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A B S T R A C T

For indoor scenes, the fourth-order spherical harmonic function is used to model the illumi-
nation, resulting in that 48 spherical harmonic coefficients are used to represent the whole
scene. The illumination contained in the low dynamic range image is insufficient, so high
dynamic range environment maps are adopted in this part, and the aim is to predict spherical
harmonic coefficients of the corresponding high dynamic range image from the low dynamic
range image. For this problem, the MSE loss function is used in this paper. Experiments verify
the effectiveness of our method. The final visual results show that our method can predict
accurate spherical harmonic coefficients, and the recovered luminance is realistic.

. Introduction

The illumination determines the appearance of indoor scenes, such as color, brightness, and shadows on the ground. The
llumination of indoor scenes has been widely used in many fields such as post-production of films, virtual military exercises,
raphic design, and video game design. All of these applications involve inserting virtual objects into physical scenarios. To realize
he realistic combinations of virtual objects and real scenes, illumination estimation becomes a critical work.

However, estimating the illumination from a single indoor image is difficult. In real scenes, the image formation process is
ffected by many factors, such as material properties, camera parameters, scene lighting, etc. In addition, multiple combinations of
hese factors will also have the same effect on the formation of the image, resulting in the uncertainty of the estimated illumination.

A simple and direct way to capture scene illumination is to place light probes such as mirror spheres and integrating spheres in
he scene. However, this approach is not feasible because most of the images we use were not taken with a light probe in such a
cene, and it is often impossible to place a probe in the scene.

Recently, deep learning has developed rapidly and successfully to solve many problems in computer vision. The application
f deep learning to illumination estimation has become a hot topic in the field of computer vision. Many studies have used deep
eural networks to estimate the illumination of a single indoor image [1,2], and achieved good results. However, how to obtain
igh quality and high precision illumination estimation from a single image is still a problem worth exploring.
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Compared with the outdoor scene, the indoor scene environment is more complex and more difficult to recover due to the
umber and types of light sources affecting objects in the indoor scene. Different from the method of outdoor illumination, this
aper adopts spherical harmonic function to solve the problem of indoor illumination. The spherical harmonic coefficient calculated
y this function can represent the illumination distribution in all directions in the scene. Thus, the illumination analysis of indoor
mages is transformed into the prediction of these coefficients.

The main contributions of this paper are as follows:

(1) We proposed a method to recover high dynamic range illumination from low dynamic range image.
(2) We build an indoor dataset with various illumination conditions.

The arrangement of this paper is as follows: Section 2 describes related work; Section 3 introduces the approach employed in
his paper; Section 4 shows the experiments; Section 5 summaries the conclusion and discussion.

. Related work

A lot of research work have explored this problem and many methods have been proposed.
The light probe is a simple and direct way to capture luminance. Some methods capture high dynamic range illumination of a

cene based on mirrored spheres and several photographs taken at different exposures.
Some methods rely on priors on scene geometry, illumination, and reflectance [3] to recover the illumination from an image.

owever, these priors apply only to specific scenes and cannot be used in other scenes, which limit the application of this method.
Based on the Preetham model, Hosek et al. [4] improved and put forward a sky brightness model, which can more accurately

epresents the sky brightness distribution than the Preetham model, and in the subsequent work, the model was extended to include
he solar radiation function [5].

Lalonde et al. [6] also extended the Preetham model. They added a new empirical solar model, which represented the outdoor
nvironmental light as the sum of the Preetham sky model and the solar model.

Some methods recover illumination parameters by using prior knowledge [7–11] about scene layout, reflectivity and scene
llumination, which is used to create optimization or Bayesian models. Since this prior knowledge applies only to specific scenes
nd cannot be applied to other scenes, the application of these methods in real scenes has great limitations.

Xing et al. [12] proposed a dynamic light estimation method based on online video sequence, which is suitable for outdoor
cenes with no shadow region and uneven sky brightness distribution.

Ma et al. [13] proposed a deep learning method to predict the sun’s orientation directly from a picture, which adopted Alexnet
etwork structure and compared the prediction results with different loss functions. The experimental results showed that the model
rained by cosine distance had the highest prediction accuracy.

Jin et al. [14] proposed that short-cuts structure was added to the deep neural network structure to realize the fusion of low-level
nd high-level features, enhancing the image features extracted by the network.

Hold-geoffroy et al. [15] proposed a method based on CNN to estimate the high dynamic range illumination information
orresponding to the low dynamic range image of a single outdoor. In this method, the physic-based Ho ek-Wilkie [4,5] sky model
s first applied to the sky region in the panorama to obtain solar orientation, atmospheric turbidity, camera parameters and other
ighting parameters. Then the deep neural network is trained using part of the images (training images) and acquired lighting
arameters (label data) from the panoramic image.

Yi et al. [16] proposed to recover scene illumination represented as an environment map from human faces in an image.
ighlights were extracted from faces by inputting a single image into the Highlight-Net. Then, this highlights were employed to
enerate an environment map.

Zhang et al. [17] proposed an end-to-end method for predicting illumination information in a high dynamic range from outdoor
anoramic images with low dynamic range. This method uses the operation of convolution and deconvolution to realize the inverse
onal mapping process from low dynamic range to high dynamic range [18]. To train the network, the author synthesizes a
arge number of images with high dynamic range and corresponds images with low dynamic range. Meanwhile, this dataset also
onvenience future research work.

Gardner et al. [1] proposed an indoor light analysis method based on deep learning. The method uses a light source first classifier
or light source location in low dynamic range images for automatic labeling, this tagging information as the tag data used for
raining a light source location prediction network, reuse after a small high dynamic range image to fine-tune trained network data
ets to realize the image intensity information of the forecast.

Weber et al. [2] proposed a method for recovering an environment map from a single object image. The method first trains a
epth encoder to learn how to represent the indoor lighting environment as a low-dimensional hidden vector, then trains a depth
eural network to learn the mapping relationship between the image of a single object and the hidden vector space, where the
eometry and reflectivity of the object in the image are known information. Finally, these hidden vectors generate the environment
ap representing the indoor lighting through the decoder.

Lan et al. [19] proposed a dual residual-path block (DRPB) that uses hierarchical features from the original low-resolution images.
i et al. [20] presented an innovative mobile learning platform QFK (quest for knowledge) , which follows the game-based learning
aradigm. Xu et al. [21] proposed a novel model called ternary adversarial networks with self-supervision (TANSS) in this paper,
o overcome the limitations of existing methods on this challenging task.

Lu et al. [22] plan to develop an intelligent learning model called Brain Intelligence (BI) that generates new ideas about events
ithout having experienced them by using artificial life with an imagined function. They will also conduct demonstrations of the
2
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Fig. 1. The method of indoor illumination analysis based on image.

3. Approach

Due to the more commonly used JPG, PNG images belong to low dynamic range images, they contain less information on
illumination. However, high dynamic range images such as HDR and ERX contain more illumination information. Therefore, in
this paper, the high dynamic range indoor environment map is mainly used, and the corresponding high dynamic range spherical
harmonic coefficient is predicted from the low dynamic range panoramic image. For this problem, the method proposed in this
paper is shown in Fig. 1.

3.1. Spherical harmonic illumination

The method of using the spherical harmonic function to represent the illumination is called spherical harmonic illumination. The
spherical harmonic illumination is a simplified representation of illumination, which uses a small number of coefficients to represent
the surrounding complex ambient light, and these coefficients are used to reconstruct the illumination environment when rendering.
It is a real-time rendering technology, which belongs to the category of precomputed radiative transfer (PRT). It is widely used in
the field of game graphics rendering, and is used to simulate complex scene lighting quickly and in real time. It can simulate not
only indoor scene lighting, but also outdoor scene lighting.

Most of the formulas involved in illumination calculation are complex spherical formulas. Because these formulas are tedious
and time-consuming to calculate, it is difficult to use them to calculate the illumination of a certain point in the space in real time.
To achieve real-time illumination computation and improve rendering speed, the spherical harmonic function is proposed to replace
the complex spherical function to simplify the computation.

The idea of fitting spherical function with spherical harmonic function is based on the Fourier transform in the field of
mathematics. This theory holds that for any function, it can be expressed as the sum of multiple trigonometric functions multiplied
by the coefficients:

𝑓 (𝑥) =
𝑛
∑

𝑖=1
𝑐𝑖 ∗ 𝑔𝑖 (𝑥)

where, 𝑐𝑖 is the coefficient, 𝑔𝑖 (𝑥) is a set of mutually orthogonal basis functions. Any complex function can be represented by any
combination of any number of basic functions. Therefore, a complex spherical function can also be expressed by a simple spherical
harmonic basic function and the corresponding coefficients. The basic function used in the spherical harmonic function is derived
from Legendre polynomials. The number of orthogonal basis functions in the polynomial is expressed by the number of orders. The
higher the order, the greater the number of basic functions, the better the fitting effect of the original function, and the higher the
illumination quality of the reconstruction, but the corresponding coefficients will also increase. In practice, only the first few orders
are used to construct the spherical harmonic function, while in this paper, 16 basis functions in the first four orders are used.

With the basic function, the conversion from spherical function to spherical harmonic function can be realized only by calculating
the corresponding coefficient. The calculation of the spherical harmonic coefficient is based on the idea of probability theory, that
is, the use of ‘‘finite’’ to estimate ‘‘infinite’’. When calculating the coefficient of a spherical harmonic basis function, it is necessary
to sample evenly on the sphere, the number of sampling points is determined by the specific situation, then calculate the spherical
function value and the spherical harmonic based on function value of each sampling point, respectively, and calculate the product
of the two, and finally calculate the sum of the results of all sampling points.

With the spherical harmonic coefficient, the reconstruction process of scene illumination is relatively simple. The illumination of
any position on the sphere can be obtained by multiplying and summing each spherical harmonic basis function and its corresponding
coefficients.
3
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Fig. 2. Network structure.

Table 1
A detailed description of the network structure.

Input 200 × 400 × 3 (200: height, 400: width)

1 conv: kernel = (3, 3) stride = 2 filter = 32 output: 100 × 200 × 32
2 conv: kernel = (3, 3) stride = 1 filter = 64 output: 98 × 198 × 64
3 conv: kernel = (3, 3) stride = 2 filter = 128 output: 49 × 99 × 128
4 conv: kernel = (3, 3) stride = 1 filter = 128 output: 47 × 97 × 128
5 conv: kernel = (3, 3) stride = 2 filter = 256 output: 24 × 49 × 256
6 conv: kernel = (3, 3) stride = 1 filter = 256 output: 22 × 47 × 256
7 conv: kernel = (3, 3) stride = 1 filter = 256 output: 20 × 45 × 256
8 conv: kernel = (3, 3) stride = 2 filter = 512 output: 10 × 23 × 512
9 conv: kernel = (3, 3) stride = 1 filter = 512 output: 8 × 21 × 512
10 conv: kernel = (3, 3) stride = 1 filter = 512 output: 8 × 21 × 512
11 conv: kernel = (3, 3) stride = 2 filter = 1024 output: 4 × 11 × 1024
12 conv: kernel = (3, 3) stride = 1 filter = 1024 output: 4 × 11 × 1024
13 conv: kernel = (1, 1) stride = 1 filter = 1 output: 4 × 11 × 1

14 fc: output:1024
15 16 (fc: output:3)

3.2. Dataset preparation

Since this part should predict the corresponding high-dynamic range illumination from the low-dynamic range indoor image,
this paper should use both low-dynamic range image and high-dynamic range images. Available in the field of computer vision.
However, the existing high dynamic range of the indoor environment map dataset is small and difficult to obtain, so this article
uses the images from multiple data sources, the first part of 130 images for download from the Internet, the second part is from
the HDRI [23] Haven dataset of 103 indoor pictures, the third part is the Laval [24] HDR dataset of 2331 indoor pictures, these
three parts constitute several 2564 data sets. To obtain the label data of these images, the fourth order spherical harmonic function
is used to calculate them, and 48 spherical harmonic coefficients are obtained for each image. Where, 3 indicates that the number
of channels in the RGB color space is 3.

In the training process of neural networks, the input image data are required to be of low dynamic range, so this study uses
some image software to convert all the 2564 environmental maps of high dynamic range into JPG images. All images were then
resized to 200*400 pixels. Finally, in this paper, it was randomly divided into training set, verification set and test set according to
the ratio of 8:1:1, and 2054 training set pictures, 255 verification set pictures and 255 test set pictures were finally obtained. Tag
data are also split into the same way.

3.3. Network architecture

The neural network structure used to predict the 48 spherical harmonic coefficients in this section is shown in Fig. 2, and its
detailed description is shown in Table 1. It uses a fully convolutional neural network structure, which is composed of only 13
convolutional layers used for extracting image features and 2 fully connected layers used for outputting results, but without max-
pooling layers. Due to the deeper number of network layers, it is easier to cause gradient dispersion problems during training. As
a result, network performance is degraded. To effectively alleviate this problem, and this article adds a short-cut structure to the
network. This structure contains 4 convolutional layers. Each layer has a larger convolution step for convolution operations on the
image. The convolution results of each layer are stitched in the channel direction with a certain layer in the main network. Because
the number of network layers in the short-cut structure is small and the convolution step is large, it can achieve high-level feature
extraction. The main network has many network layers and the convolution step is small so that it can achieve low-level features.
extract. Therefore, short-cut structure can better achieve the fusion of high-level and low-level features.

To obtain the tag of images, the network finally needs a total of 48 sphere harmonic coefficients, the number of 48 can be
divided into 16 groups. Each group contains three data, respectively, on the R, G, and B channel components. There is a certain
relationship with each other. Therefore, in the last layer of the network, 16 full connection layers of length 3 are adopted to output
all the coefficients in the form of grouping.

Also, the network needs to output 48 spherical harmonic coefficients, with a large number of coefficients, and these 48 numbers
can be divided into 16 groups, each group contains 3 data, which are, respectively, represented on the R channel, G channel, and
4
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Table 2
The quantitative experimental results.

Loss SH Environment map

Our method 0.1563 0.2344

Fig. 3. Render the resulting image.

B channel. The three components have a certain relationship with each other and affect each other. Therefore, this study uses 16
fully-connected layers of length 3 to output all the coefficients in packets at the last layer of the network. Except for the last two
layers, all convolutional layers are followed by a BatchNormation operation [25] and a Relu activation function.

3.4. Loss function

In this part, the loss function used to train the above-mentioned neural network structure is the mean square error (MSE) loss
function of 48 spherical harmonic coefficients.

Spherical harmonic loss is used to measure the numerical error between the predicted spherical harmonic coefficient and the
real value. Since the spherical harmonic coefficient of the first four orders is used in this paper, mean square error loss of spherical
harmonic coefficient of each order is defined as follows:

𝑙𝑜𝑠𝑠𝑆𝐻 = 1
16

𝑙−1
∑

𝑖=0

( 𝑁𝑖
∑

𝑗=0

(

1
3

3
∑

𝑘=0

(

𝑆𝐻 𝑖,𝑗,𝑘 − 𝑆𝐻 𝑖,𝑗,𝑘

)2
))

where, 𝑙 represents the order, in this paper, 𝑙 = 4, 𝑁𝑖 = 2× 𝑖+ 1, represents the number of groups of spherical harmonic coefficients
contained in the first order, 𝑘 represents the first component of each group of spherical harmonic coefficients, with a total of 3
values, respectively represent three channels in the RGB color space.

4. Experiments

For the loss function defined in this paper, and we first perform some preprocessing operation to the label data. Some parameters
are unevenly distributed, with large differences between values, and contain a few extreme data values. For example, values for
smaller data range between [0, 1], while values for larger data range between [40, 50]. If such original data are directly used for
network training, it will cause loss value to produce a large shock, so that the network is difficult to converge, and poor results will
finally be generated. To solve this problem, this study uses the mean value and variance of each parameter to normalize all data
into the distribution with mean value of 0 and variance of 1. First, a quantitative experiment is performed to verify the effectiveness
of our method. The experiment is mainly focused on the prediction error of spherical harmonic coefficients and the reconstruction
error of the original environment map. The experimental results are shown in Table 2. Then, a qualitative experiment is used to
show the rendering results and the reconstruction results, which are shown in Figs. 3 and 4.

It shows from Table 2 that our method can get to small error estimated value of spherical harmonic coefficients.
In Fig. 3, (A) is the original high dynamic range indoor environment map, (B) is an image of a certain field of view, (C) is the

rendering result of our method, (D) is the ground truth. It can be seen from Fig. 3 that the rendering result of our method is realistic
and close to the ground truth.

In Fig. 4, (A) is the original high dynamic range indoor environment map, (B) is the reconstructed environment map of our
method, (C) is the ground truth. It can be seen from Fig. 4 that the reconstructed result of our method is realistic and close to the
ground truth.
5
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Fig. 4. Reconstruction of two different loss functions.

5. Conclusion and discussion

For more complex indoor ambient lighting, we use the 48 spherical harmonic coefficients generated by the sampling of the 4th
order spherical harmonic function to simplify their representation. Therefore, the original illumination analysis problem of indoor
images is simplified to the prediction problem of spherical harmonic coefficients. Simultaneously, to obtain an increasing amount
of accurate illumination information from the image, we adopt the high dynamic range indoor environment map. The spherical
harmonic coefficient label information corresponding to these high dynamic range environment maps is first generated. Then, these
images are converted from high dynamic range to low dynamic range by using image tools. Finally, the corresponding illumination
information of high dynamic range is predicted from these low dynamic range images. A series of experiments verify our method
from both quantitative and qualitative aspects.

For the problem of indoor illumination analysis based on image, the spherical harmonic function is used to simplify the
representation of illumination. However, the restoration result of this method is relatively rough, which can only reconstruct the
low-frequency signal, and the high-frequency information is lost a lot, which limits the generation of partial illumination effect,
such as object shadow projection. To better capture the high-frequency signal, the wavelet function or other basis functions can be
used to simulate illumination in the future.
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