the simulator and the synthetic
datasets, please refer to Supplementary Section 2.
B. Real Datasets
We use an iToF module with 480x640 resolution for data
collection. All images are resampled to 120x160 to match the
MF-ToF dataset resolution. The sensor is configured and calibrated to take measurements at 20 MHz and 100 MHz, and
raw data access is available at these frequencies. In addition

Fig. 5. Noise vs. Errors. We simulate the same test set at varying SNR levels
as described in Section V-A. Each model was trained with images containing the
full range of SNR levels. The Phasor baseline does not contain noise and is only
shown to confirm the MPI correction capabilities of the data-driven models.

Fig. 6. Wall Depths Standard Deviation. As described in Section V-B, we
image a wall at different distances, under 9 combinations of exposure and
reflectance settings. The reconstructed depths by iToF2dToF exhibit the lowest
standard deviation at most SNR levels, particularly at low SNR.

to real-world scenes like the ones in Figs. 1 and 9, we acquire
scenes in controlled scenarios with ground truth depths. Namely,
r Wall scenes: We imaged a flat wall at 8 depths (0.25-2 m
in steps of 0.25 m), at 3 exposures (0.15, 0.3, 0.5 ms), and
with 3 surface reflectances (5, 20, 50%). To verify the true
depth, we fixate a cross-shaped laser distance sensor next
to the iToF module. For alignment, we attached a mirror
to the wall and made sure that the reflected laser pointer
returned to the emitting point, ensuring that the sensor and
wall plane were parallel.
r MPI scenes w/ ground truth: We captured 7 real-world
scenes with partial ground truth. Fig. 7 shows 2 of them.
To obtain ground truth depths we average 100 frames of an
empty scene with negligible MPI (e.g., a wall or an empty
table as in Fig. 7). We use the noise-free data to compute
ground truth depths with the Phasor method described in
Section VI-A. Afterwards, we capture the same scene a
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Fig. 7. Real-world MPI Correction. To quantitatively evaluate the MPI correction capabilities of each method, we acquire scene pairs as shown in the left-most
images. We capture the scene with and without objects in it, and use the depths from the scene without objects as the ground truth depths. We manually draw masks
that indicate regions where ground truth depths are known. In both scenes, captured with a 1 ms exposure time, iToF2dToF achieves the lowest depth errors.

second time with objects placed in it. We manually create
a mask indicating the regions where ground truth depths
can be obtained from the first capture (see Fig. 7). Each
scene was captured at 4 exposures (1, 0.5, 0.2, 0.1 ms), to
cover a wide range of SNR levels.
C. Training and Implementation
The inputs to the network are frequency measurements at 20
and 100 MHz, where each frequency has 2 input channels (bω,0 ,
bω, π2 ). In the iToF2dToF models the network outputs the interpolated and extrapolated frequencies up to a given maximum
frequency. We normalize each frequency by dividing by its amplitude [2]. Although, we find that using amplitude information
improves the performance of all models, we also observe that
models trained with synthetic amplitude information did not
generalize well to real data. Extensive calibration [6] or more
complex architectures [7] can help. Nonetheless, the benefits
of iToF2dToF hold with or without amplitude information (see
Supplementary Section 6.B).
The network architecture used for all iToF2dToF and baseline
models was a U-net [51] with skip connections, ReLU activations, and learned upsampling, implemented in PyTorch [52].
The number of model parameters ranges between 1.873-1.877 M
depending on the number of output channels. We minimize the
L1 loss between the U-net’s output and the target output. For
a detailed description of the U-net architecture, please refer to
Supplementary Section 2.
For training we split the dataset into train, valid, and test
sets. The training set is composed of all views generated from
21 scenes (4200 instances). The validation and testing sets are
each composed of views generated from 2 scenes. Unless stated
otherwise, we train all models using the ADAM optimizer [53]
with a constant learning rate of 0.0001 for 300 epochs, followed
by 700 epochs with a linearly decaying learning rate. We use a
batch size of 32. During training, we mask pixels with depths
greater than 7.5 m (max depth for 20 MHz) and with “infinite”
depths corresponding to pixels looking at empty space (e.g.,
open windows or doors). During testing we remove images that
contain these invalid pixels. Furthermore, during training, we
apply random flips for data augmentation. At each epoch we

evaluate the model’s loss on the validation set and we keep track
of the model with the lowest validation loss.
VI. EXPERIMENTS AND RESULTS
In this section, we perform an ablation study to find the
maximum frequency iToF2dToF can effectively extrapolate to,
and compare it to multiple traditional and data-driven iToF
models. The synthetic test set has 182 instances. We evaluate
the robustness to noise on real and synthetic data. Finally, we
demonstrate the flexibility of iToF2dToF on two real examples
of specular MPI and optical cross-talk.
Performance Metric: To quantify performance we use percentile mean absolute errors (MAE), similar to [2], [21]. For each
image, the depth errors are sorted from lowest to highest, divided
into 4 percentile groups (0-75%, 75-85%, 85-95%, 95-99%),
and the MAE is calculated within each group. This grouping
allows to understand the performance in high SNR/low MPI
(i.e., 0-75% percentile) and in low SNR/high MPI (i.e., 85-99%
percentile) regions. When calculating the percentile MAE on
synthetic data, we mask edge pixels with depth discontinuities
(i.e., flying pixels) because the ground truth depth is not reliable.
We do not consider pixels with the largest 1% error to avoid
invalid pixels that arise from unmasked flying pixels, or infinite
ray pixels (may occur at the intersection of two meshes).
A. Baseline Comparison and Ablation Study
We evaluate iToF2dToF with different maximum frequencies
and compare it against the following approaches:
r Phasor: Depths are computed using a lookup table approach often used for multi-frequency iToF [1], [12].
r SRA: Depths are computed using the sparse reflections
analysis technique introduced in [37].
r Depth2Depth: A network trained to remove noise and MPI
errors from the depths produced by Phasor. This is a similar
model to [5], without the pre-training stage.
r iToF2Depth: A network trained to map noisy iToF data to
denoised and MPI-free depths.
This is a similar model to [2], but with a smaller network.
This model required more training to converge, so instead
of 700 epochs of linearly decaying learning rate, we use
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TABLE II
PERCENTILE MAE CALCULATED ON THE SIMULATED TEST SET CONTAINING A
WIDE RANGE OF SNR LEVELS. TRAINING ITOF2DTOF TO EXTRAPOLATE TO
HIGHER FREQUENCIES IMPROVES PERFORMANCE UPTO AROUND 400 MHZ

1700. Throughout this paper the terms, “iToF2Depth”
and “iToF2Depth Baseline,” refer to the same model. In
Supplementary Section 6.C, we compare with additional
iToF2Depth models that use a larger network and additional regularization, as in [2].
r iToF2iToF Baseline: A network trained to denoise the input
iToF measurements.
Table II compares the performance of iToF2dToF and the
aforementioned baselines. All the data-driven models use the
U-net architecture described in Section V-C. Performance of
iToF2dToF improves as we increase the maximum frequency it
extrapolates to. Around 400 MHz performance plateaus, and
further extrapolation does not lead to better results. For the
remainder of the paper the iToF2dToF model extrapolates up
to 400 MHz. Please refer to Supplementary Section 6.A for
additional results showcasing the effect of frequency on depth
errors and also the recovered transient signals.
Most data-driven approaches are able to correct for MPI to
some degree, as seen in Table II. This is evident by comparing
their metrics with Phasor, whose depth errors are solely due to
MPI because we do not add noise to it. Additionally, we observe
poor performance by the SRA model. This is likely due to SRA’s
K-path modeling assumption not being true for scenes without
reflective objects, and also only providing 2 frequencies. Similar
to [2], we find that Depth2Depth with a U-net architecture
performs worse than a U-net that uses the raw measurements
as input (i.e., iToF2Depth). Overall, iToF2dToF outperforms all
the evaluated models. Other MPI correction methods [14], [30],
[33], [35], [36], [38] require special acquisition strategies or
more frequencies, making them difficult to compare with.
B. Robustness of iToF2dToF
In this section, we demonstrate the performance of iToF2dToF
in scenarios with a wide range of SNR levels.
Robustness on Synthetic Data: Fig. 5 shows performance
at different SNR levels. As we decrease the test set SNR,
the performance gap of iToF2dToF and the end-to-end model
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TABLE III
PERCENTILE MAE FOR REAL-WORLD SCENES WITH GROUND TRUTH
CAPTURED AS IN FIG. 7

Fig. 8. Real-world Depth Images. Recovered depths for multiple scenes at
various exposure times. The Phasor (No Noise) images provide an approximate
view of how the correct depth image should look like. For visualization purposes,
we mask pixels (white regions) that exhibit phase wrapping or that were still
noisy in the “noiseless” Phasor image. We find that iToF2dToF generates higherquality depth maps, particularly, in low SNR regions.

(iToF2Depth) increases. Surprisingly, in the lowest SNR setting iToF2Depth performs worse or comparably to a denoising
network (iToF2iToF). We find that using a larger network for
iToF2Depth, helps improve its robustness to noise. Nonetheless,
as shown in Supplementary Section 6.C, the larger network
continues to perform worse than iToF2dToF at low SNR.
Robustness in Real Wall Dataset: Fig. 6 shows standard
deviation of the reconstructed depths for a planar wall at different
SNR levels. We apply light gaussian smoothing on the raw data
for Phasor. At high SNR levels (i.e., high exposure, small distance, and high reflectance), iToF2dToF performs comparably
to other learning-based baselines and achieve a low standard
deviation (<5mm) in the reconstructed depths. This is expected
because all reasonable models should converge to the correct
solution as we increase SNR, especially for scenes with no MPI
like the wall reconstructions. At low SNR settings, however,
iToF2dToF consistently achieves ∼2x lower standard deviation.
In Supplementary Section 3 we show results with a similar trend
at more distances.
Robustness in Real-world Data: Table III summarizes the
percentile MAE obtained from 28 scenes (7 scenes, 4 exposures
per scene) with partial ground truth, as described in Section V-B.
Fig. 7 shows the depth errors for 2 of the them. Quantitatively,
iToF2dToF achieves lower percentile MAE than all baselines,
and outperforms iToF2Depth in 6 out of 7 scenes. Qualitatively,
Fig. 8 shows that iToF2dToF recovers depth images with fewer
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with a second mask indicating all pixels with a 2nd peak. To find
the 2nd peak we use the same algorithm as for specular MPI.
Finally, we use the mask to select the pixels that should use the
depth of the second peak. This algorithm leads to a few outliers
in the 2nd peak depth image, so a median filter is applied.
VII. DISCUSSION AND LIMITATIONS

Fig. 9. Optical Cross-Talk Correction. Cross-talk arises in ToF images with
high contrast regions. In these regions all methods incorrectly assign the foreground depth to background pixels. Fortunately, the dToF representation and
the amplitude image allow us to identify high contrast regions and correct those
pixels by selecting the depth of the second peak (iToF2dToF 2nd Peak).

artifacts. In Supplementary Sections 4 and 5, we present extensions of Figs. 7 and 8 for all acquired scenes and additional
qualitative results.
C. Flexibility of iToF2dToF
We integrate iToF2dToF with two rule-based algorithms to
resolve specular MPI and optical cross-talk. In Supplementary
Section 5 we show two more examples that use the flexible dToF
representation for specular MPI and depth refinement.
Specular MPI: The maximum peak of specular pixels may
not encode the true depth because the direct reflection (1st peak)
is not the maximum, e.g., TV pixel in Fig. 1. In Fig. 1, we adapt
iToF2dToF to use a 1st peak finding algorithm. First, we find
candidate peaks with Scipy’s [54] built-in find_peaks function.
The largest 2 peaks, whose heights are at least 2x the median of
the transient pixel, are selected. Finally, the 1st peak is selected
and a 3x3 median filter is applied to remove outliers caused by
noisy peaks.
Optical Cross-Talk: When a scene contains high contrast
regions, such as a bright foreground and dark background, the
signal from the bright foreground pixels leaks into the dark
regions. This ToF artifact is a type of MPI attributed to lens
inter-reflections [55] and often called optical cross-talk. Fundamentally, cross-talk is a kind of sparse MPI where the correct
depth corresponds to the second peak in the transient response.
Despite not explicitly modeling optical cross-talk in the training
set, in Fig. 9 we show how iToF2dToF can be integrated with
the following peak finding algorithm to resolve cross-talk.
We begin by finding high contrast regions in the amplitude
image. To this end, we take the absolute difference between the
amplitude image and a blurred amplitude image, and divide by
the amplitude image. We threshold this ratio to obtain a mask of
high contrast regions. This high contrast mask is then multiplied

Challenges of Depthmap Supervision: Data-driven iToF models that perform supervision on the final depthmap representation can achieve good performance as long as the training
dataset provides explicit supervision for each scenario. Explicit
supervision, however, is hard to provide in ambiguous depth
sensing scenarios (e.g., specular MPI, cross-talk, and depth
discontinuities) where depths are encoded differently in the
data (i.e., max peak vs. 1st peak vs. second peak). Specular
MPI correction requires a well-balanced dataset with diffuse
and specular materials. Optical cross-talk would require an
accurate optics simulator. Finally, correctly assigning depths
values at depth discontinuities can be application dependent
(see Supplementary Section 5.C), which would require end-toend models to be re-trained for each application. In practice,
a large, diverse, and accurate dataset that provides this level
of supervision is challenging to collect or even simulate. To
alleviate this depthmap supervision dependency, we propose to
learn an intermediate representation that encodes depths, but
decouples the depth estimation step from training. At test time,
depths are estimated from the intermediate representation using
rule-based algorithms that embed domain knowledge, enabling
high-performance in multiple challenging scenarios.
More broadly, end-to-end learning-based models that perform
supervision on the final target representation (e.g., depthmaps
in our case) have achieved state-of-the-art in many applications.
Our work suggests that it is sometimes beneficial to perform
supervision on a sensible intermediate representation, from
which the final representation can be extracted using rule-based
algorithms. This approach was particularly useful in corner
cases and ambiguous scenarios where it was easier to perform
supervision on the intermediate representation. Finally, in the
more common scenarios, the proposed method also achieved
good performance, in particular, at low SNR.
Transient vs. Depth Supervision: One limitation of most datadriven iToF models is their reliance on ground truth transient
images. This is particularly true for iToF2dToF where the supervision is done on frequency-domain transient images. Although,
synthetic transient image datasets have become the standard for
training data-driven iToF imaging models [2], [5]–[8], this is not
always necessary [4], [56]. In Supplementary Section 6.D we
analyzed an iToF2dToF model that was supervised on the final
depth images estimated from the intermediate transient representation. Although, we do observe some benefits of this training
approach, this model is not able to match the performance of
iToF2dToF in the more challenging cases.
Scattering Media: In Supplementary Section 6.E we evaluate
iToF2dToF on scattering media. Although, iToF2dToF does not
completely break like other learning-based models, our transient
analysis suggests poor generalization to this scenario.
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Other Architectures: To isolate the benefits of iToF2dToF’s
“Input2Output” representation comparisons were done with networks of similar size, same architecture, and same training set.
Specifically, we chose a fixed U-net architecture, and trained it
on different representations. An extended analysis on how other
architectures (e.g., KPN [6], [8]) work with all representations
is an interesting avenue for future work.
Bridging the iToF and dToF Gap: dToF sensors overcome
the challenges iToF faces by directly capturing transient images.
However, their low-resolution, high-cost, moving parts, and high
power consumption, prevent their use in certain applications. To
some degree, we are closing the gap between iToF and dToF
by exploring the extreme transient imaging case where only
two frequencies are available. We can indeed reconstruct the
transient from the limited input, albeit, at a lower time resolution
than current dToF sensors. An interesting direction for future
work could explore the limits of data-driven iToF-based transient
imaging with additional and higher frequencies [57] and its
applications [58].
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