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Abstract 
Ocean color is determined by the complex interactions of incident light with the 
optical properties of suspended and dissolved substances. Such interactions give 
water its characteristic color and reflect information about ocean constituents, 
which can be captured by satellite-borne ocean color sensors in orbit hundreds 
of kilometers above the Earth’s surface. Here, based on the spectral shape of re-
mote sensing reflectance that is now readily available from diverse satellite ocean 
color sensors, the present study proposes a satellite approach for mapping sur-
face water types in Cook Inlet, Alaska. The Iterative Self-Organizing Data Anal-
ysis Technique clustering identified 15 different water types in Cook Inlet, and 
then machine learning models were trained to accelerate the processing of high-
resolution satellite images comprising thousands to millions of pixels each. A 
total of 31 classification algorithms were tested, and a neural network with me-
dium preset showed the best performance with an accuracy of 99.9%. The main 
advantage of optical classification is its capability to identify water types with 
similar temperature or salinity properties, since the optical signatures are inde-
pendent of such physical characteristics. Overall, the present study highlights 
that a combined approach with optical classification and the conventional tem-
perature-salinity diagram improves our capability to differentiate water types, 
contributing to better monitoring of ocean dynamics that advances our baseline 
understanding of marine environments. 
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1. Introduction 

Cook Inlet, a subarctic estuary in south-central Alaska, offers a productive marine 
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ecosystem supporting commercial and subsistence fishing. As a coastal embay-
ment, Cook Inlet is an extremely dynamic system that responds both to variations 
in marine source waters and to fluctuations in freshwater input from terrestrial 
drainage. Marine water input to the inlet originates in the northern Gulf of Alaska. 
Lower salinity and elevated temperatures occur during summer owing to fresh-
water input and insolation [1]. Thus, Cook Inlet, together with its channels, coves, 
flats, and marshes, encompasses waters that are a mixture of terrestrial sources 
arriving from river discharge and the marine water of Shelikof Strait and the Gulf 
of Alaska [2].  

Coastal ecosystems need to be monitored to improve our understanding of their 
dynamics, detect changes attributed to climate change, and assess the impact of 
implementing environmental protection policies [3]. Hydrographic characteris-
tics of Cook Inlet have been investigated primarily using data collected by con-
ventional shipboard methods [4]. More recently, nearly 90 Lagrangian surface 
drifters were deployed in the lower Cook Inlet and Kachemak Bay during 2003-
2007, 2012, and 2017 [5]. These field campaigns substantially improved our sci-
entific knowledge of the fundamental hydrography of Cook Inlet [5]-[8]. How-
ever, these conventional approaches are often expensive and time-consuming, 
making it difficult to collect large-scale, continuous time-series data.  

Satellite remote sensing of ocean color offers a cost-effective, near real-time 
data acquisition technique that can address these limitations. Satellite ocean 
color observation involves the detection of spectral variations in water-leaving 
radiance [9], which is the sunlight backscattered out of the ocean. Ocean color 
is determined by the complex interactions of incident light with the optically 
active water constituents [10]. Generally, nearer to land, water appears greener 
because of increased amounts of dissolved and suspended matter [11], whereas 
open-ocean water appears bluer because it is very clear, somewhat similar to 
pure seawater.  

One of the most well-established ocean color products is chlorophyll-a (Chla), 
which is an important proxy for phytoplankton biomass [9]. Indeed, Chla con-
centrations have been utilized as a key variable in studying phytoplankton dynam-
ics at seasonal and interannual scales, to provide a better understanding of the role 
of the phytoplankton in diverse research fields [12]. To infer the concentration of 
Chla or any other optically active constituents from ocean color data, algorithms 
have been constructed that relate the characteristics of the water signal to the 
property of interest [9]. Essentially, field sampling for algorithm development can 
be very unevenly distributed in space or time. Therefore, satellite capability may 
be questioned to some extent because of the uneven distribution of the field data 
that either forms the basis of empirical algorithms or is used for developing ocean 
color algorithms, raising questions regarding the applicability of the algorithms as 
well as the validation statistics.  

To circumvent this issue, existing studies have proposed optical classification, 
which uses the spectrum of remote sensing reflectance (Rrs(λ)) to quantify simi-
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larity/dissimilarity in the optical characteristics of water bodies [13]-[17]. For ex-
ample, iterative refinement optical classification techniques based on Rrs(λ) spec-
tra can be powerful approaches for optical and truly homogeneous uses of ocean 
color remote sensing [15]. This fact suggests that monitoring ocean dynamics 
based on satellite-retrieved optical signatures can address the multiple shortcom-
ings of conventional methods, including spatial and temporal resolutions, and 
therefore provide broader coverage in both space and time.  

Here, based on optical characteristics that depend on the composition and con-
centration of optically active water constituents, this study presents a satellite-
based mapping of optical water types in Cook Inlet. To this end, this study uses 
the Iterative Self-Organizing Data Analysis Technique (ISODATA) clustering 
technique [18] to determine optical water types from satellite-retrieved optical 
signatures. The ISODATA clustering technique distinguishes major optical water 
types by maximizing the differences between water types for a given dataset. This 
means it identifies optical water types differently depending on the dataset. To 
address this issue, we train machine-learning models using a training dataset that 
covers a wide range of temporal and spatial variations. The machine-learning 
models “know” the optical variability of the optical water types present in Cook 
Inlet, based on the training datasets, allowing them to retrieve optical water types 
accurately and consistently. Finally, the resulting optical water types are compared 
with those obtained from a TS diagram generated using in situ data to demon-
strate the utility of the approach in discriminating water masses.  

2. Materials and Methods  
2.1. Satellite Data  

Level 1A images of the Moderate Resolution Imaging Spectroradiometer 
(MODIS) sensor onboard the Aqua satellite were downloaded from NASA’s 
Ocean Color website. The MODIS/Aqua data covering over a 20-year period are 
the longest data record for a satellite-based global ocean color sensor. Level 3 1-
km pixel resolution single-path images, containing Rrs(λ) at 10 optical channels 
(i.e., wavelengths of 412, 443, 469, 488, 531, 547, 555, 645, 667, and 678 nm) and 
daytime sea surface temperature (SST), were created from individual Level 1A 
scenes using the SeaWiFS Data Analysis System (SeaDAS) software version 9.2.0. 
Level 2 ocean color flags (i.e., LAND, HLT, STRAYLIGHT, CLDICE) removed 
low-quality data during the process.  

2.2. In-Situ Data  

Sea temperature and salinity at the surface, measured with conductivity, temper-
ature, and depth (CTD) profilers (SeaBird Electronics 19plus), were used to char-
acterize water properties based on a TS diagram. Shipboard oceanographic sur-
veys were made along repeated transects at generally 0.2 - 4 km spacing (Figure 
1). These data are accessible online [19] through the DataOne repository.  
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Figure 1. Map of the study area. The color represents the diffuse attenuation coefficient at 
490 nm (Kd(490)), and the dots mark the sampling locations of the in situ data.  

2.3. Preparing the Training Dataset  

The dataset used for training machine learning models must cover the optical var-
iability of the water masses present in Cook Inlet. To this end, this study developed 
a subset of the overall MODIS/Aqua data archive for 2002-2022, following the 
method described by [15]. Note that single-path MODIS/Aqua images were used 
here without compositing or averaging the images over specific time frames. To 
maximize the geographic and seasonal sampling of the dataset, a list of cloud-free 
Rrs(λ) spectra was compiled for each pixel. From this list, 10 cloud-free Rrs(λ) spec-
tra per pixel (1 × 1 km) were randomly assigned to the training dataset using the 
MATLAB randsample function.  

2.4. Identifying Optical Water Types  

The classification procedures were also conducted following the method de-
scribed by [15]. To reduce the first-order variability of reflectance and to focus on 
spectral shape, each Rrs(λ) spectrum was normalized using its integrated value as 
follows:  

 ( ) ( ) ( )2

1
rs rs drsnR R R

λ

λ
λ λ λ λ= ∫ ,  (1) 

where nRrs(λ) indicates the normalized spectrum obtained by trapezoidal integra-
tion between λ1 (412 nm) and λ2 (678 nm).  

The nRrs(λ) comprising the training dataset were then analyzed using ISO-
DATA clustering, which is an extension of the k-means clustering procedure. 
ISODATA allows the number of clusters to be adjusted automatically during the 
iterative process, while k-means clustering assumes a fixed number of clusters.  
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2.5. Exploring Characteristics of Optical Water Types  

This study computed major satellite ocean color products, in addition to day-
time SST, to investigate the oceanographic characteristics of each water mass. 
Ocean color products include Chla, the diffuse attenuation coefficient at 490 nm 
(Kd(490)), total suspended solids (TSS), the light absorption coefficient of colored 
dissolved organic matter (CDOM) at 443 nm (aCDOM(443)), and particulate inor-
ganic carbon (PIC). Satellite ocean color algorithms used for estimating each 
product are as follows: Chla [20]; Kd(490) [21]; TSS [22]; aCDOM(443) [23]; and PIC 
[24].  

2.6. Training Machine Learning Models  

The ISODATA clustering technique distinguishes optical water types by maxim-
izing the differences between water types for a given dataset. This means that the 
clustering technique cannot identify unrepresented optical water types for a given 
dataset, even though the optical water types might be dominant in other datasets. 
To address this issue, the present study trained machine learning models using a 
training dataset that covers the optical variability of the water masses present in 
Cook Inlet. Additionally, a machine learning technique can accelerate processing, 
which represents a strong advantage when analyzing high-resolution satellite im-
ages comprising thousands to millions of pixels [25]-[27].  

Machine learning is a branch of artificial intelligence that provides the ability 
to automatically learn and improve in inherently interdisciplinary fields based on 
experience without being programmed to perform specific tasks. We leveraged 
MATLAB’s Classification Learner App in the Statistics and Machine Learning 
Toolbox. The app contains a wide set of 31 classification algorithms grouped into 
the following seven classes: tree-based, discriminant, Naive Bayes, support vector 
machine (SVM), K-nearest neighbors (KNN), ensemble, neural network, and ker-
nel. Here, the training dataset consists of the optical water types (output) and the 
corresponding nRrs(λ) spectra (input). During training, machine learning models 
learn relationships between the input values and the corresponding output values 
without predefined or explicated equations [28]. It is noteworthy that selection of 
the most appropriate classifier technique is a somewhat uncertain process because 
the performance of the trained models relies on the dataset. Therefore, we trained 
multiple machine learning models using all of these classifiers, and then deter-
mined the best performing model through subsequent performance evaluation.  

The training dataset comprised nRrs(λ) spectra as input features and optically 
derived water types as output classes. To avoid the possibility of missing certain 
representative samples and/or overfitting the models, a five-fold cross-validation 
was carried out by randomly dividing 70% of the training dataset (i.e., the devel-
opment subset). Evaluation of the developed models was performed five times, 
each time excluding one fold from the training set for testing. Each observation in 
the development subset was assigned to an individual group and remained in that 
group for the duration of the procedure so that each observation was used once 
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for testing and four times for training the model. The final model evaluation was 
conducted using the remaining 30% of the training dataset (i.e., the validation 
subset), which was completely independent of the training procedure. Finally, the 
best-performing model among the 31 trained models was identified based on its 
confusion matrix, which quantitatively summarizes the classification perfor-
mance by comparing predicted and actual class labels.  

2.7. Comparing Optical and TS-Based Approaches  

To demonstrate the strength of our approach, this study conducted a match-up 
comparison [29] between optical water types determined by the optical classifica-
tion and those by the conventional TS-based approach. In brief, a match-up was 
considered valid when in situ sampling of temperature and salinity was carried 
out within 3 hr of the satellite observation within 5 × 5 pixel boxes (5 × 5 km) 
centered on the position of an in situ observation station. The averaged Rrs(λ) 
spectra were then used to determine the optical water types using the best-per-
forming machine learning model. Finally, the resulting optical water type was 
overlaid onto the TS diagram generated using the matched in situ temperature 
and salinity at the sea surface.  

3. Results and Discussion  
3.1. Overview of the Training Dataset  

Figure 2 shows an overview of the training dataset generated from all 
MODIS/Aqua images during the period 2002-2022 over Cook Inlet. The resulting 
dataset consists of 50,737 spectra, covering a wide range of temporal and spatial 
dynamics. Note that there were temporal and spatial tendencies in the number of 
data points assigned to the training dataset. The former is mainly due to seasonal 
variations in cloud coverage, whereas the latter is related to the available ocean 
pixels across the space.  

3.2. Determination of Optical Water Types  

Rrs(λ) holds valuable information on the compositions and concentrations of op-
tically active water constituents [30] and is now readily available from diverse sat-
ellite ocean color sensors. Figure 3 shows the average nRrs(λ) spectra, together 
with the original Rrs(λ), for each of the 15 optical water types identified in the 
entire training dataset. Rrs(λ) shows strong variations in association with the am-
plitude of Rrs(λ), whereas those of nRrs(λ) exhibit differences in shape, such as the 
locations and widths of peaks. Obviously, the original Rrs(λ) showed diverse am-
plitudes and spectral shapes that made interpreting the data difficult. In contrast, 
nRrs(λ) indicated clear variations in spectral shape, primarily reflecting differences 
in the compositions and concentrations of optically active water constituents. In 
general, backscattering components determine the amplitude of Rrs(λ) spectra 
[14], whereas that of the spectral shape is more strongly impacted by absorption 
components [31].  

https://doi.org/10.4236/ars.2025.143009


H. Waga, M. A. Johnson 
 

 

DOI: 10.4236/ars.2025.143009 153 Advances in Remote Sensing 
 

 
Figure 2. Overview of the training dataset. Histograms show the percentage of (a) date, (b) latitude, 
and (c) longitude of remote sensing reflectance (Rrs(λ)) spectra that were assigned to the training 
dataset.  

 

 
Figure 3. Optical characteristics of optical water types. Average spectra of the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) remote sensing reflectance (Rrs(λ)) at 10 wavelengths 
for each optical water type, determined by the Iterative Self-Organizing Data Analysis Technique 
(ISODATA) clustering, (a) without and (b) with normalization (nRrs(λ)).  

 
Within the training dataset, optical water types 14 and 15, representing clear 

water typically in the open ocean, were not frequently observed because our target 
is estuarine waters around Cook Inlet (Figure 4). This fact indicates that optical 
water types distributed in limited time and space are still present in the dataset. 
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Optical water types 1, 5, 12, and 13 showed a similar frequency of observations in 
the training dataset. Other optical water types have a higher frequency, with more 
than 2000 observations, with the most frequent observations in optical water type 
4, followed by optical water types 6, 3, and 8. Overall, our training dataset covers 
the diverse optical water types present in Cook Inlet, demonstrating success in 
maximizing seasonal and geographic coverage that benefits training machine 
learning models.  

 

 

Figure 4. Frequency distribution of optical water types within the training dataset. Optical water types 
distributed in limited time and space are still present in the dataset, ensuring our training dataset captures 
diverse water types in Cook Inlet.  

3.3. Oceanographic Features of Identified Optical Water Types  

Major ocean color products and SST for each optical water type are shown in Fig-
ure 5. In general, Chla, Kd(490), TSS, aCDOM(443), and PIC varied strongly among 
the water types, while SST showed consistent values across them. This fact sug-
gests that our optical classification successfully identifies different optical water 
types within a similar SST range, partly demonstrating the advantage of this ap-
proach in the identification of optical water types. It is noteworthy that the order 
of optical water types does not necessarily reflect the oceanographic features of 
each optical water type. Rather, the ISODATA clustering determined the order 
based on the similarity/dissimilarity of nRrs(λ) spectra, resulting in a random or-
der of oceanographic features relative to the reference number of optical water 
types. Still, typical spectral shapes for turbid waters (i.e., optical water types 1 - 6) 
tended to have higher Kd(490) and aCDOM(443). Conversely, those for TSS and PIC 
showed random patterns, making it difficult to interpret the general oceano-
graphic features of each optical water type.  
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Figure 5. Oceanographic features of each optical water type: (a) Chlorophyll-a (Chla), (b) diffuse 
attenuation coefficient at 490 nm (Kd(490)), (c) total suspended solids (TSS), (d) light absorption 
coefficient of colored dissolved organic matter (CDOM) at 443 nm (aCDOM(443)), (e) particulate 
inorganic carbon (PIC), and (f) sea surface temperature (SST).  

 
It is noteworthy that this study utilized existing satellite ocean color algorithms 

developed for the global ocean or other regions. Since the optical properties of 
seawater can vary among regions due to different compositions of optically active 
components, the performance of these ocean color algorithms may not be accu-
rate in Cook Inlet. In particular, estuarine waters in Cook Inlet often contain ex-
tremely high volumes of suspended sediments originating from glacier meltwater 
entering Cook Inlet. Indeed, the concentration of suspended sediments reaches 
33,750 - 67,600 mg−1 in Cook Inlet [32]. In comparison, estuarine waters in other 
regions, such as the Pearl River Delta (53 - 278 mg·L−1 [33]), Corpus Christi Bay 
(4 - 178 mg·L−1 [34]), and the Ganges–Brahmaputra Delta (10 - 260 mg·L−1 [35]), 
are several orders of magnitude lower than those in Cook Inlet. Since estuarine 
waters in Cook Inlet are typical Case-2 waters associated with the complex inter-
play of not only sediments but also other optically active constituents [10], careful 
validation and/or optimization processes need to be carried out to address the 
uncertainties of the existing satellite ocean color algorithms that were developed 
in other regions. In this context, our approach utilizing Rrs(λ) instead of ocean 
color products has an advantage in robustness, since Rrs(λ) is a radiative product 
that is stable regardless of the optical complexity [36]. In other words, our optical 
classification approach performs uniformly across a variety of water types, rang-
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ing from clear to turbid, which is a strong advantage for monitoring ocean dy-
namics in Cook Inlet.  

3.4. Performance of Trained Machine Learning Models  

A total of 31 machine learning models were trained using the development subset 
(N = 35,516). The performance of each model was subsequently evaluated using 
the validation subset (N = 15,516) and summarized in Table 1. According to the 
statistical evaluation, there was little consistency in model performance within 
each classification method. For example, four out of five models trained with a 
neural network ranked in the top five, with the neural network with a medium 
preset (hereafter, MNN model) showing the best performance, with an accuracy 
of 99.9%, whereas all three models trained with a decision tree ranked in the bot-
tom five, with the decision tree having a coarse preset exhibiting the worst perfor-
mance, with an accuracy of 50.7%. Given that the performance of the trained 
models varies largely among classification methods used in the training process, 
it indicates that a classification method used for model training needs to be chosen 
carefully. The resulting confusion matrix demonstrates that the MNN model clas-
sified optical water types accurately without any bias related to the optical water 
types (Figure 6).  

 
Table 1. Summary of the trained model’s performance. The accuracy was computed as the 
overall percentage of the nRrs(λ) spectra of each optical water type that are correctly classi-
fied into the true class by the model in a confusion matrix based on the validation subset 
(N = 35,516). Abbreviations: SVM, support vector machine; KNN, K-nearest neighbors.  

Model No. Algorithm Preset Accuracy % 

1 Tree Fine Tree 89.9 

2 Tree Medium Tree 79.1 

3 Tree Coarse Tree 50.7 

4 Discriminant Linear Discriminant 91.1 

5 Discriminant Quadratic Discriminant 91.3 

6 Naive Bayes Gaussian Naive Bayes 92.2 

7 Naive Bayes Kernel Naive Bayes 92.9 

8 SVM Linear SVM 99.2 

9 SVM Quadratic SVM 99.1 

10 SVM Cubic SVM 98.9 

11 SVM Fine Gaussian SVM 96.2 

12 SVM Medium Gaussian SVM 98.6 

13 SVM Coarse Gaussian SVM 97.9 

14 KNN Fine KNN 95.6 

15 KNN Medium KNN 96.7 

16 KNN Coarse KNN 96.3 

17 KNN Cosine KNN 79.3 
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Continued 

18 KNN Cubic KNN 96.6 

19 KNN Weighted KNN 97.0 

20 Ensemble Boosted Trees 90.4 

21 Ensemble Bagged Trees 96.7 

22 Ensemble Subspace Discriminant 92.2 

23 Ensemble Subspace KNN 97.2 

24 Ensemble RUSBoosted Trees 87.2 

25 Neural Network Narrow Neural Network 99.5 

26 Neural Network Medium Neural Network 99.9 

27 Neural Network Wide Neural Network 99.6 

28 Neural Network Bilayered Neural Network 99.3 

29 Neural Network Trilayered Neural Network 98.8 

30 Kernel SVM Kernel 98.7 

31 Kernel Logistic Regression Kernel 98.5 

 

 

Figure 6. Confusion matrix for the neural network with the medium-preset machine-learning model 
(MNN model). The generic position (i, j) contains a value that represents the total number of items 
assigned by the model to the predicted class j and actually belonging to the true class i. When i is equal 
to j, this value represents the percentage of examples of class i that are correctly classified by the algo-
rithm. The values in the top-right and bottom-left positions of the table are very often small or zero, 
meaning that few nRrs(λ) spectra are classified into the wrong classes.  
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A major challenge of machine learning approaches is that it is difficult or im-
possible to derive a mechanistic understanding of the model-predicted relation-
ship between input and output values [37]. For this reason, machine learning ap-
proaches are sometimes called “black boxes.” This lack of transparency can be 
problematic in interpreting the results generated by the model [38] [39]. While 
machine learning approaches have been employed in numerous fields besides sat-
ellite remote sensing, they have not adequately addressed the issue of causality, 
which is essential to support wider dissemination and acceptance of the proposed 
models [40]. What can be said at this point is that the selection of a machine learn-
ing approach carries trade-offs between accuracy and interpretability.  

As a demonstration, the MNN model was applied to a MODIS/Aqua image on 
September 12, 2020 (Figure 7). Silty waters observed in the true-color image are 
classified as either optical water types 5 or 12, with the relatively minor presence 
of some other classes within the inlet. Based on Figure 5, Kd(490) for optical water 
types 5 and 12 are not so large among all 15 optical water types, suggesting that 
these optical water types are not turbid waters compared to others. For example, 
optical water types 3 and 6 are widely distributed around the mouth of Cook Inlet 
and the open-water areas in the Gulf of Alaska, and are characterized as turbid 
waters compared to optical water types 5 and 12. These results indicate an appar-
ent mismatch between the spatial distributions of silty waters and the oceano-
graphic characteristics of the optical water types assigned over such regions. Since 
silty waters should have large light attenuation associated with light absorption 
and scattering, optical water types 5 and 12, which correspond to silty water re-
gions in Cook Inlet, were supposed to have larger Kd(490) than those of optical 
water types present in the Gulf of Alaska. Overall, such mismatches between the 
spatial distributions of silty waters and the oceanographic characteristics of the 
optical water types assigned over such regions highlight uncertainties about the 
performance of ocean color algorithms in Cook Inlet, which is characterized as 
typical optically complex waters due to the prevalence of diverse optically active 
components.  

 

 

Figure 7. MODIS/Aqua images on September 12, 2020. (a) True-color image and (b) Optical water types 
determined by the MNN model. White pixels in panel (b) represent areas with level 2 ocean color flags.  
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3.5. Advantage of Optical Classification  

Figure 8 shows a TS diagram for surface waters in Cook Inlet colored with optical 
water types determined by our optically based identification approach. Our opti-
cal classification successfully identified water types with different optical signa-
tures even within similar temperature and salinity ranges, demonstrating superior 
capability for fine-scale monitoring of water mass distributions. Although this 
study did not explore more details of water types identified by optical signatures, 
different concentrations and compositions of water constituents shape distinct 
optical characteristics [10] and, in turn, biogeochemical features of each optical 
water type.  
 

 

Figure 8. A temperature-salinity (TS) diagram colored by optical water types. Surface wa-
ters in Cook Inlet with valid match-ups to satellite observations are considered here.  

4. Conclusion  

This study proposed a satellite-based optical classification approach that can fun-
damentally improve our understanding of water mass distribution in Cook Inlet, 
thereby improving our baseline understanding of the water currents and circula-
tion patterns in this region. The main advantage of this technique is its capability 
to identify water masses having similar temperature or salinity properties, since 
the optical signatures are independent of such physical characteristics and reflect 
concentrations and components of optically active constituents. Although previ-
ous studies proposed CDOM-based methods, the current work introduced an al-
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ternative optical classification method utilizing Rrs(λ) spectra, circumventing con-
siderable uncertainties in satellite ocean color products in optically complex Case-
2 waters. Overall, the present study highlighted that a combined approach with 
optical classification and the conventional TS diagram improves our capability to 
identify water masses, contributing to better monitoring of ocean dynamics in 
Cook Inlet, a subarctic estuary with a productive marine ecosystem supporting 
both commercial and sport fishing activities that coexist with local wildlife.  
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