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A B S T R A C T

The success of Deep Learning (DL) methods in recent years has popularized complex architectures with extensive 
layers and parameters, enabling models to capture intricate relationships and extract relevant hidden features. 
While these architectures achieve impressive results in many classical applications, they are often prone to 
overfitting and are too costly to be implemented for edge-computing applications, particularly in real-time series 
forecasting tasks. This paper introduces a shallow Long-Short Term Memory (LSTM) neural network model 
capable of forecasting cyanobacterial blooms with up to a 70 % accuracy for a 28-day time horizon. This model is 
embedded in a micro controller unit after applying a quantization process. Unlike traditional methods that rely 
on centralized processing, our edge-based approach offers real-time, on-site forecasting capabilities, reducing 
latency and dependency on external infrastructure. We propose it as a cost-effective, low-power and easy to 
implement edge-based AI system for monitoring buoys, capable of broadcasting predictions and raw measure
ments through wireless communication. The performance of our model is evaluated with respect to state-of-the- 
art models and results are obtained for four forecasting horizons (16, 20, 24, 28 days) using Mean Absolute 
Percentage Error (MAPE). It shows to be 10 points more accurate than the other considered models for the worst- 
case scenario. The proposed system can be used to aid human forecasting experts or as a standalone system.

1. Introduction

Cyanobacteria blooms occur when there is an exponential growth of 
cyanobacteria in aquatic systems, affecting the water quality of water 
reservoirs and threatening with dangerous effects on human health 
(Huisman et al., 2018). Often produced as a consequence of eutrophi
cation, these blooms affect the aquatic ecosystem by producing toxins 
that directly affect other aquatic species, birds and terrestrial animals 
(Turley et al., 2022). Even if when no toxins are released, the death of 
massive amounts of cyanobacteria depletes the dissolved oxygen. This 
effect, for example, produced the environmental collapse of the Mar 
Menor, one of the largest Mediterranean coastal lagoons (Sandonnini 
et al., 2021). The introduction of mitigation and control measures has 
proven to successfully reduce cyanobacterial blooms to safety levels 
(Ibelings et al., 2016). Early warning systems include technologies, like 
remote sensing, where satellites are used to detect algae or cyano
bacterial tides through Synthetic Aperture Radar (SAR) or optical im
aging. These technologies usually provide low sampling rates and can 

nevertheless be affected by factors like the weather or the turbidity of 
the water, which can be challenging for fine modelling of blooms dy
namics (Zahir et al., 2024). In-situ detection systems have also been 
proposed based on flow imaging instruments or chemical measurements 
(Barrowman et al., 2024). Although these are precise detection systems, 
they usually require a high initial investment and continuous mainte
nance (Zahir et al., 2024). Additionally, control measures usually 
depend on human experts who guess when the next bloom will occur via 
visual inspection of the situation or the available information. As a 
consequence, any human error can have a critical impact in the correct 
implementation of these preventive measures. In this paper, we propose 
a framework to develop an autonomous monitoring system that can 
forecast cyanobacteria levels in real-time with a 70 % accuracy within a 
28-day time horizon. This system can be used to aid human experts, for 
example, by triggering alerts when a relevant growth trend is detected or 
by supporting humans’ decisions, providing the experts with visualiza
tions of potential future situations. It could also be used as a standalone 
system for the application of automatized preventive measures. Current 
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centralized systems often suffer from high latency and require signifi
cant infrastructure, having associated challenges for remote or 
resource-constrained environments (Zahir et al. 2024). Our edge-based 
approach addresses these challenges by enabling real-time processing 
directly at the monitoring site. The proposed model is designed to be 
deployed within a low-power and cost-effective Micro-Controller Unit 
(MCU). The result is a low-cost system that can be easily deployed in any 
mass of water without requiring any additional infrastructure after a 
fine-tuning step to adapt to the local dynamics. This system provides 
predictions that can be used to introduce mitigation and control 
measures.

To develop this system, we apply recent advances in Deep Learning 
(DL) techniques, like dropout or batch normalization for regularization, 
within a shallow neural network. DL frameworks introduce complex 
architectures that have been successfully applied to many problems in a 
wide range of topics (ChatGPT, 2022; Fernandez-Fernandez et al., 2023; 
Gatys et al., 2016). At the same time, however, the overfitting problem is 
inherent to neural networks with complex architectures and many pa
rameters (Nielsen, 2015). This problem is aggravated in contexts where 
DL methods are not capable of finding meaningful solutions. One of 
these complex problems is real-time series forecasting (Masini et al., 
2023) which is the method required to perform cyanobacteria level 
forecasting. Following this, in this work, the introduction of a shallow 
neural network is proposed with two different goals: first, we avoid the 
presented overfitting problem when introducing complex architectures 
with time series forecasting, and second, we propose a model light 
enough to be embedded within an MCU. To improve the performance of 
this shallow neural network architecture, we will make use of the 
different methods that have been proposed as the result of the success of 
Deep Learning architectures to improve our shallow neural network 
performance.

For training the architecture, we use real high-frequency samples 
obtained from a multiparametric probe mounted on a water column 
profiler within the Cuerda del Pozo reservoir in Soria, Spain. Multiple 
samples were obtained every hour for a period of five years, from 2010 
to 2015, at multiple depths with periods of missing data. A pre- 
processing step was introduced to improve this data: data sampling ir
regularity was removed by grouping samples into 5 min-average sam
ples, gaps were filled with the last available value, and values were 
normalized into a range [− 1.0, 1.0]. Augmentation techniques, as 

explained in Section 3, were also applied to the resulting adapted data 
before training the model. Phycocyanin readings were used as the proxy 
for cyanobacteria (Ahn et al., 2023). Temperature, phycocyanin, and 
date values are the parameters used as inputs for the model. The outputs 
of the model are 4 phycocyanin values corresponding to the 4 predicted 
time horizons (16, 20, 24 and 28 days). The data of these three pa
rameters is transmitted to a MCU through serial communication, where 
they are inserted in a FIFO memory buffer that feeds the quantized 
model to make edge forecasting. The final framework is depicted at 
Fig. 1 and can be summarized with the following steps: First, a high 
frequency data extraction is performed using a multiparametric probe; 
then, a shallow neural network is trained using this data; this network is 
quantized to fit the MCU; finally, the resulting model can be used to 
predict the readings of the probe up to the 28 following days with a 70 % 
accuracy.

The proposed architecture introduces an LSTM layer with a ReLU 
activation as the only hidden layer to take advantage of the loop of in
formation defined by this type of Recurrent Neural Networks (RNN, 
(Bengio et al., 1994)). A batch normalization layer (Ioffe and Szegedy, 
2015) is used to improve training stabilization and a dropout layer 
(Srivastava et al., 2014) is applied to further reduce overfitting. A 
dynamic-range post-training quantization (Han et al., 2015) is applied 
to the resulting model converting the 32-bit floating-point values of the 
model into 8-bit integers. This further reduces its memory footprint and 
the required computation making it suitable for the MCU, while, at the 
same time, improving its inference rate and energy consumption (Ray, 
2022).

The remaining of this paper is organized as follows. Section 2 pre
sents an introduction to the problem of Bloom Forecasting and related 
DL architecture. Section 3 defines the dataset and describes how the data 
was obtained, Section 4 introduces the architecture, the training pa
rameters and the quantization process, and Section 5 shows the pro
posed hardware design and the real-time application procedure. Section 
6 contains the results obtained with the proposed framework. Finally, 
Section 7 and Section 8 discuss the results and propose some conclusions 
and ideas resulting from this paper, including future related lines of 
research.

Fig. 1. Conceptual schema of the proposed framework.
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2. Bloom forecasting and monitoring systems

Classical cyanobacteria bloom forecasting methods have relied on 
statistical models and heuristic approaches in the past. Several of these 
models often involve the analysis of environmental variables, including 
nutrients and weather conditions, to predict the bloom behavior 
(Dignum et al., 2005; Huisman and Hulot, 2005; Smith, 2003). While 
these approaches provide valuable insights into bloom dynamics, they 
usually require an expert for the interpretation of the data and the 
assumption of linear or straightforward relationships between variables. 
The low confidence levels of these methods only allow the imple
mentation of general preventive or mitigation measures. Recently, the 
introduction of more advanced (ML) techniques, like Random Forest or 
Support Vector Machines (Ribeiro and Torgo, 2008; Yajima and Derot, 
2018), have allowed the introduction of models capable of capturing 
nonlinear relationships for blooms prediction. In theory, some of these 
models provide long-term forecasts that would enable the introduction 
of relevant preventive measures. However, the majority of the models 
were not good enough to be used without an expert to make meaningful 
decisions (Cruz et al., 2021).

In recent years, DL techniques with specialized architectures, like 
RNN, have excelled at extracting complex relationships within large 
datasets of time series (Hewamalage et al., 2021). In particular, applying 
LSTM networks has been the most promising branch within RNN 
(Chimmula and Zhang, 2020). Some works combining LSTM, Fully 
Connected layers, and bloom forecasting have also been proposed (Cho 
and Park, 2019; Liu et al., 2022; Zheng et al., 2021). However, these 
models were limited to offering accurate short-term forecasts spanning 
only a few days (1–3 days). This forecast time is in line with the growing 
duplication times of cyanobacteria (Chorus and Welker, 2021). This 
implies that although they provide relevant information about short 
term evolution, these models are not able to encode long-term growing 
dynamics.

Regarding bloom monitoring systems, conventional field methods 
involve periodic on-site sampling requiring a following laboratory 
analysis (Kang et al., 2020; You et al., 2022) using a visual detection 
with a microscopy inspection as a common approach (Aguilera et al., 
2023). Other real-time monitoring systems allow for continuous onsite 
inspection of the blooms. These systems can be classified as a function of 
the measure technique performed: based on fluorescence measurement 
(Izydorczyk et al., 2009; Richardson et al., 2010); based on 
electro-chemical biosensors (Pescheck et al., 2022); or flow-cytometry 
sensors (Ruiz-Villarreal et al., 2022). Some monitoring systems have 
also introduced ML and DL advanced methods (Xiao et al., 2024). These 
methods, however, are usually run in computers or servers after gath
ering the data from the sensing systems (Zahir et al., 2024). This in
creases the associated costs and slows down the monitoring process. 
Edge computing allows for immediate data processing and 
decision-making at the source, which is crucial for timely interventions 
in bloom management. Edge processing does not only reduce the need 
for data transmission to central servers but also enhances the system’s 
resilience and scalability. This approach was followed by Yuan et al. 
(2023), who presented an edge AI-chip for real-time classification of 
algae from imaging flow-cytometry. More generally, edge AI has been 
applied to the field of environmental monitoring for applications such as 
landslide prediction and detection or for air pollution monitoring (Joshi 
et al., 2024). This field shows an increasing interest in distributed and 
real-time sensing applications.

The design of monitoring systems with embedded forecasting models 
that do not require additional infrastructure allows the creation of 
distributed cost effective and autonomous solutions. However, the 
design of these systems has some challenges associated. The low-power 
and average processing speed of an MCU requires a specific adaptation 
of the DL models (Ray, 2022). The most extended technique in these 
cases consists of performing a quantization. This technique performs the 
conversion of the data types of a DL model, usually from 32-bits 

floating-point, to lower bit data types by studying the range of the 
values during the inference of some input sample data (Han et al., 2015). 
This reduces the size of the model and enhances its inference latency 
(Wu et al., 2020). There are several quantization techniques defined 
within the state of the art as dynamic-range Post-Training Quantization 
(PTQ) (Han et al., 2015), Quantization-Aware Training (QAT) (Jacob 
et al., 2018), or Hardware-Aware Quantization (HAQ) (Rusci et al., 
2020), being PTQ the simplest and most widely used (Ray, 2022).

As a conclusion, the application of DL techniques to cyanobacteria 
bloom forecasting, although promising, presents several challenges. The 
inherent complexity of bloom dynamics and the lack of high-quality 
training data make overfitting a recurrent problem within these 
models. Applications should focus on the development of robust, simple, 
and generalizable models that are easier to understand and that can be 
applied to real-world scenarios with diverse environmental conditions. 
At the same time, monitoring systems commonly require from on-site 
data gathering and additional infrastructure to process the extracted 
data. These solutions should have a high degree of autonomy, be scal
able, cost effective, and easily deployed in areas often distant from 
population centers. The system proposed in this work was designed 
taking these considerations in account.

3. Data description

The data used in this paper was obtained from the water reservoir 
Cuerda del Pozo, Soria, Spain. This multipurpose water reservoir is used 
for water supply, recreation, irrigation, and energy production. Mea
sures were obtained across multiple depths using a multiparametric 
probe mounted in a floating buoy during five years, from April 2010 to 
September 2015. A total of 87,684 measures across 15 different pa
rameters were obtained. The available parameters are described in 
Table 1.

This data was studied and preprocessed before being introduced to 
the model. In order to carry out this study, phycocyanin was used as a 
more reliable proxy for the presence of cyanobacteria than chlorophyll a 
(Ahn et al., 2011). First, a correlation study (summarized in Fig. 2) be
tween all parameters was performed. For groups of highly correlated 
parameters (correlation greater than 75 %), only one of the group pa
rameters was selected for further study. These parameters, selected after 
this correlation study, are depicted in the completeness graph presented 
in Fig. 3. This completeness graph shows the number of measures in 
which all of these parameters were measured as a function of the total 
number of measures and the time period. It also shows that the sample 

Table 1 
Parameter dictionary. The MSE value, obtained via input noise injection, is a 
measure of how important the input for an initial test network is. Higher MSE 
values imply a higher weight of the input for the network.

Acronym Description MSE value

D Depth 0
T Temperature 0.8
C Electric Conductivity 0.9
C25 Temperature Normalized Electric 

Conductivity
0.9

DO Dissolved Oxygen 0.4
DOSAT Saturated Dissolved Oxygen –
pH pH measure 0.8
ORP Oxidation-Reduction Potential 0.3
FC_IVF Phycocyanin Fluorescence 1.2
CIANO_EQ Equivalent Biovolume of 

Cyanobacteria
–

CYNQ Equivalent Concentration of 
Cyanobacteria

–

CHLA_IVF Chlorophyll a Fluorescence 0.3
CHLA_LEQ Chlorophyll a Equivalent Extracted in Lab –
CDOM Chromophoric Dissolved Organic 

Matter Fluorescence
0.7

CDOMT Temperature Normalized CDOM –

J. Sandubete-López et al.                                                                                                                                                                                                                      Water Research 287 (2025) 124283 

3 



frequency was not homogeneous between all time periods.
Using this dataset, a study of the most relevant parameters via input 

noise injection (Grandvalet et al., 1997) was performed to reduce further 
the number of input parameters. The results are depicted in the third 
column of Table 1. These values are the average Mean Square Error 
(MSE) obtained when introducing noise to the measured parameter. A 
higher MSE depicts a higher dependence of the network on the param
eter. This study was performed using an initial LSTM architecture that 
was later fine-tuned to the final parameters proposed in this paper. 
Following these results and the results obtained in this previous paper 
(Fournier et al., 2024) only the Temperature (T) parameter, the date 
(date) information, and the phycocyanin measures (FC_IVF) were used 
as inputs for the network. The rest of the parameters were not used and 
are not required by the system. Incomplete data was interpolated using a 
linear interpolation. The resulting dataset contains a value for each of 
these three parameters with a 5-minute frequency for five years. Higher 
frequency measures in the dataset were averaged to this 5-minute 
frequency.

For training the model, a dataset of couples of input/output time 
series was generated for the training and testing steps. Data was 
normalized to generate both datasets by removing the mean and scaling 
to unit variance. The training dataset was defined from April 2010 to 

May 2014, while the test dataset was defined with the rest of the data, 
from May 2014 to September 2015. A total of 30 input values were 
introduced to the network. Each of these values is the maximum of a 4 
days (96 h) rolling window starting with the prediction day and span
ning to the previous 4 months. A total of 4 outputs are obtained from the 
network. These four outputs correspond to the four selected forecasting 
horizons which are the next 16, 20, 24 and 28 days starting with the 
current day. Each of these values is the expected maximum phycocyanin 
level for the selected 4 days span (i.e. the 4-day horizon predicts the 
maximum phycocyanin value for the next 4 days, the 8-day horizon 
between days 4 and 8, and so on). Note that the days here are defined as 
24-hour windows and not natural days. From the total 34,560 values, 
1152 values were used to compute each of the inputs. One input/output 
couple was generated from each hour of the dataset. Predictions in this 
paper are obtained using a rolling forecast approach (Liu et al., 2021).

Using the generated training dataset, a data augmentation step was 
performed to multiply the available data by nine. This is the equivalent 
of introducing to the dataset 8 new datasets. The first three datasets were 
respectively generated with a jitter operation with standard deviation 
values of 0.03, 0.1, and 0.2. The two following datasets were the results 
of performing a scale transformation with standard deviation values of 
0.6 and 1. The next two datasets were generated with a magnitude warp 
operation with standard deviation values 1 (with 4 knots) and 0.6 (with 
14 knots). Finally, a time-warping operation was introduced to generate 
the last two datasets with standard deviation values of 0.4 (with 4 knots) 
and 0.2 (with 14 knots). All data augmentation operations were per
formed with the code by Iwana et al. (Iwana and Uchida, 2021).

4. Model architecture and training

The proposed model is a shallow LSTM architecture with one LSTM 
layer (Hochreiter and Schmidhuber, 1997) and a Fully Connected layer 
as hidden layers. This is an approach broadly followed in literature 
which usually performs well and easily converges for time-series fore
casting problems (Lim and Zohren, 2021). Several improvements and 
tuning iterations were made to this basic architecture to improve per
formance. First, a dropout layer (rate=0.3) was added to improve the 
generalization capability of the network to adapt to different contexts 
and environments. Adam (Kingma and Ba, 2015) was selected as the 
optimization algorithm since it is broadly used, showing good results 
(Hajji et al., 2024) in many different applications and a ReLU (Nair and 

Fig. 2. Correlation values between all parameters available in the dataset. Dark blue colors correspond to lower correlation values while dark red ones correspond to 
a higher correlation.
Parameters: [D, T, C, C25, DO, pH, ORP, FC_IVF, CHLA_IVF, CDOMT]

Fig. 3. Portion of measures where all the selected parameters had available 
samples in the dataset.
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Hinton, 2010) activation function was selected for each layer. The MSE 
was selected as the loss function of the network. Finally, an early stop
ping condition was added to avoid overfitting. This condition is trig
gered when five consequtive iterations are performed during training 
without an improvement in the validation loss.

In order to validate this model, we compared the results obtained 
with this architecture with two state-of-the-art models for bloom fore
casting using LSTM networks. The first model, the Deep LSTM model 
(Zheng et al., 2021), proposes a Deep Learning architecture with three 
hidden LSTM layers and 256 neurons in each of the layers. This is a 
standard deep learning setup with a considerable number of parameters. 
The second model, the CNN-LSTM model (Cao et al., 2022) introduces 
three LSTM and three hidden convolutional layers, reducing the number 
of neurons to 3 in each of the layers. This architecture reduces the 
complexity of each of the layers while introducing three new ones. Both 
of the presented architectures present a higher number of parameters 
and a higher complexity than the shallow LSTM neural network pro
posed in this paper.

The selected architecture for our Shallow LSTM network is composed 
of an input layer, a hidden layer, and the output layer. The hidden layer 
is a Long Short-Term Memory (LSTM) layer (Hochreiter and Schmid
huber, 1997) with 7 units and a ReLU activation function. To this layer, a 
dropout (with rate=0.2) and a batch normalization step were added to 
improve network’s generalization and training convergence, respec
tively. The learning rate was fixed to 5 × 10− 6, the batch size was set to 
100, and the loss function was MSE. The training was executed until 
reaching 1000 iterations or 30 consecutive iterations without increasing 
validation accuracy. Training parameters for the three models are 
defined in Table 2.

The training was performed using a HP Victus Laptop with 16GB of 
RAM and an 11th Generation Intel Core i7–11800H processor with a 
base frequency of 2.30 GHz and 16 cores. The graphical card of the 
laptop was a NVIDIA Corporation GA106M graphical card, specifically 
the GeForce RTX 3060 Mobile / Max-Q variant. The operating system 
utilized for training was Ubuntu 22.04 LTS 64-bit edition. The average 
time, over 7 different execution, taken to train each of the models is 
depicted in Table 3. Here, the high standard deviation value obtained 
with the proposed model with respect to the other two is the result of not 
defining a fixed number of steps but performing an early stop technique. 
A maximum of 100 iterations were set for the Deep LSTM and CNN- 
LSTM networks. The proposed model did not use a fixed maximum 
number of iterations but always required less iterations than this value. 
Training time differences come from different architectural complex
ities. For instance, the proposed Shallow LSTM model and the CNN- 
model have around 400 trainable parameters, while the Deep LSTM 
model has around 1.3 million trainable parameters.

In terms of training error, this is the forecasting error introduced by 
the network when predicting values used for training, Table 2 depicts 
the training results of the three models. The Deep LSTM model has the 
best performance. In terms of validation loss, this is the forecasting error 
introduced by the network when predicting values not used for training, 

the proposed Shallow LSTM network achieves the best results. From 
these two parameters, the validation loss is the most important in terms 
of measuring how good the real performance of the model is. A low 
training error and a high validation error usually mean a model that has 
overfitted the data, as in the Deep LSTM and CNN-LSTM models. These 
results, however, have to be considered given that the Deep LSTM and 
CNN-LSTM architectures were proposed within a different context, 
using different data and with different prediction horizons. The results 
here obtained, do not invalidate the results of the original papers.

Even though the resulting trained shallow learning model does not 
require a big amount of memory space – around 160 KB –, it is composed 
of floating-point parameters that reduce the inference latency of the 
model and increase its power consumption (Ray, 2022). Thus, the PTQ 
technique is applied to convert the 32-bit floating point parameters into 
8-bit integer parameters. For this process, 900 samples from the training 
data are used. While the inputs are quantized into 8-bit values following 
the process described in Section 5, the outputs are automatically con
verted into floating point data by a conversion module created during 
the quantization of the model. All the code used in this paper has been 
open-sourced and is available online.

5. Embedded implementation

The problem tackled in this work is not limited to the prediction of 
the bloom’s evolution over time. An additional contribution is the 
development of an add-on edge computing unit for algal monitoring 
systems composed of an independent power unit and a MCU to forecast 
the dynamics of the cyanobacteria bloom. The MCU takes the data from 
the already available sensors on the blooms monitoring system. Thus, 
the layout of the considered problem also includes the needs for the right 
operation of the system, namely: communication with the sensors of the 
buoy, the signal processing, the quantization of the signals from the 
sensors, and the management of the historical data (updating the 
registers).

The MCU model chosen, shown in Fig. 4, to serve as forecasting unit 
is an ESP32-WROOM-32. This model has a relatively big integrated 
storage capacity (4 MB of FLASH memory), medium-high computation 
capabilities (dual-core, up to 240 MHz), integrated wireless connectivity 
(Wi-Fi and Bluetooth), and a budget-friendly option. This device has a 
limited RAM capacity, which is an obstacle for storing the input data 
from the last 4 months. To overcome this problem, the data is quantized 

Table 2 
Architectural parameters.

Model Layers (Neurons, 
Kernel)

Learning 
rate

Batch 
size

Train 
loss

Val. 
loss

Proposed 
Shallow 
LSTM

LSTM(7)-Dropout- 
FC(7)

0.0001 5 1.23 2.97

Deep LSTM 
(Zheng 
et al., 2021)

LSTM(256)-LSTM 
(256)-LSTM(256)

0.0001 32 0.06 3.85

CNN-LSTM 
(Cao et al., 
2022)

CNN(3,5)-CNN 
(3,5)-CNN(3,5) 
-LSTM(3)-LSTM 
(3)-LSTM(3)

0.01 32 0.73 6.1

Table 3 
Time information for the training.

Model Time [s] Standard Deviation [s]

Proposed Shallow LSTM 30 13.5
Deep LSTM 1283 7.56
CNN-LSTM 13 0.32

Fig. 4. ESP32 microcontroller development board, used for this work.
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into 8-bit values and it’s directly managed at the FLASH memory level. 
The MCU is implemented to periodically gather data from the sensors 
with a 5 min frequency. This data can be transferred through serial 
communication from the monitoring buoy to the MCU containing the 
proposed shallow neural network model that will be in charge of per
forming the forecasting. Fig. 7 depicts a high-level implementation of 
the discussed system. It is assumed that the monitoring buoy has inter
nally a device like a MCU with capability to send out, for example 
through serial communication or any other method, the raw data from 
the sensors. Due to the RAM limitations of the MCU, in order to run 
inferences of the DL model, as discussed in the previous Section 4, it is 
required to implement the quantized DL model instead of the standard 
version. The inputs of this quantized version are integers in a range from 
− 128 to 127, in contrast to the data coming from the sensors, which are 
floating point numbers with a higher degree of variability. Thus, to 
transform the floating-point values into the required discrete range, the 
following equation can be applied: 

Si, int =

⌊

(Si, float − Si,min)
255

Si,max − Si,min
− 128

⌉

(1) 

where the operator ⌊⌉ represents the round operation to the closer 
integer value Si, float is the floating point value from the i th sensor, and 
(Si,min, Si,max) are the minimum and maximum value that Si, float can 
have.

The integer values of each sensor are then inserted into a circular 
buffer containing 103,680 cells, corresponding to 34,560 samples of the 
three sensors of interest, collected each 5 min during four months. The 
circular register works as a First-In-First-Out (FIFO) register: each time a 
new set of samples arrives, the oldest set is replaced by the new one. If, 
for a sampling period, the sensors do not provide the MCU with a 
measurement, the last registered value is inserted again, filling the gap. 
Using these measurements, the maximum values for each parameter 
(phycocyanin and temperature) are obtained by grouping the data of the 
register in blocks of 96 h, four days, following the format required for 
the input model.

The forecasting unit then runs the inference and publishes both the 
original floating-point data from the sensors and the prediction of evo
lution of the bloom, for the four time-horizons, to a MQTT distributed 
network over a Wi-Fi connection. The user can connect to this network 
with any compatible device, receiving the desired data every 5 min from 
the defined topics. The edge-based design significantly lowers opera
tional costs by minimizing data transmission and processing re
quirements. Its compact and autonomous nature makes it ideal for 
deployment in remote locations without the need for extensive infra
structure. This allows the user to have an online live stream of real data 
and forecasting data from the network that summarizes the current state 
of the measured parameters and the predicted state. The edge-based 
implementation not only maintains high forecasting accuracy but also 
ensures that predictions are made in real-time, providing immediate 
insights that are critical for effective bloom management.

6. Results

Results were obtained for the four different time horizons described 
in Section 3. Each of these four time horizons correspond to a different 
output of the network. Only one model was trained for all time horizons. 
Values were denormalized for the study of the results.

In order to validate the performance of the proposed architecture, 
three different initial experiments were performed, one for each studied 
architecture. The Mean Absolute Percentage Error (MAPE) was used as 
the evaluation metric for all of the experiments.

Results are depicted in Table 4. The first experiment, corresponding 
to the results labeled as MAPE S (Shallow) in the table, takes the 
continuous values predicted by the proposed network and directly 
compares them to the values in the testing dataset. Hence, it evaluates 

the performance of the network as it is designed, i.e. to predict the 
continuous value of phycocyanin after a given period of time (16, 20, 24 
or 28 days ahead). The second and third experiments are evaluations of 
successful models found in literature for time-series prediction, under 
the same conditions as the proposed shallow model, labeled: MAPE Deep 
LSTM (Zheng et al., 2021) and MAPE CNN-LSTM (Cao et al., 2022). 
These evaluations are made to validate the use of the proposed shallow 
model instead of a deep learning model. Fig. 5 depicts a graph with the 
accuracy values for each of the experiments. This values are the com
plementary values of the MAPE values obtained in Table 4. As stated in 
Section 4 both the Deep LSTM and the CNN-LSTM had overfitting 
behavior during training.

This overfitting behavior can also be observed in Fig. 5 for the Deep 
LSTM model. In this figure, although the proposed shallow LSTM model 
and the Deep LSTM are both able to predict the first bloom peak with a 
decent time accuracy, for the rest of the values the proposed shallow 
LSTM model is faster forecasting the phycocyanin values. This slow 
forecasting behavior from the Deep LSTM model usually means a de
pendency from the input data dynamics in terms of forecasting (i.e. the 
model is not able to completely predict the blooms but starts forecasting 
a bloom when it is already happening). This behavior usually happens to 
overfitted models that simply replicate the outputs from the input 
values.

Obtained results show how the proposed shallow architecture 
(MAPE Shallow) was the one that achieved the best overall performance. 
Accuracy values around or higher than 70 % were obtained for all the 
studied time horizons. Only a 2.5 % accuracy was lost between the first 
time horizon and the last. In the case of the state-of-the-art deep learning 
architectures (Deep LSTM, CNN-LSTM), a gap in accuracy is observed 
with a value higher than 10 % for all time horizons. The shallow model 
outperforms both deep learning alternatives, which show accuracies 
lower than a 60 % for the defined experiments.

Once we have validated the use of the proposed shallow model for 
the forecasting of the bloom dynamics, a post training quantization 
process was applied to this model as described in Section 5. To emulate 
the nominal operation of the monitoring system, a hardware-in-the-loop 
approach was followed, where the computer acted as the secondary 
MCU shown in Fig. 7. The laptop was in charge of providing the forecast 
unit with measurements from the test dataset through serial connection 
every 5 min. To measure the energy consumption of the system, a 
wattmeter was placed in the power line of the MCU, which produced 
predictions after every emulated measurement, remaining in standby 
operation the rest of the time. During inference computing, the MCU had 
a peak consumption of 1.2 W, in contrast to the 0.75 mW consumed in 
standby mode. In Table 5 the inference times are shown for the model, 
and its quantized version, running in the computer used for the training 
of the model and in the ESP32 microcontroller. The quantized version is 
200 times faster than the original model, which allows for its practical 
implementation within the MCU. Even though it takes 2.23 s, on 
average, to run inferences in the embedded systems, this implies 
computing for only 0.75 % of the 5 min interval, which means a low 
average power consumption of 9.66 mW.

Forecasting results obtained with the quantized model can be 
observed in Fig. 6. While a degradation in the prediction accuracy is 

Table 4 
Experimental results for the test dataset [Error, %]. MAPE was the metric 
selected for these experiments. The three different models are compared. MAPE 
S corresponds to the prediction error of the Shallow model, MAPE Deep LSTM 
for the model by Zheng et al. (2021), and MAPE CNN-LSTM for the model by Cao 
et al. (2022).

Horizon 16 20 24 28

MAPE Shallow 30.51 30.10 29.14 28.23
MAPE Deep LSTM 43.86 43.51 42.02 41.26
MAPE CNN-LSTM 43.01 43.41 45.76 43.64
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noticeable after the quantization process, the model still correctly pre
dicts the apparition of phycocyanins’ peaks. It is also relevant to note 
how the predicted peaks are actually faster than the real peaks. This, 

although it is still a prediction error, also means that the network is not 
overfitting and cyanobacteria growth is predicted before it actually 
starts to happen. For the 28-days prediction horizon, Fig. 6.d, although 
spurious peaks are predicted in May of 2014 and May of 2015, the re
sults remain close to the ground-truth being the less affected output by 
the quantization of the model.

7. Discussion

Bloom forecasting works are hard to generalize due to the variability 
between water reservoirs, environmental conditions, and cyanobacteria 
species. In addition, forecasting natural phenomena is a complex 

Fig. 5. On the left, predictions for values 16 days ahead are shown as a working example. The ground-truth reference value for the time horizon of 16 days (Ref. H16) 
is compared to the predictions coming from the presented shallow model and the two deep learning models alternatives. On the right, accuracy values for all the 
studied time horizons using MAPE.

Table 5 
Inference times for the original and quantized (prefix q) models running in 
personal computer or microcontroller.

Magnitude Time Mean [s] Time STD [s]

OPPC 4.4e-2 1.3e-2
qOPPC 2.5e-4 1.4e-3
qOPMCU 2.23 0.44

Fig. 6. Experimental results using the proposed framework. Blue data corresponds to the real interpolated data obtained from the probe. Dashed orange data 
corresponds to the values predicted by the neural network, and dot-dashed green corresponds to the quantized version of the model. Results are depicted for the four 
different time horizons predicted by the network: a) 16 days ahead, b) 20 days ahead, c) 24 days ahead, and d) 28 days ahead.
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problem that implies many different variables that are not always 
available to the system. Introducing complex architectures can lead to 
overfitting and purely reactive models in this context. Special care must 
be put on not training a model that just mirrors the last data available. 
Although DL architectures are able to learn complex and hidden re
lationships, shallow architectures favor models with simpler tendencies 
that can give real valuable predictions of the data for complex systems. 
In addition to this, the low computational cost of shallow architectures 
makes them feasible for its implementation within edge computing 
systems. In this paper we proposed the implementation of a shallow 
neural network architecture within a cost-effective edge computing 
system.

Many blooms forecast models have been already proposed with 
diverse results. A representative example is the Auto-Regressive Inte
grated Moving Average (ARIMA) model presented by Chen et al. (2015). 
Although this model obtains accurate results to forecast the bloom 
evolution, its prediction horizon is limited to two days since ARIMA 
models cannot integrate non-linear patterns. Other models like random 
forest or support vector machines have a high computational cost and 
tend to overfit for multivariate time-series (Cruz et al., 2021). Thus, a 
shallow model based on LSTM layers stands out as an alternative able to 
represent non-linear relationships, at a moderate computational cost.

The shallow architecture proposed in this paper can make pre
dictions with 70 % accuracy. This accuracy is approximately 10 % 
higher than the obtained using the alternative state-of-the-art DL ar
chitectures. Furthermore, the proposed model achieves medium-term 
predictions of up to 28 days. This forecasting horizon extends beyond 
the reach of current state-of-the-art models, such as the models by Zheng 
et al. (2021) or by Martín-Suazo et al. (2024), which are limited to 
shorter intervals (up to 196 h). To the best of our knowledge, no existing 
models in literature provide comparable long-term accuracy. These 
successful long-term results fit cyanobacteria’s real behavior where di
vision times are in the range of days (Chorus and Welker, 2021). Bloom 
cyanobacterial models should be trained using these time scale horizons 
to allow the network to model cyanobacteria division behavior.

One important aspect that has to be discussed and considered is that 
the sample frequency of the data used for training was 5 min. We 
acknowledge that a 5-minute sample frequency could be a too 
demanding requirement for some monitoring installations capabilities, 
budgets or conditions. However, our choice of using a 5-minute fre
quency was taken with the goal of improving the performance of the 
model. It is a general consensus within the deep learning and neural 
network community that increasing the amount of data, along with a 
well-designed architecture, leads to improvements on the performance 
of the model (Sun et al., 2017). For instance, in this application, high 

frequency training data could allow the model to learn high frequency 
noise filters to remove noise within the input data, improving robustness 
to sensor variability and environmental fluctuations. More importantly, 
since the training has already been performed, the proposed model 
could be fine-tuned to work with any frequency of input data that allows 
the model to monitor the relevant learned features from temperature 
and phycocyanin samples. We suspect that this minimum sample fre
quency will greatly depend on the environment. Future suggested works 
include a study of how using different sample frequency for prediction 
impacts the model performance as a function of the environment 
conditions.

The implementation of the proposed autonomous system is cost- 
effective and requires minimal infrastructure. Available monitoring 
systems often necessitate data retrieval from buoys and subsequent 
processing on a workstation, incurring significant logistical costs. In 
contrast, our system processes data at the edge, eliminating the need for 
strong Wi-Fi connections or additional controllers to transmit large 
amounts of data to fog or cloud IoT layers, which further reduces 
operational costs. As shown in Table 6, the system’s power consumption 
is capped at 75.0 mW, allowing it to be powered by a small integrated 
solar panel and a battery. With a standard 2000 mAh battery, the system 
can operate for approximately 130 h. Integrating a 0.5 W solar panel 
ensures continuous, autonomous operation. This approach not only 
minimizes computing costs and resource requirements but also provides 
a scalable, easily deployable solution for real-time water body moni
toring, adaptable to local dynamics without the need for extensive 
infrastructure. By leveraging edge computing, our system offers a scal
able solution that can be easily adapted to various environmental con
ditions, making it a versatile tool for global water quality monitoring 
and forecasting efforts.

The quantization of the forecasting model produces an overreacting 
behavior that is translated into an accuracy drop from 70 % to 50 % for 
the 28-days’ time horizon. Note that most of the accuracy drop is the 
result of the introduction of false positive peaks as can be seen in Fig. 6. 
Even though the presented shallow model achieves better results than 

Fig. 7. High level diagram of the designed system. A time sensor, a real-time clock and a fluorescence sensor are connected to an internal microcontroller or device 
with communication capabilities like Universal Asynchronous Receiver-Transmitter (UART) protocol. This periodically gathers the data (T: Temperature, M: Month, 
FC_IVF: Phycocyanin In Vivo Fluorescence), with a 5 min frequency, and sends it to the forecasting microcontroller as one packed message. The forecasting mi
crocontroller has wireless connectivity for sending the information to the user.

Table 6 
Approximated mean power consumption values, in milliwatts, and costs, in 
euros, of the main elements of the proposed water monitoring system.

Element Mean Power [mW] Cost [€]

ESP32 10.0 5.0
Electronics 50.0 15.0
RTC 1.0 5.0
Battery – 10.0
Total 61.0 35.0
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others found in the state-of-the-art, LSTM layers are more affected by 
standard quantization methods than other architectures. Partial quan
tization of LSTM layers skipping most critical weights (Rezk et al., 2022) 
or specific quantization methods for LSTM networks (Wang et al., 2022) 
could be used to reduce the false positives and observed accuracy drop. 
Alternatively, a less aggressive quantization could be used to trade-off 
power and accuracy. For example, from 32-bits floating point to 
16-bits floating point, 16-bits integers or mixed data types, combined 
with low-power accelerators (Rusci et al., 2022). Potentially reducing 
the gap between the original model and the quantized version. Future 
proposed works also include the implementation of alternative edge 
devices like AI-accelerators (Rusci et al., 2022). While these devices are 
expected to reduce the quantization error, they fall outside the scope of 
this work, which focuses on providing a cost-effective and 
easy-to-implement solution framework.

The presented model can correctly estimate the trend of the cyano
bacteria to predict the appearance of blooms, as can be observed in 
Fig. 6. A solution to compensate for false positives of the presented 
embedded monitoring system can be to introduce expert’s supervision 
or to implement a tandem solution where the original shallow model is 
triggered whenever a bloom is detected by its embedded version, 
reducing the computational needs until it is required.

8. Conclusions

In this paper, we have proposed a framework introducing a shallow 
neural network with state-of-the-art DL techniques for embedded bloom 
forecasting.

The proposed shallow model achieved an accuracy around 70 % for 
the four studied time horizons. After its training, we quantized the 
resulting model for 8-bit integers. This reduced the model size resulting 
in an inference latency two orders of magnitude lower, allowing the 
model to be executed in the proposed cost-effective edge computing 
device. The quantized model is able to forecast phycocyanin peaks with 
a good performance in shape, magnitude, and timing while only intro
ducing false positives peaks. However, since the predictions and raw 
measurements are broadcasted through wireless communication, they 
are accessible to any user without additional infrastructure. This 
approach allows the operator to verify on-site these peak events, coun
teracting the flaws of the model. Future works will include studying 
quantization techniques with a lower impact over the forecasting ac
curacy of the shallow model like QAT, which is not yet supported for 
recurrent neural networks in the main ML frameworks at the moment of 
developing this work. Additionally, defining preventive and mitigation 
measures using model forecasts, and assessing the results obtained in the 
paper in a real-world scenario by deploying the proposed real-time 
forecasting add-on for monitoring buoys. Our edge-based system rep
resents a paradigm shift in bloom forecasting, offering a robust, real- 
time solution that is both cost-effective and adaptable to diverse 
aquatic environments.
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