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Abstract  Laser-induced breakdown spectroscopy (LIBS) can potentially be employed for remote-sensing in situ
detection, which is a crucial technique for deep-space exploration for identifying the composition and content of material
elements. The exploration of element composition and mineral distribution characteristics on the surface of Mars is the
premise of studying the geological evolution and genesis of Mars. Before launching the Tianwen-1 mission, Mars-simulated
exploration experiments were conducted on 15 categories of mineral samples using the Mars surface composition detector
(MarSCoDe), and 1920 spectral datasets were collected. This study adopted an efficient classification model to verify the

detection performance of the instrument using the artificial fish swarm algorithm (AFSA)-optimized support vector machine
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(SVM) (AFSA-SVM), which classifies 32 minerals, including igneous and sedimentary rocks and metal minerals. First, the

principal component analysis (PCA) was adopted to reduce the dimension of the original spectral data, and the data was
trained in AFSA-SVM. Second, AFSA optimized the parameters of SVM and achieved 99.56% mineral recognition
accuracy. Finally, AFSA-SVM was compared with other algorithms, including the random forest (RF) algorithm,

backpropagation artificial neural network (BPANN), and K proximity (KNN) algorithm. Their accuracy values are 95. 60% ,
95.80%, and 90.17%, respectively. The results show that the AFSA-SVM algorithm has advantages in assisting LIBS in

identifying mineral targets.

Key words spectroscopy; laser-induced breakdown spectroscopy; artificial fish swarm algorithm; support vector machine;

rock identification; Mars surface composition detector
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Table 1 Sample number and categories of 32 national

standard rocks

Category .

D Category National standard ID  No.
1 Igneous rock-syenite GBWO03125 1
2 Igneous rock-basalt ~ GBWO07105(GSR-3) 2
3 Igneous rock-andesite  GBWO07104(GSR-2) 3
4 Igneous rock-pegmatite GBWO07125 4
5 Igneous rock-granite  GBWO07121(GSR-14) 5

GBWO07103(GSR-1) 6

6 Sedimentary-clay rock GBWO03121a 7
GBW03104 8

GBWO07107(GSR-5) 9

7 Sedimentary-chemical GBWO03107a 10
or biochemical rocks GBW03123 11
GBWO07127 12

8 Sedimentary-clastic GBWO07217a 13
rock GBWO03112 14
GBWO07162(GSR-4) 15

9 Mixed polymetallic GBWO07106(GSO-1) 16
ore GBWO07163(GS0O-2) 17
GBWO07164(GS0O-3) 18

GBWO07165(GSO-4) 19

GBWO07255(GAgl) 20

10 Silver ore GBWO07256(GAg2) 21
GBWO07257(GAg3) 22

GBWO07259(GAg5) 23

GBWO07260(GAg6) 24

11 Nickel ore GBWO07146 25
12 Lead ore GBWO07235 26

GBWO07236 27

13 Molybdenum stone GBWO07239 28

14 Antimony ore GBWO07280 29
GBW07242a(GAu-8a) 30
15 Gold ore GBWO07297a(GAu-19a) 31
GBWO07299a(GAU- 39
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