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Abstract. The acquisition of objects outside the Line-of-Sight of cam-
eras is a very intriguing but also extremely challenging research topic.
Recent works showed the feasibility of this idea exploiting transient imag-
ing data produced by custom direct Time of Flight sensors. In this paper,
for the first time, we tackle this problem using only data from an off-
the-shelf indirect Time of Flight sensor without any further hardware
requirement. We introduced a Deep Learning model able to re-frame the
surfaces where light bounces happen as a virtual mirror. This modeling
makes the task easier to handle and also facilitates the construction of
annotated training data. From the obtained data it is possible to retrieve
the depth information of the hidden scene. We also provide a first-in-its-
kind synthetic dataset for the task and demonstrate the feasibility of the
proposed idea over it.
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1 Introduction

Many different strategies have been proposed for the acquisition of 3D data, but,
regardless of the technology used, a key requirement to acquire 3D information
from a real-world scene is to ensure that there is a direct path between the sensor
and the acquired point. This setting is denoted as Line-of-Sight (LoS) acquisition.
Recent research showed that active devices could also be used for the extremely
challenging task of Non-Line-of-Sight (NLoS) imaging. This essentially concerns
being able to capture a scene or an object located outside the direct Field of
View (FoV) of the sensor. This category of imaging goes one step further w.r.t.
its LoS counterpart, analyzing the light scattered from multiple surfaces along
indirect paths to reveal the 3D shape of objects located outside the LoS .
NLoS imaging using a 3D sensor is currently feasible only in very few scenarios
where there is a simple way for the emitted light to reach the hidden scene.
In particular, the looking behind a corner setting depicted in Fig. 2a] can be
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considered the baseline for this task. The goal of our work is thus to use an in-
direct Time of Flight (iToF) sensor to perform NLoS 3D imaging in this setup.
More precisely, the objective is to build a learned approach that, given the raw
iToF measurements as input, can retrieve the depth map of an object located
behind a corner, outside of the direct FoV of the camera. We have chosen to
use an iToF instead of direct Time of Flight (dToF) cameras, used in other
works tackling this setting, because it guarantees a greater lateral resolution |26].
Furthermore, this kind of device is able to retrieve a more refined depth w.r.t.
the one measured by a dToF. Notice also that most current NLoS works require
custom cameras with impressive specifications while we target the usage of off-
the-shelf consumer camera. This makes it more suitable for integration into other
devices such as cars, robots and helmets. As of the time of writing, there is
a limited number of approaches tackling NLoS imaging with iToF data and,
consequently, a dedicated dataset for this specific application does not currently
exist. For this reason, we have decided to build it from scratch.

The proposed approach exploits the Mirror Trick, an innovative idea that we
have introduced to reframe the problem as a LoS one by interpreting the front
wall as a virtual mirror, thus simplifying the definition of the ground truth in
the dataset and the task itself. Note that the reflecting wall in the dataset could
be either diffuse or glossy and the mirror trick is used only for re-framing the
task. The data are then used to train a deep learning model that predicts sensor
data in the mirrored setting and thus extracts depth information for the original
task from the iToF data. The main contributions of this work are:

— mirror trick: A new approach to reframe a NLoS setting as a LoS one;

— deep learning model: A Deep Neural Network (DNN) able to estimate
the depth in this setting using combined depth and shape losses;

— iToF dataset: The first synthetic dataset with iToF data for NLoS imaging.

2 Related work

NLoS perception using depth sensors is a new field, but there are already some
works that pursue this goal [6[141/17}/23,/24,[27]. In this section, we focus only on
the solutions based on the use of Time of Flight (ToF) sensors since these are
closer to the proposed one. In particular, if we consider iToF sensors, we realize
that only a few examples exist |11]. Furthermore, all of them assume to know
some a priori information on the scene or to be in a simplified scenario. To our
knowledge, we are the first to perform NLoS imaging using an off-the-shelves
indirect Time of Flight sensor that illuminates in a single shoot (full field) a
scene on which we know anything else but the fact that it satisfies the behind
a corner setup. Indeed, the vast majority of existing works exploit data from
Single-photon avalanche diode (SPAD) sensors embedded into direct Time of
Flight cameras [5l7HLOL12L[15}(16}1925128-30}32}34]. This makes the task easier
w.r.t. our setting since the direct and indirect light components are much simpler
to separate. Another common trend in this field is to illuminate the scene not
in a single shoot with a full filed illumination but, rather illuminate a grid of
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points on the front wall one by one. This makes the reconstruction of the hidden
scene much simpler since each single illumination step will not interfere with the
others. On the other hand, the acquisition procedure becomes very long.

Analytical methods To the best of our knowledge, the only work exploiting
iToF data is [11]. This paper considers a huge simplification in the look behind
a corner setup by spatially splitting the ToF device into two separate entities:
the light emitter, located in the NLoS and the actual sensor, located in the LoS.

A key work in the field is [30], which introduces a novel approach to transient-
based NLoS imaging. The authors introduced the concept of Fermat path, which
corresponds to a specific path followed by a photon between the LoS and NLoS
scene. Finally, they build the Fermat flow algorithm to perform shape recovery.

Heide et al. |9] exploits the fact that the temporal structure of the light,
between a diffuse wall and a mirror, is left intact to recover objects outside the
LoS. They formulated the reconstruction task as a linear inverse problem.

A joint albedo-normal approach to NLoS surface reconstruction using the
Directional Line-Cone transformation (D-LCT) is proposed in [32]. The work
uses a SPAD that, spot by spot, illuminates the illumination grid and expresses
NLoS surface normal recovery as a vector deconvolution problem in time-resolved
measurements, that is solved using the Cholesky-Wiener solver.

Kirmani et al. |12 proposed a new framework that uses transient data anal-
ysis to extract the properties of the NLoS scene. The theory is then supported
by experiments using a femtosecond laser and an ultra-fast photo-detector array.

A combination of ToF data and computational reconstruction algorithms is
used in [28] to untangle the image information mixed by diffuse reflections.

A NLoS imaging system that uses a single SPAD pixel to collect ToF infor-
mation is proposed in [5]. This work focuses attention on practical aspects like
power requirements, form factor, cost, and reconstruction time.

Deep Learning based methods The work by Shen et al. [25] aims to fuse
NLoS reconstruction with the Neural Radiance Field (NeRF) approach. More
precisely, they developed a Multi-Layer Perceptron (MLP) to represent a spher-
ical volume Neural Transient Field (NeTF). The approach requires the use of a
SPAD sensor that illuminates spot by spot a sparse grid.

A tailored autoencoder architecture, trained end-to-end, that maps NLoS
transient images directly to a depth map is proposed in [8|. The results are
computed over a synthetic simulation of SPAD measurements.

Wang et al. [29] proposed a general learning-based pipeline for NLoS imaging
using only a few acquisition points. A Neural Network (NN) is tailored to learn
the operator that recovers the high spatial resolution signal.

A synthetic photon ToF histogram with picosecond temporal resolution is fed
to a compressive imaging algorithm that exploits Deep Learning (DL) in [34].



4 M. Caligiuri et al.

3 Basic principles on Time of Flight imaging

Before introducing the proposed method, we recall some basic principles of ToF
sensors. There are two main families of ToF sensors: indirect Time of Flight
(iToF) and direct Time of Flight (dToF). Independently from the ToF technology
used, the measured data could be represented in different formats, in this work
we have decided to use the phasorial one.

3.1 Indirect Time of Flight

Indirect Time of Flight sensors do not measure the distance directly from the
time of flight along the light ray but instead, calculate it indirectly from the phase
shift ¢ between the emitted modulated signal and the received one [33]. Ideally,
the camera is assumed to be composed of two co-located elements: the emitter
(light source) and the sensor (detector). Notice that in a real device, they cannot
be exactly in the same location and it is necessary to perform some additional
compensation steps. The source emits an amplitude-modulated light signal (o)
that travels toward the scene and is reflected back to the detector. The detector
convolves the received signal (r) with a square signal characterized by the same
frequency (fm) of the emitted one. By sampling this convolution on 4 points,
it is possible to extract the phase shift (¢) between the two signals and use it
to compute the distance. ToF devices based on this principle are also known as
Amplitude Modulated Continuous Wave (AMCW) ToF. From the convolution
samples, it is then possible to compute the amplitude (A) of the reflected signal
and the phase shift (¢) [33]. In particular, using the phasor notation we get:

c=Ae'? = A (cos(¢) + jsin(p)) = R + 59, (1)
the amplitude and phase correspond to:

A= +/S(e)? + R(c)?, ¢ = atan2 (3(c), R(c)). (2)

The atan2(-) function is used to capture the full 27 range of the phase. At this
point, using the phase (¢), the modulation frequency (f,,) and the speed of light
(c), we can simply compute the target point distance (d) as:

C
d= .
4 fm ¢

(3)

For a better comprehension of the data generated by an iToF, it is essential
to remember that the amplitude (A) directly correlates with the intensity of
the incident light beam striking an object. The phase shift (¢), conversely, is
proportional to the depth of the object that reflected such a light ray.

3.2 Direct Time of Flight Cameras

Direct Time of Flight cameras work by generating a Near-InfraRed (NIR) light
pulse of known duration and then discretizing the front of the reflected light.
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The discretization is performed before the return of the whole light pulse using
a fast camera shutter. The resulting portion of the reflected light signal is the
element that describes the observed object. Using this approach, the depth is
directly linked to the time delay of the received signal [13]. Indeed, knowing the
light pulse duration (fpuise) and the shutter time (J5), it can be computed as:

c

d= ———. 4
2(tpulse + 65) ( )

The output produced by this kind of sensor is sensibly different from the one
of an iToF. A dToF can return for each sensor pixel a transient vector (x) that
describes the light intensity received at each time instant. This, as shown in
Fig. [1} can be easily separated into its direct (xq) and global (zg) components,
a challenging task for iToF data. This difference with its indirect counterpart is
the key aspect that makes performing NLoS imaging easier using a dToF sensor.
Finally, note that converting a dToF output to an iToF one is a straightforward
analytical approach (see [4] for the mathematical details) while the reverse is
an ill-posed problem. Starting from the dToF transient vector (z) and the iToF
measurement’s model (@), the iToF data can be obtained as cye = Px.
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Fig. 1: Transient vector representation

3.3 NLoS perception using ToF cameras

Regarding the task of Non-Line-of-Sight imaging using a ToF sensor, the main
idea is to analyze the output of a dToF and from that extract the global com-
ponent (xg) excluding the direct one, since an object located in NLoS, for sure,
will not be the closest object to the sensor. It is important to note that even
if we can precisely extract the global component, discerning which element cor-
responds to noise, or to other reflections in the scene, and which to the hidden
object is an extremely difficult and ill-posed task. Currently, most of the state-
of-the-art approaches perform the extraction of useful data from (x4) using some
kind of DL model. Furthermore as stated in |11] one of the biggest limitations
that arise from the use of off-the-shelves ToF device for NLoS imaging is the fact
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that the information coming from the hidden scene is carried by light rays that
have performed at least three reflections. Each of them starts from the emitter,
bounces on the front wall, then on the hidden object, then again on the front wall
and finally, it reaches the sensor. Note that this represents the most ideal path
since, in most cases, there will be more reflections before the light rays reach the
sensor. This means that, even in the best scenario, such information necessarily
travels a long path and so, the measured intensity greatly reduces, making the
process of discerning between noise and useful information even harder. This
problem is even more severe if we consider that the reflections coming directly
from the front wall are extremely more intense and could saturate the sensor.
As it is clear from what was said above, the standard approach is to extract
meaningful information about the NLoS scene from the global component. Using
an iToF instead of a dToF makes the task more complex. Indeed, as stated in
Sec.[3:2] the iToF output doesn’t explicitly distinguish between direct and global
components, making it harder to extract information from the hidden scene. It
can be inferred from this general introduction that NLoS applications using ToF
technology are restricted to functioning in just a few specific scenarios, such as
look behind a corner, due to the necessity that the light reflected from the hidden
objects reach the sensor with a relatively simple path.

) ’

(a) Basic scene (stan- (b) Basic scene (per- (c) Basic scene (after (d) Axis orientation
dard) fect mirror) Mirror Trick)

Fig. 2: Representation of the Mirror trick.

4 Proposed method

As anticipated in Sec. [T]the proposed approach for Non-Line-of-Sight imaging is
based on a Deep Learning model working on iToF data. The most straightforward
approach is to use a supervised learning model that takes in input the iToF
data and tries to predict the geometry of the hidden object. More in detail,
the network should directly output the depth map of the NLoS scene as if the
point of view is located on the front wall looking in the direction of the object.
Unfortunately, in this way, the relation between the input and output is very
complex to model and the NN struggles in solving this task, thus leading to poor
results. A possible strategy to simplify the problem is to train the network to
estimate the iToF data corresponding to a LoS scene, relieving the model from
learning also how to perform the conversion between ToF and depth domain.
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Of course, this approach still has its challenges, indeed, it is extremely hard to
accurately simulate the iToF data of an unknown scene. For these reasons, we
introduce a novel re-formulation of the problem that makes it more tractable
and easier to solve for the learning model and also, simplifies the construction
of the ground truth for training data.

4.1 The mirror trick

As previously introduced, we aim at simplifying the task that the network model
has to perform, reducing as much as possible the implicit transformations. To
this aim, we introduce the Mirror trick. If we consider the toy scenario in which
the front wall is a mirror, the NLoS settings do not hold anymore and the retriev-
ing of the hidden object becomes straightforward. Exploiting some fundamental
principles of optics, we can effortlessly explain this behavior. When the front
wall functions as an ideal mirror, the reflections of incoming rays are perfectly
specular, leading to a substantial simplification in the geometric description of
the scene. With these specular reflections, we can now treat the trajectory tra-
versed by the ray emitted from the sensor and its subsequent reflection off the
front wall as a solitary ray with a length equivalent to the sum of the individual
ray lengths between the sensor and the front wall and between the front wall and
the object. A similar analysis applies to the returning path (from the object to
the front wall and then to the sensor). The described setup is depicted in Fig.
Here, it is possible to see that the ToF sensor could directly see the object in the
NLoS area as if it is in LoS. Furthermore, if the mirror used is ideal, given how a
ToF camera works, the depth map produced by the sensor in a setup like the one
of Fig. 2H] is the same as that produced from the setup of Fig. Essentially,
if the front wall is an ideal mirror it is possible to assume that the NLoS object
appears to the sensor as if it is flipped around the front wall plane. The mirror
trick also allows our method to be completely agnostic to the material of which
the front wall is composed. Indeed, if we found a way to teach a DL, model how
to convert a surface of unknown material to something as close as possible to an
ideal mirror, we will be able to retrieve information about the NLoS scene with
a small effort. To summarize, the mirror trick is a clever approach to handle
look behind a corner setup without any knowledge about the front wall mate-
rial. In particular, a learning model exploiting it should be able to take in input
iToF measurements of a scene like the one of Fig. 28] and transform them in
such a way that the obtained data still represents iToF measurements data but
acquired in a setup like the one depicted by Fig. 2Bl Once we’ve reached this
goal, the obtained data is the same as the one coming from a scene like the one
in Fig. [2¢| thus extracting the NLoS scene becomes a straightforward operation.
We want to stress that the application of the mirror trick does not require the
front wall to be a mirror, but is used to convert a general look behind a corner
scene, with no further assumption on the used materials, to one that uses an
ideal mirror as a reflective wall. Another benefit of using the mirror trick is that
it simplifies the Ground Truth (GT) data generation process. This represents a
key step of our work, since generating good quality data, that can be reliably
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used as Ground Truth, is extremely challenging in this field. The idea behind the
ground truth data generation is very similar to the one presented in the para-
graph above: it can be directly generated by assuming that the front wall is an
ideal mirror. Under this assumption to generate each GT sample, it is sufficient
to take each scene in the standard setting (Fig. [2a]), remove the front wall, and
flip the hidden object across the wall plane (Fig. After applying the mirror
trick, we simulate the ToF data for the obtained scene by feeding it into the ToF
simulator (Mitsuba 2 Renderer [18]), as explained in Sec.

4.2 Deep learning framework

In this section, we detail the input and output data, the employed Neural Net-
work (NN) model, and the loss function used.

Input data The input is defined as raw iToF measurements of a look behind a
corner scene like the one in Fig. 2a] We decided to represent the data in phasor
format so that each measurement has a real (R(c)) and an imaginary (3(c))
component. In order to provide the network with enough data, and following the
same rationale presented in [1}[26] we have decided to perform each measurement
at three different acquisition frequencies: 20MHz, 50MHz and 60MHz. Doing
that, as stated also in 4] it is possible to get different interfering characteristics
between the visible wall and the hidden object. To improve stability to such large
input values, a normalization step is also required: we divided each component
of the iToF measurement by the corresponding amplitude at 20MHz, calculated
using Eq. . By doing that we ensure that the value range of the input data
is [0, 1]. A side effect of this operation is the removal of the information about
the amplitude at 20MHz, which is useful for extracting information about the
noise level of the measurements. To overcome this issue, we have decided to add
this information (divided by a constant to bring it also in the [0, 1] range) as an
additional channel to the normalized iToF data. After this small pre-processing,
we feed the network with a matrix of dimension: by X 7 X w X h. Where b, is
the batch size, while w and h are the image dimensions. The second dimension
contains the 20MHz amplitude followed by the three normalized real components
and the three normalized imaginary components (one for each frequency).

Data augmentation In order to maximize the amount of information that the
DNN can gather from the input data, we performed an augmentation step of the
training data. More precisely we applied a random rotation in [+180]°, a random
translation in [£0.2 - (w, h)]px, flipped samples vertically and horizontally and
added Gaussian noise with mean p = 0.0 and standard deviation o = 1.0.

Output data As for the output, we train the network to predict the iToF data,
only at 20MHz, corresponding to the scene obtained by applying the mirror trick
to the input (Fig. . This means that the network produces an output iToF
measurements of the input scene where the front wall is transformed into an ideal
mirror. In this way, we reduce to the minimum the complexity of the task the
network has to perform internally, and at the same time, we obtain an output
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from which it is straightforward to compute the depth map of the hidden object.
Indeed, from the network output, it is enough to use Eq. together with Eq.
to obtain the desired depth map. For coherence with the input iToF samples,
the output ones are expressed in phasor form (£(c) and $(c)).
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Fig. 3: Schematized representation of the proposed NN model

NN architecture We work with input data that can be seen as a multi-channel
image (each layer of the input data is a 2D matrix where each pixel contains an in-
tensity value) from which we want to retrieve another image-like representation,
similarly to a denoising or image translation problem. For this reason, the use of
a 2D convolutional model is a fairly straightforward choice. In particular, as it is
possible to see from Fig. [3] we used an Encoder-Decoder architecture similar to
a U-Net [20]. This model has been widely used for segmentation and denoising
tasks and it has good convergence properties even with a limited amount of data.
This is a key requirement in our case since there is no existing dataset and we
could not build a very large one. Finally, we concatenated to the output of the
Encoder-Decoder section a set of standard 2D convolutional layers (with ReLU
activation function) to fine-tune the prediction and reduce the number of output
channels to 2, i.e., the two components of the output iToF data.

Loss function The loss function of the proposed model aims at jointly opti-
mizing the shape of the hidden object and the depth value of its points. To this
end, the loss function is designed as a combination of two terms:

o] T L +L (0]
Lyiag = wiL8 p+ L8 o, Loy = 1—1oU(sp, s¢); L = % (5)

The first term, Lyag, is a modified version of the standard Mean Absolute Er-
ror (MAE) loss function on the depth values. Since in our setting, there are
many more pixels corresponding to the background than corresponding to hid-
den objects, we balanced the contribution of the object and background in the
MAE loss in order to give a similar relevance to both regions. We separately
calculated the MAE loss on the object region LK}HAE and the same loss on the

background LM g and then computed the loss as a weighted sum of the two.
In particular, the weighting parameter is computed as w; = « - I%I where « is

empirically set to 1/7 while |B| and |O] are, respectively, the number of pixels
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in the background and object regions. The second term Li,y, is computed using
the Intersection over Union (IoU) metric across the predicted and ground truth
segmentation maps s, and s, to help the NN model distinguish between the
object and background regions (foreground/background separation) and ulti-
mately helps the algorithm to better reconstruct the precise shape of the hidden
object. The computation of the segmentation maps is done by thresholding the
depth values, a non-differentiable operation. This represents a challenge for the
training procedure since after that, it is no longer possible to backpropagate
the gradient. To solve this issue, we implement this thresholding function to-
gether with a Straight-Through Estimator (STE) [31] in order to perform the
non-differentiable operation only during the forward step, while in the back-
ward step, we perform a simple linear, and so differentiable operation. Before
implementing the IoU together with the STE, we also tested the Lovaz-Softmax
loss [2] as an alternative method for direct optimization of the IoU, but this loss
led to lower performances.

Training parameters The training procedure was carried out for 695 epochs
on the 2833 training samples obtained from the proposed dataset after applying
data augmentation. It took = 4h and 40min using the Adam optimizer with a
learning rate of Ir = 1-10~%. The training was set to run for 1500 epochs, but we
applied an early stopping criterion, i.e., the learning procedure was automatically
stopped after 150 consecutive epochs with no validation error improvement. The
model was trained on a NVIDIA RTX 2080Ti with 11GB of RAM.

5 Proposed dataset

It has been acknowledged in Secs. [I] and [2] that the utilization of iToF sensors for
NLoS imaging is a relatively unexplored area within the research community. For
this reason, we also needed to build an ad-hoc dataset from scratch. To be able to
generate a dataset large enough for NNs training, due to the complex acquisition
process, the only option was to construct a synthetic one. By employing this
methodology, we are able to precisely control each acquisition parameter involved
in the process. We acknowledge that real-world experiments are the key next step
but since this is the first work to tackle this task, demonstrating its feasibility
on synthetic data is a reasonable target. Anyway, to move to real data, a good
strategy would be to pre-train the model on a large synthetic dataset and then
adapt or fine-tune it using real data. This makes the proposed dataset a great
starting point also for future works tackling real data. A generic dataset scene is
shown in Figure this is a relatively simple setting but a reasonable starting
point to explore this new task.

5.1 Rendering pipeline

To generate the dataset we needed a way to automate the construction of
each 3D scene and a rendering engine able to render it as if it were observed
by a Time of Flight sensor. We have built an automatic pipeline in Blender
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2.83 [3], which, starting from a basic scene, generates many variations of it.
From these scenes, using the Mitsuba Blender Add-on |21, we were able to
convert them into the format required by the rendering engine. We used the
Mitsuba2 renderer [18] since it is an extremely realistic open-source renderer.
More precisely, since we need ToF data in the output, we have used the modified
version Mitsuba2-transient-nlos [22] that can render the scene as a transient
vector. We have chosen this specific renderer since it is based on ray tracing
technology and accurately simulates the Bidirectional Reflectance Distribution
Function (BRDF) of all the surfaces in the scene. These two elements are funda-
mental to ensure that the rendered scene is as close as possible to a real-world
acquisition. The last step was to convert the obtained data from dToF to iToF.

5.2 Structure of the dataset

We generated a dataset composed of 1344 scenes: each scene is acquired using
105 rendering samples, 2000 temporal bins of size 0.01s (that is equivalent to
0.01m), a sensor horizontal FoV of 60° and a resolution of 320 x 240 pixels
(QVGA). Another key aspect is the fact that the illumination is full-field, i.e.,
the whole scene is acquired and illuminated in a single step. This means that if we
capture the same scene in the real-world the acquisition process requires a single
shoot (allowing real-time). This last characteristic highly differentiates our model
from those based on SPAD sensors, since they are limited to a sparse acquisition
performed one dot at a time (much longer acquisition time). An essential aspect
of a synthetic dataset is that it has to guarantee a high enough level of variability.
This is fundamental since the data contained in the dataset must contain enough
information to allow a NN model to learn the desired task. In order to ensure
the aforementioned variability, we decided to consider different locations and
orientations for the hidden objects and also to allow the front wall to assume
different roughness values. We consider a set of primitive geometrical shapes for
objects, i.e., the ones presented in Fig. [4] with their locations, orientation and
dimensions. Possible positions and rotations are randomly sampled. In addition
to those basic shapes, % of the scenes contains, as a hidden object, a random
combination of two primitives sampled randomly. The distance between the two
walls is fixed at 70cm. Finally, the roughness value of the front wall can take
values in « € [0.3, 1] with a step 0.05. This corresponds to a variation in the
glossiness of the wall, which implies that our dataset does not contain only diffuse
surfaces. Code and dataset are available herd’|

Train-test split A key aspect of a dataset is how has been split into train and
test sets. In particular, we have used 1075 images for training and 269 for testing.
It is important to notice that the object present in the former sets will never be
present in the latter in neither the same location and orientation. Other than
that, since the “composed objects”, built mixing two “basic shapes”, are randomly
generated, the ones present in the training set will never be present in the test

3 https://github.com /matteocali/nlos-imaging-from-itof-data
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Fig. 4: Sample objects with their locations, orientations and dimensions.

set. Regarding the front wall’s roughness, a spans over the same interval in both
sets ensuring that the model learns to handle different materials.

6 Experimental Results

We evaluated our approach over the test set of the introduced dataset. In or-
der to properly assess the results we will consider both the accuracy of the
reconstructed object’s shapes and the depth estimation error. For the former,
we computed the mean Intersection over Union (mlIoU) between the predicted
and Ground Truth object shapes, obtained by flattening the depth map to a 2D
image and considering as object everything that is not background. For evalu-
ating the accuracy of the actual depth, instead, we will use the Mean Absolute
Error (MAE) between the estimated values and the GT ones. In Fig. |5| we show
some visual results. More precisely, we include five examples of predictions (one
for each row). The first two columns contain the real (R(c)) and the imaginary
component ((c)) of the predicted iToF (output of the network), while the last
column contains the depth map computed from the predictions. Each column
compares the ground truth (left) with the corresponding prediction (right). From
this image, it is possible to qualitatively see that the model can recover the over-
all shape of the target reasonably well, indeed our approach obtains an average
mloU of 0.77. Performing a more in-depth analysis we could see that the model
performs best over cylindrical and spherical shapes, while the most challenging
shape is the concave plane due to its thin shape, especially if not oriented straight
to the camera. Regardless of that, it is important to note that from our tests the
model is able to maintain almost the same reconstruction accuracy over simple
objects and composed ones (i.e. the scenes with two objects inside). For a more
quantitative analysis, we can refer to the plot in Tab. [} most of the sample pre-
dictions reach an overall accuracy, over the test set, between 80% and 95%. This
represents a good result considering the very challenging scenario in which we
are working. Indeed, considering that we illuminate the scene full-field reducing
the acquisition to a single shoot, differently from the long acquisitions of most
dToF-based approaches, the achieved performance is really promising. In Tab.
we also present the depth estimation error. It is possible to see that the network
recovers the depth of the scene with an average error of 5.21cm, which, consider-
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Table 1: Results over the test set. The plot shows the accuracy values distribution.

AVERAGE MIN MAX
MAE [em] |  5.214284 114  18.70
mloU 1 0.77+0.12 048 0.95

ing that the mean distance between the sensor and the object is around 3m is an
encouraging result (the error is around 1 — 2% of the distance). It is important
to note that in some cases the model can make an almost perfect prediction (in
the best case, the error is only & 0.11cm). To better visualize the depth recon-
struction of the model, in Fig. [6] we also show the point cloud of each predicted
sample of Fig. [f] together with the related ground truth. Analyzing Figs. [f| and [0]
together we can confirm the evaluation done on the quantitative results. We
can see that the model is able to correctly locate the hidden object and predict
its dimensions. The most challenging aspect is the precise reconstruction of the
shape. The first two samples have been recovered almost perfectly, while the last
two shapes are not so accurate. Considering the third example, we notice that
the network struggles a bit with the complex shape of the composed object, but
is still able to predict a rough shape that, rather not being as accurate as the
one of the cylinder or sphere, is still quite good.

6.1 Ablation study

Since there is no other work suitable for tackling the task for direct comparison,
it is very interesting to show how the various design choices allow us to improve
results w.r.t. baseline strategies. The findings of this analysis are in Tab. 2]

Table 2: Ablation scores for object shape (mlIoU) and depth (MAE) over the test set.

SETTINGS frequencies (MHz) losses our model
20 50 60 MAE MSE MSE+loy MAE+IoU

MAE [em| |  6.15 10.33 9.43 5.83 13.72 5.93 5.21

mloU 1 0.74 068 069 0.76 0.66 0.77 0.77

Input Frequencies Using multi-frequency data greatly helps the DNN to reach
higher accuracy. Due to how an iToF works, higher frequencies ensure higher
resolution but suffer from the phase wrapping issue. On the other hand,
using only the 20MHz frequency, we greatly reduce the influence of the phase
wrapping but also affect the accuracy of the reconstruction. Taking into account
this evaluation, it is clear that merging acquisitions at different frequencies leads
to exploiting the strengths of each of them, minimizing the drawbacks.
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Ground Truth iToF Predicted iToF = Ground Truth iToF Predicted iToF
real component R (c)) real component R (c)) (imagin. component S ()~ (imagin. component 3 ()

(@ R ( R

Ground Truth depth Predicted depth

MAE: 1.2em
mloU: 0,939

Fig. 5: Sample visual results

Fig. 6: Point cloud examples ([e]=GT, [¢ — e]=[closer — further|=prediction)

Loss Functions Training the model using only the MAE loss, the overall ac-
curacy achieved by the network decreases, proving that the IoU metric helps to
better identify the object. Furthermore, if we consider the qualitative results ob-
tained by removing the IoU it is clear that the shape of the object is completely
lost since the model tends to build a spherical object. If we use the Mean Square
Error (MSE) loss instead of the MAE we can see that the error greatly increases,
probably because more focus on smaller errors is needed. If we add the IoU to
the MSE loss function, the accuracy of the model improves, but the combination
of MAE and IoU is the best option.

7 Conclusions

We tackled the task of Non-Line-of-Sight imaging using an indirect Time of
Flight sensor as the source of measurements: the proposed approach that com-
bines the Mirror trick with an ad-hoc Deep Learning solution proved to be a
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feasible solution for the task. The use of this specific type of ToF cameras, in-
stead of the more common dToF, allows us to use off-the-shelf cameras, greatly
reducing the cost and complexity of the system. Furthermore, by performing a
full field illumination, the acquisition becomes extremely fast (multiple frames
each second), allowing real-time applications. This, together with the good re-
construction results, makes the proposed approach an interesting alternative for
Non-Line-of-Sight imaging. A key future step is to assess the approach with real-
world data. The Mirror trick could be used to generate real-world Ground Truth
by replacing the front wall with a mirror and reacquiring the scene.
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