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Highlights 
Machine learning, trained on Monte Carlo simulated lidar profiles, can accurately retrieve snow 
depth from ICESat-2 measurements, even when using only the near-surface portion of the snow 
backscatter signal. 

What are the main findings? 
• Neural networks trained on Monte Carlo simulated lidar profiles can accurately retrieve snow 

depth from ICESat-2 measurements. 
• Accurate snow depth retrieval is possible even when using only the near-surface portion of the 

snow backscatter signal, highlighting the robustness of machine learning methods for 
spaceborne lidar data.  

What is the implication of the main finding? 
• Machine learning based retrievals can enhance the efficiency and accuracy of snow monitoring 

from spaceborne lidar, enabling better characterization of snowpack and cryospheric processes 
• The approach reduces reliance on full-depth backscatter measurements, which can simplify 

future lidar mission designs and improve data usability in regions with limited signal 
penetration. 

Abstract 

Lidar measurements of green laser light traveling inside snow can be modeled using Monte Carlo 
simulations. These simulations generate databases that link snow properties (such as depth and 
scattering mean free path) with lidar backscatter vertical profile measurements. In this study, such 
simulated data is used to train neural networks that can be applied to ICESat-2 lidar measurements. 
The networks are trained with simulated backscatter profiles as inputs and snow properties as 
outputs. Our results demonstrate that machine learning methods can accurately retrieve snow 
properties from lidar measurements, even when using only the near-surface portion of the snow 
backscatter signal. 

Keywords: snow depth; Space Lidar; ICESat-2; Monte Carlo; neural networks  
 

1. Introduction 

Snowpack, the accumulation of snow on the ground, is crucial for water resources, ecosystem 
health, and recreational activities [1,2]. It acts as a natural reservoir, gradually releasing meltwater, 
which is vital for human consumption, agriculture, and hydropower generation [3]. In addition, 
snowpack plays a critical role in regulating climate, moderating soil temperature, and influencing 
wildfire risk [4–6]. 
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Measurements of snow depth and snow density are key to estimating the amount of snowpack. 
NASA Langley team has developed a method to estimate snow depth using lidar measurements from 
NASA's Ice, Cloud, and land Elevation Satellite-2 (ICESat-2) mission [7–9]. This method is based on 
analyzing the photon multiple scattering pathlength distribution within the snowpack, which is 
related to how far photons travel within the snow before being scattered back to the lidar. A key 
finding is that, at a conservative scattering wavelength, the average photon pathlength inside the 
snow is approximately twice the physical snow depth. The finding is derived from Monte Carlo 
simulations of light scattering by snow particles under a wide range of physical and optical 
conditions, including snow depth, snow density, volume-to-surface ratio (also called effective grain 
size), and single scattering asymmetry factor [7,8]. For space-based lidar (e.g., ICESat-2) 
measurements with the receiver footprint at least a few meters larger than the laser spot, the Monte 
Carlo simulation results suggest that: 
1. The photon multiple scattering pathlength distribution is primarily determined by snow depth 

and the effective scattering mean-free-path, <p>, which is a function of snow density, effective 
single scattering asymmetry factor, and snow particle volume-to-surface-area ratio (commonly 
referred to as “grain size”). 

2. The averaged pathlength of the photon multiple scattering pathlength distribution, <L>, equals 
twice the physical snow depth. 
Using the theory, snow depths can be derived from the satellite lidar measurements of the 

pathlength distributions of green laser photons scattering inside the snow (Figures 1 and 2) [7–9]. 
While the snow depths derived from ICESat-2 generally compare well against other measurements 
[9], there remains room for improvement because ICESat-2 was not specifically designed for 
optimized scattering pathlength measurements. This study therefore aims to: (1) develop a data 
analysis algorithm that can quickly produce accurate snow depths from imperfect measurements, 
and (2) explore approaches to make affordable and accurate snow depth measurements. 

 

Figure 1. blue-green sunlight bounces many times inside snow while light in other colors is reflected away or 
absorbed. 
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Figure 2. An example of the lidar signals from ICESat-2 measurements. 

2. Neural Network Algorithm  

First, this study introduces a machine learning algorithm designed to mitigate errors arising 
from two key measurement limitations. 
1. Transient response of ATLAS: ICESat-2's Advanced Topographic Laser Altimeter System 

(ATLAS) has a transient response that affects its signals. After receiving the primary signal, the 
lidar system can produce secondary signals (so-called "after-pulses") that appear as additional 
photons, potentially misrepresenting the surface return. Traditionally, a deconvolution process 
[10–12] is required to remove this effect and recover the true scattering pathlength distribution. 
However, this process can introduce errors, especially for noisy lidar profiles. 

2. Limited photon return data: ICESat-2 was primarily designed to measure the elevation of Earth’s 
surface [13]. Due to limited downlink bandwidth, the satellite only sends back the time-tags of 
the photons that are close to the surface and ignores the long tails of the multiple scattering 
pathlength distribution. Although those ignored tails can be approximated from near-surface 
signals, the extrapolation may introduce errors in the averaged photon pathlength estimates.  
This study addresses both issues using neural networks trained on dataset generated by Monte 

Carlo simulations of laser light propagation inside snow with varying snow properties (e.g., snow 
depths, snow grain size, snow density, and scattering phase functions). To replicate ICESat-2 
observations, the ATLAS detector’s transient response, estimated from ICESat-2 hard surface 
measurements [11], is applied to the simulated backscatter profiles. The algorithm retrieves snow 
depth and the effective scattering mean-free-path, p, directly from the near surface lidar 
measurements. Here, p is proportional to D / [3ρ(1 − g)]  [14,15]. D is snow grain size (effective 
diameter, which is proportional to the ratio of the total volume and the total surface area of all snow 
particles). ρ  is the normalized snow density (snow density divided by the density of ice, 0.917 
g/cm3). g is the effective asymmetry factor of snow particle single scattering phase function (typically 
0.75 - 0.9). In the microwave snow measurement community, the mean-free-path is also called 
“correlation length”. 

The procedures of algorithm development include: 
• Monte Carlo simulations: Simulate ICESat-2 laser light propagation inside snow for various snow 

depths and scattering mean-free-paths. 
• Signal generation: Model ICESat-2 lidar snow multiple scatter profiles using ICESat-2 lidar 

aperture size, receiver optical transmittance, detector quantum efficiency, instrument transient 
response, and various noises. 
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• Neural network training: Train the neural network using randomly selected samples of the snow 
depths and mean-free-paths (output of the neural network), and the corresponding lidar 
backscattering profiles from Monte Carlo simulation (input of the neural network). 

• Validation: Apply the trained network to the remaining Monte Carlo simulated lidar profiles and 
compare the retrieved snow depths and mean free paths with the true values used in the 
simulations. 

3. Evaluation of the Algorithm 

Light scattered within snow attenuates exponentially with distance, resulting in higher signal-
to-noise ratios (SNRs) near the snow surface (Figure 2). If snow properties can be derived from the 
intensity of the light that traveled a short distance below the surface (of which SNRs are high), the 
laser power, aperture size, and overall cost of a space-based snow lidar can be reduced. Our results 
indicate that snow depth and mean free path can be accurately estimated from lidar pathlength 
distributions corresponding to round trip distances of 12 m, 20 m and 30 m (equivalent to one-way 
distance of 6 m, 10 m, and 15 m) within the snowpack (Figures 3 and 4). 

 
(a) (b) 

Figure 3. Histograms of percentage error of the snow depths (a) and mean-free-path (b) with the neural network 
algorithms using lidar measurements of the first 15 m range bins (blue), first 10 m range bins (green) and 6 m 
range bins (yellow) below surface as input parameters. 

 

Figure 4. Snow depth error as a function of one-way distance used for the training. 

Experimentation also demonstrate that data from shallower snow can be extrapolated to data of 
deeper snow with some accuracy (consistently >90% of mean-free path data <2% error) (Figure 5). 
This finding is valuable because it indicates that the lidar does not need to collect extensive data to 
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retrieve snow depth accurately. However, the reverse is not true: data from deeper snow cannot train 
the model to test shallow snow accurately. 

 

Figure 5. Histogram of mean-free path accuracy from deeper data after shallower data training. 

We applied the neural network algorithms (using 6 m, 10 m, 15 m lidar backscatter profiles as 
inputs) to the ICESat-2 measurements. In most cases, the snow depths and mean-free-paths derived 
from the three algorithms (using 6 m, 10 m, 15 m lidar backscatter profiles as inputs) are nearly 
identical (Figures 3-5). Figure 6 shows the ICESat-2 lidar measurements of snow backscatter profile 
(red line), and the Monte Carlo simulated lidar signals using a snow depth of 0.33 m and a mean-
free-path of 0.28 cm. 

 

Figure 6. Snow backscatter profile from ICESat-2 data (red), and the snow backscatter profile from Monte Carlo 
simulations using the snow depth (33 cm) and mean-free-path (0.28 cm) derived from the machine learning 
algorithm as input parameters. 

4. Summary 

In this study, a machine learning algorithm is developed for deriving snow properties from 
ICESat-2 lidar measurements of multiple-scattered photon pathlength distributions within snow. The 
neural network was trained using Monte Carlo simulations of the lidar measurements of snow 
backscatter profiles for various snow depths and effective scattering mean-free-paths. When applied 
to ICESat-2 measurements using different vertical range bins (first 6 m, 10 m and 15 m), the snow 
depths and mean-free-paths derived from these neural network algorithms were consistent. Our 
results demonstrate that snow properties can be accurately estimated from satellite lidar data using 
backscatter from only the near-surface layers of the snowpack. 
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