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Abstract

Increasing Arctic shipping requires study of the increasing aerosol emissions impact on 

aerosol optical depth (AOD) in the Bering Sea and the Bering Strait. This study used 

Moderate Resolution Imaging Spectroradiometer (MODIS) 550 nm AOD 3 km products 

to study the seasonal variability over the length of the Arctic shipping season, from June 

to October, over 2011 and 2014. Bucket resampling was used to pro ject and downscale the 

MODIS AOD to a 0.25o by 0.25o grid during overpasses. An overpass is defined as consecutive 

MODIS granules from both the Terra and Aqua satellites. Ship positional data obtained 

from automatic identification systems (AIS) was aggregated to hourly data. Collocation 

of ships and AOD from overpasses were determined for all quarter degree grid cells and 

times. Area-weighted means for both grid-cells with ship occurrence and without ships were 

determined for each month. AOD decreases with increasing time in the shipping season due 

to the increasing frequency of low pressure system and hence aerosol removal via washout 

and scavenging. Comparison of the AOD of 2011 and 2014 revealed that the position of the 

Aleutian Low not only strongly affects the sample size, but also AOD over the Bering Sea. 

The sea-ice area seemed to be without notable impact on the number of ships and AOD. 

A weak positive correlation was found between AOD and the number of ships present in 

the same grid cell during a overpass for 7 out of the 10 months. A strong skewing towards 

October occurred in 2011 due to a strong positive correlation of the number of data points.
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1. Introduction

1.1 Motivation

The sensitive climate of the Arctic is susceptible to climate change that has lead to 

abrupt changes in the past [Vavrus and Harrison , 2003]. Thus, it is of up most importance to 

maintain knowledge of Arctic climate factors. In the past decade there has been considerable 

decrease in seasonal Arctic sea ice extent [PAME , 2020], opening new marine pathways 

through the Arctic during the warm months, June to October. In just six years, from 2013 

to 2019, a 25% increase of Arctic shipping has occurred [PAME , 2020]. This shipping is seen 

in figure 1.1, provided by PAME [2020]. Current models predict further decrease in sea ice 

extend [Thoman et al., 2020], which presents more opportunities for shipping. More ships, 

lead to more ship emissions that introduces aerosols into the Arctic atmosphere. Gaining an 

understanding of the quantity and quality of the aerosols emitted by the ships is required to 

determined the current climate impact and predict future consequences of increased Arctic 

shipping. The high spatial and temporal resolution of the Moderate Resolution Imaging 

Spectroradiometer (MODIS) Collection 6.1 (C6.1) 3 km aerosol products [Remer et al., 

2013] for the Arctic area could be key in this endeavor to study the impact of Arctic shipping 

emissions on the atmospheric water and energy cycle as well as atmospheric composition.

1.2 From Ship Emissions to Aerosol Remote Sensing

Aerosols, or particulate matter (PM), are suspended solid or liquid particles in the at

mosphere. The combustion reaction from ship engines emits primary PM and secondary 

PM into the atmosphere. Primary PM are already formed aerosol that result from combus

tion. Secondary PM builds from gases, including nitrogen oxide (NOx ) and sulfur dioxide 

(SO2 ), that form particles once in the atmosphere through gas-to-particle conversion. Gas- 

to-particle conversion is the formation of PM by physio-chemical processes, condensation 

of precursor gases, such as NOx, or condensation on other particles [Molders and Kramm,
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Figure 1.1: PAME Arctic Shipping. The number of unique ships that entered the Arctic 
during September from 2013 to 2019, provided by PAME [2020].

2014]. Aerosols further grow by accumulation. Obviously, aerosols can consist of all kind of 

chemical species. In addition to the aerosols related to the ship emissions, natural aerosols 

exist over the ocean. These aerosols can be silicates, spores and pollen advected by wind 

from upstream land areas. Wind also contributes to aerosol from evaporating sea spray. 

Aerosol can also act as cloud condensation nuclei making ship tracks clearly visible from 

satellite imagery, as shown in figure 1.2 [NASA, 2010].

Most aerosols are highly reflective and are responsible for radiative cooling [Boucher 

et al., 2018]. Radiative cooling occurs when solar radiation reflects off aerosols, decreasing 

the amount of radiation transmission, demonstrated by figure 1.3. The degree of reflectivity 

of an aerosol can be quantified as radiation forcing. Radiation forcing is the difference in the 

amount of solar radiation that is absorbed by the Earth and the amount that reflected back 

into space. For industrial sulphate, commonly found ship emission, the radiation forcing 

is -0.4 W m-2 with a factor of 2 uncertainty [Boucher et al., 2018]. A negative radiation 

forcing indicates radiative cooling.

2



Figure 1.2: Aqua MODIS Ship Tracks. Clearly visible ship tracks taken from Aqua MODIS. 
Image courtesy of NASA Goddard Photo and Video photostream. Credit: NASA/GSFC/Jeff 
Schmaltz/MODIS Land Rapid Response Team.

Optical depth is the measured amount of radiation transmission through a medium. The 

amount of radiation prevented from transmission by aerosols is measured by aerosol opti

cal depth (AOD). Satellite based spectroradiometers perform measurements of reflectance. 

Various retrieval algorithms were developed to determine AOD based on such spectrometer 

data obtained at different wavelengths. These algorithms rely on the reflectance of solar 

radiation. Consequently, AOD can only be retrieved during daylight when using data from 

passive remote sensing by spectrometers.

1.3 Moderate Resolution Imaging Spectroradiometer

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an instrument on 

board the low Earth orbiting (LEO) polar satellites Terra and Aqua. A low, polar or

bital trajectory allows the satellites to scan a pole to pole swath alternating day and night 

time. Terra descends during the day from north to south while Aqua ascends from south 

to north. These satellites are in low Earth orbits which allows several revolutions each day.
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Figure 1.3: Aerosol Radiation Impact. Highly reflective aerosols acting as cloud condensation 
nuclei lead to decrease in transmission of solar radiation.

Terra and Aqua are also Sun synchronous such that while traversing the day side the sun 

in always behind the satellites. The orbits are such that the satellites pass over specific 

latitude/longitude each day, and repeat that path once every sixteen days.

Passive remote sensors measure emitted or reflected energy from an observed object. 

MODIS is a passive remote sensor that measures reflected solar radiation by the Earth in 

the form of reflectance. Scans are stored in 5 minute granules that span a cross-track range 

of 2330 km wide with 1 km resolution pixels at nadir [Levy et al., 2013]. Nadir indicates the 

pixels directly below the sensor. Towards the edge of the scans, the pixel area increases due 

to viewing angle and the curvature of the Earth, known as the bow-tie effect.

Figure 1.4, shows the Terra MODIS imagery across the global during a single day. This 

image was provided by imagery from the NASA Worldview application 

(https://worldview.earthdata.nasa.gov), part of the NASA Earth Observing System Data 

and Information System (EOSDIS). Due to the polar orbit, Terra and Aqua maintain com-
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Figure 1.4: Terra MODIS Swaths. A single day of Terra MODIS imagery provided by NASA 
Worldview.

plete coverage of the Arctic including the domain of this study with overlapping scans. 

Mid-latitude regions have less coverage as the MODIS scanning range is less than distance 

between orbits relative to Earth's surface (cf. figure 1.4).

1.4 Dark Target Ocean Aerosol Retrievals

The dark target (DT) ocean algorithm [Levy et al., 2013] is responsible for aggregating 

MODIS reflectance of water pixels and performing the aerosol retrievals for the 10 km and 

3 km products. Specifically, the retrievals provide AOD and fine mode fraction (FMF) at 

550 nm [Levy et al., 2013]. FMF is the fraction of AOD contributed by fine mode aerosol 

which have radii between 1 and 2.5 microns. Additional datasets are derived and added to 

the MODIS aerosol products, but this study only utilizes the 550 nm AOD, the measure of 

vertical column aerosol quantity viewed at 550 nm wavelength. Note that this wavelength is 

the wavelength for which AOD is determined in Earth-System and Climate models.

The 3 km ocean aerosol product begins with selecting a 6 by 6 array of pixels [Sayer 
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et al., 2014]. These pixels are then compared with the 1 km land mask, the MOD03 product 

includes the geolocation fields that are calculated for each 1 km MODIS Instantaneous Field 

of Views (IFOV) for all orbits daily. If every pixel in the array is determined to be not 

land, then the DT ocean algorithm is used. As the name of the algorithm suggests, the ideal 

retrieval is performed over a dark surface such as foliage for land retrievals and open water 

for ocean retrievals. Thus, the DT ocean algorithm uses masking to eliminate pixels in which 

the surface is obscured by clouds or heavy dust. Bright surfaces, such as sea ice or visible 

sediment due to low water depth, are eliminated. Then the algorithm discards the brightest 

and darkest 25% to account for residual clouds and cloud shadows that obscure the surface. 

Assuming that at least 5 pixels are left, then the algorithm proceeds to checking for glint. 

In the case of normal incidence from the solar radiation with calm ocean water, the water 

is highly reflective when also viewed from normal incidence. This phenomenon is what is 

known as glint and is the case for MODIS at nadir. Thus, the DT ocean algorithm prefers 

pixels viewed from at least 40o from nadir. This step concludes the DT ocean algorithm 

pixel selection process.

With a 6 by 6 pixel array and at least 5 valid pixels, the DT ocean algorithm performs a 

aerosol retrieval using a lookup table (LUT) inversion. The LUT contains model reflectance 

that is compared with the MODIS reflectance using least squares fit (e). There are 20 

combinations of 4 fine modes and 5 coarse modes of aerosols for comparison. The retrievals 

are made for the best solution and the average solution. The best solution is the combination 

that minimizes e. The average solution is the average of all combinations for which ϵ < 3% 

or the average of the 3 best solutions.

Retrievals are assigned quality assurance confidence (QAC) flags from 0-3 representing 

no confidence, marginal, good and very good. Datasets are packaged into 2D arrays along 

with corresponding geolocation data that describes the latitude and longitude centers of each 

retrieval.

These MODIS Collection 6.1 (C6.1) datasets include values of ϵ for both the best and 
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average solutions, and the conditions that determine QAC. Retrievals that for all combina

tions ϵ is not less than 5% are noted as marginal, QAC = 1. Investigations showed that over 

70% of the retrievals in this study have this condition (see section 3.1).

Over the Bering Sea, the 70±30% of summer cloud cover often prevents retrievals [Shulski 

and Wendler, 2007]. Though cold air masses over the Bering Sea have low water content, 

there persist a high relative humidity that with a small amount of lift will form clouds 

[Overland and Stabeno, 2004]. In a study by Ladd and Bond [2002] on the evaluation of 

reanalysis data over the Bering Sea, the cloud cover was greater than 80%. Thus, a limited 

amount of retrievals is typically available over the Bering Sea. The synoptic situation of the 

Bering Sea during this study's target period will be discussed in section 3.3

1.5 Automatic Identification System

With the adoption of the 1974 International Convention of the Safety of Life at Sea 

(SOLAS) by the International Maritime Organization (IMO) ships were required to oper

ate with an automatic ship identification system (AIS) [International Maritime Organizion, 

1974]. The AIS sends the ships identification code, status, and location which is used for 

this study. AIS data is provided by vessel traffic services such as historic records or live ship 

traffic.

This study obtained publicly available historic AIS data from MarineCadastre.gov, a 

collaborative service provide by the U.S. Department of Commerce's National Oceanic and 

Atmospheric Administration (NOAA) Office for Coastal Management and the U.S. Depart

ment of the Interior's Bureau of Ocean Energy Management (BOEM).

1.6 History of Remote Sensing Ship Emissions Research

In the past, ship emissions studies have been conducted with a focus on the transport of 

aerosol associated with ship emissions, such as sulfur dioxide SO2 and nitrogen oxide NOx 

where the chemical transports are modeled using the Weather Research and Forecasting 
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model WRF-Chem. Such a study on Alaskan cruise liners to Glacier Bay National Park, 

found a significant seasonal increase of SO2 and NOx 38% and 71%, respectively [Molders 

et al., 2013]. Another study in 2015, found a 15 days increase in concentration of NOx 

by 80% due to ship pollution along the Norwegian coast [Marelle et al., 2015]. Thus, it is 

reasonable to expect at least a weak positive correlation of at least 0.1 between MODIS AOD 

and ship presence.

A study conducted by Molders and Friberg [2020] comparing AOD of the MODIS C6.1 

for 2006-2018 with the Aerosol Robotic Network (AERONET) at high latitude coastal sites 

and research vessels concluded that MODIS C6.1 provides reliable AOD data at 550 nm 

over Arctic waters. When MODIS AOD was compared with the Maritime Aerosol Network 

(MAN), a component of AERONET, the MODIS AOD was within the MAN error envelop for 

6 vessels 87.5% ofthe time [Moolders and Friberg, 2020]. It was also shown that MODIS tends 

to overestimate low and underestimate high values of AOD, flattening AOD measurments. 

Due to the flattening, it would be expected that any correlations based on MODIS AOD 

would be an underestimate.

In agreement that ship emissions are detectable within the MODIS aerosol product , there 

was a study conducted in 2011. The study used the MODIS 10 km aerosol product to observe 

the downwind cross track AOD and FMF of active shipping lanes. The shipping routes were 

in uniquely low traffic areas in the southeast Pacific, southeast Atlantic and mid Atlantic. 

Using 3-years averages, it was found that both the southeast regions had increases of AOD 

and FMF in the polluted downwind retrievals [Peters et al., 2011].

1.7 Goal of This Study

The goal of this study is to analyze the effects of shipping in the Bering Sea and Bering 

Strait on AOD. This study will determine the feasibility of using MODIS AOD to study ship 

impacts of emissions on AOD at high latitudes. The high latitude test case incorporates 

unique factors such as low solar angles, high cloud coverage and variable shipping tracks due 
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to sea ice extent and distribution. This study seeks to find a significant positive correlation 

between MODIS AOD and ship presence in the Bering Sea and Bering Strait regions and 

to compare the temporal evolution and spatial distribution of AOD over the length of two 

shipping seasons.
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2. Data

2.1 MODIS Aerosol Data

The Moderate Resolution Imaging Spectroradiometer (MODIS) 3 km ocean aerosol opti

cal depth (AOD) products were validation by Remer et al. [2013]. The validation, by Remer 

et al. [2013], found 66% of ocean retrievals should be found within the expect error

∆AOD ∈ ± [0.03, 0.05]

2.1.1 Distributed Active Archive Centers

As part of the National Aeronautics and Space Administration's (NASA) Earth Observ

ing System Data and Information System (EOSDIS), NASA hosts twelve Distributed Active 

Archive Centers (DAACs). These DAACs each focus on a specific discipline within the 

Earth Sciences, for which they house the various data products produced by, or derived from 

NASA's Earth Orbiting System (EOS) Satellites. DAACs receive the raw level 0 data from 

EOS instruments and either DAAC teams or associated science teams will produce higher 

level data via retrieval algorithms [National Research Council , 1999]. EOS data housed 

at the DAACs are made publicly available for free and offer services to aid in the obtain

ment, utilization and publishing of EOS data. DAAC websites offer visualization tools for 

searching, selecting and downloading data.

Moderate Resolution Imaging Spectroradiometer (MODIS) atmospheric products includ

ing the derived aerosol products are housed at the Level 1 and Atmosphere Archive and Dis

tribution System (LAADS) DAAC at NASA Goddard Space Flight Center [NASA, 2017]. 

The LAADS DAAC offers sample scripts in various programming languages as examples on 

how to download data directly, which were used in this study. The advantage to using a 
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script to download data is that a user is able to use the backend Common Metadata Repos

itory (CMR) for data selection directly, as LAADS has a limitation on the number of files 

that can be selected online.

2.1.2 Common Metadata Repository

The CMR is an evolving catalog of EOSDIS metadata that acts as the backend to data 

searches and selection within DAACs. Metadata is a set of data that describes other data. 

The CMR ensures that all products within the EOSDIS adhere to the Universal Metadata 

Model that allows the CMR to convert between standard metadata formats easily [Rincione, 

2019]. A user may interface directly with the CMR using the client url software, cURL. 

cURL acts as a tool for transferring data to the user based on a url that contains specific 

parameters and values. In this study, a python wrapper for the CMR, created by Justin Deal 

and Matt Isnor from MIT [Deal and Isnor, 2019], was used to allow CMR search queries to 

be integrated into the data download scripts.

2.1.3 MODIS Collection 6.1 (C6.1) Data Description

This study required aerosol retrievals over water, which needed the datasets from the 

Dark Target Ocean algorithm stored in the MODIS 3 km level-2 aerosol products [Remer 

et al., 2013], [Sayer et al., 2014]. The products [NASA, 2017] that were used are the 3 km 

spatial resolution products, MOD04_3K and MYD04_3K, from Terra and Aqua, respec

tively. MXD04_3K will be used to denote the combination of these two products. MODIS 

level-2 products store data of 5 minutes swaths into granules that are oriented parallel to the 

trajectory and perpendicular to the trajectory. The MODIS instruments, on board Terra 

and Aqua, scans side to side, in crosstrack mode. Thus, the aerosol products are not stored 

in a geographic coordinate system (GCS).

Moolders and Friberg [2020] evaluated the MODIS C6.1 aerosol optical depth (AOD) by 

means of data from the marine AERONET and coastal sites over the Arctic north of 59o N.
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Unfortunately, no MAN data were available for the Bering Sea. The closest coastal site was 

Barrow. The comparison between MODIS C6.1 and AERONET retrieved AOD showed good 

agreement, except over the Canadian Archipelago. Overall, their results suggested better 

agreement over water than coastal sites. Thus, one can assume that the MODIS C6.1 are a 

very good proxy for the AOD distribution over the Bering Sea and Bering Strait.

2.1.4 Resampling of Geospatial Data

There are two challenges in analyzing MODIS level-2 aerosol products. The first is that 

the dataset files are not on a GCS, such that the data rows and columns do not correlate to 

lines of latitude and longitude. This fact makes subsetting the files data into a target area 

difficult. The second challenge is that many factors may have led to aerosol retrievals not 

being made. Large areas can be left unaccounted for in the datasets due to the retrievals 

over those areas not satisfying the Dark Target algorithm's quality assurance criteria. The 

solution to these challenges is in resampling the data onto a lower resolution grid, i.e. on a 

grid of larger increments than the 3 km x 3 km.

Resampling data is a process of redefining the projection or scale of geospatial data 

[Weigel , 1996]. The terms resampling and reprojecting are commonly used interchangeably. 

In this study, bucket resampling [Weigel , 1996] was used to project the MODIS aerosol data 

onto a GCS grid, by downscaling the data through averaging. Other resampling techniques 

will not be discussed in this thesis.

Bucket resampling is also referred to as drop in the bucket resampling and average ag

gregation [Weigel , 1996]. A bucket is a cell of a geospatial grid. Bucket resampling locates 

any retrievals from a data file that are within a bucket and performs an average onto a new 

grid as a single retrieval. This resampling method results in an aggregated grid on a coarser 

scale, referred to as downscaling. The term downscale in remote sensing is explicitly from a 

finer resolution to a coarser resolution, opposed to climate change modeling studies in which 

downscaling is from a coarser resolution to a finer resolution.
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In performing bucket resampling, begin with selecting four corners of a latitude/longitude 

bounding box whose dimensions are divisible by the desired bucket size. Then read in the 

geolocation data and track in which bucket each pixels fits into. Total the number of pixels 

and the pixels' data values within a bucket to be averaged.

In this study, the 3 km MODIS aerosol data was projected onto a 0.25o grid from 50oN 

to 75oN and 180oW to 156oW, as seen in figure 2.1.

The resampling was performed for each overpass by the Terra and Aqua satellites. As 

aforementioned, a overpass is considered a set of consecutive 5-minute granules from either 

satellite. The downscaled quantities are then assumed to be constant between overpasses. 

The time between overpasses varies based on the time of the year and the latitude of the 

target area. Since aerosol retrievals from MODIS can be made only during the day, the 

seasonal amount of daylight influences the number of retrievals that may be made despite of 

the same number of over passes per day. This fact is especially true at high latitudes where 

days are exceptionally long in the summer and quickly become short in the fall. A small 

target area will also decrease the number of overpasses as compared to large targets. Due to 

the decrease in area of the 0.25o grid with increasing latitude, targets are smaller in the north 

than south of the domain of interest seen in figure 2.1. In this study, the monthly average 

time between overpasses during the shipping season, June to October, has been observed to 

be within the range of 1 .5 to 5 hours.

2.2 AIS Data

Established by the International Maritime Organization (IMO) in Chapter V, Safety 

of Navigation, of the International Convention of Safety at Sea (SOLAS), all ships must 

be equipped with an Automatic ship Identification System (AIS) [International Maritime 

Organizion , 1974]. AIS ping coastal base stations or overhead satellites with the ship's 

unique identification, position, course and speed. Various services provide free and paid AIS 

services such as live ship traffic and historical AIS records.
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Figure 2.1: Resampled AOD Map. Target area from 50oN to 75oN and 180oW to 156oW ex
emplary showing the effective aerosol optical depth over ocean from Terra and Aqua MODIS 
during the first overpass on July 1, 2014. A mask is used to blend out all AOD values over 
land as these are of no interest for this study.
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2.2.1 AIS Data Acquisition

In this study, historical AIS data was obtained through the MarineCadastre. The 

MarineCadastre was jointly created by the National Oceanic and Atmospheric Adminis

tration (NOAA) and Bureau of Ocean Energy Management (BOEM) as an U.S. national 

integrated marine information system. Currently, the AIS records span from 2009 to June 

2020. Monthly files are available for direct download from the MarineCadastre.gov website 

and yearly sets of data are made available remotely with software, such as the open source 

Wget. In this study, AIS data spanning the shipping season, June to October, was used for 

2011 and 2014.

2.2.2 AIS Data Description

The U.S. and surrounding coastal waters are separated into monthly files spanning indi

vidual Universal Traverse Mercator (UTM) zones. Each zone spans 6 degrees of longitude 

with zone 1 starting from — 180o E. With a focus on the Bering Strait and the western coastal 

waters of Alaska, zones 1 through 4, spanning — 180o E to — 156o E, were used. The latitu

dinal extent varies from year to year, but always spans from the northern coast of Alaska to 

Hawaii.

The MarineCadastre historical AIS data has evolved over the years. Starting from 2015, 

the AIS data tables were stored as comma-separated values (CSV). CSV files are easily 

accessible using most programming languages, spreadsheet software or text editors. From 

2009 to 2014, the AIS data was stored as geodatabase (GDB) file format. This format is 

supported by the versatile geospatial software, ArcGIS. GDB files can also be accessed via 

Python scripting using the geopandas package (https://geopandas.org/).

The GDB formatted files contain several child sets of data that provide information on 

the base stations, the vessel and their voyages. This study mostly utilizes the broadcast data 

which shows the ships' identification, position, the datetime of the transmission, navigational 

status and speed. The broadcast data is also featured in the CSV formatted files, whereas 
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information such as the base station information is not. Any information of no value to this 

study was removed from the CSV formatted files.

Ships can transmit AIS data as frequent as a few seconds. This fact leads to a cumbersome 

analysis and often big data sets. For simplicity and reduced computation, files used in 

this study were converted to Hierarchical Data Format version 5 (HDF5), maintaining the 

broadcast data.

2.2.3 Tackling of the Big Data Problem Via Data Reduction

The number of rows in a single zonal month of AIS data can easily exceed a million. 

Data of this size has a considerable computational cost when read into memory and while 

performing any data operations on. The computational cost was lessened by using data 

reduction on the AIS data. Considering that the time scale between MODIS overpasses is 

approximately an hour, the AIS data was reduced to hourly data. A sample of monthly 

hourly AIS can be seen in figure 2.2 for June 2014. Quantitative data, such as latitudinal 

or longitudinal positions were averaged, and qualitative data, such as the ship status was 

reduced to the operation mode. Since the time between overpasses is at most a few hours, 

reading in a day's worth of AIS data into memory is sufficient. Controlling what data is read 

into memory within a single file can be done using the HDF5 binary data file format.

HDF5 files contain a series of datasets that may be individually accessed and read into 

memory. The reduced hourly AIS data was separated by date and stored as separate datasets 

within HDF5 files.

2.3 Data Analysis

Once the AIS data was reduced, it was matched with the 0.25o grid used by the bucket 

resampled MODIS data. The total number of ships were counted for each 0.25o by 0.25o cell. 

Then the cells with both ships and MODIS aerosol retrievals were identified, as can be seen 

in figure 2.3. Opposed to the point source data shown in figure 2.2, figure 2.3 displays area
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Figure 2.2: Hourly AIS Ships. Hourly AIS ship positions for June 2014 spanning UTM zones 
1-4, covering 50oN to 75°N and 180oW to 156oW.

retrievals. By resampling the ship positions to a grid, shipping routes are flatten towards 

lines of latitude and longitude.

Since ship positions are hourly and resampling occurs per overpass, which can last up to 

5 hours, a single ship may be counted more than once. This “over counting” only applies to 

fast moving ships that cross multiple grid cells. In this study, for each grid cell the number 

of unique ships during a overpass were counted.

This study was conducted over the low fire years of 2011 and 2014 between June and 

October. Years were considered as low fire years when the collective annual burned area 

in Alaska and East Siberia is less than 104 km2, for this study. Annual burned area was 

determined using the Global Fire Emissions Database (GFED) interactive tool, shown in 

figure 2.4 [Randerson et al., 2017]. Since AIS was only available since 2009, low fire years 

2006-2008 were not used. 2010 was a low fire year, but unresolved processing errors occurred 

for the 2010 AIS data. In 2011, East Siberia and Alaska had total annual burned area
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Figure 2.3: Resampled AIS Ships. Resampled AIS ship count per 0.25o by 0.25o grid cell 
that had a corresponding valid AOD retrieval for June 2014. The grid bounds are 50oN to 
75oN and 180oW to 156oW.

of 4138 km2. In 2014, the total annual burned area was 6098 km2. Low fire years were 

chosen due to a lower chance of long range transport of smoke acting to increase ambient 

AOD. Evidence of long range transport of smoke from Siberian wildfires was found in British 

Columbia in 2012, a high fire year [Cottle et al., 2014]. Furthermore, time series of numbers 

of ships and AOD were examined to look for trends in the data.
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Figure 2.4: Burned Area Time Series. The annual burned area in East Siberia and Alaska 
using the GFED burned area interactive tool.
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3. Results: AIS and Aerosol Correlation Analysis

3.1 Quality Assurance

Figure 3.1 shows a quality assurance evaluation of the resampled Moderate Resolution 

Imaging Spectroradiometer (MODIS aerosol) retrievals that fell in a grid cell with a ship 

presence. During the bucket resampling process, the most common quality assurance (QA) 

flags were attributed to each resampled aerosol optical depth (AOD) value. The QA flags 

consist of confidence flags and condition flags that describe the quality of the data and cause 

of that quality. As previously mentioned, QA confidence (QAC) flags range from 0 to 3 with 

0 being no confidence and 3 being very good confidence. QA of 1 is considered marginal, 

which is required for the most accurate representation of over-ocean AOD retrievals [Zhang 

and Reid , 2006].

QA of 2 is considered good, but no flags of this value were found in the datasets used 

in this study. In figure 3.1, the left plots show the QAC flags and the right plots show the 

QA condition flags, respectively. The percentages are out of 4360 for 2011 and 8629 for 

2014. All of the marginal condition flags were the result of no aerosol mode combination 

from the lookup table (LUT) had a less square fit parameter ϵ < 5%. The majority of the 

no confidence flags were caused by glint. A small fraction of the no confidence flags were 

caused by the majority of the retrievals in a resampled grid cell having failed the Dark Target 

retrieval process.

3.2 Weighted Averaging

Averaging a set of numbers means taking the sum of the products between values and the 

corresponding weights and dividing that sum by the sum of the weights. Weights represent

the influence a number has on a set. In arithmetic averaging the weight of each value is

assumed to be wi = 1.
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Figure 3.1: Quality Assurance. Quality assurance confidence and condition flags correspond
ing to resampled MODIS aerosol with a ship presence.

The resampled AOD is projected onto a non equal area of a 0.25o by 0.25o grid. Cells closer 

to the poles cover a smaller area than those closer to the Equator due to converging lines 

of longitude at the poles. Thus, in this case, the weights are equivalent to the area of the 

cells. Larger cells have a higher chance to have more valid AOD retrievals and ships that 

are present, and their larger area weight reflects this fact. This consideration is referred to 

as, spatial averaging or area-weighted averaging [Levy et al., 2009].

3.3 Synoptic Situation

MODIS AOD retrievals are heavily dependent on synoptic weather conditions. As afore

mentioned big factor in preventing retrievals is the presence of clouds. Cloud formation can 

be associated with low pressure air masses due to convection and lifting. This existence of 

clouds is especially true for the marine air mass over the Bering Sea. Marine air masses tend 

to be warm and moist near the surface. Convection cools the air parcel, by lifting it to the 

dew point at which the relative humidity is at a maximum. Then condensation begins and 

clouds are formed.
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Figure 3.2: 2011 Average Geopotential. The average 1000 hPa geopotential height for June- 
October, 2011.

Figure 3.3: 2011 Average Geopotential. The average 1000 hPa geopotential height for June-
October, 2014.
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Geopotential height is a relative measure of air pressure due to being proportional to 

it. Air pressure during this study's target period was analyzed using geopotential reanalysis 

images. The images were provided by the National Oceanic and Atmospheric Administration 

(NOAA)/ Earth System Research Laboratory (ESRL) Physical Sciences Laboratory, Boulder 

Colorado from their Web site at http://psl.noaa.gov/ [Kalnay et al., 1996].

Figures 3.2, and 3.3 show the average 1000 hPa geopotential height during June to 

October of 2011, and 2014, respectively. The seasonal average geopotential height indicates 

a lower air pressure in 2011 than in 2014. Thus, it can be assumed that during the target 

period the cloud coverage was greater over the Bering Sea in 2011 than in 2014.

Figure 3.4, shows the monthly average 1000 hPa geopotential for 2011, June through 

October. In June, a low pressure system covered the Bering Sea. The low pressure system 

was centered on the Bering Strait with the pressure increasing towards the south of the 

Aleutian Islands in July. The synoptic situation was similar for August, except for slightly 

higher pressure over the Aleutians than in July. September saw a low pressure system 

centered on southwest Alaska near Bristol Bay. Then in October, the Bering Sea was again 

governed by low pressure.

Whereas 2011 was dominated by low air pressure, the average monthly air pressure in 

2014 varied during the season, as shown in figure 3.5. The Bering Sea was covered by a 

high pressure system in June, and more so in July. Though, the Bering Strait and Chukchi 

Sea were under low pressure conditions during these months. Then August and September 

featured strong low pressure systems covering the whole of the target area. During October, 

a low pressure system was centered over the Gulf of Alaska and only covered the Southeastern 

Bering Sea.

3.4 Temporal and Spatial Distribution of AOD and Ships

Figures 3.6, 3.7, 3.8, and 3.9 show the distribution of resampled MODIS AOD and the 

corresponding ship counts for 2011 and 2014. Bristol Bay and the passage next to Unimak
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Figure 3.4: 2011 Monthly Average Geopotential. Monthly average 1000 hPa geopotential
for 2011, June through October.
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Figure 3.5: 2014 Monthly Average Geopotential. Monthly average 1000 hPa geopotential
for 2014, June through October.
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Figure 3.6: 2011 Resampled AOD. Monthly resampled MODIS AOD for 2011, June through
October.
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Island in the Aleutians are areas with high concentration of ship traffic along with large 

values of AOD. The density of ship occurrences is considerably higher at these locations 

than elsewhere in the domain of interest. Over the shipping season, the AOD over the 

target area decreases. In 2011, there is a significantly smaller number of retrievals with ship 

presence than 2014 due to the different weather conditions. Due to the different synoptic 

weather conditions 2011 had more AOD retrievals from 0.2 to 0.4. On the contrary, 2014 

largely spanned the 0 to 0.2 AOD range. Ship counts range from 1 to approximately 70, as 

seen in figures 3.8 and 3.9. The range of the number of ships is nearly hundred times greater 

than the range of AOD during a overpass in 2011 and 2014. Thus, it is reasonable that any 

correlation found between AOD and the number of ships would be weak.

A higher average AOD during 2011 than 2014 is shown in figure 3.10. 2011 also had a few 

outlayer AOD values greater than 1 which would further offset the monthly comparisons of 

AOD. Both years, showed a slight decrease of AOD from June to October, because more low 

pressure systems went over the region as the shipping season progressed. Note that clouds 

and precipitation contribute to the removal of aerosols from the atmosphere. Sedimentation 

is another removal mechanism.

The difference in the total number of ships that had a valid aerosol retrieval across 2011 

and 2014 is shown in figure 3.11. 2014 had a significantly higher daily total of ships within 

the domain 50oN to 75oN and 180oW to 156oW than in 2011. This means that the higher 

domain average AOD during 2011 than during 2014 may only be explained by differences in 

the weather situations. Note that more frequent lows lead to enhanced removal and hence 

lower season mean AOD. However, more low pressure systems mean less retrievals as well.

Long dry weather conditions in the upwind may lead to wildfires in the Far East of 

Siberia or Alaska. This means the advection of smoke may also contribute to differences 

in the seasonal area-weighted mean AOD over the Bering Sea. Furthermore, wind speed 

and direction plays a role for advection of soil dust from the Gobi Desert. Wind speed and 

relative humidity may affect wave height and aerosol formation from sea spray, respectively.
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Figure 3.7: 2014 Resampled AOD. Monthly resampled MODIS AOD for 2014, June through
October.
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Figure 3.8: 2011 Resampled Ships. Monthly resampled ship positions for 2011, June through
October.
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Figure 3.9: 2014 Resampled Ships. Monthly resampled ship positions for 2014, June through
October.
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Figure 3.10: Daily Domain Average AOD. The daily area weight average of AOD over the 
domain 50oN to 75)°N and 180oW to 156oW that had a ship presence, from June to October.
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Figure 3.11: Daily Domain Total of Ships. Total number of ships counted over the domain 
50oN to 75)°N and 180oW to 156oW that had a valid aerosol retrieval, from June to October.
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Sea ice could potentially inhibit AOD and ship distributions. MODIS aerosol retrievals 

by the Dark Target algorithm cannot be made over sea ice due to the high albedo. Shipping 

can be reduced due to large amounts of sea ice blocking shipping routes into the Arctic.

This study chose a period of June to October as this timeframe is when the least sea ice 

extent occurs. Sea ice extent records can be obtained from the Multisensor Analyzed Sea Ice 

Extent (MASIE) [U.S. National Ice Center and National Snow and Ice Data Center , 2010].

The sea ice extent for the Bering Sea was far greater and persisted longer during 2014 

than 2011, as shown by figure 3.12. The maximum sea ice extent for both shipping seasons 

only covered 2% and 5% of the Bering Sea, respectively. Thus, the impact of sea ice on AOD 

and ship distributions in the Bering Sea was negligible.

The Chukchi Sea sea ice extent, ranged from 17% and 35% for 2011 and 2014, respectively, 

to completely frozen during June to October. Though, the Chukchi Sea intersection with this 

study's target area is far smaller than the Bering Sea intersection, there is a small increase 

in number of AOD retrievals and the number of ships along the northern coast of Alaska 

when sea ice is at a minimum in September.

3.5 Correlation Coefficient

Aerosol optical depth, a measure of vertical column aerosol quantity (unitless), is in

cluded in the MODIS aerosol retrievals. The expectation was that there would be a positive 

correlation between AOD and the number of ships, such that AOD would increase in the 

presence of a greater number of ships. In correlating, only instances which had both a valid 

AOD and at least 1 ship present were considered. Then AOD values that occurred in the 

presence of the same number of ships were averaged. The averaged AOD with unique ship 

numbers were then used to calculate the significance of the correlation and the correlation 

coefficient.

The Pearson product correlation coefficient r is a measure of how close to a linear rela

tionship two variables are. With a range of -1 to 1, two variables are said to be linearly
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Figure 3.12: MASIE Sea Ice Extent Bering. MASIE sea ice extent for 2011 and 2014, June 
through October, in the Bering Sea.
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Figure 3.13: MASIE Sea Ice Extent Chukchi. MASIE sea ice extent for 2011 and 2014, June 
through October, in the Chukchi Sea.
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Figure 3.14: Pearson Product Correlation Coefficient . The Pearson Product Correlation 
Coefficient ranges between -1 and 1. The further |r| is from 0, the stronger the correlation 
is.

related if |r| = 1. r < 0 indicates a negative relationship such that one variable decreases 

as the other increases. r > 0 indicates a positive relationship such that when one variable 

increases, so does the other. When r = 0, the two variables are considered to be completely 

random with no correlation [Neideen and Brasel , 2007].

Since in remote, pristine regions, AOD would be expected to be far less than 1 and the 

number of ships could reach 100, then it was expected that AOD and the number of ships 

to have a weak positive correlation. At Barrow, the 1977-2006 summer background 550 nm 

AODs were below 0.15 except when wildfire smoke was advected [Smirnov et al., 2009].

This study, considered |r| < 0.1 to have no correlation, 0.1 ≤ |r| < 0.3 is weakly cor

related, 0.3 ≤ |r| < 0.5 is moderately correlated, 0.5 ≤ |r| < 0.7 is strongly correlated, 

and 0.7 ≤ |r| < 1.0 is very strongly correlated. These ranges are shown in Figure 3.14. 

Furthermore, a value of |r| = 1 indicates complete linear correlation.

Along with the correlation coefficient, a p-value is calculated. The p-value represents 

the probability that a noncorrelated set of variables is capable of producing a correlation 

coefficient at least as great as the one that was calculated [Neideen and Brasel , 2007]. Thus,
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Area Weighted Mean AOD with Ships
Period AOD Ambient 

AOD
R Significance 

(%)
|R| Ranges Quality

2014-06 0.134 0.164 0.11 34 > = 0.7 Very Strong
2014-07 0.151 0.192 0.03 11 > = 0.5,<0.7 Strong
2014-08 0.145 0.139 0.13 36 > = 0.3,<0.5 Moderate

2014-09 0.114 0.133 0.27 87 > = 0.1,<0.3 Weak
2014-10 0.116 0.115 0.34 97 >=0,<0.1 None
Seasonal 0.141 0.143 -0.08 44

2011-06 0.190 0.158 -0.22 59

2011-07 0.161 0.159 0.44 91
2011-08 0.163 0.146 0.23 69

2011-09 0.152 0.133 -0.22 31
2011-10 0.149 0.141 0.18 73

Seasonal 0.157 0.146 -0.001 0

Figure 3.15: AOD with Shipping Correlation and Significance. Monthly and seasonal means 
of AOD with presence of shipping: Correlation, significance mean AOD and the percent of 
AOD values found above the ambient AOD calculated from AOD values for grid-cells with 
retrievals made, but no ship presence.

even a weak correlation can be significant, if the p-value is low. For example, a p-value of 

0.1, 0.05, 0.01 would mean that there is a 90%, 95%, 99% confidence in the given correlation, 

respectively. In this study, the word “significant” is only used when the statistical signifi

cance is 95% or higher as it is common practice in atmospheric and climate sciences. For a 

discussion of the drawbacks of higher or lower levels of confidence see the literature cited or 

relevant textbooks.

Figure 3.15 shows the monthly and seasonal mean AOD with ship presence, monthly and 

seasonal ambient AOD, the correlation coefficient and the correlation significance. Seven 

out of the ten months that were tested during 2011 and 2014 had weak positive correlations 

between the AODs and the number of ships present. Out of those seven months, only 

October 2014 had a “significant” correlation between ship presence and AOD values. The 

null correlation found for July 2014 could be the result of relation flatting since the most 
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amount of ships were found during this month. The seasonal correlation coefficients showed 

no correlation with no significance. This finding could be due to highly variable with time 

AOD shown in the monthly mean AOD trends. In both 2011 and 2014, mean AOD showed 

a downward trend from June to October.

In 2011, the ambient AOD was consistently below the AOD with ship presence. Thus, in 

2011 ship emission had a dominant source of AOD. In 2014, the June and July ambient AOD 

tended to be higher than the AOD with ship presence. This trend suggests that sources other 

than ships had a dominant source of AOD within the domain. These sources may include 

sea spray, wildfire smoke, dust and volcanic emissions. Furthermore, the weather situation 

patterns may have played a role. According to the AOD distribution, Global Fire Emissions 

Database (GFED), reanalysis data and backwards tra jectories, smoke from wildfires may 

have affected the ambient AOD mean in the northern part of the target area. On the 

contrary, ship occurrence is father south where the air was less or not contaminated from 

wildfire smoke from the Far East of Siberia and Alaska.

According to the Volcanoes of the World (VOTW) database [Global Volcanism Program , 

2013], there occurred volcanic eruptions along the Russian and Alaskan coasts, adjacent 

to the Bering Sea in 2011 and 2014 during the shipping season. Volcanic eruptions are 

measured by Volcanic Explosivity Index (VEI) on an index of 0 - 7. The eruptions in 2011 

by volcanoes Klyuchevskoy, Russia and Cleveland, Alaska had VEI of 1 and 2, respectively. 

In 2014, volcanoes Zhupanovsky, Russia; Pavlof, Alaska; and Shishaldin, Alaska erupted 

with VEI of 3, 3, and 1, respectively. With more volcanic activity in 2014 than in 2011, this 

could explain the generally higher ambient AOD observed in 2014.

3.6 Data Skewing

Data points used in this study are 0.25o by 0.25o grid cells with a valid AOD during a 

MODIS overpass that was matched with at least one ship being in that grid cell. Several 

factors such as cloud cover and decreased shipping due to ice extent blocking shipping routes
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Figure 3.16: Data Point Count. The number of data points in which MODIS AOD was 
matched with at least one ship.
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may skew the correlation or the differences among the two shipping seasons examined here. 

The synoptic situation strongly affects the number and time of retrievals made. Ship traffic 

increases towards the time of minimum sea-ice extent in September. This means that the 

sample sizes differ among months and shipping seasons. Small sample sizes have higher risk 

for false positives/negatives than samples > 30 [Von Storch and Zwiers , 1999].

Furthermore, as seen in figure 3.16, the number of ships within a grid cell differs strongly 

and among months. These influences are addressed in the following. In 2011, the data 

was heavily skewed towards October due to significant linear positive correlation with a 

correlation coefficient of R = 0.99, shown in figure 3.16. For 2014, correlation seems nearly 

constant except for the September outlier, which could be contributed by the minimum in 

sea ice extend showed in figures 3.12 and 3.13.

In the study, by Levy et al. [2009], it was found that MODIS orbital geometry and regions 

of persistent cloudiness experience great variation in satellite sampling. Both of these factors 

apply to the Bering Sea. Thus, the difference in data points between 2011 and 2014 is to be 

expected.
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4. Summary and Conclusions

Shipping has continually increased in the Arctic in recent years due to new time saving sea 

route being exposed from decreasing sea ice [Arctic Council , 2009]. Along with the increase 

in the number of ships, there is an increase aerosols from ship emissions. The 3 km ocean 

aerosol product collection 6.1 derived from Moderate Resolution Imaging Spectroradiometer 

(MODIS) satellite instruments is currently one of the highest resolution datasets of aerosol 

quantities over the ocean. This study sought to examine whether there exists at least a weak 

positive correlation between aerosol optical depth (AOD) and ship positions. During the 

shipping seasons, June to October, of 2011 and 2014, this study demonstrated that there 

were weak positive correlation in most of the months. The correlations were not considered 

significant, but still were found to unlikely be the result of randomly occurring data. These 

findings well agree with those found by other authors, but for non-Arctic regions with higher 

ship traffic than in the Bering Sea (e.g., [Marelle et al., 2015] and [Peters et al., 2011]).

This study utilized the bucket resampling method to project the MODIS swaths to a 

latitude/longitude grid during a overpass. A overpass was defined as concurrent MODIS 

granules from either the Terra or Aqua satellites. For simplicity, and as a first approximation 

the AOD between overpasses was assumed to be constant. The time between overpasses 

typically ranged between 1.5 hours and 5 hours. Clouds, glint and sea-ice permitting, the 

area covered by an overpass tended to grow with increasing daylight until solstice. Thereafter, 

it decreased as the days grew shorter in September and October.

Historical ship positions was obtained from ship autonomous identification systems (AIS) 

data. Ship positions were aggregated to hourly data to be 1) on the same time magnitude as 

MODIS overpasses and 2) tackle the big data issue. Note that the position data can have a 

temporal increment of a second. This procedure allowed ship positions to be compared with 

MODIS AOD while still considering fast moving ships. It also permitted to read in relevant 

data into memory for a targeted time using hdf files.
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The correlation of MODIS AOD and AIS ship positions revealed that seasonal correla

tions, spanning June through October, showed no correlation. This finding could be the 

result of the monthly variability in AOD found for the Bering Sea region. Due to the large- 

scale synoptic conditions, AOD decreases throughout the season as the frequency of passages 

of low pressure systems increases towards fall.

The number of data points, in which MODIS AOD values were matched with at least 

one ship, can vary over time leading to data skewing as well. Data skew was seen to occur 

heavily during the 2011 season, but that is not the case for 2014. This finding implies that 

between monthly variability in AOD and data skewing, monthly variability in AOD is the 

mostly probable cause for null seasonal correlations. However, on a monthly basis the weak 

correlations were significant at 90% or higher for most months. It should also be noted that 

there is no observable trend between the number of data points and the monthly correlation 

coefficient.

It was found that the monthly variability in average AOD with ship presence can be 

explained by the spatial distribution of ships and the location of low pressure systems. 

Low pressure systems are associated with cloud formation that prevents AOD retrievals. 

Large concentrations of ships were found along the International Shipping Lane from North 

America to Asia which is located along the Aleutian Islands. It is also the area with the 

highest AOD retrievals. When low pressure systems cover the high ship concentrations in the 

Aleutian Islands there is a strong effect on area weighted average AOD with ship presence. 

In 2011 and 2014, average monthly AOD with ship presence was found to decrease along with 

a decrease in air pressure over the Aleutians shown by the decrease in geopotential height. 

The geopotential height in 2011 and 2014 decreased by approximately 30 m and 50 m, 

respectively, over the Aleutian Islands from June to October. Overall, 2011 had significantly 

lower air pressure over the Bering Sea and the Bering Strait than 2014. Though, in 2011 

the low air pressure remained further north of Aleutians than in 2014. Thus, the AOD in 

2011 was negatively skewed such that the average monthly AOD was greater than 2014, on 
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average by 0.03 or 25%. This difference is due to having a larger portion of retrievals being 

made over the Aleutian Islands.

Suggestions to policymakers and the International Maritime Organization based on this 

study would be to expand the Pacific North American emission control area (ECA) and to 

enforce mandatory active automatic identification systems (AIS) even when at berth and/or 

fishing. ECAs are regions of coastal waters that limit the emissions from ships within that 

region. The Pacific North American ECA extends across the Alaskan coast in the Gulf of 

Alaska. However, it doesn't cover the Aleutian Chain, West Coast of Alaska and along the 

Arctic Ocean.

This study suggests that extending the ECA to Dutch Harbor of Unalaska in the Aleutian 

island chain would reduce ship AOD. The accuracy of this study is affected by the assumption 

that all ships in the domain maintain active AIS. Currently, AIS systems are required to 

be installed, but not active [Malarky and Lowell , 2018]. Thus, the number of ships that 

contribute to the domain AOD may be higher.

This study investigated the relation between ship presence and AOD. However, ship 

emissions strongly depend on the operation mode, the engine power, fuel burned and engine 

load. The latter is a complex function of speed, operation status and whether or not the 

ship transports cargo or not and if so how much [Molders et al., 2013].

Thus, further investigations could use the AIS ship characteristics, operation mode and 

speed in combination with an ship emissions model (see e.g. [Eyring et al., 2005], [Corbett 

et al., 2010], [Moolders et al., 2013]) to create an intermediate ship emissions dataset for 

comparison with the retrieved AOD.

Data contamination may have occurred from non-ship anthropogenic and natural aerosol 

sources. The highest concentration of data points were found near the Dutch Harbor in 

Unalaska. With a population of a few thousand, Unalaska is capable of producing emission 

that contaminates the nearby ship emissions [HMH Consu lting , 2015]. The natural aerosol 

sources include volcanic activity and sea-spray. The amount of aerosols from sea-spray 
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increases with increasing wind speed and wave breaking. Thus, looking at wind speed data 

via multiple-regression or other methods could reveal the effects of ambient AOD has on 

obscuring the contribution made by ships.

Since the aerosols are in the atmospheric boundary layer (ABL), a far into the future 

step could be to find relationships between concentrations of particulate matter at diameters 

less or equal 2.5 micrometer (PM2.5) and/or less or equal than 10 micrometer (PM10) and 

AOD similar to those made, for instance, by Friberg et al. [2018] over cities.

In this study, the biggest limitation was in determining a method to compare ship po

sitions with MODIS AOD swaths. Swaths are orientated with axis “with the trajectory” 

and “across the trajectory” of the satellite. Thus, each swath has a unique projection makes 

searching retrievals by position, computational expensive. If there existed a gridded ocean 

AOD product similar to the Multi-Angle Implementation of Atmospheric Correction (MA- 

IAC) product [Lyapustin et al., 2018] used for land AOD, then the need for resampling would 

be eliminated.

Without the development of a new data product, this study could be approved through 

the use of an equal area grid projection and a more accurate resampling technique. Since 

this study focuses on the high latitude Bering Sea, a north pole stereographic projection 

would offer equal spatial weighting to each data point. The advantage of bucket sampling is 

the simplicity of implementation, but is known to result in data smoothing [Weigel , 1996]. 

Using an alternate resampling technique such as Gaussian or nearest neighbor would prevent 

the data lost in bucket sampling.
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