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Abstract

This paper introduces a novel method for detailed 3D shape
reconstruction utilizing thermal polarization cues. Unlike
state-of-the-art methods, the proposed approach is inde-
pendent of illumination and material properties. In this
paper, we formulate a general theory of polarization ob-
servation and show that long-wave infrared (LWIR) po-
larimetric imaging is free from the ambiguities that affect
visible polarization analyses. Subsequently, we propose a
method for recovering detailed 3D shapes using multi-view
thermal polarimetric images. Experimental results demon-
strate that our approach effectively reconstructs fine details
in transparent, translucent, and heterogeneous objects, out-
performing existing techniques.

1. Introduction

3D shape reconstruction is a fundamental problem in com-
puter vision, with applications spanning both academia and
industry. Over the years, various 3D reconstruction meth-
ods using RGB cameras have been proposed, but many
of these methods rely on strong assumptions about illu-
mination and reflection models. For instance, multi-view
stereo [19, 44, 45, 47] depends on surface texture to find
correspondences, while structured light [16, 43], photo-
metric stereo [10, 20, 41, 50], and shape from polariza-
tion [1, 2, 32, 34, 46, 49] require specific lighting conditions
and assume opaque surfaces, limiting their applicability to
a narrow range of materials.

Thermal imaging presents an attractive alternative for 3D
reconstruction in challenging scenarios because it does not
rely on environmental illumination; any object with heat
emits long-wave infrared (LWIR) light, effectively serv-
ing as its own light source. Furthermore, most materials,
except for those designed for thermal optics, are opaque
in the LWIR spectrum, eliminating the need for many of
the assumptions required by traditional reflection models.
Building on this concept, several methods, such as ther-
mal multi-view stereo [53] and absorption-based depth es-

timation [9, 14, 24, 35] have been proposed. Although
these methods demonstrate potential applicability, their re-
sults also imply the limitation inherent in model-based ap-
proaches, especially with regard to accuracy.

Photometric cues in the LWIR spectrum are useful for
recovering the accurate shape, similar to the visible-light
spectrum. For example, thermal photometric stereo [48]
and shape from heat conduction [36] have demonstrated de-
tailed surface reconstruction. However, these methods re-
quire active heating and cooling of the object, making them
both time-consuming and impractical. In this paper, we aim
to reconstruct fine 3D shapes in a steady state using polari-
metric cues, a type of photometric cue that can be obtained
without monitoring the heating or cooling processes.

Table | presents a comparison of various 3D reconstruc-
tion approaches. Our approach is illumination-independent,
material-independent, free from heating or cooling process,
and highly accurate. Our contributions are twofold. First,
we establish a unified theoretical framework for LWIR po-
larization, showing that, unlike visible-light polarization, it
is not affected by specular-diffuse ambiguities. Second, we
show that LWIR polarization serves as a powerful cue for
detailed 3D shape reconstruction. Experimental results con-
firm that our method outperforms the existing approaches
on heterogeneous materials.

2. Related Work

2.1. Shape from visible polarization

Shape from Polarization (SfP), which recovers surface nor-
mals from the polarization state of reflected light, has a
long-standing history in computer vision [1, 2, 32, 34, 46,
49]. Recently, the advent of snapshot polarization cameras
has significantly boosted this area of research [40].

SfP approaches continue to tackle ambiguities in surface
normals that arise from the mixture of specular and diffuse
polarizations [46]. One effective way to resolve these am-
biguities is to use multi-view polarization images, which
provide a richer set of constraints on the surface normals
and lead to more accurate and robust surface reconstruc-



Method Tllumination Material Accuracy Measurement

Visible Multi-view Stereo [19, 44, 45, 47] Dependent Textured only High Easy
Visible SL / PS [10, 16, 20, 41, 43, 50] Dependent Opaque only High Easy
Visible Polarization [1, 2, 32, 34, 46, 49] Dependent Dependent High Easy
Visible NeRFs [30, 51] Dependent Wide range of materials Low Easy
Thermal Multi-view Stereo [53] Independent Textured only High Easy
Thermal SL [11] Independent Diffuse reflective only High Easy

Thermal PS [48] Independent | Wide range of materials | Moderate | Heating & cooling
Thermal NeRFs [28, 52] Independent | Wide range of materials Low Easy

Heat Conduction [36] Independent | Wide range of materials | Moderate Heating

Thermal Polarization (Ours) Independent | Wide range of materials High Easy

Table 1. Comparison table of shape reconstruction methods. While other methods have pros and cons, our approach is independent of
illumination and material’s optical properties as well as accurate shape recovery is possible in steady state measurements.

tions [8]. Another approach involves using polarimetric
BRDF models, which can handle complex material prop-
erties [3, 13, 21, 55] . Recent approaches incorporate neu-
ral scene representations and differentiable rendering, en-
abling the joint estimation of shape, environment maps, and
reflectance [18, 27]. Nevertheless, SfP in the visible light
spectrum remains fundamentally sensitive to the illumina-
tion conditions, such as the assumption of uniform, unpo-
larized ambient light, and to variations in material’s optical
properties, including transparency, translucency, matte, or
shiny finishes [46].

In this paper, we introduce the use of polarization in
the LWIR spectrum. The LWIR light is emitted directly
from the object and is independent of external illumination.
Moreover, the polarization of LWIR emission is not mixed
up with the diffuse and specular reflections or transmission
effects. These properties make LWIR polarization advanta-
geous for robust shape reconstruction.

2.2. LWIR imaging and physics-based vision

Beyond 3D reconstruction, thermal imaging is utilized for
a variety of physics-based vision tasks. The analysis of
heat conduction, for instance, has been leveraged for ma-
terial classification by exploiting differences in thermal dif-
fusivity and conductivity [42]. Reflection analysis of LWIR
light has facilitated non-line-of-sight (NLoS) imaging, ex-
panding scene understanding by examining how thermal
rays propagate around the corner [23, 29]. Joint analyses
of both visible and LWIR light transport have further en-
riched scene understanding [38]. We also advance the area
of physics-based thermal vision through a shape reconstruc-
tion using LWIR polarization.

Thermal imaging is an effective approach for 3D shape
reconstruction in some challenging scenarios. For example,
it is effective for stealth observation as the thermal radiation
does not rely on external illumination [6, 35, 52, 53]. An-
other example is that it is feasible to observe the shape of
challenging materials in the visible light spectrum because
many materials that appear transparent or translucent are
opaque in the LWIR spectrum [48].

Existing 3D reconstruction techniques using thermal
cameras can be broadly categorized into geometric and
photometric approaches. Geometric methods [12, 31, 53]
such as based on stereo/multi-view observations recover
surface depth by matching corresponding points across ther-
mal images, commonly assuming near-Lambertian emis-
sion or sufficient texture. Photometric approaches in-
fer depth, shape, or surface normal from intensity cues,
which include thermal photometric stereo [48], absorption-
based method [9, 14, 24, 35], and heat conduction-based
method [36]. While they show strong possibilities of shape
reconstruction using a thermal camera, their accuracy is
generally limited. There are hybrid approaches that com-
bine visible-light and LWIR polarization [34], where the
LWIR polarization is used only as an auxiliary cue to re-
solve the specular—diffuse ambiguity in visible polarization
rather than directly contributing to shape recovery.

Recently, neural rendering methods inspired by Neural
Radiance Fields (NeRF) have been explored in the thermal
domain [6, 28, 52] as well. By jointly optimizing a volumet-
ric scene representation and a rendering function to satisfy
the rendered images and align observed images from multi-
ple viewpoints, these thermal NeRF techniques recover both
geometry and radiometric properties. We are also inspired
by this neural representation and model the object’s surface
by a neural implicit surface.

In this paper, we leverage the polarization state of ther-
mal radiation to enrich the information available for 3D re-
construction. By incorporating the polarization cues, geo-
metric rotation, and neural representation, our method en-
ables more accurate shape estimation.

3. Polarimetric LWIR Observation

In this section, we present a general theory of polarization
observation and discuss the advantages of thermal polariza-
tion over visible polarization.

3.1. Physics of Polarization

The polarization state of light, including both visible and
LWIR spectra, changes when it is reflected from or trans-



Figure 1. Coordinate systems and the zenith and projected azimuth
angles of the surface normal. While Mueller calculus is performed
in the object’s surface coordinate system, the observed Stokes pa-
rameter and projected azimuth angle are represented in the image
coordinate system.

mitted through an object’s surface. The transport of po-
larized light can be described using the Stokes parameters
s = [sg, 51, 52, s3] and the Mueller matrix M as

s, = Ms;, (D

where s; and s, denote the Stokes parameters of the in-
coming and outgoing light, respectively, both defined in the
surface coordinate system [7].

The observed scene is a combination of specular reflec-
tion, diffuse reflection, transmission, and emission. Con-
sequently, the overall polarization state s can be expressed
as

8§ =85+ 84+ 8¢+ Se, 2

where sg, sS4, St, and s, represent the Stokes vectors cor-
responding to the specular, diffuse, transmission, and emis-
sion components, respectively.

Specular polarization The change in the polarization
state due to specular reflection [3, 22] is described by

ss = C(p)F(0)s;, 3)

where s; denotes the Stokes vector of the incident light in
the object’s surface coordinate system, s, denotes the cor-
responding Stokes vector in the image coordinate system,
C(y) is a rotation matrix that transforms coordinates from
the image to the object’s surface, ¢ is the projected azimuth
angle (i.e. the angle between the vertical axis of the im-
age plane and the surface normal projected into the image
plane), F®(#) is the Mueller matrix for the specular compo-
nent, and 6 is the zenith angle of the reflection (i.e. the angle
between the surface normal and the viewing direction). The

surface coordinate system, image coordinate system, zenith
angle, and projected azimuth angle are illus in Fig. 1. The
rotation matrix C(y) is given by

1 0 0 0
{0 cos2p —sin2¢ 0

Cle) = 0 sin2p cos2p O “)
0 0 0 1

The Mueller matrix F®(6) is derived from Fresnel’s law
and expressed as

Ty o T_ 0 0
R . r_ T4+ 0 0
F2(0) = 0 0 rygcosd rysind|’ )
0 0 —rysind 7rycosd
where 74 = “é””, rx = /TpTs, 0’ denotes the refrac-

tive angle Here, cos d equals —1 when 6 is less than Brew-
ster’s angle and 1 otherwise, with the sign of sin § reversed
accordingly [3]. The Fresnel reflectances for s- and p-
polarization, 75 and 7, are given by

cos —ncosf\? cos® —ncosf\?
ro(0) = <) srp(0) = () :

cos @ + ncos b’ cos 6’ +ncosb
(6)
According to Snell’s law, the refractive angle is given as
/ o —1 1 :
0" = sin ( sin 9) , @)
Ui

where 7) represents the refractive index of the object.

Diffuse polarization The change in the polarization state
due to diffuse reflection or subsurface scattering [1, 22] is
described by

5= COF"0) [ DF' @), ®
Q

where s; ., denotes the Stokes vector of incident light com-
ing from the direction w. The matrix D, which describes
the depolarization, is defined as

€))

S o oD
o O oo
o o oo
o O oo

where p denotes the proportion of the depolarization. The
Mueller matrix for transmittance F'7(6) is given by

to. t_ 0 0
T |T— th 0 0
F(9) = 0 0 tyxcosd tysind|’ (10)
0 0 —tysind tycosd



where t4 = tsf”, tx = /Tpts. tp and ts denote the Fres-

nel transmittance coefficients for s- and p- polarization, re-
spectively, and are expressed as

2cosf 2
ts(0) = (cosﬁJrncosH’) () = (cosﬂ’+ncos€
(11

Transmission polarization The polarization state also
changes due to light transmission. According to the Fres-
nel’s law, the transmission polarization is described by

s; = C(o)FT(0)s;, (12)

where s; denotes the Stokes vector of the light coming from
under the surface.

Emission polarization The polarization state of emitted
light is described by

se = C(p)E(0)s., 13)

where s. denotes the Stokes vector of the emitted light in-
cluding thermal radiation as well as any chemical or electri-
cal emissions and E () is the Mueller matrix corresponding
to the emission component. Since there are many types of
light emission, the elements of the emission Mueller matrix
are not specified explicitly in general.

3.2. LWIR Polarization Observation

Polarization of visible light Since objects other than light
sources do not emit light in the visible spectrum, the emis-
sion component is generally ignorable. Therefore, the ob-
served polarization can be modeled as

S =84+ 85 + Sq. (14)

The magnitude of each component varies in complex ways
depending on the object’s material properties and the illu-
mination environment. This complexity makes polarization
analyses more challenging, leading existing visible polar-
ization studies to rely on various assumptions to facilitate
the analysis.

Polarization of LWIR light Most objects are known to
be opaque in the LWIR spectrum; therefore, the transmis-
sion component can be safely ignored. Moreover, an inter-
esting property of LWIR light polarization is that the rela-
tive contributions of each component can be controlled by
the object’s temperature. In a typical environments, where
no objects are extremely hot in the surroundings (i.e., where
there are no significant LWIR light sources in the surround-
ings) the magnitude of reflection components is small com-
pared to that of the emission. In such cases, the LWIR po-
larization observation can be modeled as

S = S,. (15)

2cosf )2

Since LWIR emission primarily arises from black body
radiation, Eq. (13) can be rewritten as
s =C(p)€(0)s(T), (16)

where £(6) denotes the Mueller matrix for black body radi-
ation, and sp(T') represents the Stokes vector of the radia-
tion, which can be expressed as

B(T)

sp(T) = (17)

0

O )
0
where B denotes the black body radiation. According to
Planck’s law, B is given by

2hc? 1

- 18
D e)\’ILcCT -1 ( )

where c is the speed of light, k is the Boltzmann constant,
h is the Planck constant, 7" is the object’s absolute temper-
ature, and A is the observation wavelength. Equation (17)
demonstrates that the object’s temperature 7' controls the
power of emission.

The Mueller matrix of black body radiation £ () [26, 33]
is given by

e, 0 0 0
e 0 0 O

EO=1"% o o ol (19)
0 0 0 O

estep

where e = —5-2. ¢, and &, denote the emissivities for
s- and p-polarization, respectively. According to the energy
conservation law, also known as Kirchhoff’s law, the sum
of reflectance, transmittance, and emissivity is equal to 1.
Since the transmittance is negligible, as discussed above,
we obtain

gs(0) =1—rs(0) (20)

ep(0) =1 —rp(0). (21)

In summary, in the LWIR spectrum, the Stokes obser-
vation s can be analytically represented without ambiguity,

thereby simplifying the analysis of the polarization state,
which is a significant advantage for shape reconstruction.

Polarization to surface normal: LWIR polarization pro-
vides cues for an object’s surface normal, which can be
determined analytically. The degree of linear polariza-
tion (DoLP) is related to the zenith angle 6 as follows:

2 2
DolLp — V5115 (22)

S0
2
(r] — %) sin? @

2+ 21 — (n+ %) sin? 0 + 4 cos 01/5f2 — sin 0

(23)
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Figure 2. Visible and thermal polarization observations of spheres
made from various materials under natural room lighting. While
visible polarization is unstable due to variations in a material’s
optical properties, thermal polarimetric cues, especially AoLP im-
ages, remain consistent across different materials.

The angle of linear polarization (AoLP) is equivalent to the
azimuth angle ¢ as follows:

1
AoLP = L tan”! <32) _ (24)

S1

These correspondences enable the reconstruction of the sur-
face normal from polarization observations. Especially,
AOLP serves as a robust cue because it directly reflects the
azimuth angle of the surface normal and is independent of
material properties, whereas DoLP is material-dependent
due to the inclusion of the refractive index term.

3.3. Examples of Visible vs. LWIR Polarization

In the visible light spectrum, specular, diffuse, and trans-
mission polarization components are often mixed [2, 25,
46], resulting in complicated observation. Fig. 2 shows the
polarimetric observations of spheres made from various ma-
terials; in the visible spectrum, unwanted polarization ob-
servations frequently appear. For example, because black
stone exhibits strong specular polarization, the DoLP im-
age is heavily affected by reflections from the surrounding
environment. In the case of transparent glass sphere, the ob-
servation is notably contaminated by background textures.
For translucent plastic materials, both DoLP and AoLP im-
ages are affected by surface texture and subsurface scatter-
ing. These unstable observations significantly complicate
subsequent shape recovery.

In contrast, in the LWIR spectrum, polarimetric obser-
vations remain consistent and independent of both mate-
rial properties and environmental reflections, particularly in
AoLP images. This consistency is a key advantage of ther-
mal polarization cues, as it provides robustness against vari-

ations in materials and surrounding reflections.

4. Thermal Polarimetric Multi-view Stereo

Our goal is to recover the 3D shape using thermal polari-
metric cues. As discussed in the previous section, the AoL.P
observation is invariant to material properties. To leverage
this strong cue, we only use the AoLP images for material-
independent 3D shape reconstruction.

Our approach employs multi-view thermal AoLP im-
ages to estimate the Signed Distance Function (SDF),
which is implicitly represented by a Multi-Layer Percep-
tron (MLP) optimized via differentiable rendering. To
effectively incorporate the surface normal information
present in AoLP images, we adopt the concept of tangent
space constraint (TSC) proposed in a multi-view azimuth
stereo (MVAS) [5].

Shape representation

The SDF is implicitly represented by an MLP f(x;0) :
R3 x R? — R, where € R denotes a point in space
and @ € R? are the learnable parameters of the MLP. The
zero-level set of the SDF defines the object’s surface M
as [37]

M(8) = {a|f(x:6) = 0}. (25)

The MLP is optimized within the framework of implicit dif-
ferentiable renderer (IDR) [51].

Loss function

We adopt the loss function proposed in MVAS [5], which is
defined as,

L= ETSC + )\lﬁsilhouette + )\2£Eikonala (26)

where Lrsc is the tangent space consistency loss,
Lilhouette 18 the silhouette loss and Lgikonal 1S the Eikonal
regularization. A; and Ao are the weights assigned to the
respective loss terms.

Tangent space consistency loss [S] The AoLP captured
from different camera positions enforces a strong constraint
on surface normal estimation. For a unit normal vector
n C 8% € R? at a surface point z € R? and the projected
azimuth angle ¢ at the corresponding pixel, the following
relationship holds:

T T i o —

TIMncosp —ronsing =0, 27)
where R = [ry, 72,73 denotes the rotation matrix of the
camera pose. This equation can be rearranged as
T

n' (rycos¢ —rysing) =0, (28)

t(p)



where t(p) is called a projected tangent vector and the
above equation is called tangent space constraint. The TSC
loss is the sum of the square error of the tangent space con-
straint and is defined as

1 YN, 0 (nT (2 0)t(x))
Lrsc=5 Y ==
P zeX Zf\;l (I)i

where P denotes the number of pixel samples, ®; is a bi-
nary indicator of the visibility of point & from the ¢-th view,
n'(x;0) is the estimated surface normal at the point x
given network parameters 6, and ¢;(x) is the tangent vector
corresponding to the i-th view’s pixel onto which the point
x is projected.

(29)

Silhouette loss [5, 51] The silhouette loss constrains the
visual hull of the shape and is defined as

Csilhouette = O(LP Z v (O(H(w)),o(af*)) ’ (30)

zeX

where W denotes the cross entropy and O is a binary mask
indicating whether a pixel lies inside the object silhou-
ette (as provided by the input). P is the number of pixel
samples, II is the projection from the world coordinate to
the image coordinate, X represents the pixels with no ray-
surface interactions or outside the silhouette, f* represents
the minimum SDF distance between the ray that does not
have intersections and the object surface, o is a sigmoid
function, and « controls the sharpness of the sigmoid func-
tion.

Eikonal regularization [17] The Eikonal loss regularizes
the gradient of SDF, enforcing the SDF to maintain its prop-
erty of having a gradient close to 1:

LEikonal = Eq (([n(x;0)]]2 — 1)) . G

Ex () denotes the expected value computed over sample
points x that are randomly sampled within the bounding
box.

5. Experiments
5.1. Setup

Implementation Following MVAS [5], we use an 8-layer
MLP with softplus activations, combined with positional
encoding (dimension 10). The input 3D position and en-
coded features are skip-connected to the 4th layer of the
network. The optimization is performed using the Adam
optimizer with a learning rate of 0.001. The weights for the
loss terms are set to A\; = 50 (silhouette loss) and Ay = 0.1
(Eikonal loss). Training is conducted for 50 epochs with
a batch size of 4096 pixels, and the silhouette loss weight
is halved every 10 epochs. Training takes approximately 2
hours on a single RTX A6000 GPU.

Thermal camera
| with polarizer

Figure 3. Camera system and setup. The system consists of a
rotation stage to rotate the target and a thermal camera with a wire-
grid polarizer. A visible polarization camera is used for camera
pose estimation and for comparison with the visible MVAS.

Camera system Figure 3 shows our camera system and
experimental setup. Our thermal polarization camera sys-
tem consists of a thermal camera (FLIR Boson 320) with
15mm lens and a wire-grid polarizer (Thorlabs WP25M-
IRC) mounted on a motorized rotation mount (Thorlabs
KI10CR2). The polarizer is installed between the image
sensor and imaging lens to mitigate the narcissus reflec-
tions. Thermal polarization images are captured by rotat-
ing the polarizer using the rotation mount. We captured
four polarization images at 0, 45, 90, and 135 degrees.
A monochrome visible-light polarization camera (FLIR
Blackfly S BFS-U3-51S5P) is also placed adjacent to the
thermal camera. The visible-light polarization camera is
used both to capture images for a baseline method and to
get the poses of both visible and thermal cameras.

Camera poses We employed a marker-based approach to
estimate the camera poses. We put Aruco markers [15] on
the rotation stage to estimate the pose of visible-light cam-
era. Since printed markers are not visible in the thermal
images, the poses of the thermal camera were obtained by
transforming the camera poses of the visible-light camera.
For stereo calibration between the visible-light and thermal
cameras, we used a calibration target that can be observed
by both cameras. The calibration board consists of a white-
painted aluminum pegboard placed in front of a black sur-
face heater. By heating the back panel, the circle grid pat-
tern became visible to both cameras. The calibration pa-
rameters were estimated using Zhang’s method [54].

Dataset We prepared a real-world dataset with ground-
truth shapes. We captured 7 objects with various shapes
and materials. The target objects include transparent and
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Figure 4. Experimental results. AoLP images in both visible and LWIR spectra are shown below the scene photograph. Each method’s
result includes the recovered shape, surface normals, and angular error maps. The Chamfer distance is displayed below the estimated shape
and the mean angular error is displayed to the right of the angular error map. For both metrics, lower values indicate better performance.
The smallest errors are shown in magenta. It demonstrates that the proposed method outperforms the other methods.

low-reflective objects, which pose challenges for existing
reconstruction methods. The objects were placed on a rotat-
ing table and captured from about 20-30 views by rotating
the table. To robustly capture thermal polarization, the ob-
jects were kept warm during the measurements. Masks for
thermal images were generated by thresholding pixel val-
ues, while masks for visible images were generated by us-
ing Segment Anything Model 2 [39]. Ground-truth shapes
were obtained using a structured light 3D scanner (EinScan-
SP V2). To facilitate the ground-truth measurement, the
surfaces of the objects were painted white to make them
opaque.

Baselines We compare our proposed method with two
state-of-the-art methods: MVAS [5] based on visible-light
polarization cues and IDR [51], which is one of the neural
implicit surface reconstruction methods, with thermal im-
age input. For MVAS with visible-light polarization im-
ages, there exists =5 ambiguity in surface normals due to

the mixture of specular and diffuse polarization. Therefore,
TSC loss is modified to account for the +7 ambiguity, as
originally proposed in MVAS. Since our method does not
exhibit this ambiguity, the modified loss function is applied
only to visible light observation.

Evaluation metrics We use two metrics to evaluate both
the surface points and surface normals. Chamfer distance is
the metric for evaluating the geometric error, which calcu-
lates the point cloud distance between the estimate and the
ground-truth. The mean angular error is the metric for sur-
face normal, which calculates the angular error of normal
maps. For both metrics, a smaller value indicates a better re-
sult. Prior to computing these metrics, the estimated and the
ground-truth meshes are aligned using ICP algorithm [4].

5.2. Results

Figure 4 shows the results. The target objects are an owl
made of ceramic with a clear coating, a glass container with



Figure 5. Qualitative results for other objects. AoLP images are
shown below the scene photos. For each method, the upper image
is the estimated shape and the lower is the corresponding normal
map. It is shown that our method successfully reconstructs fine
details of the object, particularly the concave parts in the transpar-
ent vase and bottle, while other methods fail to reconstruct such
details.

and without interiors, and a black tumbler, some of which
are challenging objects for the existing approaches, espe-
cially a container with cutlery. In AoLP observations, while
visible light is affected by a mixture of reflections and trans-
mission components, thermal observations remain consis-
tent and align with the azimuth angle of the surface normal.
This consistency leads to a clear difference in detailed 3D
reconstruction results between visible polarization and ther-
mal polarization.

In the owl’s result, while the detailed shape such as the
eyes and the beak is missing in both visible MVAS and ther-
mal IDR, they are successfully recovered in our result. Sim-
ilarly, the relief pattern on the glass container is clearly vis-
ible in our results. For a black tumbler with a white lid
shown in the fourth row, the AoLP observation on the lid in
the visible-light spectrum is too noisy. In such a case, the
surface normal of the lid is not reconstructible, resulting in

a wavy surface. In contrast, our method recovers a reason-
able shape due to the presence of a unique AoLP on the lid
in LWIR polarization. Overall, visible MVAS tends to re-
construct with wavy artifacts as AoLP is noisy, and thermal
IDR tends to recover swollen shapes as it does not consider
the surface normal.

To quantitatively compare the results, the estimated
shapes are evaluated using Chamfer distance, and the sur-
face normals are evaluated by mean angular error. Our
method outperforms the other methods in both Chamfer dis-
tance and the mean angular error for all objects.

Figure 5 shows additional qualitative results. Our results
are visually better than the other methods. The concave de-
tails of the vase and bottle are especially notable, as they
are precisely reconstructed in our method while other re-
sults appear blurred. In addition, the surface of the con-
tainer’s lid is only reconstructed by our method while there
is a big hole in the results of the others. Some artifacts are
seen in thin parts in our result, particularly in the neck of
the bottle. This artifact comes from the low spatial resolu-
tion of the thermal camera, which can be reduced by using
a higher-resolution camera or increasing camera views.

6. Conclusion

In this paper, we propose a 3D shape reconstruction using
multi-view thermal polarimetric observations. We theoreti-
cally show that thermal polarimetric cues, especially AoLP
images, are independent of material properties and illumi-
nation environment. Based on this property, we demon-
strate a detailed 3D shape recovery using multi-view ther-
mal AoLP images and show that our approach is applica-
ble to heterogeneous objects including transparent and low-
reflective objects.

Although the proposed method performs well, some
challenges remain in expanding the applicable scenes. Our
approach assumes the sufficient power of the emission com-
ponent compared to the reflection component. This assump-
tion is not valid when the hot objects are placed near the
target object or when the target’s temperature is lower than
the environment. Moreover, our method is less effective on
metallic surfaces or rough surfaces, where the polarization
signal can become unstable or noisy. In such cases, decom-
posing the emission and reflection components [48] before
applying the shape recovery or integrating additional cues
may be a good option. Improving the observation system is
also an important factor since our capturing system needs
some time to rotate the polarization filter. A single-shot
polarized LWIR camera could accelerate the thermal po-
larization analysis in the near future, as in the visible-light
spectrum.
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