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Convolutional neural network indoor visible light channel model
based on GAN fingerprint database

LU Yuxi, ZHANG Huiying" , LIANG Yu, WANG Kai
(College of Information and Control Engineering. Jilin Institute of Chemical Technology . Jilin, Jilin, 132022, Chi-

na)

Abstract : In order to solve the Lambert model is difficult to calculate the indoor visible light channel noise
and error problems,a neural network algorithm is proposed to realize the indoor visible light channel
model. Aiming at the problems of large amount of fingerprint database data,difficult collection and many
training parameters,which lead to slow iteration speed, the generative adversarial network (GAN) is
proposed to generate simulation data set and merge the original sparse fingerprint database to generate
the number of fingerprint database meeting the training requirements. A one-dimensional convolutional
neural network (CNN) is used to extract data features,reduce training parameters and improve iteration
speed. The sparse fingerprint database is collected in the indoor environment of 5 m><X5 m><3 m,and the
back propagation neural network (BPNN) and one-dimensional CNN indoor visible light channel model
are respectively used for comparison. The simulation results show that the average absolute error of
GAN is 0. 04,and the data volume is increased by 300%. Under the same fingerprint database,the error
of BPNN channel model is 3. 81,and the convergence is realized after 500 iterations. However, the error
of CNN channel model is 0. 79 .and the iteration converges are 100 times. The GAN fingerprint database
merged CNN visible light channel model proposed in this paper has the advantages of high precision,

small error,fast speed and strong generalization, which provides a new research scheme for indoor visible
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light channel model.
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Tab.1 Algorithm process of GAN sparse fingerprint database
Steps Process
S Set the LED at (0.5 m,0.5 m,3 m) with the orientation set to 0° and the power set to 5 W. Re-
Stepl
cord the power distribution matrix of the receiving surface.
Step2 Reduce the power value by 0. 5 W. Record the power distribution matrix of the receiving surface.
Step3 Repeat Step2 until LED power changes to 0 W,
Stepd Repeat Stepl through Step3,change the LED position until lamp source position (5 m,5 m,3 m)
cp is reached. The power tensor of the receiving surface is obtained.
=2 LEDEE-XESHHNRIRIELUE
Tab.2 Sparse fingerprint database of LED information-power distribution
LED ID LED information Power matrix
1 Light_in fo, Power_matrix,
Power_matrix,

2 Light _in fo,

1000 Light _info,

Power_matrix,
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Tab.3 Algorithm process of GAN

Steps Process

Stepl Sample noise as the Generator network inputs. The noise obeys normal distribution.

Step? The Generator network outputs is fake LED information and power matrix, it’s computed
b by hidden neuron ‘Weights” and ‘Bias’ ,activation function ‘Rel.U”, ‘Tanh’.

Step3 Mix the real sample and fake sample as the Discriminator network inputs.set a ‘truth ma-
! trix” with all elements are 1,set a ‘false matrix” with all elements are 0.

Stepd Compute the binary cross entropy of Discriminator network outputs and truth matrix, use
cp Adam algorithm update the neuron ‘Weights”’ and ‘Bias”.

Step5 Repeat Stepl to Step4 until the program loss function is below the threshold.

Step6 Generator network generates the simulation fingerprint database by random noise.
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Tab.4 GAN hyperparameter setting

Generator network hyperparameter
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