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Abstract

This research presents a method for forecasting al-
gal blooms using remote sensing with spatially and
temporally sparse satellite data. The method in-
volves the use of multiple interpolation methods to
interpolate the sparse input data. The approach is
shown to be effective in predicting algal blooms in
areas where data is sparse, and the results demon-
strate the potential for using this method to improve
the forecasting and management of harmful algal
bloom:s.

1 Introduction

Algal blooms are a widespread environmental problem that
can have significant impacts on aquatic ecosystems and po-
tentially pose risks to human health [1]. Algal blooms occur
when there is an excess of nutrients in a body of water, caus-
ing rapid growth of algae. This can lead to decreased wa-
ter quality and reduced oxygen levels. In recent years, algal
blooms have become more frequent and severe, making the
need for effective monitoring and forecasting methods essen-
tial [1].

Traditionally, algal blooms have been measured using in-
situ measurements. However, this approach has several lim-
itations, including needing frequent and expensive field vis-
its, the potential for human error, and the inability to mon-
itor large areas. Alternatively, remote sensing with satellite
data, from satellites such as Landsat [2] and Sentinel-2 [3],
offers a solution for monitoring these algal blooms on a large
scale. Satellite data provides information on the spatial and
temporal distribution of algal blooms, allowing for real-time
monitoring and forecasting of algal blooms.

However, there are several challenges associated with us-
ing satellite data for algal bloom monitoring. First, satellite
data is often spatially and temporally sparse, meaning that
there are gaps in the spatial and temporal coverage of the
data. Second, algal blooms can be difficult to detect in satel-
lite data, as they often have similar characteristics to other
aquatic features.

Therefore the goal of this research is to explore and eval-
uate multiple methods of handling this sparsity in the dataset
to predict chlorophyll-a concentrations, which is an indicator
of algal blooms, in a 5-day prediction horizon.

In this research, first, the related work in the field will be
discussed in section 2. Next, the methodology used for run-
ning the experiment will be described in section 3. Then the
experimental setup and results will be shown in section 4. Af-
ter that, the results will be discussed in section 6. Finally, the
research will be concluded in section 7.

1.1 Data Acquisition

Satellite data for algal blooms were collected over a period of
six years, from September 2016 to June 2022. for three reser-
voirs in Uruguay: Baygorria, Bonete, and Palmar. This data
was provided via Attila Lengyel from researchers from the
Ministry of Environment of Uruguay. The data included in-
formation on Chlorophyll-A concentrations, which are com-
monly used as an indicator of algal blooms, as well as other
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Figure 1: Temporal sparsity of the Chlorophyll-A, colored dissolved
organic matter (CDOM) and turbidity bands, and the spatial sparsity
of the Chlorophyll-A band, in the Palmar dataset. The bar graph
shows the frequency of gaps of a certain number of days in the data.
The second image illustrates the number of missing samples at each
coordinate. Pixels with fewer or no missing samples are represented
by darker shades, while pixels with higher numbers of missing sam-
ples are represented by lighter shades.

environmental variables that may be relevant to algal blooms
such as turbidity of the water, colored dissolved organic mat-
ter (CDOM) and the temperature of the water.

For this research, the data from the Palmar reservoir was
chosen because more data was available in that dataset com-
pared to the other two reservoirs. Only the Chlorophyll-A,
turbidity, and CDOM bands were used for this research as
these bands are commonly used as indicators of algal blooms
and have the most sparsity of the available data.

However, these bands all are temporally sparse and spa-
tially sparse. Both the temporal and spatial sparsity of the
Palmar dataset are illustrated in Figure 1.

2 Related Work

2.1 Deep Learning in Remote Sensing Applications

Deep learning has been applied to a variety of remote sensing
applications, such as in object detection and land cover clas-
sification [4]. The most relevant of these is the application of
time-series data for predicting changes.

One of the approaches uses a deep stacking network-based
model called Deep-STEP [5] in order to predict the nor-
malised difference vegetation index. Another paper [6] ex-
plores the use of a recurrent neural network to predict changes
in land cover.

2.2 Chlorophyll-a prediction

Various methods for predicting chlorophyll-a concentrations
in coastal waters have already been explored in other lo-
cations. One paper [7] uses an (long short-term memory)
LSTM model to predict the chlorophyll-a concentration in
the East China Sea using Moderate Resolution Imaging Spec-
troradiometer (MODIS) data. Another paper [8] uses a bi-
directional version of the LSTM to predict the chlorophyll-a
concentration in the Andaman Sea.

3 Methodology

This study aims to investigate the performance of multi-
ple methods of interpolating spatially and temporally sparse
satellite data. The first method will be a lookback algorithm
that will be used as a simple baseline. The second method will



be a nearest neighbour interpolation method and the third will
be a linear interpolation method. After discussing the inter-
polation methods, the model that will be used for training will
be described. Finally, the loss functions will be discussed.

3.1 Baseline Interpolation

As a baseline for comparing the performance of the exper-
iment, a simple look-back algorithm for interpolating the
sparse data was used. This algorithm works by filling in
missing data points in the time series by taking the latest non-
missing spatial values of the past 30 days of data at each pixel
location.

This simple look-back algorithm serves as a decent base-
line for comparing other, possibly more complex, experi-
ments fairly. Additionally, it serves as a benchmark for eval-
uating the performance of the other interpolation methods, as
it shows what can be achieved by using a very basic interpo-
lation method.

3.2 Nearest Neighbour Interpolation

The next method that will be used for the interpolation
of missing spatial and temporal information is the Nearest
Neighbour Interpolation Algorithm. This algorithm interpo-
lates missing temporal and spatial samples between consec-
utive samples by identifying the closest measured value in
the original samples for each value in the newly interpolated
samples.

Nearest Neighbour Interpolation offers a significant advan-
tage over Baseline Interpolation as it has the capability to fill
in missing spatial information, whereas Baseline Interpola-
tion is limited to only using the previous samples that contain
the missing spatial information. Another advantage of this
capability is that Nearest Neigbour Interpolation uses current
samples, which may be more relevant, to interpolate missing
spatial information.

3.3 Linear Interpolation

The Linear Interpolation Algorithm is another method that
can be used to interpolate the input data. This algorithm uses
a line to interpolate between known values in consecutive
samples.

Linear Interpolation offers the same advantage over Base-
line Interpolation as Nearest Neigbour Interpolation, in that it
has the same capability of interpolating spatial information.
Additionally, the Linear Interpolation Algorithm is better at
representing the gradients of the spatial and temporal infor-
mation than the Nearest Neighbour Interpolation Algorithm.
This is because the Linear Interpolation Algorithm captures
the gradual changes in the original data, which the Nearest
Neigbour Interpolation Algorithm is unable to do.

3.4 The model: U-Net

To investigate the performance of each interpolation method,
a U-Net [9] model will be used to train on. U-Net is a type of
convolutional neural network (CNN) that is commonly used
for image segmentation tasks originally introduced in [9].
The architecture (see Figure 2) consists of a contracting path,
which downscales all the spatial features, and an expansive
path which upscales the spatial features again.
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Figure 2: U-Net architecture. [9]

3.5 Loss Functions

In machine learning, a loss function is a function that calcu-
lates the difference between the predicted output and the true
output. The goal of training a model is to minimize the value
of the loss function. There are many different types of loss
functions, each with its advantages and disadvantages. In this
research, the root mean squared error (RMSE) loss function
was used for validation, and two loss functions were used for
training: mean squared error (MSE) and DenseWeight.

Mean Squared Error

Mean squared error (MSE) is a commonly used loss func-
tion in regression tasks. MSE is defined as the average of
the squared differences between the predicted and true val-
ues, defined as:

Iy vy
MSE—nZ(E Y;) (1)
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where Y is a vector of true values, Y is a vector of pre-
dicted values with the same shape as Y, and n is the total
number of values.

RMSE

Root mean squared error (RMSE) is in principle the same
metric as the MSE loss, but with the result in the same unit as
the input.

RMSE =VMSE 2)

DenseWeight

DenseWeight [10] is a weighting function that can be used
with other loss functions, such as MSE, to handle imbalanced
data. Imbalanced data refers to a situation where the distri-
bution of the labels is not uniform. When a model is trained
on imbalanced data, it could underperform in the prediction
of rare cases.

The data used in this research was also imbalanced, as
shown in the density plot of the Chlorophyll-A band in Fig-
ure 3. To tackle this problem, DenseWeight is used as a
weighting function. It assigns different weights to different
labels, with higher weights for rare cases. To achieve this,
DenseWeight first uses kernel density estimation (KDE) [11]
to estimate the probability function of the data:
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Figure 3: DenseWeight [10] function applied over the Chlorophyll-
A band in the Palmar dataset. This figure illustrates the relationship
between the density distribution of the Chlorophyll-A band and the
relevance computed by the DenseWeight function with o = 1.
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where p(y) is the estimated probability density function
(PDF), Y is the full dataset, n is the total number of val-
ues in the dataset, h is the bandwidth, and K is the ker-
nel function. For bandwidth selection, Silverman’s rule was
used [11]. Next, the estimated PDF is normalised between
zero and one:

p(y) — min(p(Y))

/
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After that, the final weighting function is constructed:
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where « is a parameter controlling the weighting, and € is
a small constant to prevent divide-by-zero errors in the loss
computation. This weighting function is plotted in Figure 3.
After establishing the weighting function, this function can
be used in conjunction with any other loss function. In this
research MSE was used to construct the final loss function:
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where Y is a vector of true values, Y is a vector of pre-
dicted values with the same shape as Y, and n is the total
number of values.

4 Experiments
4.1 Setup

All the experiments in this research were performed on the
High-Performance Computing (DHPC) cluster [12] on GPU
nodes equipped with NVIDIA Tesla V100S GPUs. The train-
ing code was written using PyTorch [13] and PyTorch Light-
ning [14]. TorchGeo [15] was used for loading the satellite
data, which used the GeoTIFF format to store the daily sam-
ples. For logging the intermediary results of the training runs,
weights and biases [16] was used.
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Figure 4: Density of the Chlorophyll-A, colored dissolved organic
matter (CDOM), and turbidity bands in the Palmar dataset. The
dashed lines show the boundary where values were clipped.

4.2 Experimental Settings

For all experiments, a window size of 5 was used and a learn-
ing rate of 0.001. The DenseWeight loss function was used
with @« = 1 and € = le — 6. The dataset was split into 80%
of training data and 20% of validation data.

4.3 Data Preprocessing

The data used for the experiments is first interpolated with the
interpolation method relevant to each experiment. After that,
the data is clipped and then normalised.

Clipping is a technique used to remove any data that falls
outside of a specified range. This is done to eliminate outliers
or extreme values that can skew the results. The clipping val-
ues chosen for this research are shown in Figure 4 and were
chosen based on preliminary analysis of the data.

After clipping the data, each band was normalised to a
range between 0 to 1. This is done to ensure that all the dif-
ferent bands of the dataset are on the same scale and also to
ensure that the gradients on the neural network do not ex-
plode.

4.4 Baseline

The baseline results for the MSE and DenseWeight loss func-
tions are shown in Figure 5. Examples of these results are
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Figure 5: Averaged root mean square error (RMSE) loss for each
experiment (n = 3). The horizontal axis shows the prediction horizon
in days. The vertical axis shows the mean RMSE in ugL ™. These
values are taken from Table 1.



in Figure 6a and Figure 6b. As can be seen in the graph the
MSE loss is lower for all used prediction horizons than the
DenseWeight loss. The MSE loss seems to only raise slightly
until a prediction horizon of 3 after which the MSE loss seems
to go down again. The DenseWeight loss only raises after the
first increase in the prediction horizon after which it seems
to lower until the prediction horizon reaches 4, after which it
increases again. The fact that the loss stays high and looking
at the results presented in Figure 6a and Figure 6b means that
the baseline interpolation method seems to fail in properly
predicting the chlorophyll-a concentration for any prediction
horizon.

4.5 Nearest

The results of the nearest neighbour interpolation method for
the MSE and DenseWeight loss functions are shown in Fig-
ure 5. Examples of these results are in Figure 6¢ and Fig-
ure 6d. As can be seen in the graph the MSE loss is lower for
all used prediction horizons than the DenseWeight loss. The
MSE loss shows an upward trend while the DenseWeight loss
only raises after the first increase in the prediction horizon.
After that, the DenseWeight loss seems to fluctuate around
14.5. The results here seem to indicate that MSE loss works
better in general as a training function than DenseWeight loss,
however, from the results shown in Figure 6¢ and Figure 6d
the MSE loss function seems to underpredict the higher inten-
sity chlorophyll-a values while the DenseWeight loss seems
to mostly overpredict on the higher intensity chlorophyll-a
values.

4.6 Linear

The results of the linear interpolation method for the MSE
and DenseWeight loss functions are shown in Figure 5. Ex-
amples of these results are in Figure 6e and Figure 6f. In
Figure 7 results are shown for both loss functions with a pre-
diction horizon of 1 to 5. As can be seen in the graph the
MSE loss is lower for all used prediction horizons than the
DenseWeight loss. The MSE loss shows an upward trend
while the DenseWeight loss only raises after the first increase
in the prediction horizon. After that, the DenseWeight loss
seems to fluctuate around 14.5. The results here seem to draw
the same conclusion as in subsection 4.5, albeit starting with
a slightly lower loss than with the nearest neighbour interpo-
lation method.

5 Responsible Research

An important aspect of research is ensuring that the results
can be independently verified and replicated by other re-
searchers. To achieve this, the code used in this research
was made publicly available on TU Delft’s servers under the
GPLV3 license, ensuring that anyone can access, use, and
modify the code as long as they share any modifications they
make under the same license. This code includes a full spec-
ification of all dependencies used, documentation on running
data preprocessing and training, and the job scripts used for
running the training on a SLURM [17]-supported cluster.
Another important aspect of reproducibility is the use of
seed values in the research. Seeding refers to the practice of

using a fixed starting point for the random number generators,
in order to ensure that results are reproducible across multi-
ple runs. It is important to note, however, that this does not
guarantee that the produced results will be identical to those
reported in this research!. There may be variations in the re-
sults due to the difference in hardware, drivers, software, and
other factors.

Unfortunately, the preprocessed data used in this research
is not publicly available since the algorithms used for remov-
ing cloud coverage and estimating the chlorophyll-a concen-
trations were developed by researchers of the Ministry of
Environment of Uruguay. This lack of accessibility of the
data may limit the potential for future contributions to this
research.

6 Discussion

In comparison to other research [7] the current proposed so-
lution using interpolation performs worse. The results in [7]
show that it is possible to accurately predict for up to 3 days
and that after that the performance starts to degrade. This
performance improvement might be the result of LSTM per-
forming better than UNet.

7 Conclusions and Future Work

In conclusion, this research aimed to investigate the per-
formance of different interpolation methods for predicting
chlorophyll-a concentrations in satellite data. The results
of the experiments showed that the MSE loss function per-
formed better than the DenseWeight loss function in gen-
eral, however, both loss functions had their own strengths
and weaknesses. The MSE loss function managed to consis-
tently predict the lowest difference but failed in taking into ac-
count higher chlorophyll-a concentration. The DenseWeight
loss function managed to predict 1 day farther into the future
than the MSE loss function but overpredicted on lower labels.
The baseline interpolation method failed to properly predict
the chlorophyll-a concentration for any prediction horizon,
while the nearest neighbour interpolation method and the lin-
ear interpolation method performed almost equally well, with
the linear method just outperforming the nearest neighbour
method.

For future work, it would be interesting to explore the
use of different interpolation methods, different deep learn-
ing models, and different loss functions to find a better bal-
ance between the MSE and the DenseWeight loss functions.
It would also be interesting to find which other data modali-
ties would be able to improve the results.
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A Results

(a) Baseline DenseWeight (b) Baseline MSE

(e) Linear DenseWeight

(f) Linear MSE

Figure 6: Predicted values for each experiment with a prediction horizon of 1.

—1

Interpolation Method | Loss Function Mean RMSE + SD (ugL~ )

1-day 2-day 3-day \ 4-day \ 5-day
Baseline MSE 13.05+£0.19 | 13.32+0.31 | 13.56 £ 0.50 | 13.34 +0.17 | 13.34 + 0.46
DenseWeight | 14.91 +0.62 | 15.07 = 0.70 | 14.72 +0.37 | 14.46 + 0.33 | 14.69 + 0.48
. MSE 10.50 £0.21 | 12.22£0.19 | 12.76 £ 0.31 | 13.14+0.29 | 13.66 = 0.36
Nearest Neigbour .

DenseWeight | 13.98 £ 0.62 | 15.37 £0.68 | 14.27 +0.16 | 14.86 £ 0.07 | 14.58 £ 0.15
Linear MSE 10.00 £0.26 | 12.23£0.09 | 12.81 £0.17 | 13.27+0.13 | 13.38 +0.19
DenseWeight | 13.124+0.81 | 1541 +0.97 | 14.77+0.29 | 15.22+£1.09 | 15.02 £ 0.94

Table 1: Results. This table compares the mean root mean squared error (RMSE) with the standard deviation (SD) of different interpolation
methods (Baseline, Nearest Neighbour, and Linear) using two different loss functions (MSE and DenseWeight) for predicted Chlorophyll-A
concentrations with a one- to five-day prediction horizon. The results were obtained by training each configuration three times for 30 epochs
with seeds: 42, 43, and 44.
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Figure 7: Predicted values for each experiment with prediction horizons of 1 to 5. It can be observed that the network correctly predicts
higher concentrations of chlorophyll-a concentrations until day 2, or day 3 for the DenseWeight loss, after which the model does not predict
any higher concentrations.
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