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Abstract—Photometric stereo aims to recover surface normals
from images captured under varying lighting conditions. Al-
though deep learning methods have achieved promising results,
existing approaches often struggle to accurately estimate surface
normals in scenes where outlier and inlier regions are interwoven,
due to entangled optical effects due to complex local structures
and surface reflections. This results in a degradation of the accu-
racy of the reconstruction. To address this issue, we propose ODF-
PSN, a dual-branch frame work that separately extracts features
from outlier and inlier regions. Equipped with our Partitioned
Feature Fusion Module, the network effectively integrates fea-
tures from both regions. Furthermore, we introduce an anomaly-
guided feature fusion module to enhance the representation of
anomalous regions, thereby constructing a more robust global
representation. Experimental results demonstrate that ODF-PSN
achieves state-of-the-art performance on the DiLiGenT dataset.

Index Terms—Photometric stereo, feature extraction, feature
fusion.

I. INTRODUCTION

Photometric Stereo [26] aims to reconstruct surface normals
by analyzing intensity variations in images captured under
different lighting conditions. Compared to other 3D recon-
struction techniques [3] [5] [12], it offers finer surface details
through physical modeling of light-shadow relationships.

Traditional photometric stereo methods [26] [20] [27] pri-
marily rely on the ideal Lambertian assumption, modeling
surfaces as perfectly diffuse. However, this rarely holds in
practice; most real-world materials exhibit non-Lambertian
behavior due to specular reflections, shadows, interreflections
[17] [13], and complex surface microstructures. To address
this, later approaches adopt more general reflectance mod-
els, particularly bidirectional reflectance distribution functions
(BRDFs) [21], to capture diverse lighting—viewing interac-
tions. Despite their expressiveness, BRDF-based methods of-
ten require strong material priors, assume calibrated lighting,
and remain sensitive to noise and sparse observations, leading
to unstable optimization and poor generalization in real-world
settings.

To handle non-Lambertian surfaces, deep learning-based
approaches [19] [6] [2] have been widely adopted and have
significantly advanced the state of the art in photometric stereo.
However, as shown in Fig. 1, existing methods still struggle
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Fig. 1: An example of the errors in complex-structured regions.
We visualized the error plot of the area where outlier areas and
inlier areas were mixed. The results compare our method with

the PX-Net [15] and GR-PSN [10] and NA-PSN [11] and MF-
PSN [14].
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with regions where the outlier and inlier region coexist, areas
that often contain critical geometric and reflectance informa-
tion. These challenges arise due to overexposure, underexpo-
sure, or strong non-linear responses when applying uniform
feature extraction strategies.In this paper, we define the regions
with highlights and shadows as outlier regions, while other
areas are considered as inlier regions.

To address this issue, we propose ODF-PSN. Our main
contributions are as follows:

e We present a dual-region decoupling framework that
explicitly separates outlier and inlier regions and pro-
cesses them through partitioned feature extraction mod-
ule, enabling tailored feature extraction for their distinct
reflectance properties.

e We design a partitioned attention-based feature fusion
module that adaptively combines features from both
branches by dynamically weighting discriminative re-
gions according to input content, yielding more robust
and context-aware representations.

e We introduce an outlier-guided fusion module that ef-
fectively integrates fine-grained local details from outlier
regions with global contextual semantics, facilitating uni-
fied optimization across multi-level features.

Extensive experiments demonstrate that ODF-PSN achieves
state-of-the-art performance on the DiLiGenT benchmark
with a mean angular error (MAE) of 6.18° and exhibits
superior robustness under challenging photometric conditions,
including overexposure, underexposure, and strong nonlinear
sensor responses. Our code and models can be found at
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Fig. 2: ODF-PSN consists of a shared weight feature extraction subnet, a fusion layer and a normal regression network.

https://github.com/dy6666/ODF-PSN.git.

II. METHOD
A. ODF-PSN

The network architecture of ODF-PSN is illustrated in Fig.
2, comprises a weight-shared feature extractor, a feature fusion
module, and a normal regression module. From an RGB input
X € R¥>*HXW the image is partitioned and concatenated
with the light direction vector to form F € R6*H*W  Thig
tensor is processed by the Partitioned Feature Extraction (PFE)
and Fusion (PFF) modules to yield a unified representation,
which is then combined with the original features and refined.
The Outlier-Guided Feature Fusion (OGFF) module enhances
anomalous regions while integrating global context, and the

regression module finally outputs the surface normal map N €
R3X HxW .

B. Preliminaries

1) Data Normalization: To mitigate the adverse effects
of spatially varying BRDFs (SVBRDFs) on feature learning,
we normalize the input images following the image forma-
tion model [21] [4]. Given multiple observations per pixel
across different lighting conditions, this simple normalization
effectively suppresses albedo variations and reduces ambiguity
between reflectance and geometry, thus reducing the negative
impact of SVBRDFs on normal estimation.

2) Image Partitioning: We propose Image Partitioning (IP)
which splits normalized input images into inlier and outlier
regions using our Image Partitioning Algorithm (IPA). IPA

employs two fixed thresholds, a high threshold of 0.25 and
a low threshold of 0.02 chosen empirically to best separate
outliers from inliers. A pixel is labeled a highlight if any
RGB channel exceeds 0.25 or a shadow only if all channels
fall below 0.02. Highlights and shadows together form the
outlier region, while the remaining pixels constitute the inlier
region. For efficient downstream processing, we generate
binary masks for each image, where a value of 1 denotes
inclusion in the target region and O indicates exclusion. This
yields two complementary masks, the outlier mask and the
inlier mask. The efficacy of our partitioning strategy is visually
demonstrated in Fig. 3.
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Fig. 3: The result of image partitioning, “mask” represents the
mask after partitioning, and “partitioning image” represents the
result of image partitioning.



C. PFartitioned Feature Extraction Module(PFE)

To address the issue that using a unified feature extractor
for both outlier regions and inlier regions would compromise
the reconstruction accuracy, we employ separate feature ex-
tractors to process different regions independently. As shown
in Fig.2, in the PFE component, we utilize two convolutional
layers that preserve the original image resolution (H, W) to
extract features from each region, effectively avoiding mutual
interference between using a shared feature extractor for mixed
regions. Through this process, we obtain two distinct feature
maps, denoted as H} and H?, representing the feature of
outlier areas and inlier areas, respectively.

D. Fartitioned Feature Fusion Module(PFF)

For the region-partitioned features generated by PFE, simple
concatenation or addition is insufficient for effective fusion. To
address this limitation, we design a partitioned feature fusion
module that leverages attention to dynamically assign higher
weights to more discriminative regions based on the input
content, enabling adaptive integration of features from both
branches.
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Fig. 4: The Architecture of Partitioned Feature Fusion Module

Given that simple concatenation or summation fails to
effectively fuse features, we propose a Partitioned Feature
Fusion Module (PFF), whose structure is shown in Fig. 4.
After extracting regional features, the outlier region features
and inlier region features are first summed to obtain initial
features. These initial features are then passed through a
Spatial-Channel Attention (SCA) module to generate feature
weights for both regions. The weighted features are multiplied
by their respective weights and summed to produce first-level
fused features. Finally, the first-level fused features are added
to the initial features to obtain the final fused features, as
defined below:

S, = H; + H?

w = SCA(S;)

Fi=H' -(1-w)+H? - w+8S;
T; = Convy3(Convsy3(FY))

(D

where H} and H? denote the features of the outlier region and
the inlier region in the i-th pair of features, respectively. SCA
denotes the attention weighter. w represents the weights at
different positions. ReLU denotes relu function. Conv denotes
the convolutional layer.

The SCA module integrates both channel-wise and spatial
attention mechanisms. Specifically, channel attention generates
per-channel weights W, to recalibrate feature channels, while
spatial attention computes a spatial importance map W to
highlight critical spatial regions. These attention weights are
combined via element-wise addition and passed through a
sigmoid activation to produce the final adaptive weights for
outlier and inlier region features, as follows:

W, = Convyy7(Concat(CAP(S;), CMP(S;))
W, = Convi x1(ReLU(Convi«1(SAP(S;)))) 2)
W = O'(COIIV7><7(COIl0at(WC + W, S:)

where S; represents the summation of features of the outlier
and inlier regions. CMP represents the global Max pooling
operation in the channel dimension. CAP denotes the average
pooling operation in the channel dimension. SAP stands for
the average pooling operation across the spatial dimensions.
The sigmoid function is denoted by o, and Concat refers
to the operation that concatenates features along the channel
dimension. ReLU denotes the relu function.
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Fig. 5: The Architecture of outlier-guided feature fusion

E. Outlier-Guided Feature Fusion Module(OGFF)

Partitioned feature extraction and fusion effectively decou-
ple outlier and inlier features, preventing mutual interference.
However, because outlier regions often exhibit complex photo-
metric effects such as highlights, shadows, and interreflections,
the extracted features from these regions are typically of
limited quality.

To improve their representation, we propose an outlier-
guided feature fusion module, as shown in Fig. 5. First, the
global features are fused through max-pooling to generate a
foundational global feature representation f. Then, the global
inlier features are enhanced by using local outlier region
features f;". Specifically, the global base features are concate-
nated with local outlier region features and processed through
convolutional layers to produce enhanced local features. These
features are then max-pooled to derive the final global feature
G. This design maintains the consistency of global features
while strengthening the representation of key region details.
The formal definition is as follows:



f = Maxpool(Fy,Fa, ...,
f" =F; - M]
L; = Convsyx3(Convsxs(Concat(f, £f")))
G = Maxpool(Ly, Lo, - - -L,,)

F,)

3)

where F; represents the local feature extracted from the i-
th image. M} are the masks that identify outlier regions,
respectively. The Maxpool operation is used to fuse all local
features by performing max-pooling across these regions.

F. Loss Function

The network is trained in a fully supervised manner by op-
timizing parameters based on the angular discrepancy between
predicted surface normals and ground truth normals.

TRl 3
Loss = g5 ;(1 — cos(Nij - Nij)) @
where H, W represents the image resolution, /NV; ; denotes the
ground truth normal vector at pixel (4,5), and N; ; indicates the
predicted normal vector at pixel (¢,7). The predicted normal
vector and ground truth normal vector are combined through a
dot product to reflect their angular relationship. Values closer
to 1 indicate smaller angular differences between normals,
while values farther from 1 suggest larger discrepancies.

III. EXPERIMENTS
A. Experimental setup

Dataset: We use two types of datasets: training and testing.
For training, we mainly employ the Blobby [7] and Sculpture
[25] datasets, both synthesized from 3D models using the
MERL material database [16], which contains 100 real-world
materials. Each object is rendered with two randomly selected
materials, yielding samples of 64 images under distinct light-
ing directions. The dataset are split into training and validation
sets at a 99:1 ratio. For evaluation, we employ two real-
world benchmarks: DiLiGenT [20] and DiLiGenT-II [22].
DiLiGenT includes 10 objects with complex surfaces, each
captured under 96 lighting conditions. DiLiGenT-1I contains
30 objects with even richer surface details, each imaged under
100 lighting conditions.

Training details: The experiments were conducted on a single
NVIDIA GeForce RTX 3090 24GB GPU using PyTorch. The
model was trained for 30 epochs using the Adam optimizer
(51=0.9, 5,=0.999) with an initial learning rate of 0.0012,
which was halved every 5 epochs. The total training time was
approximately 14 hours.

Evaluation metrics: The primary evaluation metric is the
Mean Angular Error (MAE), measured in degrees. MAE
quantifies the average angular deviation between the predicted
and ground-truth surface normals across all pixels in the
image. Specifically, it is calculated as follows:

| Hw 3
MAE = T Z(arccos(Nm “N; ) &)

i,J

where H,WW denotes the image resolution. n, represents
the surface normal vector of ground truth, while 7, in-
dicates the predicted surface normal vector. Their angular
difference is computed via the arccos function of their dot
product.Additionally, we introduced two evaluation metrics,
err'® and err3%” [9]. err!5® denotes the proportion of surface
normals with mean angular errors less than or equal to 15
degrees, while err3%” represents the proportion with mean
angular errors less than or equal to 30 degrees.

B. Benchmark Comparisons

Comparative Evaluation on DiLiGenT Benchmark: To
comprehensively evaluate our method and demonstrate its
superiority, we conducted extensive experiments on the DiLi-
GenT benchmark dataset [20] comparing it with ten state-
of-the-art photometric stereo methods. As shown in Table I,
our method achieves a mean angular error of 6.18 degrees
outperforming all competing approaches. It attains the best
results on challenging objects such as Buddha Harvest and
Reading showing strong robustness under extreme lighting.
The qualitative results in Fig. 6 further highlight our model’s
superior ability to reconstruct complex surfaces especially
in mixed regions containing both inlier and outlier orienta-
tions. These include the earlobe of “Buddha” the pocket area
of “Harvest” and the abdominal folds of “Reading” where
transitional lighting self-occlusion or fine geometric struc-
tures cause complex appearance variations. The performance
gain is confirmed by significantly lower angular errors in
these areas. Moreover our approach excels on hybrid surfaces
and transitional zones near specular highlights demonstrating
strong geometric coherence under extreme illumination. These
results validate that our feature extraction and fusion strategy
effectively captures fine-grained details in structurally complex
and photometrically challenging scenarios.

TABLE I: Comparisons on DiLiGenT-main benchmark [20].
Red indicates the best result and blue indicates the second best
result.

Method Ball Bear Buddha Cat Cow Goblet Harvest Potl Pot2 Reading Avg.

PS-FCN(N.) [1] 2.67 7.72 753
MFE-PSN [14] 2.075.83 6.8
CNN-PS [6] 2.124.38 8.07
PSMF-PSN [28]2.54 5.99 7.21
CER-PSN [24] 2.08 5.65 7.28
SR-PSN [8] 223524 675
NA-PSN [11] 2.93 465 7.12
GR-PSN [10] 222561 6.73
IGA-PSN [23] 2.20 4.83 7.08
PX-Net [15] 2.034.13 7.61
MSE-Net [18] 2.27 460 6.84
ODE-PSN(Ours) 2.13 422 6.60

476 6.72 7.70
5.005.90 7.46
438792 742
5.095.52 775
419793 734
4.636.12 7.07
4.655.99 7.49
4336.17 6.78
463592 7.25
4.394.69 6.90
420 6.08 7.40
4.416.30 6.62

12.39 6.177.15
13.38 7.20 6.81
14.08 5.37 6.38 12.12 7.20
1140 691 6.11 10.01 6.85
11.66 527 6.70 9.98 6.81
12.61 588 6.44 1035 6.73
12.28 596 6.42 993 6.72
12.03 5.54 642 9.65 6.55
11.01 5.856.41 9.37 6.46
13.10 5.08 5.10 10.26 6.33
10.80 5.08 585 9.15 6.23
11.04 558 6.13 8.76 6.18

1092 7.39
1220 7.27

Comparative Evaluation on DiLiGenT-II Benchmark: Re-
construction of fine shape details remains a key challenge in
photometric stereo, especially for real-world objects such as
reliefs, badges, and coins. On the DiLiGenT-II dataset [22],
ODF-PSN achieves a mean angular error (MAE) of 9.4°,
with the most significant improvement observed on “rough”
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Fig. 6: Quantitative analysis on the “buhhda”,“harvest”, and
“reading” objects from the DiLiGenT dataset, using 96 images
under different lighting directions as input. The numbers below
the error plots represent the Mean Absolute Error (MAE). We
compared our method with several state-of-the-art methods,
including PX-Net [15], GR-Net [10], NA-PSN [11], MF-PSN

[14], and PS-FCN(N.) [1].
TABLE II: Benchmark results on our real-world dataset

DiLiGenT-II [22]. We calculate the average MAE of the object
in each material.

combinations. The six experimental configurations are defined
as follows: IDO serves as the baseline configuration without
any additional components; ID1 introduces the partitioned
feature extraction module based on ID0; ID2 incorporates the
partitioned feature fusion module upon ID1; ID3 implements
the outlier-guided feature fusion module starting from IDO;
ID4 adds the outlier-Guided feature fusion module to ID1; ID5
represents the complete model incorporating all components.

TABLE III: Ablation results on DiLiGenT benchmark [20],
in terms of MAE, the proportion of pixels with MAE less
than 15° and 30°. PFE: Partitioned Feature Extraction; PFF:
Partitioned Feature Fusion; OGFF: Outlier-Guided Feature
Fusion. (v: used, - : not used).

ID PFE PFF OGFF MAE|  err!®t  erp30°¢
0 - - - 23.39 25.6% 62.6%
1 v - - 6.48 92.1% 98.0%
2 v - 6.46 92.2% 98.1%
3 - - v 26.57 38.3% 67.1%
4 v - v 6.41 92.4% 98.1%
5 v v 6.18 92.7% 98.1%

material

L2 [26] PX-Net [15] PS-FCN [2] GPS-Net [29] CNN-PS [6] NA-PSN [11] Ours

Metallic 72 9.2 52 5.0 49 49 53
Specular 8.5 8.4 8.5 8.9 7.4 7.6 78
Translucent 17.0 16.0 17.3 17.6 16.8 17.0 17.2
Rough 14.6 13.7 14.5 13.8 13.5 133 13.2
AVG. 10.5 10.8 9.8 10.1 9.2 9.2 9.4

materials, where it outperforms all competing methods by a
clear margin. This advantage arises because rough surfaces
inherently exhibit dense intermixing of outlier regions, such
as localized highlights and cast shadows, with inlier regions,
creating highly ambiguous reflectance patterns that challenge
conventional approaches. By explicitly decoupling these re-
gions and applying dedicated feature extraction and fusion
strategies, our method effectively disentangles their distinct
photometric behaviors, enabling accurate recovery of sharp ge-
ometric transitions and subtle depth variations. The consistent
performance across diverse object types, including textured
reliefs and engraved patterns, further validates that ODF-
PSN’s outlier-inlier aware design is well suited for real-world
photometric stereo under complex non-Lambertian reflectance.

C. Ablation study

In our ablation studies, we adopt three primary evaluation
metrics: Mean Angular Error (MAE), erri®’ and err3?, to as-
sess model performance. Lower MAE values indicate superior
accuracy, whereas higher err!® and err3?” scores are more
favorable. As presented in Table III, the experiments evaluate
three core architectural components across six different con-
figurations in a systematic manner. Notably, the integration of
the Partitioned Feature Fusion (PFF) module depends on the
presence of the Partitioned Feature Extraction (PFE) module,
which introduces certain limitations on feasible experimental

1) Effectiveness of partition feature extraction: The ex-
perimental comparison between ID0 and IDI1, as well as
ID3 and ID4, demonstrates that the introduction of PFE
module leads to significant improvements in MAE, err!'®’
and err®®”. As shown in the results of IDO and IDI, using
only non-partitioned images for initial feature extraction and
compressing the features into 6 channels as guidance results in
limited feature dimensionality and disorganized representation,
leading to poor surface normal estimation. In contrast, with the
PFE module, the feature representational capacity is substan-
tially enhanced, yielding a reduction 16.91° in MAE. Further
analysis of ID3 and ID4 reveals that without PFE to establish
clear regional separation, the OGFF module alone struggles to
effectively integrate features. However, when OGFF is used in
conjunction with PFE, it can fully leverage structurally guided
features, resulting in a reduction 20.16° in MAE. These results
comprehensively validate the effectiveness of the PFE module.

2) Effectiveness of partition feature fusion: The experi-
mental comparison between ID1 and ID2, as well as ID4
and ID5, shows that the introduction PFF module reduces
MAE by 0.02° and 0.23°, with slight improvements in err!>’
and err3%". These findings indicate an overall reduction in
angular errors, with the error distribution becoming more
concentrated within the 15° range, and large errors originally
exceeding 30° gradually shifting toward smaller error bins.
In particular, merely performing partitioned feature extraction
without effective fusion fails to fully exploit the structured
information introduced by region partitioning. These results
effectively validate the efficacy of the proposed feature fusion
component and underscore its critical role in enabling coher-
ent and context-aware feature integration within our network
architecture.



3) Effectiveness of outlier-guided feature fusion: The com-
parison between ID0 and ID3 shows that, when OGFF is used
alone, the MAE increases, while both errt® and err®®” im-
prove—indicating that the module effectively enhances normal
estimation for the majority of pixels. The rise in MAE is
likely caused by a small number of outliers with large angular
errors, possibly due to over-enhancement of outlier regions in
the absence of structured guidance. In contrast, comparisons
between ID1 and ID4, as well as ID2 and ID5, show that
applying OGFF on top of PFE reduces MAE by 0.07° and
0.28°, respectively, while also yielding modest improvements
in both err!® and err3%". This improvement comes from
the fact that PFE provides clear region separation, enabling
OGEFF to effectively focus on critical anomalous regions and
perform targeted feature enhancement. These results confirm
that OGFF acts as a refinement module whose effectiveness
is contingent on structured input features, thus validating its
design and role in the overall framework.

IV. CONCLUSIONS

In this paper, We propose an Outlier-inlier Dual-Region
Decoupled Feature-Guided Network for photometric stereo.
Our method first separates input images into outlier and
inlier regions and extracts their features independently. A
partitioned feature fusion module integrates these region-
specific features, followed by a dual-stage fusion module that
selectively enhances global inlier features using local outlier
cues and performs secondary fusion. Surface normals are then
predicted via a regression network. Extensive ablation studies
and benchmark comparisons validate the effectiveness and
superiority of our approach.
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