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Abstract—Three-dimensional reconstruction technologies are
fundamental problems in computer vision. Photometric stereo
recovers the surface normals of a 3D object from varying
shading cues, prevailing in its capability for generating fine sur-
face normal. In recent years, deep learning-based photometric
stereo methods are capable of improving the surface-normal
estimation under general non-Lambertian surfaces, due to
its powerful fitting ability on the non-Lambertian surface.
These state-of-the-art methods however usually regress the
surface normal directly from the high-dimensional features,
without exploring the embedded structural information. This
results in the under-utilization of the information available
in the features. Therefore, in this paper, we propose an effi-
cient manifold-based framework for learning-based photomet-
ric stereo, which can better map combined high-dimensional
feature spaces to low-dimensional manifolds. Extensive experi-
ments show that our method, learning with the low-dimensional
manifolds, achieves more accurate surface-normal estimation,
outperforming other state-of-the-art methods on the challeng-
ing DiLiGenT benchmark dataset.

1. Introduction

Photometric stereo [1] aims to recover the surface nor-
mal of a target from a set of images, captured under different
lighting directions. In the past few decades, researchers have
worked to apply photometric stereo to a wide range of
real-world non-Lambertian objects. Many methods have ad-
dressed this problem by applying the outlier rejection meth-
ods [2], [3] and modeling sophisticated reflectance methods
[4], [5]. Inspired by the success of deep-learning frameworks
for various computer vision tasks, researchers have been
investigating the learning approaches to photometric stereo
[6], [7]. These learning-based methods can better solve the
condition of non-Lambertian reflectance through the power
of data-driven learning.

However, these deep-learning-based methods [7], [8],
[9] fail to explicitly explore the intrinsic data structure of
the images’ high-dimensional features in the deep neural
networks. Usually, these models directly receive a series of
feature maps from multiple-input images, which discard a
large amount of the features from the input. This greatly
reduces the utilization of information and affects the esti-
mation accuracy.

To improve the accuracy of surface-normal estimation,
we provide a more efficient solution for learning-based
photometric stereo, which can better reconstruct the surface
normals from the high-dimensional combined image fea-
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Figure 1. An overview of the proposed network. Given an arbitrary number
of images under different light directions, an extractor extracts feature
representations from the input images. Then, a manifold method, ISOMap,
is employed to map the high-dimensional combined features to a low-
dimensional manifold. Finally, a regressor infers the normal as well as the
3D surface of the object concerned.

tures from a number of images. In this paper, we propose
an end-to-end deep neural framework, as shown in Fig.1.
The first stage of the network consists of residual blocks
[10], to extract the features from images under different
illumination directions. In the second stage, a manifold-
based mapping is applied to reconstruct a low-dimensional
manifold from the combined extracted features. In our net-
work, isometric feature mapping (ISOMap) [11], a nonlinear
dimensionality reduction technique, is employed. In the
final stage of our network, based on the low-dimensional
manifold, a fully convolutional network [12] is employed to
function as a regressor to infer the surface normals of the
target. Experiments demonstrate that the proposed network
is more efficient and accurate than existing state-of-the-art
approaches.

2. Related Work

Assuming that a pixel in the visual observation of a real-
world object m; can be modeled by general bidirectional
reflectance distribution functions (BRDFs) p, which is asso-
ciated with the surface normal n € R3, under illumination
direction I; € R3. The imaging model can be expressed as
follows:

m; = ejp(n,l;) max (nle,O) +e¢j (1)

where max (n'"1;,0) accounts for the attached shadows,
and € represents the noise and global illumination effect
like inter-reflections and image noise.
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The goal of photometric stereo [1] is to recover the
surface orientation at every pixel position from a combina-
tion of reflectance and illuminations in multiple images. To
extend the photometric stereo to work with non-Lambertian
surfaces in practical use, researchers have investigated two
kinds of strategies, namely outlier rejection methods, sophis-
ticated reflectance models, following the reference [13].

Recently, some deep-learning-based methods have been
introduced to the field of surface normal reconstruction
[14], [15]. Santo et al. first investigated the deep pho-
tometric stereo network (DPSN) [6], by using fully con-
nected layers to regress per-pixel surface normals, based
on a fixed number of images (96 in the method), with
different illumination directions. However, DPSN directly
reduces the high-dimensional feature of 96 input images
from the dimensionality 2048 to a 3-dimensional output
with a single fully-connected layer, without exploring the
embedded information in the high-dimensional data. Chen
et al. [8] proposed a method, called PS-FCN, which uses a
fully convolutional network to regress the surface normals.
Furthermore, Chen et al. [7] proposed an SDPS-Net to
determine both the surface normals and light directions
of an object, for uncalibrated photometric stereo. These
two methods can take an arbitrary number of images as
their input, by applying channel max pooling. However,
because of the use of max pooling, most of the features are
not considered in the process of nonlinear dimensionality
reduction. In this paper, we apply an efficient manifold-
based mapping method. ISOMap [11] to reconstruct the low-
dimensional manifold, considering the embedded structural
information and improving the utilization of the information
available in the input images.

3. Proposed Method

3.1. Network architecture

As in the architecture shown in Fig.1, the first 118
layers of the ResNet-152 model [10] function as an extractor
network, denoted as fextractor- INOte that the light direction
l is expanded to the same spatial size as the input image
and is concatenated with the input image patch. We obtain
a combined high-dimensional feature of dimensionality at
the end of the extractor network W € RI4Xh'xw" \where
is 256 in our network, which is the number of feature maps
generated, and i’ = Lh and w’ = fw, as follows:

‘I’ = fextractor <17 Hextractor)v (2)

where Gextractor are the learnable parameters in foxtractor-

We then apply the ISOMap manifold-learning method
to map the combined feature ¥ € RIXN'*w" o g Jow-
dimensional manifold ® € R >’ with the details dis-
cussed in Section 3.2.

Finally, the regressor network takes the manifold output
® as its input, and estimates a normal map of the target
object in the images. We design a 6-layer fully convolutional
network fregressors With an L2-normalization layer frorm

(highlighted in yellow in Fig.1), at the end of the network,
to regress the surface normal at the i-th pixel position n; €
R *hxw \where ¢ is 3 to represent the z, y, and z directions
of the surface normal, as follows:

n; = fnorm(fregressor(q’; eregressor))a 3)

where Oregressor are the learnable parameters in fiegressor-
The loss function employed in our network is the com-
monly used cosine similarity loss, defined as follows:

hw
1 -
Enormal = % Z (1 - niTni) (4)

where hw is the number of pixels in each image, and n;
and 72; represent the estimated normal and the ground-truth
normal, respectively, at the ¢-th pixel.

3.2. Manifold-based dimensionality reduction and
training strategy

Previous methods [7], [8] applied the channel max
pooling to generate low-dimensional features for regression.
Compared with a convolutional layer, it allows to having an
arbitrary number of images as input. However, the method
leads to the loss of most of the feature information, and
only retains the maximum response results. Consequently,
accuracy will be reduced.

In this paper, we focus on devising a more efficient
learning-based feature fusion approach. We employ the
manifold-learning method, ISOMap [11], to map high-
dimensional features to a low-dimensional manifold, where
the mapping fully takes advantage of the embedded data
structure. Different from channel max pooling, which only
retains the maximum response feature values, ISOMap can
generate an effective low-dimensional embedding of a set
of high-dimensional data points. Its effectiveness has been
shown in learning-based regression tasks [16].

Existing manifold-learning methods, such as ISOMap
[11], Principal Component Analysis (PCA) [17], truncate
the backpropagation process of tensors, which will cause the
extractor to be untrained. To avoid this, we apply a two-step
training strategy. We first pre-train the extractor network, as
in [8], but give up the weights of the regressor. Then, we
retrain the regressor with ISOMap, using the extractor with
the fixed pretrained weights. The number of input images
stays the same in the pretraining and retraining processes.

4. Experiments

4.1. Dataset

Following [8], we employed the MERL dataset [19] to
render the publicly available synthetic Blobby and Sculpture
datasets for training [20]. We randomly split the samples in
the dataset into a ratio of approximately 99 : 1, for training
and validation. In testing, we applied the DiLiGenT dataset
[13], which is the most commonly used real-world dataset
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Figure 2. Visual results of our method, with the contrast of the observation images adjusted for easy viewing. The numbers in the error maps represent

the MAE in degrees.

for evaluating photometric stereo algorithms. The dataset
consists of 10 different objects with different scales of non-
Lambertian reflectance.

4.2. Network analysis

We analyze our proposed deep neural network using
the validation set in this section. We first compare the
performance of our network with the use of different dimen-
sionality reduction methods, including max pooling (Max-p)
[8], 1 x 1 Conv, ISOMap [11], and PCA [17]. It is worth
noting that the 1 x 1 Conv needs the input dimension fixed.
This means that the results exist only when the number
input images is the same for training and testing. We also
evaluate the influence of the number of input images, used
in training and testing, on the performance. The average
performances of our proposed method are reported in Table
1. The performances are measured in terms of the mean
angular error (MAE), which is calculated as the mean of
cos~Y(f; - m;), in degrees.

We first discuss the effectiveness of the different dimen-
sionality reduction methods. It can be seen that ISOMap
achieves a better performance than PCA, because PCA is a

TABLE 1. PERFORMANCES OF OUR METHODS USING DIFFERENT
DIMENSIONALITY REDUCTION METHODS, WITH DIFFERENT NUMBERS
OF INPUTS USED IN TRAINING AND TESTING..

The number of input images used

Methods Trainin Testing
&% 6 32 48 64
Max-p [8] 16 11.01 10.03 | 9.67 | 9.56 | 9.49
32 11.17 9.92 6.51 | 942 | 9.35
Ix1 Conv 16 X 9.88 X X X
32 X X 9.60 X X

16 11.20 | 10.11 | 9.53 | 9.34 | 9.05
32 11.04 | 998 | 9.44 | 9.22 | 8.97
16 11.80 | 10.36 | 9.78 | 9.46 | 9.27
32 11.54 | 10.30 | 9.65 | 9.38 | 9.21

ISOMap [11]

PCA [17]

simply linear subspace method, while ISOMap is a nonlinear
method. For max pooling, its performance is inferior to other
methods, except when the number of input images used for
traning and testing is 16 and 8, respectively. This method
does not explicitly explore the data structure and discards
most of the features, but retains only the maximum response.
We also note that the results based on 1x 1 Conv are sub-
optimal. These experiment results illustrate the effectiveness
of 1 x 1 Conv in dimensionality reduction, because this
method can handle the feature and space structures simul-
taneously. However, the number of input images used for
training and testing must be the same.

We also compare the performance of the different di-
mensionality reduction methods, when different numbers of
input images are used. In general, all the methods achieve
better performance, when more images are used for training,
i.e., using 32 images outperforms the use of 16 images,
except when only 8 input images are used for testing. This
is because the patterns learned by using 16 input images
may be closer than using 32 input images in training, to
the patterns generated using 8 input images during testing.
Moreover, when compared with max pooling, we can see
that our method has its average MAE decreased at a higher
rate, when the number of input images increases.

4.3. Benchmark comparisons

We compare our proposed network against the recently
proposed state-of-the-art learning-based methods, including
PS-FCN [8] and DPSN [6], as well as non-learning-based
methods. Quantitative and qualitative results on the DiLi-
GenT benchmark [13] are shown in Table 2, and Fig.2,
respectively.

We can see that our network outperforms those existing
learning-based method, with an average MAE of 8.09°. For
those simple objects, like “Ball” and “Cat” with Lambertian
surface, the non-learning-based method [4] achieves the best
performance. However, our method achieves particularly



TABLE 2. COMPARISON OF DIFFERENT METHODS, IN TERMS OF THE MAE IN DEGREES, ON THE DILIGENT DATASET. ALL THE METHODS ARE
EVALUATED WITH 96 IMAGES (TRAINED WITH 32 IMAGES IN OUR NETWORK).

Method ball cat potl bear pot2 | buddha | goblet | reading cow harvest | Avg.
L2 [1] 4.10 | 841 8.89 8.39 14.65 14.92 18.50 19.80 25.60 | 30.62 15.39
WGI0 [3] 206 | 6.73 | 7.18 6.50 | 13.12 10.91 15.70 15.39 25.89 | 30.01 13.35
HMI10 [18] | 3.55 | 8.40 | 10.85 | 11.48 | 16.37 13.05 14.89 16.82 14.95 21.79 13.22
AZ08 [5] 271 | 653 | 7.23 5.96 11.03 12.54 13.93 14.17 21.48 30.50 12.61
ST14 [4] 1.74 | 6.12 | 6.51 6.12 8.78 10.60 10.09 13.63 13.93 25.44 10.30
DPSN [6] 2.02 | 6.54 | 7.05 6.31 7.86 12.68 11.28 15.51 8.01 16.86 9.41
PS-FCN [8] | 2.82 | 6.16 | 7.13 7.55 7.25 7.91 8.60 13.33 7.33 15.85 8.39
Ours 305 | 622 | 7.07 6.31 7.01 7.39 8.85 12.65 7.34 15.01 8.09

good performance on objects with complicated structures
and strongly non-Lambertian surfaces, such as “Reading”
and “Harvest”.

5. Conclusions

This paper proposes a deep learning method for photo-
metric stereo. The proposed method can take an arbitrary
number of images as input and regresses a fine surface
normal. We apply the ISOMap method for mapping the
combined high-dimensional features from the extractor net-
work to a low-dimensional manifold, rather than using the
max pooling fusion method. Experiments on a public bench-
mark show that our method outperforms existing approaches
on objects with complicated structures and strongly non-
Lambertian surfaces. We have further evaluated our method
on the utilization rate, by measuring how well our method
can extract useful information from input images, when the
number is increasing. Based on the experiment results, we
can conclude that our method can achieve state-of-the-art
performance, when the number of input images increases to
a certain level.
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