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Abstract: Water color changes are closely linked to variations in suspended sediment characteristics, 7 
motivating efforts to reliably determine sediment concentration and size through remote sensing. 8 
However, current turbidity measurement practices that rely on empirical correlations have not been 9 
rigorously tested and the past testing was limited to a small range of particle conditions, constrain- 10 
ing its applicability in the field. The advancement of hyperspectral imaging technology offers new 11 
possibilities for enhancing the analysis of water color-based sediment characterization. The study 12 
analyzes hyperspectral spectra across various wavelength bands to observe behaviors based on sed- 13 
iment sizes and concentrations. Results indicate the light scattering of suspended sediment solution 14 
positively correlates with concentration for low concentration but negatively correlates for high con- 15 
centration, while it negatively correlates with particle size for low concentration but positively cor- 16 
relates for high concentration. Hyperspectral vectors were used to quantify deviations from a con- 17 
trol, showing higher differences at greater concentrations, particularly for large particles. A diagram 18 
is developed to show the particle size and concentration correlation through the spectra. Sensitivity 19 
analyses revealed increased responsiveness to concentration changes at low concentrations and a 20 
higher sensitivity to particle size changes at both low and high concentrations. The research high- 21 
lights the importance of selecting appropriate wavelength bands, with higher wavelengths proving 22 
more sensitive for higher concentrations and smaller particles. This work underscores hyperspectral 23 
imaging's potential in environmental monitoring and remote sensing, revealing the complicated 24 
physics behind water color changes due to turbidity and informing the next-generation remote sens- 25 
ing technology for turbidity measurements. 26 
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 28 

1. Introduction 29 

It is well known that variations of suspended sediments can result in water color 30 
changes. Scientists have long aspired to reliably determine sediment concentration by 31 
measuring the water surface color. Achieving this capability would significantly trans- 32 
form monitoring and management practices across diverse aquatic environments, poten- 33 
tially reducing the need for labor-intensive and costly field sampling work. Such advance- 34 
ments could save the costs of data collection, enhance real-time monitoring efficiency, and 35 
lead to more effective environmental management strategies. 36 

Water quality testing often employs turbidity measurement standards, such as the 37 
Nephelometric Turbidity Units (NTU) [1]. However, interpreting the resultant color var- 38 
iations is complicated due to the dynamic interaction between the inherent optical prop- 39 
erties (IOPs)—including sediment particle size, composition, and concentration—and the 40 
apparent optical properties (AOPs) influenced by lighting conditions [2,3]. Moreover, 41 
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there is a notable inconsistency in the reporting of turbidity data. This inconsistency may 42 
stem from the use of different accepted standards—such as USEPA Method 180.1, ISO 43 
7027, and GLI Method 2—which are not fully aligned. These standards generate a variety 44 
of measurement units, not based directly on the optical properties of light absorption and 45 
scattering by sediment suspensions, but rather on the arbitrary definition of turbidity lev- 46 
els [4]. To address these discrepancies, it is suggested that all turbidimeters be calibrated 47 
using precision optical attenuators, such as neutral density filters, and involve optical 48 
physics to define the turbidity level to ensure more accurate and consistent readings. 49 

Despite the technical challenges, water color-based sediment characteristics determi- 50 
nation has been applied in remote sensing for years. Spectral water color data from satel- 51 
lites and airborne sensors has been used to estimate suspended sediment in coastal waters 52 
in coastal waters [5,6], river deltas [7], and reservoirs and lakes [8,9].  Research has em- 53 
ployed various spectral data sources, including SeaWiFS [5], MODIS [7], and Tiangong 2 54 
Space Lab [9]. These studies have demonstrated the potential of specific spectral bands, 55 
ranging from 400 nm to 1100 nm, to effectively model and predict total suspended solids 56 
(TSS) and sediment concentrations. For example, the 665 nm band was found useful for 57 
estimating TSS in the Irish Sea [6], while near-infrared (NIR) and combinations with green 58 
or blue bands provided effective models for river deltas in Canada [7]. Laboratory data 59 
from experimental channels have also highlighted red and NIR bands in the 600-800 nm 60 
range for estimating sediment sizes varying from clay to fine sand [3,10].  61 

However, a couple of technical challenges prevent the advancement of this applica- 62 
tion which typically relies on field sampling for ground truth data [11,12]. First, the accu- 63 
racy of the studies spans a wide range of R-square scores. This is partly due to the fact that 64 
the ground-truth data from the field is costly to collect so the validation is usually limited 65 
to specific locations and field conditions, preventing the scale-up from one location to an- 66 
other. Second, despite initial success in determining concentration, particle size’s effect on 67 
color response was relatively less studied. It is still unclear how the sensitivity of remote 68 
sensing in discerning various sediment concentrations in addition to particle sizes [2,3]. A 69 
further study in controlled environments is required to fully examine the scaling and par- 70 
ticle size issues. 71 

The advancement of hyperspectral imaging technology has marked a significant leap 72 
forward in color sensing and analysis. It transcends the capabilities of conventional imag- 73 
ing by capturing a comprehensive, high-resolution spectrum for each image pixel, thereby 74 
unveiling subtle distinctions in material optical signatures [13]. This technology, with its 75 
origins in remote sensing applications, has proven valuable in environmental studies, 76 
both terrestrial and aquatic [14,15]. Its deployment in laboratory experiments to scrutinize 77 
suspended sediments underscores the technology’s analytical potency [3,10]. 78 

This paper endeavors to test the hypothesis that the color of water rendered by hy- 79 
perspectral and traditional RGB imaging can serve as a dependable indicator for sediment 80 
concentration and particle size. We examine the correlation between spectral signatures 81 
and sediment attributes through systematic lab experiments employing a hyperspectral 82 
camera. Our research aims to delineate the capabilities and constraints of hyperspectral 83 
imaging in sediment analysis. By doing so, we intend to refine the understanding of its 84 
use in environmental surveillance and aid in enhancing remote sensing methodologies.  85 
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2. Materials and Methods 86 

Samples of sand were taken from a quarry in New Egypt, NJ. Bulk sand was passed 87 
through a 2.0 mm sieve (#10 size), and the remaining extra-large particles were discarded. 88 
Warm water was added to the remaining sediment and mixed to motivate the fine parti- 89 
cles into suspension. This suspension of fine particles was decanted into a tray and placed 90 
in an oven. The remaining coarse particles were washed with detergent and warm water 91 
and stirred to remove the remaining attached fine particles. The wash water was dumped 92 
and refilled until it ran clear (indicating that most fine particles were removed), and these 93 
coarse particles were then placed in a separate tray and put in the oven. 94 

The samples were left in the oven at 100°C overnight to remove moisture. The coarse 95 
sediments were then placed into a sieve array and shaken for 15 minutes in a motorized 96 
sieve shaker. The sieved sediments were then labeled and stored. These washed sediments 97 
yielded little or no sediments passing the 75 μm sieve. For the fine sediments recovered 98 
from decanting, oven-drying created plate-like pieces of mixed clay, silt, and sand that 99 
were pulverized by hand prior to sieving. Only the particles passing the 75 μm sieve were 100 
retained from the sieving of these sediments. The remaining sediments from this sample 101 
were discarded. All the sizes of the prepared sediment samples are listed in Table 1. Note 102 
that the average diameter of the sediment was obtained as the average of the upper and 103 
lower bounds of the sieve sizes. 104 

To further refine the smallest sediments, a portion of <75 μm sediment was stirred 105 
with detergent in a 600-mL beaker and left to settle for five minutes. The liquid was de- 106 
canted and discarded, and the settled sediments were recovered. This process was re- 107 
peated two more times to remove the finest material, and based on the Stokes settling 108 
velocity, the estimated particle size for this sample ranges from 30-75 μm. 109 

The sieved sediments were weighed into sample cups using an Ohaus digital scale. 110 
A 600-mL beaker containing 500 mL of cool tap water was used for this experiment. The 111 
beaker was placed on a Fisher FS Rt Basic Stirrer 120, and a magnetic stirring bead was 112 
added. This setup was on a table with a black background, with white paper included in 113 
the image. These black and white backgrounds served as control data. 114 

Sediment was added to the beaker, and the stirrer was turned on. Sediment was 115 
added in increments, and images were captured for each increment with a Hyspex Baldur 116 
V-1024 N hyperspectral camera and the Hyspex Ground software. The camera captures 117 
113 data channels from visible and near-infrared (VNIR), spanning 400-1000 nm wave- 118 
lengths. A lens with a 3-m focal length was used, and the camera was 3 m from the mixer 119 
and beaker. At a distance of 3 m, the pixel resolution was roughly 0.9 mm x 0.9 mm. Ra- 120 
diometric calibration was performed on the images using Hyspex Rad software to convert 121 
the raw data to spectral radiance with units of watts * meters-2 * steradian-1. 122 

An overhead LED lighting was used in the experiment and a supplementary 40 W 123 
incandescent light bulb to provide IR signals in the 700-1000 nm range. Window curtains 124 
were lowered to minimize the impact of outdoor lighting. The placement of the camera 125 
and lighting sources is shown in Figure 1. 126 

 127 
 128 

 129 



Water 2024, 16, x FOR PEER REVIEW 4 of 12 
 

 

Table 1. Sediment Sizes 
 

Size Range (m) Average Particle 
Size, d (m) 

425-850 637.5 
250-425 337.5 
150-250 200.0 
75-150 112.5 
30-75 52.5 
0-75 37.5 

 130 

 131 
Figure 1. Experiment configuration showing the positions of the beaker, black and white back- 132 
ground, camera, and supplemental light source. 133 

 134 

3. Results 135 

Three samples of pixels were taken from each image: 20x30 pixels of sediment data 136 
at the bottom of the beaker where the sediment was fully mixed, and 15x20 pixels of con- 137 
trol data taken from both the black and white image background. For both sediment and 138 
control samples, the average and standard deviation were calculated across the horizontal 139 
and vertical dimensions, and this data was stored for each of the 113 data channels 140 
(113x30x20 data recorded per image). A sample image is shown below in Figure 2 with 141 
the experiment and control data pixels outlined in boxes. From within the sediment data, 142 
boxplots of radiance values were created for each band, as shown in Figure 3. The distri- 143 
bution of boxplot data shows the importance of recording the standard deviation in addi- 144 
tion to the average radiance value. 145 

Figure 2 shows the location of the 3 image subsets. For 113 channels, the average and 146 
standard deviation across the pixels are recorded in a table (113 x 2 = 226 recorded values). 147 
This process is repeated for the sediment, white control, and black control data, resulting 148 
in 678 recorded values per image. 149 

 150 
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 151 
Figure 2. The location and data processing of the raw images. 152 

 153 

 154 
Figure 3. For the sediment pixels in a sample image, boxplots show the distribution of pixel values 155 
in the XY dimension for each channel (wavelength band) of data. Some channels have been omitted 156 
for visibility. 157 

 158 
Analysis of the control data showed that the radiance of the background paper could 159 

vary by 1-2% for the bands between 430-1000 nm. Greater variation up to 50% was ob- 160 
served in the bands between 400 to 430 nm – the signal from these bands was relatively 161 
weak. Figure 3 shows the distribution of values for the sediment pixels of one example 162 
image – there is a larger spread of data for the wavelengths >700 nm. 163 

Typical spectral curves are shown in Figure 4 for two sediment sizes. For bands be- 164 
tween 400-680 nm, the plots of average radiance show that when more sediment is added 165 
to the water, the reflected radiance increases some amount before decreasing. Initial small 166 
concentrations increase the scattering of light, but after a threshold, the additional sedi- 167 
ment makes the water darker and cloudier, and the signal gets weaker. This is due to both 168 
the dark color of the sediment and the sediment preventing the rays of light from pene- 169 
trating the sample. 170 
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(a)     (b)     (c) 172 

 173 
(d)     (e)      (f) 174 

Figure 4. Radiance average (a, d), radiance standard deviation (b, e), and RSD values (c, f) for two 175 
different concentrations of 30-75um sediment and 150-250um sediment (top and bottom rows). Note 176 
that different ranges of concentrations were used. Baseline data with no sediment is shown in black. 177 

 178 
For bands between 680-950 nm (roughly the Near Infrared band), the average radi- 179 

ance increases when more sediment is added to the water, with no inflection point or de- 180 
crease recorded within the tested concentrations. This is also shown in the sensitivity anal- 181 
ysis later. 182 

In addition to the average radiance, the standard deviation of radiance for each wave- 183 
length band was also recorded in Figures 4b and 4e. The ratio of standard deviation over 184 
the average gives the relative standard deviation (RSD, also known as the coefficient of 185 
variation, CV), which is useful for understanding the variation in each band. The plots of 186 
RSD values show that the bands of 400-430 nm have large variations regardless of sedi- 187 
ment size and concentration. Bands 430-680 nm (visible light) show little variation relative 188 
to the average values. Bands 680-1000 nm have higher variation at low concentrations, but 189 
the variation decreases as the sediment concentration increases. This trend can be ex- 190 
plained by sediment scattering light in the 680-1000 nm bands, and higher concentration 191 
causes greater reflection, and the signal becomes stronger relative to the standard devia- 192 
tion and more homogeneous. 193 

For each image, the average radiance signal from the white background is present in 194 
the background, so we can use this signal as a proxy for the incoming light that is shining 195 
on the beaker with sediment and calculate the sediment radiance as a percentage of the 196 
incoming light. The results are shown in Figure 5, and the trends described above are 197 
more apparent: from 400-430 nm, the percentage was extremely high because weak inci- 198 
dent lighting was available; from 430-680 nm, the signal increased then decreased as con- 199 
centration increased; and from 680-1000 nm, a higher concentration results in an increased 200 
radiance. 201 
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Figure 5. Relative radiance of two selected particle sizes. 202 
 203 

 204 

205 

 206 
Figure 6. The radiance of the hyperspectral imaging with different concentrations and particle sizes (denoted with different sym- 207 
bols) for six selected spectral bands. Typical inflection points based on concentration are denoted in Figure 6a, and inflection points 208 
based on size were marked by dash lines. (Wavelengths: a- 452.0 nm, b- 554.6 nm, c- 651.8 nm, d- 754.3 nm, e- 851.5 nm, f- 954.0 209 
nm). 210 
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 211 

 212 
Figure 7. The inflection points for each size and wavelength. Inflection points occurring outside the 213 
tested range of concentrations are not shown here. The black dashed line represents the inflection 214 
points of particle size correlation shown in Figure 6 above. 215 

 216 
A series of representative bands were selected for analysis in Figure 6. For the se- 217 

lected wavelength bands, the hyperspectral spectra show different behaviors depending 218 
on sediment sizes and concentration. From the aspect of particle sizes, two regions can be 219 
identified depending on the correlation between radiance and particle sizes, which can be 220 
defined as positive and negative correlation regions. For the wavelength of 452 nm, only 221 
a positive correlation region is present, while with higher wavelengths, the negative cor- 222 
relation region extends from low concentration to high concentration. At the highest 223 
wavelength of 954 nm, only a negative correlation region is present. This observation can 224 
be used to design algorithms to determine particle sizes using water color. 225 

In terms of the variation of concentration, the data can also be divided into positive 226 
and negative correlations, with the peaks marking the inflection points, i.e. the radiance 227 
increases and then decreases with the concentration. The smaller the particle size the 228 
lower concentration the peak appears. In addition, the peak shifts to higher concentrations 229 
in higher wavelengths. This provides a complicated pattern of the concentration depend- 230 
ence and one who develops a remote sensing method to determine particle concentration 231 
should be careful about the water color which may indicate different concentrations and 232 
thus must be limited to a range of concentrations for monotonic relationship for reliable 233 
determination. 234 

Figure 7 shows the inflection points or maximums for each wavelength and size. For 235 
the concentrations associated with each point, lower concentrations have a positive corre- 236 
lation with radiance. We note that the bands 400-430 nm have noise – ignoring these bands 237 
shows a general trend of greater wavelength bands having higher inflection points for 238 
larger concentrations. As seen in Figure 6, the larger wavelengths do not have inflection 239 
points within the range of concentrations that were tested. This is also true for smaller 240 
sizes at low wavelengths: no inflection points are shown in Figure 7 for these cases. The 241 
inflection points about particle size correlation are also labeled in Figure 7. The trend of 242 
the line is similar to the concentration correlation, but the region of correlation is opposite 243 
to the concentration – the right of the line is a region of positive correlation and the left of 244 
the line marks negative correlation. 245 

To estimate the differences among varying particle sizes and concentrations, we de- 246 
fine the hyperspectrum of each case as a vector, ranging from the lowest wavelength (400 247 
nm) to the highest (1000 nm). The vector for the white background control serves as a 248 
reference, and the L2-norm for each case relative to this reference is calculated, as shown 249 
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in Table 2. The results in Table 2 indicate that higher concentrations generally correspond 250 
to greater difference from the control, and this is more obvious for large particles than 251 
small. At low concentrations (<2 mg/L), the cases with a particle diameter of 75-150 m 252 
are closest to the white control, whereas, at relatively high concentrations, the lowest dif- 253 
ference shifts to a particle diameter of 30-75 m. 254 

By taking the gradient of the values in Table 2 with respect to concentration, we de- 255 
termined the sensitivity of hyperspectral imaging to concentration variations in Table 3. 256 
The table indicates that low concentrations generally result in higher sensitivity to con- 257 
centration changes, and smaller particles exhibit greater sensitivity than larger particles. 258 

Table 4 presents the gradient of the hyperspectral vectors with respect to particle 259 
sizes. In general, smaller particles exhibit more sensitivity to changes in particle size, while 260 
both low and high concentrations show higher sensitivity to particle size changes com- 261 
pared to moderate concentrations. This surprising result might be due to the fact that 262 
moderate concentrations have a flatter hyperspectrum, as shown in Figure 6. 263 

Table 5 lists the most sensitive band for each case. Typically, higher concentrations 264 
and smaller particles are more sensitive at higher wavelengths, with the most sensitive 265 
bands concentrated in the red and near-infrared (NIR) regions. It is also important to note 266 
that the extreme high and low ends of the spectrum are noisier, which means that the 267 
spectra for low concentrations and large particles exhibit some noise and do not follow 268 
the general trend. 269 

Table 2. L2 norm of the difference (mW *m-2*sr-1) of each case from the vector of white control 270 

 271 
Diameter (m) Concentration (mg/L) 

0.1 0.2 0.4 0.6 0.8 1 2 4 10 

0-75 0.722 1.085 1.372 1.460 1.495 1.472 1.530 1.694 1.922 

30-75 0.238 0.718 0.990 1.111 1.146 1.146 1.139 1.160 1.305 

75-150 0.066 0.186 0.413 0.556 0.696 0.710 1.139 1.646 1.902 

150-250 0.251 0.308 0.462 0.616 0.756 0.769 1.253 1.818 2.407 

Table 3. Gradient (mW*m-2*sr-1*mg-1*L) of the vector difference regarding the concentration. 272 

Diameter (m) 

Concentration (mg/L) 

0.2 0.4 0.6 0.8 1 2 4 10 

0-75 3.626 1.435 0.439 0.176 0.117 0.058 0.082 0.101 

30-75 4.799 1.357 0.605 0.176 0.001 0.007 0.011 0.024 

75-150 1.201 1.134 0.717 0.698 0.071 0.429 0.182 0.030 

150-250 0.568 0.771 0.771 0.700 0.062 0.484 0.262 0.602 

Table 4. Gradient (x0.01 mW* m-2*sr-1 m-1) of the vector difference regarding the particle diameter. 273 

Diameter (m) Concentration (mg/L) 

0.1 0.2 0.4 0.6 0.8 1 2 4 10 

30-75 3.227 2.445 2.548 2.327 2.327 2.169 2.603 3.557 4.114 

75-150 0.288 0.888 0.962 0.924 0.751 0.728 0.001 0.809 0.996 

150-250 0.212 0.140 0.056 0.069 0.069 0.067 0.130 0.197 0.577 

 274 

  275 



Water 2024, 16, x FOR PEER REVIEW 10 of 12 
 

 

Table 5. The most sensitive band in each case. 276 
Diameter (m) Concentration (mg/L) 

0.1 0.2 0.4 0.6 0.8 1 2 4 10 

0-75 679 679 684 690 690 841 841 884 927 

30-75 668 679 679 684 684 684 841 884 927 

75-150 414 663 668 673 679 679 679 684 841 

150-250 997 986 986 679 679 679 679 684 841 

4. Discussion 277 
Based on the analysis, the most effective bands for detecting variations in concen- 278 

tration and particle size are situated in the red and near-infrared (NIR) regions of the spec- 279 
trum, which is consistent with the earlier study of [10]. Higher concentrations and smaller 280 
particles demonstrate increased sensitivity at these higher wavelengths. This information 281 
can be leveraged to design more targeted hyperspectral imaging systems or other remote 282 
sensing technology for suspended sediments. By focusing on these specific bands, one can 283 
enhance the detection capabilities and accuracy for both concentration and particle size 284 
measurements. Emphasizing red and NIR bands could significantly improve the precision 285 
in identifying finer distinctions in sediment characteristics, thereby optimizing data col- 286 
lection and analysis processes in future experiments. 287 

The diagram of the inflection points is the first time to reveal the complicated phys- 288 
ics in the light scattering of the suspended sediment solution. It highlights the necessity 289 
to carefully design the remote sensing scheme to determine the concentration and particle 290 
sizes of suspended sediment. Specifically, our study showed that for the same radiance 291 
strength, there exist multiple concentration or particle sizes. A linear or monotonic corre- 292 
lation is limited to the application in the field. To design a more reliable determination 293 
scheme, researchers must consider the radiance in different wavelengths and their trends 294 
to formulate the correct strategy for measurements. 295 

Despite the promising results, there are inherent uncertainties in the data. A notable 296 
source of uncertainty arises from the noise present at the extreme high and low ends of 297 
the spectrum. This noise particularly affects the spectra of samples with low concentration 298 
and large particles, leading to deviations from the expected trends. Such uncertainties 299 
need to be accounted for in the interpretation of hyperspectral data to ensure robustness 300 
in the conclusions drawn. 301 

The experimental setup is not without its limitations. For instance, the use of a single 302 
white background control may not adequately account for variations in background in- 303 
terference in different real-world scenarios. Additionally, the particle sizes and concentra- 304 
tions studied are limited in range, potentially overlooking important variations outside 305 
this range. The experimental environment should ideally mimic field conditions more 306 
closely to provide more generalizable results. Other limitations include potential incon- 307 
sistencies in particle distribution and the stability of the hyperspectral imaging device it- 308 
self. 309 

The data analysis process also has its share of uncertainties. The method of calculat- 310 
ing the L2-norm and gradients is sensitive to variations in initial conditions and noise. The 311 
assumptions made during the data normalization and preprocessing stages could intro- 312 
duce biases that might affect the final results. Moreover, the linear approach to gradient 313 
calculation might oversimplify the complex interactions between particle size, concentra- 314 
tion, and hyperspectral response. A more robust statistical analysis or machine learning 315 
techniques may be employed to improve the reliability of findings. 316 

To build upon this study, future research should consider field studies to validate 317 
the laboratory findings under real-world conditions. Different types of sediments with a 318 
broader range of particle sizes and concentrations should be investigated to enhance the 319 
generalizability of the results. Improved experimental setups that mitigate current 320 
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limitations and incorporate advanced data processing techniques would also be benefi- 321 
cial. Additionally, exploring the effectiveness of hyperspectral imaging across various en- 322 
vironmental settings and sediment types could provide deeper insights and contribute 323 
significantly to the fields of environmental monitoring and remote sensing. 324 

5. Conclusions 325 
In this study, we investigated the hyperspectral imaging response to varying particle 326 

sizes and concentrations in sediment samples. By defining hyperspectral vectors and cal- 327 
culating their L2-norms relative to a white background control, we were able to discern 328 
patterns and sensitivities among different particle size and concentration scenarios. Our 329 
findings indicate that higher concentrations generally correspond to higher L2-norm val- 330 
ues, and the sensitivity of hyperspectral imaging to concentration changes is most pro- 331 
nounced at lower concentrations and for smaller particles. 332 

Furthermore, the analysis revealed that the red and near-infrared (NIR) bands are 333 
particularly effective in detecting variations in concentration and particle size, suggesting 334 
that future hyperspectral imaging systems should focus on these regions to achieve 335 
greater sensitivity and accuracy. We also identified noise at the extreme ends of the spec- 336 
trum, which introduces some uncertainty into the data, particularly for low concentra- 337 
tions and large particles. 338 

This study is probably the first time to reveal the complicated scattering physics as- 339 
sociated with suspended sediment solution. First, the correlation of the radiance with con- 340 
centration and particle size was found opposite for the low and high levels of concentra- 341 
tion. Second, inflection points of the correlations have the same trend to increase with 342 
higher wavelengths. Third, the sensitivity of the radiance is complicated: the radiance is 343 
more sensitive to concentration variance in low concentration and more sensitive to par- 344 
ticle size for smaller particles. 345 

Our study is not without limitations, including the potential variability introduced 346 
by using a single white background control and the constrained range of particle sizes and 347 
concentrations examined. These limitations, along with the inherent uncertainties in data 348 
analysis methods, highlight the need for further research to confirm and extend our find- 349 
ings. 350 

In conclusion, our results underscore the potential of hyperspectral imaging as a 351 
powerful tool for analyzing sediment characteristics, particularly when leveraging the 352 
higher sensitivity of the red and NIR bands. Future research should aim to validate these 353 
findings in real-world field studies and across a wider variety of sediment types. Addi- 354 
tionally, refining experimental setups and data analysis techniques will be crucial in ad- 355 
vancing the application of hyperspectral imaging in environmental monitoring and re- 356 
mote sensing. 357 
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