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Table 1 Working conditions of X-ray fluorescence spectrometer

TR Ir ek I3 BT A AR PRI A% CiNiS IR W 37
Element Line Crystal Detector Voltage/kV Current/mA Peak/(")
Si Ka PE 002 Flow 30 120 109.160
Al Ka PE 002 Flow 30 120 144.972
Fe Ka LiF 200 Duplex 60 60 57.531
Mg Ka PX 1 Flow 30 120 23.005
Ca Ka LiF 200 Flow 30 120 113.131
Na Ka PX 1 Flow 30 120 27.805
K Ka LiF 200 Flow 30 120 136.711
Mn Ka LiF 200 Duplex 60 60 63.000
Ti Ka LiF 200 Flow 40 90 86.182
P Ka Ge 111 Flow 30 120 141.046
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2.1

x2 BERARYPEEASRIESRRENEXE
Table 2 Correlation between contents of major components and LOI in marine sediments
B e 2 R %K Iy FE L MR A%
Component  Content range w/ % Correlation coefficient Component  Content range w/ % Correlation coefficient
Si0; 0.77~97.96 0.8262 Na; O 0.20~9.97 0.0003
Al O3 0.22~30.11 0.1531 K;0O 0.15~6.31 0.2878
Fe, O3 0.13~19.31 0.074 1 MnO 0.012~4.15 0.0001
MgO 0.16~9.23 0.0017 TiO 0.019~5.10 0.1195
CaO 0.19~54.08 0.8523 P, 05 0.018~30.14 0.006 3
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Fig. 1 Structure of GA-BP neural network
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Table 3 Precision of the method

VATt SV 4
. U T o
It Predicted Average %
em value w/ % w/% !

7.21, 7.15. 7.02, 6.97
ek 7.11 1.3
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Table 4 Prediction results of LOI in national

standard materials
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T/ % 9.82 21.61 7.35
Z%1H/ % 9.70 22.00 7.20
X IR 2/ % 1.2 —1.8 2.1
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Table 5 Prediction results of LOI in marine sediment samples

ek & LOI CJW-1  CJW-2  CJW-3 CJW-4 CJW-5 CJW-6 CJW-7 CJW-8 CJW-9 CJW-10 CJW-11
A / % 7.50 7.19 7.47 9.64 9.63 9.77 7.23 7.10 7.43 9.55 25.08
Z %8/ % 7.19 7.15 7.25 9.89 10.02 9.94 7.20 7.33 7.08 9.92 25.10
AHXT R 22/ % 4.3 0.6 3.0 —2.5 —3.9 —1.7 0.4 —3.0 4.9 —3.8 —0.1
Bt LOI CJW-12 CJW-13  CJW-14  CJW-15 CJW-16 CJW-17 CJW-18 CJW-19 CJW-20 CJW-21 CJW-22
T A& / %6 7.30 12.14 19.00 8.87 5.16 8.29 8.12 8.07 7.86 7.83 9.83
S0/ % 7.20 11.93 19.13 8.66 5.29 7.88 7.72 7.60 7.62 7.79 9.85
HXTR 2/ % 1.4 1.8 —0.7 2.3 —2.4 5.1 5.3 6.2 3.1 0.5 —0.2
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Application of BP neural network to the prediction of loss on
ignition in marine sediments based on genetic algorithm

LI Qiang,ZHANG Xue-hua
(Guangzhou Marine Geological Survey, Guangzhou 510760, China)

Abstract: Loss on ignition is an important index for the marine geological study. The determination of loss
on ignition by conventional method is time-consuming. Moreover, the requirements for analysis environ-
ment are relatively high. Based on the correlation between loss on ignition and the contents of SiO,,
Al, Oy, Fe, Oy, CaO, K,0O and TiO,, BP neural network model was introduced to predict the loss on igni-
tion using its nonlinear fitting ability. The loss on ignition and the contents of SiO,, AL, O;, Fe,O,, CaO,
K;O and TiO; in many ocean sediment samples were used as training pattern. The initial weights and bia-
ses of BP neural network were optimized by genetic algorithm. The experiments showed that the prediction
model of loss on ignition for ocean sediments could be successfully established based on genetic algorithm
(GA)-BP neural network. The loss on ignition of ocean sediments was predicted by GA-BP neural network
on the basis of analysis data using X-ray fluorescence spectrometry (XRF). The relative standard deviation
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(RSD) was 1.3%. The relative deviation absolute value of prediction values and reference values was in
range of 0.1%-6.2% for standard samples and actual samples of ocean sediment. The proposed study pro-
vided a new and effective route for the determination of loss on ignition.

Key words: genetic algorithm; neural network; marine sediment; loss on ignition; X-ray fluorescence spectrom-

etry
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