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 Despite extensive research on chlorophyll-a (Chla) concentration retrieval methods from 
remote sensing reflectance (Rrs, sr−1) data, there remains a need for more reliable Chla retrieval 
techniques. In this study, we introduce a deep learning approach based on a 1D convolutional 
neural network (1D CNN) architecture. In addition, we provide a new method of representing 
the Rrs as a sequential vector. The model architecture targets the Sentinel-2 MultiSpectral 
Instrument (MSI) sensor. The proposed model was trained and tested on simulated and in situ 
data collected from broad trophic states in Japan and Vietnam waters with Chla concentrations 
ranging from 0.02 to 148.26 mg/m3. The proposed model was evaluated against well-accepted 
state-of-the-art methods: ocean color three-band (OC3), ocean color index (OCI), two-band 
ratio, Blend, and a neural network model with a mixture density network. The evaluation shows 
that the proposed method outperforms other methods with a 7.48–38.02% reduction in root mean 
squared error (RMSE) and an 11.50–39.17% lower mean absolute error (MAE) than the other 
methods. The promising performance of the proposed model suggests that more attention should 
be paid to the domain of sequence modeling for Rrs and the architecture of 1D CNN. 

1. Introduction

 Chlorophyll-a (Chla) concentration has been used as a direct indicator of the trophic state of 
water bodies.(1) It is also used as a representative of harmful algal blooms,(2) which makes 
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measuring Chla in water bodies a vital task to determine the quality, productivity, and 
environmental situation of water. 
 Various methods have been used to measure and retrieve Chla concentrations in water 
bodies,(3) which can be divided into in situ measurements and remote sensing methods. Remote 
sensing methods provide an advantage over the complexity of in situ methods and labor-intensive 
techniques involved in field measurements. However, remote sensing for Chla estimation is 
prone to errors and failures caused by several reasons, including cloud coverage, atmospheric 
correction, and the optical complexity of water.(4) Therefore, the estimation of Chla in water 
using remote sensing methods is a challenging task.
 The estimation of Chla using satellite imagery has been widely explored owing to the 
accessibility of monitoring methods, and several empirical algorithms have been developed for 
this purpose. The majority of the currently used Chla retrieval algorithms are empirical 
algorithms that use the relationships between various remote sensing reflectance (Rrs) values at 
various bands to infer the corresponding Chla value. Band selection mainly relies on absorption 
peaks of the phytoplankton using Rrs to directly estimate Chla, such as the band ratio between 
the NIR or the red edge and the red bands,(5,6) or the ratio between the green and blue bands.(7) 
Ocean color (OCx) algorithms are fourth-order polynomial equations with different versions.(7–9) 
The selected version of the OCx algorithm depends on the target sensor, selected bands (i.e., two 
to six bands), and polynomial coefficients. The color index (CI) algorithm, which was developed 
for case 1 water where Chla < 0.25 mg/m3, is used by the NASA Ocean Biology Processing 
Group (OBPG; https://oceancolor.gsfc.nasa.gov) along with OCx as a blend algorithm.(10) 
However, blue and green algorithms are known to overestimate Chla concentrations in inland 
and coastal waters, and red and NIR algorithms have been developed specifically for use in these 
types of water.(11) The two-band ratio algorithm uses the linear relationship between the NIR or 
red edge and red bands.(11) Other algorithms were developed by mixing different algorithms for 
more generalized solutions for case 1 and case 2 waters.(12) The previous algorithms mainly lack 
generalization to different water characteristics as stated above, which makes it difficult to use 
in all situations. Moreover, the lack of classification algorithms that can be used to determine the 
water type and which algorithm should be used forces the use of a single algorithm for all water 
cases.
 On the other hand, some studies have considered using different machine learning techniques, 
such as support vector machines,(13–16) K-nearest neighbors,(14,16) and random forest,(14,16,17) to 
provide more accurate Chla estimations for specific regions. In addition to traditional machine 
learning methods, deep learning has attracted significant attention for water quality monitoring 
and remote sensing. Few researchers have used deep learning methods to estimate Chla from 
Rrs, such as feedforward neural networks,(18,19) which are multilayered neural networks used as 
regression models and trained using the backpropagation algorithm. Convolutional neural 
networks(20) operate on an image level instead of a pixel level, similar to other deep learning 
techniques, and they consist of multiple filters that are also trained using the backpropagation 
algorithm. The use of mixture density networks (MDNs) is a recent approach for estimating the 
distribution of Chla(21–23) by estimating multiple Gaussian distributions and combining them; 
they are basically feed-forward networks, but instead of estimating Chla directly, they try to 
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estimate the parameters of several Gaussian distributions that can represent Chla. Although 
some of the previously proposed deep learning models have shown some acceptable efficiency 
in determining Chla concentration, a huge room for improvement exists when considering more 
complex deep learning structures and when transforming the problem into other domains that 
can improve the efficiency of retrieval.
 In this study, we consider a novel approach by treating Rrs as a sequence of reflectance 
values that are related to each other instead of dealing with each band as a stand-alone value; on 
the basis of this assumption, different sequence modeling techniques can be applied to determine 
Chla from Rrs by modeling the sequence of Rrs bands and encoding it into the corresponding 
Chla value. The method selected for this research uses 1D convolutional neural networks (1D 
CNNs), which were first used to analyze and classify electrocardiography (ECG) signals.(24) To 
the best of our knowledge, this is the first study to use 1D CNNs to model satellite data. First, we 
built a new model based on the 1D CNN architecture to estimate Chla concentrations in aquatic 
environments using MultiSpectral Instrument (MSI) sensors by considering Rrs as a sequence 
of related values. Next, we compared the proposed method with existing state-of-the-art 
algorithms using both in situ and simulated datasets representing a wide range of trophic states.

2. Materials and Methods

2.1 Datasets

 The datasets used for developing this model are a combination of in situ and simulated 
hyperspectral data. The in situ dataset contains radiometric and biogeochemical measurements 
from various water bodies around Japan, Thailand, and Vietnam, with diverse Chla 
concentrations. Rrs measurements within the range of 350–900 nm were carried out using three 
TriOS-RAMSES hyperspectral radiometers. These instruments have a spectral interval of 2 nm 
and a field of view of 7 deg. Concurrently, Chla concentrations were determined using a Turner 
Designs 10-AU fluorometer. The procedure involved filtering 20 mL of water samples through 
25 mm Whatman GF/F filters with a pore size of 0.7 µm. Subsequently, the pigments were 
extracted by immersing the filter in 6 mL of N, N-dimethylformamide (DMF) and storing it in a 
dark place at 4 ℃ for 4 h.(25) The locations of the sampling points are shown in Fig. 1, except for 
the locations of the data points from the Gulf of Thailand because such locations could not be 
verified. The simulated dataset is part of the CoastColour Round Robin dataset that includes 
simulated measurements of hyperspectral Rrs and corresponding Chla concentrations.(26) 

 The data used to create the generalized global Chla model included both in situ and simulated 
data. The in situ data consisted of 958 samples collected from seven different water bodies, 
which were divided into 660 training samples and 298 test samples (Table 1). The Rrs spectra of 
the in situ dataset are shown in Fig. 2. The simulated data included 5000 samples, which were 
randomly split into 159 training samples and 4841 test samples. The use of a small number of 
simulated data points was intentional to introduce randomness to the model training without 
negatively impacting its performance on the in situ data. The histogram distribution shown in 
Fig. 3 and the descriptive statistics in Table 1 demonstrate the variations in the characteristics of 
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Fig. 1. (Color online) Geographical distribution of the in situ measurements from different water bodies in (a) 
Japan and (b) Camranh Bay, Vietnam.

Fig. 2. (Color online) Rrs spectra of in situ measurements.

Table 1
Descriptive statistics of in situ and simulated Chla concentrations. The statistics include the minimum (Min), 
maximum (Max), mean, standard deviation (Std.), and size of the data.
Data type site Train/Test Min Max Mean Std. Size

In situ

Ariake Bay Train 2.91 39.97 16.09 10.66 57
Test 1.53 37.50 15.44 11.09 18

Biwa Lake Train 0.60 1.70 0.86 0.42 5
Test 0.63 0.63 0.63 0.00 1

Camranh 
Bay

Train 1.63 52.00 8.16 10.54 20
Test 0.81 7.86 3.19 1.95 10

Gulf of 
Thailand

Train 3.05 39.79 14.21 11.17 21
Test 5.12 37.63 12.37 10.28 8

Ise-Mikawa 
Bay

Train 0.39 148.26 19.24 22.50 457
Test 0.53 131.74 19.55 22.60 218

Lake 
Kasumigaura

Train 13.16 127.34 51.72 25.92 55
Test 21.63 94.49 48.72 18.60 22

Tokyo Bay Train 0.91 80.23 20.02 18.19 45
Test 0.76 97.32 26.45 25.04 21

Simulated Train 0.22 60.78 6.16 7.92 159
Test 0.02 129.08 6.15 10.06 4841

(a) (b)
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the water bodies and data samples, which facilitate the development of a generalized global Chla 
model.
 The target sensor of this study is the MSI onboard the Sentinel-2 satellite, which measures the 
reflectance at 13 different wavelengths, ranging from the visible and near-infrared regions to the 
shortwave infrared region.(27) MSI bands in the visible and NIR regions (Table 2) were 
considered as inputs for the 1D CNN model. The hyperspectral Rrs values of the in situ and 
simulated datasets were resampled to the MSI sensor for the training and testing of the evaluated 
algorithms by using the nominal bands. 

2.2 Model development

 The measured Rrs at each station is a sequential data vector with dependences and 
relationships between its values. To model the sequential data, a 1D CNN was adopted to 
analyze and detect different relationships and dependences between the different Rrs bands. 
 1D CNNs are effective deep learning models for sequential data processing, such as audio 
signals, time-series data, and natural language text.(28) One key advantage of 1D CNNs is their 
ability to learn local patterns within the input data while preserving the overall structure and 
context of the input. This is accomplished using the convolutional kernels shown in Fig. 4, which 
are small weight matrices that are applied to a sliding window of the input data, extracting local 
features, and combining them to form higher-level representations. 1D CNNs can be stacked to 
create deeper networks, which can further improve their ability to learn more complex and 
abstract patterns within the data. 

2.2.1 Feature engineering

 The input to the proposed model is Rrs in sr−1, which consists of the first seven spectral 
bands from the Sentinel-2 MSI sensor, and the output is the Chla concentration in mg/m3, which 

Fig. 3. (Color online) Histogram distributions of (a) in situ and (b) simulated Chla concentrations.

(a) (b)
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creates a regression problem. Various feature engineering techniques were applied to the data 
before they were fed to the deep learning model to facilitate the learning progress and 
generalization of the model.
 First, an Isolation Forest anomaly detection algorithm(29) was used to ensure that all data 
samples do not include outliers. This algorithm is based on an isolation tree, which is constructed 
by randomly selecting a feature, splitting a value, and partitioning the data into two subsets. This 
process is recursively repeated until each data point is isolated from its leaf node. After building 
multiple isolation trees using different subsets of the data and measuring the average path length 
of the trees, data points that required fewer splits to be isolated in the tree were considered more 
anomalous than data points that required more splits to be isolated in the tree. The algorithm 
then generates an anomaly score for each data point based on its isolation in the tree, and the 
data points with high scores are identified as anomalies. The threshold for considering a sample 
as an anomaly is set to 0.55.
 The Rrs values range from 4.27 e−6 to 2.49 e−2 sr−1 (Fig. 2), which is a massive range for deep 
learning. Hence, a log transformation was applied to the inputs as a technique to minimize the 
input range, which helps the model better represent the data and generalize for different Rrs 
values. Applying the log transformation to the reflectance data narrows the input range to 
−12.36–−3.69. 

Fig. 4. (Color online) Simple 1D CNN architecture with two convolutional layers.

Table 2
Sentinel-2 MultiSpectral Instrument (MSI) bands in the visible and near-infrared regions.
Band Nominal wavelength (nm) Spatial resolution (m)
1 443 60
2 490 10
3 560 10
4 665 10
5 705 20
6 740 20
7 783 20
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2.2.2 Model architecture 

 The architecture of the proposed model is shown in Fig. 5. The model construction can be 
described in three steps. First, feature engineering and normalization were applied to the Rrs 
data to produce a normalized input. Second, the output from the first step was fed to two-layered 
1D CNNs that can be considered as the encoding part of the model, which captures the 
relationship between the input reflectance and the output Chla, and encodes the input values to 
an intermediate vector representation of Chla. Finally, the vector is fed to a two-layered fully 
connected feed-forward network with an output layer that attempts to estimate the Chla 
concentration for the corresponding Rrs values.
 Different hyperparameters were tuned to obtain the current structure and parameters of the 
proposed model. The hyperparameters include the number of layers for both the CNN and the 
fully connected network, kernel size, the number of filters for the CNN layers, and the number 
of units in each of the fully connected layers. Beyond the architectural parameters, feature 
engineering parameters were also carefully adjusted. This involved setting the anomaly 
threshold to 0.55 for the Isolation Forest anomaly detection algorithm and selecting a logarithmic 
transformation as the normalization technique for Rrs. Figure 5 shows the different 
hyperparameters used for each layer in the deep learning model.

2.3. Comparison with other Chla algorithms

 The performance of the proposed model was evaluated using state-of-the-art algorithms. Six 
well-known standard algorithms used for Chla estimation were selected for comparison: the 
three-band version of OC3;(8) the OCI algorithm that blends the CI algorithm with the OC3 
algorithm;(10) the two-band ratio algorithm (2 Band), which indicates that the ratio of the near 
705 nm band to the near 675 band is directly related to the Chla ratio;(5) the three-band ratio 
algorithm (3 Band), which uses the spectral bands 665, 705, and 740;(30) the four-band ratio 
algorithm (4 Band) using the relationship among the 560, 665, 705, and 740 bands to estimate 
Chla;(31) and the blend algorithm that blends the OC3 algorithm with the two-band algorithm.(12) 
For the band ratio algorithms, the relationship between the band ratios and the Chla value was 
linear. The equations and tuned parameters for the six algorithms are presented in Appendix A. 
 In addition to the six classical algorithms, the state-of-the-art deep learning model proposed 
by Pahlevan et al., which is based on the MDN architecture to estimate the distribution of Chla 
using several Gaussian distributions, was also included in the comparison.(23)

Fig. 5. (Color online) Schematic diagram illustrating the overall architecture of the proposed 1D CNN, including 
the feature engineering step followed by the deep learning model's main components.
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2.4 Evaluation metrics

 The evaluation metrics used in this study were the root mean squared error (RMSE), mean 
absolute error (MAE), mean absolute percentage error (MAPE), and BIAS. The proposed model, 
state-of-the-art deep learning model, and six standard algorithms were evaluated using the same 
test data. All four evaluation metrics were calculated for each model’s prediction against the in 
situ measurements of Chla for comparison.
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Here, iy  and ˆiy  represent the measured and model retrieved Chla values, respectively, and n 
refers to the number of samples.

3. Results and Discussion

 The inclusion of simulated data in our study seeks to address the inherent limitations posed 
by the relatively small number of in situ Rrs–Chla pairs, allowing for the exploration of Chla 
distributions not fully captured by in situ data alone. To evaluate the efficacy of this approach, 
we first compared the performance characteristics of the 1D CNN model trained with and 
without the inclusion of 159 simulated samples. As illustrated in Fig. 6, the performance results 
derived from in situ data were similar, with a slight improvement observed in the nonsimulated 
data scenario, indicating that the inclusion of simulated data does not significantly affect the 
model’s performance on in situ data.
 In contrast, a marked change in performance was observed when assessing the model’s 
ability to handle simulated data. The 1D CNN model, when trained exclusively on in situ data, 
showed a significant performance decrease when tested against simulated data, as demonstrated 
by a 100% increase in RMSE and 7-fold and 20-fold decreases in MAE and BIAS, respectively, as 
demonstrated in Fig. 6.
 We further assessed the quantity of simulated data incorporated into the 1D CNN model. 
While a small portion of simulated data significantly enhances the model’s performance on 
simulated data, expanding this simulated dataset negatively impacted the performance on in situ 
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data. Accordingly, we infer that our selected mix of in situ and simulated data optimizes the 1D 
CNN model’s capacity to capture the variability present in both in situ and simulated 
distributions.
 We further investigated the proposed 1D CNN’s performance for Chla retrieval by comparing 
it with those of six standard algorithms [i.e., OC3, OCI, 2 Band, 3 Band, 4 Band, and Blend (2 
Band & OC3)] and the MDN model. The models were evaluated using in situ and simulated 
datasets as discussed in the subsequent sections. 

3.1 Performance evaluation based on simulated data 

 The performance of all models was evaluated using a simulated dataset with 4841 samples. 
The evaluation metrics, including RMSE, MAE, and MAPE, were calculated for each model on 
the basis of the estimated Chla values and the Chla values associated with the simulated Rrs. The 
overall performance of the evaluated models, shown in Table 4, indicates that the proposed 
model outperforms other models with a 40.97–73.74% improvement in RMSE. In addition, MAE 
and MAPE indicated that Chla retrieval was improved by at least two folds. The statistics 

Fig. 6. (Color online) Evaluation of model performance based on training scenarios: (a) & (b) Model performance 
characteristics on in situ data, trained using in situ data only, and both in situ and simulated data, respectively. (c) & 
(d) Model performance characteristics on simulated data, trained using only in situ, and both in situ and simulated 
data, respectively.

(a) (b)

(c) (d)



3752 Sensors and Materials, Vol. 35, No. 10 (2023)

tabulated in Table 4 using the simulated dataset indicate that the MDN model provides the least 
BIAS (0.25; compared with 0.30 for the proposed model). Among the standard algorithms, 2 
Band and Blend are the most accurate, whereas 3 Band and 4 Band have the least retrieval 
accuracy with a MAPE of up to 1146%.
 Figure 7 shows the scatterplots of the top-performing standard algorithms, along with the 
MDN and proposed models. The scatterplots indicate that Blend and the MDN model better 
model Chla in the range of 0.01–0.2 mg/m3; however, the proposed model provides better 
agreement for Chla > 1 mg/m3. Table 5 shows a detailed comparison between the different 
models in different Chla ranges, which clearly shows that the proposed model outperforms the 
other models in all evaluation metrics across all Chla ranges by multiple folds. Even though the 
proposed model fails to capture the very low Chla values (less than 0.2 mg/m3), the model still 
performs very well in the 0–5 mg/m3 range with a 76.97–87.18% reduction in RMSE compared 
with other models and a 78.53–89.24% reduction in MAE.

3.2 Performance evaluation based on in situ data

 The performance characteristics of various models, including the proposed model, were 
evaluated using 298 samples of in situ-measured Rrs and Chla pairs. The same evaluation 
procedures used for the simulated data were applied to the in situ data, and the results are 
presented in Table 6, which compares the overall performance characteristics of all the models 
considered in this study. The results indicate a significant improvement over the standard 
algorithms and the MDN model, with a 7.48–38.02% reduction in RMSE and an 11.50–39.17% 
improvement in MAE. MAPE was also reduced significantly. Figure 8 shows the scatterplots of 
the top-performing models, which demonstrate that the scatter points are close to the unity line 
compared with the other algorithms.
 Table 7 shows the proposed Chla retrieval model with the other algorithms for various Chla 
ranges. For Chla values between 0 and 5 mg/m3, the MDN model performed slightly better than 
the proposed model, with lower RMSE and MAE values. Both deep-learning-based algorithms 
significantly outperformed the standard algorithms in this range. When considering the range of 
5–10 mg/m3, the proposed model outperforms the other algorithms, with a 15.98–31.26% 

Table 4
Overall evaluation for all models based on the simulated test dataset.
Model RMSE MAE MAPE BIAS
Proposed Model 4.12 1.06 27.74 0.30
MDN 6.98 3.28 68.93 0.25
OC3 10.72 5.76 141.41 −3.32
OCI 10.72 5.76 141.36 −3.29
2 Band Ratio 8.10 6.77 468.26 −5.41
3 Band Ratio 15.69 14.24 1146.05 −12.04
4 Band Ratio 14.64 12.65 1011.27 −9.75
Blend (2 Band & OC3) 9.25 5.36 140.19 −3.47
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Fig. 7. (Color online) Scatterplots of the top-performing algorithms showing the comparison between the 
evaluation metrics for the (a) proposed model, (b) MDN model, (c) 2 Band algorithm, and (d) Blend algorithm 
evaluated on the basis of the simulated dataset.

(a) (b)

(c) (d)

Table 5
Detailed comparison between the top-performing Chla retrieval algorithms against different Chla ranges based on 
the simulated dataset.
Chla range (mg/m3) Model RMSE MAE MAPE BIAS

0 to 5

Proposed Model 0.76 0.38 36.43 −0.21
MDN 3.30 1.77 83.09 −1.39
OCI 5.93 3.53 168.99 −3.49

Blend (2 Band & OC3) 5.93 3.53 169.07 −3.50

5 to 10

Proposed Model 1.53 0.69 10.06 −0.35
MDN 4.12 3.04 45.62 −1.62
OCI 10.73 7.67 114.38 −7.44

Blend (2 Band & OC3) 10.73 7.66 114.33 −7.44

10 to 20

Proposed Model 2.18 0.93 6.55 0.08
MDN 4.83 3.94 28.28 3.01
OCI 12.73 8.06 61.13 −5.57

Blend (2 Band & OC3) 11.62 7.43 56.95 −5.29

20 to 150

Proposed Model 16.53 10.20 21.69 8.69
MDN 25.10 20.29 52.06 20.29
OCI 30.78 21.28 50.44 16.31

Blend (2 Band & OC3) 22.00 15.33 36.48 12.68
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Table 6
Overall evaluation for all models based on the in situ test dataset.
Model RMSE MAE MAPE BIAS
Proposed Model 20.05 10.00 66.89 5.54
MDN 22.58 12.44 72.40 8.92
OC3 32.35 14.98 96.06 8.04
OCI 32.35 14.98 96.06 8.04
2 Band Ratio 21.67 11.30 124.04 1.40
3 Band Ratio 23.21 16.44 223.44 2.94
4 Band Ratio 22.28 15.11 209.01 2.05
Blend (2 Band & OC3) 22.78 11.36 85.68 4.61

Fig. 8. (Color online) Scatterplots of the top-performing algorithms showing the comparison between the 
evaluation metrics for (a) the proposed model, (b) MDN model, (c) 2 Band algorithm, and (d) Blend algorithm  
evaluated on the basis of the in situ test dataset.

(a) (b)

(c) (d)

reduction in RMSE and a 21.18–47.34% reduction in MAE. Furthermore, the proposed model 
also excels in higher Chla ranges; in the range of 10–20 mg/m3, RMSE is 23.5% less than that of 
the MDN model and 23.2–29.27% less than that of the standard algorithms. MAE is also reduced 
by 10.85–36.63% compared with the other models, as reflected in the scatterplots of Fig. 8. The 
standard algorithms showed better results than the MDN model in this range in terms of MAE. 
Finally, 2 Band performed better than the other models in the highly turbid water Chla range 
(20–150 mg/m3).
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3.3. Models’ performance

 In this study, we compared the performance of the proposed 1D CNN model for Chla 
retrieval with those of six standard algorithms and the MDN model using simulated and in situ 
datasets. The results indicate that the proposed model outperforms the other models, with 
significant improvements in terms of RMSE, MAE, and MAPE. The results from the simulated 
dataset showed that the proposed model provided the highest accuracy across various Chla 
ranges. However, when considering the in situ dataset, the proposed model performed best in the 
mid-Chla range (5 < Chla < 20 mg/m3). The statistical analysis of the in situ dataset highlights 
the need to improve the accuracy of the proposed model in the future by increasing the size of 
the trained dataset, particularly for Chla < 1 mg/m3, which has few samples, as shown in Fig. 3.
 The results emphasize that machine-learning-based models, such as the 1D CNN and MDN, 
consistently outperform the six standard empirical algorithms because they can learn from the 
trained data, find complex patterns and relationships, automatically extract features from the 
data, and improve as the dataset size increases, which allows them to detect even more complex 
relationships in the data. In contrast, standard algorithms rely on predefined equations that may 
not capture the complexity of the problem. On the other hand, this research proved the 
applicability of using sequential models to handle Rrs, and that it is more efficient than normal 
feed forward networks.

4. Conclusion

 In this study, we propose a groundbreaking approach for the retrieval of Chla concentrations 
from different water bodies using satellite imagery and a novel perspective on satellite data in 

Table 7
A detailed comparison between the top-performing Chla retrieval algorithms against different ranges of Chla based 
on the in situ test dataset.
Chla range (mg/m3) Model RMSE MAE MAPE BIAS

0 to 5

Proposed Model 18.00 4.53 160.42 −4.11
MDN 16.11 4.00 128.74 −2.28

2 Band Ratio 27.66 9.60 380.02 −8.89
Blend (2 Band & OC3) 26.88 6.01 206.08 −5.56

5 to 10

Proposed Model 6.73 3.46 46.84 −1.57
MDN 8.01 4.39 59.17 1.54

2 Band Ratio 9.43 6.57 93.19 −6.48
Blend (2 Band & OC3) 9.79 4.97 69.27 −3.35

10 to 20

Proposed Model 7.78 5.26 37.18 1.72
MDN 10.17 8.30 59.89 5.91

2 Band Ratio 10.13 5.90 43.56 −3.68
Blend (2 Band & OC3) 11.00 6.92 50.36 −0.03

20 to 150

Proposed Model 29.25 19.96 41.23 17.90
MDN 33.98 24.94 55.45 22.02

2 Band Ratio 27.20 18.08 35.80 15.24
Blend (2 Band & OC3) 29.76 21.00 44.47 18.23
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terms of sequential reflectance values. The algorithm proposed in this research is a 1D 
convolutional deep neural network that is known to excel in modeling simple sequential data 
applied to the domain of water quality monitoring to obtain breakthrough results in the retrieval 
of Chla using Rrs. The proposed model was trained and tested using Rrs–Chla pairs from both 
simulated and in situ data collected using measurements in different water bodies, and was 
proven to outperform the standard empirical algorithms and state-of-the-art deep learning 
methods significantly in most cases and Chla ranges. The model excels in the high ranges of 
Chla (i.e., higher than 5 mg/m3) with a 7.48–38.02% overall improvement of in RMSE and an 
11.50–39.17% lower MAE than the other algorithms in this study, which proves that using 
sequence modeling methods such as 1D CNN for Chla concentration retrieval using Rrs is more 
accurate than using standard algorithms and basic deep learning methods. Limitations of the 
proposed model lie mainly in the low Chla range performance, which can be mitigated by 
providing a model with more balanced data between low and high Chla concentrations. Future 
research could explore the potential of using 1D CNNs for other satellite products, such as total 
suspended matter or colored dissolved organic matter, and expand the dataset of Rrs–Chla pairs 
to enhance the robustness of deep learning methods in estimating Chla. Real-time Chla and Rrs 
measurements can also be used in an online learning manner to further improve the proposed 
model.
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Appendix A

 The detailed implementations of the standard Chla algorithms are listed below.
OC3:

 443 490

560 560
,   Rrs Rrsx

Rrs Rrs
 

=  
 

 

 ( ) 2 3 4
3 0 1 2 3 4      OCChla a a x a x a x a x= + + + +  

 0 1 2 3 40.3308,  2.6684, 1.5990,  0.5525,  1.4876a a a a a= =− = = =−  
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CI:

 ( )560 443 665 443
560 443  *  
665 443

CI Rrs Rrs Rrs Rrs− = − − − − 
 

 ( ) ( ) 0.4909 191.6590*  CIChla CI=− +

OCI (CI & OC3):

 0.15 
0.2 0.15

CIChlaw −
=

−
 

 3

3

( 0.15)
( 0.2)

*  1 * (otherwise)

CI CI

OCI OC CI

OC CI

Chla Chla
Chla Chla Chla

w Chla w Chla

 <
= >
 + −

 

2 Band ratio:

 705
2 0 1

665
  B

RrsChla a a
Rrs

= +  

By regression on the datasets used in this study, the parameters for the above linear equation 
were found to be

 0 1 23.6481638,   51.54954222a a=− = . 

With RMSE = 16.66, MAPE = 161.93%, R2 = 0.42.

3 Band ratio:

 3 0 1 740
665 705

1 1   BChla a a Rrs
Rrs Rrs
 

= + − 
 

 

By regression on the datasets used in this study, the parameters for the above linear equation 
were found to be

 0 118.19501540, 0.00312166a a −= = . 

With RMSE = 16.18, MAPE = 182.43, R2 = 0.46.
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4 Band ratio:

 560 665
4 0 1

740 705

1 1 
  1 1 

B
Rrs RrsChla a a

Rrs Rrs

−
= +

−
 

By regression on the datasets used in this study, the parameters for the above linear equation 
were found to be

 0 1 6.0385872814,   72.97858459a a= =− . 

With RMSE = 20.33, MAPE = 312.17, R2 = 0.14.

Blend (2 Band & OC3):

 705

665
 Rrsr
Rrs

=  

 
0.75 0.75
1.15 1.15

otherwise

r
r

r

<
∅ = >



 

 0.75 
1.15 0.75

w ∅−
=

−
 

 2 3*  1 * B OCChla w Chla w Chla= + −  
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