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Abstract.

In the Arctic, days with clouds containing laminations (layers), as identified by visual inspection of lidar data (McCullough
et al., 2019), are strongly correlated with ground-level precipitation (McCullough et al., 2021). This provides insight into the
cloud conditions and processes involved in the production of snow. We now present a computationally-inexpensive computer
algorithm that (1) automatically identifies laminated cloud features in time-altitude arrays of lidar data and (2) classifies the
sky scene according to the presence of laminated clouds. A discretized residual method is used.

Algorithm validation uses the 2016-2019 dataset from McCullough et al. (2019): 532 nm backscatter, up to 5 km altitude,
measured by the Canadian Network for the Detection of Atmospheric Composition Change (CANDAC) Rayleigh-Mie-Raman
lidar (CRL; 1 min, 7.5 m resolution) at Eureka, Nunavut (79.6° N, 85.6° W). Sky scene classification at daily resolution is
replicated with accuracy = 0.86. Correlations with snow are nearly identical: r = 0.62 (algorithm) and r = 0.63 (visual).

The computer algorithm is then employed at hourly resolution (r = 0.50), and for regions below and above 1 km separately.
Correlations with snow are largest when laminations occur simultaneously above and below 1 km (r = 0.44), followed by
laminations exclusively above 1 km (r = 0.28); there is only a very small correlation for laminations exclusively below 1 km
(r = 0.09). Therefore, cloud laminations above 1 km altitude are key lidar indicators of the production of precipitating snow

detected at ground level.

1 Introduction

Mixed-phase Arctic clouds contain inhomogeneities, including the separate spatial distributions of water and ice (Whale, 2018;
Verlinde et al., 2007, 2013; von Terzi et al., 2022). Traditional ice particle production processes such as depositional growth via
the Wegener—Bergeron—Findeisen (WBF) process are favoured in the dendritic growth layer between -12 and -20 °C (Korolev
et al., 2007). Elsewhere in the cloud, secondary ice processes, including splintering via the Hallet-Mossop process (Field et al.,
2017; Hallett and Mossop, 1974; von Terzi et al., 2022), have long been considered to be effective within narrow temperature
ranges. Collisional breakup (Hobbs and Rangno, 1998, 1990, 1985) has also been implicated in discrepancies between the
number of ice-nucleating particles and ice particle number concentration over a broader range of temperatures (von Terzi et al.,

2022; Kanji et al., 2017; Georgakaki et al., 2022; Phillips et al., 2018). As more than 70 percent of global precipitation is
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generated through ice phase processes (Heymsfield et al. (2020); Field and Heymsfield (2015); Miilmenstéidt et al. (2015), von
Terzi et al. (2022)), the distributions of ice particles and water droplets within the cloud are particularly relevant to precipitation-
production processes occurring within these clouds. Therefore, accurately representing cloud inhomogeneities has the potential
to improve weather forecasting (Barrett et al., 2017a, b; Vassel et al., 2019).

Previously, we have shown that laminated clouds, consistent with an interpretation of alternating layers of ice and water, on
the order of 7.5 to 30 metres thick, are common at Eureka (McCullough et al., 2019). Alternating layers of randomly-oriented
and/or preferentially-oriented ice particles are alternative reasonable hypotheses. The laminated clouds were identified by vi-
sual inspection of 532 nm attenuated backscatter plots. Detection criteria included: three or more bright layers, approximately
horizontal, stacked within 150 m of each other within a cloud for at least 30 minutes. We have further shown that days con-
taining these layered clouds strongly correlate with ground-level precipitating snow conditions (McCullough et al., 2021).
Nonlaminated days were subclassified as nonlaminated cloudy, nonlaminated clear, or omitted from the study due to insuffi-
cient high-quality measurement coverage of the time and space in the daily array. Because the manual visual process can be
subjective and definitely slow, we now expand upon this analysis and develop an objective, automated computer method to
replace the visual method.

Visual inspection of lidar profiles and scenes is a reliable and trusted interpretation method that has been used for many
applications in the atmospheric science community (e.g. Shupe (2007); Sedlar et al. (2021); Vassel et al. (2019); Schifer et al.
(2020)). Schifer et al. (2020) recently used visual inspection to categorize noctilucent clouds into subtypes based on cloud
layer type and whether they exhibit substructure. While reliable and superior for individual images, visual inspection is too
time-intensive for large datasets. Therefore, a computer approach is highly desirable; however, we were unable to find a lidar
computer algorithm that can search for fine layers within clouds without other supporting data. Therefore, here we construct
and demonstrate a computer-based solution that can be applied to CRL and other lidars worldwide; the laminated cloud features
can be automatically detected in attenuated backscatter data.

Section 2 describes the measurement datasets. Section 3 describes factors considered when selecting the computer lamination
detection program algorithm. Section 4 describes the algorithm itself and explains how non-laminated days are subclassified.
We use the residuals method, previously used in gravity wave analyses (Sica and Russell, 1999; Duck et al., 1998). A “back-
ground state” containing variations not of interest is subtracted from the original data leaving only variations of interest. Section
5 is the validation study for the algorithm. Section 6 increases the study time resolution from daily to hourly. This leverages
the computer method’s processing speeds and extends the study of the laminations themselves without altering their identifi-
cation criteria. This higher time resolution matches the nearly hourly availability of ECCC weather reports used for the snow
correlation portion of the study. Section 7 extends the study by classifying two altitude regions separately: 250 m - 1000 m and
1-5 km, investigating whether there is a difference in correlation between precipitating snow and laminated clouds across these
two altitude ranges. Section 8 discusses some hypotheses regarding the physical interpretation of the laminations. Section 9

summarizes and presents the conclusions of this paper.
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2 Measurements used
2.1 CRL lidar

The ground-based, remotely-operated, zenith-pointing CRL lidar (Canadian Network for the Detection of Atmospheric Change
(CANDAC) Rayleigh-Mie-Raman lidar) has operated since 2007 at the Polar Environment Atmospheric Research Laboratory
(PEARL; Eureka, Nunavut in the Canadian High Arctic, 79.6° N, 85.6° W). The transmitted wavelengths are linearly-polarized
at 355 nm and 532 nm. Backscattered light is received by a 1-m Dal-Kirkham telescope and directed into an 8-channel (7 wave-
lengths, with linear depolarization capability at 532 nm) photomultiplier tube polychromator (Nott et al., 2012; McCullough,
2015; McCullough et al., 2017).

The dataset used in this paper is identical to that used in McCullough et al. (2021), which uses only the 532 nm wave-
length because this is the most commonly measured quantity for the CANDAC Rayleigh-Mie-Raman Lidar (CRL) during
our 2016-2019 study period. CRL’s other measurement channels, including 355 nm backscatter and 532 nm depolarization,
also show evidence of the laminations, as shown in McCullough et al. (2019). However, these products are available on fewer
measurement days, and generally have lower signal-to-noise ratios than the 532 nm channel.

Standard CRL processing routines were applied to the 532 nm data as described in McCullough (2015) and McCullough et al.
(2017): saturation and deadtime correction, dark counts removal, background subtraction, and gluing of the photon-counting
and analogue signals into a combined vertical profile for each minute. The standard-processed lidar signals were multiplied by
the square the returns’ altitude, and the base-10 logarithm of the result was taken. The result is log(range-scaled signal) in units
of log(m?MHz), or the logarithm of the attenuated backscatter. This product initiates the algorithm described in Section 4.

We used the attenuated backscatter product as the starting point for the computer algorithm because it provides excellent
lamination visibility by eye and requires the least data (pre-)processing, thereby minimizing instrument and undesirable atmo-
spheric effects.

The visual sky scene classification method treats colour plots of lidar data as images. Hence, we refer to time-altitude arrays

of lidar data as images, and individual array elements as pixels.
2.2 Eureka Weather Station meteorological reports

Meteorological observations of surface weather at the Environment and Climate Change Canada (ECCC) Eureka Weather
Station are reported hourly, 22 to 24 hours per day. Weather observers make these observations at the Eureka Weather Station
instrument compound, located 180 m to the southeast of the CRL lidar.

The standard ECCC weather observation types were grouped into six categories as follows: (1) Precipitating Snow (including
snow, moderate snow, snow showers, snow grains, snow pellets), (2) Blowing Snow, (3) Rain (including rain, rain showers,
moderate rain, drizzle, freezing drizzle, freezing rain), (4) Ice Crystals, (5) Fog, (6) Freezing Fog. We excluded observations
between 2016 and 2019 with fewer than two reported occurrences during the study period and in the following categories:
blowing sand, dust, haze, ice pellets, ice pellet showers, smoke, no value, N/A., clear, mainly clear, cloudy, and mostly cloudy.

Arrays were created at daily and hourly resolutions to indicate the presence or absence of each weather type.
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3 Factors influencing the choice of a computer algorithm

The input to our algorithm is a set of daily log(attenuated backscatter) arrays, in which each array element, or pixel, corresponds
to approximately 1 minute by 7.5 m in altitude. The classification of these time-altitude arrays is computationally analogous
to an image classification problem. 1-D lidar profile classification methods, such as those used by Farhani et al. (2021), are
not suitable because they do not account for temporal correlations of the laminated signals. Developing computer methods to
identify image patterns is an active area of research, but human vision remains the gold standard for identifying features in
complicated images. It is used for training sophisticated computer methods (e.g., Pinto et al. (2008), Gulshan et al. (2016),
Baduge et al. (2022), von Ahn and Dabbish (2004), Jafarinaimi (2012), Heinle et al. (2010)). Lu and Weng (2007) provide
a review of computer classification approaches as applied to satellite images of ground cover, which also applies to lidar sky
scenes. The complexity of the log(attenuated bacscatter) arrays and the variation in the appearance of layers and laminated
regions pose a challenge for applying existing image classification algorithms. Hence, we have developed our own algorithm
that attempts to deal with several well-known difficulties:

(1) Invariant object recognition - the ability to recognize that an object or feature is the “same thing” even if its appearance
changes under different circumstances (Karimi-Rouzbahani et al., 2017b). The visual appearance of our feature of interest can
vary widely based on (a) Lamination geometry: Layers can be stacked from three to many tens in number, can rise and fall
slightly in altitude, can split into two, and can merge. Hence, pattern-matching approaches (e.g. Lahiri et al. (2011), Ridder
et al. (2017)) are not appropriate. Schifer et al. (2020) reached the same conclusion. They resorted to visual classification to
identify small-scale structures (100 m thick, less than 30 minutes in duration, at 10-minute intervals) in noctilucent clouds,
which are attributed to gravity waves that vary the altitude of cloud layers. These layers are visually similar to the laminations
reported here, and their host clouds share the characteristic of having a wide variety of individual patterns and subpatterns
in the layering structure. (b) Illumination: Lidar images contain a large dynamic range, and the features in them are not
consistently illuminated. Clouds are much brighter than a clear sky and usually brighter than aerosol layers. The brightness
of any lamination is influenced by instrumental factors (laser power, etc.), attenuation by underlying atmospheric features, as
well as the scattering characteristics of the layer of interest itself. Therefore, the relative brightness of a layer with respect to its
local background is inconsistent, and classic image segmentation thresholding algorithms will fail under these conditions. (c)
Partial occlusion: Lidar images include columns with low or no laser power reaching the lamination altitude. Therefore, gaps
appear in the array’s laminations. Accounting for such partially-occluded targets is a challenge for computer vision algorithms
as compared to human vision (Karimi-Rouzbahani et al. (2017a, b) and references therein, including Pinto et al. (2008), Tarr
and Biilthoff (1998),Tjan et al. (1995), Tarr et al. (1998)).

(2) Segmentation - the ability to tell that two items are separate, even if they are close together in the image. Given that the
laminations can be very close together in altitude, merge into a thicker layer, or split into two thinner layers, segmentation is
an essential capability for identifying the number of laminations within a vertical distance in lidar images. As the laminations
of interest are at the same vertical spatial scales as the noise in the images - the resolution limit of the lidar data, 7.5 m -

segmentation of targets in clutter becomes a significant computational challenge (Ghodrati et al., 2014).
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(3) Context recognition and the ability to ignore irrelevant features - Current computer image classification methods assume
that there is no competing non-target information in the picture (Paymode and Malode, 2022). Each lidar image can contain
any number of irrelevant atmospheric features, both outside and inside host clouds, including other clouds, precipitation fall
streaks, and aerosols. While complicated backgrounds provide important context that humans use as a diagnostic feature in
complex discrimination tasks (Praf} et al. (2013), Nielsen et al. (2006)), as noted in Karimi-Rouzbahani et al. (2017b), they
pose a significant challenge for computer algorithms. Even the identification of clouds as separate from aerosol features in lidar
plots is frequently accomplished by analyzing the feature morphology and behaviour by eye, rather than the signal threshold,
unless a multi-instrument algorithm such as those operated by Cloudnet (Illingworth et al., 2007) or MPLNET (Welton et al.,
2001) is employed (Radenz et al., 2021; Illingworth et al., 2007; Biihl et al., 2016; Kalesse-Los et al., 2022). Heinle et al.
(2010) developed a k-nearest-neighbour statistical cloud type classification algorithm for all-sky camera images. However, it
is not robust to images containing irrelevant features (e.g. raindrops, sunlight, or multiple cloud types), and it is unsuitable for
our project without significant data modification and pre-processing. Additionally, our measurement dataset may be too small
to allow sufficient training images (Bianconi et al., 2021).

(4) Computational time - Supervised and unsupervised machine learning methods are frequently computationally intensive.
A wavelet-like approach similar to Reichert et al. (2023), who used a combination of Gabor filters (e.g. Jann (2017)) for the
laminations, is too computationally intensive. In the future, it may be possible to incorporate a wavelet approach into the
algorithm.

A final consideration in our algorithm choice was our desire to understand which image features were used in their classi-
fication, so that we can explore any physical meteorological implications that may arise. Deep neural networks, for example,
implicitly optimize their selection of image features for classification. These may include features that are unknown to or
unrecognized by researchers (Bianconi et al., 2021). Determining which features a neural network has used in a successful
classification is an area of active research (Gulshan et al., 2016; Baduge et al., 2022).

Given these considerations, an explicit computer procedure, without hidden layers, seemed appropriate for this laminations
project, and we have found a successful method using conventional programming techniques that runs on a consumer-grade

laptop.

4 Computer Algorithm
4.1 Identification of laminated cloud regions

The input data for the algorithm is a daily array, Al, of the base-10 logarithm of the range-scaled attenuated backscatter
from CRL, spanning 250-5000 m in altitude, as shown in Fig. 1 (a). They have already been pre-processed with standard
CRL correction procedures to account for deadtime corrections and background subtraction, as described in McCullough et al.
(2019). The altitude resolution is 7.5 m. Each profile is integrated for 1 minute before being recorded, which takes about 5.4
seconds per file. Therefore, there are 1.091 minutes per profile (55 files per hour), and each pixel represents 1.091 minutes x

7.5 m altitude. The measurements are not co-averaged in time or altitude.
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A cloud mask (black contour in Fig. 1 (a)) is determined by a threshold value that varies between 7.25 and 8.25 in units
of log(m?MHz) during the four-year study period. On the date shown, this threshold was 8.25. Visual inspection of cloud
mask contours superimposed on a sample subset of attenuated backscatter colour plots confirmed that the threshold’s value
is appropriate. Future development of an automated cloud mask would improve the algorithm. Finally, there will never be a
perfect threshold, as optically thin clouds and relatively optically thick aerosols can produce identical attenuated backscatter
values.

Al is filtered with a moving median in altitude with a window frame length of 25 pixels (187.5 m), and filtered separately
in time with a frame length of 51 pixels (55.6 minutes). The resulting filtered arrays are averaged to create Algmnoothed- In
this study, Algmnoothed 1S considered the background state of the local sky. It includes information such as cloud presence and
variations within the cloud, which are spatially larger than the laminations we seek.

The first residuals array R1 = A1 - Algnootheq 18 shown in Fig. 1(b). The quasi-horizontal stripes, the focus of this investi-
gation, are more clearly visible to the naked eye than in Fig. 1(a). However, vertical features, such as fall streaks, and horizontal
features, such as cloud edges, remain. The fall streaks, in particular, are bright and visually interrupt the stripes at the colour
scale shown; however, the stripes can be seen to continue through the fall streaks if the colour scale is changed.

R1 is now smoothed using a moving median filter with a frame length of 15 altitude pixels and 1 time pixel, producing
Rlgmoothed- Fig. 1(c) shows the second residuals array R2 = R1 - Rlgmnoothed- The fall streaks are suppressed, and the
laminations are clear.

To allow for simpler image processing techniques, the R2 array is discretized to produce R2D using thresholds which are
determined relative to o, the standard deviation of in-cloud R2 values, excluding NaNs, as follows:

-1 R2<-020

R2D=40 —0.20 <R2<0.20

1 R2>0.20

These thresholds determine which of the scene’s pixels may belong to the stripes we are seeking to identify laminated
features. The R2D = -1 pixels have signal values significantly below the mean cloud values and may be part of “negative
stripes”. Similarly, R2D = 1 pixels may be part of “positive stripes”.

The threshold o can be calculated from R2 using either all pixels or only in clouds. Most days, the thresholds are similar, but
on an otherwise clear day with a relatively small, bright cloud containing laminations, they differ. The in-cloud-only o values
are more appropriate for lamination detection, and a threshold £0.2¢0 provides a reasonable tradeoff between rejecting noise
and including real stripes.

We use a connected-component analysis to identify R2D = %1 pixels which correspond to positive or negative stripes
rather than noise. Connected components are defined as contiguous groups of adjacent pixels sharing the same value. Any
connected component of pixels with value R2D = 0 that is entirely enclosed by a region of R2D which is entirely +1 or —1 is
reassigned to the value of the surrounding region, effectively filling “holes” within otherwise continuous stripes. Furthermore,

all connected components with a duration shorter than 10 pixels (i.e., approximately 10 minutes) are excluded from further
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analysis. The final result is a classification array S1 (see Fig. 1(d)), in which positive and negative stripes are assigned values
of 1 and -1, respectively, and all remaining pixels are set to 0.

To suppress spurious detections, we identify connectivity solely on the shared edges (i.e., top, bottom, left, or right), exclud-
ing diagonal (corner) adjacency. This choice affects the sensitivity of the method: some fine-scale features that are only one
pixel in vertical extent and exhibit drift in altitude over time, appearing as diagonals in the R2D array, are excluded, even if
they are visually apparent.

A minimum of three stripes within 150 metres of altitude, corresponding to 20 vertical pixels, as specified by the lamination
identification criteria given by McCullough et al. (2019). Each pixel at time index ¢ and altitude index z, S1(¢, 2), is tested to
determine whether the lower and upper edges of at least three stripes of the same sign are detectable within 22 pixels, including
and immediately above the pixel of interest. If so, all pixels S1(¢,z) to S1(¢,z+ 21) are labelled as “laminated pixels” with
a value of 1 in the laminated pixel array L1, Fig. 1(e), and non-laminated pixels have a value of 0. Twenty-two, and not 20,
pixels are included in this range so that the bottom edge of the bottom stripe and the top edge of the top stripe may be detected
within the 20 pixel range.

Morphological closing is performed on L1 to produce L2. A rectangular structural element with structural parameters (2,4)
is first used to dilate, and then erode, the array, filling in small holes in regions with densely laminated pixels. Unlike smoothing
procedures, this tends to preserve the onset and end time of each group of laminated pixels.

Following morphological closure, the connected components of L2 are determined, again requiring connections to be along
pixel edges. These components are tested against a 30-minute duration criterion for laminated regions, and only those compo-
nents exceeding 30 minutes (27 pixels) are retained in array L3, with all other pixels set to 0.

The cloud mask is now used to mask non-cloud pixels (0) and produce L4. The duration check is then repeated to retain
only those components of L4 that exceed 30 minutes (27 pixels) as the new array L5, shown in 1 (f).

The laminated regions identified in L5 are the primary desired output of the automated layer detection computer program:
Laminated cloud regions that meet all the requirements set out in McCullough et al. (2019) for stripe number, vertical extent,
duration, and location within a cloud. As noted above, this computer method will exclude the narrowest laminations visible
if the contributing stripes are not perfectly level over the entire 10-minute test period for individual stripes. Therefore, a few

laminations are missed at the finest scales.
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4.2 Classification of lidar sky scenes

Using array L5 for all days in the dataset, we classify the status of each day’s sky scene laminations.

As in McCullough et al. (2019), “Laminated” days are identified first. Any day containing at least one qualifying laminated
region in L5 is classified as Laminated, corresponding to Class 2 in McCullough et al. (2019).

Days in the CRL dataset showing no laminations do so for one of two reasons: either there were no laminations in the sky,
or CRL measurements were insufficient to detect them. The sub-classification of non-laminated days uses the A1 and cloud
mask arrays.

“Incomplete” days, with no CRL data for some or all hours of the day, correspond to Classes 1, 4, and 5, in McCullough
et al. (2019), which are combined for the present paper. The Incomplete flag is used to check for missing or discontinuous
measurements that exceed the lamination patch duration threshold of 30 minutes. In principle, a qualifying set of laminations
could have been present in the portion of the sky not imaged by the lidar during the time the lidar was not measuring.

“Obscured” days have sufficient measurement profiles, but have a portion of the sky scene that is uninterpretable due to
low signal for a duration and vertical extent exceeding the lamination patch duration threshold. This corresponds to Class 3 as
described by McCullough et al. (2019). It includes days for which lower-altitude atmospheric features fully attenuate returns
from higher altitudes, as well as days with poor laser power, which are too noisy at the top of the profiles. This is implemented
by allowing no more than 25% of the pixels in the top 150 m of measured columns to have NaN values. The visual method
lacked strict numerical criteria for this test.

The remaining measured days are classified as either “Nonlaminated Cloudy” if the cloud mask shows at least one cloud
exceeding the threshold lamination patch size (even if the day is not predominantly cloudy), or “Nonlaminated Clear” for all
remaining days not meeting that threshold (even if they contain a little cloud, or several little clouds, each not exceeding the

threshold size).

5 YValidation of the Algorithm

As discussed above, the algorithm correctly identifies the majority of the Laminated days without falsely identifying an undue
number of days as Laminated. Two metrics are used to expand this result: (1) the ability to replicate the sky scene classifications
that were published in McCullough et al. (2019, 2021) with the visual method and (2) verifying the overall conclusions drawn

from correlation studies between lidar sky scene and the ECCC surface weather from those papers.
5.1 Sky Scene Classification Validation

A confusion matrix, Fig. 2(a), is used to understand the algorithm’s output and to identify which specific types of sky scenes
were and were not well classified. The visual classifications are the known values, and the computer classifications are the

predicted values.
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Figure 2. A confusion matrix comparing computer and visual sky classification results at daily resolution. (a) has all the classes and (b)

combines Obscured and Incomplete classes.

Some non-zero off-diagonal elements, which could confuse the Obscured and Incomplete classes, were anticipated with the
computer algorithm. For example, considering a particular clear sky day with both some hours of missing data (contributing
to an Incomplete classification) and low laser power (contributing to an Obscured classification), a visual observer would have
classified the day as Incomplete as there were clearly no lower altitude clouds which might be responsible for the low signal
returns near 5 km. However, the computer would first test for the number of NaN pixels at high altitude, and would immediately
classify the day as Obscured, regardless of the cause. Therefore, we combine these classes when formally evaluating the
algorithm’s performance, as shown in Fig. 2(b).

Table 1 details the classification results and some commonly used diagnostic values. Using the equations from Chicco et al.
(2021) and Saito and Rehmsmeier (2015), as shown in the table row labels, we calculate diagnostic values for each class.

For the first four columns of Table 1, we used a classwise one-versus-all method based on Fig. 2(b). We assess for each

class separately: True positive, TP, the number of scenes correctly identified as belonging to that class; True negative, TN,

10



260

https://doi.org/10.5194/egusphere-2026-4312
Preprint. Discussion started: 5 November 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Table 1. Diagnostic values comparing the computer to the visual classification results using a one-versus-all method. True Positive (TP),
True Negative (TN), False Positive (FP) and False Negative (FN) values are derived from the confusion matrix shown in Fig. 2(b) and are
used to calculate all other quantities according to the equations in the row labels. The first four columns of values are provided for each sky

classification. The fifth column, Macro, and the sixth column, Micro, are combined metrics for all classes.

Laminated | Incomplete | Cloudy | Clear | Macro | Micro
TP 199 454 51 58 - 762
TN 610 357 826 841 - 2634
FP 57 93 9 15 - 174
FN 70 32 50 22 - 174
Support
269 486 101 80 936 3744
TP + FN
Proportion
TP+ FN 0.287 0.519 0.108 0.0855 1 0.25
TP+ TN + FP + FN
Precision
- 0.777 0.830 0.850 0.795 0.813 0.814
TP + FP
Recall
- 0.740 0.934 0.505 0.725 0.726 0.814
TP + FN
Specificity
™ 0.915 0.793 0.989 0.982 0.920 0.938
TN + FP
Accuracy
TP+ TN 0.864 0.866 0.937 0.960 0.907 0.907
TP+ TN + FP + FN
F1-score
TP 0.758 0.879 0.634 0.758 0.757 0.814
2TP + FP + FN
Pearson’s r (or MCC)
(TPYTN) - (FP)(EN) 0.664 0.738 0.626 0.738 0.691 0.752
/(TP + FP)(TP + FN)(IN + FP)(IN + FN)

the number of scenes correctly identified as not belonging to that class; False positive, FP, the number of scenes incorrectly
labelled as belonging to that class; False negative, FN, the number of scenes incorrectly labelled as not belonging to that class.
There are a total of n = 936 samples (measurement days classified). The fifth column, Macro, is a combined metric for all
classes. Macro averaging gives each sky class equal weight by taking the unweighted mean of all individual values already
calculated in the columns to the left; however, it does not apply to TP, TN, FP, and FN. The sixth column, Micro, gives equal
consideration to each sample in the averaging process. New Micro TP, TN, FP, and FN values are calculated as the sums of the

individual class values and are used in all subsequent values in the Micro column of the table.

11



265

270

275

280

285

290

295

https://doi.org/10.5194/egusphere-2026-4312
Preprint. Discussion started: 5 November 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

5.1.1 Laminated sky scene class results

Of all the assessment metrics included, the most important for our application are those related to the algorithm’s ability to
identify and classify Laminated days correctly. The visual classification identified 269 days as Laminated and 667 days as
not laminated (Incomplete, Obscured, Clear, and Cloudy). The computer algorithm correctly classified 199 Laminated days
(true positive, or TP), and 610 non-laminated days (true negative, or TN). It incorrectly identified 127 days, including 57 false
positives, and 70 false negatives, which is discussed in Sec. 5.1.2.

“Support” refers to the number of samples identified visually as belonging to a particular class, and “support proportion”
expresses the support as a fraction of the total samples. The differences in support (and support proportion) across classes
indicate that our data is unbalanced. That is, we are testing unequal numbers of each class. For instance, the number of
Laminated samples is only 30% of the total. This must be considered when interpreting the diagnostic values in the final three
rows and two columns of the table.

Precision, or positive prediction value, indicates the classifier’s success at avoiding false positives. If precision is high, then
most predicted positives are truly positive. Precision = 0.78 for the Laminated class.

Recall, or sensitivity, or true positive rate, is the fraction of the positive samples correctly identified by the classifier. High
recall implies that the classifier misses only a few positive cases. Recall = 0.74 for the Laminated class.

Specificity, or true negative rate, is the fraction of negative samples correctly identified as negative. Specificity = 0.92 for the
Laminated class.

Accuracy assesses how well, overall, days were correctly classified as belonging to, or not belonging to, that particular class.
The Laminated class has an accuracy = 0.86, indicating a successful classification. This metric is less helpful for imbalanced
data (such as ours), as high accuracy can result from a poor classification scheme, e.g. if all observations fall into the majority
class (Chicco and Jurman, 2020; Chicco et al., 2021).

F1-Score is based on the harmonic mean of Precision and Recall. F1-Scores also include a parameter, 3, that weights the rela-
tive importance of precision and recall in the assessment. As beta increases, recall is prioritized over precision. By setting 5 =1,
as we do in Table 1, the precision and recall are weighted equally. F1-Score = (1+3?)(2)(Precision)(Recall)((3?)(Precision)+
(Recall))) 1.

F1-Scores are appropriate for imbalanced datasets, and are most useful when the positive class is the priority, as is the case
for the Laminated class. One drawback to the F1-Score is that its value changes if the positive and negative classes are reversed.
F1-Score also does not account for the number of TN samples, which can be an important factor in evaluating a classification
algorithm. A further drawback to F1-Scores is that they can be high even if only one of TP or TN is large and the other is small.
The F1-Score for the Laminated class is 0.76, indicating a successful classification.

Pearson’s r is the Pearson product-moment correlation coefficient between the actual and predicted values. It is also known
as the Matthews Correlation Coefficient (MCC), and is often encountered in machine learning literature. It ranges from -1 to

1. All four elements of the confusion matrix must have successful outcomes for Pearson’s r to have a high value. It is only
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high if both the majority of positive and the majority of negative samples are correctly predicted (Chicco et al., 2021). For the
Laminated class, r = 0.66, which indicates a successful classification.

A significant advantage of r as an assessment metric is that it highlights problems with a classifier for datasets with any
degree of support imbalance: Positively imbalanced (more positive samples than negative ones) classes, balanced classes (equal
number of positive and negative samples), and negatively imbalanced classes (more negative samples than positive ones, as is
the case for the laminated class). For any degree of support imbalance, the degree of bias in the output value of r is smaller
than the bias induced in both accuracy and F1-score (Luque et al., 2019).

If r is close to 1, so will the F1-Score and accuracy; however, the converse is not always true. Therefore, while F1-Score
and accuracy can provide more optimistic results, r may be more suited to identifying deficiencies in the classification scheme
(Chicco and Jurman, 2020). In our case, the r value (0.66) for the Laminated class is, as expected, lower than both the ac-
curacy (0.86) and F1-Score (0.76), but still a high value. Therefore, we are confident that our computer algorithm can detect

laminations, but we should also dissect the mismatches.
5.1.2 Laminated misclassifications

For the 70 false negatives (FN, missed detections of laminations), we examine the plots for each such day, and the reasons for
the false negatives can be mostly grouped into: (1) Thin lamination days. The computer can only detect the thinnest 1-pixel-
thick laminations (7.5 m) if all three required stripes remain at the exact altitudes, not even varying by 1 pixel, for the entire
required 10-pixel stripe duration. The majority tend to drift in altitude, and the computer algorithm does not detect them. (2)
Days having many diagonal stripes, which happen to include at least one time bin where the stripe is only 1 pixel thick have
the same limitations in the code as just described. (3) Large variations in brightness between different clouds during the course
of the day can cause the daily in-cloud o value not to be locally representative for any particular cloud, thus making stripes
impossible to distinguish. (4) Days with high aerosol loads, which make the cloud thresholds for the cloud mask inappropriate,
meaning that parts of clouds are excluded (cutting off legitimate stripes) and/or aerosol regions are interpreted as clouds (thus
changing the o value used for thresholding positive and negative stripes). (5) Days for which the overall brightness of the
lamination host cloud varied considerably on short timescales. In this situation, the R1,,00theq array fails to capture sufficient
temporal variation in the local background that hosts the stripes. Hence, although a person can visually see that the stripe pixels
are markedly brighter than the pixels above and below, they are not sufficiently bright in comparison to the host cloud as a
whole to meet the stripe threshold. This creates gaps in the stripes, preventing them from meeting the duration threshold.

The 57 false positives (FP, in which the computer detected laminations but the human did not) can nearly all be understood
by a single atmospheric situation: these “false” detections happen most often at low altitudes, partially inside the lidar’s overlap
region, where the receiver does not fully capture some backscatter from the laser beam. Because the array A1 is not overlap
corrected, a human would adjust the colour scale on each plot to account for the clouds near the ground, which have lower
signal levels, but the computer cannot do that. When we change the colour scale for the FP days, we can see the laminations by
eye which the computer has identified. Although these low-altitude laminations match the mathematical criteria, the original

visual observers would not have considered laminations in this region to be within a classic “cloud”, as noted by McCullough
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et al. (2019, 2021). The computer criteria correctly identify the stripes, but they are visually and morphologically different
from the laminations identified in clouds at higher altitudes. These lower-altitude stripes tend to be thicker and less variable in
altitude over time than the laminations in clouds aloft. Additionally, there are usually only 3-4 such stripes in the region below
1 km. In contrast, stripes that make up the laminations aloft tend to occur in sets that are much more numerous. This group of
FP would be reduced if the algorithm excluded such features.

A final group of FP includes days with significant in-cloud signal variations. There, the laminations identified by the com-
puter in the L5 array were not identified by visual observers in the A1l arrays. However, the same visual observers can detect
the laminations clearly in both the R1 and L5 arrays (which were not used in McCullough et al. (2019, 2021)). Therefore, we
consider these “false” positives by the computer to reflect the success of the algorithm - the computer is exceeding the visual
method used in previous work.

On most days, the laminations are correctly identified as present or absent, and we can adequately explain the reasons for
non-matching classifications. We conclude that the computer algorithm is valid for identifying laminations in lidar data. We
also note that this algorithm is inferior to human vision assessment for the thinnest laminations (7.5 m thick), and superior in

conditions of highly variable cloud backscatter values.
5.1.3 Non-Laminated Days

To use this dataset for correlation studies with weather, we require the non-laminated days be correctly subclassified. We
evaluate the non-laminated classes individually in columns 2, 3, and 4 of Table 1 in the same method described above for the

Laminated class. All individual correlations have values r» > 0.62, signifying that these values are valid.
5.1.4 Results of the classification scheme

The final two columns of Table 1 present the combined metrics for the classification scheme as a whole, including all classes.
The Micro and Macro scores are defined, e.g., in Hinojosa Lee et al. (2024). The Macro Average column averages the individual
class scores from the first four columns, and the macro score gives equal weight to each class. Macro-Accuracy = 0.91, Macro-
F1-Score = 0.76, Macro-MCC = 0.70. The Micro Average row uses TP, TN, FP, and FN as the sum of the individual class
values. Then, all subsequent values in the column are calculated using those cumulative values. Therefore, the micro average
gives equal weight to each of the 936 samples in our dataset. Micro-Accuracy = 0.91, Micro-F1-Score = 0.82, and Micro-MCC
= 0.75; all have high scores. Given these results, we assert that our computer algorithm is valid for identifying laminations in

lidar data and that our classification scheme is valid.
5.2 Sky-Weather correlation validation

Using the computer classified daily results, having demonstrated their validity, we now test the correlation between lidar sky
scenes (Laminated, Nonlaminated Cloudy, and Nonlaminated Clear) and ECCC reported weather (Precipitating Snow, Rain,

Blowing Snow, Ice Crystals), as in McCullough et al. (2019, 2021). The correlation test includes 389 days, as only days
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classified as Laminated, Nonlaminated Cloudy and Nonlaminated Clear are considered. Incomplete and Obscured days are
omitted.

The correlation results are presented as colour-coded correlograms in Fig 3. The colours correspond to the value, r, of the
Pearson product-moment correlation coefficient (the covariance of two random variables divided by the product of the standard
deviation of each variable X and Y, as in: r = cov(X,Y") /o x * oy ). We continue to follow the convention suggested by Cohen
(1988) for qualitative descriptors: r<~ 0.1 is small, r>~ 0.5 is large, and the middle range is medium. Working with a 95%
(20) confidence interval, we consider r values with p < 0.05 to be significant. Insignificant values are identified by a large ‘X’
superimposed on the affected correlogram cells (there are no insignificant values in 3, but some do exist in the 6 correlogram).
Each cell of the confusion matrix includes the r value, and a small table: TP at the upper left, TN at the lower right, FP at the
upper right, and FN at the lower left. Other metrics, such as accuracy and F1, can be directly calculated from the correlogram.
The correlation coefficient r is the appropriate choice for a single metric in our data situation, given the negatively imbalanced
dataset, as discussed above and will be used for further discussion.

The computer-classified dataset aligns with the results from the visually classified dataset presented in McCullough et al.
(2021). The strongest amplitude correlations are those related to precipitating snow. There is a strong positive correlation
between precipitating snow and Laminated days (r = 0.62, compared to r = 0.63 from the visual method). There is a medium
strength negative correlation between precipitating snow and Nonlaminated Cloudy days (r = -0.36, compared to r = -0.37 from
the visual method) and a slightly stronger medium strength negative correlation between precipitation snow and Nonlaminated
Clear days (r =-0.41; compared to r = -0.40 from the visual method). No other correlation is larger than r = + 0.24 in amplitude
(compared to r = +0.23 from the visual method).

Given that the correlations between lidar sky scene classification and ECCC-reported weather are virtually identical whether

using the visual or the computer method, this gives further confidence that the algorithm is valid for our purposes.

6 Increase to Hourly Resolution

The ECCC weather reports are produced hourly. Replicating the visual method study at this resolution is too time-intensive,

however, with the computer algorithm, the hourly analysis is possible.
6.1 Method

We follow the above daily procedure through to identifying laminated regions in array L5 (see Fig. 1g). The day is then divided
into hourly bins, each labelled by the end time of the corresponding full hour, as in the ECCC reports.

Because we know that the computer algorithm is conservative in identifying the thinnest laminations, and the starts and
ends of laminated regions are often missed, we consider even a small amount of laminated cloud identified within a particular
hour to be meteorologically relevant to that hour. Thus, an hour of interest is classified as Laminated if a laminated region
(which by our criteria exceeds 30 minutes duration) persists for at least 10% of that minimum duration (i.e., 3 minutes out of

the 30-minute threshold) within that particular hour. The balance of the laminated region then exists in the hour preceding or
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Correlation of sky scene and weather
All altitudes (0.25 - 5 km) at daily resolution

r=0.62 r=-0.37 r=-0.41
PrecipSnow || 167 89 0 60 1 72
1 132 168 | 161 167 | 149
r=0.10 r=-0.06 r=-0.07
Rain 8 | 248 0 60 0 73
0 | 133 8 | 321 8 | 308
r=0.24 r=-0.11 r=-0.19
BlowingSnow 56 | 200 4 56 1 72
5 | 128 57 | 272 60 | 256
r=0.05 r=0.10 r=-0.16
IceCrystals || 141 115 39 21 27 46
66 67 168 | 161 180 | 136
r=0.17 r=-0.04 r=-0.17
Fog 56 | 200 8 52 3 70
11 122 59 | 270 64 | 252
In each cell: Laminated NonLamCloudy = NonLamClear
TP | FP IREETson's correlation coefficientifilil
FNITN | .4 05 0 05 1

Figure 3. Daily resolution: Correlogram showing the correlation between computer classified sky scenes (laminated, non-laminated cloudy,
and non-laminated clear days) and ECCC weather reported at ground level. Each cell is coloured according to its correlation coefficient value
r. The one-versus-all confusion matrix in each cell takes ground-based weather as the “truth”, with TP, TN, FP, and FN values arranged as in

the legend at lower left.

following the hour of interest. For example, consider two adjacent hourly bins, Hour 1 and Hour 2: a laminated region that
begins in Hour 1 and continues into Hour 2 must meet the 3-minute threshold in each hour independently for both hours to be
classified as Laminated.

Computers can identify cloud locations more easily than laminations, and the inclusion criteria are stricter. For non-laminated
hours, the cloudiness classification requires that at least 40% of the minimum 30-minute duration for a cloud (i.e., 12 minutes)
be present entirely within the hour of interest for it to be considered Nonlaminated Cloudy. If the threshold is set too low, many
hours which are predominantly clear would be classified as “cloudy”. If the threshold is set too high, a cloud that spans two
hour bins may be rejected.

Obscured and Incomplete criteria are assessed for each hour independently, with the full duration criteria required within an
hour of interest for that hour to receive one of these classifications.

The result is shown in Figure 4 and includes 10825 hours of sky scene and weather observations. Some points about the
result are: 1. Hours are omitted if they are classified as Incomplete or Obscured, or if there is no coincident ECCC weather
report for that hour. 2.Data are omitted in the daily analysis if the day as a whole was classified as Incomplete or Obscured, or
if the laminations occurred during an hour with no reported ECCC weather. 3. Lamination and precipitating snow events which

were separated by many hours can give a positive correlation at daily resolution, despite not happening simultaneously. This is
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unlikely at hourly resolution, as hour-by-hour coincidence is required. 4. The delay between the occurence of a precipitation-
generating sky condition and the time when the weather is reported at the surface, may would not show positive correlations in

our test. A dataset without gaps would allow us to identify such lag behaviour.

6.2 Results

Correlation of sky scene and weather
All altitudes (0.25 - 5 km) at hourly resolution

r=0.50 r=0.04 r=-0.38
PrecipSnow || 666 | 765 316 | 2462 37 | 6636
353 | 9098 | | 703 | 7401 982 | 3227

r=0.01 r=0.03 r=-0.04
Rain 4 |1427 9 (2769 2 |6671
11 9440 6 [8098 13 | 4196

r=0.03 r=0.08 r=-0.10
BlowingSnow || 77 | 1354 179 | 2599 148 | 6525
327 | 9124 || 225 | 7879 | | 256 | 3953

r=0.00 r=0.04 =-0.04
IceCrystals || 370 | 1061 796 | 1982 | | 1613 | 5060
2409 | 7042|1983 | 6121| |1166 | 3043

r=0.04 r=0.04 r=-0.07
Fog|| 62 | 1369 109 | 2669 | | 121 | 6552
230 | 9221 183 | 7921 171 | 4038

Laminated NonLamCloudy  NonLamClear
In each cell:
TP | FP IBEETSon's correlation coefficientiFi
INJTN | Ly 05 0 05 1

Figure 4. Hourly resolution: Correlogram showing the correlation between computer classified sky scenes and ECCC weather reported at

ground level. The details within each cell are given in the caption of Fig. 3.

Considering the precipitating snow class, correlations with laminations are stronger (positive and negative) than those with
other weather conditions (see Fig. 4), but the hourly correlations are weaker than the daily correlations (r=0.62 daily to 0.50
hourly). Nonlaminated Cloudy has changed sign from strongly negative to weakly positive (r=-0.37 daily to r=+0.04 hourly),
and Nonlaminated Clear has decreased in strength (r=-0.41 daily to r=-0.38 hourly). No other classifications correlate (r<0.1).

The change in sign for Nonlaminated Cloudy correlations from moderately negative to a very small positive can be partly
explained by several known limitations of the computer lamination identification algorithm: (1) The thinnest laminations are
not included in the identification, which leads to those hours being binned hourly as Nonlaminated Cloudy. (2) The algorithm
is very conservative in identifying the start and end of the laminated regions. The edges of some regions are missed, thus some
hours that actually have laminations are classed as Nonlaminated Cloudy.

When there is a time lag (positive or negative) between the onset of laminations and the precipitating snow, the bins identi-

fying laminations may lead or lag those identifying with snow, thereby reducing the correlation coefficient. We conducted an
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auto-correlation analysis and found no lag; however, since the data are discontinuous, a rigorous study was not possible, and a
visual analysis at hourly resolution may be required.

At daily resolution, the visual and daily computer method criteria are closely comparable, but at hourly resolution, using the
computer algorithm, the likelihood of false negative laminations increases. Given a hypothetical day with laminations during all
22 weather-observed hours, we would expect 1 true positive at daily resolution, 22 true positives at hourly resolution. However,
suppose the algorithm detects the laminations during only one of the hours. In that case, the daily resolution result is the same
(1 true positive), and the hourly result would be one correctly classified hour (Laminated, true positive) and 21 incorrectly
classified hours (Nonlaminated Clear or Nonlaminated Cloudy, false negatives). Therefore, optimizing detection criteria for

laminated pixels is very important at the hourly resolution.

7 Altitude separation

Radenz et al. (2021) have demonstrated that for similar temperatures, cloud layers that are coupled to the aerosol-rich boundary
layer show larger and more rapid ice formation than de-coupled clouds (cloud base above 2 km); most aerosols are confined
below 2 km at their non-Arctic study site, but they cite similar Arctic results from Achtert et al. (2020). Shipborne Arctic
lidar measurements by Griesche et al. (2021) indicated that for mixed-phase clouds above -10°C, heterogeneous ice formation
occurs 2 to 6 times more often when the cloud layer is coupled to the surface, than when it is not. Below -15°C, this difference
is reduced. This finding is consistent with the hypothesis that continental aerosols are the dominant ice-nucleating particles in
the Arctic free troposphere.

We now extend our analysis to different altitude regions and find that the sky scenes from CRL often show quite different
features below 1 km than above that altitude. Further, the computer algorithm shows a bias toward including more laminations
at lower altitudes than the visual method does, and these laminations tend to be thicker and have a different visual appearance
than those at higher altitudes. We analyzed two separate altitude regions: “Low altitude” (250-1000 m) and “High altitude”
(1000-5000 m).

7.1 Method

For this analysis, the identification of Obscured regions was done by examining the top 150 m of each altitude region: 4.85 - 5

km for the upper altitude region and 0.85 - 1 km for the lower altitude region.
7.2 Results: Low and High altitude sky scene classification

Fig. 5 presents the hourly resolution correlations between the sky scene and ECCC weather for 250 m to 1 km in panel 5(a)
and 1 km to 5 km in panel 5 (b).

Precipitating snow is the only type of weather showing any significant correlation with sky classification. The highest positive
correlation is between laminations and snow at high altitudes (r = 0.47), and weaker correlation at low altitudes (r = 0.3).

Nonlaminated Cloudy skies show an interesting result, where high altitudes still show no correlation with snow, but low
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(@)  correlation of sky scene and weather (b) correlation of sky scene and weather
Low altitude (0.25 - 1 km) at hourly resolution High altitude (1 - 5 km) at hourly resolution
r=0.30 r=0.38 r=-0.50 r=0.47 r=0.08 r=-0.39
PrecipSnow || 455 | 331 1229 | 1907 | | 443 |[11571 585 | 692 316 | 2111 65 | 7050
1672 | 13478 | 898 [11902| 1684 | 2238 381 | 9161 650 | 7742 901 | 2803
=-0.02 r=0.09 =-0.07 r =0.02 r=0.03 r=-0.04
Rain 0 | 786 89 | 3047 81 |11933 4 [1273 9 |2418 2 (7113
170 14980 81 (12719 89 |3833 11 | 9531 6 |8386 13 | 3691
r=0.02 r=0.10 r=-0.10 r=0.04 r=0.09 r=-0.11
BlowingSnow 43 743 233 | 2903 | | 307 |[11707 72 | 1205 169 | 2258 161 | 6954
540 |14610| | 350 [12450| | 276 | 3646 330 | 9212 233 | 8159 241 | 3463
r=0.07 r=-0.01 r=-0.02 =-0.01 =-0.01 r=0.02
IceCrystals || 246 | 540 557 | 2579 | |2193 | 9821 314 | 963 597 | 1830 | |1858 | 5257
2750 |12400 2439 | 10361/ | 803 | 3119 2455 | 7087 | 2172 | 6220 911 | 2793
r=0.02 r=0.10 r=-0.10 r=0.03 r=-0.02 r=-0.01
Fog 39 | 747 212 | 2924 | | 261 [11753 53 | 1224 53 | 2374 180 | 6935
473 [14677| | 300 |12500( | 251 | 3671 233 | 9309 233 | 8159 106 | 3598
Laminated NonLamCloudy  NonLamClear Laminated NonLamCloudy = NonLamClear
Ineachcell: | TP | FP IBEGson's correlation coefficientiFilill
LN M4 .05 0 05 A

Figure 5. Correlograms showing the correlation between computer-classified sky scenes and ECCC weather reported at ground level. (a)

Hourly, low altitude (b) Hourly, high altitude. Confusion matrices in each cell have the same style as in Fig. 3

altitudes show a moderate correlation (r = 0.38). Possibly, snow has been formed in higher-altitude laminated clouds, rather
than being produced locally below 1 km (see Fig. 6).

The moderate negative correlations between precipitating snow and clear skies in both altitude ranges (r = -0.50 at low
altitude, and r = -0.39 at high altitude) are consistent with the results for the entire altitude range 0.25 - 5 km together in Fig. 4.

Remaining comparisons in Fig. 5 have small correlations not exceeding r= £0.11.

We next examine the various combinations of sky scenes that occur between low- and high- altitude regions, and relate
them to the production of precipitating snow. Some combinations occur seldom, for example, a clear sky at high altitude
simultaneously with laminations at low altitude (30 hours). Other combinations occur more often, e.g., clear sky simultaneously
in both altitude regions (6678 hours). Table 2 shows the number of hours with each combination of sky conditions. Obscured
and Incomplete hours, and those with no weather report available, have been omitted.

Figure 6 shows the correlations present with each combination of a low and a high sky scene classification shown in Table
2. Only hours with valid sky scene classifications for both altitude regions independently, and a corresponding ECCC weather
report are included and 10810 hours met these criteria, with 961 reporting snow (8.9% of the hours in this sample), and 9849
hours not reporting snow. There was no appreciable change in the results in this section when we repeated the correlation test
using a randomly selected 961-hour subset of the hours with no reported snow, to match the sample size of the hours reporting

Snow.
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Table 2. Number of hours in the input dataset for Fig. 5 with each combination of high altitude sky scene classification and low altitude sky

scene classification.

EGUsphere\

High Laminated | High NonlamCloudy | High NonlamClear
Low Laminated 632 59 30
Low NonlamCloudy 349 698 405
Low NonlamClear 289 1670 6678

Correlation of high/low alt sky scene combinations
and precipitating snow at hourly resolution

—_ r=0.44 r =0.087 r=0.0021
£ Laminated|[ 374 | 258] [ 25 | 34 3 | 27
AN 587 | 9591| | 936 | 9815| | 958 | 9822
- L
g r=0.28 r=0.2 r=-0.019
"o NonlamCloudy || 186 | 163| | 216 | 482 25 | 380
B 775 | 9686| | 745 | 9367| | 936 | 9469
S r=-0011 r=-0.066 = -0.37
§ NonlamClear |[ 20 [ 269 | [ 75 [1595][ 37 [6641
941 | 9580/ | 886 | 8254| | 924 | 3208
Laminated NonlamCloudy NonlamClear
High altitude (1 - 5 km)
In each cell:
T | FP ‘n's correlation coefﬁci_
FNJTN | .4 -05 0 0.5 1

Figure 6. Correlograms showing the correlation between computer-classified sky scene combinations (high altitude sky classification on
the x-axis and low altitude sky classification on the y-axis) and ECCC weather reported at ground level, considering only the presence or
absence of precipitating snow. Confusion matrices in each cell have the same style as in Fig. 3. Presence of precipitating snow is considered

the “truth”, and the sky scene combination is considered the “prediction”.

The two altitude ranges cannot be considered entirely independently, since precipitation and meteorology in one part of
the atmospheric column affect other regions. Precipitating snow from above can seed more precipitation in lower clouds.
When laminations are present at any altitude (1359 hours), nearly half are found in both the low- and high-altitude regions
simultaneously (632 hours, or 47 % of such samples), and correlation with snow is highest in these cases (r = 0.44). Equally
often, both altitudes are cloudy, but laminations are confined exclusively to the higher-altitude region (638 hours, 47 % of the
samples), and the correlation with snow is moderate (r = 0.28). Laminations are seldom confined exclusively to the lower-

altitude region (89 hours, 6.5 % of the samples), and in these cases, there is practically no correlation with snow (r = 0.09).
7.3 Discussion

The highest correlation with snow is with laminations present at all altitudes, dominated by the presence of laminations at
high altitudes, influenced only negligibly by the addition of laminations at low altitudes. Given the stark visual differences

between laminations identified at low and high altitudes, it is perhaps for good reason that the thicker low altitude stripes were
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generally discounted by visual observers - these appear to be a distinct atmospheric feature, undergoing different processes.
Therefore, the “false positive” lamination cases may be misidentifications of features from a phenomenon quite separate from
the processes of the thinner, higher laminations which are related to the production of snow. In the future, refinements to the
detection criteria (particularly at the hourly resolution) are needed in order to reject the thick, low-altitude layered features, if

the focus is to be on laminations which are related to precipitating snow.

8 Physical interpretation of laminations, and outlook

The laminations discussed in this study, particularly their potential role in precipitation formation, represent a relatively recent
observation from a data-sparse region of the atmosphere: the Arctic troposphere. Several questions direct our interpretations
and future investigations.

We become interested in the spatial distribution of hydrometeors as they form within the clouds: Are more, or larger, hy-
drometeors preferentially formed in-situ within the confines of the positive layers? If so, this may indicate that the laminated
structure precedes and predisposes the cloud to the production of snow. Conversely, are droplets and/or crystals formed uni-
formly throughout (at least part of) the cloud volume, with those of a particular phase or crystal shape then accumulating
preferentially in layers as they fall? In the latter case, the formation and movement of precipitating snow would then be respon-
sible for initiating the development of the laminated structure of the cloud.

We have some insight based on lidar measurements. Observational evidence from McCullough et al. (2019) suggest that
the structure of the laminations may precede the condensation into cloud: There are examples of continuous individual stripes
extending from one cloudy region through an area of lower overall backscatter into another cloudy region.

In the future, investigations into the dynamics of these laminations and the individual hydrometeors within them would bene-
fit from comparisons with similarly layered cloud structures observed in other atmospheric regions, even if their microphysical
formation mechanisms differ. For example, mesospheric noctilucent clouds (NLCs) studied by Schifer et al. (2020) frequently
exhibit morphologies strikingly similar to those described here. Both tropospheric and mesospheric laminations share several
features: stacks of thin layers within a cloud, persistence exceeding one hour, rapid vertical variation, and both parallel and
non-parallel layer motion. Such similar structures in two distinct atmospheric regimes suggest that thin laminae may be more
widespread than currently recognized, perhaps overlooked due to insufficient measurement resolution.

Given that the visual approach becomes unwieldy for large datasets and that large datasets are necessary, this computer
algorithm, broadly applicable to any visually similar phenomenon, provides an efficient tool for future investigations.

Measurements of supporting cloud and atmospheric properties at much higher spatial resolution will elucidate the differences
in the atmospheric state between positive and negative stripes, both within and surrounding laminated clouds. Presently, density,
temperature, and relative humidity measurements are commonly available at resolution far coarser than those required for such
an analysis, e.g. from radiosondes. We anticipate that higher resolution data taken during intensive ground-based and aircraft
campaigns, intended to be co-added to maximize signal-to-noise, may have additional applications at its native resolution for

an investigation of laminated clouds and the background laminated structures they seem to inhabit.
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9 Conclusions

We have developed a computer algorithm to automatically identify laminated cloud features in daily time—altitude arrays of
log(attenuated backscatter) lidar measurements. It automatically detects and quantifies laminations, providing a new tool for
investigating cloud microphysics in regions with sparse in situ measurements. To demonstrate its utility, we validated it using
the results from our previous visual identification method.

In the first validation of the daily results, the algorithm achieved an accuracy of 0.86, an F1-score of 0.76, and a correlation
coefficient of r = 0.66, comparable to the visual method. The second validation with the ECCC data confirmed that the strong
correlation observed visually between laminations and snow was also present. The algorithm had a correlation coefficient of r
= 0.62, while the visual method had r = 0.63.

When the analysis was extended to hourly resolution, a moderate correlation (r = 0.5) with laminated clouds and ground-level
snow was found, compared to r = 0.62 daily.

Laminations above 1 km appear most relevant to the production of precipitating snow detected at the surface, given their
much higher correlation (r = 0.28) as compared to the negligible correlations with laminations below 1 km (r = 0.09). For
laminations that occur simultaneously below and above 1 km, there is a moderate correlation with snow (r = 0.44). With
cloudy skies at all altitudes and with laminations confined exclusively below 1 km, the correlation with snow is negligible (r =
0.09). In contrast, if the laminations are confined exclusively above 1 km, the correlation with snow is much larger (r = 0.28).

The smallest scales the algorithm can resolve are the resolution limit of our lidar, 7.5 metres, and these are detectable only
if the individual stripes making up the laminations each remain horizontal over a continuous 10-minute period. However, these
fine features suggest that even finer measurements are needed.

These results underscore the importance of high-resolution lidar observations for studying fine-scale cloud structures are

relevant to Arctic precipitation formation.

Code and data availability.

— CRL data: A standardized set of range-scaled photocount plots is available in the Borealis CRL Dataverse data repository (McCul-
lough, 2021). The associated .mat files contain time, altitude, and range-scaled signal values, allowing the reader to reproduce the plots
at any desired colour scale or aspect ratio. A spreadsheet identifying the visual method sky-scene classification for each day is also
provided. Further CRL measurement data is available upon request from the corresponding author (e.mccullough@dal.ca).

— ECCC data is available at: https://climate.weather.gc.ca/historical_data/search_historic_data_e.html; Last verified 6 June 2020. The
search parameter used is: Station Name “Eureka”.

The three links to Station “Eureka A” all include data from dates applicable to this project. They link to sites with different Climate
ID numbers assigned by the Meteorological Service of Canada, and the weather observations for these sites are all made near the CRL
lidar. New Climate ID numbers are assigned when stations discontinue a particular type of observation, even if other observations

continue at the exact location, under the same site name. The three links are:
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— Climate ID 2401203. Most of the data used in this paper are from this site, located at -85.81 W, 79.99 N. Data are available from
2016 Feb 22 at 15:00 UTC through the last day of measurement included in this paper, 6 December 2019 and beyond. Date last
verified in June 2020.

— Climate ID 2401208. Not used in this paper. No data are available for early February 2016. Most days have no recorded weather.
Located at -85.81 W, 79.99 N.

— Climate ID 2401200. This paper uses data from this site only for dates on which it is unavailable from Climate ID 2401203. Data
are available from Climate ID 2401200 for January 2016 through 25 February at 12:00 UTC. This record has more frequent ob-
servations than the record from Climate ID 2401203. However, each record holds fewer values (e.g., the version from Climate ID
2401203 may say “Blowing Snow, Fog” and have an entry only every three hours, while Climate ID 2401200 records something
every hour, but for that particular entry lists only “Blowing Snow”). Located at -85.93 W, 79.98 N.

Until early 2016, weather observations and temperatures were recorded at or near the Weather Station building at Eureka. After that,
some equipment was moved to the airport runway, which is 1.8 km to the Northeast and 73 m higher in elevation; however, weather
observations are still made at the Weather Station. The Weather Station is closer to the CRL lidar, and at a similar altitude.

There is a mechanism for downloading monthly CSV files of hourly observations, and these are the data used for this project.

A spreadsheet of the weather conditions reported for each study day is included in the Dataverse data repository with the CRL data.

See https://climate.weather.gc.ca/glossary_e.html#climate_ID for further information about interpreting the historical climate data.

— Code availability: The MATLAB software for lamination identification and sky classification is available in the Zenodo code reposi-

tory (McCullough, 2026).
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