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Optimal Light Source Layout for Indoor Visible Light Channel Based on
Parallel Fully Connected Convolutional Neural Network Model
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Abstract  Indoor light-emitting diode (LED) light sources are with non-flat light intensity distribution, and the
conventional Lambert model fails to take indirect channels, noise and interference in the environment, obstruction, interior
borders, and irregular room layouts into account. To address these problems, this paper proposes an optimal light source
layout scheme based on a parallel fully connected convolutional neural network (PFCNN) model for indoor visible light
positioning (VLP). The datasets in the fingerprint database are constructed by collecting light source information, such as
the coordinates, power, and orientation angle of the light source, and the corresponding light intensity distribution on the
receiving plane. The parameter characterizing the flatness of light intensity distribution is measured by a Monte Carlo
method, and a fully connected neural network and a parallel fully connected neural network are utilized to build a visible
light channel model. A prediction model for light intensity flatness is then developed by the proposed PFCNN model, and
an optimal light source layout is achieved by the momentum particle swarm optimization K-Means+ + (Mot-PSO-K-
Means+ + ) algorithm. Simulation analysis shows that parallel fully connected neural networks improve accuracy by
5 mX5 mxX3 m indoor space, light intensity
flatness reaches 92.00% under the 4-LED layout, and light intensity ranges from 340 Ix to 440 Ix. Those under the 12-

84.69% compared with that of fully connected neural networks. In the

LED layout are, respectively, 92.00% and 980-1120 Ix. Therefore, the proposed scheme, with higher flatness and
applicability, can be applied to actual indoor VLP scenes, and it can provide theoretical support for in-depth research of
indoor VLP.
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Fig. 2 Reflection models. (a) Node reflection model; (b) traditional reflection model
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Fig. 3 Reflection node positions. (a) Reflection point positions; (b) calculation principle of reflection points
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Table 2 Hyper-parameters of fully connected neural network

Activation
Layer (type)  Output shape . Parameter No.
function
Dense None, 32 Sigmoid 416
Dense None, 64 tanh 2112
Dense None, 80 None 5200
Dense None, 121 None 9801
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Fig. 9 Loss value iteration curves. (a) Iteration curves of 4-LLED; (b) iteration curves of 12-LLED

52 HITeEBRMENKZFTESWN

% FH meshgrid 77 #3208 11X 11, i B n=11
£ 4 neural network A~ %% . HF I 47 1 42 W 45 FH )
AR L, BRI RROE S A5 B 4R B REAIL, d

2T W S H X I AT AR SR EATIRCE . DA
4-LED A Jay R ], loss {H R e 5 20 U35 A B 43 2% ok 5L
P . BEHCAN S 3 TR 19 45 44 1 S 43 1 neural network
B EE R o 7 2 B IR , B neural network {A 4 [H]

1306001-7



# 3  Ff47 neural network JZH S $

Table 3 Hyper-parameters of parallel neural network

Activation
Layer (type)  Output shape . Parameter No.
function
Dense None, 24 Sigmoid 312
Dense None, 57 tanh 1425
Dense None, 11 None 638
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Table 4 Hyper-parameters of convolution neural network

Layer (type) Output shape Activa'tion Parameter

function No.

Conv2D None, 7, 9, 32 tanh 160
MaxPooling2D  None, 3, 4, 32 None 0

Conv2D None, 2, 3, 64 Relu 8256
MaxPooling2D  None, 1, 1, 64 None 0

Dense None, 32 Softmax 2080
Dense None, 1 None 5
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Fig. 12 Loss value iteration curves. (a) Convolution neural network iteration curves; (b) PECNN iteration curves
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Initial population optimization. (a) Iteration curves of convolution neural network; (b) clustering centers of improved K-
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Optimal layouts of 4-LED based on variance parameters. (a) 4-LED optimal location; (b) intensity distribution of 4-LED;

(c) SNR of 4-LED
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