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Abstract�This paper describes a linear solution method for near-light photometric stereo by exploiting symmetric light source

arrangements. Unlike conventional non-convex optimization approaches, by arranging multiple sets of symmetric nearby light source

pairs, our method derives a closed-form solution for surface normal and depth without requiring initialization. In addition, our method

works as long as the light sources are symmetrically distributed about an arbitrary point even when the entire spatial offset is

uncalibrated. Experiments showcase the accuracy of shape recovery accuracy of our method, achieving comparable results to the

state-of-the-art calibrated near-light photometric stereo method while signi�cantly reducing requirements of careful depth initialization

and light calibration.

Index Terms�Near-light photometric stereo, Linear solution, Symmetric light distribution, Uncalibrated near-light position
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1 INTRODUCTION

P HOTOMETRIC stereo aims to estimate surface normals from

images captured under varying lighting conditions. Most

conventional settings employ the distant light source assump-

tion, where point light sources are in�nitely far away. Under a

Lambertian assumption, this simpli�cation allows a linear image

formation model, leading to a closed-form solution for surface

normals given three or more images taken under different lighting

conditions [1]. In practice, light sources are located near the

target scene, and the distant light source assumption breaks down,

resulting in a near-light photometric stereo problem. Near-light

photometric stereo remains challenging due to the variation of

incident light directions and light fall-off effect, both depending

on the scene point location. Even with the Lambertian re�ectance

assumption, the problem becomes non-linear since the surface

normals and surface point locations need to be jointly determined.

Prior approaches to near-light photometric stereo rely on non-

convex optimization due to the non-linear nature of the prob-

lem [7], [8], [9], [10], [14], [16]. These methods commonly require

the initial guess of the scene point locations or a depth map with

a calibrated camera. While these methods yield plausible surface

shape recovery, the result is naturally susceptible to the initial

guess because of the non-convexity. Liu et al. [11] proposes

a ring-light setting for near-light photometric stereo to obtain a

reliable initial guess of the scene point locations. However, even

with the improved initial guess, the issue of being affected by the

initial guess still remains. Thus, it is wanted a stable near-light

photometric stereo method that is unaffected by the initial guess.

This paper shows that a symmetric con�guration of nearby

point light sources yields novel constraints for making the problem

tractable. Speci�cally, by positioning light sources on a plane that

is perpendicular to the optical axis of the camera and symmet-

rically around an arbitrary central point on the plane, as shown
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Fig. 1: Examples of light source arrangement for our method. At

least three pairs of symmetric point light sources are arranged to

the image plane with a shared center. Our near-light photometric

stereo achieves global minima in shape recovery using the pro-

posed symmetric near-light con�guration.

in Fig. 1, we derive a set of linear constraints for determining

surface normals and scene point locations based on the differences

of the symmetric image measurements. More speci�cally, we

show that three pairs of symmetric point lights, with at least one

pair having a different radius than others (example con�gurations

shown in Fig. 1 bottom), yield the constraints that are useful for

uniquely reaching the optimal solution. Together with a linear

relaxation of light fall-off effects [12], we develop a linear solution

method for surface normals, scene point locations, and surface

albedos, which is free from the initial guess. In addition, with

our method, the light sources are only required to be partially

calibrated, i.e., their absolute positions are unneeded, but only the

ratios of radii of symmetric light source pairs and angles between



TABLE 1: Comparison of photometric stereo methods under Lambertian re�ectance. Our method assumes a more practical light model,

requires less light calibration effort, and provides convex and linear optimization to achieve the global optima of surface normal and

depth.

Light model Method Light calibration Light arrangement Optimization Additional requirements

Distant

[1] Calibrated N.A Convex N.A
[2] Partially calibrated Axis-aligned symmetric Convex Constant albedo

[3], [4], [5] Partially calibrated Ring Convex Integrability
[6] Uncalibrated N.A. Convex Integrability, diffuse maxima detection

Near

[7], [8], [9], [10] Calibrated N.A Non-convex Depth initialization
[11] Calibrated Ring Non-convex Depth initialization
[12] Calibrated N.A. Non-convex Relaxation of light fall-off
[13] Uncalibrated N.A. Non-convex Depth initialization, normal integration
[14] Uncalibrated N.A. Non-convex Data prior

Ours Partially calibrated Symmetric pairs Convex/Closed-form Relaxation of light fall-off

Universal [15] Uncalibrated N.A. Non-convex Data prior

them are assumed to be known while the offset from the camera’s

optical center can be unknown. One of our application scenarios

is taking the devices from place to place for recovering different

target surfaces, which requires frequent assembly and disassembly

of the capture setup. Despite maintaining the relative position

of lights, inevitable shifts in the absolute positions can occur,

requiring careful light calibration. Our method bypasses the re-

calibration step by using a symmetric light setup, which can be

widely found in capture devices in previous works.

To summarize, this paper contributes to near-light photometric

stereo by introducing a linear closed-form solution method that

achieves global minima in surface shape recovery under the

light fall-off relaxation, utilizing symmetric point light pairs.

Furthermore, our method reduces the calibration effort of near

light position, as it only requires the radii ratios and angles of

the symmetric light source pairs, rather than precise point light

positions.

2 RELATED WORK

Our method is related to near-light Lambertian photometric stereo

methods and also photometric stereo methods that exploit speci�c

light arrangements. We provide a brief summary of related works

in these two categories, as summarized in Table 1. For non-

Lambertian photometric stereo methods, we recommend referring

to recent surveys and benchmark evaluations, such as DiLi-

GenT [17] and DiLiGenT102 [18] for distant light con�gurations,

and LUCES [19] for near-light con�gurations.

2.1 Near-light photometric stereo

Near-light photometric stereo has gained interest since Iwahori et

al. [20] due to its practical and accurate modeling of nearby

point lights compared to the conventional distant-light photometric

stereo [1]. However, under a near-light condition, different surface

points are illuminated by different light directions and attenua-

tion (i.e., light fall-off) depending on the relative positions between

point lights to the surface points, leading to a non-linear relation-

ship between the image observations and the surface normals. Due

to this non-linearity, the problem of near-light photometric stereo

is inherently non-convex, and there is no closed-form solution.

Under calibrated light settings, variational methods [7], [8],

[9], [10] formulate the problem as non-linear PDEs based on

image ratios (ratio of two images under different illuminations)

and iteratively update depth and its partial derivatives. Alternative

approaches involving optimization of surface normals and depth

are widely applied in [21], [22], [23], [24], [25] as well as an

uncalibrated near-light photometric stereo method [13]. Surface

normals are �rst calculated from image observations with depth

initialization, and depth is then recovered through normal integra-

tion [26]. Due to the non-convex nature of near-light photometric

stereo, these iterative optimization pipelines typically require a

careful depth initialization. This depth initialization is also re-

quired in the most recent learning-based near-light photometric

stereo methods [14], [15], [27], [28] addressing non-Lambertian

re�ectance.

To avoid depth initialization in non-convex optimization,

Sakaue and Sato [12] introduce light fall-off relaxation and derive

a linear solution for near-light photometric stereo. However, their

method treats surface normal and depth as independent variables,

leading to inconsistent normal and depth map estimates. Our

method differs from previous non-convex and light calibration-

reliant approaches, providing a linear solution for near-light pho-

tometric stereo using partially-calibrated symmetric near lights

and light fall-off relaxation [12]. Our approach ensures that the

estimated surface normal and depth achieve global optima under

light fall-off relaxation.

2.2 Photometric stereo with speci�c light arrangement

Reducing the effort of light calibration is highly desirable in

photometric stereo. While existing uncalibrated photometric stereo

methods, such as Favaro and Papadhimitri [6], do not require

known light directions, they suffer from ambiguity in their esti-

mation. As a result, additional constraints like surface integrability

and detection of local diffuse re�ectance maxima [6] are necessary

to resolve the ambiguity. Few studies [14], [15] have explored

uncalibrated photometric stereo under near-light settings. They

adopt a learning-based approach, which eliminates the need for

light source calibration. However, these methods require a large

number of lights to obtain stable estimations.

An alternative approach to minimizing geometric light calibra-

tion effort is the utilization of speci�c light arrangements, which

is referred to as �partially-calibrated� in Table 1.

Under distant light setting, Zhou and Tan [3], adopt ring light

to disambiguate the GBR ambiguity [29] in the normal estimates,

where the light directions lie on a camera view-centered cone.

Chandraker et al. [4] further extends the ring light setting to dif-

ferential light and achieves surface normal estimation for surfaces

with isotropic re�ectances. Minami et al. [2] proposes to use a

simpli�ed version of the ring light, where four directional lights



Fig. 2: Overview of the proposed method. We consider the
differences and summations of observations under the symmetric
light pairs and construct a linear optimization system to estimate
light-to-surface (scaled) distancee� . From the scaled distancee� ,
we compute the surface position (up to scale if radii are unknown)
and normal.

are �xed in vertical and horizontal symmetry (i.e., axis-aligned),
which is a special case of the symmetric light arrangement. The
observations obtained under symmetric lights provide azimuth
angles of surface normals without assuming a given radius for
the lights. To uniquely determine the full surface normal, their
approach requires at least two scene points with constant albedo.

Few methods explore light arrangement in near-light photo-
metric stereo. Liuet al. [11] utilize a ring point light con�guration
to obtain a reasonable depth initialization for their non-linear
photometric stereo optimization; however, light calibration for
these ring point lights remains necessary. Our approach intro-
duces a symmetric near-light arrangement, offering more �exible
con�gurations, as shown in Fig.1, compared to the distant and
axis-aligned symmetric light arrangement [2]. By employing the
proposed symmetric light pairs, we not only eliminate the need for
geometric light calibration but also enable the resolution of near-
light photometric stereo using linear and convex optimization.

3 PROBLEM STATEMENT

We start by presenting the image formation model under a near-
light setting. We then outline our approach for estimating the scene
shape and albedos using the proposed symmetric near point light
pairs.

Assuming Lambertian re�ectance and the equal light radiance
for all the lights, the intensity measurementm 2 R+ of a surface
point x 2 R3 illuminated by a point light source can be described
as:

m = �
1

ks � xk2
2

(s � x)T n
ks � xk2

; (1)

where� 2 R+ is the albedo of the surface point, which is scaled
by the strength of the light source,s 2 R3 is the point light
source position, andn 2 S2 � R3 is a surface normal. The
factor 1

ks� x k2
2

represents the light fall-off effect proportional to
the squared distance from light sources to surface pointx . For the
simplicity of notations, we de�ned , ks � xk2 ande , � � 1d3.
The Eq. (1) can be rewritten as

em = ( s � x)T n: (2)

The scalarecan be interpreted as a light-to-surface distance scaled
by the albedo and light fall-off, and we hereafter call it a scaled
distance. Given the measurementsf mg under a set of point light
sourcesf sg, our goal is to determine the surface normaln , surface
point x , and albedo� at each surface point.

4 PROPOSED METHOD

As shown in Fig. 2, instead of directly solving for all the
unknowns, our strategy is to �rst determine the scaled distance
e by exploiting the constraints derived by our symmetric light
con�guration. Once the scaled distancee is obtained in a per-pixel
manner, we can then solve for surface normaln and surface point
x , and albedo� up to scale. In the following, we �rst introduce the
linear constraint derived from the symmetric light arrangement,
then discuss the surface normal and depth estimation.

4.1 Symmetric-light constraints

As illustrated in Fig.3, we have a pair of origin symmetric point
lights whose 3D coordinates,s�

r + ands�
r � , are:

(
s�

r + = [+ r sin �; + r cos�; 0]T + so

s�
r � = [ � r sin �; � r cos�; 0]T + so

; (3)

in which r 2 R+ is the radius of the symmetric lights,
so = [ sx ; sy ; sz ]T is the offset of the set of symmetric lights.
Hereafter, we call this origin-symmetric light pair parameterized
by the same radius and angle as the symmetric pair.

The observations under the symmetric pair of lights can be
written using Eq. (2) as:

(
e�

r + m�
r + =

�
s�

r + � x
� T

n
e�

r � m�
r � =

�
s�

r � � x
� T

n
;

Fig. 3: Light coordinate system.

where surface normal
n = [ nx ; ny ; nz ]T , surface
position x = [ x; y; z]T ,
and scaled distancese�
are unknown. In a similar
manner to [2], we consider
the difference of observations
under symmetric pair and
construct equations for
unknown scaled distances
e� . First, we consider the
difference of observations

under one pair to obtain the following equation:

e�
r + m�

r + � e�
r � m�

r � =
�

s�
r + � s�

r �

� T
n = 2

�
s�

r + � so

� T
n:
(4)
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Fig. 4:Relative vector relation.

When we have at least two
symmetric pair of lights, whose
angles are different from each
other, any other relative vectors
s�

� � so can be written as a linear
combination of the two bases as:

s 
�r + � so = s

�
s�

r + � so

�

+ t
�

s�
�r + � so

�
;

(5)
where the ratio of the radii� and � are known in our setting,
and coef�cientss; t 2 R can be parameterized by the known
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Fig. 7: Estimation results of our method and comparison methods, with the global offset along z-axis so = [0:0; 0:0; 0:5] added to

the center of the symmetric light pairs. The left-hand side and right-hand side columns show the estimations from npairs = 3 and

npairs = 4 cases, respectively. We show the normal maps and depth maps along with the corresponding error maps, as well as a mean

angular (for normal)/relative absolute errors (for depth) at the bottom of each error map.

For Calibrated, we use the ground-truth light positions as

input. Since Calibrated requires initial guesses of the depth, we

use the median value of the ground-truth depth for synthetic

experiments and the approximate distance between the camera and

the target object for real-world experiments. Since UniversalPS

only outputs normal maps, we evaluate its performance using the

estimated normal maps.

Evaluation procedures: For quantitative evaluation in the syn-

thetic experiment, we align the estimated depth maps from each

method by scaling and shifting so that the estimated depth �ts

the ground truth. This is necessary because FastNFPS and our

method estimate depth maps with scale and shift ambiguities.

Although Calibrated outputs absolute depth, the results can shift

depending on the initialization. To ensure a fair comparison, we

apply the same alignment to all methods. We use an angular

error for surface normal, and a relative absolute error for depth

as evaluation metrics. Relative absolute error is computed as the

ratio of raw absolute error over the ground-truth depth.

5.2 Evaluation with synthetic scenes

In this section, we quantitatively evaluate the baseline method and

ours on a synthetic dataset.

Dataset: We render synthetic scenes using two Lambertian ob-

jects, BUNNY with spatially-varying albedo and CRAB with uni-

form albedo. We use a camera whose focal length, sensor size,

and resolution are set to 85mm, 36 � 24 mm, and 720 � 480,

respectively. In the image rendering process, the physically-correct

light fall-off, i.e., proportional to squared distance, is included,

and global illumination effects, such as cast shadows and inter-

re�ections, are not included. We also mask the attached shadow
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Fig. 8: Estimation results of our method and comparison methods, with the global offset along all thexyz-axis so = [0 :3; 0:4; 0:5]
added to the center of the symmetric light pairs.

area only in the synthetic experiments. The rendered images are
stored in single-precision.

Figure6 shows the light arrangements used in our synthetic ex-
periments with varying the number of symmetric light pairs from
2 to 4. For each light arrangement, we evaluate the results with
a global offset along thez-axis and along all three axesx; y; z-
axis with respect to the camera's optical center. The proposed and
the uncalibrated methods assume unknown offsets, while the other
methods use the ground truth light positions. The object is put6
distance away from the camera center, where the inner radius of
the symmetric pairs is1:

Results: Figure 7 shows the estimated results of proposed and
comparison methods for our synthetic scenes with the global
offset along thez-axis. For both scenes with different numbers
of symmetric light pairs, the proposed method achieves results
that are comparable to those of the Calibrated in terms of both

normal and depth map estimation. One possible reason for the
relatively large errors observed in FastNFPS and UniversalPS
is the small number of light sources. Furthermore, we observe
that the Calibrated, which assumes a continuous surface, fails to
accurately recover the depth map for scenes with discontinuities,
such as the limbs of the CRAB. In contrast, the proposed method,
which employs per-pixel estimation, achieves better results in
handling these discontinuities.

Figure 8 shows the estimated results with the global offset
along all three axesx; y; z- axis. In the scenes withnpairs = 3 ,
although our method also achieves comparable results, it fails
depth recovery in some areas,e.g., right side of the BUNNY 's
face. This is because thenpairs = 3 case is the minimal condition
required to solve our homogeneous system, and the solution
should be sensitive to the approximation error from light fall-
off relaxation. In contrast, in the scenes withnpairs = 4 , the
proposed method achieves almost similar accuracy compared to
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Fig. 10: Estimation results with varying light-to-surface distances. We show the estimated surface normal with angular error maps,

where the distance from the light to the object is set to 2, 3, 4, 5, and 6 under the setting of r = 1.
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Fig. 11: (Left) Axis-aligned symmetric light arrangement used in

this experiment. (Right) Estimated normal maps from the proposed

method (Ours) and axis-aligned symmetric light method [2].

6 CONCLUSION

We have proposed a near-light photometric stereo method using

origin symmetric lights. Unlike the previous studies dealing with

non-convex optimization problems, we show the symmetric ar-

rangements along with the light fall-off relaxation casts the near-

light photometric stereo problem to a per-pixel linear estimation,

which results in a closed-form solution for surface normal and

depth recovery that is globally optimal under light fall-off relax-

ation. The experiments show that our method enables comparable

results to the state-of-the-art calibrated near-light photometric

stereo method, without explicit calibration or initial depth input.
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