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Abstract— Photometric bundle adjustment (PBA) is widely
used in estimating the camera pose and 3D geometry by
assuming a Lambertian world. However, the assumption of
photometric consistency is often violated since the non-diffuse
reflection is common in real-world environments. The pho-
tometric inconsistency significantly affects the reliability of
existing PBA methods. To solve this problem, we propose a
novel physically-based PBA method. Specifically, we introduce
the physically-based weights regarding material, illumination,
and light path. These weights distinguish the pixel pairs with
different levels of photometric inconsistency. We also design cor-
responding models for material estimation based on sequential
images and illumination estimation based on point clouds. In
addition, we establish the first SLAM-related dataset of non-
Lambertian scenes with complete ground truth of illumination
and material. Extensive experiments demonstrated that our
PBA method outperforms existing approaches in accuracy.

I. INTRODUCTION

Bundle adjustment is a key component of SLAM [1], [2],
3D reconstruction [3], and structure from motion [4]. By
directly aligning the pixels, photometric bundle adjustment
(PBA) has demonstrated notable performance in estimating
camera poses and reconstructing scene geometry, even in
low-texture environments [5].

The classic photometric error of PBA is based on the
assumption of photometric consistency, implying that cor-
responding pixels in different views receive identical radi-
ance. However, this assumption holds only for Lambertian
surfaces, while non-Lambertian objects are common in real-
world situations. These surfaces frequently result in extensive
glossy areas, particularly under complex illumination. As
illustrated in Fig. 1, such glossy regions pose significant
challenges to the robustness of existing PBA methods.

Existing strategies of handling photometric inconsisten-
cies can be classified into three categories: invariance-based
methods [6]-[9], affine model-based methods [5], [10]-[12],
and statistical methods [13]-[17]. Invariance-based methods,
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Fig. 1. Effectiveness of our PBA method in a non-Lambertian environment.
DSM-PBA [17] improves the accuracy of ORB-SLAM2 [18], and our
PBA method is more accurate than DSM-PBA. The color bar shows the
magnitude of the absolute trajectory error.

using relative pixel intensity ordering or intensity changes be-
tween neighbors, struggle with spatially varying illumination
and are sensitive to noise. Affine model-based approaches
often assume a linear relationship between illumination con-
ditions. This simplification is not always applicable in envi-
ronments with highly reflective surfaces or a wide dynamic
range of illumination. Statistical methods like [16], [17] can
lead to inaccuracies in complex environments where illumi-
nation conditions vary locally, inadequately representing out-
lier distribution caused by photometric inconsistencies. These
limitations become pronounced under intensive illumination
changes, reducing their effectiveness.

To overcome the above limitations, we propose a novel
physically-based photometric bundle adjustment method. We
integrate the physically-based reflection model into the clas-
sical PBA framework. We design a weighted photometric
error to eliminate the impact of pixels corresponding to the
non-Lambertian surface points. However, it is challenging to
model the weight scalar directly. Based on the physically-
based rendering (PBR) model, radiance values are deter-
mined by a combination of factors including surface physical
properties, scene geometry, and illumination. Therefore, the
weight should encode the 1) illumination, 2) object material,
and 3) light paths to a point in 3D space. To achieve this, we
necessitate material and illumination as prior information.

Object material can be estimated from images. However,
a single image may not be sufficient under challenging
illumination conditions. Intuitively, sequential images from
multiple viewpoints can resolve potential ambiguities and
improve the estimation. Existing works either focus on single
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frame input [19]-[23], or necessitate individual optimization
on every scene [24]-[26]. Therefore, we develop our new
method of material estimation, which processes sequential
images with a transformer and outputs the per-pixel rough-
ness, without per-scene optimization. More specifically, we
use a transformer to process sequential inputs and capture
spatial-temporal correlation over frames.

Illumination of various positions is required as a prior in
our PBA. Moreover, the estimated illumination should be
spatially varying and consistent without necessitating per-
scene optimization. Existing works either lack a consistent
representation [22], [23] or have a limited field of view [27].
Therefore, we design our new pipeline of illumination esti-
mation, utilizing a point cloud collected from multiple frames
of the scene as input. The output panorama image, termed an
“environment map”, can be used as illumination information
for the queried 3D point.

Material and illumination information, serving as priors,
will not undergo further optimization in our PBA. However,
the light paths are determined by the camera poses and
estimated point clouds. Therefore, our weight can be treated
as a function of camera poses and point depths. We integrate
this term into the classic photometric loss and minimize it
to obtain optimal light paths.

Existing SLAM-related datasets [28], [29] do not simul-
taneously contain sufficient non-Lambertian surfaces and in-
formation regarding material and illumination. To overcome
their limitations in evaluating non-Lambertian SLAM-related
work, we establish our SpecularRooms dataset.

In summary, we make the following contributions:

o We propose a novel weighting scheme for photometric
error function based on illumination and material infor-
mation to satisfy the photometric consistency in chal-
lenging environments with non-Lambertian surfaces.

« We propose new pipelines for material estimation based
on sequential images and illumination estimation using
point cloud data, without per-scene optimization.

« We establish the first PBR dataset of sequential images
in non-Lambertian environments with ground truth ma-
terial and illumination.

Our SpecularRooms dataset and supplementary document are
available on the project website!.

II. RELATED WORKS
A. Methods for Photometric Consistency

Depending on the way photometric inconsistencies are
handled, we classify existing methods into three primary
categories, i.e., illumination invariance-based methods, affine
model-based methods, and statistical methods.
Invariance-Based Methods. Census Transform [6] utilizes
relative ordering of intensity, making it invariant concerning
monotonic illumination variations. Alismail et al. [9] trans-
form images into 8-channel, illumination-invariant binary
descriptor images for minimizing photometric error, demon-
strating enhanced robustness in subterranean environments.

Thttps://sites.google.com/view/haoangli/projects/nlb-pba

In contrast to the alignment of raw pixels, the approaches
presented by Crivellaro et al. [7] and Dai et al. [8], align
gradient magnitudes. This method results in invariance only
to local bias changes, making it sensitive to noise and less
effective against complex spatially varying illumination.
Affine Model-Based Methods. Works by Klose et al. [11]
and Engel et al. [12] focus on optimizing the relative pose
along with global linear affine brightness transfer parameters
between images. DSO [5] further incorporates photometric
calibration to address the camera’s response, vignetting, and
exposure variations. Additionally, Jin et al. [10] employ
affine models for local patches to handle subtle illumination
variations, yet this approach falls short under drastic spatial
illumination changes.

Statistical Methods. Some statistics in pixel space are
employed to handle photometric inconsistency. Scandaroli
et al. [13] employ zero-mean normalized cross correlation
in planar template tracking. Median bias normalization, as
explored by Meilland et al. [14] and Gongalves et al. [15],
compensates for intensity biases on both global and patch
levels by utilizing the median of residuals. This approach
thus achieves partial invariance to variations in intensity
bias. To enhance the robustness of PBA, [17] applies a t-
distribution to down-weight outliers and achieve state-of-
the-art, aiming to mitigate photometric errors. However,
this approach falls short of accurately modeling photometric
errors under complex illumination conditions, suggesting a
need for more sophisticated error modeling techniques.

In contrast, our PBA method considers the physically-
based reflection model of each 3D point. By leveraging
illumination and material prior information, we can calculate
an adaptive weight for every photometric error specifically.
Therefore, our method achieves superior performance in
chanllenging scenes than previous works.

B. Material and Illumination Estimation

As mentioned above, our method relies on the estimation

of material and illumination. In this part, we shall review
related methods.
Material Estimation. Traditional methods for material es-
timation, as the works of Barron et al. [19], [20], pre-
dominantly rely on some strong heuristic priors within an
optimization framework. However, these heuristic priors may
not be reliable, particularly in indoor scenes characterized
by complex geometry and challenging illumination condi-
tions. Representation-based methods [24]-[26] usually take
multi-view input and conduct per-scene optimization for
their representation. These approaches usually focus on the
simultaneous reconstruction of material properties, illumi-
nation, and geometry, but rely on per-scene optimization.
Other deep learning-based methods [21], [23], without per-
scene optimization, predominantly focus on single-frame or
stereo inputs. However, information from a single viewpoint
may lead to ambiguity caused by complicated illumination
and material. In contrast, our method, without per-scene
optimization, uses sequential images as input to overcome
their limitations.
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Fig. 2. Phsically-based reflection model based on point light source.
The incident direction oy, is associated with the radiance I;. The radiance
received by a 3D point P is then reflected as the radiance Ry along the
reflective direction 3. The pixel p receives the sum of reflective radiances
along the direction 3.

INlumination Estimation. Early works [30]-[32] estimate a
single environment map from a single image. However, a
single environment map is not enough for complex indoor
scenes. Other works [23], [33] consider the spatial variance
of illumination, but with a simplified representation. This
approximation cannot fully preserve fine-grained illumina-
tion information in the observed part of the scene. Srinivasan
et al. [27] propose a spatial consistent estimation based on
multi-plane images and multi-scale volumes. Nonetheless,
it takes only stereo inputs, with a limited field of view.
Another work [34] handles spatial and temporal coherence
of video input. However, their RNN-based structure limits
the capability of representing illumination in long image
sequences. In our method, we feed point cloud into our
model to utilize multi-view information in a consistent way.

III. BACKGROUND
A. Photometric Bundle Adjustment

The classical photometric error is formulated as a pixel-wise
alignment of two images. As shown in Fig. 2, we back-
project a pixel p € R? from the reference frame F into a
3D point P € R? using the depth d of p. Then we project
the 3D point P into a pixel p’ on the iy, visible frame
F’ using the unknown rotation R and translation t between
two frames. Accordingly, the pixel p’ is with respect to the
pose R, t and the depth d. With using the pinhole model and
given camera intrinsics in p’(R,t,d) implicitly, the classic
photometric error is defined by

Epi= Y |F(®) - F (¢'R.t,d)], (D
pPEND

where N, denote a set of pixels around the pixel p. This
photometric error is predicted on the assumption that the 3D
point P resides on a Lambertian surface, where the radiance,
power received by pixels p and p’, is uniform across view-
points. However, for non-Lambertian objects, their surface
reflection varies with viewing direction intensively.

Fundamentally, PBA optimizes scene geometry and cam-
era poses jointly by minimizing the photometric error of
projecting all estimated 3D points on their visible frames.
The classical PBA loss is given by

Lonoo =Y > Y FEpi, )

JEF pEP; icobs(p)

where j traverses through all frames F, and within each
frame j, p iterates over all points P;. The obs(p) denotes
all visible frames for p.

B. Physically-Based Reflection Model

To formulate the PBA with the physically-based reflection
model, we start with a conceptual exposition using direct
lighting. As illustrated in Fig. 2, at a 3D point P, an incident
light direction ¢ is associated with the radiance I;. The
“valid” radiance received by P is the component along
the surface normal n, i.e., I; - cosfq, n. For the surface
around the point P, we denote its normal by n. After
reflection at point P, the valid radiance is distributed to
different reflective directions such as 3 and 3’. Bidirectional
reflectance distribution function (BRDF) [35] f, determines
the distributed radiances r; and 7] along the directions 3
and @, i.e.,

(3a)
(3b)

71 =11 - c0o80u, n - fe(ai,n,B),
ri =11 - cosbuy n - fe(ar,n,3).
IV. OUR METHOD
Given an initial estimate of the scene points {P, };\/:1 and

viewing parameters {Ti}f.vil per frame in the world, we first
estimate each pixel’s roughness and normal in every frame.
Meanwhile, we get the colored point cloud of the scene and
select control points. Then the illumination network predicts
environment maps of control points, with the point cloud as
input. Leveraging environment maps, surface roughness, and
surface normals, we optimize the trajectory and the scene
geometry in our PBA method.

A. PBA with a Physically-Based Reflection Model

In this section, we introduce a weighted photometric error
in PBA loss, which is defined as

L= i Eps )

jEF pEP; icobs(p)
where we define the weight as
bpi = eIl (5)

Here, r and r’ correspond to radiance reflected by 3D point
p in two view directions. In static scenes, unoccluded points
with significant variations in reflected radiance result in large
photometric errors. To decrease the impact of these points,
we propose a straightforward inversely proportional function
to determine the weight § in Eq. (5). We empirically found
that § = 14.6 leads to superior PBA performance. Ablation
studies are available in the supplementary document.

In practice, the calculation of radiance r in Eq. (5) should
consider both direct and indirect lighting. To define our radi-
ance model, we first introduce the global radiance received
by the pixel p. As shown in Fig. 2, each incident direction oy
is associated with the radiance Iy. The unit hemisphere H
covers all the incident directions. Analogous with Eq. (3a),
the reflective radiance along with the reflective direction 3
becomes Ij - cosbn o, - fp(ag,n,B). By integrating the
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radiance functiontion over the hemisphere H, we compute
the total radiance r received by the pixel p as

r = / I - cosbp a, - fr(og,n, B) day,. (6)
H

To represent the physical reflection process, i.e., the light
path, we detail the formulation of the vectors n, 3, and 3’
from Eq. (6) in the following subsections.

Normal of Facet n. We back-project the pixel p and
its neighbor pixels using the measured depths d and its
neighbouring depth {d;} from the depth map, obtaining 3D
points P(d) and its surrounding points within a 2cm vicin-
ity {N,(d;)}. Each 3D point triplet, e.g., {P(d), Ni(d;),
Nj(dz)} leads to a normal, e.g., n(d,d1,dz) = (P(d) —
Ni(d1)) x (P(d) —N2(dz)). Then we use the moving least
square method [36] to smooth the estimated normal.
Reflective Direction 3 and 3’. With the relative rotation R
and translation t, the reflective directions 3 and (3’ can be
expressed as

B(d) = P(d), (7)
B'(R,t,d)=P(d) +R"t. (8)

Accordingly, we re-formulate the photometric loss Lynoo
(Eq. (2)) as

L= Y GRtd{d]) B O

JEF pEP; icobs(p)

which additionally incorporates a physically-based reflection
model. Nevertheless, the proposed loss £ cannot be directly
minimized using a gradient descent algorithm since the par-
tial derivatives of several integrals in the loss over the camera
parameters {R, t,d, {di}} are difficult to compute [37]. To
avoid computing these integrals in Eq. (6), we leverage the
estimated environment lighting and roughness in BRDF [35].

Given the surface material, reflective direction 3 and
surface normal n, we can determine the solid angle
area Ap(n,3) in BRDFE. Hence, we split the irradiance r
in Eq. (6) as

. J g (n,p) Ir devk

[ costna - fr(ar,n,B) dag .
S () A0 /” :

Ty
Tiight BRDF

(10
e Term Ty Given the initial structure and estimated
cameras, we use a viewing direction 3 and n to compute
the area Ap and to further index the pre-computed
integral of the environment map.
o Term Tprpr. Term Tgrpr is predominantly influenced
by the surface roughness rs of the surface material,
which ranges from 0 to 1.

Illumination at Control Points. According to Eq. (6),
we need environment lighting I for every point in PBA.
However, it is impractical and unnecessary to predict all of
them, as points in the vicinity are under similar illumina-
tion conditions. Therefore, we select representative “control
points” on the surfaces by employing SLIC [38] clustering on

A sliding window of K Frames

—_—
Time
—> %ﬂ —_
Encoder Decoder
The current frame Transformer ROUgh?leSS of the

current frame

Fig. 3. Material estimation pipeline. Our approach uses the current frame
and K — 1 previous frames to predict the roughness of the current frame. A
CNN encoder extracts features from these K frames. A transformer and a
decoder process these features to predict the roughness of the current frame.

the normal maps. Subsequently, we estimate the environment
maps for these control points as introduced in Section IV-
C. For each 3D point, we employ the predicted environment
map of its nearest “control point” in Eq. (6).

Utilizing the estimated roughness r, as detailed in Section
IV-B, along with environment lighting for each point, we
compute the specular radiance r of 3D points across all
views. Subsequently, the radiance is applied in Eq. (5) to
weigh each photometric error present in the loss function
L. To optimize Eq. (9), initial camera poses and scene
geometry can be obtained within SLAM frameworks. During
optimization, the refined camera poses and geometry informs
the light path determination in subsequent optimizations. We
follow [39] to use the Levenberg-Marquardt algorithm to
minimize the weighted PBA loss.

B. Material Estimation

The appearance of surface material varies significantly
under different illumination conditions, leading to ambigu-
ities in material estimation from single-frame inputs. To
handle these ambiguities, we use the multi-view information
from sequential images. Our material estimation network
leverages previous K — 1 frames to enhance the estimation
of the current frame. As shown in Fig. 3, the architecture
of our material estimation model consists of three principal
components: (1) a CNN encoder to extract features from
individual frames, (2) a transformer to capture and model
the spatial-temporal relationships across frames, and (3) a
CNN decoder to produce the per-pixel roughness.
Single-Frame Encoder. Our model adopts the CNN encoder
structure as described in IRCIS [23]. Initially, frame-level
features are extracted for each frame using this encoder.
These extracted features from K frames are then concate-
nated to construct a multi-frame feature map, denoted as
fe REXCxH' W'

Spatial-temporal Correlation. We use a transformer to
capture the spatial-temporal correlations among different
locations across frames. We flatten the feature maps of K
frames into f € RAX(E-H'"W') which are K - H'- W’ tokens
of dimension d. These tokens are fed into the transformer,
with temporal and spatial positional information encoded by
3D position embedding as in [40].

Output Decoder. We adopt the CNN decoder structure from
IRCIS [23] to output per-pixel roughness.
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Fig. 4. Illumination estimation pipeline. The colored point cloud is fed

into the point encoder, which extracts per-point features. These features are
then projected and used as inputs for the image decoder. The image decoder
then produces a coarse output. The coarse output is combined with a color-
depth map in the RefineNet, yielding a refined output.

Loss Function. During training, the model estimates rough-
ness maps of 1 — K to ¢ frames. A mean squared error (MSE)
loss term Lysg measures pixel-level error and a structural
similarity index measure (SSIM) [41] term Lsspv assesses
the similarity of the overall structure. The final loss function
Limae 18 a weighted sum of the two terms:

Y

where A\ysg and Agspy are the corresponding weights of MSE
loss and SSIM loss.

Lmat = Awse - Livse + Assiv - Lssiu,

C. Illumination Estimation

For every control point in the scene, its illumination varies
with its position, especially in indoor scenes with complex
occlusion and illumination. Therefore we need to estimate a
spatially varying illumination of the whole scene. Compared
to single-image input, multi-view images of the scene brings
a larger field of view, which benefits this task. However,
individually processing these images might lead to spatial
inconsistency, since they are from different viewpoints. To
avoid this inconsistency, we need to integrate those images
into a unified 3D representation. In our PBA framework,
a colored point cloud of the scene is available and we
utilize it as input for our illumination prediction pipeline. Our
illumination estimation pipeline is shown in Fig. 4. Given the
scene’s point cloud, the model outputs an environment map
as the environment lighting of the queried position.

Point Encoder. To extract multi-level geometry information
of the scene, we adopt the point encoder developed based on
the PointNet++ [43], following Synpt [44]. It is designed to
extract information from points and their proximal surround-
ings. This model employs four layers of set abstraction and
four levels of propagation, enabling the concurrent capture
of localized and global features. The identified features are
then interpolated within the feature propagation layers.
Image Decoder. Following [44], point features are projected
onto various levels of feature map spheres aligned with sub-
pointset sizes. The image decoder employs these projected
feature maps for generating the environment map.
RefineNet. We use a RefineNet module to enhance coarse
environment maps from the image decoder as [44]. In this
module, we feed the color and depth information of points
into the pipeline once again and introduce a 2D self-attention
block to capture the long-range interactions.

Loss Function. We follow the setup of [27], where the
loss function comprises an adversarial loss term L,q, and

a perceptual loss term. The perceptual loss quantifies the
high-level discrepancies between images. Following [27],
we use a pre-trained VGG-19 network for feature extraction
and compute the L; loss of features across layers as Lygg.
The total loss function Ly is defined as a weighted sum:

Llight = )\vggngg + )\adeadva (12)

where Ayg, and Mg, are the weights of perceptual loss and
adversarial loss.

V. EXPERIMENTS

We first introduce our SpecularRooms dataset. Then we
compare our PBA, material estimation, and illumination
methods with corresponding state-of-the-art works. Ablation
studies, additional results, and more implementation details
are available in our supplementary document. All the fol-
lowing tests were conducted on a computer equipped with
NVIDIA RTX A4000 GPU.

A. Our SpecularRooms Dataset

Existing SLAMe-related datasets, such as TUM-
RGBD [29] and EuRoC [28], can not fulfill the
requirements for evaluating non-Lambertian SLAM

methods. They have at least one of the following limitations:
1) Incomplete ground truth for materials and illumination.
2) Lack of non-Lambertian surfaces. To address these
limitations, we establish a new dataset that encompasses
all the aforementioned criteria. We name this dataset
“SpecularRooms”. It contains more than 17000 images from
85 sequences of different lengths and complete ground truth
trajectories, material, and illumination. The experiments of
the following sections are conducted on our SpecularRooms
dataset. In the experiments of material estimation and
illumination estimation, we use 80% of images for training
and 20% for testing. To validate our PBA method, we
choose 6 longest trajectories.

B. Photometric Bundle Adjustment

Experimental Setup. Our pixel selection strategy adheres
to the approach outlined in [5]. The input trajectory is
derived by estimating relative poses pairwise, which can be
accomplished by any visual odometry or SLAM system, such
as ORB-SLAM2 [18].

Methods for Comparison.Here we refer to the classical
PBA as LBT-PBA since it assumes a Lambertian world. We
compare our PB-PBA with LBT-PBA [42] and the state-of-
the-art t-distribution based PBA work DSM-PBA [17].

o LBT-PBA is implemented based on the photomet-
ric consistency assumption, without considering non-
Lambertian surfaces.

o DSM-PBA models the photometric error distribu-
tion through a selected t-distribution, thereby down-
weighting outlier points.

Metrics. We follow [45], [46] to evaluate the trajectory
accuracy based on the absolute trajectory error (ATE).

Results. As shown in Fig. 5, DSM-PBA enhances the
accuracy compared to the classical approach. Nonetheless,
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Fig. 5. Trajectories estimated by ORB-SLAM?2 [18] and various PBA methods on three image sequences of our SpecularRooms dataset. The colored and
black lines denote the estimated and ground truth trajectories, respectively. The color bar indicates the magnitude of the absolute trajectory error.

TABLE I
ABSOLUTE TRAJECTORY ERRORS OF VARIOUS PBA METHODS ON OUR
SPECULARROOMS DATASET (UNIT: METERS)

the precision of DSM-PBA is somewhat constrained due to
its inability to adjust photometric error in a comprehensible
manner. In contrast, our method attains superior accuracy,

primarily because it incorporates a reflection model into the Sequence LBT-PBA [42] DSM-PBA [17] | PB-PBA (our)
weight calculation process.
Club 0.080 0.078 0.074
C. Material Estimation Office 0.093 0.088 0.052
. . Computer Room 0.060 0.058 0.032
Methods for Comparison. We compare our method.w1th IR- Meeting Room 0.105 0.069 0.018
CIS [23], a state-of-the-art work with single-frame input. To g4y Room 0.107 0.070 0.056
our knowledge, there is no open-source scene-level method  Restroom 0.115 0.062 0.012
with multi-view input, without requiring per-scene optimiza- Average 0.106 0.067 0.031

tion. We re-train IRCIS on our SpecularRooms dataset using
its recommended parameters for a fair comparison.

Metrics. Following [23], we use mean squared error (MSE)
as our evaluation metric.

Results. In Table II, we list the mean and median of per-
frame MSE of our method with 5 frames (Ours@5) and
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Fig. 6. Error maps of roughness estimation results on our SpecularRooms dataset. Here we list input images (in the first row) and the corresponding error
maps of roughness predictions. The second row corresponds to IRCIS and the third row corresponds to our method. The color bar indicates the magnitude
of the difference between roughness predictions and ground truth. Lighter pixels correspond to larger errors. Note that our method works better on glossy

and featureless surfaces.

Meeting Room

Input

Lighthouse [27] |

Ours

Ground Truth

Fig. 7.

Apartment

Office Club

Illumination estimation results on our SpecularRooms dataset. We list the input reference frames of Lighthouse and the input point cloud of our

method in the first row. Our method retains more detailed information of a larger part of the scene.

TABLE 11
QUANTATITIVE RESULTS OF ROUGHNESS ESTIMATION ON OUR
SPECULARROOMS DATASET

IRCIS [23] IRCIS+ | Ours@5 Ours@10

Mean (x10~2) 2.00 1.68 1.46 1.26
Median (x1072) 0.72 0.56 0.55 0.50

10 frames (Ours@10). IRCIS+ denotes IRCIS with extra
supervision information, e.g., depth, normal, albedo, etc.
Some representative results are available in Fig. 6. Com-
pared to IRCIS, our method with multi-view inputs achieves
better results, since material’s intrinsic properties are better
demonstrated under varying viewpoints.

D. Illumination Estimation

Methods for Comparison. We compare our model with
Lighthouse [27]. It uses a multiscale volumetric scene
illumination representation, which can also produce spatial-
consistent illumination results. For a fair comparison, we
finetune the pre-trained model of Lighthouse on our Spec-
ularRooms dataset with its recommended parameters.
Metrics. Following [27] and [32], we report color angular er-
ror and peak signal-to-noise ratio (PSNR) for the predictions
versus ground truth environment maps.

Results. Quantitative results are shown in Table III. We
also list some representative results in Fig. 7. Note that
Lighthouse has a limited field of view, which means a
large part of its prediction is from unseen areas and thus is
unreliable. Our method performs better in most cases thanks
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TABLE III

QUANTITATIVE RESULTS OF ILLUMINATION ESTIMATION ON OUR

SPECULARROOMS DATASET

Angular Error (°) | PSNR (dB) 1

Lighthouse [27]  Ours | Lighthouse  Ours
Meeting Room 6.62 2.44 13.00 19.93
Computer Room 1.55 1.09 17.03 19.22
Office 8.58 2.85 13.54 19.26
Club 4.98 1.67 15.63 21.84
Apartment Room 6.58 2.30 11.27 19.22
Average 5.66 2.07 14.09 19.89

to the larger visibility of the scene from the point cloud.

VI. CONCLUSIONS

In this paper, we introduce a novel PBA method for

non-

Lambertian environments. Our PBA method utilizes the

material and illumination information to overcome the pho-
tometric inconsistency. The information is from our material

and

illumination estimation pipeline, which can effectively

utilize multi-view input. Furthermore, we establish a new
dataset to provide an evaluation framework for PBA meth-
ods in non-Lambertian environments. Extensive experiments
demonstrated that our PBA method outperforms existing
approaches in accuracy.
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