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Fig. 1 The proposed classification model for Mars analog terrain
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Table 2 Comparative experimental results
Method OA Kappa F1 Precision Recall Params/M FLOPs/M FPS

KNN 0.949 2 0.942 0 0.949 0 0.949 3 0.949 2 — — 119.82
Decision Tree 0.937 5 0.928 9 0.937 4 0.9374 0.9375 — — 134.57
VGG16 0.959 4 0.945 8 0.959 2 0.962 8 0.959 4 134.28 15 466.18 45.39
GLNET 0.853 1 0.804 2 0.850 5 0.857 4 0.853 1 269.57 92 800.46 25.18
LCNN-BFF 0.962 5 0.980 8 0.963 1 0.967 4 0.962 5 6.18 1 827.90 68.49
Swin-Transformer 0.990 6 0.987 5 0.990 6 0.990 8 0.990 6 86.75 15 168.81 31.12
Res2Net50 0.962 5 0.950 0 0.962 3 0.966 4 0.962 5 23.66 4303.81 28.52
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Method OA Kappa Fl1 Precision Recall Params/M FLOPs/M FPS
EMTCAL 0.984 3 0.9792 0.984 4 0.984 8 0.984 4 27.80 4233.92 47.02
Xception 0.978 1 0.970 8 0.9779 0.979 1 0.978 1 20.82 4597.28 43.20
ShuffleNet 0.956 3 0.9417 0.955 6 0.9571 0.956 2 1.29 154.70 76.82
MobileNet 0.946 9 0.929 2 0.946 2 0.949 7 0.946 9 3.22 587.89 161.92
Ours(LWNet) 0.978 1 0.970 8 0.978 1 0.979 0 09781 1.11 731.46 79.97
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Fig. 8 Classification confusion matrices of the various algorithms
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Table 3 Validation of the effectiveness of attention module
and distillation

D A OA Kappa Fl1 Precision Recall
—  — 09343 09125 09340  0.9401 0.934 4
N — 09500 09333 09493 0.9529  0.9500
— A 09625 09500 09622 09655 09624
R N 09781 09708 09781 09790  0.9781
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Table 4 Experimental determination of the optimal distillation
temperature (7)
T OA Kappa F1 Precision Recall
1 0.946 8 0.929 1 0.946 5 0.953 7 0.946 9
3 0.950 0 0.9333 0.949 1 0.954 1 0.950 0
5 0.9593 0.945 8 0.959 2 0.963 9 0.959 4
7 0.956 2 0.9417 0.9557 0.962 0 0.956 2
9 0.962 5 0.9500 0.962 9 0.966 7 0.962 5
11 0978 1 0.970 8 0978 1 0.979 0 0978 1
13 0.953 1 0.9375 09525 0.9597 0.953 1
15 0.9563 0.9417 0.9559 0.958 0 0.956 2
20 0.9469 0.9292 0.9459 0.948 6 0.946 9
50 0.9375 09125 0.934 1 0.9413 0.934 4
100 0.9250 0.900 0 09221 0.934 1 0.9250
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Table S Experimental determination of the optimal

loss weight (1)

A OA Kappa F1 Precision Recall
0.1 0.962 5 0.950 0 0.962 3 0.967 4 0.962 5
0.2 0.959 3 0.945 8 0.958 7 0.963 7 0.959 4
0.3 0.968 8 0.958 3 0.968 6 0.972 2 0.968 8
0.4 0.953 1 0.937 5 0.952 8 0.959 7 0.953 1
0.5 0.959 3 0.945 8 0.959 2 0.963 4 0.959 4
0.6 0.965 6 0.9542 0.965 1 0.967 2 0.965 6
0.7 0.953 1 0.937 5 0.952 6 0.958 6 0.953 1
0.8 0.946 8 0.9292 0.9459 0.949 7 0.946 9
0.9 0.956 3 0.9417 0.9557 0.962 0 0.956 2
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Lightweight Rapid Recognition and Classification for Mars Analog Terrain

LI Jianlong', ZHANG Lihua®’, HE Lili', LIU Xinxin', YANG Bin', ZHOU Jishi*’

(1. School of Electrical and Information Engineering, HuNan University, Changsha 410082, China;
2. Lunar Exploration and Space Engineering Center, China National Space Administration, Beijing 100190, China;
3. Deep Space Exploration Lab, Beijing100190, China)

Abstract: Recognition and classification of Mars analog terrain aim to simulate and study the Mars environment by analyzing
Mars analog terrain images, which holds significant research value for exploring scientific questions such as formation,
evolution, and potential habitability of Mars. In response to the challenge of balancing classification performance and model
lightweighting in current Mars terrain classification algorithms, a lightweight, rapid recognition and classification method for Mars
analog terrain is proposed (LWNet). This algorithm constructs a dual-branch teacher-student network, employs knowledge
distillation to reduce the number of parameters and computational load of the model, and integrates attention mechanism to enhance
the capability of terrain classification and recognition, achieving high accuracy and lightweight classification models. To verify the
classification performance of the proposed method, a dataset of Mars analog terrain on Earth was established, including four
typical Mars landforms: cliff, desert, channel, and yardang, with each type of terrain consisting of 800 images. The dataset was
employed to conduct rapid recognition and classification experiments with LWNet. The results indicate the overall accuracy reaches
97.81%, which only decreases by 1.25% compared with Swin-Transformer, while its Parameters and FLOPs are only 1.3% and
4.8% of Swin-Transformer, respectively. Experimental results verify the effectiveness and superiority of the LWNet.

Keywords: Mars analog terrain; lightweight; knowledge distillation; image classification

Highlights:

o A lightweight algorithm for rapid recognition and classification of Mars analog terrain was proposed, achieving lightweight

ensuring high accuracy of the model.

while

e The traditional channel-spatial attention module was improved by integrating local attention to enhance the recognition capability

of terrain category identification.
e A database was established for the analysis of Mars analog terrain, addressing the current gap.
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