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Scene-level passive polarization 3D imaging
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Yanyan Liu2 and Fei Liu1,3*

 

Abstract: Scene-level passive 3D imaging under natural conditions is highly challenging yet urgently demanded. Polar-
ization 3D provides possibility but impeded by two major obstacles brought by natural large scenes: discontinuities of
multiple  targets  and  dynamic  reconstruction.  This  study  proposed  a  scene-level  passive  polarization  3D  imaging
method, integrating binocular stereo and polarization.  We abstract the discontinuous targets reconstruction into a
minimization  problem.  The  pixel-level  normal  direction  from  polarization  and  the  absolute  scale  information  from
binocular  stereo  vision  then  work  as  mutual  constraints  for  iterative  optimization  of  the  problem.  By  iterating  for
final solution, the challenge of reconstructing discontinuous targets was tackled, and true depth was also recovered.
The  true  depth  then  provides  a  reference  for  solving  inter-frame  scale  inconsistencies  which  hinders  dynamic
reconstruction  by  the  designed  scale  normalization  strategy  which  globally  aligns  multi-view  measurement  data.
Scene-level 3D structure was finally reconstructed through multi-frame point cloud fusion. We showcase wide-scene,
high-accuracy  passive  video  reconstructions  on  natural  field  scenes.  Our  passive  polarization  stereo  represents  a
major advancement in scene-level 3D imaging and may find broad applications in fields requiring passive 3D imaging
solutions.
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3D imaging is experiencing the transition from reconstruct-
ing individual objects to the comprehensive capture of entire
scenes1.  Well-developed  3D  imaging  techniques  have  diffi-
culties  in  managing  large  scenes  due  to  reliance  on
controlled  active  illumination  and  scanning  methods,
including  structured  light,  light  detection  and  ranging
(LiDAR),  stereo vision,  and deep learning2−4.  Passive scene-
level  3D  imaging  remains  to  be  a  highly  challenging  task.
Polarization 3D imaging estimates 3D structures based upon
polarization information of  reflected light5−7.  It  has  original
advantages  in  passive  long-distance  conditions  and  high
precision  reconstruction.  Major  challenges  to  reconstruct
natural  scenes  are  the  inevitable  π  ambiguity  of  azimuth
component of the surface normal8,9, and the discontinuity of
multiple  targets10,11.  Researchers  have  explored  addressing
ambiguity  utilizing  a  stereo  depth  map  as  a  guiding
surface12,13.  Neural  networks  are  also  employed  to  resolve
polarization  ambiguities  for  high-accuracy  reconstruction,

such  as  human  faces14−18.  But  structure  reconstruction  still
majorly  relies  on  surface  normal  integration,  resulting  in
limitations  in  discontinuity  and  pseudo-depth  information.
Accordingly, to implement scene-level 3D imaging, we need
a  feasible  solution  to  fully  harness  the  passive  and  high-
precision  potential  inherently  offered  by  polarization.  The
Tian's  group employed binocular  stereo vision to develop a
joint  3D  reconstruction  model  for  true  depth  recovery19.
This  model  assumes  the  3D  shape  from  polarization  imag-
ing  always  has  a  scaling  and  offset  relationship  with  real
depth. But the linear relationship is limited to single contin-
uous  objects  and won't  work  for  large  scenes  with  multiple
independent targets. Cui handled surface normal ambiguity
and  reconstructed  3D  shape  of  single  texture-less  object
incorporating polarization and multi-view imaging20. There-
fore,  multiple  discontinuous  targets  in  natural  scenes  put  a
great  challenge  to  polarization  3D  reconstruction.  Besides,
for scene-level dynamic 3D reconstruction, dynamic camera
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path and frames fusion are evidently necessary as illustrated
in  the  Supplemental  videos  1  and  2.  It  brings  further  chal-
lenge of scale inconsistencies between frames where cumula-
tive errors and inaccurate camera pose estimation may lead
to discontinuities or jumps in the final scene 3D.

In  this  letter,  we  present  a  passive  scene-level  non-inte-
gral  polarization  3D  imaging  method  shown  in Fig. 1.  It
addresses  the  challenges  of  scene  discontinuity  and  inter-
frame  scale  inconsistencies  that  have  long  plagued  scene-
level  3D  reconstruction.  Heterogeneous  information,  the
pixel-level  surface  normal  from  polarization  and  the  abso-
lute  scale  information  from  binocular  stereo  vision,  were
unified  by  joint  iteration  for  reconstructing  accurate  3D
structure.  The  discontinuous  scene  reconstruction  was
abstracted into a minimization problem, where the absolute
depth and normal  direction work as  mutual  constraints  for
iterative optimization. The Alternating Direction Method of
Multipliers (ADMM) decomposes the original problem into
simpler subproblems and optimizes them alternately, ensur-
ing the algorithm's efficient convergence and stability21. The
iteration solution tackles challenges of discontinuous targets
in  large-scale  reconstruction,  enabling  simultaneous  high-
precision and true-depth 3D reconstruction. The true depth
then  provides  a  reference  for  solving  inter-frame  scale
inconsistencies by the designed scale normalization strategy
which  globally  aligns  multi-view measurement  data.  Scene-
level  3D  structure  was  finally  reconstructed  through  point
cloud fusion.

Scene-level  high-precision  3D  structures  require  both
global  depth  from  stereo  vision  and  detailed  textures  from
polarization. One problem of polarization 3D is the π ambi-
guity,  making  surface  normal  correction  necessary.  Please
see  correction  algorithm  in  the  Supplemental  information.
We focus on the discontinuity problem. The 3D reconstruc-
tion is abstracted into a minimization problem expressed by
the energy function in Eq.  (1),  which includes  three  energy
terms: contour fidelity term E1, texture fidelity term E2, and
low-rank term E3, 

E = E1 + ξE2 + ηE3 , (1)

E1 = ||D− S||22 /2

E2 = ||Np −∇S||22 /2

∇

where ξ and η are balance parameters adjusting the weight of
contour and texture constraints. The term 
constrains the contour of the reconstruction result by intro-
ducing depth D from stereo vision.  It's  a  least-square prob-
lem between the surface S to be reconstructed and the stereo
vision  depth.  It's  described  by  the L2 norm,  which  can
measure  the  error  between  the  predicted  and  true  values.
The  energy  term  ensures  detailed
textures  with polarization normal Np as  another constraint,
where  denotes the normal of the surface S.

When imaging,  the  camera  always  faces  the  target  scene,
which means the reconstructed depth should consistently be
positive.  A  positive-value  discrimination  function F was
then formulated as Eq. (2), 

F(S) =
{1 S > 0
S S ≤ 0 . (2)

It  evaluates  the  depth  values  and  penalize  non-positive
ones.

E3 = ||FS||∗

We  apply  it  to  surface S and  get  a  low-rank  matrix FS.
Then  this  low-rank  problem  is  described  by  the  nuclear
norm .

Till now, the function in Eq. (1) is formulated into Eq. (3), 

E =
1
2
||D− S||22 +

ξ
2
||NP −∇S||22 + η||FS||∗ . (3)

This  framework  integrates  both  the  coarse  depth  from
stereo vision and the detailed surface normal from polariza-
tion,  making  scene-level  3D  reconstruction  possible.  It
converts the correction of surface normal field and the inte-
gration  problem  into  a  least-squares  minimization
constraint  and  iterative  optimization  problem.  Yet,  this
problem is  inherently  nonlinear  and  ill-posed,  posing  chal-
lenges  for  straightforward  solutions.  Therefore,  we  intro-
duce  Lagrange  multipliers  to  link  the  constraint  conditions
with  the  original  problem.  By  the  ADMM  algorithm,  the
model  is  decomposed  into  a  primary  problem  and  several
subproblems in Eq. (4), where Li (i=1, 2) are Lagrange multi-
pliers. Please refer to the supplement document for detailed
solution  process  and  parameters  selection.  By  solving  the
optimization  problem  iteratively  for  its  analytical  solution,
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Fig. 1 | Overview of the proposed method.
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when  the  iteration  error  falls  below  the  predefined  thresh-
old, we get the reconstructed high-precision scene-level 3D. 

L(S, J1, J2, L1, L2) =
1
2
||D− S||22 +

ξ
2
||NP − J1||

2
2 + η||J2||∗

− ⟨L1, J1 −∇S⟩ − ⟨L2, J2 − FS⟩

+
ρ
2
(||J1 −∇S||22 + ||J2 − FS||22) .

(4)
Limited by imaging field-of-view,  scene-level  reconstruc-

tion requires dynamic imaging by scanning as shown by the
attached Supplemental video 1. Two major challenges come
along:  the  dynamic  reconstruction  and  multi-frame  data
fusion.  Both  make  point  cloud  registration  necessary.  It's
completed  by  the  Iterative  Closest  Point  (ICP)22 to  first
calculate reliable camera pose parameters and further accu-
rate point match. It's finally expressed by Eq. (5): 

min
ξ

=
1
2

n∑
i=1

||pi − exp(ξ∧)p′i ||
2
2 , (5)

ξ∧ piwhere  is the pose expressed by Lie algebra,  indicates a
feature  point.  Please  see  Algorithm  S3  in  the  Supplemental
information for details.

The  designed  and  fabricated  scene-level  polarization  3D
imaging system is shown in Supplemental video 2. The plat-
form (baseline length B = 100 mm) consists of two polariza-
tion  cameras  equipped  with  Sony  polarized  sensors.  It  is
capable  of  video  imaging  at  25  frames  per  second  at  full
frame (2448 × 2048 pixels). Figure 2(a) and 2(c) provide an
example of the reconstructed natural large scene. It's a typi-
cal natural scene containing typical targets including plants,
buildings,  and road surfaces.  For analyses  of  the polarimet-
ric characteristics of these targets, please refer to the supple-
ment  information. Figure 2(b) is  reconstruction  before
feature-point  aligning.  For  a  whole  large  scene,  each  3D
point  cloud  we  acquire  corresponds  to  the  camera's  local
coordinate  system at  the  respective  capture  positions.  If  we
directly  fuse  these  point  clouds,  the  resulting  point  clouds
will  not  be  aligned  with  each  other,  as  shown  in Fig. 2(b).
Therefore,  by  estimating  the  camera's  pose  parameters  by
ICP  (in  Supplemental  information),  the  point  clouds  of

different  views  were  aligned  into  a  common  coordinate
system and we then get  accurate 3D of the natural  scene in
Fig. 2(c).

 
 

a
c
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Fig. 2 | Illustration of  a  reconstructed natural  scene.  (a)  Directly  captured
image of partial scene. (b) Unaligned scene point clouds. (c) Finally aligned
scene point clouds.

 
Figure 3(a) illustrates  the  dynamic  scanning process,  and

3(b) shows 8 extracted frames from an 8 s video. The inten-
sity  images captured at  each timestamp are displayed along
the timeline. The frames are featured by a variety of objects,
such as buildings and trees. The reconstruction results in the
second  row  demonstrate  the  method's  consistency  and  its
ability  to  deliver  precise  3D  reconstructions  across  all
frames. We randomly chose the image captured at t=3 s for
further  evaluation. Figure 3(c1) and 3(c2) illustrate  that  the
reconstruction surface precisely captures the spatial arrange-
ments and intricate textures of the scene's elements, such as
trees  and  buildings. Figure 3(c3) and 3(c4),  enlargement  of
the  areas  shown  in Fig. 3(c2),  expose  distinct  details  of  the
wall's  gaps  and  lattice  fences.  The  method  consistently
reconstructs  intricate  texture  details  across  various  regions
in  each  frame,  underscoring  its  suitability  for  the  dynamic
3D imaging of natural scenes.

Figure 4 showcases  the  enhancements  of  the  proposed
method over existing polarization 3D (F-C integration) and
stereo  vision23. Figure 4(a) displays  a  captured  intensity
image  of  a  natural  scene,  featuring  separate  objects  like  a
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Fig. 3 | Natural scene dynamic reconstruction. (a) Video-rating camera. (b) Eight pairs of intensity maps and reconstruction results at 1st to 8th seconds. (c)
Details demonstration taking the image from 3rd second as an example.
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lamppost, trees, and buildings, which typify a discontinuous
scene  with  first-kind  discontinuity  points.  We  have  delin-
eated four feature regions,  denoted as ①~④.  Area ① indi-
cates  discontinuity  problem;  area  ② indicates  intricate -
texture  problem  and  area  ③ and  ④ correspond  to  various
targets. Figure 4(b1) and 4(b2) illustrate  the  depth  pseudo-
color  maps of  area ① reconstructed by the F-C integration
and the proposed method. Regarding depth distribution, the
reconstruction by the proposed method more closely aligns
with  the  true  depth  distribution,  while  in  contrast  the  F-C
integration fails  to  accurately  represent  the  spatial  relation-
ships  between  objects  in  the  scene. Figure 4(b3) shows  a
transverse  slice  of  the  depth  values  taken  at y=400  in
Fig. 4(b1) and 4(b2). In Fig. 4(a), area ① provides two inde-
pendent  objects:  the  lamppost  and  the  tree.  The  actual
distance  between  the  lamppost  and  the  tree  is  7.88  m.
According  to Fig. 4(b3),  the  F-C  integration's  reconstruc-
tion  distance  measures  2.04  meters,  deviating  significantly
from the actual distance. In contrast, the proposed method's
reconstruction  distance  is  7.79  meters,  with  a  mere  1.1%
deviation  from  the  actual  distance.  This  demonstrates  that
the  proposed  method  effectively  tackles  the  challenge  of
first-kind discontinuity points and verifies that the incorpo-
ration of the contour fidelity term in Eq. (1) efficiently miti-
gates  the  integration  issues  arising  from  discontinuities
within the F-C integration algorithm.

For the texture fidelity term in the proposed method,  we
focused  on  the  intricate  textures  in  area  ② in  Fig. 4(a).
Figure 4(c1) and 4(c3) are  respectively  reconstructed  by
stereo  vision  and  the  proposed  method.  Since  the  stereo
vision depth constrains  the  contour  fidelity  term, Fig. 4(c1)
and 4(c3) demonstrate a high degree of conformity in over-
all  shape  contour.  However,  upon  magnifying  the  region
with  intricate  textures,  the  stereo  vision  reconstruction
reveals  scarcely  any  discernible  useful  texture  details.  In
contrast,  our  proposed  method  successfully  captures  the
necessary detailed texture information, thereby highlighting
the effectiveness of the texture fidelity term in Eq. (1). Figure
4(d1) to 4(d4) indicate  its  robustness  for  more  various
objects.  Thus,  the  optimization  function,  which  seamlessly
integrates  coarse  depth  and  polarization  information,  not
only  addresses  discontinuity  challenges  in  natural  scene
reconstruction but also effectively preserves texture details.

For  precision  assessment,  we  performed  in-depth  analy-
ses of the reconstructed scene’s finer details. Taken as exam-
ple, the natural scene depicted in Fig. 5(a) encompasses both
large-scale structures and intricate textures. Figure 5(b1) and
5(b2) display  the  reconstructed  3D  surfaces  from  stereo
vision  and  the  proposed  method,  respectively.  Visually,
Fig. 5(b2) not only precisely defines the spatial positions but
also  retains  richer  texture  details  compared  to Fig. 5(b1),
suggesting  enhanced  performance  in  details  representation.
Figure 5(d) and 5(e) depicted intensity statistics along x and
y orientations as indicated by Fig. 5(a). Both methods enable
overall  depth  indication.  But  only  the  proposed  method

effectively reconstructs details including the brick seams and
surface  textures.  Due  to  noise  and cumulative  errors  in  the
reconstruction process, minor irregularities are visible at the
edges of the brick seams in Fig. 5(e). The proposed method's
average  reconstructed  seam  depth  is  about  2.0  cm,  close  to
the actual measurements of 1.5 cm to 2.1 cm, averaging 1.65
cm. The three blue × in Fig. 5(a) are three randomly selected
points.  The  corresponding  reconstruction  data  as  depicted
by Fig. 5(c). The curves fit well with the highest discrepancy
being  only  around  1.4%.  These  findings  confirm  that  our
method  delivers  precise  3D  imaging  for  natural  scenes,
capturing both large-scale  structures  and small-scale  details
with  a  level  of  accuracy  surpassing  prior  3D  imaging
techniques.

In  conclusion,  we  have  introduced  a  passive  scene-level
non-integral  polarization 3D imaging method.  It  offers  two
key  advantages:  (1)  scene-level  polarization  measurement
and  further  scene-level  3D  reconstruction  in  a  passive  way
and (2) 3D reconstruction at absolute depth level. Specially,
we  designed  an  integrated  binocular  polarization  imaging
system  simultaneously  capturing  polarization  and  depth
data.  An  energy  function  containing  three  energy  terms
controlling  structures  and  details  is  developed  for  iterative
optimization by taking the depth and normal direction work
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as  mutual  constraints,  which  realizes  natural  discontinuous
scene reconstruction and true depth recovery. 3D imaging to
various  scenes  demonstrates  the  proposed  method  enabled
robust  scene-level  3D  reconstruction,  and  centimeter-level
reconstruction precision. It holds promise for providing new
technical means for 3D reconstruction applications require-
ment  of  natural  scenes.  Future  work  may  pay  attention  to
more  effective  optimization  model  development  or  more
diverse targets complementation for potential applications.
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