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In August 2014, a cabled observatory was deployed off Oshima Island, south of Tokyo, Japan, and operated 
until September 2018, yielding a 4-year dataset of oceanographic properties and plankton abundance at a 
fixed location. This study highlights the variability of key physical and biological parameters observed during 2 
distinct periods of this time series. Data were collected using a suite of instruments such as thermistor chains, 
acoustic Doppler velocimeter (ADV), acoustic Doppler current profiler (ADCP), conductivity, temperature, 
depth (CTD), turbidity and fluorescence sensor, photosynthetically active radiation (PAR) sensor, wave 
height gauge, and CPICS (a plankton imaging system). Based on these observations, the kinetic energy 
dissipation rate was estimated over time and its correlation with plankton abundance, aggregate abundance, 
and plankton diversity was examined. The results demonstrated that temperature fluctuations followed 
a −5/3 power-law spectrum across the observed frequency range, consistent with turbulence theory. 
Plankton diversity, measured using the Shannon index, exhibited a power-law spectrum with a slope of −1 
(f−1) for harmonic components exceeding 4 h in duration, characterized by a daily peak corresponding to 
zooplankton diel vertical migration. Long-term measurements of turbulence remain scarce but are crucial 
for understanding seasonal to interannual variability in plankton and particle dynamics. These findings 
underscore the importance of ocean mixing in regulating size distribution and abundance, offering insights 
into the interplay between physical and biological processes in coastal ecosystems.

Introduction

  Marine plankton are fundamental to the functioning of marine 
ecosystems, because they drive primary productivity, regulate 
fishery yields, and play a pivotal role in the biological carbon 
pump, a critical mechanism for greenhouse gas sequestration 
[  1 ,  2 ]. Physical processes, such as turbulence and mixing, affect 
plankton distribution and aggregate formation [  3 ,  4 ,  5 ,  6 ]. These 
aggregates contribute considerably to carbon fluxes by serving 
as food for zooplankton and higher trophic levels while enhanc-
ing vertical carbon transport [  7 ].

  Phytoplankton growth and biomass are regulated by climate-
induced changes in ocean structure, including rising upper ocean 
temperatures, increased stratification, and reduced vertical mix-
ing [  8 ]. Turbulent mixing is modulated by tidal cycles, seasonal 
wind variations, internal waves, and eddy activities [  9 ,  10 ,  11 ]. 
Over time scales from days to years, local wind patterns and 

stratification strongly influence the turbulence intensity in the 
mixed layer and subsurface waters [  12 ,  13 ]. Long-term turbulence 
observations are critical for understanding the distributions of 
key oceanic properties, such as dissolved gases and heat, offer-
ing insights into the ocean’s response to climate change [  14 ]. 
Turbulence fluctuations considerably affect plankton communi-
ties by enhancing nutrient availability [  15 ,  16 ], altering phyto-
plankton behavior [  17 ], increasing predator–prey interactions 
[  18 ], and modulating spatial distribution [  19 ,  20 ,  21 ]. Despite its 
importance for quantifying seasonal, annual, and long-term mix-
ing processes, high-frequency turbulence observations spanning 
weeks to months remain scarce.

  Time-series data are essential for understanding the spatial 
and temporal dynamics of plankton abundance. However, 
many existing time series rely on discrete sampling methods, 
such as bottle or net collection, followed by microscopic analy-
sis [  22 ,  23 ,  24 ] or remote sensing techniques using pigment 
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analysis [  25 ]. These traditional approaches often lack the reso-
lution to capture fine-scale temporal variations in the water 
column, resulting in substantial errors in abundance estimates 
[  26 ,  27 ,  28 ]. Advances in underwater imaging systems have 
addressed these limitations by enabling frequent sampling and 
facilitating the study of fine-scale and long-term biophysical 
processes [  29 ,  30 ,  31 ]. Imaging systems are now widely used to 
investigate biophysical interactions and assess biomass and size 
spectra in water column [  32 ,  33 ,  34 ,  35 ]. Oceanographic moor-
ings equipped with imaging systems enable high-frequency 
acquisition of spatial and temporal plankton data, enabling 
detailed analysis of plankton dynamics [  36 ,  37 ,  38 ].

  Although imaging-based high-frequency plankton time series 
exist, they predominantly focus on small-sized organisms such 
as phytoplankton and microzooplankton [  39 ,  40 ], leaving larger 
plankton and aggregates underrepresented. This study investigated 
the relationships among aggregates, plankton abundance, diversity, 

and microscale physical properties, including turbulence intensity, 
using data obtained from a cabled observatory in the coastal waters 
of Oshima Island, Japan [ 21 ,  41 ,  42 ]. The analysis focused on two 
4-month segments from a 4-year dataset (August 2014 to 
September 2018) encompassing key oceanographic and biological 
variables recorded by environmental sensors and a plankton imag-
ing system (CPICS) mounted on a cabled observatory.   

Methods

Study area and data acquisition
  The study was conducted in the coastal waters surrounding 
Oshima Island, approximately 100 km south of Tokyo Bay 
(Fig.  1 A). This volcanic island is strongly influenced by the 
Kuroshio western boundary current and tidally generated inter-
nal waves. A cabled observatory system, the Oshima Coastal 
Environmental data Acquisition Network System (OCEANS; 

Fig. 1. (A) Map of the study region and (B) the location of the OCEANS observatory at Habu Port (red pin), in the coastal area of Oshima Island. (C) In situ view of the Cabled 
observatory Oshima Coastal Environmental data Acquisition Network System (OCEANS). (D) Schematic drawing of the CPICS and oceanographic sensors on the OCEANS 
platform (objects and depths are not to scale).
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[ 21 , 41 , 42 ]), was deployed at a depth of 20 m in Habu Port (34°40′–
48′N, 139°21′–28′E; Fig.  1 B) to collect physical and biological data. 
Despite being located within the breakwater, hydrographic condi-
tions closely resembled those outside. The observation area was 
primarily affected by tidal forcing. Masunaga et al. [  43 ] identified 
trapped diurnal internal Kelvin waves around Oshima Island 
using the 3-dimensional Stanford Unstructured Nonhydrostatic 
Terrain-following Adap tive Navier–Stokes Simulator (SUNTANS). 
Thermistor chain data from OCEANS confirmed the presence of 
these predicted Kelvin waves.        

  The OCEANS observatory operated from 2014 to 2018, 
providing high-resolution observations. For this study, 2 time-
series datasets were selected for analysis.

• � TS1: October 2014 to January 2015 (2014/2015)
• � TS2: October 2015 to January 2016 (2015/2016)

  We selected equal time intervals to examine seasonal and 
interannual variability in physical and biological parameters, 
ensuring a large number of observations while maintaining 
dataset manageable for image processing and automatic clas-
sification of plankton taxa.

  Environmental data (Table  1 ) were collected using a suite 
of instruments installed on the OCEANS platform (Fig.  1 C and 
D) designed to measure key physical and biological parameters. 
A conductivity, temperature, depth (CTD) (ACTW-CAR, ACLW2-
CAR, ALW-RS; JFE Advantech Co. Ltd., Hyogo, Japan) recorded 
the temperature, conductivity, chlorophyll-a fluorescence, 
turbidity, and photosynthetically active radiation (PAR). An 
acoustic Doppler current profiler (ADCP; Aquadopp Profiler 
400 kHz; Nortek AS) was used to measure current velocities, 
whereas an acoustic Doppler velocimeter (ADV; Vector; Nortek 
AS) was used to measure turbulence. The wave heights were 
estimated using a pressure sensor (AWH-RS; JFE Advantech 
Co. Ltd., Hyogo, Japan). 

  Plankton imaging data were obtained using the Continuous 
Plankton Imaging and Classification Sensor (CPICS; [  44 ]). The 

CPICS is a high-resolution imaging instrument designed for the 
in situ capture and classification of plankton and particles in 
aquatic environments. Using a darkfield illumination, the 
system enhances visibility of fine structural details, enabling 
detection of particles as small as 50 μm, depending on the 
instrument’s configuration. During deployment, CPICS 
operated continuously with a field of view measuring 11 mm × 
15 mm × 2 mm and captured images at a frequency of 3 Hz. This 
configuration allowed sampling of 35.6 l of seawater per hour, 
equivalent to approximately 0.85 m3 per day. The instrument 
produces high-resolution frames with dimensions of 2,750 × 
2,200 pixels, delivering detailed morphological and textural data 
suitable for automated classification of objects exceeding 150 μm, 
the minimum size for reliable identification based on depth of 
field positioning. Quantitative analysis primarily targeted larger 
zooplankton and particles, although microphytoplankton and 
heterotrophic protists were also recorded.   

Plankton imaging data and initial processing
  Approximately 1.9 million in situ color dark-field images were 
captured for the durations of TS1 and TS2 deployments. These 
RGB images were first converted to grayscale and then 
transformed into a binary format to facilitate analysis using 
computer vision tools described by Penninck et al. [  45 ] and 
Penninck and Lopes [  46 ], which require binary input, using 
the following procedure: Formally, let Ig  be a grayscale image 
and Ib be the binary image computed from Ig, the value of  Ib 
for pixel p is defined as
﻿﻿   

  The threshold (t) was estimated from the histogram “h” of 
image  Ig    as follows:

﻿﻿   

  Statistical functions such as “mode” and “standard devia-
tion” were applied to define an appropriate value of t. To avoid 
dealing with noised pixels, the image Ig was smoothed by the 
application of a Gaussian kernel of size 5 × 5 pixels. The binary 
image was then computed from the processed version Ig and 
refined by removing the smallest connected components, filling 
holes, and connecting adjacent components. This procedure 
was performed using morphological operators [  47 ,  48 ].   

Feature extraction and automatic classification
  Descriptors were computed using  Ig   . In this study, 3 different 
approaches were applied to extract features from plankton 
images, with the computation of (a) 55 different morphological 
features, such as major axis, area, perimeter, and solidity; 
(b) 10 textural features computed from the histogram of the 
local binary patterns [  49 ,  50 ]; and (c) 10 textural features obtained 
from the co-occurrence matrix as described in [  51 ]. A complete 
list of features is provided in the Supplementary Materials. 
These features have been extensively employed in machine 
learning studies dealing with plankton images [  52 ,  53 ,  54 ,  55 ]. 
Each image  Ig    was thus represented as a 75-element numerical 
feature array. The major axis was used as a proxy to estimate 
plankton and particle size classes.

  For image classification, let  X    be a space of features arrays 
where  xi ∈ X    is the array containing the features associated to 

(1)Ib
(

p
)

= 1, if Ig
(

p
)

< t; otherwise: 0

(2)t =mode(h) − 2 × std(h)

Table 1. List of sensors mounted on the cabled observatory system 
OCEANS

Sensor Parameters
Sample 

rate

 Physical

  CT sensor  Temperature, 
conductivity

1 Hz

  T-string  Temperature 1 Hz

  ADCP  Current 60 s

  ADV  Turbulence 8 Hz

  PAR sensor  PAR 1 Hz

  Pressure sensor  Pressure, wave 
height

1 Hz

 Biological

  CPICS  Plankton images 3 Hz

  Chlorophyll/turbidity sensor  Chlorophyll 
fluorescence, 
turbidity

1 Hz
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the i-th image of our plankton image dataset. Also, let  Y    be the 
space of labels where  yi ∈ Y    is the manual label associated with 
the i-th image. A typical procedure for a task of supervised 
classification is divided into 3 phases: (a) create an input dataset 
of pairs  

(

xi, yi
)

   ; (b) define a classification function  f: X −> Y   ; 
(c) train the function  f     to adjust the parameters of the classifier 
model to yield predictions.

  In this study, function  f     was defined using the Random 
Forest (RF) algorithm [  56 ]. To train the function, 90% of the 
data were applied, and 10% were used to validate the model. 
This splitting process was performed by maintaining the pro-
portions of all classes and allowing for the creation of an RF 
classifier. Finally, the RF classifier was used to predict classes 
from images belonging to the 2 time-series segments, TS1 and 
TS2, departing from an initial training set containing a subset 
of 31,000 manually validated images collected between August 
2014 and October 2014. Subsequently, plankton experts manu-
ally validated the predicted results.   

Shannon diversity index estimation
  The Shannon diversity index ( H′   ) was used to estimate high-
level diversity for each hourly data [  57 ]:
﻿﻿  

where Ni is the number of individuals [regions of interest (ROIs)] 
sampled for taxon (or particle) i and N is the total number of 
individuals (ROIs) sampled. In addition to plankton taxa, the 
nonliving particles included in these calculations were aggregates 
categorized into 2 classes: aggregate-compact (opaque, solid 
aggregates), aggregate-amorphous (semi-transparent aggre-
gates), and fecal pellets.   

Multivariate analysis
  To examine the linear relationships between biological vari-
ables (zooplankton, phytoplankton, and particle aggregates) 

and environmental conditions (temperature, salinity, PAR, 
chlorophyll-a fluorescence, turbidity, suspended mineral par-
ticles, significant wave height, and turbulence), redundancy 
analysis (RDA) was applied to the entire dataset, which helped 
in identification of environmental factors that were most 
strongly associated with variations in biological descriptors. 
To evaluate the statistical significance of the RDA axes, an 
analysis of variance (ANOVA) was subsequently performed. 
All statistical analyses were conducted using R software (ver-
sion 3.6.3) and the vegan package [  58 ].    

(3)H
�
= −

∑ Ni

N
ln

(

Ni

N

)

Fig. 2. Time series of (A) temperature (°C) and (B) salinity for the periods from October 2014 to January 2015 (blue line) and October 2015 to January 2016 (orange line). 
(C) TS diagram for the periods from October 2014 to January 2015 (blue dots) and October 2015 to January 2016 (red dots).

Table 2. List of plankton and nonliving particles acquired from 
the automatic image classification and subsequent manual vali-
dation for TS1 and TS2 image samples collected by the CPICS on 
the OCEANS platform, Oshima Island, Japan.

Metazoan plankton
Phytoplankton and 
heterotrophic protists

Nonliving  
particles

 Calanoida  
 Cyclopoida  
 Harpacticoida  
 Monstrilloida  
 Mysida  
 Amphipoda  
 Isopoda  
 Cumacea  
 Ostracoda  
 Decapoda larvae  
 Cirripedia larvae  
 Other crustaceans  
 Polychaeta larvae  
 Hydromedusae  
 Chaetognatha  
 Appendicularia  
 Fish eggs  
 Fish larvae  

﻿Eucampia  
﻿Rhizosolenia  
﻿Chaetoceros  
 Other centric diatoms  
 Benthic (pennate) 
diatoms  
﻿Trichodesmium  
﻿Noctiluca scintillans  
﻿Tripos  
 Other dinoflagellates  
﻿Aulosphaera trigonopa  
 Other rhizarians  

 Aggregates  
 Fecal pellets  
 Mineral 
(lithogenic) 
particles  
 Bubbles  
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Results

Hydrographic data
  The hydrographic conditions observed during TS1 (2014/2015) 
and TS2 (2015/2016) exhibited clear differences in temperature 
and salinity. The average temperature was 19.7 °C during TS1, 
increasing to 20.8 °C in TS2. Salinity showed a decreasing trend, 
with an average of 34.4 during TS1 and 33.7 during TS2 (Fig.  2 ).        

  The temperature time series for both periods displayed simi-
lar patterns, characterized by a gradual decline over the respec-
tive observation periods. However, salinity during TS2 showed 
a marked decrease after 2015 October 16. These hydrographic 
changes are further illustrated in a temperature–salinity (TS) 
diagram, which highlights distinct water masses. TS1 reflected 
conditions typical of open-ocean waters influenced by the 
Kuroshio, whereas TS2 exhibited characteristics of coastal 
waters, likely influenced by the input of low-salinity waters 
from Tokyo Bay.   

Plankton and particle composition and  
temporal variability
  As expected based on the CPICS image resolution, the collected 
images mainly captured large metazooplankton and aggregates, 

followed by an abundance of diatoms, dinoflagellates, and rhi-
zarians, as well as fecal pellets and mineral particles. In total, 
33 taxa were detected (Table  2 ). Representative images of vari-
ous objects captured by CPICS are presented in Fig.  3 , which 
illustrates the diversity of plankton and particles observed dur-
ing the study.         

  Particle counts during both periods were dominated by 
aggregates, making up 77% of the total images in TS1 and 73% 
in TS2 (Fig.  4 A and B). Zooplankton were the second most 
abundant group, comprising 10% of the total images in TS1 
and increasing to 22% in TS2. Phytoplankton contributed a 
smaller proportion, representing 6% and 3% of the total images 
in TS1 and TS2, respectively.        

  The relative abundances of the major zooplankton and phy-
toplankton taxa showed notable differences between the obser-
vation windows (Fig.  4 C and D). Diatoms were the dominant 
component of TS1, accounting for 45% of the total counts. 
However, their proportion decreased considerably to 21% in 
TS2. Copepods displayed the opposite trend, increasing from 
15% of the total counts in TS1 to 53% in TS2.

  Time-series analysis of copepod and aggregate abundances, 
along with their respective size fractions, revealed distinct 
patterns between the 2 periods (Fig.  5 ). In TS1, copepods 

Fig. 3. Color images of different plankton and particle classes observed with the CPICS instrument during the TS1 and TS2 deployments on the OCEANS platform, Oshima 
Island, Japan.

D
ow

nloaded from
 https://spj.science.org on A

pril 22, 2026

https://doi.org/10.34133/olar.0132


Yamazaki et al. 2026 | https://doi.org/10.34133/olar.0132 6

predominantly ranged in size from 300 to 1,200 μm, while 
aggregates were concentrated in the 300- to 600-μm size 
range. TS2, however, showed a shift toward smaller copepods 
and aggregates, with sizes below 300 μm becoming more 
prominent.        

  Temporal patterns in total copepod abundance peaked in 
November 2014 and November 2015, both of which coincided 
with an increased proportion of larger particles. Aggregate 
abundance reached its highest levels in late October and early 
November 2014, dominated by smaller particles (<300 μm). 
There was a marked rise in the proportion of aggregates larger 
than 300 μm in November 2015, further emphasizing the dis-
tinct size distribution trends between the 2 periods.

  The abundance of aggregates exhibited substantial temporal 
variability, with peaks often aligned with increases in turbu-
lence levels (ɛ), particularly during TS1 (Fig.  6 A). In TS1, the 
occurrence of phytoplankton particles increased toward the 
end of October 2014 and the beginning of November 2014, 
coinciding with an increase in aggregate abundance. In con-
trast, the zooplankton particle counts showed little variation 

during this period. During TS2, however, the zooplankton 
abundance increased in early November 2015, whereas the 
phytoplankton abundance increased in January 2016 (Fig.  6 B).        

  Typhoons were recorded throughout both observation peri-
ods. The event of 2014 October 14 to 16 (Fig.  6 A) resulted in 
spikes in the turbulence levels and occasional gaps in the tur-
bulence data, accompanied by maxima in the resuspended 
mineral particle concentrations. Mineral particles were not 
observed at the same intensity in other typhoons during any 
time segment.

  During the TS1 period, 3 major storm events were recorded 
(Fig.  7 A), which were characterized by substantially elevated 
wave heights (Fig.  7 B). These storm events were associated with 
an increase in aggregate abundance (Fig.  7 C), from all size 
classes (Fig.  7 D).           

Shannon diversity index
  The Shannon diversity index was estimated from hourly data, 
and the time series showed both short-term fluctuations and 
long-term trends for TS1 and TS2 (Fig.  8 A and B). For both 

Fig. 4. (A and B) Relative abundances of major particle classes (phytoplankton, zooplankton, amorphous aggregates, compact aggregates, fecal pellets, and minerals) for 
the time series from October 2014 to January 2015 (TS1) and from October 2015 to January 2016 (TS2). (C and D) Relative abundances of the major phytoplankton (diatoms 
and cyanobacteria) and zooplankton taxa [chaetognaths, polychaetes, copepods, crustaceans (other), and other zooplankton taxa] for the same time intervals (TS1 and TS2).
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periods, the long-term trends were negative, with statistical 
analysis confirming the significance of the slopes and indicating 
a seasonal decline in diversity as the transition from autumn 
to winter progressed. Higher diversity values were recorded in 
October 2015, followed by a sharp decline in November 2015 
(Fig.  8 B). These fluctuations in diversity mirrored the temporal 
variability in turbulence data (Fig.  6 ), suggesting a potential 
link between physical mixing processes and shifts in planktonic 
community composition.           

Time series analysis
  The power spectrum density (PSD) analysis of the temperature 
time series (Fig.  9 A) revealed a consistent −5/3 slope across 
both datasets, indicating turbulent energy cascades typical of 
oceanic systems [  59 ]. In contrast, the PSD analysis of the hourly 
aggregate abundance showed a −5/3 slope at frequencies above 
the daily cycle. Longer timescales exhibited a −1 slope, com-
monly referred to as a pink-noise spectrum, which is charac-
teristic of biological systems (Fig.  9 B).        

  PSD analysis of the Shannon diversity index revealed a −1 
slope up to a 4-h cycle, with a clear daily peak observed in both 
datasets. However, for periods shorter than 4 h, the spectrum 
shifts to a white-noise pattern, indicating a loss of temporal 
autocorrelation at shorter timescales (Fig.  9 C).   

Multivariate analysis
  RDA revealed that axes 1 and 2 together explained 90% of the 
total variance, with RDA1 accounting for 68% and RDA2 con-
tributing 22% (Fig.  10 ). The influence of explanatory variables 
on response variables was highly significant (ANOVA, F = 11.5, 
﻿P = 0.001).        

  The RDA biplots (Fig.  10 ) show a clear separation between 
the 2 sampling periods. TS1 was characterized by higher sig-
nificant wave height (WH), salinity, and PAR values, whereas 
TS2 was associated with elevated abundances of phytoplankton, 
aggregates, and zooplankton. These results indicate that vari-
ability in aggregate abundance was strongly influenced by tur-
bulence intensity (ɛ). Additionally, zooplankton abundance was 
positively correlated with turbidity and chlorophyll-a fluores-
cence, suggesting that trophic interactions play an important 
role in shaping zooplankton dynamics.    

Discussion

  Research into physical–biological coupling in the ocean is heav-
ily dependent on available technology and sampling method-
ologies, with long-term and high-frequency measurements 
remaining rare. High-resolution environmental monitoring 
and digital imaging at coastal sites in Japan revealed that 

Fig. 5. Time series of daily averages of total (black bar graphs) and relative abundance (colored bar graphs) of (A) copepod size classes and (B) aggregate (amorphous + 
compact) size classes for both time intervals analyzed in this study, TS1 and TS2 (October 2014 to January 2015 and October 2015 to January 2016).
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plankton and particle (aggregate) abundance and diversity 
respond rapidly to changes in oceanographic conditions.

  Diversity estimates based on broad taxonomic categories 
reflect limitations of the CPICS imaging system, which lacks 
species-level resolution. Despite reduced taxonomic precision, 
it permits meaningful assessment of structural shifts in the 
plankton communities over time [  60 ,  61 ]. The inclusion of 
nonliving biogenic particles, such as fecal pellets and marine 
aggregates, enhances the ecological value of the diversity 

index. These particles, products of biological activity, influence 
microbial colonization, nutrient recycling, and vertical flux, 
offering a broader functional view of planktonic ecosystem 
dynamics [  62 ,  63 ].

  The primary environmental difference between the 2 data-
sets was the presence of distinct water masses, as revealed by 
the TS diagram (Fig.  2 ) and confirmed by RDA (Fig.  10 ). TS1 
(October 2014 to January 2015) was characterized by warmer, 
more saline waters, indicative of open-ocean conditions likely 

Fig. 6. Average daily abundance of aggregates, zooplankton, phytoplankton, and mineral particles (color bars) and the hourly rate of turbulent kinetic energy dissipation, ɛ, 
for TS1 (A) and (B) TS2. The law of the wall method was used to estimate ɛ, according to Tanaka et al. [21].
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influenced by the Kuroshio. In contrast, TS2 (October 2015 
to January 2016) exhibited cooler, less saline waters typical of 
coastal environments, potentially originating from Tokyo Bay. 
TS2 also exhibited increased compact aggregates and smaller 
zooplankton, particularly copepods, and a decrease in the per-
centage of diatoms. These findings align with prior observations 
linking coastal copepod abundance to low-salinity waters, i.e., 
elevated plankton standing stocks, particularly coastal cope-
pods, are associated with the intrusion of low-salinity waters 
in Kuroshio-influenced regions [ 58 ]. Such interannual variability 
is indicative of the dynamic exchange between oceanic (Kuroshio-
dominated) and continental shelf waters in the region. Temporal 
changes in plankton assemblages observed at fixed stations 

often reflect seasonal variations or small-scale horizontal 
advection [ 59 ], emphasizing the need to account for both tem-
poral and spatial factors when interpreting plankton commu-
nity dynamics.

  Short-term fluctuations in plankton diversity are closely 
linked to changes in turbulence levels. Wind-induced turbulence 
efficiently transports inorganic nutrients to shallow euphotic 
zones [ 60 , 61 ]. In combination with tidal currents, turbulence can 
promote sediment resuspension [ 46 ], as observed following the 
October 2014 typhoon and subsequent events. Although mecha-
nisms driving eukaryotic plankton diversity in coastal waters 
remain underexplored, it is plausible that dynamic processes, 
such as wave action, tidal mixing, and salinity fluctuations, favor 

Fig. 7. Time series (hourly averages) of turbulent intensity (A), wave heights (B), number of aggregates (C), and the composition of aggregate size classes for TS1 (D). The 
shaded vertical areas represent the 3 major storm events, marked in sequential numbers in the upper panel.
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species adaptation to high environmental variability [ 62 ]. This 
adaptability likely results in reduced diversity compared with 
open-ocean environments. Increased turbulence, turbidity, and 
nutrient inputs in coastal waters are often associated with elevated 
phytoplankton and zooplankton biomasses [ 63 ].

  The −5/3 slope recorded in the temperature time series for 
both observation periods is consistent with the turbulence 
theory, reflecting the presence of an inertial subrange and tur-
bulent mixing within the upper water column [  64 ]. For hourly 

aggregate abundance, PSD analysis indicated that short cycles 
(below daily timescales) were influenced by turbulence, whereas 
long-term fluctuations followed distinct nonlinear dynamics, 
exhibiting a 1/f slope characteristic of pink noise.

  RDA analysis indicated a strong positive correlation between 
turbulent energy dissipation rate (ɛ) and aggregate abundance. 
The coincident temporal trends of wind speed and turbidity sug-
gest that increases in particle abundance were dominated by the 
resuspension of aggregates from the bottom boundary layer. 

Fig. 8. Time series of the Shannon diversity index for (A) TS1, 2014/2015 and (B) TS2, 2015/2016.

Fig. 9. Power spectrum density (PSD) for each time series interval. (A) Temperature. (B) Aggregate (hourly data). (C) Shannon diversity index (hourly data).
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However, the formation of aggregates by particle collision due to 
elevated turbulence may have also contributed to the increase in 
aggregate abundance [ 5 ]. Furthermore, concurrent phytoplank-
ton and aggregate maxima in late October and early November 
during TS1 suggest that nutrient input from sediment resuspen-
sion can promote phytoplankton growth, with the subsequent 
sinking of phytoplankton contributing to aggregate formation.

  PSD analysis of the Shannon diversity index revealed a 1/f 
slope at low frequencies, indicating a self-organized system gov-
erned by nonlinear dynamics distinct from the turbulence spec-
trum. The observed 1-d periodicity in diversity aligns with the 
diel vertical migration (DVM) of zooplankton, which enhances 
surface diversity as deep-dwelling taxa ascend at night. These 
findings emphasize the importance of zooplankton behavior, 
particularly DVM, in shaping plankton and particle diversity, a 
factor often overlooked in DVM research [  65 ].

  High-frequency time series observations at the Japanese 
coastal site of Oshima demonstrated that plankton and particle 
abundance are strongly coupled with oceanographic properties. 
The observed alignment between low-salinity water intrusion 
and elevated plankton standing stocks highlights the interplay 
between oceanic and continental shelf waters, with variability at 
interannual scales. The correlations among turbulence, plankton 
diversity, and aggregate dynamics provide new insights into the 
ecological processes governing coastal marine ecosystems.   
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In August 2014, a cabled observatory was deployed off Oshima Island, south of Tokyo, Japan, and operated until
September 2018, yielding a 4-year dataset of oceanographic properties and plankton abundance at a fixed location. This
study highlights the variability of key physical and biological parameters observed during 2 distinct periods of this time
series. Data were collected using a suite of instruments such as thermistor chains, acoustic Doppler velocimeter (ADV),
acoustic Doppler current profiler (ADCP), conductivity, temperature, depth (CTD), turbidity and fluorescence sensor,
photosynthetically active radiation (PAR) sensor, wave height gauge, and CPICS (a plankton imaging system). Based
on these observations, the kinetic energy dissipation rate was estimated over time and its correlation with plankton
abundance, aggregate abundance, and plankton diversity was examined. The results demonstrated that temperature
fluctuations followed a #5/3 power-law spectrum across the observed frequency range, consistent with turbulence
theory. Plankton diversity, measured using the Shannon index, exhibited a power-law spectrum with a slope of #1 (f#1)
for harmonic components exceeding 4 h in duration, characterized by a daily peak corresponding to zooplankton diel
vertical migration. Long-term measurements of turbulence remain scarce but are crucial for understanding seasonal to
interannual variability in plankton and particle dynamics. These findings underscore the importance of ocean mixing in
regulating size distribution and abundance, offering insights into the interplay between physical and biological processes
in coastal ecosystems.
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