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Abstract

Monitoring the status of Arctic marine ecosystems is aided by oceanographic moorings 

that autonomously collect data year-round. Near Hanna Shoal in the northeast Chukchi Sea, the 

Chukchi Ecosystem Observatory moorings include an ASL Environmental Sciences Acoustic 

Zooplankton Fish Profiler (AZFP) datalogger, a multi-frequency upward-looking sonar that is 

programmed to collect data from across the upper 30 m of the water column every 10-20 

seconds. Using six years of nearly continuous data, here we describe a statistical analysis of the 

datalogger's 455 kHz acoustic backscatter return signal. When used in conjunction with a self

organizing map machine learning algorithm, these data allow us to accurately differentiate 

between the presence of sea ice and open water and characterize surface waves. The approach 

detects short-duration (e.g., 15 minutes or longer) sea ice leads that pass over the mooring in 

winter, and sparse ice floes that pass over in summer. The ability to algorithmically identify 

small-scale features within the information-dense acoustic dataset enables rich characterizations 

of sea ice conditions and the ocean surface wave environment. Example applications include 

quantifying the recurrence of leads during ice-covered seasons, sparse ice in otherwise open 

water, statistics of ice keels and level ice, and wave height statistics. By automating the acoustic 

data processing and alleviating labor- and time-intensive analyses, we can maximize the use of 

these year-round acoustic data. Beyond applications to newly produced datasets, the approach 

opens possibilities for the efficient extraction of new information from existing upward-looking 

sonar records from recent decades.
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1. Introduction

The Arctic is undergoing rapid environmental change (IPCC, 2014), and continuous, 

year-round environmental measurements are needed to understand the seasonal and interannual 

variability of this environment and how these conditions structure the local ecosystem. Sea ice is 

a fundamental component of the Arctic marine system, influencing heat (Woodgate et al., 2010), 

freshwater (Carmack et al., 2016), and radiative and turbulent heat fluxes between the 

atmosphere and the ocean (Meier et al., 2014). It also provides a habitat for a multitude of 

species that span all trophic levels, from ice algae (e.g., Nitzschia frigida) to Pacific walrus and 

ice-associated seals (ribbon, ringed, and spotted) (Grebmeier et al., 2006; Meier et al., 2014). 

Residents of Arctic coastal communities depend on the sea ice for hunting and transportation to 

sustain their way of life (Meier et al., 2014). As the Pacific Arctic continues to warm (e.g., 

Danielson et al., 2020), changes in ice conditions can have impacts for Indigenous communities 

and across trophic levels of the ecosystem.

The Chukchi Sea is an Arctic marginal sea connecting the Bering Sea and the greater 

North Pacific Ocean to the Arctic Ocean (see Figure 1). The Chukchi is a broad, shallow inflow 

shelf (Carmack and Wassmann, 2006), approximately 500 km in the zonal direction and 800 km 

in the meridional direction with an average depth of about 50 m (Weingartner et al., 2005; 

Woodgate et al., 2005). It is fed by an annual mean northward flow of approximately 1.0 Sv 

through Bering Strait (Woodgate, 2018). This flow is driven primarily by large-scale pressure 

gradients; the mean sea level of the Bering Sea is high relative to the Arctic Ocean, resulting in a 

downward sea surface slope to the north (Coachman and Aagaard, 1966; Stigebrandt, 1984). The 

nutrient-rich Anadyr Current feeds the flow through Bering Strait (Walsh et al., 1989; Hennon, 

unpubl. data), making the Northern Bering and Chukchi Seas some of the most productive 

marine systems in the world, with carbon fixation rates of up to 250-300 g C m-2 yr-1 (Grebmeier 

et al. 1988; Springer et al., 1989; Walsh et al., 1989; Codispoti et al., 2005; Grebmeier et al., 

2006).

Sea ice is present on the Chukchi Sea shelf from approximately November to July, 

reaching a level (undeformed) ice thickness of ~1.5 m before seasonal melt is triggered by heat 

transported north through Bering Strait (Woodgate et al., 2010; Mahoney et al., 2015; Fukamachi 

et al., 2017; Lu et al., 2020). The presence or absence of sea ice in the Arctic is an important 

factor in climate regulation (IPCC, 2014). Sea ice is also important ecologically for marine life
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of all trophic levels from ice algae to marine mammals, which use the ice for hunting, resting, 

migration, and reproduction.

Figure 1. Map of the Chukchi Sea showing water depths. Bathymetric contours mark 100, 60, 50, 40, 30, 20, 

and 10 m depths. The CEO mooring site is marked with a yellow star.

A bathymetric feature that influences sea ice movement and thickness in the NE Chukchi 

Sea is the oval-shaped Hanna Shoal, located at 162°W, 72°N (Figure 1). With a minimum depth 

of approximately 20 m, Hanna Shoal experiences the grounding of deep ice keels, which in turn 

can lead to the persistence of sea ice in the region into the summer (Fang et al., 2020). As the 

pack ice field is forced past, it piles against the shoal in a wedge shape that typically extends 5 to 

25 km on the upstream side (which changes throughout the winter season), and often forms a 

polynya on the downstream side (Barrett and Stringer, 1978).

The shoal's shallow topography steers the shelf flow field as it crosses the shelf en route 

to the Arctic Ocean. Nutrient-rich Bering Shelf Water follows two pathways around the shoal: 

some northward-flowing waters encountering the shoal spread eastward across the south side, 

while others continue north along the west side where they may become part of an anticyclonic 

flow around Hanna Shoal itself (Fang et al., 2020). The south flank of the shoal is believed to 
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have weak current flow (Grebmeier et al., 2015; Fang et al., 2020) and persistently cold bottom 

water (-0.7 °C annual mean); the slow currents allow settlement of suspended particulate matter, 

which feeds a benthic biological “hotspot” that sustains a walrus foraging ground and provides a 

valuable food source for fish, seabirds, and other marine mammals such as gray whales 

(Grebmeier et al., 2015; Iken et al., 2019).

Despite the Chukchi Sea's ecological importance, oceanographic data are sparse; 

research efforts are expensive and logistically challenging, requiring ships and equipment 

capable of working in ice-covered and potentially hazardous conditions (Danielson et al., 2017). 

The presence of sea ice in the winter months especially impedes ship-based sampling in this 

region, resulting in a lack of in situ data for large portions of each year. Bias of existing data 

toward ice-free seasons thus presents a hindrance to a complete understanding of the mechanistic 

workings of this environment. Due to interacting physical processes such as sea ice formation, 

current flow patterns, and water masses of differing physical, chemical, and nutrient properties, 

the Chukchi Sea experiences significant seasonal and interannual variability in the physical and 

chemical environment (Woodgate et al., 2005; Fang et al., 2020; Lu et al., 2020). In order to 

build a more complete picture of this Arctic environment and the functioning of the local 

ecosystem, and how it may be impacted by a changing climate, long-term, continuous 

monitoring is needed to capture this variability throughout the year.

To meet the challenges outlined above, the Chukchi Ecosystem Observatory (CEO; 

http://chukchiecosystemobservatory.org/) was initially deployed in 2014 (Danielson et al., 2017; 

Hauri et al., 2018). The CEO is a set of annually recovered and re-deployed subsurface moorings 

arrayed in the NE Chukchi Sea at 71.6°N and 161.5°W, located 110 km off of the Alaska coast 

between Hanna Shoal and Barrow Canyon (Figure 1). Since it was first installed, the 

multidisciplinary instrumentation on the CEO has recorded environmental and biological 

measurements, including: data on physical and chemical properties of water, currents, nutrients, 

particulate matter, and marine life, from phytoplankton to marine mammals (Figure 2; Danielson 

et al., 2017). Together, these datasets comprise a growing time series that helps satisfy the need 

for cost-effective, high resolution, and co-located data for use in ecosystem studies, model 

validation, for management applications, and other monitoring purposes. Configured to remain 

below the reach of 30-m deep sea ice keels, the CEO collects data and physical samples all year 

long, regardless of weather or ice conditions.
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The CEO is comprised of two or three moorings each year carrying a suite of sensors that 

includes both passive and active acoustic sensors (Figure 2). An Acoustic Zooplankton Fish 

Profiler (AZFP®) on the CEO collects data on a variety of targets from small zooplankton to 

fishes, and this versatility makes the AZFP well suited to the CEO's multidisciplinary mission. 

Because the AZFP is an upward-looking sonar (ULS), it can be used to investigate the properties 

of the sea surface above the mooring, including the draft of sea ice below the ocean-atmosphere 

interface, level ice growth and ablation, and how these change on time scales of minutes to years.

The conditions of sea ice growth and decay affect acoustic properties of ice as its 

character is sensitive to changes in temperature due to the inclusion of salts in the structure 

(Jezek et al., 1990). Brine pockets in the ice evolve throughout the winter season. As the ice 

grows, these pockets become increasingly constricted and isolated (thus reducing porosity and 

permeability). When the ice begins to warm, brine channels grow and form tunneled connections 

with nearby pockets that eventually allow the brine to drain back into the ocean, influencing both 

the salinity of the water beneath the ice (which alters the speed of sound through the water 

column) and the ice's porosity (Light et al., 2003). Warming tends to smooth the bottom of the 

ice through the ablation of under-ice structures (Jezek et al., 1990). These processes produce 

measurable differences in acoustic backscatter that can be leveraged to characterize the sea ice 

environment as it changes throughout the year at the CEO site.
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Figure 2. Diagram of the 2020-2021 CEO mooring designs and instrumentation/measurement parameters. The 

AZFP instrument, which measures fish and zooplankton acoustic backscatter, is located at the top of Mooring 

2.

Herein we analyze six years of subsurface mooring-based acoustic data collected from 

summer 2014 to summer 2020 in the NE Chukchi Sea with two primary objectives. First, we 

seek to develop an algorithm to use the acoustic returns of an upward-looking sonar to calculate 

estimates of sea ice draft and significant wave height at the CEO site. Second, we seek to 

develop a procedure that efficiently separates periods of ice cover from periods of open water 

using a machine learning technique. Together, these methods can be used to characterize the 

local sea ice environment at the mooring site to gain a better understanding of seasonality, 

interannual variability, and acoustic nature of the ice over the mooring. Section 2 details the 

processing and handling of the AZFP dataset, ancillary datasets from additional sensors co

located on the mooring cluster, and analysis techniques. Section 3 classifies ice-covered and 
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open-water periods using a machine learning algorithm, and Sections 4 and 5 provide discussion 

and conclusions, respectively.
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2. Methods

2.1. Acoustic data

The AZFP on the CEO is built by ASL Environmental Sciences of Sidney, BC, Canada, 

and is configured with four frequencies: 38, 125, 200, and 455 kHz. It sends acoustic pulses 

upward through the water column and records reflected echoes of scattering volume (Sv) in 

decibels relative to the transmitted signal, and adjusted for beam spreading. Our analyses are 

based on measurements of the 455 kHz transducer (the frequency with the shortest wavelength 

and hence the ability to best resolve the small length scales) and a nominal speed of sound of 

1450.5 m s-1. The 455 kHz (7° beam width for an open-water level surface footprint of 

approximately 12.8 m2 over a distance of 33 m) return signal is digitized at a rate of 64 kHz and 

time-gated into discrete bins, giving a maximum achievable resolution of about 1.1 cm. The 

AZFP was deployed at depths of 28-33 m amongst the years and programmed to ping at a rate of 

three to six times per minute (Table 1). In the second deployment year (2015-2016), six pings 

were averaged into 60-second ensembles onboard the instrument, while in the other deployments 

individual pings were recorded every 15 or 20 seconds.

Table 1. Details for each annual AZFP deployment, including the start time, target depth for the top of the 

CEO mooring frame, bin size, ping rate, and samples recorded. The CTD offset is an estimate of the distance 

between the pressure sensor and the AZFP transducer on the mooring.

Deployment
Years

Start Date 
and Time 
(GMT)

Target
Depth (m)

Bin Size
(m)

Ping
Interval (s)

Samples per 
ping

CTD offset
(m)

2014-2015 9/20/2014
22:48:00 28 0.0113 15 3384 0.38

2015-2016 8/20/2015
16:53:00 33 0.0340 10 1176 0.84

2016-2017 8/4/2016
4:33:00 33 0.0113 20 3528 0.84

2017-2018 8/15/2017
1:03:00 33 0.0113 20 3528 0.84

2018-2019 8/6/2018
5:00:00 33 0.0340 15 1176 0.98

2019-2020 8/19/2019
16:03:00 33 0.0113 20 3529 0.84
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To eliminate measurements taken during mooring placement or retrieval, one hour of 

AZFP data was removed from each end of all deployments. Echo returns from within 3 m of the 

transducer were also excluded from the dataset to eliminate acoustic nearfield ringing (Gonzalez 

et al., 2021).

2.2. Ancillary data

Measurements of temperature, salinity, and pressure were obtained from a Sea-Bird 

Scientific SBE-16 SeaCat conductivity-temperature-depth (CTD) datalogger installed on the 

mooring adjacent to the AZFP (Figure 2). The CTD was calibrated at the manufacturer's factory 

prior to deployment in each year. Recovered data were screened for drift, spikes, and other 

possible error sources.

Atmospheric sea level pressure records were obtained from the European Centre for 

Medium-Range Weather Forecasts (ECMWF)'s ERA5 reanalysis (https://www.ecmwf.int/en/ 

forecasts/dataset/ecmwf-reanalysis-v5). The CTD and ERA5 datasets both have a time resolution 

of one measurement per hour. To associate environmental conditions with each ping, these 

datasets were linearly interpolated to the AZFP observation times.

Estimates of sea surface temperature were provided by the National Oceanic and 

Atmospheric Administration (NOAA)'s Optimum Interpolation Sea Surface Temperature 

(OISST) dataset (https://www.ncei.noaa.gov/products/optimum-interpolation-sst; Huang et al., 

2021). This long-term record acquires observations primarily from satellites but also incorporates 

available in situ data. The OISST dataset is processed onto a 25 km grid with a temporal 

resolution of one measurement per day.

The CEO installation also includes a Teledyne RDI Waves Sentinel acoustic Doppler 

current profiler (ADCP) that is equipped with the functionality to measure significant wave 

height and direction. The ADCP recorded waves with a burst of pings every 1-4 hours, 

depending on the deployment year. We use the ADCP-derived surface wave data, processed 

using the manufacturer's software, to assess the AZFP instrument's ability to generate estimates 

of surface wave height.
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Here, η is derived from the pressure measured at the co-located CTD and atmospheric sea level 

pressure from reanalysis, while zs is derived from the AZFP data. The undisturbed sea level is the 

sea level for which variations due to wind, tide, and storm surge waves, atmospheric pressure 

variations, and other surface fluctuations that are resolved by the hourly CTD and ERA5 

measurements have been removed. Since these fluctuations affect both η and zs equally, they are 

cancelled out in the calculated ΔR.

To calculate zs, we apply the formula:

9

2.3. Locating the acoustic reflection

For the general case of either ice-covered or open-water conditions, we form individual

ping estimates of the distance between the local undisturbed sea level, η, and the ocean-ice or 

ocean-atmosphere interface as:

where r is the time-gated range between the AZFP transducer and the target of interest (either the 

sea surface or the bottom of the ice), φ is a correction for instrument tilt, and β is a correction for 

the speed of sound (Figure 3; Birch et al., 2000). Wind, tide, and storm surge waves, atmospheric 

pressure variations, and other surface fluctuations that are resolved by the hourly CTD data are 

captured in both r (by the AZFP) and η (by the co-located CTD pressure sensor and the ERA5 

estimates of the local atmospheric sea level pressure) terms, and are thus removed from the ΔR 

estimate by Eq. 1.



Figure 3. Diagram of the components used to calculate ΔR from AZFP data.

A first-order estimate of instantaneous distance, r , from the AZFP transducer to the 

ice/ocean or ocean/atmosphere interface is obtained through analysis of individual ping echo 

amplitude profiles and amplitude gradient profiles. Acoustic returns during both ice-free summer 

days and ice-covered winter days exhibit prominent peaks in the backscatter amplitude, which 

we take to represent the location of the reflection surface (Figure 4). Comparison of the time

gated bin of maximum Sv amplitude to the bin of maximum Sv gradient magnitude shows the two 

to be identical 99.993% of the time across the six-year dataset, suggesting that either method is 

useful for identifying the reflection surface location. For the purpose of this study, we define the 

raw (uncorrected) distance from the AZFP transducer to the target as the bin of the maximum 

amplitude return signal.
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Figure 4. Plot of representative acoustic pings from the AZFP dataset. Each plot shows the acoustic 

backscatter amplitude scattering volume Sv of a single ping plotted over uncorrected distance from the AZFP 

transducer (blue), and the Sv gradient (red). The left panel shows a ping from open-water conditions, and the 

right panel shows a ping from ice-covered conditions. The gray dashed line represents the 3-m nearfield echo 

exclusion threshold.

The AZFP is subject to movement from forces acted upon the mooring by ambient 

currents. This movement causes slight instrument tilt, which distorts the orientation of the 

transducer and the distance between the transducer and the ice directly above. To correct for 

transducer tilt, the AZFP records pitch, γ, and roll, α, in degrees. Using the spherical coordinate 

system, we apply a correction for instrument tilt, φ, according to the trigonometric relation:

11

Eq. 2 thus represents a correction factor that aligns the ice draft into the vertical coordinate rather 

than taking the off-vertical tilted distance.

The variable β in Eq. 2 represents a correction factor for the effects that changes in the 

water column have on the speed of sound. Seasonal variations in temperature and salinity exert 

non-negligible effects on density and thus the apparent distance from the AZFP transducer to the 

surface (Melling et al., 1995; Birch et al., 2000). The correction is computed as a ratio between 

the true sound speed and a representative speed of sound; in this case, the AZFP calculated the 

time-gated distancing for each bin based on a nominal speed of sound of 1450.5 m s-1. We 

applied an initial correction for the values of temperature, salinity, and pressure measured by the 

CTD at the AZFP depth, though some uncertainty remains due to a lack of information on the



overlying water column. Frequent CTD casts at the CEO site are logistically impractical, and as 

summer approaches the surface waters tend to warm and freshen; surface conditions are not 

captured by the CTD onboard the mooring. We can assess the potential error induced by 

incomplete knowledge of the hydrographic structure by comparing speed of sound variations 

associated with maximum expected temperature and salinity variations. Given the efficiency of 

ice keels to induce water column mixing (Skyllingstad et al., 2003) and the convective overturn 

associated with brine rejection as salts from forming sea ice are released into the water column, 

creating dense, salty water that deepens the mixed layer (Carmack et al., 2016), we assume a 

weakly stratified water column during late fall, winter, and early spring. We estimate a likely 

maximum deviation of about 1 °C and 1 PSU for a fractional error of up to 0.43% in the speed of 

sound estimate. During the late spring and early summer ice melt time interval, a two-layer water 

column with stratification at 5 m depth could show cross-pycnocline differences as large as 1 °C 

and 3 PSU (e.g., Lu et al., 2020), with a potential error of 0.62%. For the winter situation, we 

thus estimate speed of sound errors might induce a total distance error between the AZFP 

transducer (deployed at a depth of 33 m) and the ice-water interface of 0.28 cm for a 1-m ice 

draft and 0.20 cm for a 10-m ice draft. For spring, these errors increase to 0.40 and 0.29 cm, 

respectively. In mid- to late summer, surface waters can reach 8-12° C; sea ice is generally not 

found in the presence of such warm water, but estimates of ΔR for surface waves can be affected 

in this case. For example, a cross-pycnocline difference of 10° C and 3 PSU yields a fractional 

error of 3.47%, with gives errors of 2.36 cm for 1-m waves (at the crest) and 2.64 cm for 5-m 

waves (the highest wave crest above undisturbed sea level detected for the six-year AZFP dataset 

is 5.21 m).

This error can be at least partially mitigated by incorporating our knowledge of β from 

the ice-free intervals. Common practice (Birch et al., 2000) is to use open-water events (e.g., 

leads and polynyas that form or pass over the CEO mooring) to compute range corrections. To 

calculate β for the periods when ice is over the mooring, we compute the daily mean β for ice- 

free intervals of each day that contains more than 15 minutes' worth of open-water pings, and 

then linearly interpolate between successive open-water tie points (Melling et al., 1995; Birch et 

al., 2000). Changes in β over the course of one day are generally expected to be small. The 

calculation of β can be a labor-intensive process when identifying and selecting open-water 

events by hand (Melling et al., 1995; Birch et al., 2000). To improve the process, we here seek to 
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where ρ is density calculated from the co-located CTD measurements of temperature, salinity, 

and pressure (Tctd, Sctd, Pctd), respectively; Patm is atmospheric pressure from ERA5; g is 

gravitational acceleration (9.8 m s-2), and ηΑ is an alignment correction for zeroing the reference 

level, based on the open-water time intervals. Pctd includes a correction for the location offset 

between the transducer and the CTD pressure sensor (Table 1). Recognizing that the calibrated 

CTD pressure measurement includes hydrostatic pressure of the water column referenced to zero 

at the bottom of the atmosphere, the appropriate atmospheric pressure correction Patm is the 

deviation of atmospheric pressure from the local mean

Patm = Pera5 - mean(PERA ). (Eq. 5)

The local mean atmospheric pressure at the CEO site is approximately 1015 mbar (depending on 

year), so the calibrated CTD pressure reference of 14.7 psia (1013.53 mbar) represents an 

average offset of ~1.5 cm in height. This offset is accounted for in the final elevation correction. 

Harmonic analysis of the CTD pressure sensor shows that the magnitude of the resolved (signal- 

to-noise ratio > 2) tidal constituents sum to 16.8 cm, representing 14.7% of the total sea level 

variability at the CEO site.

An additional final adjustment, ηΑ, was applied to the entire dataset to bring it into 

alignment with an empirically identified reference mean sea level. This was determined by 

computing the mean ΔR of all open-water pings across the 6-year dataset and applying this offset 

to the entire time series. For this dataset, ηΑ = 0.002 m, which is much smaller than other 

expected sources of error.

Certain unquantifiable errors in ΔR estimates and β exist in the form of: inaccuracies in ΔR 

due to interactions of the sonar beam with target features in an off-axis position, uncertainties of 

the temperature and salinity profiles for the water column above the mooring, and potential 

errors introduced in the speed of sound correction due to lack of mid-winter open-water 

calibration tie points. Estimates of ΔR are made with the assumption that the ULS target is on the 

axis of the sonar beam, when in practice the acoustic pulse (and its beam footprint) encounters 

ice features or waves in an off-axis position, causing a biased estimate of draft for that ping

13

automate the identification of leads using a machine learning approach (discussed below in 

Section 2.6).

The undisturbed sea level, η, is derived from the hydrostatic equation:



(Melling et al., 1995). As previously discussed, variations in temperature and salinity in the 

water column above the mooring skew the sound speed, particularly in the warmer months. 

Warming at the sea surface due to solar radiative input and ice melt are not detected at the depth 

of the CTD on the mooring. We are able to apply a correction for β using undisturbed sea level, 

but this approach does not take into account any structure of the overlying water column and is 

only valid during periods of open-water conditions. When ice is present, the undisturbed sea 

level may be obscured for weeks or even months at a time, and as ice thickens, uncertainty in 

sound speed grows (Melling et al., 1995).

Additional errors may also be introduced by our method in using open-water periods to 

refine the speed of sound correction. When waves break, air bubbles are injected into the water 

column, sometimes to a depth of several meters or more. Since bubbles strongly scatter sound, 

Melling et al. (1995) found identification of the sea surface interface in heavily agitated water to 

be inaccurate and therefore unsuitable for use in speed of sound corrections. Since our automated 

method utilizes all available open-water data, inaccuracies in the β calculation are expected to be 

largest during periods of storms and high winds. However, because we make daily estimates of 

β, based on over 4000 pings per day, occasional pings that are biased due to bubbles will likely 

have negligible impact on β.

2.4. Ensemble statistics

In order to improve our accuracy in separating the presence of open water and from sea 

ice, the full-resolution AZFP dataset is assembled into 15-minute ensembles, and a suite of 

statistical metrics computed on each of the of ΔR and Sv parameters. In addition to the ensemble 

mean, we also evaluate each interval's standard deviation, minimum, maximum, range, 

skewness, and kurtosis.

2.5. Self-organizing map

Deriving sea ice draft from acoustic data can be a labor-intensive process, in part because 

of the need to identify often sparse but sometimes numerous open-water intervals that provide a 

sea level reference (Melling et al., 1995; Birch et al., 2000). To aid in distinguishing of open 

water from ice cover, we use a self-organizing map (SOM) algorithm, a software tool that is a 
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useful instrument for pattern extraction from noisy data (e.g., Kohonen, 1998; Richardson et al., 

2003; Liu et al., 2006). The SOM's utility makes it suitable for applications in a wide range of 

disciplines, including meteorology, biological and physical oceanography, agriculture, and 

economics (Liu et al., 2006; Mihanovic et al., 2011).

The SOM is based on an unsupervised neural network (Kohonen, 1982; Liu et al., 2006), 

and its resulting output allows for the simple visualization of otherwise complex, high

dimensional data. By a recursive regression process, the SOM converts nonlinear statistical 

relationships between data into a low-dimensional gridded “map” from which patterns may be 

identified. To start the sequential pattern training process, each unit on the map is assigned a 

random weight. Input data from the high-dimensional space are passed into the SOM algorithm, 

which calculates the Euclidian distance between the weight vector of the unit and the data 

according to an activation function. The weight vector of the unit with the highest activation (i.e., 

the smallest Euclidian distance) becomes the “winner,” or best matching unit (BMU), and the 

weight vector of the BMU is moved toward the input data. Additionally, a neighborhood 

function is applied to modify the weight vectors of neighboring units. The training phase then 

repeats until the map has evolved into a steady solution. The result is a map in which similar data 

points are grouped more densely on the grid than unlike data points (Kohonen, 1998; Liu et al., 

2006).

The SOM evaluation is performed using the MATLAB SOM Toolbox 

(http://www.cis.hut.fi/projects/somtoolbox/). For this study, we process the SOM input data by 

employing a batch training process, a more computationally efficient method than the sequential 

training process, wherein all input vectors are simultaneously used to update all weight vectors 

(Liu et al., 2006). The batch training algorithm is configured to run for ten iterations.

The SOM Toolbox has four available types of neighborhood functions: “gaussian,” 

“cutgauss,” “ep” (Epanechikov function), and “bubble.” We tested all four functions and found 

no meaningful difference between them in accurately identifying open-water segments, with the 

exception of the bubble function. The bubble function designates all ensembles as open water 

and is, therefore, not a valid choice for this application. For this study, we utilize the ep function.

Assuming a priori (justifications provided in Section 3) that ice-ocean and ocean

atmosphere interfaces exhibit contrasting acoustic characteristics, we configure the SOM 

algorithm to search for two patterns in the 15-minute AZFP statistics listed in Section 2.5. The 
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BMUs thus provides a separation of the data into 15-minute intervals that are primarily open 

water, and intervals that have sea ice present above the CEO mooring. Because the SOM can be 

sensitive to signal variance, we normalized each variable prior to analysis by subtracting its 

mean and then divide this difference by the record length standard deviation. We subject the 

SOM results to sensitivity testing to identify the optimal input parameters, averaging period, and 

input variables to use for the identification of open water and ice cover.

Application of the SOM algorithm is presented in Section 3.3.

2.6. Method for constructing ΔR

Combining the results and analysis techniques described above, we can envision an 

automated procedure that can be applied to generic ULS datasets. Such an algorithm (Figure 5) is 

based on Equation 1 to calculate ΔR and the SOM neural network. With notable fidelity, the 

SOM identifies open-water intervals within otherwise extensive sea ice cover, and sparse ice in 

periods of primarily open water.

We summarize the approach here and Section 3 will provide detailed evaluations. From 

the individual AZFP pings we first extract the bin containing the maximum echo return 

amplitude (Sv), and use this to estimate the distance from the AZFP transducer to the ocean

atmosphere or ocean-ice interface. AZFP pitch and roll measurements correct the acoustic range 

estimate for instrument tilt, and CTD and atmospheric sea level pressure data enable initial sound 

speed and surface wave corrections, providing a surface reference for initial ice draft estimates 

(ΔR). The estimates contain some error because they are made with the assumption that the water 

column is homogenous with respect to temperature and salinity. Lacking data about stratification 

of the water column above the mooring, we use open-water periods to compute the β correction 

and take these elements into account.

16



Figure 5. Flow chart detailing steps for automating estimates of sea ice draft, wave amplitude, and associated 

statistics from ULS acoustic backscatter data and accompanying CTD and atmospheric sea level pressure 

datasets. Sv represents the amplitude of the acoustic backscatter relative to the transmitted signal, r is the raw 

(unadjusted) distance from the ULS transducer to the ice/ocean or ocean/atmosphere interface, β represents a 

correction for changes in the speed of sound due to water density fluctuations, and ΔR is the calculated 

difference between the mean sea level and the sea surface/bottom of the ice.
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To identify open-water periods in the midst of sea ice over the CEO site, we begin by 

combining the AZFP ΔR and Sv datasets into 15-minute ensembles and computing statistics on 

each ensemble. These statistics provide the input variables for a SOM algorithm, which assigns 

variables to one of two modes, representing open water and ice cover. We use the ensembles that 

are identified as Mode 1 (open water) as year-round surface calibration tie points, interpolating β 

values between the tie points and onto the ensembles identified as Mode 2 (sea ice). Thus, we are 

able to re-compute final ΔR estimates that represent ice draft in the presence of sea ice. The open

water calibration tie points are identified using the SOM algorithm.

To assess the benefit of the β correction, we compute the mean and standard deviation of 

the 15-minute ensemble ΔR estimates from prior to the final β correction, obtaining a level sea 

surface estimate having a ΔR root-mean-square error of 0.30 m and a standard deviation of 0.20 

m, calculated across all open-water ensembles. After the final β correction, those values decrease 

to ~0.06 m and 0.09 m, respectively, demonstrating the effectiveness of using the SOM- 

identified open-water ensembles to refine the β correction. From the final estimates of ΔR and the 

SOM Mode 1/Mode 2 separations, we can compile metrics and statistics for sea ice draft and 

wave amplitudes, depending on research needs.
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3. Results

3.1. Acoustic reflection characteristics

To demonstrate acoustic differences between open water and ice cover, we select one 24

hour interval in the pre-freeze-up (open water) season of 2014 (September 23) and one 24-hour 

interval post-freeze-up (December 3). The September day is reported as having a 0% ice 

concentration over the CEO site by passive microwave satellite measurements from the National 

Snow and Ice Data Center (Maslanik and Stroeve, 1999; Gloersen, 2006; NSIDC, 2016), with at 

least two more ice-free days before and after that date. The December day likewise was reported 

to have 100% sea ice concentration, within a cluster of other 100% ice-covered days. The 

September day thus represents open-water conditions, and the December day represents ice- 

covered conditions. Inspection of the AZFP dataset reveals that the acoustic properties of these 

two days are well representative of typical open-water and ice-covered days.

The ΔR and Sv estimates for all pings within each of the selected 24-hour periods show 

measurable differences between open-water and ice-covered conditions (Figure 6). While the 

ice-cover signal shows a greater range in ΔR excursions due to ice keels, the open-water signal 

contains larger-amplitude surface waves and swell during ice-free conditions. The ΔR values of 

the open-water day are generally symmetrical around zero (i.e., undisturbed sea level), while the 

ice-cover values are skewed into the water column due to the presence of sea ice and ice keels. 

The measurements of Sv also exhibit a difference between the two days, with backscatter 

amplitude much greater for the open-water conditions than for sea ice cover. Figure 6d also 

shows three periods of time (just after 03:00, 18:00, and 21:00 GMT) where ΔR is close to 0 m 

and which appear to be leads within the ice cover (i.e., brief periods of open water or very thin 

ice). These leads include Sv measurements that are close to 0 dB, and similar in magnitude to the 

open-water day reflection amplitudes. Together, these observations suggest that the ocean-ice 

interface has a measurably different acoustic character than the ocean-atmosphere interface, a 

finding that is consistent with prior investigations (e.g., Stanton, et al., 1986; Jezek et al., 1990).
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Figure 6. ΔR (m) and Sv (dB) plotted for open-water and ice-covered representative 24-hour intervals. The 

September 24-hour interval (panels a and b), represents open-water conditions at the CEO site in the NE 

Chukchi Sea, and the December 24-hour interval (panels c and d), represents ice-covered conditions. A few 

features are highlighted: leads are circled in black, an example of level ice is circled in green, and examples of 

ice keels are circled in orange.

We expect that alterations in sea ice roughness, porosity, and permeability all have 

effects on how acoustic energy is scattered, reflected, or attenuated, which are exhibited in the 

measured Sv returns from the AZFP. Color-shading ΔR as a function of Sv for the entire six-year 

AZFP dataset (Figure 7) shows a transition between periods of open water and periods of ice 

cover. During the months between summer break-up and winter freeze-up, the acoustic 

backscatter amplitude recorded by the AZFP is greater than the backscatter amplitude recorded 

during the winter ice-covered months. However, one can also detect instances of high-amplitude 

“summer” type reflections in the presence of thick ice keels in spring.
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Figure 7. ΔR (m) time series for the full-resolution six-year AZFP dataset at the CEO site in the NE Chukchi
Sea, color-shaded by Sv (dB).

3.2. Statistics of the return echoes

While ΔR and Sv provide contrasting information in the presence of sea ice and open 

water, examination of the data reveals that these metrics alone are not fully sufficient for 

differentiating the two conditions. Wind acting upon open water causes the ocean-atmosphere 

interface to vary in range, often by several meters during summer storms (Figure 7). The initial 

formation of sea ice can be difficult to identify when ice is not thick enough to be distinguished 

from background noise of waves. Thus, we turn to the 15-minute statistics (Section 2.5) to 

provide additional metrics that can be more robustly delineate ice cover from open water.

All of the selected statistics for both ΔR and Sv (Figure 8 shows the 2014-2015 

deployment as an example) exhibit apparent transitions from open water to ice cover (in 2014, 

late October) and a return to open-water conditions (in 2015, late June, with brief periods of ice 

cover during the latter half of July and early August). Also notable in the plots of Sv for this 

deployment (Figure 8b) is an extended transition to open water that begins in mid-May, where 

the acoustic character of the signal changes long before break-up becomes apparent in 

measurements of ΔR (Figure 8a). Each of the metrics exhibits an identifiable difference between 

the ice-covered periods and the open-water periods, indicating that they are all potentially useful 

in classifying ice conditions over the mooring.
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Figure 8. Time series of statistics for ΔR and Sv for the 2014-2015 AZFP deployment in the NE Chukchi Sea, 

computed on the 15-minute ensembles. From top panel to bottom panel, parameters shown are: mean, standard 

deviation, range, skewness, kurtosis, minimum, and maximum for both ΔR (a) and Sv (b).
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Figure 8. Continued



In Figure 9, kurtosis is plotted against skewness of both ΔR and Sv for the September 

(representing open-water conditions) and December (representing ice-covered conditions) 

example days shown in Figure 4. In general, the kurtosis and skewness of the open-water 

conditions are lower than that of the ice-covered conditions for ΔR, with a lower variance for the 

open-water values. Likewise, the skewness of the Sv for the open-water day is also lower than 

that of the ice-covered day, but the open-water day has a higher kurtosis and variance. Panels 9a 

and 9b shows an apparent delineation between the open-water day and the ice-covered day. This 

delineation becomes even more distinct when the pings of the open-water and ice-covered days 

are averaged into hourly ensembles (panels 9c and 9d). The 15-minute ensembles exhibit some 

overlap, indicating that skewness and kurtosis cannot be relied on solely to determine if a 15

minute period is most likely to be open water or ice-covered, but nevertheless the relationship 

between the two variables highlights their usefulness for this application.
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Figure 9. Kurtosis plotted against skewness for representative 24-hour intervals from the AZFP dataset. 

Statistics are computed over 15-minute (upper panels) and hourly (lower panels) ensembles for September 23, 

2014 (in red) and December 3, 2014 (in blue) at the CEO site in the NE Chukchi Sea. Kurtosis and skewness 

are calculated for both ΔR (a and c) and Sv (b and d).

3.3. Delineating sea ice and open water with SOM analysis

As noted above, ΔR and Sv alone are insufficient for delineating between periods of open 

water and sea ice, so we provide our time-averaged data and statistics to the SOM algorithm. We 

configured the SOM to search for two patterns in the AZFP data, which we will demonstrate are 
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representative of open water (Mode 1) and ice cover (Mode 2). Results of the SOM analysis 

based on all 14 input variables (listed in Section 2.5) suggest that the algorithm exhibits 

appreciable skill in delineating the presence of sea ice and open water (Figures 10-13).

Figure 10. Plot of ΔR with the SOM analysis. The full-resolution time series of ΔR from the AZFP in the NE 

Chukchi Sea is plotted in gray, with each 15-minute period ΔR average marked as Mode 1 (open water; red) or 

Mode 2 (ice cover; blue) according to the SOM.

We test four AZFP averaging intervals for statistical and SOM analyses: 10, 15, 30, and 

60 minutes. All periods produce similar estimates of ice cover: for the 2014-2015 deployment, 

the 10-minute period SOM identifies 72.3% of ensembles as Mode 2, a 15-minute period 71.3%, 

a 30-minute period 73.3%, and a 60-minute period 72.8%. The SOM Toolbox, in addition to 

producing a BMU, also supplies a metric of map quality called the quantization error (QE), 

defined as the mean distance between each data point and the BMU (Liu et al., 2006). In general, 

a lower QE indicates a map that better matches the data. The QE is the lowest for the 60-minute 

period (2.52) and increases incrementally as the time periods shorten (the 30-minute period's QE 

is 2.54, the 15-minute period's is 2.56, and the 10-minute period's is 2.58). However, the 30- and 

60-minute periods do not identify clear but short duration instances of ice cover and open water 

that are captured in the 10- and 15-minute ensembles. We therefore use the 15-minute period in 

this study in order to balance temporal precision and SOM QE, maximizing the number of pings 

in each ensemble for improved statistics (e.g., 50% increase in the number of pings per ensemble 

from 10-minute to 15-minute ensembles and a corresponding decrease in 95% confidence 

limits).

We also test whether or not the SOM result is sensitive to any individual variable by 

running the SOM algorithm through a series of 14 iterations, removing one variable each time.
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We find that in comparing the result to the SOM run with all variables included, no single 

variable accounts for more than a 1.3% difference in mode identification by its removal, 

suggesting that none of the variables has a disproportionately large influence on the outcome of 

the SOM by itself. Conversely, in running the SOM algorithm on each variable individually, we 

find a minimum of 23% difference in mode identification, reinforcing the idea that the best 

approach for using the SOM to detect open water involves a combination of variables.

In order to test the relative magnitude of importance each variable has on the SOM, and 

thus whether certain variables are more useful in this context than others, we also run an iterative 

stepwise test by which the “best” single variable (i.e., the variable that produces a map with the 

fewest differences from the map resulting from the use of all 14 variables) is selected. We then 

run this dataset through the SOM algorithm in combination with each of the remaining variables. 

The best combination from that iteration is then selected and run in turn with each remaining 

variable, and so on until no variables remain. This test shows that three variables (mean Sv, range 

of Sv, and minimum of ΔR) produce a BMU map that is in 98.6% agreement with the map that 

includes all 14 variables. While this result suggests that a subset of all variables may be used to 

produce a map of meaningful accuracy, depending on the application, some caution must be 

taken in deciding which variables to exclude. For example, while the SOM for the 15-minute 

period averaging indicates that the mean Sv is the third highest variable in terms of influence on 

the map, it is only the twelfth highest variable for the SOM in which 60-minute averaging was 

employed. For the purpose of this study and because computational power is not a limiting factor 

for this number and length of input fields, we use all 14 variables to maintain the highest possible 

accuracy in identification of the open water and ice cover modes.

A visual inspection of the SOM output for the AZFP data shows that the algorithm 

appears to be skillful in separating open water from sea ice cover. An example from August 4-5, 

2016 (Figure 11), provides an example of mostly open water but with ice keels up to ~13 m 

depth occasionally passing over the mooring. In this example, which is well representative of any 

randomly selected time interval, the algorithm appears to correctly identify the vast majority of 

unambiguous instances of sea ice and open water based on analyst interpretation.

27



Figure 11. Plot of ΔR with the SOM analysis for August 4-5, 2016. The full-resolution ΔR time series from the 

AZFP in the NE Chukchi Sea is plotted in gray, with each 15-minute period marked as Mode 1 (open water; 

red) or Mode 2 (ice cover; blue) according to the SOM.

Inspection of the SOM maps for the AZFP data suggests that the transition between open 

water and sea ice during freeze-up typically happens relatively quickly (on the order of hours to 

days) in November or December, whereas the break-up transition from ice cover to open water in 

May to September is often a more drawn-out process, occurring over weeks or months, with 

many “false break-ups” (as defined by Rolph et al., 2018) occurring before the open-water 

season is sustained. It is during this break-up transition period that the SOM map appears to have 

the greatest difficulty in delineating open water and sea ice, with occasional open-water 

ensembles being unrealistically identified at 1-2 m depth. Many of these instances can be 

explained as artifacts of the 15-minute averaging (Figure 12). As is evident from the full

resolution time series, all such intervals contain ice keels. These keels apparently do not spend 

enough time over the mooring during the ensemble averaging interval for the SOM to classify 

the 15-minute period as ice-covered, but they do skew the average ΔR for that particular period, 

shifting the average away from zero. Other “deep” open-water ensembles may be due to changes 

in the acoustic properties of sea ice as it melts, a feature that warrants further study. To assess the 

reliability of the SOM, we apply a threshold approach and assume that any 15-minute ensemble 

of ΔR greater than 0.5 m is likely to be sea ice. Such ensembles identified by the SOM as open 

water make up ~0.29% of the six-year dataset, or about the equivalent of one day per year.
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Figure 12. Plot of ΔR with the SOM analysis for the first nine hours of June 13, 2020. The full-resolution ΔR 

time series from the AZFP in the NE Chukchi Sea is plotted in gray, with each 15-minute period marked as

Mode 1 (open water; red) or Mode 2 (ice cover; blue) according to the SOM.

Analysis of the AZFP dataset by the SOM provides insight to the physical conditions of 

the surface ocean and ice environment over the CEO mooring. For example, examining the SOM 

BMU for 23 September, 2014 shows that, unsurprisingly, all of these ensembles are identified as 

open water (Figure 13a). In contrast, 3 December, 2014 (Figure 13b) is identified by the SOM as 

entirely ice-covered, with the exception of a single 15-minute interval just after 03:00 GMT, at 

the beginning of the longest of the near-zero ΔR periods, which we identify as a potential lead. 

Plotting only ΔR with the SOM BMU here can result in a confusing picture of a lead persisting 

for about 75 minutes, yet with only the first 15-minute ensemble identified as open water. 

However, Sv reveals additional insight; in this instance, a lead appears over the mooring within 

the time period covered by the open-water ensemble. The next ensemble is identified as ice- 

covered. This suggests that thin ice advected over the mooring after the open-water ensemble. 

The other two near-zero ΔR periods (at approximately 18:00 and 21:00 GMT) on 3 December, 

2014 both include Sv values near 0 dB, indicating that some periods of open water likely 

occurred, but are too short in duration to be identified by the SOM as open water using the 15

minute averaging period. These analyses suggest that due to the contrast in acoustic character of 

the reflected pings, we are able to distinguish leads with open water from leads with thin ice 

cover.
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Figure 13. Plots of ΔR (m) and SOM analysis for representative 24-hour intervals, colored by Sv (dB). ΔR from 

the AZFP dataset at the CEO site in the NE Chukchi Sea is shown for the open-water interval (a), and the ice- 

covered interval (b). Above each plot of ΔR is the SOM BMU for each ensemble, identifying it as either ice 

cover (blue) or open water (red).

To independently assess the behavior and accuracy of the SOM we can compare the ΔR 

estimates and SOM BMUs with satellite imagery captured over the mooring site. In Figure 14, 

we find four intervals representing different ice conditions and compare the ΔR for those 

intervals to true color Terra/MODIS satellite images (NASA Worldview; 

https://worldview.earthdata.nasa.gov). Figure 14a shows March 15, 2015, in which the ice field 

surrounding the mooring (the red marker in Figure 14) appears solid, with few leads apparent in 

the 250 m resolution of the satellite image; in this case, no open-water ensembles appear in the 

SOM BMU. For May 27, 2015 (Figure 14b), the ice field has begun breaking up, consisting of 

many individual floes with open-water leads between them; on this day, several short-duration 

(i.e., one hour or less) open-water ensembles are identified by the SOM. Finally, on July 22, 

2015 (Figure 14d), the CEO is surrounded mostly by open water in the midst of a field of sparse 

ice floes, which are detected in the SOM. These satellite images provide some visual 

confirmation of the ability for the SOM algorithm to classify sea ice and open-water features 

within the AZFP dataset.

Over June 1-4, 2017 (Figure 15) the CEO site is near the edge of the pack ice and the 

SOM indicates an incursion of sea ice for approximately two days; the satellite record reveals the 

presence of a large ice floe that drifts over the mooring early on June 2. The large floe is
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Figure 14. Examples of ΔR (m) with corresponding SOM BMUs and accompanying true color Terra/MODIS 

satellite images. Three days from 2015 are plotted for the CEO site in the NE Chukchi Sea: March 15, 2015 

(a), May 27, 2015 (b), and July 22, 2015 (c), with ΔR time series and SOM BMU for each day (left panels; red 

= open water, blue = ice cover), and satellite images taken in the same day (right panels). The red marker's 

point in the satellite images shows the location of the CEO site. The dashed vertical line in the left panels 

shows the approximate time of day the satellite images were acquired, and the dashed circles in the right panels 

shows the approximate distance that ice would drift over the mooring site in a 24-hour period while moving at 

a speed of 0.10 m s-1.
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Figure 15. Time series documenting the passage of a large ice floe over the CEO mooring on June 1-4, 2017. The lower panel shows the Δr estimates 

for the four days, the middle panel contains the SOM BMU for the same timeframe, and the upper panels show the true color Terra/MODIS satellite 

images for each day. The red marker in the satellite images shows the location of the CEO site in the NE Chukchi Sea, and the dashed green line 

shows the approximate time of each day in which the images were taken.



preceded by smaller floes and bits of ice on June 1, which is reflected both in the SOM BMU and 

the satellite image. The large floe then drifts away from the CEO late on June 3, leaving open

water conditions on June 4.

A potential application following separation of open-water ensembles from ice-covered 

ensembles is the statistical characterization of thermodynamically grown ice and ice thickened 

mechanically due to rafting and ridging. The SOM can be used to separate out open-water 

ensembles, which allows us to calculate draft statistics for only the ice-covered ensembles. 

Krishfield et al. (2014) demonstrated a method for tracking changes in categories of ice (e.g., 

new ice, first-year ice, or rafted/ridged ice) based on modal ice thickness estimates over 10-day 

means. Fukamachi et al. (2017) found that calculating the statistical draft values for 5-day 

intervals revealed two modes, the larger of which continuously increased throughout the winter 

season and represented the growth of level ice. The potential of using this dataset to track 

changes in the undeformed ice thickness above the mooring site can be demonstrated by 

examining time series of ΔR estimates for three days approximately one month apart during the 

winter season of the 2014-2015 deployment: December 3, 2014 (Figure 16a), January 5, 2015 

(Figure 16b), and February 14, 2015 (Figure 16c). Histograms of the ΔR estimates for each day 

show modal peaks that appear to correspond to the level ice for that day, which progressively 

thickens through the time series.
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Figure 16. Time series and histograms of ΔR illustrating changes in level ice thickness. Histograms of ΔR 

estimates (10 cm bins) from the AZFP at the CEO site in the NE Chukchi Sea are plotted for December 3, 

2014 (a), January 5, 2015 (b), and February 14, 2015 (c), including only pings in which sea ice was present 

above the CEO mooring (left panels). Corresponding time series of ΔR are plotted in the right panels. The 

mode of the ΔR estimates, circled in red in the histograms, corresponds to the level ice in the ΔR time series (a 

representative sample is also circled in red). The dashed black line represents the undisturbed sea level.
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3.4. The surface wave field

The identification of open-water time periods and the ΔR range statistic provides an 

opportunity to assess the local wave conditions. The 15-minute ensemble ΔR range calculation 

shows a close relationship with the significant wave height measurement made by the CEO 

ADCP (Figure 17). This result shows that the AZFP is also capable of quantifying wave height, 

and at a much higher sample rate than the ADCP. The CEO ADCP typically has only enough 

battery power to make one wave measurement ensemble every four hours.

Although similar, the two records do not measure identical parameters: the ADCP- 

derived significant wave height (Baxevani et al., 2008) employs a spectral approach that reports 

(in our example here) only the dominant wave amplitude, while the AZFP record provides a 

measure of the entire wave field's amplitude envelope. A combined statistical approach and 

spectral analysis of the ΔR range could produce an AZFP-derived estimate of the significant wave 

height. In some applications, the total wave field amplitude may be even more useful than the 

significant wave height (e.g., Felizardo and Melville, 1995; Ahn, 2021). The AZFP dataset 

provides the opportunity to provide this, and may be sufficient to either replace this functionality 

if mooring design or cost prohibits the installation of an ADCP, or to supplement ADCP 

measurements as a backup in the event of instrument failure. Analysis of the measured wave 

properties is beyond the scope of this study, but we note that the AZFP record should allow us to 

track changes in the spectral character of low-frequency surface waves that the CTD pressure 

record does not resolve (e.g., waves with periods between 40 seconds and two hours).

Figure 17. Time series of significant wave height and range of ΔR for the open-water season of 2015. 

Significant wave height was recorded by the ADCP installed on the one of the CEO moorings in the NE 

Chukchi Sea (in red), and range of ΔR (15-minute ensembles, in gray) is calculated from the AZFP, also from 

the CEO.
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4. Discussion

Time series of ΔR estimates allow for the calculation of metrics and statistics for sea ice 

draft and wave amplitudes, depending on research needs. The high frequency of the AZFP 

sampling allows for the resolution of ice features and open-water events that pass over the CEO 

on the scale of minutes. Thus, we can use this dataset to identify, for example, the fraction of an 

hour in which leads in the sea ice are present above the mooring, or the frequency of the 

occurrence of sparse ice at the CEO site. In addition to averaging on fine temporal scales, we can 

also combine the dataset into coarser-scale (e.g., daily) statistical summaries, which would be 

appropriate for bundling data at the same time scale as passive microwave satellite or OISST 

records. Utilizing the SOM BMUs, we can calculate the fraction of a given time period that 

contains open water, ice cover, ice of any particular draft, waves of any particular height, or 

spectral wave content.

Rates of surface heat fluxes between the ocean to the atmosphere, ice production, and 

brine rejection are all strongly affected by the presence of leads in the sea ice (Eisen and 

Kottmeier, 2000; Lüpkes et al., 2008). However, the greatest contribution to changes in these 

rates is not due to open water, but to the processes of refreezing of leads and the presence of 

young, thin ice (Stigebrandt, 1981; Maykut, 1982). Therefore, being able to accurately identify 

periods of open water, thin ice, and thick ice will enable more precise estimation of ocean

atmosphere heat transfers in the ice-covered months, and impacts of ice formation on water 

column mixing and dense bottom water formation (Eisen and Kottmeier, 2000). These estimates 

can contribute to informing local energy budgets and updating oceanographic and climate 

models.

The effectiveness of the SOM is modestly dependent on the input variables that are 

provided to the algorithm. Histograms of each of the statistics used in this study (Figure 18) 

illustrate how each of these contrast in open-water and ice-covered conditions. For most ΔR 

histograms, the peaks for open-water and ice-covered ensembles are often in the same range of 

values, but the character of the curves contrast. Distributions for the ice-covered ensembles tend 

to be skewed toward the positive direction and represent a wider range of ΔR values, as they 

include ice keels, whereas the open-water curves tend to be more symmetrical (consistent with 

waves oscillating about undisturbed sea level) with a shorter range of ΔR values and sharper 

peaks. In most cases, the histograms of Sv exhibit peaks at different ranges of Sv for open water 
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than for ice cover, though the character of the curves varies. All together, these histograms 

further illustrate how we can take advantage of these differences to distinguish open water from 

ice cover, and why these variables are appropriate for use in the SOM algorithm.

Figure 18. Histograms for each of the statistics provided to the SOM for the six-year AZFP dataset. The 

statistics used are: mean (a), standard deviation (b), range (d), skewness (f), kurtosis (g), minimum (c), and 

maximum (e) for both ΔR (left panel of each pair) and Sv (right panel of each pair). Ensembles identified by the 

SOM as open water for the CEO site in the NE Chukchi Sea are plotted in orange, and those identified as ice 

cover are plotted in blue. Note the different axes for each variable pair.
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In addition to the uncertainties associated with a lack of full water column data 

previously discussed, the use of the AZFP sampling setup is based on battery capacity limits that 

determine the frequency of data collection and, thus, the limits of what features may be resolved. 

The temporal resolution of 10-20 seconds per ping cannot measure accurate shapes of ice 

features in the presence of typical current speeds. Generally, ULS instruments deployed for ice 

tracking sample at a rate of 1 Hz (Birch et al., 2000), and thus can resolve features having 1-m 

length scales in the presence of typical ocean currents (e.g., 0.10 m s-1). A lead that persists for 

multiple ensembles in the AZFP data may be wide and captured by a number of pings as it 

passes over the mooring, or it may be narrow and stationary over the mooring site. Data from 

additional sources, such as an ADCP, radar, or satellites (e.g., Mahoney et al., 2015), can provide 

ice velocity information that could add important context to the ice draft data collected by the 

AZFP.

Furthermore, the temporal averaging limits the spatial resolution of any features that we 

might want to characterize. For example, given a typical current speed at 10 m depth of about 

0.10 m s-1 at the CEO site (the 2014-2015 CEO ADCP measured median, mode, and mean 

speeds of 0.10 m s-1, 0.06 m s-1, and 0.12 m s-1, respectively) and assuming similar ice speed 

(e.g., see Norton and Gaylord, 2004; Kwok et al., 2013), a 15-second ping rate can only identify 

features (e.g., ice keels or leads) with a Nyquist length scale larger than 3 m. However, even 

these relatively small features will be obscured by 15-minute averaging. For the 0.10 m s-1 

current speed, the 15-minute-averaged period is capable of identifying features with horizontal 

length scales only larger than 180 m. For an upper bound current speed of 1 m s-1 (the maximum 

observed speed in the 2014-2015 CEO deployment was less than 0.60 m s-1), the resolvable 

length scale extends to 1.8 km.

Another inherent limitation of an AZFP installed on a subsurface mooring is that it 

consists of a single point in space, and thus lacks wider environmental context. Ascertaining the 

influence of the Hanna Shoal topography on the ice environment at the CEO site and how this 

compares to conditions elsewhere on the Chukchi Sea shelf is important for a variety of research 

needs, such as our ability to understand the variability of rapidly changing habitats for species 

that are responding to climate change. To answer this question, the automated processing 

procedure we have developed here can be applied to additional ULS datasets. We may be able to 

extend our knowledge of the regional wave and ice environment in both time and space, and 
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improve our understanding of the seasonal variability of the Chukchi Sea as a whole and how it 

is being impacted by a changing Arctic.
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5. Conclusions

The subsurface oceanographic moorings of the CEO enable physical, chemical, and 

biological sampling of the water column all year long, allowing us to build a more complete 

understanding of the seasonal variations of the environment near Hanna Shoal. The AZFP, a 

ULS installed on one of the CEO moorings, provides a high-resolution dataset from which we 

can extract information that helps us characterize the sea ice and surface wave environment at 

the CEO site.

We developed an algorithm for calculating a time series of ΔR, the reflection surface 

distance between the local undisturbed sea level and the ocean-ice or ocean-atmosphere 

interface. Corrections for instrument tilt, speed of sound, and water level allow us to resolve the 

sea surface reflection interface to within ~0.06+/-0.09 m (mean and standard error).

Because the processing of high-resolution acoustic datasets for evaluating ice draft has 

traditionally been a labor-intensive process, we applied a machine-learning technique, the self

organizing map, to leverage acoustic differences between the ocean-sea ice and the ocean

atmosphere interfaces to efficiently identify which pings from the AZFP occurred in open water. 

The procedure allows us to implement corrections of ΔR for periods of ice cover when the ocean

atmosphere interface is obscured.

A number of future steps could further improve the algorithm that produces ΔR for ULS 

data. For instance, more research is needed to understand the characteristics of ablating sea ice 

that produces anomalous open-water ensembles during break-up periods at the CEO site. More 

information may be gathered through exploration of the acoustic returns of the three other 

frequencies on the AZFP, as well as the functionality of the SOM. For example, the SOM could 

be configured to sort the ΔR ensembles into three or more modes to extract more facets of the ice 

environment.

With this dataset, we are able to detect short-duration features such as sparse ice floes and 

leads, which, combined with ice velocity data from other sources, allows for the construction of 

climatologies of sea ice draft at the CEO site. We can compute metrics such as the fraction of 

time in a given period that contains ice leads, or the frequency of occurrence for ice keels of a 

particular draft. With AZFP estimates of wave height, we can quantify temporal changes in the 

wave field over the mooring. All together, the applications of this high-resolution acoustic 

dataset enable rich characterizations of the physical environment at the CEO site.
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