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ABSTRACT: Monitoring pollution and safeguarding the environment have become crucial pursuits, as both air
pollution and water pollution have a close connection to our everyday existence. This study centers on the
spectrum analysis of water pollutants in the biochemical oxygen demand (BOD) images utilizing a deep
learning model. The model was trained using a dataset consisting of 2,545 segmented images of water pollution.
The datasets were partitioned into training and testing sets which were subsequently employed to train two
neural network models; model based on traditional RGB images (RGB-3DCNN) and hyperspectral imaging-
based images (HSI-3DCNN). By substituting the RGB-3DCNN model with the HSI-3DCNN model overall
accuracy from was improved from 76% to 80% respectively.

1 INTRODUCTION

With the global population growing more urbanized,
cities are facing the challenge of maintaining
livability in the face of several forms of pollution
(Gupta et al. 2019). Currently, there is a global
adoption of smart city strategies to address this
problem (Chu, Cheng, et Yu 2021). Nevertheless,
despite the implementation of several strategies, it is
projected that over 5 billion individuals might
potentially face water crises by the year 2050 as a
result of escalating demand and water contamination
(Malche, Tharewal, et Bhatt 2021). Several previous
research have been carried out to measure the amount
of water pollution level, nevertheless, a significant
number of these research have employed
conventional RGB imaging datasets to identify and/or
categorize the pollutants present in the photos. A
more advanced imaging approach that has the
potential to yield superior outcomes compared to the
conventional RGB imaging is hyperspectral imaging
(HSI) (Huang et al. 2023). HSI analyzes every
individual pixel in an image throughout a broad
spectrum, as opposed to the three specific bands (red,
green, and blue). Therefore, in this study, a novel
snap-shot HSI algorithm has been developed which
can convert the RGB images into HSI images which
has the ability to detect water pollution when
combined with a three-dimensional convolutional
neural network (3DCNN). The accuracy of the HSI-
3DCNN model is compared with the traditional RGB-
3DCNN model to show the superior efficacy of the
HSI model.

2 METHODS

Since there is not a standard dataset for the BOD
detection, a dataset of 2545 images are created in this
study responsibility using an aerial camera The drone
was raised to 100 meters above the ground and
captured images at a 90-degree angle. The pictures

are classified and then marked. The BOD images
were classified into water and others. The BOD data
for water pollution labels are obtained through the
analysis of river water samples collected by the
Minxiong sewage authority. The pollution images
were classified as Good, Normal or Severe based on
the severity of the pollution. The fundamental idea
behind VIS-HSI technology is to equip a regular
digital camera with the capability of a spectrometer,
enabling the collected images to contain spectral data.
The visible and near-infrared spectral range of the
VIS-HIS spans from 380 to 780 nm, with a
remarkably fine spectrum resolution of 1 nm. To
accomplish this, it is necessary to construct the
relationship matrix between the camera and the
spectrometer. The spectrometer (Ocean Optics,
QE65000) and the digital camera are provided with
several common targets to act as reference points for
analysis. Thus, a traditional 24-color checker (X-Rite
classic) is employed as the reference because to its
incorporation of fundamental shades (blue, green,
red, and gray) together with other naturally existing
hues. To correct possible camera problems resulting
from imprecise white balance, it is essential to utilize
the standard 24-color card with both the camera and
the spectrometer. The result of this method is the
production of images with 24-color patches in the
SRGB color space, with each color represented by 8
bits. Additionally, it also generates 24-color
photographs. Subsequently, the reflectance spectrum
data and 24-color patch image are transformed into
the CIE 1931 XYZ color space as shown in Equations
1-4. Figure 1 displays the construction flowchart of
the VIS-HSI.

[C] = [XYZSpectrum] X pinV([V]) (1)
[XYZCorrect] =[C] x V] (2)

[M] = [Score] x pinv([Veoior]) (3)
[SSpectrum]sgo-~7gonm = [EVIIM][Vcoior] (4)

The RMSE analysis reveals that the average error for
each color block is 0.052, a value that is considered
to be negligible. The recorded mean chromatic



disparity of 4.58 between the 24-color block analog
spectrum and the 24-color block reflection spectrum
highlights the inherent difficulty in precisely
discerning colors. An accurate replication of the
processed reflection spectrum color is attained
through duplication. The VIS-HSI technology,
derived from the preceding process, may generate
VIS hyperspectral images by simulating the reflection
spectrum using the RGB data obtained by the
monocular camera. While the VIS-HSI technique has
a maximum resolution of 10nm, the spectral data
resolution is set at 40nm in this study to avoid
memory restrictions resulting from an excess of data.
To alleviate the Hughes effect, which is produced by
the large number of spectral channels that are found
in HSI images, a decrease in dimension is achieved
by the application of PCA. The VGG16 neural
network model's framework has been updated to
match the architecture of the 3DCNN neural network
model. Combining this model input with RGB and the
VIS-HSI model yields two separate sets of models:
RGB-3DCNN and HSI-3DCNN.

’ N ’
Data set collection | /| Hyperspectral Imaging | !
and preprocessing

=

1

Drones collects images

Model training &
results

e

Data set partitioning

TR

Hyperspectral Model

1 h 1
I | \ :
] h \ |
] H \ |
] | | |
I | | |
I 1 1 |
] | \ X
I \ | |
1 | | X
I | ‘ h |
] | L o |
' Y

1 —— |
1 | S 1 |
: ! : 1 Model training

1
! 1 ! : Jl
! | 1 H .
] | | | . -
. e
1 I | i ffm - I
] h \ |
: 1 \ | |

1 s

L b .
’ . ,I

. lypercube Formation 7 Model evaluation

Reflectance analysis

/
I
1
I
|
1
1
1
1
1
1
1
1
1
1
|
1
1
1
1 A
1 . R

, Data frame selection
1

1

|

1

|

\

‘. lmage segmentation

Figure 1. Visible Hyperspectral Imaging Conversion
Algorithm

3 RESULTS

VIS-HSI and 3D-CNN were used to detect water
pollution in this investigation. Table 2 compares the
RGB-3DCNN and HSI-3DCNN water pollution
detection models. HSI-3DCNN model improves
water pollution detection by 4%. RGB-3DCNN has
76% accuracy and HSI-3DCNN 80%. Good had an
11% and 5% higher recall and accuracy rate than
other groups. However, Normal and Severe
experienced substantially lower recall and accuracy
increases. Normal and Severe accuracy rose by 4%
and 2%, while recall increased by 1%. This is because
these two groups had smaller datasets. The dataset
may be expanded to boost these values. Good had 8%
higher F1-score, the harmonic mean of recall and
accuracy, than Normal and Severe, which increased
by 2% and 1%, respectively. This is because recall
and accuracy increase less. All markers increased,

indicating that the HS1-3DCNN model beat the RGB-
3DCNN model.

Table 1. Comparison of the RGB-3DCNN model
with HSI-3DCNN model

Pollution F1-

ecall Precision Accuracy

Index Score
RGB Good 0.61 0.84 0.71

Normal 0.76 0.64 0.7 0.76
3DCNN

Severe 0.85 0.82 0.84
Hs Good 0.72 0.89 0.79

Normal 0.77 0.68 0.72 0.8
3DCNN

Severe 0.86 0.84 0.85

4 CONCLUSION

This study developed a water pollution detection
mechanism using a novel snap-shot HSI mechanism
and a machine learning model to identify and
categorize pollution into three severity levels. Unlike
RGB image processing, which uses three bands, the
HSI captures a wide range of spectral bands to
identify contaminant-specific spectral fingerprints.
This study aims to simplify and improve the HSI
model for water pollution identification. The HSI
model outperformed the RGB model in classification
accuracy, but dataset expansion may improve
precision, recall, and F1-score. This study will enable
affordable, portable pH sensors for public health,
urban planning, and environmental monitoring.
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