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Abstract: The Terrestrial Ecosystem Carbon Inventory Satellite (TECIS/CM-1) utilizes a combination of multi-beam li-
dar, multi-spectral cameras, and other passive and active sensors for synergistic observations, enabling high-resolution,
comprehensive, and three-dimensional atmospheric monitoring of clouds and aerosols. In recent years, traditional algo-

rithms have faced challenges in terms of vertical layer retrieval accuracy and robustness in complex environments with
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low signal-to-noise ratios, near-surface observations, and mixed multi-layer structures. To address these issues, this pa-
per proposes TECIS-CASNet, a generalized framework for atmospheric layer recognition and application, designed for
the novel multi-beam lidar on the TECIS satellite, leveraging the characteristics of the lidar data and deep learning atten-
tion mechanisms. To validate the reliability of this framework, the research team conducted multiple ground-based syn-
chronous observation experiments to systematically evaluate its recognition accuracy. Finally, as a demonstrative appli-
cation, the study focuses on a typical long-distance dust transport event in the Beijing-Tianjin-Hebei region of China,
showcasing the practical application value of the framework. The results indicate that the TECIS-CASNet framework
achieves high cloud-aerosol recognition accuracy, reaching 98.41%, and is capable of reducing misidentification and
missed detection in complex environments, including low signal-to-noise ratios, near-surface layers, and multi-layer
mixed structures. The absolute accuracy of aerosol optical depth retrieval is 0. 01, with an overall accuracy of 98%.
This paper, centered around the TECIS-CASNet framework, provides significant insights for lidar satellite atmospheric

XX &

remote sensing data processing and environmental monitoring applications.
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Introduction to terrestrial carbon monitoring satellites. (a) Schematic diagram of satellite observations; (b) Distribution of

satellite loads; (c) multi-beam liDAR camera optical axis structure; (d)532nm parallel channel high-gain mode data
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Table2 Main technical parameters of terrestrial ecosystem carbon monitoring satellite
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Fig. 4 Case analysis. Hierarchical recognition results under low signal-to-noise ratio: (al-3); Cloud hierarchical recognition re-

sults in different scenarios: (b1-3) high cloud, (c1-3) middle cloud, (d1-3) low cloud, (el-3) multi-layer cloud; Hierarchical

recognition results for cloud-aerosol mixtures in different scenarios: (f1-3)
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Table 3 Classification accuracy result

Metric Background Cloud Aerosol Overall
FP 56679 54248 37991
FN 85525 44250 19143
TP 7993205 242610 15267
TN 264591 8058892 8327599
Precision 98.41%
Recall 98.23%
F1Score 98.31%
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Table 4 The inversion accuracy verification results of aerosol characteristics data.

EY] i R AR ENTIERERE S Z%1{H ARG
Chen-Kung_Univ priy=t Mean AOD
. . 0. 14-0. 21
(22.993°N, 120. 209°E) 0. 160. 1 RMSE:0. 02
AERONET .
Kaohsiung 3 15, Mean AOD Bias:~0. 01
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(22.676°N,120.292°E) 0.16+0. 1
ZJU-HRSL Mean Extinction : +0. 03
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(30.2°N,120. 2°E) 0. 09km™ +25%
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Fig. 5 Accuracy verification results: (a) Aerosol Optical Depth and three Aeronet sites in Taiwan, China verification results; (b)

extinction coefficient and HRSL verification results
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Fig. 6 Analysis of typical long-distance regional transport events of sand and dust: (a) 48h backward track simulation diagram
over Beijing at UTC02: 00 on March 22, 2023; (b1,b2) CALIPSO backscattering coefficient and TECIS satellite monitoring map
of Mongolia from March 19 to 22; (cl1,¢2) Inner Mongolia after March 19-22 scattercoefficient and TECIS satellite monitoring
map; (dl,d2) CALIPSO backscattering coefficient and TECIS satellite monitoring map of Beijing, Tianjin and Hebei on March
20-23
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