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ABSTRACT Time-of-Flight imaging is one of the quintessential techniques in three-dimensional reconstruc-
tion. However, depth missing is a common problem in Time-of-Flight imaging, which can be classified into
structure-based depth loss and large-area one according to various reasons. Large-area depth loss generally
occurs due to close-range overexposure resulting in limited dynamic range in depth sensing. Compared
to structure-based depth loss, the recovery of large-area depth missing is more challenging and has been
rarely studied. In this paper, a large-area depth recovery framework guided by polarization cues is proposed
stemmed from a solid physical basic concerning depth and polarization, to realize high dynamic range in
applications. Inspired by RGB-D system and shape-from-polarization technique, a dual camera system is
utilized including infrared Time-of-Flight camera and visible polarized camera. A physical model between
depth map and polarization cues, specifically depth-gradient and degree-of-polarization, is investigated and
established. Based on the physical basics, a corresponding polarization-guided depth recovery algorithm
with statistical analysis and image processing approach is introduced. Experimental results towards different
targets demonstrate the effectiveness of the proposed method qualitatively and quantitatively, accompanied
with outcome analysis and detailed discussions about strengths and future works, which indicates a great
potential for the applications of high-quality three-dimensional reconstruction and depth sensing.

INDEX TERMS Depth recovery, time-of-flight imaging, polarization cues.

I. INTRODUCTION
Three-dimensional (3D) reconstruction is of considerable
significance in various domains, e.g. heritage restoration
in historical preservation [1], indoor survey in architectural
design [2], environmental construction for autonomous driv-
ing [3], etc., because of its superiority in non-contact, high
efficiency and cost-effectiveness. Plenty of techniques with
different methods are applied in 3D reconstruction which
havemade great contributions in civil and scientific fields [4].
Time-of-Flight (TOF) imaging is one of the trending active
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approaches for 3D reconstruction to obtain depth maps of the
surveyed scenes due to its advantages of being highly com-
pact, low power consumption, low cost, and real-time. TOF
is a typical ranging method demodulating depth information
from the received signal. The development of TOF sensor
makes TOF imaging realizable at a video frame rate without
scanning mechanism [5].

However, TOF imaging suffers from technical shortcom-
ings in practice limited by its working mechanism. Depth
missing is one of the major inherent problems resulting
in considerable holes in depth maps as shown in Fig.1
intuitively, leading to significant information loss and incom-
plete 3D reconstruction for applications. Depth missing in
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FIGURE 1. Typical depth loss conditions in TOF imaging due to various
reasons.

TOF imaging is generally induced by four types of reasons,
that is, the low resolution of the up-to-date TOF sensors,
discontinuity in edge-area, insufficient power reflection for
specular surface or surface with relatively low reflectivity at
infrared frequency, and overexposure for short-range mea-
surements, as shown in Fig.1 respectively. More specifically,
overexposure for close-range measurements means limited
dynamic range in depth sensing, that is enough power for
remote sensing will lead to overexposure in close-range
detection. Among all those reasons, holes in the first two
cases are slight and highly correlated with the nearby struc-
tures, namely structure-based, which means it’s compara-
tively easy to recover according to the known data of the
neighborhood. While, for the last two cases, depth loss is
commonly in large-area and shares limited similarity with
the known neighborhood, which is more challenging to be
recovered accurately. Many studies pay attention to depth
recovery under low-resolution and discontinuous conditions
rather than the inpainting of large-area depth missing.

Meanwhile, the character of polarization is of great impor-
tance in optical imaging and measurements. As the produc-
tion of polarized sensors, polarization cues can be simply
acquired after calculations based on intensity images with
four distinct polarization orientations, from only one shot,
which makes polarized imaging convenient and prevailing.
As a passive approach, polarized imaging in visible and
infrared spectrum plays a critical role in specific circum-
stances, like underwater imaging [6], image dehaze [7], etc.
In 3D imaging fields, polarization cues are also used in
different types of depth sensing techniques such as stereo
vision [8], [9], structured light [10], [11] and TOF imag-
ing [12], [13], achieving better performance in challeng-
ing conditions. Besides, Shape-from-Polarization (SfP) is a
classical method for shape acquisition based on polarization
cues [14]. The principle of SfP presents a solid physical
basic between polarization and shape information, which is
the motivation of large-area depth recovery via polarization-
guided approach.

This paper proposes a polarization-guided depth recovery
algorithm for active TOF imaging accompanied with passive
polarized imaging (Pol-D system) to deal with large-area
data missing for high dynamic range depth sensing and high-
quality 3D reconstruction. Specifically, the proposed algo-
rithm stems from two facts. Firstly, data missing only occurs
in TOF sensors due to its active working principle, rather than
in the passive polarized imaging side, meaning that compre-
hensive capture of the reconstructed scene is available from
the polarized image which can instruct the recovery of the
incomplete depth map. Secondly, the Degree-of-Polarization
(DOP) property resolved from the polarized images has an
intrinsic physical relationship with the shape, namely depth
map, of the surveyed scene, which provides a solid basis
for polarization-guided depth recovery. Experiments verify
that polarization-guided approach has an outstanding perfor-
mance in large-area depth recovery in practice. The contri-
butions of the proposed method are summarized in following
aspects:

• A physical model between polarization cue and depth
map is established, in which polarization cue refers to
Degree-of-Polarization (DOP). According to Fresnel’s
equation, DOP is the function of the partial derivative
of the depth map with modifications and approxima-
tions, which is derived in Section III.

• An image processing algorithm for polarization-guided
depth recovery is proposed. Based on the aforemen-
tioned physical model, an algorithm including statis-
tical analysis, image filtering and polarization-depth
look-up-table construction is illustrated in Section IV.

• Apolarization-guided large-area depth recovery frame-
work for time-of-flight imaging is provided. The valid-
ity and generality are verified through experiments,
and the performance is compared with relative depth
recovery approaches in Section V.

II. RELATED WORK
With the rapid growth in 3D imaging techniques and 3D
reconstruction applications, depth recoverymethods for high-
quality depth sensing are considerably investigated in pre-
vious research [15]. The existing methods can be classified
into two categories according to whether the depth map
is self-repaired or repaired with guidance from additional
sources. Self-repaired approaches recover the missing data
from the known area of the incomplete depth map through
morphological filtering [16], improved low-rank matrix com-
pletion with low gradient regulation [17], or deep learning
method [18]. In addition, since TOF imaging can obtain
depth map and infrared intensity images simultaneously,
Yong Sun Kim realized depth recovery by minimizing an
energy function utilizing both depth and infrared data [19].
Due to the limited information contained in the depth map, a
majority of attempts restore the depth hole with the support
of high-quality color images captured by another optical
sensor, especially as the RGB-D camera like Kinect v2 came
to sell. The high-frequency components in the texture [20]
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FIGURE 2. General steps of shape-from-polarization in 3D reconstruction.

or boundary area of the color image [21], [22], where depth
data usually lose, could guide the recovery of depth map and
achieving super-resolution or denoise in 3D reconstruction
furthermore. A texture-dependent large-area depth recov-
ery for RGB-D camera has been studied in [23]. Liu [24]
and Zhang [25] implemented Fast Marching Method (FFM)
in RGB-guided depth recovery. Fei proposed a non-local
guided-filter [26]. Others developed mathematical mod-
els between depth cues and color images, for example,
RGB-guided adaptive autoregressive model [27], image
guided total generalized variationmodel [28] and energymin-
imization model [29]. Deep learning method is also available
in RGB-D framework [30]. However, most of the previous
RGB-D methods focus on slight depth missing occurred in
boundary area rather than large-area as shown in Fig.1 (c)-(d).

Besides, Yoshida has paid attention to large-area depth
missing in TOF imaging caused by specular reflection, com-
bining Shape-from-Polarization (SfP) technique [31], since
SfP could reconstruct surfaces through polarized images
independently. Kadambi also improved the quality of TOF
imaging with the help of SfP [32], [33]. In those twomethods,
an RGB-D framework is replaced by Pol-D system which has
a more comprehensive shape understanding of the surveyed
scenes with the help of polarization cues.

Nevertheless, SfP suffers from difficulties in practice in the
above polarization combined methods. The general process
of SfP is summarized in Fig.2 [34]. The challenges in SfP
can be divided into several parts. Firstly, ambiguity happens
in the calculation of the zenith angle for specular objects.
Researchers dealt with this problem through measurements
in multiple viewpoints [35], multi-spectra polarized imag-
ing [36], mathematical modeling and optimization [6], etc.
Besides that, ambiguity in azimuth angle occurs in both spec-
ular and diffuse objects. Methods concerning multi-source
illumination [37], multi-viewpoint capture [38], combina-
tion with additional 3D imaging approaches [39] and so on.
Another challenge launches in the separation of specular and
diffuse components, since specular and diffusive reflection
have distinct models as shown in Fig.2, it is necessary to
identify and separate those elements [40]. Even though the

FIGURE 3. A brief summary of the physical relation between depth and
polarization cues.

FIGURE 4. Geometric model of target surface in polarized imaging under
camera coordinate.

difficulties can be overcome through various approaches,
it is still not an optimal choice for polarization-guided depth
recovery framework.

III. PHYSICAL BASICS BETWEEN DEPTH DATA AND
POLARIZATION CUES
To overcome the sophistication of combining polarized imag-
ing with TOF imaging via SfP, we proposed a DOP-guided
depth recovery framework based on Pol-D system, skipping
the complicated procedures of SfP. The relation between
depth and polarization cue is presented in Fig.3, in which
the polarized images are collected from a polarized camera in
visible spectrum and the depth map is obtained from a TOF
camera, shooting the same scene.

The polarization state of the reflected light after interac-
tions with the surveyed target can be described by Stokes
vectors, written as (1), and the degree-of-polarization can be
calculated through (2)

S =


I
Q
U
V

 =


I0 + I90
I0 − I90
I45 − I135

0

 , (1)

ρ =

√
Q2

+ U2

I
. (2)

in which, I0, I45, I90, I135 are the intensity of the polarized
images under polarization orientations at 0◦, 45◦, 90◦, 135◦.
According to Fresnel Equations, the degree of polarization

for specular and diffuse reflections are the function of zenith
angle θ respectively, in terms of refractive index n [6]:

ρs =
2 sin2 θ cos θ

√
n2 − sin2 θ

n2 − sin2 θ − n2 sin2 θ + 2 sin4 θ
, (3)

ρd =
(n− 1/n)2 sin2 θ

2 + 2n2 − (n+ 1/n)2 sin2 θ + 4 cos θ
√
n2 − sin2 θ

,

(4)

in which, ρs is the DOP of specular surface and ρd stands
for diffusive reflection, n is the refractive index of the target.
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FIGURE 5. Functional relationship between degree-of-polarization and
depth-gradient for specular and diffuse reflections.

Zenith angle θ is the incidence or emittance angle in reflec-
tion, approximately it can be considered as the angle between
the surface normal ⇀n and the optical axis of the camera,
as shown in Fig.4.

From the view of TOF side, the depth map Z can be seen
as a two-dimensional function in pixel coordinates (or x-y
coordinate in Fig.4) of the imaging plane

Z = f (x, y). (5)

Mathematically, the surface normal of the surveyed scene is
expressed as

⇀n = (−f ′
x (x, y), −f

′
y (x, y), −1) = (−

∂Z
∂x

, −
∂Z
∂y

, 1). (6)

As the zenith angle is in between z-axis and ⇀n, it can be
expressed in regard to depth Z:

cos θ =
1√

(−f ′
x (x, y))2 + (−f ′

y (x, y))2 + (1)2
. (7)

A Grad operator and a corresponding parameter Gxy repre-
senting the depth-gradient are proposed in this paper, to sim-
plify the physical relation among polarization cue and depth
data

Gxy = Grad(Z ) = (f ′
x (x, y))

2
+ (f ′

y (x, y))
2
+ (−1)2

= (
∂Z
∂x

)2 + (
∂Z
∂y

)2 + 1. (8)

Combining (8) and (7), zenith angel θ can be expressed in
both cosine and sine form,

cos θ =

√
1
Gxy

, sin θ =

√
Gxy − 1
Gxy

. (9)

The relations between degree-of-polarization (DOP) and
depth-gradient are formed for specular and diffusive surface
separately after substituting (9) into (4) and (5)

ρs =
2(Gxy − 1)

√
n2Gxy − Gxy + 1

Gxy2 + (n2 − 3)Gxy + 2
, (10)

ρd =
(n− 1/n)2(Gxy − 1)

(n2 − 1/n2)Gxy − (n+ 1/n)2 + 4
√
n2Gxy − Gxy + 1

.

(11)

As shown in (10)-(11), refractive index, n, is an additional
parameter in the relation of polarization and depth cues,
which is determined by the material of the target. The ρ−Gxy

relations are depicted in curves in Fig.5.

In the polarization-guided depth recovery scenario where
depth data is partially missing (Fig.1(c) & (d)) and polarized
information is flawless, refractive index, n, can be estimated
from region with known depth and polarization cues. For
regions with depth holes, the missing depth can be recovered
via measured DOP and estimated n. However, strict math-
ematical estimation and calculation of n and Gxy according
to (10)-(11) are computational and sophisticated since both
Gxy and n are unavailable to be expressed by elementary
functions without simplifications or approximations. On the
other hand, the accuracy of the refractive index estimation is
affected by the noisy and unideal polarized images and DOP
calculation. And, furtherly, the calculation of depth-gradient
for the depth missing area is influenced by the inaccurate
estimated refractive index, which means the depth recovery
method directly based on ρ − Gxy relation is susceptible to
noise in practice. In addition, in specular cases, ρ and Gxy

do not have a one-on-one relation, which leads to undesired
ambiguities in calculation as shown in Fig.5.

In conclusion, with complete polarized information, depth
loss can be repaired by solving (10) and (11) in a mathemat-
ical way, yet with difficulties. An algorithm with statistics
and imaging process approaches is introduced in the next sec-
tion, skipping the estimation of refractive index and acquir-
ing depth data under polarization guidance accurately and
cost-efficiently.

IV. POLARIZATION-GUIDED DEPTH RECOVERY
ALGORITHM
The aforementioned physical model between polarization
cue, ρ, and depth information, Gxy, indicates a solid basis for
polarization-guided depth recovery algorithm. The proposed
algorithm aims at recovering large-area depth missing caused
by overexposure and specular or low-power reflectance. As a
prerequisite of the following algorithm, the surveyed target
should be partially depth missing instead of entire data loss
since the depth recovery is implemented with the guidance of
data from depth known area, whereas this requirement is rea-
sonable and common in practice. Moreover, the performance
would be better andmore accurate if the target is homogenous
with stable refractive index and the surface is smooth without
any discontinuities.

A. FRAMEWORK OVERVIEW FOR POLARIZATION-GUIDED
DEPTH RECOVERY ALGORITHM
Fig.6 demonstrates the framework of the proposed
polarization-guided depth recovery algorithm. Depth map
with data loss and a group of flawless polarized images
including polarization orientation at 0◦, 45◦, 90◦, 135◦ are
the inputs, captured individually by TOF camera and polar-
ized camera in parallel. In the pre-process stage, denoise
and stereo calibration of polarized image and depth map
are implemented. The real-world distance between adja-
cent pixels in horizontal and vertical directions, 1x, 1y,
at different ranges is calibrated as well. Afterwards, DOP
and depth-gradient are calculated pixel-wise according to
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FIGURE 6. Framework overview for polarization-guided depth recovery
algorithm.

(1)-(2) and (8). Specifically, partial-gradient operation in (8)
is replaced by (12) in practice with the pre-calibrated real-
world distance between adjacent pixels,

Gxy = Grad(Z ) ≈ (
1Z
1x

)2 + (
1Z
1y

)2 + 1. (12)

According to the physical basics in Section III, in the region
with depth data, a look-up table (LUT) concerning relations
between DOP and depth-gradient is established, to guide the
recovery of the data missing area. With constructed LUT,
depth-gradient of the depth missing region is attainable and
depth information is correspondingly recovered.

B. ρ − Gxy LUT ESTABLISHMENT
Utilizing the calculatedDOP and depth-gradientmap, a LUT
could be generated from the region with depth data. A pixel-
by-pixel moving window with N1×N1 size is formed as
shown in Fig.7(a) and the selection of parameter N1 is dis-
cussed in Section VI. Since ρ and Gxy are continuously dis-
tributed inside each N1×N1 neighborhood, linear least square
(LSM) method is undertaken to solve the statistical relation
between ρ and Gxy based on N1×N1 groups of polarization
and depth data, as illustrated in (13) and Fig.7(b):

Gxy(ρ)i = apn · ρi + bpn, (13)

in which, apn and bpn stand for the statistic coefficients in
ρ−Gxy relation inside nth N1×N1 patch. Coefficients apn and
bpn vary in different patches even with identical ρi, therefore,
apn and bpn at certain ρi are averaged out among all the
patches and collected into a LUT (Fig.(8)). The precision of
the LUT is set to be 0.0001, which is the interval between ρi
and ρi+1. The range of ρi is determined by the global shape
of the interested target.

Due to the slight difference in ρ −Gxy relation, the size of
LUT depends on the shape andmaterial of the target as shown
in Fig.8. If specular component contains in the reflectance,
minus coefficient apn may exist according to Fig.5(a) in the
LSM step which leads to a 5×m LUT instead of 3×m LUT
with only positive apn. In Fig.8(b), the second and third row
store the coefficient with positive apn, while the last two rows
save groups of coefficients with negative apn.
Noted that replacing the estimation of refractive index n

mentioned in Section III with ρ − Gxy LUT can signifi-
cantly reduce the complexity of computation and doesn’t

FIGURE 7. Illustrations of the ρ − Gxy LUT generation algorithm.

FIGURE 8. LUT structures for diffuse and specular reflections.

need the pre-knowledge of reflection type.Most notably, mix-
ture of specular and diffuse reflection is common in practice,
while separation and respective treatment for specular and
diffusive components are unnecessary in LUT construction,
compared with the estimation of refractive index which is
strictly based on two independent equations ((10)-(11)). The
established LUT could involve both specular and diffusive
components in a mixed form, avoiding a complexed mathe-
matical expression when specular and diffuse reflection occur
simultaneously.

C. DEPTH-GRADIENT CALCULATION BASED
ON ρ − Gxy LUT
In the region without depth data, depth-gradient is able to be
figured out through the established ρ − Gxy LUT. For each
missing pixel, Gxy is computed in a N2×N2 neighborhood:

Gxy(ρ)k = api(
1

N 2
2

N 2
2∑

q=1

Gσ (∥k − q∥) · ρq) + bpi, q ∈ �k,N2 ,

(14)
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in which,

Gσ (x) =
1

2πσ 2 exp(−
x2

2σ 2 ). (15)

In (14), k represents the position of the calculated pixel, q is
the neighbor pixel within N2×N2 neighborhood �k,N2 , σ is
the standard deviation of gaussian distribution. The known ρ

of the fixed pixel is averaged out in a N2×N2 neighborhood
before looking up the LUT, to mitigate the influence of
random noise in DOP map for reliable noise resistant ability.
Moreover, the 5×m LUT contains both positive and nega-

tive coefficient for a specific ρi, the selection of parameter apn
and bpn is instructed by its neighborhood. If the neighboring
ρ and Gxy values of each point form a positive relationship,
then the positive coefficient is chosen and vice versa.

D. DEPTH RECOVERY FROM Gxy

For the missing points, with calculated depth-gradient from
the above procedures, depth data is going to be recovered.
Specifically, depth calculation is conducted in a 3× 3 neigh-
borhood pixel by pixel in a certain direction as shown in
Fig.9(a), ensuring that depth data for at least two pixels in
its 4-neighbor are given like ones in Fig.9(b).

In the 3 × 3 neighborhood, depth difference between the
adjacent pixels is first calculated through (16)

1Z =

√
Gxy − 1

2
·
1x + 1y

2
. (16)

Then, absolute depth d is available:

d =

N∑
j=1

dj − 1Z ,N = 2, 3, 4 (17)

in which, djis the absolute depth in its 4-neighbor which is
known or already calculated and there are three conditions
for N as demonstrated in Fig.9(b).

V. EXPERIMENTS
The experiments are conducted with a dual-vision imaging
system equipped with a polarized color camera from Lucid
in visible spectrum and a TOF camera working at 850nm,
capturing the same target in parallel as shown in Fig.10. The
resolution of the imaging system is set to 360 × 480.
Several targets with various shape and reflective properties

are utilized to verify the effectiveness of the proposed method
which are chosen from common stuffs including pottery
cup, grapefruit, porcelain vase, paper cup and gift box from
(a) to (e). All the selected targets are mixture of specular
and diffuse components, in which grapefruit and porcelain
vase are specular dominant, while pottery cup, paper cup
and gift box are diffuse dominant, in order to verify the
generality and superiority of the proposed method, compared
with SfP-based approach in [31]. The distance between target
and imaging system is roughly 45 cm to 55 cm in depth
reconstruction which results in large-area depth missing due
to overexposure in close-range. The shape and size of the data

FIGURE 9. Illustrations for depth recovery method and different
conditions.

FIGURE 10. Pol-D setup for the proposed framework.

loss area are set differently to explore the characteristic and
ability of the proposed method.

Fig.11 shows the experimental results before and after
depth recovery, including the target shape in RGB format,
depth map of original measurements, depth map after recov-
ery using the proposed method and depth in ground-truth.
Error map demonstrated the effectiveness of the proposed
method within data missing area intuitively. Besides quali-
tative illustration in depth map, mean absolute error (MAE)
between ground-truth and recovered depth inside missing
region is used to analyze and validate the capability of the
algorithm. An index concerning Loss Ratio is proposed in
the quantitative analysis which expresses the relative size of
the loss area

Loss Ratio =
Area of the depth missing region

Area of the entire target
. (18)

A larger Loss Ratio indicates the information loss is more
significant.

From the quantitative outcomes in Fig. 11, a larger Loss
Ratio results in worse MAE, compared target (a)- (b) to
target (c)- (d), which means the relative area of the miss-
ing part limits the performance of the recovery algorithm
to some extent, whereas the larger MAE is still acceptable
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FIGURE 11. Experimental results after depth recovery for various targets qualitatively and quantitatively.

considering the size of the target and imaging distance in
scenarios (a)- (d). However, scene (e) has an unacceptable
poor performance, especially in the marginal region. The
inaccuracy is partly because of the large Loss Ratio, but most
importantly due to error accumulation in the marginal area.
The accumulation of error is more significant as the recovered
pixel is farther away from the depth known area under large
Loss Ratio conditions.
Moreover, the recovery performance in diffuse targets

((a) & (d)) is comparatively inferior since the DOP value in
diffuse dominant reflection is relatively smaller than specular
dominant reflections according to Fig.5, namely the signal-
to-noise ratio is poor in DOP map under diffuse conditions.

Furthermore, the result of the proposed algorithm is com-
pared with additional proper depth recovery approaches
in Fig. 12. Since most existed methods aim at recovery
for structure-based holes instead of large-area depth miss-
ing, the existed techniques are unavailable to implement in
the aforementioned experimental scenarios directly. In self-
guided approach, missing depth is recovered according to
the depth structure of the surrounding area. For RGB-guided
method, depth recovery is guided by the calibrated flawless

color image, in which equivalent RGB value indicates iden-
tical depth data. SfP-based approach is referred to [31].
Other existed algorithms which mainly deal with small-area
structure-based depth loss fail to recover the large-area depth
loss.

Fig.12 shows that the proposed polarization-guided
approach possesses the optimal performance. Specifically,
in self-guided attempt, the depth structure of the missing
part is generally nonuniform with the depth pattern of the
surrounding area, filling the holes with similar structure of
the neighboring region is inappropriate especially for large-
area holes, even though only one depth sensor is enough in
this method which is more compact than RGB-D or Pol-D
system. RGB-guided approach is more prevail benefited from
the maturity of RGB-D cameras. In large-area depth filling
cases, depth recovery is guided by R-G-B values via image
processing methods since R-G-B value varies according to
the target profile in visible image. However, RGB-guided
approach lacks physical basics between depth and RGB data
which generally leads to inaccuracy or artifacts. Mistakes
due to the mixture of specular and diffuse components and
azimuth angle ambiguity result in poor recovery in SfP-based
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FIGURE 12. Qualitative and quantitative comparison results with
additional depth recovery approaches.

outcomes. Compared with SfP-based technique, the proposed
polarization-guided algorithm is more computational effec-
tive and avoids from the technical difficulties like specular-
diffuse component separation, ambiguity treatment etc.

Additionally, the computation cost is also explored among
the proposed algorithm and comparative approaches under
identical processor, as shown in the quantitative analysis
of Fig.12. The proposed method is more time-consuming
because both LUT establishment and depth recovery pro-
cedures are implemented pixel-by-pixel instead of parallel.
However, the time cost can be optimized through algo-
rithm modification which will be discussed in detail in
Section VI-C. Memory cost is also worth to be taken into
consideration. Whereas, the proposed algorithm has almost
equivalent memory cost with other comparative methods,
which mainly depends on the size of the reconstructed target.

In conclusion, the proposed prototype for large-area depth
recovery guided by polarization cues is applicable to targets
in different kinds of materials without the requirement for
reflection components and avoiding refractive index estima-
tion. The method performance is related to the relative size
of the loss area. Improvements can be studied concerning the
effectiveness under large Loss Ratio conditions and computa-
tional time cost, which is furtherly discussed in Section VI-C.

VI. DISCUSSIONS
A. SELECTION OF N1 AND N2
The criterion of the selection concerning the filter size, N1
and N2, in Section IV-B and IV-C is explored with simulated
data. Simulated depth map with holes and flawless DOP
maps, both with added noise and known shape, are generated
as inputs. Under identical simulated data but various filter
sizes, output with lower MAE indicates a more reasonable
filter size after depth inpainting with the proposed algorithm.

The simulation illustrates that the Loss Ratio of the
detected scene in depth map and the resolution of the image
sensor are two of the most significant factors which influence
the optimal determination of N1 and N2. Results with a large
range of simulated filter size N1 under different resolutions
and Loss Ratio are plotted in Fig. 13.
Fig. 13(a) shows that with a certain Loss Ratio, the impact

in recovery accuracy related with N1 decreases as the resolu-
tion increases, which means selection of N1 is more sensitive

with lower resolution, conversely the size of N1 will not
influences the recovered quality if the resolution is higher
enough. Meanwhile, Fig.13(b) illustrates that N1 is more
irrelative towards the recovered precision if the Loss Ratio
is limited (Loss Ratio less than 20%).
In summary, an empirical referenced table for the selection

of N1 is summarized in Fig. 14. As Fig. 13 indicates, filter
size of N1 in a certain range will not terrifically affect the
quality of the recovered depth map, thus, a rough value of N1
is necessary enough for the selection. The referenced table
is given based on several common resolutions among off-
the-shelf TOF sensors. N1 selection under resolution or Loss
Ratio out of the table can be referenced by nearby parameters
or through interpolation. On the other hand, the selection of
N2 depends on the resolution to some extent, but has little
influence on the recovery quality. Empirically, N2 =

1
2N1 is

reasonable.

B. STRENGTHS
The polarization-guided depth recovery method is inspired
by the combination of RGB-D prototype and SfP techniques,
but overcomes a series of challenges in SfP to a large
extent. Compared to depth recovery guided by RGB pictures,
polarization-guided algorithm is based on a fixed physical
relation between depth and polarization cues, which is more
convincing and more applicable in large-area depth missing
conditions, realizing high dynamic range in depth sensing.

In the framework, specular and diffuse reflections can
be treated as a mixture and don’t need to be distinguished
according to the different relations written in (10)-(11). The
mixture of specular and diffuse components is the most com-
mon condition in practice which emphasized the advantage
of generalizability possessed by the proposed algorithm.

Also, the proposed depth recovery framework has taken the
common technical issues into account for the sake of better
performance and robustness, for example, the noise resistance
ability, avoidance of error accumulation in successive proce-
dures and generalizability in applications. LUT establishment
and Gxy calculation are implemented in a certain neighbor-
hood to prevent inaccuracy due to random noise occurring in
each pixel, which greatly suppresses the influence of noise
generated in the image capture stage.

As mentioned in Section III, the proposed framework
replaced the sophisticated steps in computation strictly based
on the physical and mathematical basics with statistics and
image processing attempts, which improve computational
efficiency and prevent error accumulation in mathematical
calculations.

C. LIMITATIONS AND FUTURE WORKS
Technical limitations still exist in this prototype. As men-
tioned in Section IV, the surveyed target is better to be
homogenous in refractive index and the surface height has
to be continuously changed, which means the framework
is more useful in single target reconstruction. For more
comprehensive 3D reconstruction applications like indoor
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FIGURE 13. Relation between filter size (N1) and recovered quality under
different conditions.

FIGURE 14. Empirical referenced table for the N1 selection.

reconstruction and robotic navigation, improvements can be
investigated by combining the proposed method with existing
RGB-D recovery approaches since RGB-D approaches are
good at depth recovery in edge-area and the proposed one
works well in large-area depth loss.

In Section V, the performance is getting worse as the
Loss Ratio increases and the proposed algorithm is quite
time-consuming. Both of the limitations can be optimized by
dividing the whole scene into several patches and executing
the proposed algorithm inside each patch in parallel, avoiding
error accumulation. Furtherly, equipped with the optimized
patch-based algorithm, complex targets with more details and
textures can be recovered.

In addition, depth missing is a common problem in 3D
reconstruction techniques. Besides depth loss in TOF imag-
ing, the polarization-guided depth recovery method can be
applied to depth missing in other 3D imaging approaches
like stereo vision and structured light, for instance, depth
missing occurs in the texture-less region for stereo vision
and structured light suffers from data loss when affected by
ambient light.

VII. CONCLUSION
A prototype of polarization-guided depth recovery method
is proposed for large-area data loss in this paper, based
on the physical model between degree-of-polarization and
depth-gradient, realizing high dynamic range depth sensing
and high-quality 3D reconstruction. A corresponding image
processing algorithm and overall framework are illustrated in
detail. The performance of the proposed method is verified
qualitatively and quantitively via various targets and com-
parisons between multiple approaches. The limitations and
future works are discussed as well. In conclusion, the pro-
posed Pol-D method is effective in large-area depth missing
benefited from the physical basics between polarization cues
and depth map, with higher accuracy and free from sophisti-
cated computations, which has great potentials in the techni-
cal progress of 3D reconstruction and depth measurement.
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