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Electric Field Level Prediction in a Nuclear Power Plant's Main Control Room
Using CNN Model
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Abstract

This study proposes a method for predicting the electric field strength in a nuclear power plant's main control room (MCR) using
convolutional neural networks (CNN). The CNN model learns the electric field distribution using data from the ray tracing (RT) simu-
lator or measurements and predicts the electric field strength for new conditions. The proposed method was validated by comparing
the predicted electric-field strength with the results of the RT simulator by changing the position of the transmitting antenna in the

MCR. The average errors were less than 5 %, confirming that the proposed method can effectively predict electric fields in environments
such as nuclear power plants.
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Fig 1. CNN model architecture.
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Table 1. Filter sizes and fully connected layer size.
Layer Number of filters Filter size Stride Padding Output size
Conv 2D 16 16x16 1x1 Same 108x90x16
Ist filter - -
Average pooling 2D - 2x2 2x2 Valid 54x45x16
Conv 2D 32 8x8 1x1 Same 54x45%32
2nd filter - -
Average pooling 2D - 2x2 1x1 Valid 53x44x32
Conv 2D 64 4x4 1x1 Same 53x44x64
3rd filter - .
Average pooling 2D - 2x2 2x2 Valid 26x22x64
Conv 2D 128 2x2 1x1 Same 26x22x128
4th filter - -
Average pooling 2D - 2x2 2x2 Valid 13x11x128
Flatten - - - - - 18,304
Dense - - - - - 9,720
% 2 ONN B shele ol 2 G PNBE SebeHE 4 AP 2HE
Table 2. CNN model parameter. Aol T3t
Parameter Value CNN st #4¢] 2= Ed(loss)e HasbetaL 4
Batch_size 16 g FIA7I= Aotk ofF S, B9 vetvlE
Activation ReLu £ st oS3 28k Alol9] eAbE ERIth &
Optimizer Adam 2184 (loss function)= S35 SA5t= Hl AFHEEH, 4
Learning_rate 0.001 A S B8l 7teAE ddlolEgtth
Epoch 200
. Whew = Wola — 7 \ u;L(w) (l)
Loss function Mean square error
Test/val ratio 75% | 25% 2 ()2 7FA ddolE A4S e, w,,,, © 8
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Fig. 2. Mean training and validation loss in k-fold cross-
validation.
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Fig. 5. CNN training and testing process.
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Table 3. Summary of simulation environment.

Category Detailed information

Input sample 90x180x100 (WxHxN)

Frequency band 24 GHz

Tx/Rx antenna Omnidirectional antenna

Matlab (used for data analysis and visualization)

Modeli tu] o
OCeing setip Python (libraries used: TensorFlow, Keras)

Graphic card: NVIDIA GeForce GTX 1650
CPU: 19-10900 @ 2.80 GHz
RAM: 32 GB

PC
environment

RT simulator Wireless insite

A A2 90x108x100 FENZ 10070 2] A Zo] AlF
"t AAE FZ29 s RT A Ed°)EEE Wireless
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O F&3t} Pythond HolE A9t 7Y 5S
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Table 4. Coordinates based on transmitter antenna location,
average NMSE rate.

Location (m) Average NMSE rate (%)
Case 1 2,2 1.0
Case 2 14, 2 2.7
Case 3 9,9 0.7
Case 4 8, 15 04
= Qv 912 e 71 SkFAIZ) HolE7F A of
akgo]l F ACE AddETh a&S Folil AHgst
A3E E¥ste YHOEE AFd g5 tolH A&
T2 sdAY, ONN #43t save S MAste] =4
st A gtol Mg fAHE A RS sevE g
A she Wlol stk

FSV(feature selective validation) &1 252 A7) 84
Hlolele] Hlwel 4SS S8l e SAA e i,
o] ¢uEFLE F HolE AE Alo]d] §AMIE F43)
=8 AFHE-E™, ADM(average difference measure), FDM
(feature difference measure), GDM(global difference mea-
sure) Al 7HA1 9] 2 A RS AHE-ste] FAMIS H7FEi

a8 8. FAIMEIY AR WSt whE 7 casedl £, A, 2
Fig. 8. Output, prediction, and error of each case according to the change in the position of the transmitting antenna.
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Table 5. FSV evaluation criteria.

FSV value GDM FSV criteria GDM score
GDM<0.1 Excellent 4,892
0.1<GDM<0.2 Very good 2,826
0.2<GDM<0.4 Good 1,670
0.4<GDM<0.8 Fair 242
0.8<GDM< 1.6 Poor 71
1.6<GDM Very poor 19
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