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Abstract

Conventional underwater images offer an accessible means of observing vertical light
attenuation, but interpreting their gray-level trends requires a link between optical transport
and digital image formation. This study derives conditions under which a log-linear gray-
level-depth relationship is retained and evaluates trend preservation using a Monte Carlo
model coupling photon transport, camera response, and 8-bit quantization. The framework
provides a physical basis for interpreting the empirical gray-level attenuation slope, kg,
and identifies low-signal conditions that compromise its interpretation. In the numerical
experiment, the mean relative slope difference between the virtual-camera response and an
unscattered direct downwelling irradiance reference was 0.5091%, indicating agreement
within the model. Field application in the freshwater Danjiangkou Reservoir identified log-
linear gray-level-depth trends in four signal-qualified image sequences, whereas low-signal
sequences exhibited pronounced compression of the available gray-level range. These
findings support conventional cameras as a potentially low-cost complement to radiometric
profiling for relative optical-attenuation monitoring.

Keywords: underwater optical imaging; diffuse attenuation coefficient of downwelling
irradiance; Monte Carlo radiative-transfer simulation; digital camera imaging; log-linear
regression; freshwater

1. Introduction

Vertical light attenuation governs underwater visibility and the light available to
aquatic ecosystems, making its observation relevant to underwater imaging and environ-
mental monitoring. The diffuse attenuation coefficient of downwelling irradiance, Ky,
describes the depth dependence of the underwater irradiance field [1,2]. Calibrated pro-
filing radiometers provide these measurements, supported by appropriate optical design
and stray-light control [3]. Such observations inform assessments of underwater light avail-
ability and ocean-color products [4,5]. Their instrumentation, calibration, and deployment
requirements also motivate complementary approaches that make optical observations
more accessible in local waters.

Satellite remote sensing and lidar have extended optical observations across larger
areas and provided additional information on the vertical structure. Oelker et al. retrieved
underwater attenuation using ultraviolet and blue-band satellite measurements [6], while
other studies investigated vertical variations in attenuation from remote-sensing observa-
tions [7]. Comparisons with BGC-Argo measurements show that retrieval performance
depends on water conditions, training data coverage, and the treatment of solar geome-
try [8]. Lidar provides depth-resolved observations, although attenuation retrieval requires
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consideration of multiple scattering, return-signal quality, and retrieval assumptions [9-11].
These developments broaden observational capabilities, while leaving a practical need for
readily deployable observations of vertical attenuation trends in local waters.

Conventional cameras offer a promising route to such observations. Castillo-Ramirez
et al. demonstrated the use of digital images to estimate surface-water optical parame-
ters [12]. Miglino et al. showed the potential of image processing for continuous river
turbidity monitoring [13]. These studies establish the value of images as accessible optical
observations. Extending this approach to underwater depth profiles requires a physical
interpretation of the measured gray-level changes. Underwater image intensity reflects
absorption and scattering, path radiance, scene composition, viewing geometry, and cam-
era response [14-16]. Establishing how these processes jointly shape the gray-level-depth
relationship is therefore central to interpreting image-derived attenuation.

Digital image processing adds another component to this relationship. DeepAquaEn-
hance uses hierarchical attention and adaptive feature fusion [17], while Water-Net com-
bines image inputs produced through different enhancement operations [18]. UColor
integrates multiple color spaces with transmission guidance [19], and U-Shape Transformer
models spatial and cross-channel interactions [20]. These methods improve underwater
visual quality, but their transformations can also modify the intensity relationships used
in attenuation analysis. Nonlinear or image-dependent processing can change channel
contributions and gray-level statistics, potentially altering the fitted depth trend. Related
research examines phase processing in digital holographic microscopy [21], image de-
noising [22], and programmable lens-less imaging [23]. Other work addresses low-light
enhancement [24] and neural light-field reconstruction [25]. Together, these advances
highlight the need to consider optical transport and digital image formation jointly. For
attenuation monitoring, the central question is under what conditions do the combined
processes preserve a depth-dependent trend in image gray levels.

This study addresses that question through theoretical analysis and Monte Carlo
simulation, supported by a freshwater field experiment.

The main contributions of this study are as follows:

1. A conditional interpretation of the gray-level-depth relationship distinguishes the
empirical slope kg, the simulated direct downwelling irradiance reference, and the
diffuse attenuation coefficient K.

2. Asimplified Monte Carlo imaging model assesses agreement with the direct down-
welling reference and distinguishes sampling variability from 8-bit quantization
effects under the specified configuration.

3. Freshwater images from the Danjiangkou Reservoir demonstrate within-sequence
gray-level trend estimation and the need to diagnose low-signal compression before
interpreting fitted slopes.

2. Theory and Monte Carlo Simulation
2.1. Theoretical Relationship Between Optical Attenuation and Image Gray Level

Conventional measurements of K; generally use a radiometrically calibrated under-
water profiling radiometer to acquire the vertical profile of spectral downwelling irradiance
E;(z), from which K; is calculated as the negative rate of change of its logarithm with
depth. The Monte Carlo simulation follows the same logarithmic-slope formulation but
uses the profile slope of the simulated direct downwelling component E;(z) as an internal
model reference for comparison with the gray-level-depth slope of the virtual camera.
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Within a restricted spectral band and a locally near-homogeneous water layer, if K;
varies only weakly with depth, the downwelling irradiance E;(z) can be expressed as:

E4(z) = E4(0) exp(—Kyz) 1)

Downwelling irradiance in Equation (1) is the cosine-weighted integral of radiance
over the downwelling hemisphere. The camera records a directionally and spectrally
weighted response to scene radiance within its field of view. For the j-th image frame
at depth z, let Leam j(x,y;z) denote the effective radiance entering the camera from the
scene element corresponding to pixel position (x,y). The general observation model for
the digital gray level can then be written as

Gj(x,y,z) = Q{f[tham,j(xryfz)] +B+ sj(x,y,z)} (2)

where t is an exposure-related factor; f(-) is the response function incorporating the sensor,
gain, and in-camera processing; B is the black level; Q{-} denotes digital quantization; and
¢ represents readout noise, photon noise, and other random perturbations. The effective
camera radiance L.am combines the scene contribution transmitted along the viewing
path with path radiance generated by scattering into that path. Downwelling irradiance
E; describes the depth-dependent illumination. Absorption and out-scattering attenuate
the scene contribution, while scene reflectance, viewing geometry, and spectral response
determine its effective weighting [26-29].

Within an individual image sequence, the exposure, gain, white balance, camera
orientation, and image-processing workflow must remain fixed. In addition, the following
conditions must be satisfied: the camera is approximately linear within the effective signal
range; the black level is stable and does not dominate the relative signal; the images are
not markedly underexposed or saturated; and changes in field-of-view composition do
not dominate the variation in whole-image gray level. The scene illumination should
also follow the approximately exponential depth dependence described above, while the
effective scene-reflectance and viewing-path factors remain approximately depth-invariant.
The path-radiance contribution should be negligible relative to the scene contribution or
vary approximately in proportion to it over the fitted depth interval. Under these optical
and camera-response conditions, the gray-level statistic G*(z), aggregated from multiple
frames at the same depth, can be approximated as

G*(2) = Gy exp(—kez) 3)
The equivalent regression form with a free intercept is
InG*(z) = Bo —kgz +¢- 4)

where By is the free intercept, ¢, is the logarithmic residual at the depth-point level, and
kg is the empirical gray-level attenuation slope in m 1. Equations (3) and (4) constitute a
conditional image-domain model; only when the imaging and signal conditions described
above are satisfied can the empirical gray-level attenuation slope characterize the optical
attenuation trend in the water. The magnitude of k; remains dependent on the scene,
spectral band, camera response, and processing workflow. Relating this image-domain
slope quantitatively to the diffuse attenuation coefficient requires radiometric calibration
and independent validation under matched spectral and observational conditions.
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2.2. Monte Carlo Photon Propagation and Numerical Imaging Configuration

To examine the effects of stochastic propagation, absorption, scattering, finite-receiver
effects, and digital quantization on the image-domain relationship, a Monte Carlo (MC)
radiative-transfer model is constructed. The simulated direct downwelling irradiance and
the virtual camera share the same water optical parameters. Photons are incident on the
air-water interface at a zenith angle of 30° and an azimuth angle of 0°, with refraction and
interface losses treated using Snell’s law and the Fresnel equations.

The photon free path ¢ is determined by the extinction coefficient ¢

_ —In¢  —In¢

= — _Hb,gwu(m) ()

where a is the absorption coefficient and b is the scattering coefficient. After each collision,
the propagation direction is resampled according to the Henyey—Greenstein phase func-
tion [30], and the photon weight is updated using the scattering ratio b/c. Photon tracking
terminates when a photon escapes through the water surface, reaches the lower boundary
of the computational domain, is captured by the receiving plane of the virtual camera, has a
weight below 1 x 1072, or reaches 100 collisions. The main parameters are listed in Table 1,
and the state transitions and termination criteria are shown in Figure 1.

The numerical experiment records two statistical outputs that share the same water
optical parameters, solar geometry, and stochastic propagation process. The first is the simu-
lated direct downwelling irradiance statistic E;, calculated from the weighted contributions
of unscattered photons crossing the tally planes at each depth in the downward direction;
it serves as the internal reference for vertical attenuation in the model. The second is the
virtual camera response, calculated from the weights of photons that hit the active sensor
area. A continuous pre-quantization response DNy,; is first calculated, then rounded and
clipped to obtain DN, the digital-number (DN) response corresponding to a conventional
8-bit image. DNy is used only to distinguish the effect of the continuous response from
that of 8-bit quantization, whereas the main trend analysis uses DNg. The virtual camera
is configured with reference to an MV-CS016-10GC color industrial camera and a Sony
IMX296 sensor: the resolution is 1440 x 1080, the pixel size is 3.45 pm, the effective sensor
dimensions are approximately 4.968 mm x 3.726 mm, the quantum efficiency is 55%, the
gain is 24 dB, and the digital output is 8-bit. Photons that hit the camera body without
entering the active sensor area are recorded as non-imaging hits.

Table 1. Main optical parameters and termination criteria used in the Monte Carlo numerical

experiment.
Representative Setting for
Parameter Lake Water Role

Absorption coefficient a (m~1) 0.100 Absorption loss in the medium

Scattering coefficient b (m~1) 0.300 Scattering intensity in the medium

Extinction coefficient ¢ (m™1) 0.400 c=a+b

Henyey—-Greenstein anisotropy factor g 0.85 Scattering-angle sampling
Refractive index of water n 1.333 Refraction calculation
Solar incidence angle on the air side 30° Incident geometry
Termination weight 1x107° Low-weight termination

Maximum number of collisions 100 Long-path truncation

https:/ /doi.org/10.3390/app16199495


https://doi.org/10.3390/app16199495

Appl. Sci. 2026, 16, 9495

50f17

r=ro; U=uog; W=Tinterface; N=0

Initialize photon packet

v

\ 4

Sample free path and candidate position

L=-In(€)/(a+b); rhew=r+1{u

Senser Sensor hit
> Accumulate weight
v Stop tracking
Check front-facing camera-plane crossing
Classify sensor hit or camera-body hit
‘ Camera-body hit
No hit »/  Non-imaging count
A Stop trackin
. ) Body g g
Check propagation boundaries
Water surface or lower depth limit
Within bounds Boundary rez?ched
> Surface exit or
- depth limit; stop
Scatter and update state
u <« HG(u, g)
WeWb/(a+b);,NeN+1
A 4
Yes
Check termination thresholds i Th{gawa:gigiicohred
-5 =i
Wi =S MU = 0D collision limit; stop

No: accept r « rpew
and continue

Figure 1. State machine for Monte Carlo photon transport and virtual imaging. The workflow
includes photon initialization, propagation, scattering, weight updating, and termination after a
sensor or camera-body hit, escape, a depth-limit crossing, a low-weight event, or attainment of the
maximum collision count.

The two outputs are fitted separately as follows:
Emc(z) = Ag exp(—Kyic,e2) (6)

Gmc(z) = Ag exp(—kgmcz) 7)

The relative difference between the slopes is used to quantify trend consistency within
the model
ke mc — Kvc

5 p—
° Kmc,E

x 100% 8)

where Kyic g denotes only the reference slope of the direct downwelling component in the
model. To assess Monte Carlo sampling noise and numerical convergence, the number of
photon packets is increased from 1 x 10° to 1 x 10° packets per depth in increments of
1 x 10%; each sampling level is repeated using 10 independent random seeds. At the highest
sampling level, the main analysis compares the means, between-replicate dispersion, log-
linear trends, and relative slope differences of the simulated direct downwelling irradiance
reference slope and the 8-bit virtual-camera gray-level attenuation slope.
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Attenuation slope (m-?)

-~ Direct irradiance reference
—$— Virtual-camera DNs

A separate factorial analysis combines 45 settings of the absorption-to-extinction
ratio a/c (0.1125-0.50), the Henyey—Greenstein parameter g (0.85-0.92), and solar zenith
angle (10°-60°), with extinction fixed at ¢ = 0.400 m~!. Each setting uses 10 independent
repeats with 10® photons per depth. The mean camera-derived slope across repeats is
compared with the analytical direct-component reference Kref = c/cos(6w), where 6w is
calculated using Snell’s law with a water refractive index of 1.333. The relative difference is
calculated from the scenario mean slope, whereas Equation (8) evaluates differences within
individual repeats.

2.3. Numerical Convergence of the Monte Carlo Simulation

Figure 2 shows the changes in fitted slope and depth-specific deviation as the sample
size increases. Both slopes remain close to 0.431 m~!, while the standard deviation among
repeated camera-response simulations is larger and decreases at the high-sampling end.
The median deviation of DNg from the reference decreases from 2.29% at 1 x 10° photon
packets to 1.25% at 1 x 10°, and the 95th percentile decreases from 11.61% to 5.15%. The
changes level off after approximately 6-8 x 10° packets; therefore, 1 x 10° photon packets
per depth and 10 replicates are used in the subsequent analysis.
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1 : £ 5\ :
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Figure 2. Stability of the slopes and depth trends in the MC numerical experiment at different numbers
of photon packets. (a) Fitted slopes of the simulated direct downwelling irradiance reference and the
8-bit virtual-camera response; symbols indicate means, and error bars indicate -1 standard deviation
across 10 independent replicates. (b) Absolute relative deviation of DNg from the reference, pooled
across 10 independent replicates and depths of 1-11 m after excluding the 0.003 m normalization
anchor. The orange points and error bars indicate the median and interquartile range, respectively,
and the black dashed line with square markers indicates the 95th percentile. The vertical dashed line
marks the setting of 1 x 10° photon packets per depth.

The number of effective camera hits increases with the number of photon packets.
Under finite-aperture collection at greater depths, only a small number of pixels contribute
to the quantized gray-level statistic, leading to greater dispersion in the deviations. Local
fluctuations at the high-sampling end are consistent with stochastic fluctuations under
weak-signal conditions. Within approximately 6 x 10° to 1 x 10° photon packets per depth,
further increases in the photon count do not produce a consistent reduction in error.
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2.4. Preservation of the Attenuation Trend After Digital Quantization

Figure 3 shows that both normalized signals decrease from the surface to 11 m, with
approximately parallel semi-logarithmic curves. The depth-specific deviation is smaller in
shallow water and becomes more dispersed at 11 m. In Table 2, the reference slope and the
8-bit response slope are 0.43179 + 0.00110 and 0.43152 4- 0.00209 m !, respectively, with a
mean relative difference of 0.5091%.

—o— Direct irradiance reference —e— Mean = SD (shading)
—e— \Virtual-camera DNs Independent replicates
a b
10° 'I ;\3 7.5
- & 5.0
i )
=y 8
o 5 25 =
FEURE P
- R
[(v] -
©
£ ° 29
O |
= D -5.0
>
107%4 n —7.5 1
T T T T T T T T T T T T
0 2 4 6 8 10 0 2 4 6 8 10
Depth (m) Depth (m)

Figure 3. Comparison of the 8-bit virtual-camera response and the simulated direct downwelling
irradiance reference at 1 x 10° photon packets per depth and 10 independent replicates. (a) Normal-
ized depth profiles of the two statistics; the curves and shaded areas indicate the mean and standard
deviation, respectively. (b) Signed depth-specific relative deviation of the 8-bit response from the
reference; thin light-blue lines represent the independent replicates, while the orange curve and blue
shading indicate the mean and standard deviation, respectively. The relative deviation is calculated
as 100 x (DN8, norm — Ed,norm)/Ed,norm.

Table 2. Trend identifiability and quantization results from the MC numerical experiment
(1 % 10° photon packets per depth, 10 independent replicates).

Fitted Slope (m~1, Coefficient of Mean Relative Maxi Relati
Statistical Output Mean =+ Standard Determination R? Difference from the ?DXI fl? um e (3/ ;ve
Deviation) (Mean) Reference Slope (%) titerence 70
Simulated direct
downwelling 0.43179 £ 0.00110 0.999998 - -
irradiance E4
Virtual-camera DNg 0.43152 4+ 0.00209 0.999884 0.5091 1.2062

The approximately parallel curves are consistent with the expectation from
Equations (3) and (4): when the propagation conditions are the same, the receiver ge-
ometry is fixed, and the response is approximately linear, depth-invariant multiplicative
factors such as quantum efficiency, gain, and effective receiving area mainly enter the inter-
cept after logarithmic transformation, while vertical propagation attenuation is retained in
the slope term. The comparison before and after quantization shows that the mean slopes of
DNjoa¢ and DN are 0.431668 and 0.431516 m~!, respectively, a difference of 0.000152 m~!;
their mean relative differences from the reference slope are 0.5095% and 0.5091%, respec-
tively. These results do not support attributing the greater dispersion at depth under
the current configuration primarily to 8-bit rounding. The effective-hit weight fraction
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decreases from 7.4902% near the surface to 0.0649% at 11 m as between-replicate dispersion
increases. Under the present numerical configuration, this result is more consistent with a
reduction in the number of effective hit samples owing to finite-receiver effects.

Across the 45 tested configurations, the maximum relative difference between the
mean camera-derived slope and the analytical direct-component reference was 0.7246%.

3. Experiments
3.1. Field Imaging System and Data Acquisition

Field observations were conducted in the Danjiangkou Reservoir using an MV-CS016-
10GC color industrial camera in a waterproof housing lowered by a shipborne crane to
preset depths of 0-11 m. Images were acquired under natural light and near-calm surface
conditions, without an external light source. The acquisition geometry and location are
shown in Figure 4. The camera was mounted horizontally in the housing and allowed to
stabilize before image acquisition. The housing window had an approximate transmittance
of 99.7% and a thickness of about 1 cm, and the housing introduced no obstruction into
the optical path. White balance was fixed during acquisition. Automatic exposure and
automatic gain were disabled, and Line 0 rising-edge triggering was used. Exposure and
gain followed the sequence settings listed below. Image acquisition was conducted from
11:44:33 to 12:17:59 on 10 November 2025.

7 Sy _g /\:
N oA - |
¥ ] ﬂ_l %fg
i Danjiangkou
W Reservoir

Figure 4. Field acquisition geometry and sampling location in the Danjiangkou Reservoir. (a) The
camera was lowered from a shipborne platform to preset depths of 0-11 m and acquired images
under natural sunlight with a fixed orientation and field of view. (b) Sampling location in the
Danjiangkou Reservoir.

Maintaining a fixed attitude, orientation, field of view, exposure, and gain allows
depth-invariant response terms to enter mainly into the intercept in Equation (4). Natural-
light fluctuations, suspended particles, and deployment disturbances may still cause local
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deviations; their effects are therefore examined using the within-depth median of multiple
frames and residual analysis.

Images were recorded at depths of 1-11 m at 1 m intervals, providing 4024 frames
for field-image processing. Using the criterion that each imaging condition must include
at least 3 valid depth points, 3615 frames from 7 imaging conditions were included in
the gray-level-depth fitting, yielding 50 depth—condition statistical points. The remaining
409 frames belonged to six other acquisition settings, each recorded at only one depth (1 or
11 m), and were not used for slope estimation. Across all acquisition settings, the numbers
of frames at depths of 1-11 m were 471, 456, 342, 361, 365, 256, 431, 311, 348, 309, and
374, respectively.

The 24-dB sequences comprised 100 ps (1-5 m, 415 frames), 1000 ps (1-10 m,
797 frames), 3000 ps (2-10 m, 630 frames), and 5000 us (7-11 m, 364 frames). The 0-dB
sequences comprised 1000 ps (1-7 m, 481 frames), 3000 ps (1-9 m, 607 frames), and 5000 us
(7-11 m, 321 frames).

3.2. Image Processing and Gray-Level Statistics

The retained field images were uncompressed 24-bit BMP files with 8 bits per RGB
channel; RAW or higher-bit-depth field images were not retained. The 8-bit format reduces
storage, transmission, and processing requirements for lightweight field acquisition. Zero-
valued and saturated pixels are evaluated as signal-quality diagnostics, including separate
RGB checks. The Monte Carlo comparison of continuous and 8-bit responses evaluates
quantization under the modeled imaging conditions.

For the j-th color image, a grayscale image is generated using the BT.601 luma
weights [31]:

Gray;(x,y) = 0.299R;(x,y) + 0.587G;(x,y) 4 0.114B;(x, y) )

where R;, Gj, and B; are the red-, green-, and blue-channel pixel values, respectively. In the
baseline processing, the entire image serves as the region of interest (ROI), denoted by (,
and the mean gray level within this region is used as the image-level statistic:

1
Gimgj = No Z Grayj(x,y) (10)
(xy)eQ

Consecutive images acquired under the same imaging setting and at the same depth z
form the set J(z). To reduce the effects of short-term interframe illumination fluctuations,
local particles, bubbles, and occasional anomalous frames, the median of the image-level
mean gray levels is defined as the depth-aggregated gray level:

G*(z) = median{Gimg,j :jeJ(z)} (11)
Accordingly, subsequent regression uses only G*(z) at each depth.

3.3. Trend Estimation and Uncertainty Analysis

For each sequence, the depth-aggregated gray levels are fitted according to Equation (4)
using linear regression with a free intercept. The unit of analysis is the depth point rather
than the individual image frame. Normalization to the shallowest valid depth, %(ZZO)), is
used only for plotting; it is not imposed as a regression constraint, and the regression line is
not required to pass through the shallowest depth point. The gray-level attenuation slope

is defined from the regression slope s as kg = —s.
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Let y; = InG*(z;), with ; denoting the fitted value, i the mean across depth points,
and N the number of depth points. The goodness of fit and the errors on the logarithmic
scale are defined as

. T (yi—9:)°
RP=1-+t— (12)
~(yi —9)°
1 .
RMSEiog = [ 170 (vi = 1)’ (13)
1
1 .
MAElog - NZWI - yl| (14)
1

To describe the relative deviation on the original gray-level scale, the observed-to-fitted
gray-level ratio is defined as
G*(z

Brel(z) = G (Z; = exP(EZ) (15)

and its coefficient of variation across depths is defined as

IBrel 0
CVp,, = —= x 100% (16)
HBe
Within-depth frame dependence is accounted for using a depth-stratified stationary
block bootstrap. Frames are ordered by acquisition number and divided into segments
at numbering gaps. Circular blocks with geometrically distributed lengths are resampled
within each segment, preserving its frame count; expected block lengths are selected
from the segment autocovariance. Each of 5000 replicates recomputes the depthwise
medians, their logarithms, and the fitted slope kg. The 2.5th and 97.5th percentiles define a
conditional 95% interval. Halving and doubling the expected block lengths assess interval
sensitivity, and separate fits to the first and second halves of each depth sequence assess
temporal drift. Relative interval width is calculated as the interval width divided by |k¢ |
and multiplied by 100%.
The leave-one-depth-out analysis removes one depth point at a time and re-estimates
kg, (-i), using
kg, —iy — k¢
G

S1opo = max; X 100% (17)

to describe whether the slope is disproportionately influenced by a single depth point. This
metric is only a sensitivity diagnostic and cannot independently determine sequence reliability.

Depth-level heteroscedasticity is assessed using the studentized Breusch—-Pagan test
on the fitted log-gray residuals. HC3 covariance and a Student’s t reference with n — 2
degrees of freedom provide approximate 95% regression confidence intervals, where n is
the number of fitted depths. These intervals describe depth-level regression uncertainty;
the block-bootstrap intervals describe frame variability conditional on the sampled depths.
Variability is propagated through depth aggregation, logarithmic transformation and slope
fitting in each bootstrap replicate. A separate calculation uses the variance of each log-depth
median and its linear-regression weight to check the resulting slope variance. Robustness
checks remove the shallowest depth, the deepest depth or both, and replace the within-
image mean with the median or the 5th-95th-percentile trimmed mean while retaining
BT.601 conversion, the full-image ROI, and depthwise median aggregation.

For sequences that meet the minimum number of depth points and are successfully fit-
ted, multiple metrics are combined to diagnose signal quality. The maximum proportion of
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zero-valued pixels reflects the risks of low-end quantization and underexposure; CVy_, re-
flects residual dispersion across depths. Spopo reflects the influence of an individual depth
point; R? describes only how well the specified depth points conform to a linear model.

Sequences are classified using the following combined criteria: at least 3 valid depth
points and a completed fit; R? > 0.95; CVp , < 15%; maximum relative deviation of
Brel < 35%; maximum proportion of zero-valued pixels < 5%; and monotonic gray levels
(the number of upward steps may not exceed 25% of the number of depth intervals,
and any single upward step may not exceed 10%). Sequences satisfying all criteria are
classified as primary trend sequences; sequences that are successfully fitted but fail any
criterion are classified as low-signal boundary sequences; sequences with fewer than
3 valid points are classified as not fitted. Leave-one-depth-out sensitivity is used only as an
auxiliary diagnostic.

The R, G, and B channels are also analyzed separately using the same frame-level
whole-image mean, depthwise median aggregation, and log-linear fitting procedure.
Channel-wise zero-valued and saturated-pixel fractions are checked alongside these fits,
with saturation defined as DN = 255.

3.4. Field Fitting Results and Signal Quality

Table 3 summarizes the gray-level-depth fitting parameters and signal-quality metrics
for the seven sequences. In the four 24-dB sequences, logarithmic gray level decreases
approximately linearly with depth, with kg values of 0.41655-0.45091 m~!, R? values of
0.99155-0.99789, and a maximum proportion of zero-valued pixels no greater than 3.08%.
Although the model could still be fitted to the three 0-dB sequences, their maximum
proportions of zero-valued pixels are 64.06-96.22%, and their coefficients of variation for
the observed-to-fitted gray-level ratio are 16.84-46.80%, consistent with compression of the
effective gray-level range under low-signal conditions. This feature is also consistent with
the differences in raw-image brightness shown in Figure 5. According to the combined
rules above, the four 24-dB sequences are classified as primary trend sequences, whereas
the three 0-dB sequences are classified as low-signal boundary sequences because at least
one criterion is not satisfied. The 1000 ps and 5000 ps sequences at 0 dB simultaneously
have an R? below 0.95, CVj_, above 15%, and a maximum proportion of zero-valued pixels
above 5%; for the 3000 us sequence, the principal failed criteria are CVp_; and the maximum
proportion of zero-valued pixels.

Table 3. Gray-level-depth fitting results and signal-quality diagnostics for the sequences included in
the analysis.

Exposure/  Empirical CV of Maximum Leave-One- S

Gain Slope kg R? Observed/ Zero-Valued Depth-Out Clazgilfliir;:ieon
(us/dB) (m~1) Fitted Ratio (%) Pixels (%) Sensitivity (%)
100/24 0.41655 0.99155 6.09 2.39 9.21 Primary trend
1000/0 0.64977 0.91750 36.38 92.57 22.55 Low-signal boundary
1000/24 0.45063 0.99397 10.67 3.08 2.30 Primary trend
3000/0 0.51007 0.98543 16.84 64.06 5.82 Low-signal boundary
3000/24 0.43736 0.99669 6.89 0.00 2.05 Primary trend
5000/0 0.92576 0.90644 46.80 96.22 31.57 Low-signal boundary
5000/24 0.45091 0.99789 3.26 0.00 4.20 Primary trend

At 5000 ps, both gain settings cover the same depth range of 7-11 m. The slope at 0 dB
is0.92576 m~1, greater than the value of 0.45091 m~! at 24 dB, but the maximum proportion
of zero-valued pixels reaches 96.22%. Thus, the larger slope is accompanied by low-end
signal compression and cannot be interpreted as a more reliable attenuation estimate. The
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24 dB

0 dB

1000 and 3000 ps groups show the same directional pattern but cover different depth ranges

and are therefore used only as supporting evidence. Although the R? of the 3000 ps/0 dB

sequence is 0.98543, this does not establish the physical interpretability of its slope.
Exposure time: 1000 ps

1m 4 m

T 128

- 96

Mean = 104.42 DN Mean = 27.85 DN Mean = 8.21 DN

64

BT.601 gray level (DN)

0

Mean = 6.07 DN Mean = 1.47 DN Mean = 0.08 DN
Identical 0-128 DN display range for every frame

Figure 5. Representative frames from the 24-dB and 0-dB sequences at 1000 us. The upper row shows
24 dB, and the lower row 0 dB; the columns correspond to depths of 1, 4, and 7 m. Each image is the
frame whose whole-image mean gray level is closest to the median at that depth, and all images use
the same BT.601 conversion and a display range of 0-128.

The B-channel slopes exceeded the R-channel slopes in all four primary 24-dB se-
quences, with B/R ratios of 1.080-1.244 (Table 4). Interpretation of these broadband slopes
also requires consideration of the scene spectrum, camera spectral sensitivity, and image
processing. Table 5 reports the maximum zero-valued and saturated-pixel fractions for each
sequence. In the 3000 pus/24 dB sequence, 65.55-69.52% of G-channel pixels were saturated
in each of the 85 frames recorded at 2 m, although the composite grayscale remained unsat-
urated. Restricting the fit from 2-10 m to 3-10 m increased the grayscale and G-channel
slopes by 1.64% and 2.06%, respectively. Table 4 retains the 2-10 m estimates because
removing the 2 m observations changes both the fitted depth range and the contribution of
clipped images.

Table 4. Channel-specific attenuation slopes and coefficients of determination for the four 24-dB
sequences. All slopes are in m~!; the depth interval is the same for all three channels within
each sequence.

Exposure
(us)

Depth
(m)

Slope Ratio

2 2 2
kgr R*r kg,c R%g kg, R*g B/R

100
1000
3000
5000

1-5
1-10
2-10
7-11

0.36049 0.95091 0.43367 0.99267 0.44861 0.97801 1.244
0.46329 0.98237 0.44067 0.99334 0.51721 0.98216 1.116
0.45170 0.99696 0.42624 0.99513 0.54290 0.99677 1.202
0.44191 0.99568 0.45211 0.99772 0.47722 0.99154 1.080
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Table 5. Maximum within-frame percentages of zero-valued and saturated channel pixels across the
seven fitted sequences.

Exposure/Gain R=0 G=0 B=0 G =255
(us/dB) (%) (%) (%) (%)
100/24 20.72 3.97 39.62 0.00
1000/24 32.83 4.08 47.31 0.00
3000/24 3.75 0.00 73.58 69.52
5000/24 2.37 0.00 21.93 0.00
1000/0 94.59 92.59 96.61 0.00
3000/0 93.84 64.09 99.52 0.00
5000/0 96.76 96.32 99.25 0.00

Each entry is the maximum within-frame percentage over the corresponding sequence. Zero-valued
and saturated pixels are defined by channel values of 0 and 255, respectively. No saturation was
detected in the R or B channels or in the composite BT.601 grayscale.

3.5. Effects of Low-Signal Conditions

Figure 5 compares representative 1000 pis frames at the two gain settings. At depths of
1,4, and 7 m, the mean gray levels are approximately 104.4, 27.9, and 8.2 at 24 dB, compared
with 6.1, 1.5, and 0.1 at 0 dB; the 7 m image in the latter group is nearly black. The two
groups use the same exposure time (1000 ps), BT.601 conversion, and 0-128 display range,
excluding display stretching as the cause of the visual difference. The 0 dB sequence also
exhibits compression of the effective gray-level range.

The reduction in effective gray levels is associated with the input signal approaching
the lower limit of 8-bit quantization. The minimum step of each RGB channel is 1 DN,
and BT.601 conversion cannot recover information below the quantization limit. The 0-dB
sequences enter the lowest quantization range at shallower depths; at 1000 us and 7 m, the
maximum proportion of zero-valued pixels reaches 92.57%. Once a large number of pixels
are quantized to zero, the image response departs from the multiplicative relationship in
Equation (3), and the log-linear regression slope may be distorted. It therefore cannot be
interpreted as evidence of stronger attenuation in the water.

3.6. Exposure Response and Trend Robustness

Figure 6a shows that, at 24 dB, the four sequences acquired at 100 ps (1-5 m), 1000 ps
(1-10 m), 3000 ps (2-10 m), and 5000 ps (711 m) all decrease approximately linearly
with depth after being normalized to their respective shallowest valid depth zy; the fitted
slopes kg range from 0.41655 to 0.45091 m~!. The curves start at different positions on
the depth axis because each is normalized to its own shallowest valid depth; this does not
imply that they have the same gray level at the same absolute depth. Figure 6b compares
representative frames at a fixed depth of 7 m and gain of 24 dB for exposure times of
1000, 3000, and 5000 ps. The three frames use the same BT.601 grayscale conversion and
0-128 DN display range. Their whole-image mean gray levels are 8.21, 26.54, and 44.21 DN,
respectively, and increase with exposure time.

Within the operating range that is neither saturated nor close to the zero-value quanti-
zation region, the effect of exposure time is approximated as a change in the multiplicative
baseline of the image gray level: G(z, ) ~ C(t)exp(—kgz), where C(t) increases with expo-
sure time. At7 m, the ratio of the three exposure times is 1:3:5, whereas the ratio of the mean
gray levels is approximately 1:3.23:5.38. The gray-level-to-exposure-time ratios are 0.00821,
0.00885, and 0.00884 DN/ s, respectively, consistent with an approximately proportional
gray-level response to exposure time within the range of these data. Normalizing each
exposure sequence separately removes C(t), allowing the relative depth-attenuation trends
to be compared. Exposure time nevertheless determines the usable depth window: if the
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In[G"(2)/G"(z0)]

exposure is too short, the deeper signal enters the low-end quantization region. If it is too
long, shallow images may be overexposed. Once zero-value compression or saturation oc-
curs, the multiplicative relationship no longer holds and the fitted slope may deviate. Thus,
the results in Figure 6 are consistent with the processing logic of maintaining fixed imaging
conditions, normalizing each sequence separately, and jointly checking the dynamic range,
but they do not demonstrate that absolute gray levels or k¢ values obtained under different
exposure conditions are interchangeable physical quantities.

24 dB; each sequence normalized to its own shallowest depth

0 -
[
-1 1
-2 4
_3 -
_4_
T T T T T T T T T T
2 3 4 5 6 7 8 9 10 11

Depth (m)
—— 100 pus; kg = 0.41655 m—? —&— 3000 ps; kg = 0.43736 m~?
—8— 1000 ps; kg = 0.45063 m~? —4— 5000 ps; kg = 0.45091 m-1

1000 pus 3000 pus 5000 ps

128
=
=)
E

64 3
>
©
(U]

0

Mean = 8.21 DN Mean = 26.54 DN Mean = 44.21 DN

Representative frames at 7 m; identical 0-128 DN display range

Figure 6. Effect of exposure time on the field gray-level-depth relationship. (a) Gray-level-depth
relationships for the four 24-dB sequences, each normalized to its own shallowest valid depth.
Symbols show depthwise median gray levels after log normalization; lines show the corresponding
free-intercept regressions. (b) Representative 1000, 3000, and 5000 ps frames at 7 m and 24 dB,
displayed using the same BT.601 conversion and 0-128 DN range.

For the four primary 24-dB sequences, median within-depth lag-1 correlations ranged
from 0.870 to 0.995 (Table 6). Their HC3 95% confidence intervals remained above zero
but were wider than the conditional block-bootstrap intervals. HC3 standard errors were
1.32-2.00 times the conventional regression standard errors. For these sequences, the
studentized Breusch-Pagan LM p values ranged from 0.0521 to 0.9111; HC3 was used
irrespective of the diagnostic result. The HC3 interval for the 5000 us/0 dB sequence
included zero.

For the primary sequences, halving or doubling the expected block lengths gave
relative interval widths of 0.21-0.98%, compared with 0.23-0.98% under the selected block
lengths. Slopes fitted using the first and second halves of the frames at each depth differed
by at most 0.364% of the full-sequence estimate. Removing endpoints or one depth at a
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time changed the slopes by at most 9.21%. Replacing the within-image mean with the
median or trimmed mean changed them by 0.17-1.12%. Across all seven fitted sequences,
the relative difference between propagated and bootstrap slope standard deviations was
below 0.71%.

Table 6. Slope uncertainty and within-depth temporal dependence for the seven fitted sequences.

Exposure/Gain Depth Block-Bootstrap HC3 95% Confidence Median Lag-1
(us/dB) Count 95% Interval (m—1) Interval (m—1) Correlation
100/24 5 [0.41383, 0.41792] [0.27496, 0.55814] 0.870
1000/24 10 [0.44985, 0.45114] [0.41215, 0.48912] 0.962
3000/24 9 [0.43696, 0.43799] [0.40773, 0.46700] 0.995
5000/24 5 [0.45052, 0.45156] [0.38596, 0.51585] 0.976
1000/0 7 [0.64748, 0.65219] [0.21220, 1.08733] 0.849
3000/0 9 [0.50826, 0.51292] [0.42489, 0.59525] 0.986
5000/0 5 [0.92151, 0.92768] [—0.17868, 2.03021] 0.859

Block-bootstrap intervals describe within-depth frame variability conditional on the sampled depths.
HCS3 intervals describe depth-level regression uncertainty. Lag-1 correlations use consecutive
recorded frame IDs and are summarized by their median across depths.

Accordingly, the field results are used here to evaluate the repeatability and conditional
usability of the image-derived attenuation trend, rather than to establish agreement with
an independently calibrated radiometric reference.

4. Conclusions

This study develops a conditional framework linking vertical optical attenuation to
image gray-level trends through theoretical analysis and Monte Carlo modeling, with
supporting field observations from the Danjiangkou Reservoir. The framework connects
underwater light propagation, camera response, and digital quantization to explain the
conditions under which attenuation trends are retained in images. Its practical advantage
is the use of conventional underwater cameras for relative optical-attenuation monitor-
ing. Applicability depends on camera response, imaging conditions, and water optical
properties; an approximately linear response, fixed acquisition settings, a stable field of
view, sufficient dynamic range, and a locally near-homogeneous water layer underpin the
theoretical relationship.

Under the specified numerical configuration of absorption, scattering, boundary
conditions, simplified camera geometry, stochastic photon propagation, finite-receiver
effects, and 8-bit quantization, the mean relative difference between the DNjg slope and the
simulated direct downwelling irradiance reference slope is 0.5091%. The simulation results
show that the 8-bit virtual camera response retains the overall vertical attenuation trend of
the reference under this configuration. The depth-specific deviations also show increased
between-replicate dispersion under weak-signal conditions at depth.

The field analysis includes 3615 images from 7 imaging conditions and 50 depth—
condition statistical points. The four 24-dB sequences exhibit identifiable gray-level-depth
attenuation trends, whereas the three 0-dB sequences show compression of the effective
gray-level range under low-signal conditions, indicating that signal-quality metrics are
needed to delineate the method’s limits of applicability.

This study covers only one freshwater reservoir (Danjiangkou) and one camera and
lacks simultaneous ground-truth K; measurements and complete radiometric calibration.
Exposure settings are not identical among the sequences, and the number of depth points
is limited. Future work should preserve raw or linear images, perform dark-field and
radiometric calibrations, and combine simultaneous optical measurements, independent
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water samples, and hierarchical statistical validation to evaluate reproducibility across
different devices and water bodies, including marine environments, and ultimately estab-
lish a quantitative calibration relationship. Underwater engineering encompasses diverse
assessment needs, including submarine-landslide loading on pipelines [32] and hull-girder
damage under underwater explosions [33]. For practical underwater monitoring, image-
derived attenuation trends should be reported together with signal-quality diagnostics and
uncertainty intervals, so that environmental observations include an explicit measure of
confidence. Recent work on probabilistic underwater 3-D reconstruction [34], adaptive
acoustic cooperative positioning [35], and pressure-array-based attitude perception [36]
offers complementary approaches to uncertainty quantification and underwater sensing.
These developments motivate future integration of image-derived attenuation trends with
calibrated optical measurements and other environmental sensors.
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