
ISSN 1060-992X, Optical Memory and Neural Networks, 2024, Vol. 33, Suppl. 2, pp. S386–S397. © Allerton Press, Inc., 2024.
Analysis of Hyperspectral Images of River Waters
I. Novikova, A. Makarovb, c, *, A. Pirogovb, V. Podlipnovb, c, A. Nikonorovb, c, R. Skidanovb, c,

V. Platonovb, V. Lobanovd, Yu. Pridanovab, Yu. Vybornovab,
O. Kalashnikovab, and T. Podladchikovaa

a Skolkovo Institute of Science and Technology, Moscow, 121205 Russia
b Samara National Research University, Samara, 443086 Russia

c Image Processing Systems Institute, NRC “Kurchatov Institute”, Samara, Russia
d Adyghe State University, Maykop, Adygea Republic, 385000 Russia

*e-mail: andre.makar1999@gmail.com
Received June 7, 2024; revised September 25, 2024; accepted September 30, 2024

Abstract—This article proposes an approach to the analysis of high-resolution hyperspectral images in
the applied problem of analyzing the state of river waters. This method allows you to detect blooming
or contamination of water by foreign substances. High-resolution hyperspectral images were obtained
using a hyperspectrometer mounted on a small unmanned aerial vehicle. The difference between the
spectra of river areas with different intensity of algal blooms is demonstrated. Samples of river water
were taken, chemical analysis was carried out, which confirmed the different content of magnesium
and calcium in all samples, corresponding to the intensity of algal blooms in the water. The effective-
ness of using machine learning algorithms and the construction of index images for the classification
of water areas with different intensity of algal blooms is shown.
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1. INTRODUCTION
Pollution control of coastal waters is a current issue in industrial regions. One of the tools for detecting

pollution hotspots is remote sensing of the Earth, which is already being used for monitoring water quality
parameters (for example, suspended sediments (turbidity), chlorophyll, and temperature) [1–3]. It is pos-
sible to obtain information about the spectral component of the water with the help of specialized devices,
such as a hyperspectrometer [4–14], UAV [15–18] and including appropriate dispersing optical elements
[19–24], which allows you to compare the obtained spectra with the mineral water composition. This will
allow the use of earth sensing data to predict environmental changes and integrate results into monitoring
systems [25]. The article [26] contains information about the possibilities of applying hyperspectral image
analysis of water pictures for environmental monitoring and may be useful for researchers and specialists
in the environmental protection field. The article [27] focuses on harmful algal blooms and the need to
protect aquatic ecosystems and human health. The study describes the spatial and temporal distribution
of cyanobacterial blooms to identify the relationship between blooms and environmental factors in Baekje
Reservoir. Two years of cyanobacterial cell data at one fixed station and four remotely measured hyper-
spectral image (HSI)-based phycocyanin (PC) concentration distributions were used to describe the rela-
tionship between spatial and temporal changes in blooms and the influencing factors.

2. EXPERIMENTAL

2.1. Hyperspectral Data

Hyperspectral data collection of river waters took place on the Chapayevka River at locations with
varying intensities of algal blooms (see Figs. 1 and 2). The locations were: “Gorki”, “Prichal”, “Mayak”,
“Maloe Tomylovo”.

The shooting was carried out with a slit hyperspectrometer built according to the Offner scheme [4, 5].
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Fig. 1. Chapaevka river at the “Gorki” and “Prichal” locations.

Fig. 2. Chapaevka river at the “Mayak” and “Maloe Tomylovo” locations.
As a result of the shooting from a small UAV, hyperspectral images (HSI) were obtained formed from
a video sequence of spectra. A spectrum example from the video is presented in Fig. 3. The video corre-
sponds to telemetry data. A telemetry data example is presented in Fig. 4.

After assembling the HSI, an RGB shooting locations synthesis was formed. The RGB synthesis is pre-
sented in Fig. 5.

2.2. Statistical Data Analysis
Two analyses of water samples were carried out: chemical and spectral. Chemical analysis revealed the

presence of calcium and magnesium. The sections of the rivers in which the samples were taken were at
different distances from the dam, from where foreign substances were discharged into the river. Accord-
ingly, what got into the water served as food for microorganisms. The closest point to the dam and the area
of intense f lowering of the river was the “Prichal”, and the farthest from the dam was the “Mayak”.

Visually, the water that was closer to the dam appeared greener, and the color saturation gradually
decreased as the sampling point moved away from the dam. Samples from areas with low levels of water
OPTICAL MEMORY AND NEURAL NETWORKS  Vol. 33  Suppl. 2  2024

Fig. 3. A video sequence of the spectra captured on a UAV.
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Fig. 4. Example of f light telemetry data.

Fig. 5. An example of image by RGB synthesis from HIS at the “Gorki” and “Prichal” locations.
bloom showed lower concentrations of calcium and magnesium, while in areas with high levels of water
bloom, the concentration of calcium and magnesium was higher. The results of the chemical analysis are
presented in Table 1. The sampling points and the dam are shown in Fig. 6.

Samples for chemical analysis were taken from the center of the river at all points from a depth of 30–
40 cm. One sample corresponds to one sampling point. The central part of the river was also considered
as a research area using a hyperspectral thermal imager. This eliminates the influence of the riverbed on
the water ref lection spectrum and allows you to cover the section of the river where samples were taken
for chemical analysis. It was necessary to confirm equal lighting conditions for the HSI to validate the
spectral analysis results. Vegetation areas with yellow grass were selected in two HSIs. The spectra of the
selected objects are presented in Figs. 7 and 8. The t-statistic was used to check the similarity of the spec-
tra, with a significance level of . To check the similarity of the spectra, t-statistics with a significance
level of 0.05 were used. The significance level of 0.05 (or 5%) is often used in statistical tests as a threshold
for deciding whether to reject the null hypothesis. This means that the researcher is willing to accept a 5%
risk of making an error and reject the null hypothesis when it is actually true (Type I error). In our case,
if the significance level is greater than 0.05, it indicates that the two samples are similar to each other. If
the significance level is less than 0.05, it means that the two samples are different from each other. The p-
value was  when comparing two spectra of yellow grass on the HSI “Gorki” and HSI “Prichal” was
made and was  on the HSI “Mayak” and HSI “Maloe Tomylovo”. This means that the spectra of
yellow grass are similar on the HSI “Gorki” and HSI “Prichal”, HSI “Mayak” and HSI “Maloe Tomy-
lovo”, which confirms equal lighting conditions.

An average spectra comparison of river sections on the HSI at the points “Gorki” and “Prichal”,
“Mayak” and “Maloe Tomylovo” was made. The spectra of the selected river areas are presented in Figs. 9
and 10. The t-statistic was also used to check the similarity of the spectra, with a significance level of .
The p-value was  when comparing two spectra of water areas on the HSI “Gorki” and HSI
“Prichal” was made. The p-value was  when comparing two spectra of water areas on the HSI
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−× 172.37 10
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Table 1. Chemical analysis of water

Locations

Substance

calcium magnesium

concentration, Mg/L

Gorki 66.49 23.44
Prichal 83.88 30.38
Mayak 63.43 21.77
Maloe Tomylovo 68.36 24.18
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Fig. 6. Survey points and location of the dam.
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Fig. 7. Reflectance spectra of yellow grass in the “Gorki” and “Prichal” under solar lighting.
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Fig. 8. Reflectance spectra of yellow grass in the “Mayak” and “Maloe Tomylovo” under solar lighting.
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Fig. 9. Water reflectance spectra of yellow grass in the “Gorki” and “Prichal” under solar lighting.
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Fig. 10. Water reflectance spectra of yellow grass in the “Mayak” and “Maloe Tomylovo” under solar lighting.
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“Mayak” and HSI “Maloe Tomylovo” was made. The p-values are very small compared to the set signif-
icance level when comparing the average spectra of river water was made. The difference in spectra of
water areas on the HSI “Gorki” and HSI “Prichal”, HSI “Mayak” and HSI “Maloe Tomylovo” is statis-
tically significant.

2.3. Index for Classification

To determine the presence of vegetation, there are specialized indices such as NDVI [28] and OSAVI
[29]. For quantitative assessment of chlorophyll and its potential ability to absorb sunlight, indices TCARI
[29] and ChlRI [29] are used. The NDWI index [30] can be used to assess moisture content in plant cover
and measure the extent of coverage by surface waters. These indices can be used to determine the intensity
of algae bloom in the areas of the water body that interest us.

An optimal index was selected for classifying waters by the intensity of algal blooms in the water. After
forming the hyperspectral image, an index image is calculated according to the formula:

(1)

where  is the index image,  is the brightness of the reflected spectrum at a wavelength of 635 nm,
 is the brightness of the reflected spectrum at a wavelength of 851 nm. The index image is shown in

Fig. 11.
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Fig. 11. Contrasting index image of waters.

Fig. 12. Marking for GPS survey points “Gorki” and “Prichal”.
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3. RESULTS AND DISCUSSION

3.1. Classification of River Waters

In this work, a comparison was made between the nearest neighbor method (as a basic algorithm), the
spectral deep convolutional neural network M1D-CNN [31], the normalized spatially spectral convolu-
tional network N3DCNN [32], the maximum likelihood method [33], the support vector machine
method [34]. Figures 12 and 13 show the selection of HIGH markup into training and test samples. The
HSI layers are shown in Figs. 14 and 15.

KNN is a machine learning method used for classification and regression. In the context of classifica-
tion, the KNN algorithm works as follows: for a new object to be classified the distance to each of the
objects of the training sample is calculated, k objects of the training sample are selected, the distance to
which is minimal. The new object belongs to the class that is most common among the k nearest neigh-
bors. Formally, this can be written as follows:

Let X be the space of objects and Y be the space of answers. A training sample is provided
, where . The number  and the distance metric are also given( ) == 1{ , }l l

i i iX x y   ,  i ix X y Y∈ ∈ k
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Fig. 13. Marking for GPS survey points “Mayak” and “Maloe Tomylovo”.
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Fig. 14. HIS layer “Gorki” and “Prichal”.

Fig. 15. HIS layer “Mayak” and “Maloe Tomylovo”.
. The KNN algorithm binds an object  to that class , for which the total
weight of the nearest training objects is  maximum:

(2)

where —the weight function is equal to one if the object  is among the k nearest neighbors for u,
and zero otherwise.

MLC calculates the probability of an individual pixel belonging to a certain class and is based on an
estimated probability density function obtained from certain reference classes [35]. MLC is a popular clas-
sifier [36]. To utilize spectral profiles using this method requires ROIs based on multiple pixels. Following
this method, the classification is based on the selection of the most representative spectral profiles in the
ROI of the same class on different f light lines. The MLC classifier assumes a Gaussian distribution for
each input training class [36], and this can be expressed by the following equation:

(3)

where  is a given spectral class,  is equal to –dimensional data, —the probability that the class 
occurs in the image and is assumed to be the same for all classes, —the determinant of the covariance

matrix of data in a class ,  the inverse matrix, and —is the mean vector. The advantage of MLC
as a parametric classifier is that it takes into account variance and covariance in class distributions, and for
normally distributed data MLC performs better than other known parametric classifiers [37]. However,
for data an abnormal distribution, the results may be unsatisfactory.

SVM (Support Vector Machines) is a machine learning algorithm used for classification and regression
tasks. SVM works by searching for the hyperplane that best divides the data into classes. The hyperplane
is chosen in such a way as to maximize the gap between the nearest points (support vectors) of each class.
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Table 2. The structure of the modified neural network NM3D-DCNN

Filter Number of filter cores The dimension of the filter 
core (H, W, B)

The step of moving
Δ(H, W, B)

Conv1 16 3, 3, 11 1, 1, 3

Conv2_1

16

1, 1, 1

1, 1, 1
Conv2_2 1, 1, 3

Conv2_3 1, 1, 5

Conv2_4 1, 1, 11

Conv3_1

16

1, 1, 1

1, 1, 1
Conv3_2 1, 1, 3

Conv3_3 1, 1, 5

Conv3_4 1, 1, 11

Conv4 16 2, 2, 3 1, 1, 1

BatchNorm3d 16 – –

Pooling – 2, 2, 3 2, 2, 3

Dropout – – –

Linear 5 – –
This is known as the gap maximization principle. In the case of linearly inseparable data, SVM uses the
core function to move to higher dimensions where the data can be linearly separated. This is called a
“nuclear trick”. Mathematically, SVM solves the following optimization problem:

(4)

provided that

(5)

where,  is the vector of weights, —is the offset, —variables representing classification errors —is the
regularization parameter controlling the balance between maximizing the gap and minimizing classifica-
tion errors,  and —are training examples and their class labels, respectively.

NM3DCNN is the architecture of the proposed classifier containing five layers with weights, which
are the input layer, the convolutional layer, the maximum union layer, the full connection layer and the
output layer. These five layers are implemented for each spectral signature to distinguish it from the oth-
ers.

The NM3DCNN network is a combination of convolutional layers for the analysis of 1D and 2D slices
of a hyperspectral image, thereby allowing you to switch to the analysis of 3D sections. A hypercube is fed
to the network input, the dimensions of which are determined by the number of channels B and spatial
coordinates (height and width) H and W, respectively. This approach allows not only to identify the fea-
tures of a single hyperpixel, but also to find its interdependencies with its neighbors.

The numerical results of the classification are presented in Table 2. A visual representation of the clas-
sification results is shown in Fig. 16. Classification quality assessment indicators: mean accuracy, F-score.
The description of the classification quality assessment indicators is presented in [38].

Table 3 shows a significant difference in classification for the HSI “Gorki and Prichal” and “Mayak
and Maloye Tomylovo”. The high classification results by all algorithms for the location “Gorki and
Prichal” can be explained by the high light intensity at the location and the separability of the observed
algae bloom. The decline in classification results for the location “Mayak and Maloye Tomylovo” occurs
due to the low light intensity at the site and the more ambiguous separability of the observed objects.

Figure 15 shows that the closer the pixels of different classes are to each other, the better the classifica-
tion algorithms handle their separation. The models perform better in classifying pixels that correspond to
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Fig. 16. Visual representation of the classification results.
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“Lighthouse” 
and “Small Tomylovo” “Slides” and “Pier”
areas with higher intensity of algae bloom (in both locations, this is class N.2). Table 3 demonstrates
greater resilience of classification algorithms, especially those based on neural networks, to changes in
environmental parameters compared to vegetation indices. For the location “Gorki and Prichal”, all algo-
rithms showed high classification results. In cases of deteriorating environmental conditions, the best clas-
sification accuracy was achieved by the convolutional neural networks M1DCNN and NM3DCNN.
OPTICAL MEMORY AND NEURAL NETWORKS  Vol. 33  Suppl. 2  2024

Table 3. Numerical classification results

Locations

Classification algorithms

KNN M1DCNN [31] NM3DCNN 
[32] MLC [33] SVM [34]

Acc. F-1 Acc. F-1 Acc. F-1 Acc. F-1 Acc. F-1

Gorki and Prichal 0.99 0.99 0.99 0.99 0.99 0.99 0.93 0.94 0.99 0.99

Mayak and Maloe Tomylovo 0.90 0.92 0.98 0.96 0.95 0.92 0.91 0.92 0.90 0.91
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4. CONCLUSIONS
Thus, the hyperspectral image analysis of water showed the difference in the river areas average spectra

with different intensities of algal blooms. The effectiveness of constructing index images and applying
machine learning methods to detect river water blooms is demonstrated. These methods can be used for
regular state monitoring of water. Further research in this area can help develop more effective methods
for detecting water resource pollution.

ABBREVIATIONS AND NOTATION

PC phycocyanin
HIS hyperspectral images
UAV unmanned aerial vehicle
SVM support vector machine
MLC maximum likelihood classification
KNN k-Nearest Neighbors
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