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Deep Learning-Based Lidar Inversion for Aerosol Extinction Profile
Using Large-Scale Synthetic Data
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Abstract Deriving aerosol extinction coefficient profiles from the Light Detection and Ranging (Lidar) observations has been
constrained in accuracy and generalization performance due to structural limitations in the initial assumptions of the lidar signal
equation. This study aimed to overcome these limitations by developing a deep learning-based inversion methodology com-
bining a large-scale synthetic dataset with a 1D-Convolutional Neural Networks (1D-CNN). A dataset of 10,000 synthetic
observations, encompassing diverse boundary layer and upper-level aerosol structures, was constructed for training and testing
the deep learning model. The deep learning model completed training for 200 epochs after optimizing the required hyper-
parameters through grid search. The optimized model achieved excellent performance across all altitudes, with train RMSE =
1.54%x 1073 km™" and validation RMSE =4.59 X 10~ km™". Analysis of altitude-specific means and standard deviations showed the
predicted profiles from the deep learning model closely overlapped with true values, with bias approaching zero. Furthermore,
comparing the proposed deep learning model’s performance against traditional Fernald’s and Klett’s inversion methods revealed
that the deep learning model consistently outperformed in both layer structure reproducibility and quantitative accuracy.
Therefore, this study demonstrates that the synthetic data-based deep learning inversion method can derive aerosol extinction
profiles from Lidar observations with higher accuracy than existing techniques.
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scattering coefficient)2} A~AFA|4= (extinction coeffi-
cient)& E2dlof 5lE 2, AEZAOZE Klett =
Fernald ¥ 2|&7} 22 422 A4 o4bgio] de]
AFEE] 0] 2Tt (Fernald, 1984; Klett, 1981; Fernald ef al.,
1972). 12y =2 A7 QAbE-E 2to|tt H] (lidar
ratio) 7|FENEO|A 0] 27] FoHAl T ofe S
= APl 7P sfioF sk, AA di7]9] Ale7t HEA
Z20] §rgskA £ A9 AlAFARl expph T
gtehs HAIZE A& H o) £k (Wandinger, 2005
Ansmann et al., 1992).
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ATE AFEShHs 2 B2 VI A8 A wdo
O)&35Hal Tt (Kaestner, 1986). 2o|cho] = Al
o 91 27) 13501 A 1l S
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o] ZHE AL 027} B3 Byl 7
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(Bockmann et al., 2004; Klett, 1981). TE§F 2fo|c} SAF
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H A E R AES|oF 5= A7 WS (Thorsen
and Fu, 2015). ©|¢} 22 B2 W& A= 0] &84
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<& SHol= H ol @910 g A8k whebA, 2
7] 7Pd%kel diet 9=t W ‘:} Fob = 70
A AP A5S Holw, 2AHEsE MEE ool2E
AHAS AHE 71l it @77 6] A7 =2
(Liang et al., 2022; Granados-Muiioz et al., 2019).
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Fig. 1. Block diagram of the deep learning model designed for estimating the aerosol extinction coefficient profile from Lidar

signal.
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Fig. 2. Architecture of the deep learning model with 6 convolutional layers for aerosol extinction profile estimation from the
Lidar receiving signals. The size of the input layer is n-heights units out of m-profiles.
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Fig. 3. Two representative aerosol extinction profiles (blue) and corresponding normalized lidar signals (green) randomly

selected from the synthetic dataset.
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Fig. 4. Vertical profiles of mean aerosol extinction coefficient (left) and normalized lidar backscattered signal (right) from syn-
thetic profiles, with + 10 shading indicating statistical variability across diverse boundary layer and free tropospheric aerosol
structures.
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Fig. 6. Training and validation loss curves of the optimized 1D-CNN model.
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Fig. 7. Test cases comparing 1D-CNN retrieved aerosol extinction profiles (red dashed lines) with the corresponding synthetic
ground-truth profiles (blue solid lines).
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Average Extinction Profiles (True vs Predicted)
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Fig. 8. Height-resolved comparison between true and 1D-CNN predicted aerosol extinction over the entire test dataset:
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profile of bias (predicted minus true) showing mean bias (solid line) and + 1 standard deviation (shade).
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Fig. 9. Case studies comparing extinction profiles from the DL model (red dashed), Fernald inversion (blue dotted), and Klett
inversion (orange dotted) against the truth profiles (black), with RMSE.
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