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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

Wefs B 81 :2025-01-22, f& ] H #A:2025-02-20 Received date:2025-01-22, Revised date : 2025-02-20

BEEWE FK ARPEIEEIUH (42301501) 5 [ IR GERER WCRHL Q1H A A 42 (B02202)

Foundation items: Supported by the National Natural Science Foundation of China (42301501) ; the High-Level Science and Technology Innovation
Talent Fund for Natural Resources(B02202)

{E & 18 v (Biography) : j5 JR4% (2001-) , I AR AR IR, {1 AT 58 4, 32 B 58 Ul o SO 78 SR B ab 31 L =2 RO AR B AR T . E-mail e
18754775103@163. com

" 1B {EH (Corresponding authors) : E-mail : yaojiaqi@tjnu. edu. cn;ligy@lasac. cn



2 AN/ RS9 S g o

XX &

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, leveraging the characteristics of the lidar data and deep learning attention

mechanisms. To validate the reliability of this framework, the research team conducted multiple ground-based synchro-

nous observation experiments to systematically evaluate its recognition accuracy. Finally, as a demonstrative applica-

tion, 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

remote sensing data processing and environmental monitoring applications.

Key words: Terrestrial Ecosystem Carbon Inventory Satellite, atmospheric Lidar, deep learning, attention mechanism
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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) 532 nm parallel channel high-gain mode data
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Fig. 4 Case analysis, hierarchical recognition results under
low signal-to-noise ratio: (al-3) ; cloud hierarchical recogni-
tion results 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 56 679 54248 37991
FN 85525 44 250 19 143
TP 7993 205 242610 15267
TN 264 591 8058892 8327599
Precision 98.41%
Recall 98.23%
F1 Score 98.31%
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Table 4 The inversion accuracy verification results of

aerosol characteristics data
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Fig. 5 Accuracy verification results: (a) verification results of aerosol optical depth and three Aeronet sites in Taiwan, China;

(b) verification results of extinction coefficient and HRSL
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Fig. 6 Analysis of typical long-distance regional transport events of sand and dust: (a) 48 h backward track simulation diagram

over Beijing at UTC 02: 00 on March 22nd, 2023; (bl.b2) CALIPSO backscattering coefficient and TECIS satellite monitoring

map of Mongolia from March 19th to 22nd; (c1.c2) backscattering coefficient and TECIS satellite monitoring map of Inner Mon-

golia from March 19th to 22nd; (d1.d2) CALIPSO backscattering coefficient and TECIS satellite monitoring map of Beijing, Tian-

jin and Hebei from March 20th to 23rd
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