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ABSTRACT

The annual phytoplankton bloom is an important marine event. Its annual vari-
ability can be easily recognized by ocean-color satellite sensors through the increase
in surface Chlorophyll-a concentration, a key indicator to quantitatively characterize
all phytoplankton groups. However, a common problem is that the satellites used to
gather the data are obstructed by clouds and other artifacts. This means that time
series data from satellites can suffer from spatial data loss. There are a number of
algorithms that are able to reconstruct the missing parts of these images to varying
degrees of accuracy, with Data INterpolating Empirical Orthogonal Functions (DI-
NEOF) being the most popular. However, DINEOF has a high computational cost,
taking both significant time and memory to generate reconstructions. We propose
a machine learning approach to reconstruction of Chlorophyll-a data using a Varia-
tional Autoencoder (VAE). Our method is 3-5x times faster (50-200x if the method
has already been run once in the area). Our method uses less memory and increas-
ing the size of the data being reconstructed causes computational cost to grow at
a significantly better rate than DINEOF. We show that our method’s accuracy is
within a margin of error but slightly less accurate than DINEOF, as found by our
own experiments and similar experiments from other studies. Lastly, we discuss other
potential benefits of our method that could be investigated in future work, including
generating data under certain conditions or anomaly detection.
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Chapter 1

Introduction

With over 500 Earth observation (EO) satellites launched in the past 50 years and

around 140 planned missions listed on the CEOS database, the world is well into the

era of “Big Earth Data” [8, 14, 45]. The main satellite mission referenced in this

paper, Sentinel-3, collects data from a specific area near daily, with an average revisit

time of <2 days [11]. Given that the size of EO datasets are constantly growing,

computationally expensive EO algorithms, particularly those relying on time series,

need to be reexamined for less expensive alternatives. Finding less computationally

expensive alternatives to existing EO algorithms will save scientists time, money

on expensive hardware, and will allow for the processing of higher resolution areas

without sacrificing the size of area it can cover.

Modern Deep Learning (DL) techniques (i.e Neural Networks) have been identified

by Imperatore and Riccio [18] to benefit Geoscience and Remote Sensing in three

main areas: as a code accelerator for computationally expensive models, a model for

processes one cannot model but do have data to teach, and as a model for classification

problems. The main focus of DL research in Remote Sensing/Earth Observation is in

the second two areas. The research in these areas has proven very successful, such as

work by Anantrasirichai et al. [2] who designed a classifier for volcanic deformation
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which could indicate eruption, or a model from Mudele et al. [34] for deriving the

population of a type of mosquito from EO data. Models in the code accelerator

category could provide a way to process the massive amount of new EO data being

generated daily, at a much lower computational cost.

A prime example of a computationally expensive EO algorithm is the Data IN-

terpolating Empirical Orthogonal Function (DINEOF) algorithm [4]. This algorithm

is important to EO and climate change research, as it is one of the most used algo-

rithms for reconstructing missing sections of oceanographic data [42]). It is commonly

used to reconstruct Sea Surface Temperature (SST), Chlorophyll-a (Chl-a), and other

satellite derived biogeochemical variables as they suffer from significant spatial data

loss [39]. This data loss is due to clouds, sunglint, or other factors which can introduce

error to the atmospheric correction process, rendering the confidence in the corrected

data too low to be used [39]. DINEOF, though accurate, is fairly slow [42], and

heavily reliant on temporal data [16]. Additionally no implementation suitable for

massively parallel processing could be found and, as shown later, an implementation

is unlikely to ever be found. These factors make processing the massive amount of

EO data now accessible very resource intensive and time consuming. For instance,

a reconstruction of a Globcolour derived Chl-a dataset of 6871 daily images, each

consisting of 313x458 pixels, took roughly 96 hours on a M8ms Azure VM instance (8

cores, 218.75 GB of RAM) and cost approximately $200CAD in compute time alone

(S.Pramlall, Personal Communication, August 16 2021).

In this work, a satellite-derived Chl-a reconstruction algorithm based on the Varia-

tional Autoencoder (VAE) from Kingma and Welling [22] as well as Attribute2Image’s

improvements in making generated images less random [44] is proposed. A VAE is a

neural network with 2 main parts, an Encoder and Decoder. The Encoder takes an

input image and learns how to compress it into a smaller latent space that can be
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represented by a distribution. The Decoder then learns how to generate a realistic

looking image by drawing from this distribution. Yan et al. [44]’s improvements in

Attribute2Image give the Decoder some extra information or attributes (i.e., tem-

perature) to use when generating the image, allowing the user to control what is

generated. The dimensionality reduction in a VAE is similar to the Singular Value

Decomposition (SVD) used in DINEOF, making it a good candidate for a replacement

algorithm.

The process introduced in this work, VConstruct, is similar to Attribute2Image as

well as Ivanov et al’s inpainting process but modified to reconstruct biogeochemical

data [19, 44]. VConstruct is tested using satellite-derived Chl-a data from the Salish

Sea area surrounding Vancouver Island in Canada, and data from the Mediterranean

sea. VConstruct is compared to the most popular method, DINEOF, using experi-

ments modeled after Hilborn and Costa [16]’s experiments on satellite-derived Chl-a

Data in the Salish Sea. The Salish Sea area was chosen as it shows a high variability

in Chl-a concentration as well as high cloud cover, factors DINEOF is sensitive to

[16]. The Mediterranean sea is used as well due to the general low cloud cover, which

gives a large number of training samples [32]. The effects these different areas play

on the quality of reconstruction is discussed. Computational costs of VConstruct and

DINEOF including time and memory are also compared. Additionally, qualitative

aspects such as generalizability and climate change resistance are compared.

The results show that deep learning algorithms are good candidates as code accel-

erators to replace or augment some resource intensive EO algorithms. VConstruct is

able to reduce processing time by 3-5x depending on the input data and maintain sim-

ilar but slightly less accuracy. Most of VConstruct’s runtime comes from generating

a reconstruction model for the given area, which can be reused for reconstructing any

future days. If a VConstruct model has already been generated for that area, a new
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set of images can be given to the model and reconstructed with roughly 50-200x less

processing time when compared to DINEOF. A less resource intensive reconstruction

algorithm will allow researchers to keep up with the massive influx of new EO data

and will also lower the cost of entry with regards to time and hardware for anyone

who wishes to process this data in the future. The same globcolour reconstruction

discussed above could be performed with VConstruct locally on a mid tier consumer

grade GPU in roughly 12 hours, likely less. On Azure this experiment could likely

be run on a Standard_NV8as_v4 (1/4 of a Radeon Instinct MI25 Accelerator) for

roughly $12CAD, or if this is too small an instance with a full Nvidia V100 would

cost roughly $48CAD for the same time period.
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Chapter 2

Background and Related Works

2.1 Chlorophyll-A

Chlorophyll-A (Chl-a) is considered an “Essential Climate Variable” for measuring

and predicting climate systems and ocean health [5]. Chl-a is a commonly used

metric to estimate phytoplankton biomass (measured in units of mg/m3) and can be

derived from ocean colour data gathered from satellites [1, 37]. Chlorophyll-a data can

be used in studies of primary productivity [17], to detect changes in phytoplankton

bloom phenology [28, 29, 41] or to locate harmful algae blooms, which can be fatal to

marine life [39]. As climate change progresses, phytoplankton bloom phenology and

the conditions for harmful algae blooms will be significantly impacted, making it all

the more necessary to monitor them through EO data [33].

2.2 Other approaches to Chl-a reconstruction

The most popular approaches to Chl-a reconstruction are often based off finding

Empirical Orthogonal Functions (EOFs) and using them to interpolate missing data.

These methods are quite useful in remote areas with low satellite cover, like the Arctic
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Ocean and Salish Sea [16, 28]. EOFs are usually calculated through Singular Value

Decomposition, where the algorithms differ is in how each initially fills in the missing

data and decides when to stop. Of the existing EOF algorithms DINEOF is the most

accurate and commonly used [16, 26, 42]. DINEOF works by randomly generating

candidates for the missing data and then refining those candidates via calculating

EOFs until convergence. Once convergence is achieved it then adds a second EOF

mode and does it all again. This process repeats until the accuracy converges through

cross validating [39]. However DINEOF can be rather slow to process, requiring many

more iterations then the next most accurate EOF algorithm, Recursively Subtracted

Empirical Orthogonal Functions (RSEOF) [42]. It is slow enough that Taylor et al.

[42] recommend using RSEOF to process large biogeochemical datasets. Liu and

Wang [26] needed to split their 30 day dataset across 16 different parallel instances to

process it in a reasonable amount of time, citing DINEOF’s inefficiency as a limiting

factor. Each of the 16 instances only had access to 1/16th of the available spatial

data, limiting the potential maximum accuracy.

Alternatively, Konik et al. [23] propose a non EOF based model for reconstruction

that performs well, however it is highly dependent on having a model to simulate

the value you are trying to reconstruct. This makes it less generalizable than EOF

methods and ties its accuracy to the accuracy of the model.

2.3 Other Machine Learning approaches to Chl-a

reconstruction

Machine Learning techniques have also been successful in reconstructing Chl-a data.

For example, Park et al. [35] use a tree based model to reconstruct Chl-a in polar

regions. This method is effective but similar to Konik et al. [23] requires knowledge of
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the domain of the data being reconstructed to properly tune it. DINEOF and other

EOF based methods do not have this draw back. Park et al. [35] state that the wrong

predictors could introduce noise in their model, so a "...deep understanding of the

factors that influence [Chl-a] is needed" [35]. These less generalizable models would

potentially have to be rebuilt from the ground up for new areas or new biogeochemical

variable, assuming they would even work in that area. Generalizable methods like

DINEOF have been shown to work well in a large variety of situations with minimal

tuning, making it a more useful tool to the end user as they likely will not want to

change methods every time they work in a new area. This transferability, along with

its accuracy, is likely why DINEOF is so widely adopted and why it is compared to

in this work.

DINCAE is a very new machine learning approach to reconstructing data [3],

which has also been shown to work on Chl-a [15]. DINCAE, like VConstruct uses

Neural Networks. However DINCAE primarily focuses on accuracy and not compu-

tational cost. Like DINEOF, it also relies on temporal data which has a significant

memory cost.

There are also several other machine learning techniques that perform tasks on

Chl-a similar to reconstruction. Jin et al. [20] uses a neural network to predict Chl-a

in a small area using hydrodynamic model data. Chen et al. [9] propose a method

for correcting data that is gathered from EO satellites but has too low a confidence

to be useful using a random forest.
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Chapter 3

Model

The proposed model, VConstruct, is a deep learning model based on a Variational

Autoencoder [22]. It consists of an Encoder, Decoder and Attribute neural network

and is arranged as shown in Fig. 3.1. All network layers are fully connected layers

with ReLU activation functions, a simple neural network architecture [43]. The exact

dimensions of the layers are shown in Fig. 3.1.

A conventional VAE consists of just the Encoder and Decoder network and is

attempting to optimize the objective function of:

logP (X)−DKL[Q(z|X)||P (z|X)] = E[logP (X|z)]−DKL[Q(z|X)||P (z)] (3.1)

P (X) is the likelihood of some data given some encoding X, Q(z|X) is the En-

coder network, P (X|z) is the Decoder network, E is reconstruction loss and DKL

is Kullback-Leibler divergence [10, 22]. The Encoder network compresses an image

down to a lower dimensional latent space and learns a distribution it can later sample

from during testing when the complete image is unknown. The Decoder takes the

output of the Encoder network, or random sample from the learnt distribution, and

attempts to reconstruct the original image. Kullback–Leibler divergence and Recon-

struction loss are used as loss functions. Kullback-Leibler divergence forces the learnt
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distribution into a normal distribution and Reconstruction loss ensures minimal error

between the input and output images [22].

The addition of the Attribute network is based off the work of Yan et al. [44]

and Ivanov et al. [19]. The network extracts an attribute vector from a cloudy image

which represents what is “known” about the information not obstructed by clouds.

This attribute vector then influences the previously random image generation of the

Decoder network so that it generates a potential reconstruction. To optimize the

influence of the encoding the objective function (Equation 3.1) becomes that of a

Conditional Variational Autoencoder (CVAE):

logP (X|c)−DKL[Q(z|X, c)||P (z|X, c)] = E[logP (X|z, c)]−DKL[Q(z|X, c)||P (z|c)]

(3.2)

c represents the attribute vector [10, 40].

These three networks make up the training configuration of VConstruct and can be

seen in Fig. 3.1. When testing the Encoder network cannot be used as the complete

image is not known, so the network is replaced with a random sample from the

distribution learnt in training. The parts that switch out are indicated by the dashed

lines. Once the model is fully trained the Encoder network can be entirely deleted,

allowing for VConstruct to use less memory for generating actual reconstructions.
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Chapter 4

Model Validation

To prove the validity of VConstruct, it is shown to be able to provide accurate repro-

ductions. This is tested by removing an area from a set of images and attempting to

reconstruct it using both DINEOF and VConstruct, allowing accuracy to be tested

under similar conditions. The area removed from the set of testing images is gen-

erated based off cloud cover in other images. This validation process is similar to

Sirjacobs et al. [39].

4.1 Dataset and Preprocessing

The Salish Sea dataset comes from the Algae Explorer Project1. This dataset is daily

mosaiced data spanning from 2016-04-26 to 2020-09-30, consisting of 1566 images

total, and has a resolution of 300m. Algae Explorer uses data from Sentinel-3A

coming from CODA 2 and is processed according to Giannini et al. [13]. Results for

daily images are shown in 2 subsections of the Salish Sea, the Fraser River mouth

as it is identified as a problem area for DINEOF [16]), and an area off the coast of

Victoria as it is a good midpoint between the Mediterranean Sea and the Fraser River
1https://algaeexplorer.ca/
2https://www.eumetsat.int/coda
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mouth in terms of complexity. The Victoria coast also served as a good diagnostic

area due to its wide range of values and distinct shape.

For the Mediterranean Sea, the 8-day composite time series (from 1998 to 2021)

of surface satellite-derived Chlorophyll-a at 4 km of spatial resolution was obtained

from the GlobColour Project3. The surface chlorophyll-a values are gathered by

using the Garver-Siegel-Maritorena (GSM) model [30] combining, when possible, data

from different sensors (i.e., SeaWiFS, MERIS, MODIS, Sentinel-3, and VIIRS), and

ultimately providing a merged product with an increased spatiotemporal coverage

[31]. These data sources represent a variety of types of data, preprocessing steps,

and instruments, broadening the testing scope. Though the dataset contained 1566

images, only 450 of them could be used in the tests below due to DINEOF’s memory

limitations. The data used is the first 450 images, ranging from 1998 to 2006.

The data for DINEOF is preprocessed using a similar process to Hilborn and

Costa [16], removing major outliers and marking the clouds as appropriate. The

preprocessing for the data for VConstruct uses a similar method to Han et al. [15],

outliers are removed, clouds are marked, and the Chl-a anomaly is calculated to use

as input.

4.2 Testing

Five days from each of the 3 geographic areas are selected at random from all days with

low cloud cover. In total the testing set consists of 15 images. This allows artificial

clouds to be added and accuracy be measured by comparing to the original complete

image. The artificial clouds patterns added are cloud patterns extracted from other

images, ensuring real world viability. Each image has thousands to tens of thousands

of pixels removed, making the testing set rather large. For the purposes of testing in
3https://hermes.acri.fr/index.php
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Section 5 all images are reconstructed, but statistical metrics are only calculated for

these 5 to ensure accuracy is only reported for properly withheld data. The images

coming from both DINEOF and VConstruct are interpolations of the entire image,

including pixels that were not missing in the first place. It is common practice (but

not always done) to use the reconstructions for only the missing pixels, combining

them with the non missing pixels from the original incomplete image to make the

final reconstruction [16, 26]. The combined image is used as the reconstruction when

calculating the metrics below to ensure the metrics are only being calculated for the

removed areas.

Images are compared with their reconstruction by calculating RMSE (Root Mean

Squared Error) and mean ratio. RMSE is calculated via Equation 4.1 where xi is the

reconstructed value, and yi is the true value. The logged version of the values are

used for these calculations.

RMSE =
√√√√ 1
n

n∑
i=1

(xi − yi)2 (4.1)

4.2.1 DINEOF Testing

Since DINEOF is not “trained” like ML models, conventional ML testing with test/

train/validate datasets cannot be performed. For this experiment the five testing

images selected in preprocessing are overlaid with artificial clouds to create the testing

set, which is then inserted back into the full set of images. Samples are shown in the

Appendix, Figs. 4.1, A.1, and A.2. After running DINEOF, the pixels that were

removed by the artificial cloud cover are compared with the respective pixels in the

reconstructed output from DINEOF.

This testing scheme slightly biases the experiment towards DINEOF as testing

images are usually completely withheld when training deep learning models. DINEOF
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needs access to the cloudy testing images in order to generate EOFs, whereas these

images are withheld from VConstruct. This is unfortunately unavoidable but does

not invalidate the results, as neither algorithm has access to the removed pixels.

4.2.2 VConstruct Testing

To train and test VConstruct the 5 testing images are completely removed from the

dataset, they form the “testing” dataset. Of the remaining images those with low

cloud cover are used as the “training” dataset and those with higher cloud cover to

generate “training” clouds. VConstruct’s model is learnt by showing it “training”

images along with the same image with “training” clouds artificially inserted. There

are many more “training” clouds then those used for testing, allowing VConstruct to

learn how to reconstruct a wide variety of images. VConstruct uses these images to

optimize the equations described in Section. 3.

The model is trained for 150 epochs (each training image is “shown” to the model

150 times with different cloud patterns). More epochs can improve accuracy as the

model gets to see each image more, but they also increase run-time. For VConstruct,

higher values did not seem to improve accuracy by much, which is why 150 is used.

But as with all deep learning hyperparameters there is a chance other values or

combinations will give better results.

After training the test dataset is used to test identically to DINEOF, reconstruct-

ing the same images with the exact same cloud patterns.

4.3 Accuracy Results

Table 4.1 presents the mean results of reconstructing the five randomly selected testing

images in each area. RMSE (Root Mean Squared Error) and the ratio between the
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Table 4.1: Testing Results. RMSE = Root mean squared error, mean ratio is the
the mean of the reconstructed image to the mean of the true image. A ratio of 1
means there is no difference. Bolded values show the better score in each area for
each metric

Area RMSE Mean Ratio
DINEOF VConstruct DINEOF VConstruct

(#ofimages)× (#ofpixelslat)× (#ofpixelslong)(Area) log10 mg m
−3 mg m−3 log10 mg m

−3 mg m−3

450x1040x385 (Mediterranean Sea) 0.0695 1.17 0.0881 1.22 0.9979 1.0004
1566x250x250 (Victoria Coast) 0.0531 1.13 0.0851 1.22 1.0140 1.0002

1566x250x250 (Fraser River Mouth) 0.1008 1.26 0.1347 1.36 0.9827 1.0302
Mean 0.0744 1.19 0.1026 1.27 0.9982 1.0102

mean of the reconstructed image and true image are reported.

The algorithms perform similarly, with DINEOF slightly outperforming VCon-

struct on all tests except for the mean ratio in the Victoria Coast and Fraser River

Mouth. To determine if the level of error of VConstruct is acceptable, results from

Table. 4.1 can be compared with other similar studies(e.g Hilborn and Costa [16], Liu

and Wang [26]). These studies are performed under a variety of conditions, so it can-

not be said whether or not whether they would be outperformed. But errors in Table.

4.1 can be compared to theirs to give an idea of “acceptable” error.

Liu et al. perform reconstructions with DINEOF, and report a mean ratio of

.997 for coastal and inland waters which matches up with the Salish Sea areas and

1.012 for oligotrophic waters which matches up with Mediterranean sea [24]. The

mean ratios are well within the .287 and .164 standard deviations reported by the

authors, suggesting similar performance. Hilborn and Costa [16] report 0.11 RMSE

(log10 mg m
−3) as their best accuracy when comparing satellite derived Chl-a to re-

constructed Chl-a from DINEOF. This is similar to the mean of the measured RMSEs

for VConstruct in Table. 4.1. Thus it can be concluded that VConstruct is perform-

ing nearly as well as the commonly used DINEOF approach, with, as explained in a

subsequent section, significant advantages in other areas.

The testing images from the Mediterranean sea are shown in Fig. 4.1, samples
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from other areas are found in the appendix in Fig.A.1 and A.2. The colour bar ranges

were chosen manually to be able to compare reconstructions with full images the

best. However due to the different ranges, colours should not be compared between

different geographic areas. For comparison across different areas see Fig. 4.3. Brown

represents land, white represents missing values. The Full Image is the original image

before cloud cover is added. The Cloudy Image is the image with artificial clouds that

is provided to the reconstruction algorithms to reconstruct. The VCon and Dineof

images are the reconstructed images from the respective algorithm with that day’s

RMSE shown. Since the reconstructed images are the Full Image with the artificial

cloud cover filled in, any values missing in the original full image will still be missing

(though could be filled if needed). This ensures metrics are calculated for the removed

area only.

Figure 4.1: Reconstructed testing images for the Mediterranean Sea. Units are in
log(mg/m3). Latitude ranges from 46.02◦to 30.02◦. Longitude ranges from -6.31◦to
36.979◦

Visually both reconstructions are fairly similar, the most significant difference in
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Fig. 4.1 is VConstruct was unable to reconstruct the dark red area in the top left of

the third image. A likely explanation is discussed in the next section. Both algorithms

seem to do well reconstructing areas with both high and low concentrations.

4.4 Effects of Geographic Area on Results

Since the algorithms perform better in some area than others some reasons for this

difference are explored. To see the difference more clearly, a plot comparing the

reconstructed value with the actual value is shown in Fig. 4.2.

In the charts in Fig. 4.2 the closer the line of best fit is to y = x the better the

reconstruction is. From Fig. 4.2 and Table 4.1, the algorithms are both performing

best in the Mediterranean Sea, followed by the Victoria Coast, then performing worst

in the Fraser River Mouth. This matches Hilborn and Costa [16]’s finding that the

Fraser River mouth is a problem area. The mean and coefficient of variation of Chl-a

in mg/m3 are plotted to provide a potential explanation in Fig. 4.3. The colourmaps

for Figures 4.1,A.2,A.1 was chosen to show the most variation in that particular area

to allow for easy comparison of reconstructions to the full image. The different ranges

in colourbars however makes it hard to compare across the different areas. For Fig.

4.3 a consistent range is used to allow for comparison across areas, though patterns

are harder to detect.

From Fig. 4.3 it can be seen that ranking the areas from lowest coefficient of

variation to highest matches the order of reconstruction performance from highest to

lowest. Areas with high variability are harder to reconstruct, matching Hilborn and

Costa [16]’s findings. An additional reason for the difference in performance could

be the amount of data present, ordering the areas by number of ocean pixels present

matches the order of reconstruction performance. The Mediterranean Sea has 180505,
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Victoria Coast has 38129, and Fraser has 34175. This makes sense as the more data

present the easier it is to learn spatial patterns. There are not enough data points to

make any strong conclusions about the effect temporal length has on performance.

However it is interesting to note that the Mediterranean Sea dataset has roughly one

third the amount of time points as the other areas but performs significantly better.

A similar matching ranking can be observed by looking at how the actual values

are distributed in Fig. 4.2. The best performing Mediterranean sea appears to have

its actual values fairly evenly distributed across its range (-1 to 1). The middle

performing Victoria Coast is also fairly distributed across its range (0 to 1) but has

somewhat of a gap around the .5 mark. The worst performing Fraser river has the

majority of its values fairly concentrated in one small section of its range of values

(0-2). This shows the importance of a good representative training set, areas and

samples not represented by the training set will not be reconstructed as well.

Further investigating the effect of variation and having a good training set, a

sample of 2 individual testing images from the testing set for the Victoria Coast are

shown. In the “Victoria VCon” plot in Fig. 4.2 a number of poorly reconstructed

pixels can be seen in the higher range. Separating the correlation charts into those

for individual days (samples in Fig. 4.4), it can be seen that this is likely coming

from one poorly reconstructed day in Victoria (See also Fig. A.1). This day has

significantly higher Chl-a values then all other testing days, and is shown compared

to a more normal day from the testing set in Fig. 4.4 (The rest of the testing days

can be seen in Fig. A.1). VConstruct performs significantly worse on this anomalous

day when compared to another more normal day, or the composite (DINEOF too but

to a lesser degree). The poor performance is likely due to the fact that there are very

few days like this one in the training set, making it difficult to learn the patterns

present. This negative factor of VConstruct can however be leveraged to make an



19

effective anomaly detector as will be discussed in Section 6.
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Figure 4.2: Correlation between actual and predicted values for each algorithm in
each geographic area. Units are log(mg/m3). Values plotted are a composite of all
5 testing days. The darker the green the more values in that area. The black line
represents the line of best fit and the equation is provided in the graph title in the
form y = b+mx.
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Figure 4.3: The mean of each geographic area’s Chl-a measurements are on the left.
Units are mg/m3. The coefficient of variation for each area is shown on the left, the
units used in the calculation were mg/m3

Figure 4.4: Correlation chart for 2 different testing days in Victoria. Units are
log(mg/m3). The darker the green the more values in that area. The black line
represents the line of best fit and the equation is provided in the graph title in the
form y = b+mx.
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Chapter 5

Computational Costs

Model accuracy is only one relevant comparison, albeit the most important one. In

this section computational costs are investigated in two different areas: running time,

and memory cost (both in terms of image spatial size and temporal size). These areas

were chosen as they will likely affect the end user the most. Overall, VConstruct

takes approximately 3-5x less compute time (50-200x when trained) and up to 2x less

memory (even more on longer datasets) to perform its calculations. This reduction in

computational cost will save researchers time and money as well as let them perform

work on high resolution images with less concessions in terms of area or time covered.

These reductions in computational costs are also shown to get bigger on datasets

larger then those tested.

Memory usage and time is measured in Table 5.1 by running both algorithms on

a local machine with an Intel Core i5-9400 CPU, 8Gb of RAM, 8Gb of swap space,

and GeForce RTX 2060 GPU.

Time is measured as wall clock time of the process from start to finish. Memory

is measured as the maximum Resident Set Size plus Swap Space used by the process.

Maximum memory is used as average memory usage does not matter if the process

cannot be run. The total memory column for VConstruct in Table 5.1 is the maximum
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Table 5.1: Computational costs of VConstruct and DINEOF. * indicates code was
killed by Out of Memory killer before completion

DINEOF VConstruct VConstruct Reconstruct
Sample Size Time Memory Time Memory GPU Total Time Memory GPU Total
(TimexWidthxHeight)
1040x1040x385 (Rolling Avg) * * 66min 4.8GB 5.2GB 7.9GB 56s 3.4GB 3GB 6.4GB
550x1040x385 (Rolling Avg) 1621min* 10.9GB* 34min 4.8GB 5.2GB 7.9GB 34s 3.4GB 3GB 6.4GB
1040x1040x385 * * 41min 4.8GB 5.2GB 7.9GB 56s 3.4GB 3GB 6.4GB
550x1040x385 110min 11.9GB 20min 4.8GB 5.2GB 7.9GB 34s 3.4GB 3GB 6.4GB
250x1040x385 40min 5.1GB 6min 4.8GB 5.2GB 7.9GB 18s 3.4GB 3GB 6.4GB
1566x500x500 * * 21min 4GB 4.1GB 6.8GB 33s 3.1GB 2.5GB 5.7GB
1000x500x500 * * 15min 4GB 4.1GB 6.8GB 21s 3.1GB 2.5GB 5.7GB
500x500x500 23min 7.4GB 8min 4GB 4.1GB 6.8GB 15s 3.1GB 2.5GB 5.7GB
250x500x500 11min 5GB 4min 4GB 4.1GB 6.8GB 10s 3.1GB 2.5GB 5.7GB
1566x400x400 40min 12.3GB 16min 3.7GB 3.1GB 5.8GB 18s 3GB 1.7GB 4.6GB
1000x400x400 21min 9.4GB 10min 3.7GB 3.1GB 5.8GB 12s 3GB 1.7GB 4.6GB
500x400x400 14min 5.2GB 6min 3.7GB 3.1GB 5.8GB 9s 3GB 1.7GB 4.6GB
250x400x400 7min 4GB 4min 3.7GB 3.1GB 5.8GB 7s 3GB 1.7GB 4.6GB
1566x250x250 20min 5.7GB 6min 3.2GB 1.9GB 4.6GB 9s 2.8GB 1.4GB 4.2GB
1000x250x250 10min 4.7GB 4min 3.2GB 1.9GB 4.6GB 7s 2.8GB 1.4GB 4.2GB
500x250x250 6min 3GB 2min 3.2GB 1.9GB 4.6GB 5s 2.8GB 1.4GB 4.2GB
250x250x250 4min 1.9GB 1min 3.2GB 1.9GB 4.6GB 3s 2.8GB 1.4GB 4.2GB

combine main and GPU memory used simultaneously. VConstruct’s implementation

includes a step at the very end where it saves the network back to disk. This transfer

is not included in the measurements as it is not a required part of the algorithm, and

if needed could be performed in a way that would not increase the overall memory

usage (by transferring the model in small chunks and saving them piece by piece).

The same data as the Model Validation section for these measurements.

5.1 Computational Time

Time is the amount of time it takes to from when the respective algorithm starts

running to when the results are saved to disk. With VConstruct the neural net can

be pretrained and generate reconstructions on demand from this saved model. For

this reason the amount of time it takes for VConstruct to generate a reconstruction

without training is reported. DINEOF does not have a similar concept and the whole

algorithm needs to be run every time.

From Table 5.1 it can be seen that the difference in computational time is signif-
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icant. Comparing a full run of both algorithms shows a speed of roughly 3-5x with

more significant speedups on larger datasets. When VConstruct is already trained

speedups of 50-200x are seen.

To verify this trend will continue as data scales further, both theoretical and

experimental time complexity will be examined. The brunt of work in VConstruct

is calculating the weights of the neural network which each need a constant amount

of work to compute. The number of weights corresponds directly to the number of

pixels in the input image, so increasing the image size linearly increases the time

complexity. This is backed up by the experimental results in Figure 5.1 part A as it

shows a clear linear relation between image size and computation time. VConstruct

scales similarly as the dataset grows in the temporal dimension; each additional time

point adds a constant amount of work to calculate (one set of matrix calculations for

the network and then one optimization iteration). This is backed up in Fig 5.1 part

B.

The theoretical time complexity of DINEOF is hard to pin down as the main loop

of the program is dependent on how fast the data converges and not the input size.

This is evident when comparing the run time of 550x1040x385 (Rolling Average) to

550 x 1040 x 385 as this data is identical except for the rolling average and has a nearly

15x difference in run time. The rolling average test was killed before completion so

it is potentially an even greater difference.

To simplify, the time complexity of SVD can be used as a lower bound since it is

the bottleneck operation of each DINEOF loop. These SVD operations are performed

until convergence, then an additional EOF mode is added, repeating the process until

an optimal solution is found. The user can also set a maximum number of iterations

or EOF modes to speed up run time at the cost of accuracy. Because of this using

the time complexity of SVD will better generalize across different datasets and if the



25

number of iterations or EOF modes are limited by the user. Comparing to the time

complexity of SVD will also generalize to other variants of DINEOF or EOF based

methods that are designed to be faster, like Ping et al. [36]’s VE-DINEOF, as SVD

(or similar operations) are integral to the EOF process and cannot be optimized away.

This implementation of DINEOF uses truncated SVD which according to Li et al.

[25] has time complexity of O(2mn2 + n3 + n + mn) where m is image size and n is

the number of time points. Some other EOF based methods use eigen decomposition

instead of SVD, this is an equally computationally expensive operation with a cubic

runtime.

Scaling image size increases SVD linearly making that the lower bound, exper-

imental results show a much higher polynomial scaling. Increasing the number of

images being processed scales the time of SVD cubically which is supported by the

experimental results but not as clearly on the scale of this experiment.

The vast majority of VConstruct’s run time comes from its training process. This

is where it goes through the data and learns the appropriate weights for the network.

These weights can be saved and reused on new data given it comes from the same

geographical area. This vastly improves computation time, beating DINEOF by over

50-200x as seen in Table 5.1.

Overall VConstruct is considerably faster then DINEOF especially when it is al-

ready been trained. Given that VConstruct scales considerably better than DINEOF

the performance gap will only continue to grow with VConstruct vastly outperforming

DINEOF on large datasets.
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Figure 5.1: (A) Time Cost for Larger Datasets. DINEOF has a cubic trendline,
VConstruct is Linear. (B) Time Cost for Longer Datasets. DINEOF has a quadratic
trendline, VConstruct is Linear. (C) Memory Cost for Larger Datasets. All trendlines
are linear. (D) Memory Cost for Longer Datasets. DINEOF’s trendline is linear,
VConstruct’s are constant.

5.2 Spatial Memory

For the purposes of this paper, spatial memory is defined as the memory cost of

increasing the spatial area or number of pixels being reconstructed. This is relevant

as as the resolution of Earth Observation systems are increased, the limitations of

current algorithms will require smaller areas to be reconstructed, losing valuable

information. Similarly to time, both the total memory and the memory used only

during reconstruction are reported, as these can differ for VConstruct. A significant

amount of memory is used to calculate gradients during training VConstruct which

can be skipped if the model is pre-trained. Additionally, the Encoder Network (Fig.

3.1) is not needed on a pre-trained model.
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Overall VConstruct takes significantly less memory than DINEOF on all but the

smallest datasets. To verify this scales, the information from Table 5.1 is used to

calculate the amount of memory needed per image as they get larger, this is graphed

in Fig. 5.1 part C.

In Fig. 5.1 part C both algorithms appear to scale linearly with image size. This

matches up with the theoretical complexity of VConstruct, as image size increases,

a proportional number of weights are added to the network, each with a constant

amount of space needed. Similarly to time complexity DINEOF’s space complexity

is hard to pin down as it is somewhat dependant on the input data itself. O(3n2 +

3n+ 2mn) is the space complexity of truncated SVD from Li et al. [25] with n being

number of time points and m being image size. Using this as a lower bound as with

time this backs up the linear growth of DINEOF.

Overall VConstruct uses less memory and scales just as well as DINEOF.

5.3 Temporal Memory

For the purposes of this paper, temporal memory is defined as the memory cost

of increasing the length of time reconstructed. This is relevant as new data is being

gathered every day and the most accurate results will be achieved by using the longest

time period possible [16].

From Table 5.1 it can be seen that as the length of time being reconstructed in-

creases, VConstruct’s memory usage remains constant, whereas DINEOF’s increases.

This can be more clearly seen in Fig. 5.1 part D.

This is in line with the theoretical space complexity of VConstruct. Since images

are provided to the network in constant size batches it does not matter how many

there are, as they are not all needed at the same time. This makes VConstruct’s
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memory usage constant in regard to number of images. In Fig. 5.1 part D, DINEOF

appears to scale roughly linearly with number of images. This does not match up

with the polynomial O(3n2 + 3n+ 2mn) complexity from Li et al. [25]. This could be

due to perhaps a difference in implementation or just not having enough data-points

to see the polynomial behaviour yet. On short datasets DINEOF uses less memory

than VConstruct, but given VConstruct’s constant scaling it performs exceptionally

well on long datasets.
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Chapter 6

Other Benefits of VConstruct

VConstruct has a significantly lower computational cost with accuracy similar to,

but slightly less than DINEOF. Additionally, the VAE structure provides some other

interesting benefits.

The first major benefit is an even further reduction of computational time. VAEs

and deep learning in general benefit greatly from parallelization on GPUs, so VCon-

struct will be able to make great use of new GPU hardware as it comes out. GPU

improvements have been a major area of development recently due to the boom in

deep learning approaches. By comparison, DINEOF has no current parallel imple-

mentation and will likely not have one that provides a significant improvement in

performance. Most of the DINEOF algorithm builds off previous parts and there-

fore must be done in series. While its SVD operation is parallelizable, it is unknown

whether it would be enough to amortize the cost of using a GPU. VConstruct will

overall make better use of new hardware. For example, VAEs are quite efficient on

quantum annealing machines [21].

There is also potential for increased accuracy, potentially outperforming DINEOF.

Barth et al. [3] introduces a DL based approach to Chl-a reconstruction focused on

improving accuracy which beats DINEOF. They do not use a VAE but the approaches
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are similar enough that some of their techniques could be applied here to improve

accuracy.

The attribute vector, an input to the VAE, currently stores the representation of

the cloudy image, but has greater potential. It is a condensed representation of a

cloudy image used to condition the output of the Decoder network. However, this

vector could be changed to represent other things, for example Yan et al. [44] use

their attribute vector to represent things like hair colour when generating faces. If

a similar technique were applied to VConstruct the attribute vector could encode

oceanographic information like wind speed or sea surface temperature. This could

allow for potential Chl-a images to be generated under certain conditions which could

be useful for modelling.

The nature of conditional VAEs make them easy to enhance with other data

sources as well. The attribute vector does not need to come from the cloudy Chl-

a image; another data source could be used to generate the attribute vector or to

augment the existing attribute vector. An interesting example of this is SAR data

coming from Sentinel-1 or other satellites, which has been shown to have a relation

to Chl-a [6]. Given that SAR penetrates through clouds this is a prime data source

to assist with reconstruction.

One final area VConstruct might provide benefits is in detecting anomalous data

in time series satellite data. VAEs have previously been very successful in detecting

avalanche deposits from satellite data in the past [38]. Using a similar technique,

harmful algae blooms could be detected in an automated fashion. In the training

process VConstruct learns a distribution of images and then assigns a score that

represents how well it did in reconstructing that image. First VConstruct is trained

on a set of images that contain no harmful algae blooms and then a reconstruction of

an image with a suspected HAB is attempted. After, the same loss score as used in
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training can be calculated, if this score is good it means the image is well represented

by the learnt distribution and likely not anomalous. If the score is bad it means the

image is not well represented by the distribution and is likely anomalous. See section

4.4 for an example.
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Chapter 7

Discussion

In addressing some limitations of this work, the implementations of the 2 algorithms

are discussed. The DINEOF algorithm was written in Julia and uses an official

implementation from GHER 1 and VConstruct is written using Python and Pytorch.

Both Julia and PyTorch use C/C++ in their backends so should be comparable in

terms of time and space. The parts of code written in pure Python will, in theory,

be slower than Julia, but this does not seem to make any difference in the results.

VConstruct uses GPU memory primarily, which is not as available in as high

amounts as RAM. If VConstruct’s GPU memory requirements exceed the amount

that is available it can be set to use RAM only. This mode will use slightly less RAM

than the amount listed in the “Total” column of Table 5.1 (slightly less as there is

no overhead for GPU setup and data transferring). This method still uses less RAM

then DINEOF on large datasets but will be considerably slower than the GPU version.

Additionally given that VConstruct is parallel it can be run across multiple GPUs or

even a cluster of computers each with multiple GPUs, greatly increasing the amount

of GPU memory available. There is also some degree of tuning the user can do to

trade speed and memory. Currently the algorithm is tuned to be balanced but could,
1http://modb.oce.ulg.ac.be/mediawiki/index.php/DINEOF
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if desired, be tuned to trade speed for memory or vice versa.

Of the several geographic areas tested, no significant difference in performance

compared to DINEOF is seen, besides the handling of anomalous days that have

no representative training data. Anomalous days are by definition rare so should

not impact reconstruction accuracy significantly. From this it can be assumed that

VConstruct is generalizable across different geographic areas, assuming the model is

trained on that area.

Both DINEOF and VConstruct are likely equally resistant to climate change, as

they use the same dataset as an input and have similar internal processes [37]. Other

models including those of Barth et al. [3], Park et al. [35], and Konik et al. [23] use

relations between various oceanographic datasets in their predictions. These relation-

ships could break down due to climate change, potentially reducing the accuracy of

these models or rendering them unusable.

For the purposes of reducing computational cost as much as possible VConstruct

does not use any temporal data as input, and only reconstructs based off spatial

information. This reduces the computational cost significantly as the temporal infor-

mation can be provided beforehand. This comes with the downside of not being able

to reconstruct days with no spatial information. DINEOF is able to reconstruct days

with no spatial information but the official documentation from GHER recommends

not doing this, as it can produce unreliable reconstructions 2.

DINEOF can also be used to reconstruct other types of oceanographic data like sea

surface temperature [12]. Though VConstruct is not tested on other types of datasets

it should generalize well given sufficient training data. The models of both Yan et al.

[44] and Ivanov et al. [19], which VConstruct is based on, perform well on multiple

complex datasets including faces, birds, and MNIST numbers. From this it follows
2http://modb.oce.ulg.ac.be/mediawiki/index.php/DINEOF
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that VConstruct should do well on other datasets. An interesting dataset to test on

would be one with a slower rate of change like the Normalized Difference Vegetation

Index (NVDI) which captures details about vegetation growth. VConstruct needs to

map the dataset to a smaller range in preprocessing to function well, this mapping

is more effective with less anomalous values. A dataset with a slower rate of change

like NVDI should have less anomalous values, potentially giving better accuracy. The

pipeline is fairly generalizable so all that is needed is to download the dataset and

then update the preprocessing scripts to the specifics of that dataset.

Although DINEOF is the most widely used algorithm for reconstructing satellite

data, the DINCAE approach from Barth et al. [3] is the current state of the art.

DINCAE significantly outperforms DINEOF and, since DINEOF has better accuracy

then VConstruct, likely VConstruct as well in accuracy. Barth et al. [3] do not

explore the efficiency of their method as thoroughly as this work but provide enough

for some comparisons to be made. Barth et al. [3] report a 3.5x speed up when

compared to DINEOF, which is comparable to the lower end of speedups achieved

by VConstruct. Their tests were performed on a more powerful GPU than tests

in this work were, so it is likely VConstruct has the better speed. They do not

report memory usage but the input required to their network is 8x the size of the

input to VConstruct due to temporal data and other required inputs. This factor

suggests VConstruct is more efficient in terms of memory. The DINCAE model

could not be successfully be integrated into this work’s testing and data processing

pipeline, so a more precise comparison could not be provided, this is an area of

future work. DINCAE’s architecture does provide it some of VConstruct’s benefits

outlined in Section. 6 but not all. DINCAE is parallel so can utilize new hardware

and can utilize additional data sources. DINCAE cannot perform the same anomaly

detection or image generation under other conditions that VConstruct can without
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major changes. VConstruct is more resistant to climate change as it does not depend

on the correlation between satellite-derived Chl-a and other ocean variables [37].

The likely best solution for Chl-a reconstruction is an ensemble based approach,

incorporating the best of each method. There is a few ways this could be accom-

plished, the first being to use DINEOF and VConstruct together. VConstruct could

be used to quickly generate a preview of the reconstruction, and then, if more detail is

needed, DINEOF could be applied. Alternatively they could be used in series, VCon-

struct could be used as a correction layer for DINEOF as it could be conditioned such

that DINEOF’s reconstructions are used in place of the cloudy image and the true

full image is kept as the desired ground truth. This approach would be more com-

putationally expensive but could result in improved accuracy. A complex but likely

incredibly effective ensemble based approach would be to add a step that analyzes

the incoming dataset and applies the most appropriate method for reconstruction.

For example if the area was polar Park et al. [35]’s method could be applied, if it

was large or had low variation VConstruct would work, DINEOF could be applied to

smaller areas that do not have another approach or if high accuracy was required.

Besides the obvious decrease in cost there are a few other practical use cases

for VConstruct’s speed. The first being as an exploratory tool, both DINEOF and

VConstruct require little tuning as they do not require a priori knowledge about

the dataset and their base settings do quite well with regards to accuracy. However

some changes to preprocessing or to the settings the algorithms do have may provide

better accuracy (i.e removing certain months with low confidence data, changes to

the atmospheric correction algorithm, etc). The high cost of running DINEOF makes

it prohibitive to explore these options, where VConstruct can as each individual run

is much cheaper. The other case is in a tool like Algae Explorer3 which provides
3https://algaeexplorer.ca/
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daily images of algae in the Salish Sea area. If Algae Explorer wanted to provide

a reconstructed version of their data this would not be possible in real time with

DINEOF as the algorithm would need to run over every image every day. However

VConstruct makes this possible since a model can be generated for the area Algae

Explorer covers and then reused for each new image, reducing run time significantly.

VConstruct is stochastic as its reconstructions rely on a random sample from the

latent space to generate. Because of this, reconstructing the same image multiple

times may provide different results. This may be desirable as there may be multiple

possible ways to fill the gaps and sampling the latent space enough times would

allow a wide variety to be generated. From these the best reconstruction could be

selected based on whatever criteria the user wishes or an error map could be generated.

However if determinism is required it could be achieved by saving the latent variable

used to reconstruct the image and reusing whenever that image is reconstructed. This

would require more space but not more RAM as only one latent variable would need

to be saved in RAM at once.

A common problem in machine learning is its black box nature [27]. Lundberg

and Lee [27] provide significant steps forward with machine learning interpretability,

however this is primarily focused on classification tasks and not generative ones.

VConstruct is somewhat of a black box due to this. The attribute vector and vector

from the latent space are not inherently human understandable as the meaning of each

value and their relations are chosen to best reduce the input data to the latent space.

Because of this, it is tough to say exactly why VConstruct made the reconstruction

the way it did. Some work has been done in “disentangling” the latent variable into

human understandable values, but investigating this was outside the scope of this

work and would be an interesting area of future work [7].
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Chapter 8

Conclusion

A reconstruction method for Chl-a data based off a Variational Autoencoder is in-

troduced and shown to provide similar, but slightly less, accuracy then the widely

used DINEOF. Furthermore, VConstruct significantly outperforms DINEOF in com-

putational costs, taking 3-5x less time (50-200x less time if the network has already

been trained) than DINEOF. It is also shown that the memory cost is less than and

scales better or just as well as DINEOF. This is quite useful as this is the era of “Big

Earth Data” and massive amounts of EO data are being generated daily [14]. Lastly,

some other benefits of VConstruct that could be explored in future work are outlined,

including generating images under certain conditions or anomaly detection.
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Appendix A

Reconstructed Figures
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Figure A.1: Reconstructed testing images for the Victoria Coast
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Figure A.2: Reconstructed testing images for the Fraser River Mouth
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