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Quantitative analysis research of ChemCam-LIBS spectral

data of Curiosity rover

Zhang Pengfei, Zhou Ting, Xia Daohua, Zhang Li’

(Schoolof Mechanical Electrical and Information Engineering, Shandong University, Weihai 264209, China)

Abstract: The traditional partial least squares method and support vector machine regression method were often
difficult to obtain high accuracy and further optimization in predicting the element content of the ground standard
sample of the rover corresponding to the spectrum. To solve the above problems, the three-channel folding of
high-dimensional spectral information was carried out to eliminate its matrix effect in the research, and introduced
the Residual Network structure (ResNet), which was good in the field of computer vision, to extract the spectral
features and predict the corresponding principal component content. In this paper, the full connection layer in
ResNET network structure was removed to prevent the sudden increase of model parameters, and the last Softmax
classification sublayer of the network was changed into a linear rectification layer for prediction. At the same
time, exponential learning rate attenuation and Dropout mechanism were added to make the model prediction
results have higher accuracy and generalization ability. Compared with linear support vector machine regression

(LinearSVR) and depth separable convolution network Xception, the prediction root mean square error of each
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main element content of the model decreases by 30% and 17% on average, respectively. The experimental results

show that the regression model established by ResNet network shows good prediction characteristics when LIBS

technology is used for principal element quantitative analysis of ChemCam spectral data.

Key words: laser-induced breakdown spectroscopy;

quantitative analysis
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Fig.2 Abundance range of main components in the sample
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HAE— @ B s T 56 R RN 6 5 B 43 AT 1 5%
M P& 3 K i B = i & AT B s

Prediction
results of main
element
content

' ' ':Convolution

dimensional Three channel layer Flatten layer /

spectral data characteristic =Max- Fully connected
diagram pooling layer ylaycrs

[ 3 St —EE T I T BRI R B R

Fig.3 Schematic diagram of three channel folding and convolution operation of spectral data
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BRI M4 (Convolutional Neural Network, CNN)
T HE e A SO R R 4 R B O TR R R A A 3 A
1845 B 55 220 18 = 4E B0 B AR O TAE G A
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Fig.4 ResNet residual connection block
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3.2 ResNet152 [ %5
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Tab.1 Improved ResNetl152 network structure confi-

guration parameters for prediction

Layer name  Output size ResNet152 Feature maps
Convolution 112x112 77 conv, 64, stride2 64
Pooling 56x56 3 x 3 max pool, stride2 64
56%56 1 x1,64
Residul block(1) 3x3,64x%3 256
1x1,256
28x28 1x1,128
Residul block(2) 3x3,128x%8 512
1x1,512
14x14 1x1,256
Residul block(3) 3 x 3,256 %36 1024
1x1,1024
7x7 1x1,512
Residul block(4) 3x3,512x%3 2048
1 x1,2048
Linear layer 1x1 Linear

K 3R (Y ResNet-152 9 £ 25 44) >k #E 47 135 45
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Fig.5 Deep convolution of the whole after spatial convolution for each
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Tab.2 Comparison of RMSE and R* scores of element content prediction values

LinearSVR Xception ResNet152
Element RMSE R RMSE R RMSE R
SiO, 5.28 0.78 448 0.84 3.69 0.89
TiO, 0.62 0.39 0.51 0.57 0.59 0.42
Al)O, 3.77 0.52 3.68 0.54 3.36 0.62
FeOr 2.53 0.74 2.34 0.85 2.25 0.86
MgO 1.66 0.86 1.26 0.92 1.04 0.94
CaO 1.99 0.95 1.45 0.97 1.01 0.99
Na,O 0.68 0.75 0.63 0.81 0.61 0.83
K,0 0.74 0.76 0.46 091 0.43 0.95
Deviation between predicted value and real value Deviation between predicted value and real value
— 100 Foo e 4 P 1t dine
-g 90 + Linear SVR (RMSE=5.28, R*=0.78) f ; - % +  Linear SVR (RMSE=0.62, R*=0.39) -
g | % Xception (RMSE=4.48, R*=0.84) * g *  Xception (RMSE=0.51, R*=0.57) $ -
© 80 | A ResNetls2 (RMSE=3.69, R*=0.89) " © 3 F A ResNetl52 (RMSE=0.59, R=0.42) $ ,"'
= w | = x Pig
< 70t f 5 ‘o3 &
o o + ‘
= e 2t * A .- 3
= 60 L =1 L
8 2 ¥ 2 7 + .3
= = " * & + 1
E 50t 8.1 1 % - s § i
8 40 + P 8 + & | A
e} ; S 3 \ § ' z
3 30} i Bolk +
20t . o L
20 30 40 50 60 70 80 90 100 00 05 1.0 15 20 25 3.0 35 40
True value of element content True value of element content
(a) %‘Wﬁiﬂﬁ’] Si0, Fr & HiE (b) FFFISHLY TiO, & e FN{E
(a) SiO, predictions of each method (b) TiO, predictions of each method
Deviation between predicted value and real value Deviation between predicted value and real value
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