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8  Abstract. Quantifying spatial distribution of the snowpack is crucial for hydrological, ecological, and climate
research, as well as their applications. Due to the high spatial resolution and extensive coverage, Airborne

10  Light Detection and Ranging (LiDAR) has emerged as an effective tool for large-scale snow depth estimation.
11 However, discrepancies between LiDAR-derived and manually measured snow depth values exist across areas
12 influenced by topographical and vegetation characteristics such as canopy height, slope, and roughness. This
13 study aims to 1) evaluate the performance of the airborne LiDAR snow depth measurements compared to
14  magnaprobe in-situ data and 2) identify key factors affecting the accuracy of airborne LiDAR snow depth
15  measurements focusing on the boreal forest environment. We utilize airborne LiDAR data and ground-based
16  snow depth observations collected in the Fairbanks region of central Alaska during NASA SnowEx 2023
17  Alaska Campaign. The study focuses on three subregions: Bonanza Creek Experimental Forest (BCEF),
18  Farmers Loop Creamers Field (FLCF), and Caribou-Poker Creeks Research Watershed (CPCRW). The results
19 showed that the LIDAR snow depth data has a reasonable agreement with in-situ observations (R: 0.605, Mean
20  Absolute Error: 18.8 cm) but exhibits varying levels of errors across the three subregions. By applying
21  regression analysis and machine learning, we quantify the contribution of individual factors to measurement
22 discrepancies and determine which factors are most influential. We employed Gradient Boosting Machine
23 (GBM) model using five LIDAR-derived environmental variables—canopy height, elevation, slope,
24 roughness, and ground point density—as predictors of relative error. Across all subregions and models, canopy
25  height consistently emerged as the most important factor of LIDAR snow depth error.
26
27  Keywords: Snow depth, Airborne LiDAR, Remote sensing, NASA SnowEx
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28 1. Introduction

29  Snow plays a critical role in global hydrological and ecological processes. It provides a crucial source of water
30  for streamflow and reservoirs and controls the land-atmosphere energy fluxes (Li et al., 2017; Siirila-

31  Woodburn et al., 2021; Sturm et al., 2017). Seasonal snowpack acts as a natural aquifer, releasing water during
32 the snowmelt season and influencing global climate by its high albedo and insulating effect on the ground (Xu
33 & Dirmeyer, 2013; Blau et al., 2024). In snow-dominant watersheds, a substantial portion of annual

34  streamflow comes from snowmelt — up to 75% in some Western North American basins — underscoring the

35  importance of accurately measuring snow volume (Stewart et al., 2004; Fritze et al., 2011). Beyond total snow
36  water storage, the spatial distribution of snow depth is also critical; heterogeneous snow cover (patchy or

37  nonuniform snowpacks) strongly controls melt patterns, soil freeze/thaw dynamics, and ecological processes at
38  the landscape scale (Lundquist & Dettinger, 2005). For instance, variations in terrain and vegetation can lead
39  to preferential snow accumulation in certain areas and early melt in others, affecting streamflow timing and

40 habitat conditions (Varhola et al., 2010; Guan et al., 2023).

41  However, measuring snow depth distribution across large and remote areas is challenging. In situ methods

42 (e.g., snow probes and snow courses) provide accurate point measurements but are labor-intensive and cover
43 limited spatial extents (Sturm et al., 2015). Remote sensing enables mapping snow depth across broad areas,
44 but traditional satellite-based techniques (such as passive microwave) have had limited success in measuring
45 snow depth at fine spatial scales, especially under forest canopies (Stillinger et al., 2023; Luo et al., 2022;

46  Rittger et al., 2020; Demil et al., 2025). Forested environments pose particular difficulties: tree canopies

47  intercept a significant portion of snowfall (30-80% in dense conifer forests) before it reaches the ground, and
48 they obscure the snow from many sensors (Lumbrazo et al., 2022). Consequently, snow depths in forests tend
49  to be shallower and more spatially variable compared to open areas (Dharmadasa et al., 2024). Ground-based
50  and even spaceborne sensors often cannot “see” the snow under trees, leading to data gaps or biases in forested
51  regions (Demil et al., 2025).

52 Airborne LiDAR (Light Detection and Ranging) has emerged as a promising solution for high-resolution snow
53 depth mapping in complex terrains, including forests. LIDAR actively emits laser pulses and measures their
54  returns, capable of penetrating gaps in canopy to reach the snow surface or ground (Painter et al., 2016;

55 Mazzotti et al., 2019; Deschamps-Berger et al., 2020; Currier et al., 2019, Deems et al., 2013). Modern

56  airborne LiDAR systems can achieve vertical accuracies on the order of decimeters and point densities of order
57 1 point/m? or greater, making it possible to detect snow depth by comparing snow-on and snow-off surface

58  elevations. Notably, LIDAR in near-infrared wavelengths can even map sub-canopy topography to some

59  extent, which is a major advantage over passive optical methods (Clark & Clark, 2004). Over the past decade,
60  numerous studies have demonstrated LiIDAR’s utility for snow depth estimation. For example, Deems et al

61  (2013) provided an extensive review of LIDAR snow measurement, noting typical airborne LiDAR vertical

62  uncertainties of ~0.10-0.25 m in open areas and the ability to capture snow depth spatial variability that is

63  unattainable with traditional methods. In addition to traditional airborne platforms, recent advances have
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64  enabled the use of Unpiloted Aerial Systems (UAS), or drone-based LiDAR, for snow depth mapping. These
65  systems offer finer spatial resolution and greater flexibility for surveying small or difficult-to-access regions,
66  making them increasingly popular for snow research in forested environments. More recent work with UAS
67  LiDAR in New Hampshire showed that high-density LiDAR point clouds could measure a shallow 10 cm

68  snowpack with ~1 c¢cm error in open fields, though errors increased to ~10 cm under forest canopy (Jacobs et
69  al, 2021). This highlights that while LiIDAR substantially improves snow mapping, its accuracy can degrade in
70  the presence of dense vegetation, where fewer laser pulses reach the ground and the snow surface itself may be
71  harder to discern (Dharmadasa et al., 2022).

72 The influence of vegetation on LiDAR snow depth accuracy is a key concern in boreal forest environments

73  (May et al., 2025). Tall canopy and complex understory can cause LiDAR to underestimate snow depth

74  Dbecause some fraction of laser pulses are intercepted by branches or attenuated, resulting in fewer ground

75  returns. The presence of snow on tree branches can also confuse the classification of returns (e.g., a LIDAR

76  return from snow-covered downed logs might be mistakenly taken as the ground). Terrain characteristics

77  further complicate measurements: on steep slopes, horizontal displacement of returns and pulse footprint

78  enlargement can introduce elevation errors, and rough terrain or boulders can create uncertainty when

79  differentiating snow surface changes (Jacobs et al., 2021). Indeed, prior studies have suggested a range of

80  physical factors that affect snow depth distribution and measurement. For instance, variability in snow depth
81  has been linked to topographic features (elevation, slope, aspect, terrain roughness) and vegetation structure
82 (Hojatimalekshah et al., 2021; 2023, Meri0 et al., 2023). In relatively open environments, elevation and wind
83  redistribution lead to deeper snow at higher elevations or in lee aspects, whereas forests reduce snow

84  accumulation via canopy interception and sublimation losses (Gustafson et al., 2010; Dadic et al., 2010). These
85 same factors likely influence the agreement between LiDAR and ground measurements: where snow is very
86  shallow (e.g., under dense canopy or on windswept ridges), even small absolute errors can be a large relative
87  fraction, and where terrain is steep or highly irregular, co-registration errors can occur.

88  Despite the recognized potential of airborne LiDAR, there is a need for systematic assessment of its accuracy
89  in forested regions and an understanding of what conditions lead to larger errors. While airborne LiDAR has
90  been widely tested in alpine or temperate forest environments, relatively few studies have focused on boreal
91  forests, which are characterized by cold climates, discontinuous permafrost, and dense conifer canopies. These
92  unique features strongly influence both snow accumulation and LiDAR performance, making boreal forests a
93  distinct and understudied environment in snow remote sensing (NASA, 2018). The NASA SnowEx 2023

94  campaign in Alaska provides an ideal opportunity to evaluate LIDAR snow depth retrievals in a boreal forest
95 setting across varying conditions. By combining airborne LiDAR data with an extensive set of ground truth
96  measurements and environmental variables, we can quantify how well LIDAR performs and what drives any
97  discrepancies.

98 In this study, we address the following questions: (1) How well do airborne LiDAR-derived snow depths

99  correspond to in-situ snow depth observations across boreal forest sites? (2) What are the main environmental
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100  factors that affect the magnitude of LIiDAR snow depth measurement error in these forested environments? (3)
101  Are these factors consistent across different forest sites, or do certain locations exhibit unique influences?

102  To answer these, we evaluate LIDAR snow depth accuracy at three sites in interior Alaska, and we use

103 statistical and machine learning approaches to determine the contribution of canopy, terrain, and LiDAR

104  sampling characteristics to the observed errors. By identifying the dominant drivers of error, our goal is to

105  improve the use of LIDAR for snow monitoring in forests. This work will help inform best practices for future
106  LiDAR-based snow surveys and guide interpretation of SnowEx data for hydrological modeling and remote
107  sensing product development.

108

109 2. Study Area

110  The study was conducted in the boreal forest region of interior Alaska, near Fairbanks, as part of the NASA
111 SnowEx 2023 Alaska campaign. Three primary subregions were selected for intensive observations (Figure 1):
112 (1) Bonanza Creek Experimental Forest (BCEF), (2) Farmers Loop/Creamer’s Field (FLCF), and (3) Caribou-
113 Poker Creek Research Watershed (CPCRW). These sites are all within the discontinuous permafrost zone of

114  central Alaska and encompass a range of forest and terrain conditions typical of the boreal ecosystem.

(a) Interior Alaska Boreal Forest Study Areas (b) Bonanza Creek Experimental Forest (BCEF) (m)
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116  Figure 1. Map of the Fairbanks, Alaska study areas. The panels show the three study sites: (a) Interior Alaska Boreal
117 Forest Study Areas, (b) Bonanza Creek Experimental Forest (BCEF), (c) Caribou-Poker Creek Research Watershed
118 (CPCRW), and (d) Farmers Loop and Creamer's Field (FLCF). The white boxes in each panel indicate the zoomed-

119 in regions shown in Figure 2 for detailed analysis of environmental variables
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120  BCEF is located ~20 km southwest of Fairbanks and includes both lowland floodplain forests and upland

121 rolling hills within the Tanana River valley. Vegetation at BCEF is dominated by mature spruce and birch

122 forest in the uplands and mixed hardwood-conifer stands in lowlands; the area includes some experimental
123 plots managed by the Bonanza Creek Long Term Ecological Research program. The terrain at BCEF is gently
124 to moderately sloping (elevations ~130-300 m ASL) with patches of permafrost and seasonal wetlands.

125  CPCRW is a 104 km? research watershed northeast of Fairbanks in the Caribou-Poker Creeks area, featuring
126  more complex topography and higher elevation forests. Elevations in CPCRW range from ~200 m in valley
127  bottoms to over 700 m on ridges. The vegetation is typical interior Alaska boreal forest: black and white

128  spruce, as well as deciduous aspen and birch in warmer aspects, with tree density varying from dense valley
129  forests to more sparse stands near treeline. CPCRW contains steep slopes, incised valleys, and a mosaic of
130  permafrost conditions, making it a challenging but representative site for studying snow in forested terrain.
131  FLCEF refers to adjacent wildlife refuge area and research site within Fairbanks (Creamer’s Field and Farmers
132 Loop, respectively), characterized by a mix of open fields, secondary-growth boreal forest, and wetlands. The
133  FLCF area is relatively flat (130-180 m ASL) and includes open meadow/pasture areas (e.g., Creamer’s Field
134  waterfowl refuge) adjacent to birch-spruce woodlands; it represents a more open forest environment within the
135  discontinuous permafrost zone. The regional climate of interior Alaska is subarctic continental, with cold,
136  relatively dry winters. Fairbanks experiences mean January temperatures around —20 °C and an average winter
137  (October—April) snowfall on the order of 150-200 cm, although snow depth on the ground by late winter is
138  typically 50-80 cm due to mid-winter sublimation and settling. The winter of 2022-2023 (during SnowEx)
139  featured typical conditions with sustained snow cover from October through April. In forested areas, snow
140  depths tend to be lower under canopy than in open areas due to interception; field observations in the region
141  have shown significant differences in snow depth between forested and open areas in Interior Alaska (May et
142 al., 2025), although the specific range of snow depth variability may vary regionally and interannually. This
143 range of conditions across the three study sites provides a robust testbed for airborne LiDAR snow depth

144  estimation: BCEF and CPCRW include dense canopy and sloping terrain, whereas parts of FLCF offer open,
145  flat reference areas.

146

147 3. Datasets and Methods

148 3.1 Airborne LiDAR

149  Airborne LiDAR surveys were conducted as part of SnowEx 2023 to capture the terrain and snow surface at
150  each site. The LiDAR system was flown on a fixed-wing aircraft (a Cessna T206) equipped with a Riegl VQ-
151 580ii airborne laser scanner. This sensor operates at a near-infrared wavelength of 1064 nm and is capable of
152 detecting multiple returns per pulse. Key sensor specifications include a scanning field of view of £37.5° off-
153  nadir (75° total sweep) and an inertial navigation system (INS) Applanix POS AV system for precise

154  positioning and orientation. The LIDAR system was flown at approximately 700 m above ground level, at an

155  airspeed of ~200 km/h (110 knots) over the study areas. Flight lines were planned to ensure high overlap
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156  (>50% side lap between adjacent swaths) and to cover each site completely. At 700 m AGL with 75° FOV,

157  each flight swath covered roughly ~1 km width on the ground. Adjacent flight lines were spaced to provide
158  overlapping coverage, effectively increasing total point density and reducing the likelihood of data gaps

159  beneath tree canopies (Vuyovich et al., 2022). Two LiDAR acquisitions were used: a snow-off flight conducted
160  in May 2022 (bare ground baseline) and a snow-on flight on 11 March 2023 (late winter, peak snowpack).

161  Both flights covered all three study areas (BCEF, FLCF, and CPCRW) under clear conditions. The May snow-
162  off LIDAR captured the bare-earth topography and vegetation structure, while the March flight captured the
163 snow-covered surface. The LiDAR data were processed to produce point clouds and gridded digital elevation
164  models (DEMs) (Larsen 2024a). The point cloud density for a single pass was on the order of ~10 points/m? on
165  average. Thanks to overlapping flight lines, the effective point density at most locations exceeded 20

166  points/m? This high density improves the chances of penetrating to the ground in forested areas by providing
167  multiple viewing angles. The raw point clouds were classified into ground and non-ground returns using

168  standard LiDAR processing algorithms (e.g., iterative filtering) to separate the terrain surface from vegetation
169  and other returns.

170  From the classified point clouds, terrain models and snow surface models were derived (Larsen 2024b). The
171  snow-off (May) ground returns were interpolated to create a high-resolution digital terrain model (DTM)

172 representing the bare earth elevation (and also canopy height models by difference from first returns). The

173 snow-on (March) point cloud was processed to obtain the elevations of the snow surface. In open areas, snow-
174  on ground returns directly reflect the snow surface. Under canopy, fewer ground returns are typically recorded;
175  inthese areas, any last-return points that likely correspond to the snow surface or ground were used,

176  supplemented by interpolation from surrounding returns. The end product for each site was a snow depth raster
177  at 0.5 mresolution (chosen to balance detail and noise) calculated as the difference between the snow-on

178  surface and the snow-off ground surface at each grid cell. This LIDAR-derived snow depth map is essentially a
179  spatial differencing of the two LIDAR DEMs. Areas with no valid returns in March (e.g., extremely dense

180  canopy with no ground or snow returns) were masked out or filled using nearest-neighbor extrapolation from
181  adjacent areas where data existed. (NASA, 2025)

182

183 3.2 Ground-based Snow Depth Measurements

184  Extensive in-situ snow depth measurements were collected to validate and evaluate snow remote sensing

185  datasets. NASA SnowEx23 field teams visited each study area around the time of the late winter LIDAR flight
186  (early to mid March 2023) and measured snow depth using manual probes. Within each site, multiple plots and
187  transects were established to capture local variability. Measurement locations were recorded with manual

188  probe GPS units. In total, 13 individual study plots, N = 1,045 snow depth measurements, were used in this
189  analysis (this is the combined number of points across the 13 study plots at all three sites on March 11, 2023).
190  Care was taken to sample a range of conditions: beneath different canopy densities (open vs under tree

191  canopy), different slope positions (ridge, mid-slope, valley), and varying aspects. At each location, depth was
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192  measured by pushing a snow probe to the ground (or top of vegetation if vegetation protruded through snow, in
193  which case those points were noted). The measurement uncertainty for manual probe readings on level ground
194 s on the order of £12 cm (Stuefer et al., 2025). Under uneven forest-floor conditions, additional uncertainty of
195  afew centimeters may occur when the exact ground surface is difficult to identify. These in-situ measurements
196  serve as ground truth to compare against LiDAR-derived snow depths extracted at the corresponding locations.
197  To compare with LiDAR, the coordinates of each ground measurement were used to sample the LIDAR snow
198  depth map. Each ground measurement thus has a corresponding LiDAR-estimated depth value. We then

199  calculated error statistics per point:

200 Relative error = (LiDAR snow depth — in_situ snow depth) / in_situ snow depth eq. (1)
201  ateach location. A positive error indicates LIDAR overestimated depth, and negative indicates

202  underestimation.

203

204 3.3 Physical Variables
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206  Figure 2. Canopy Height, Elevation, Slope, and Aspect over study regions. Environmental variables were derived from

207  NASA SnowEx23 airborne LiDAR datasets and associated products. Canopy height was calculated by differencing
208 the DSM and DTM. Elevation, slope, and aspect were extracted from the SnowEx-derived DTM. The maps correspond
209 to the study regions BCEF, FLCF, and CPCRW, all located near Fairbanks, Alaska. Red dots indicate the locations of
210  manual snow depth measurement sub-regions within each study site.

211

212 In order to investigate factors influencing the LiDAR errors, we derived a set of environmental predictor
213 variables at each measurement location. Five variables were considered, all obtained or derived from the

214  LiDAR datasets and associated products:
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215  3.3.1 Canopy Height

216  The height of the vegetation canopy above the ground (Larsen 2024b). This was derived from the snow-off
217 LiDAR by computing the difference between first-return DSM (digital surface model) and the DTM. Canopy
218  height is a proxy for vegetation density and structure — taller (and typically denser) canopy was expected to
219  reduce LiDAR penetration and hence potentially increase snow depth misestimation.

220  3.3.2 Elevation

221 The ground elevation (Larsen 2024a) at the point. This captures large-scale topographic position. Elevation can
222 correlate with snow climate (higher elevations might have more snow accumulation) and with certain errors if
223 there were any biases in LIDAR or GPS with altitude, although here it mainly serves to distinguish the sites
224  and internal variability (CPCRW spans a larger elevation range than FLCF, for example).

225  3.3.3 Slope

226  The local terrain slope (in degrees), derived from the digital terrain model (DTM) using a 3%3 pixel moving
227  window (~1.5 m x 1.5 m). Steeper slopes may introduce greater LiDAR elevation error due to the geometry of
228  pulse returns and also often have thinner snow cover due to preferential snow shedding and wind effects. We

229  hypothesized that LIDAR snow depth error magnitude might increase on steeper slopes.

230  Slope = arctan ( (:—JZ()Z + (:—;)2) eq. (2)
231  3.3.4 Roughness

232 A measure of micro-topography or surface irregularity. We quantified roughness as the standard deviation of
233 elevation within a 3x3 pixel moving window (~1.5 m x 1.5 m area) around each point (using the DTM).

234 Higher values indicate very uneven ground (e.g., boulders, shrubs, hummocks) whereas low values indicate
235 smooth ground. Rough terrain could affect snow depth retrieval because if the ground is uneven, small

236  misalignments in snow-on vs snow-off surfaces can produce spurious snow depth differences. Also, roughness

237  can correspond to certain vegetation undergrowth or ground cover that might influence snow accumulation.

238  Roughness = ’ﬁZ}Ll(zi —2)? eq. (3)

239  3.3.5 Ground Point Density

240  The density of LIDAR ground returns in the snow-on dataset at each location (points per square meter). This
241  was calculated by counting the number of points classified as ground in the snow-on LiDAR within a 0.5 m
242 radius of the point, and dividing by area to get density. This variable directly indicates the amount of LiDAR
243  penetration through canopy: a low ground return density under a thick canopy means the LiDAR had difficulty
244 reaching the ground. We expect that lower point density (i.e., sparse returns) could be associated with larger
245  errors, as the interpolation of snow surface might be less certain in those areas. In contrast, areas with very

246  high ground return density (e.g., open fields) likely have very accurate LIDAR snow depth measurements.
247
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248 3.4 Accuracy Assessment

249  We first assessed the overall accuracy of the LIDAR snow depth estimates by comparing them directly with the
250 in-situ measurements. We computed summary statistics including the mean error (bias), mean absolute

251  difference (MAD), root mean square error (RMSE), and the Pearson correlation coefficient (R) between

252  LiDAR-derived and measured depths. These metrics were computed for the pooled dataset of all sites

253  combined, as well as separately for each of the three study sites to see if accuracy differed by location. A one-
254 to-one scatter plot of LIDAR vs. in-situ depth was used to visualize the agreement and any systematic bias. We
255  also tested the correlation between error magnitude and each predictor variable individually (e.g., using

256  Pearson correlation) as an initial check.

257

258 3.5 Variable Importance

259  To address the second objective (identifying key factors driving LiDAR error), we employed a machine

260  learning regression model to predict the LIDAR snow depth error at each point from the environmental

261  variables. Gradient Boosting Machine (GBM), a widely used ensemble learning method, was chosen for its
262  strong performance in capturing nonlinear relationships and variable interactions (Friedman, 2001; Elith et al.,
263 2008). GBM have been successfully applied in various environmental and remote sensing contexts, including
264  snow depth and vegetation modeling (Lary et al., 2016; Zhao et al., 2021). GBM also provides variable

265  importance rankings and allows for interpretability via partial dependence plots, which are commonly used in
266  remote sensing applications to visualize the marginal effect of each predictor (Zhao et al., 2021). Prior studies
267  have demonstrated that GBM often outperform simpler linear models and even SVM in geospatial prediction
268  tasks, especially where variable interactions are strong and heterogeneous (Pelletier et al., 2019).

269  The response variable for modeling was the relative error in snow depth, defined as (LiDAR depth — in-situ
270  depth) / in-situ depth. We chose relative error (dimensionless, expressed as a fraction) to normalize for the fact
271  that deeper snow measurements could tolerate a larger absolute error. This also helps stabilize variance if, for
272 example, one site had generally deeper snow than another. Points with very shallow snow (< 10 cm) were

273 treated carefully in relative error computation to avoid blowing up the fraction (in such cases, we also

274  considered absolute error models for comparison). We trained separate models for each site. Training on each
275 site’s data (roughly 300 points per site) allows us to see if the importance of factors changes with location.

276  Hyperparameters for GBM (like number of trees, learning rate, max depth) were tuned via grid search.

277  The performance of each model was evaluated by the coefficient of determination (R?) on predicted vs

278  observed errors and by RMSE of the error prediction. Importantly, the GBM model provides a ranking of

279  predictor importance (often based on the number of splits or gain improvement provided by each variable). We
280  recorded the relative importance of the five variables for each model. In addition, partial dependence plots
281  were generated for the GBM to visualize how each predictor affects the predicted error when controlling for
282  others. For the best-performing model in each site, we used it to predict snow depth error across the landscape

283  atthat site, producing a spatial map of predicted LiDAR error. This was done by feeding the gridded layers of
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284  canopy height, slope, etc., at that site into the trained model. The result is a raster of expected error (as a

285  percentage or fraction) for each pixel, which we compare qualitatively to observed error patterns.

286

287 4. Results

288 4.1 Accuracy Evaluation

289  The airborne LiDAR surveys successfully mapped snow depth across all three areas, but with some differences
290  in accuracy when validated against in-situ manual probe observations. Overall, considering all available paired
291  observations (1,045 points) pooled from the three study sites, the LiDAR-derived snow depths showed a

292  moderate correlation with in-situ measurements (Pearson R = 0.60). This pooled correlation was slightly

293  higher than the strongest site-specific correlation observed in FLCF (R = 0.55), likely reflecting the larger

294  sample size and broader range of environmental conditions represented in the combined dataset. The MAD and
295  RMSE were 0.17 m and 0.22 m, respectively, indicating that LiIDAR generally underestimated snow depth.

296  These underestimations were consistent across three areas (Figure 3).
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298 Figure 3. Comparison of LiDAR-derived snow depth vs. in-situ measured snow depth for all validation points (all
299 sites combined). The dashed line is the one-to-one line. A moderate correlation (R = 0.60) is observed, and the mean
300 absolute difference is on the order of 0.17 m. Points falling below the one-to-one line indicate LiDAR underestimation
301 (common under dense canopy), whereas points above indicate LIDAR overestimation.

302

303 When examining the sites individually, some differences emerge. Among the three sites, FLCF exhibited the strongest
304 agreement between LiDAR and ground measurements. The correlation at FLCF was around 0.55, MAD was 0.18 m
305 and RMSE was 0.21m. Points at FLCF were almost all located in areas characterized by a mixture of open and wooded

306 cover over flat to gently rolling terrain where LiDAR performed very well, raising the site’s overall accuracy. Under
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307 forested areas identified by higher canopy heights in Figure 4b, errors were generally larger than those observed in

308 adjacent open areas. (Figure 4).
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309
310  Figure 4. LiDAR Snow Depth, Canopy Height, and Error Distribution in the FLCF Study Area. (a) LiDAR-derived
311  snow depth map for the Farmers Loop and Creamer s Field (FLCF) region, overlaid with in-situ manual snow depth
312 measurements (color circles). The background raster displays snow depth estimated using airborne Light Detection
313 and Ranging (LiDAR), while the black circles represent manual field measurements. The four marked sub-regions (1—
314 4) highlight clustered areas for localized comparison. (b) Spatial Distribution of Absolute Relative LiDAR Snow Depth
315 Errors and Canopy Height at FLCF.

316

317  In BCEF, LiDAR tended to underestimate snow depth under mature spruce stands. The correlation was lower
318  (R=0.44), and MAD was 0.19 m. We observed that in some forest plot locations at BCEF, ground-based snow
319  depths around 50 cm corresponded to LiDAR estimates of only ~30 cm, a substantial underestimation. In more

320  open parts of BCEF, LIDAR was accurate. This variability lowered the overall correlation. The bias at BCEF

321  was about —18 cm (LiDAR underestimating on average) (Figure 5).

322 CPCRW had the lowest raw correlation (R =0.16) and the largest errors in absolute terms (MAD =0.21 m). This site
323 had the most challenging conditions: steep slopes and dense spruce forest in many areas. Notably, a number of CPCRW
324 points on slopes under dense canopy showed LiDAR snow depths less than half of the actual measured depth (e.g.,
325 LiDAR ~57 cm vs actual ~110 cm). The bias at CPCRW was around —19 cm (underestimate). Despite these errors,
326 LiDAR still captured general patterns: Errors tended to be larger in areas characterized by dense canopy and complex
327 terrain. (Figure 6). Error distribution across these sites clearly indicates that LIDAR performance is optimal in open
328 or lightly vegetated terrain and poorest in densely forested and rugged areas. Open and sparsely vegetated areas
329 consistently showed lower errors. Conversely, dense forests, particularly at CPCRW, demonstrated significantly larger

330 errors, often exceeding 20 cm due to limited penetration of LiDAR signals to the snow surface under dense canopy
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333 Figure 5. LiDAR Snow Depth, Canopy Height, and Error Distribution in the BCEF Study Area. (a) LiDAR-derived

334 snow depth map for the Bonanza Creek Experimental Forest (BCEF) region, overlaid with in-situ manual snow depth
335 measurements (color circles). The background raster displays snow depth estimated using airborne Light Detection
336  and Ranging (LiDAR), while the black circles represent manual field measurements. The four marked sub-regions (1—
337 4) highlight clustered areas for localized comparison. (b) Spatial Distribution of Absolute Relative LIDAR Snow Depth
338 Errors and Canopy Height at BCEF.
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341  Figure 6. LiDAR Snow Depth, Canopy Height, and Error Distribution in the CPCRW Study Area. (a) LiDAR-derived
342 snow depth map for the Caribou-Poker Creek Research Watershed (CPCRW) region, overlaid with in-situ manual

343 snow depth measurements (color circles). The background raster displays snow depth estimated using airborne Light
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344  Detection and Ranging (LiDAR), while the black circles represent manual field measurements. The four marked sub-
345 regions (1-5) highlight clustered areas for localized comparison (b) Spatial Distribution of Absolute Relative LiDAR
346 Snow Depth Errors and Canopy Height at CPCRW.

347

348 4.2 Physical Influence on Error

349  We next analyzed how the LiDAR snow depth error (LiDAR minus ground measurements) varies with the

350 environmental factors of interest (canopy height, slope, surface roughness, elevation and ground point density).
351  Figure 7 shows that higher canopy classes tend to have a larger proportion of high-error cases. In low-canopy
352 areas (05 m), high errors (Absolute relative error > 0.5, 50%) account for only about 3% of the points, with
353  most observations in the low-error range (Absolute relative error < 0.25, 25%). In contrast, canopy heights of
354 10-15 m, 1520 m, and > 20 m exhibit markedly higher proportions of high-error cases (up to 14—15%), along
355  with a noticeable reduction in the proportion of low-error cases.

356 A logistic regression using canopy height as a continuous predictor confirmed this trend: each 1 m increase in
357  canopy height was associated with a 9.1% increase in the odds of a high error (Absolute relative error > 0.5,
358  50%) (odds ratio = 1.091, p < 0.00001). Using canopy height bins, the odds of high error in the 10-15 m, 15—
359 20 m, and > 20 m categories were approximately 4—6 times higher than in the 0—5 m reference group (p < 0.01

360 for all) (Figure 8).

100 %
41.9 % 41.2%
75 % ° 48.0% 51.2 %
® 66.9 % Relative_Error
o
b [ ] o025
S 50% [ ]oz05
(]
5 1369 b 05075
o =0 | EES
54.7 % 41.7 % 34.9 % =
25 %
30.3 %
SRR S g S Lusw | [aw] [eow ]
0-5 5-10 10-15 15-20 220

Canopy Height (m
361 py Height (m)

362 Figure 7. Distribution of LiDAR Snow Depth Relative Errors Across Canopy Height Categories
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Figure 8. Relationship between canopy height and high LiDAR snow depth error (ABS_Error >0.5). (a) Logistic

regression showing increasing probability of high error with canopy height. OR = 1.091 per 1 m increase (9.1%

higher odds) (b) Odds ratios of high-error occurrence by canopy height category relative to the 0—5 m reference

group. (c) Observed proportion of high-error cases across canopy height bins. Error bars indicate 95%

confidence intervals.

Terrain slope was also an important factor affecting LIDAR snow-depth errors. Error magnitudes generally

increased on steeper terrain. For example, the median absolute relative error was about 21% on gentle slopes

(<5°) in CPCRW but increased to approximately 32% on slopes of 15-25° in FLCF. This pattern suggests that

LiDAR measurements become more challenging in steep terrain (Figure 9a).

Surface roughness showed a moderate influence on LiDAR snow-depth error. Error magnitudes were generally

similar across most roughness classes, although locations with very high roughness (>0.15 m) exhibited

substantially larger errors in FLCF, where the median absolute relative error reached approximately 50%.

Overall, the relationship between roughness and error was less consistent than that observed for canopy height,

suggesting that roughness is a secondary factor influencing LiDAR performance (Figure 9b).
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373  As a standalone factor, no consistent monotonic relationship between elevation and error was observed within
374  individual sites. Although CPCRW exhibited both higher elevations and larger errors, this likely reflects site-
375 specific conditions rather than a direct elevation effect. Within each site, elevation differences did not

376  noticeably impact LiDAR performance after accounting for local slope and canopy. Therefore, elevation is
377  acting as a proxy for site characteristics rather than a direct influence on error.

378  Ground point density showed a moderate relationship with LIDAR snow-depth error. Locations with lower
379  ground point density generally exhibited larger errors, particularly in CPCRW and FLCF. In contrast, higher-
380  density areas tended to have smaller errors, suggesting that sufficient ground returns improve terrain

381  characterization beneath the snowpack. Many low-density observations occurred beneath taller canopies,

382  indicating that canopy occlusion may reduce the number of laser pulses reaching the ground surface (Figure
383 9c).

384  Ground point density tends to decrease with increasing canopy height, reflecting the structural limitation of
385 laser penetration under taller canopies rather than a strong linear relationship (see Figure S1 in the

386  Supplementary Information). Ground point density showed a weak but significant negative relationship with
387  canopy height in all three regions. The strongest relationship was observed in CPCRW (R?=0.10, p < 0.001),
388 indicating that taller canopies generally produced fewer ground returns.

389  To illustrate these relationships, Figure 10 presents the relative importance of each factor as determined by the
390 GBM model.

391  Canopy height was consistently the top predictor across all models. In all three site GBM model, canopy

392  height was the most important variable. Especially in FLCF, canopy height alone accounted for about 35% of
393 the total model decision splits (relative importance ~35%), whereas the second-ranked variable (slope) was
394  around 24%, and the third-ranked variable (roughness) was around 22%, while others were each <15%. In
395  other site models, the dominance of canopy remained: for BCEF and CPCRW, canopy was ~28% of

396  importance in GBM.

397  In addition to the environmental predictors examined above, we further investigated the influence of vegetation
398  type on LiDAR snow depth errors. Across the entire SnowEx 2023 domain, six vegetation classes are defined;
399  however, the study sites analyzed here are limited to evergreen forest and deciduous forest. Our analysis

400 indicates that, while snow depth values are generally higher in evergreen forests than in deciduous forests, the
401  relative error distributions between the two vegetation types are remarkably similar. This suggests that

402  although vegetation type influences the spatial distribution of snow depth, its impact on LiDAR-derived snow
403  depth errors is comparatively limited. These results are illustrated in Figs. S2 and S3. In addition, we extended
404  this analysis to all available SnowEx 2023 datasets, including the other two study regions (i.e., ACP and UKT),
405  as shown in Figs. S4 and S5.

406
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Figure 9. Influence of Environmental Factors on LiDAR Snow Depth Errors Across BCEF, CPCRW, and FLCF. (a)
Absolute relative LIDAR snow depth errors across terrain slope classes in BCEF, CPCRW, and FLCF. (b) Absolute
relative LiDAR snow depth errors across surface roughness classes in BCEF, CPCRW, and FLCF. (c) Absolute relative
LiDAR snow depth errors across ground point density classes in BCEF, CPCRW, and FLCF.
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Figure 10. Relative importance of environmental variables in predicting LiDAR snow depth error (from the GBM
model). Canopy height is by far the most influential factor, followed by slope. Roughness and elevation have smaller
contributions, and ground point density is least influential once canopy is accounted for.

As shown in Figure 10, the influence of slope was consistently important across all three sites, ranking as the
second most contributing factor. In CPCRW’s model, slope importance (26.2%) was nearly equal to canopy
height (27.1%). Even in FLCF (largely flat), slope still exhibited substantial importance (23.9%). Elevation
showed varying importance; it was secondary in FLCF and BCEF, but emerged as a major factor in CPCRW
(24.4%), nearly matching slope and canopy height. Ground point density remained the least important
predictor across all individual site models.

In summary, the exploratory analysis and variable importance both point to forest canopy height (density) as
the primary driver of LIDAR snow depth error, with terrain slope as a notable secondary factor. These factors
explain why errors were largest in densely treed, steep areas (like parts of CPCRW) and smallest in open, flat
areas (like parts of FLCF). The findings are consistent with qualitative expectations: dense vegetation prevents

LiDAR from seeing the snow, and steep slopes complicate the geometry of LIDAR measurement.

4.3 Model Performance and Error Prediction

To quantify the control drivers of snow depth errors, we used a GBM model to predict spatial errors and
identify the contributing input variables. Given the inherent variability and some unmodeled factors (and
possible measurement noise), this is a reasonable performance, it indicates the models captured nearly half of
the variation in LiDAR error using just these five predictors.

Looking at specific site models: the CPCRW GBM model was the best, with R? = 0.527 (about 53% of error
variance explained). This higher performance at CPCRW may be because CPCRW had the widest range of
terrain and slope conditions, giving the model more signal to latch onto. The BCEF model had R? ~0.33, and
FLCF was lower, ~0.18. The models confirm quantitatively the influence of each factor. For example, in the
CPCRW GBM model, canopy height showed the strongest influence on predicted LiDAR snow depth error
(Figure 11d). Relative error decreased from approximately -0.20 at low canopy heights to about -0.30 at
canopy heights above 7-8 m, indicating increased underestimation under taller canopies. Slope exhibited a
weaker non-linear effect, with relative error decreasing from about -0.13 at low slopes to approximately -0.19
at moderate slopes before stabilizing (Figure 11a). Roughness was associated with progressively more negative

errors, particularly above 0.12-0.15 m (Figure 11b). Ground point density showed a threshold-like response
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439  (Figure llc): relative error became less negative when density exceeded approximately 10 pts m™2 and
440  remained relatively stable thereafter.
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Figure 11. Partial dependence plots illustrating the influence of terrain slope, surface roughness, ground return
density, and canopy height on LiDAR snow depth relative error. Shaded bands represent 95% confidence intervals,
and rug marks indicate the distribution of observations.
441
442  To visualize model outcomes spatially, we applied the BCEF GBM model across the BCEF subregion as a
443  gridded prediction of error. Figure 12 shows the resulting map of predicted LIDAR snow depth errors over the
444  BCEF region. In Figure 12, Blue tones (underestimation) clearly correspond to known dense spruce of BCEF.
445 Red areas (overestimation) are scarce, but a few open areas show LiDAR might slightly over-predict. The
446  spatial patterns from the model closely match what we observed in the actual data points and provide
447  confidence that the model is capturing real effects: essentially, it “flags” the same trouble spots the ground
448  truth did at dense forests and steep, complex terrain.
449  In summary, the modeling results reinforce that canopy height is the dominant control on LiDAR snow depth
450  error across these boreal forest sites, with slope as a second contributor. The predictive models can reasonably
451  estimate error given those factors (R? up to 0.53), which is useful for identifying where LIDAR measurements
452  are likely reliable or not. This approach of error prediction could be applied to correct or filter LIDAR-derived
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453  snow products by accounting for these variables.
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455  Figure 12. Canopy height (top row) and GBM-predicted relative LiDAR snow depth error (bottom row) across

456 representative BCEF subregions. GBM-predicted spatial distribution of LIDAR snow depth error across part of the
457 BCEF site. Warmer colors (red) indicate areas where LiDAR is predicted to overestimate snow depth (positive

458 error), while cooler colors (blue) would indicate underestimate (negative error). The model predicts higher errors in
459 densely forested areas and on steep slopes, whereas lower errors are expected in open areas. This spatial prediction
460  aligns with the field observations that LiDAR struggled under the darkest forest canopy.

461

462 5. Discussion

463 5.1 Airborne LiDAR performance in boreal forest environments

464  Our evaluation of airborne LiDAR for snow depth mapping in boreal forests indicates a moderate level of

465  performance. An overall MAD of 19 cm and correlation 0.6 suggests that airborne LiDAR, even with a high-
466  quality sensor and survey design, does experience notable accuracy degradation under forest canopies. In open
467  environments, previous studies have found airborne LiDAR can achieve errors on the order of just a few

468  centimeters. For instance, Jacobs et al. (2021) used a UAS LiDAR in a mixed forest/open area and reported ~1
469  cm error in open field conditions, but ~10 cm error under forest canopy. Our findings are consistent with that
470  gap: the forested areas in our study similarly show an order of magnitude larger error than open areas.

471  However, unlike the Jacobs et al. study which dealt with an exceptionally shallow snowpack (<20 cm), we
472  looked at a deeper snow regime (~50 cm typical) and still see around 20-30% relative errors in forests. These

473 findings confirm that the influence of canopy structure on LiDAR accuracy remains significant across varying
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474  snow depths and forest conditions.

475  It’s worth noting that our airborne LiDAR point density (10-20 pts/m?) is lower than that of UAS-based

476  surveys (which can exceed 100 pts/m?). The lower point density, combined with the larger scan angle and

477  higher altitude, likely contributes to reduced penetration in dense canopy. Yet, our results demonstrate that

478  even at ~20 pts/m?, enough ground returns were obtained to produce a meaningful snow depth map; the

479  challenge is the quality and distribution of those returns under canopy. The moderate correlation of 0.6 across
480  mixed conditions indicates that airborne LiDAR is capturing the general pattern of snow distribution (e.g.,

481  distinguishing which areas have more snow than others), but the scatter around the 1:1 line reveals uncertainty
482  that matters for quantitative uses (like estimating water volume). In a hydrologic modeling context, a 0.19 m
483  MAD might be acceptable for some purposes (e.g., broad water supply estimation), but for process studies or
484  evaluating fine-scale snow dynamics, improvements are needed.

485  Encouragingly, not all forest areas suffered large errors — stands of shorter trees or more open canopy allowed
486  LiDAR to perform well (often within 5-10 cm of in-situ). This implies that airborne LiDAR retains significant
487  utility in patchy forest landscapes. Purely from an operational perspective, one might consider combining

488  LiDAR with other data (e.g., canopy maps) to flag areas of likely underestimation. Our modeling in fact moves
489  in that direction by predicting error from canopy characteristics.

490

491 5.2 Comparison with previous studies

492  Relatively few studies have directly quantified airborne LiDAR snow depth accuracy in dense forests (Currier
493  etal, 2019), but our results align with the trends reported in related work. Besides Jacobs et al. (2021)

494  mentioned above, Deems et al. (2013) noted in their review that forested areas are prone to higher errors and
495  highlighted the importance of scan angle and pulse density in such terrain. They pointed out that near-infrared
496  LiDAR pulses can be scattered within the snowpack and by vegetation, complicating returns. Our findings of
497  underestimation under canopy are consistent with the notion that some laser energy is either not reaching the
498  ground or is returning from slightly below the true snow surface (due to scattering within the snow or hitting
499  lower branches).

500 A study by Helfricht et al. (2014) in alpine terrain (not forest, but deep snow on glaciers) found that airborne
501  LiDAR tend to underestimate snow depth in high-accumulation areas by on average ~0.4 m when compared to
502  ground-penetrating radar. They attributed this partly to the inability of LIDAR to capture very soft, low-density
503  snow at the surface and possible penetration into the snow. While their environment is different (open glacier),
504  the underestimation pattern is similar to what we see under trees — in both cases, LIDAR reports less snow than
505  ground truth in certain conditions. This suggests a common thread: whether due to volumetric penetration (in
506  soft snow) or occlusion (by vegetation), LIDAR returns may originate below the actual snow surface, yielding
507  underestimates.

508  Our identification of canopy height as the top error driver is in line with general understanding of snow

509 interception and LiDAR occlusion. Tall, dense canopies intercept snowfall (reducing actual snow on ground)
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510  and also block the LiDAR pulses. Thus, there is a compound effect: beneath a dense canopy, the snowpack is
511  not only thinner to begin with (due to interception losses), but the LIDAR also has difficulty measuring

512  whatever snow is there. Pomeroy and Gray (1995) and Schmidt and Gluns (1991) documented how coniferous
513  canopies can retain a large fraction of snowfall, leading to much lower snow depths under trees; our forest

514  measurement points indeed often had much less snow than nearby clearings, reflecting these processes. Jacobs
515  etal. (2021) observed significantly shallower snow in conifer stands compared to open areas (even in their 10
516  cm total snowfall event). We add that LIDAR underestimation exacerbates the discrepancy in measured vs

517  actual snow under canopy.

518  Terrain slope being a significant factor also echoes findings from previous topographic studies of snow

519  distribution. While slope mainly influences snowpack through redistribution (steep slopes hold less snow and
520 lose snow more easily), it also geometrically affects LIDAR accuracy. In photogrammetry, steep slopes cause
521  larger errors due to viewing angle; similarly with LiDAR, the pulse footprint elongates on slopes and small
522 GPS/INS errors translate to vertical errors on steep inclines. Our data showed ~5—-15 cm worse errors on

523 slopes >20°. Jacobs et al. also noted that areas with steep slopes had higher snow depth confidence intervals
524  and somewhat reduced LiDAR performance. Thus, both our study and others highlight slope as a risk factor
525  for remote sensing of snow.

526  Compared to the example study by Cho et al. (2021), which used a Maximum Entropy model to find drivers of
527 snow depth heterogeneity in a mixed open/forest environment, there are parallels in the importance of

528  vegetation and terrain. Cho et al. found that vegetation type (open vs forest) and terrain roughness were among
529  the most important predictors of snow presence or depth patterns. In our case, those same factors (canopy,

530  roughness) are critical but with respect to measurement error rather than natural distribution. This suggests an
531  interesting point: where vegetation strongly controls actual snow accumulation, it also controls measurement
532 accuracy — the two are linked. One difference is that Cho et al. emphasized soil properties as well (relevant for
533  shallow snow). As airborne LiDAR does not directly observe conditions beneath the snowpack, subsurface soil
534  properties were beyond the scope of this analysis.

535  Building on this line of research, May et al. (2025) further highlighted canopy effects in CPCRW, and our

536  study extends their work to multiple boreal subregions with a machine learning framework. We found that

537  canopy height consistently emerged as the dominant factor, followed by slope, while other variables played
538  minor roles. This broader scope and multi-factor approach highlights both the ecological controls on snow

539  distribution and the mechanisms underlying LiDAR errors, offering practical pathways for improving airborne
540  snow surveys in forested terrain.

541

542 5.3 Limitations and implications

543  First, the ground truth dataset, while fairly extensive (1,045 points), is still relatively sparse over a large area. It
544 s possible that our point measurements do not capture all micro-scale variability. For example, under a tall

545 tree, snow depth can vary within a few meters due to drip zones, microtopography, or vegetation cover. A
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546  single probe might read 40 cm, but just a few meters away the depth could be 30 cm. The LiDAR, averaging
547  over a 1 m grid cell, might legitimately pick up a different value than the probe, especially if the probe

548  happened to hit a locally deeper or shallower spot. While our study attempted to mitigate this by sampling a
549  large number of points, some amount of residual error arises from snow variability at scales below the LIDAR
550 resolution. One effective strategy to reduce this limitation, as demonstrated in Cho et al. (2024), is to conduct
551  multiple depth measurements within each 1 x 1 m grid cell—specifically, nine measurements per cell. This
552  approach helps average out fine-scale heterogeneity and yields a more representative comparison between

553  LiDAR-derived and ground-based measurements. Such sampling designs may be particularly beneficial in
554  heterogeneous forested terrain where sub-meter variability is high.

555  Second, the design of the manual snow depth measurement tool (i.e., manual probe) may also introduce errors.
556  The probe requires downward insertion into the snowpack to record depth. There is a risk that the probe tip
557  penetrates slightly into the soil or underlying organic layer during measurement, especially when snow is soft
558  or the operator applies excess force. This could result in a manual depth reading that is slightly larger than the
559  actual snow depth, contributing to a small but systematic positive bias in ground-based measurements.

560  Consequently, LIDAR-derived snow depths may appear negatively biased even when they accurately reflect
561 the snow surface. (Proulx et al., 2023, Stuefer et al., 2025)

562  Third, the positional accuracy of the ground-based snow depth measurements may also degrade the

563  comparison between in-situ and LiDAR data. As reported in May et al. (2025), the manual probe GPS has a
564  horizontal positioning error of +2.5 m in open areas and can increase up to 10-15 m in dense forest. Given the
565  high spatial variability of snow depth at sub-meter scales—often observed to vary by several centimeters

566  within 1 m due to microtopography, vegetation, or drip zones—this spatial mismatch can significantly obscure
567 the correlation between collocated ground and LiDAR measurements.

568  Despite these limitations, the implications of our findings are quite relevant for practical snow remote sensing.
569  Knowing that tall canopy is the Achilles heel of LIDAR snow measurement means that forest snow mapping
570  efforts should consider complementary approaches in those areas. One approach could be to integrate satellite
571  LiDAR or photogrammetry from different angles, or even incorporate ground-penetrating radar for under-

572 canopy snow (as some SnowEx studies have tested). Our error prediction maps (like Fig. 4.6) could be used as
573  anuncertainty layer, flagging areas of potential underestimation so that hydrologists or modelers can treat

574  those with caution. For example, one could imagine using the predicted error to correct the LIDAR snow

575  depths: if the model expects LIDAR under-shot by 30% under certain trees, one could adjust the depth

576  accordingly (with large uncertainty bounds). Another implication is for the design of future LIDAR surveys. As
577  mentioned, increasing point density in problem areas could improve results. This could be done by flying

578 slower, lower, or with cross-track or multi-angle LiDAR if available. The cost is increased flight time, but if a
579  particular forest basin is critical (say for water supply), it might be worth flying twice in different directions to
580 fill in the gaps. Additionally, waveform LiDAR (recording the full return waveform) could potentially retrieve

581  some information even when discrete returns fail. The Riegl sensor used does have waveform capability;
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582  analysis of waveform could be a next step to see if it indicates energy attenuation that correlates with snow.
583

584 6. Conclusions

585  We investigated the accuracy of airborne LiDAR for measuring snow depth in the boreal forests of interior
586  Alaska and analyzed the environmental factors influencing any measurement errors. Using data from the

587  NASA SnowEx 2023 campaign, we compared LiDAR-derived snow depths to extensive ground truth and
588  found that LiDAR can capture snow depth patterns in forested terrain with moderate success: overall

589  correlation ~0.60 and mean absolute error ~0.19 m. However, accuracy is not uniform — LiDAR performed
590  best in open or lightly forested areas (often within ~20% of truth) and worst under dense canopies and on steep
591  slopes (errors of ~30% or more, typically underestimating the snow). By applying machine learning models,
592  we identified canopy height as the dominant driver of LIDAR snow depth errors, with taller vegetation leading
593  to greater underestimation. Terrain slope was the second most important factor, also contributing to

594  underestimation on steeper grades. Other factors like surface roughness and elevation played secondary roles,
595  and low ground point density was associated with larger errors but largely because it occurs in areas of tall
596  canopy. Our results underscore that while airborne LiDAR is a powerful tool for snow depth mapping over
597  broad areas, users must be aware of its limitations in forested landscapes. In particular, depths retrieved

598  beneath mature boreal forest can significantly under-represent true snow accumulation. The consistency of
599  canopy influence across three distinct sites suggests that this is a general phenomenon in boreal forests and
600 likely in other forest types as well. On the positive side, the errors are not random: they correlate with

601  observable features (trees and slopes), meaning we can predict where LiDAR will have trouble. This opens the
602  door to incorporating correction factors or uncertainty estimates into LIDAR-based snow products. For

603  instance, one could imagine adjusting LIDAR depths upward in areas of very tall canopy to compensate for
604  expected under-measurement, using relationships like those quantified here. In conclusion, airborne LiDAR
605  remains an invaluable method for snow depth measurement, offering unparalleled high-resolution coverage,
606  but for full reliability in forested regions it should be complemented by careful validation and error modeling.
607  The SnowEx 2023 Alaska dataset, with its combination of remote sensing and ground observations, has

608  allowed us to pinpoint the weaknesses of LIDAR under forest cover and to suggest ways to improve future
609  estimates.

610

611  Data Availability

612  All data used in this study are publicly available. The airborne LiDAR and snow depth measurements were
613  obtained from the NASA SnowEx 2023 Alaska Campaign and can be accessed through the NASA Earthdata
614  portal: https://search.earthdata.nasa.gov. Additional field measurement data (e.g., in-situ snow depths) are

615  available via the National Snow and Ice Data Center (NSIDC):

616  https://nsidc.org/data/snex23 mar23_sd/versions/1. To reproduce the results, including figures, R scripts, and

617  processed data, all materials are openly available on Zenodo [link to be added from Zenodo, currently being
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