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Abstract  

Pelagic photosynthesis and respiration serve critical roles in controlling the dissolved oxygen 
concentration (DO) in seawater. The consumption and production via pelagic primary production 
are of particular importance in surface ocean and in shallow aquatic ecosystems where 
photosynthetically active radiation (PAR) is abundant. However, the dynamic nature and large 
degree of heterogeneity in these ecosystems pose substantial challenges for providing accurate 
estimates of marine primary production and metabolic state. The resulting lack of data in these 
systems hinders efforts in scaling and including primary production in predictive models. To 
bridge the gap, we developed and validated a novel automated water incubator that measures in-
situ rates of photosynthesis and respiration. The automated water incubation system uses 
commercially available optodes and microcontrollers to record continuous measurements of DO 
within a closed chamber at desired intervals. With fast response optodes, the incubation system 
produced measurements of photosynthesis and respiration with hourly resolution, resolving diel 
signals in the water column. The high temporal resolution of the timeseries also enabled the 
development of Monte-Carlo simulation as a new data analysis technique to calculate DO fluxes, 
with improved performance in noisy timeseries. Deployment of the incubator was conducted near 
Ucantena Island, Massachusetts, USA. The data captured diel fluctuations in metabolic fluxes with 
hourly resolution, allowed for a more accurate correlation between oxygen cycling and 
environmental conditions, and provided improved characterization of the pelagic metabolic state. 
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Introduction 

The increasing demand for pelagic primary production and respiration data has prompted recent 

methodological developments, aimed at providing a more accurate and cost-effective way to 

quantify metabolic processes (Ducklow and Doney, 2013; Collins et al. 2018; Long et al. 2019). 

Estimates of aerobic respiration and primary production in marine ecosystems are crucial for 

research and modeling efforts across a wide range of disciplines in marine and environmental 

sciences (del Giorgio and Williams, 2005; Staehr et al. 2012). For example, measurements of 

respiration and primary production determine the metabolic state of marine ecosystems (i.e., 

autotrophic or heterotrophic), help identify metabolic processes in the meso- and bathypelagic 

zone, and validate biogeochemical fluxes in global climate models (Reinthaler, et al, 2010; Duarte 

et al. 2013; Williams et al. 2013). The measurements of these two metabolic parameters can also 

provide crucial data for management practices such as wastewater treatment and coastal/estuarine 

restoration (Spanjers et al. 1994; Benway et al. 2016).  

Despite the growing demand and importance of metabolic rate measurements, the development of 

reliable new methods has not kept pace (del Giorgio and Williams, 2005). Recent research has 

reported a large degree of uncertainty in metabolic measurements as traditional methods suffer 

from various biases such as bottle effects, mismatch of spatiotemporal scales, and the 

heterogeneity and complexity of the open ocean (Ducklow and Doney, 2013; G. Najjar et al. 2018). 

Most methods of measuring metabolic rates fall into two categories: (1) in-vitro incubation 

techniques track the rate of change in DO or dissolved inorganic carbon (DIC) in discrete water 

samples, while (2) in-situ techniques utilize geochemical tracers such as isotopic compositions of 

DO or DIC within water masses. Early measurements of pelagic respiration rates were often 

generated with in-vitro methods. This class of in-vitro incubation approach includes two-point 
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incubations utilizing Winkler titrations (Gaarder and Gran, 1927), 14C-spiked incubations (Nielsen, 

1952), or electron transfer activities (Kenner and Ahmed, 1975). In-vitro incubation methods are 

sensitive to short-term perturbations, such as diel variability, vertical plankton migration, 

upwelling, and weather events. Moreover, the two-point measurements provide flexibility to 

sampling procedures and experimental designs, especially for shipboard operations. These 

advantages have led to the continued dominance of in-vitro approaches in metabolic process 

measurements, with few methodological advancements over time.  

By contrast, the application of in-situ methods has increased considerably due to advancements in 

instrumentation and sensing technologies. Recent technological advancements in optical sensors 

and mass spectrometry have enabled wider spatiotemporal coverage (Moore et al. 2009; Goldman 

et al. 2015). With continuous improvements in optical sensor technology and analysis techniques, 

low-power optical sensors and instruments are increasingly adapted by underwater autonomous 

vehicles and mooring platforms. The developments in in-situ geochemical tracer techniques and 

the integration of sensors are essential to long-term autonomous deployments and monitoring. 

However, the in-situ techniques also come with technical difficulties in resolving short-term 

perturbations inherent in the natural environment. 

In-vitro and in-situ methods have respective advantages and faults, which have been debated for 

their unexplained discrepancy between the rates estimated by each method. For example, the in-

situ O2/Ar technique tends to yield positive net community production (NCP) while the in-vitro 

incubation techniques tend to indicate net heterotrophy at the same study site (Williams et al. 2004; 

Quay et al. 2010). The discrepancy can be organized into two categories of potential bias: (1) the 

time scale and processes targeted by the given methods and (2) the uncertainty inherent in the 

method chosen to quantify rates. Firstly, the in-vitro incubation approach tends to provide a 
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snapshot of the metabolic state of the ocean (e.g., the instance at which a water sample is taken) 

while the in-situ geochemical tracer approach focuses on steady-state and equilibrium on a longer 

timescale (e.g., integration of biological activity over days to weeks, depending on the residence 

time of tracer used).  In this comparison, short-term natural perturbations of the water column can 

drastically alter in-vitro incubation results. Comparatively, the in-situ geochemical tracer methods 

tend to smooth out short-term variability by assuming steady state of the tracer budget (e.g., O2, 

13C). However, the in-situ approach requires integrating across the water column, where complex 

and unresolved physical transport processes such as vertical mixing, lateral advective, and air-sea 

gas exchange increase uncertainty in the resulting rates (Williams et al. 2013). The depth of 

integration can also bias, attenuate, or result in a lack of resolution in rate estimates (e.g., mixed 

layer depth, photic depth) (Palevsky & Doney, 2018). Both in-vitro and in-situ methods also lack 

sufficient temporal resolution to describe diel cycling of metabolic processes. The in-situ method 

can only resolve equilibrium on the longer timescale (e.g., weeks), while in-vitro incubations often 

determine metabolic rates with two-point measurements (i.e., beginning and end of incubations, 

often on the scale of days).  

In addition to bias in timescales and the targeted processes, the inherent uncertainty in chosen 

analytical methods also contributes to overall bias. For example, the in-situ O2/Ar method via mass 

spectrometry is estimated to have 0.05% uncertainty for the O2/Ar ratio, better than the ~1% 

uncertainty in O2 concentrations produced by Winkler titrations (Hamme and Emerson, 2006). In-

vitro incubations have also been plagued by contamination and disruption during sampling and 

preparation processes, biasing the results by hindering metabolic processes or changing the 

microbial community structure in unexpected ways (Suter et al. 2017). The discrete sampling of 

in-vitro methods also suffers from “bottle effects”, where unsystematic errors and heterogeneity 
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in the ocean are amplified by sampling and analyses procedures. In-vitro incubations also often 

suffer from unrepresentative incubation conditions where laboratory incubations fail to reproduce 

the complex variation in the natural environment such as temperature, pressure, and light level 

fluctuations. Failing to emulate key environmental conditions affects processes dependent on those 

conditions (i.e., photosynthesis is primarily driven by light, and respiration rates are tightly linked 

to temperature, pressure, and availability of nutrients). 

Recently, technological advances in sensors and engineering controls have led to the development 

of automated water incubators that can be constructed at lower costs while having higher sampling 

frequencies. This new class of in-situ instrumentation has sought to build upon and integrate the 

most advantageous components of previous in-vitro and in-situ methods. Pioneering examples 

include benthic flux chambers and recent developments of small bottle incubators (Lee et al. 2015; 

Collins et al. 2018; Long et al. 2019). These incubators combine commercially available sensors 

and embedded microcontrollers to automate measurements. The increased temporal resolution of 

data collected from fast response sensors also enables more rigorous statistical analyses that 

increase metabolic rate accuracy. 

Here, we describe an automated light and dark chamber incubation system for measurements of 

respiration and primary production with a high temporal resolution. Our automated incubator 

system can resolve hourly metabolic fluxes in a self-contained unit. The automated incubation 

system minimizes the impacts of biofouling using ultraviolet (UV) LEDs and UV transparent 

materials. Data analysis using Monte-Carlo simulation techniques to determine high-frequency 

and robust estimation of metabolic rates. Finally, we provide recommendations for incubation 

lengths based on the targeted metabolic rates and signal-to-noise ratio of the sensor used. Overall, 

this new class of automated, in-situ incubation systems is expected to be highly useful in 
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determining high-resolution pelagic metabolic rates that can be implemented on a range of ocean 

moorings, vehicles, and floats to provide vital rates for global ocean modeling. 

Method and Materials 

Study site 

The incubation system was deployed on the south shore of Uncatena Island, a small island located 

on the southern end of Cape Cod in Massachusetts, U.S.A. (Figure 1). The instrument was attached 

to an anchor ~70 m offshore from a sandy beach at ~1.5 m deep (41o 31’3” N, 70o 42’3” W) over 

4 test deployments between August and October 2021. The benthic surface at the deployment site 

was dominated by seagrass (Zostera marina), underlaid by mixed gravel, and mud sediments.  

 

Figure 1. (a) A map showing the location of deployment site at the southern end of Cape Cod 
(MassGIS), (b) and the automated incubator displayed at deployment site near Ucantena Island. 

 

Automated Incubation System 

An automated incubation system was developed to conduct hourly incubations and produce 

oxygen consumption/production rates. This design improved upon recently developed systems for 

both open ocean mooring and shallow coastal applications (Collins et al. 2018; Long et al. 2019). 
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The automated incubation system consisted of three incubation chambers, all capable of producing 

incubation measurements independently (Figure 1b). The main body of the system was machined 

out of Delrin plastic, hosting incubation chambers, pumps, and UV LEDs. The top half of the main 

body was three 1-liter cylindrical chambers for seawater incubations. The top side of the incubation 

chambers were enclosed by clear UV-transparent plastic (Arkema Oroglas UVT), quartz, or black 

Delrin plates to produce light and dark chambers, respectively. A low-pressure check valve was 

mounted near the highest level of each chamber for flushing, while another check valve acted as 

the chamber inlet and was located at the base of the incubation chamber. A sampling port for 

manual seawater extraction enabled water sampling for additional lab analyses. The bottom of 

each chamber was enclosed with a UV-transparent quartz plate to enable biofouling control within 

the chambers (see below). A PyroScience OXROB3 optode was inserted along with a thermistor 

to monitor DO concentration and temperature in each chamber. The bottom half of the main body 

was housing for UV LEDs, heatsinks, and pumps. Each chamber had a dedicated EWP-

DC30A1230 pump (1.6 L minute-1) with a 500 μm stainless steel mesh inlet filter. For UV 

irradiation, an IRTRONIX CA3535 chip was used for each chamber, which hosted a four-by-four 

array of 275 nm UV-C LEDs with 290 mW of radiant power output per array. The UV LED chips 

were mounted in the center of their housing at a distance of 5cm from the chamber to ensure the 

viewing angle of the LED chip overlapped with the quartz window on the bottom of each 

incubation chamber. The mounting position ensured that all surfaces of the chamber is irradiated 

during the biofouling control process. An external LED chip was mounted in a waterproof housing 

to irradiate the outside of the acrylic top plate, to prevent external biofouling that could reduce 

light transmission into the chamber (or a quartz top plate was used). A separate pressure housing 

contained a microcontroller (Teensy 3.6), electronic control units, PyroScience DO measurement 
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modules, analog-digital converters (ADC), and batteries (Figure 2). All UV LEDs and pumps were 

controlled by latching relays. Each LED chip was powered by a 500-mA constant current driver 

(Recom Power RCD24-0.50). Each PyroScience module was connected to a 16-bit Adafruit ADC 

board (ADS1115) for differential analog to digital conversion (ADC). 

 

Figure 2. Schematic showing system architecture and wiring of the automated incubation system. 
The automated incubation system is in triplicate of this conceptual diagram. The Teensy 3.6 serves 
as the microcontroller and data logger. An internal and external LED, PyroScience sensor module, 
pump, relays, ADC, and LED power conditioning unit (drivers) are shown in this diagram. The 
complete instrument contained triplicates of each chamber and associated components. 

 

In this study, the incubation system was programmed to conduct one-hour incubations. At the 

beginning of each hour, the sampling pump was triggered for a 5-min flushing period, flushing 

each chamber ~7 times (e.g., 0:00 to 0:05 minutes). After flushing, individual incubation chambers 

were sealed by the check valves for 50 minutes (e.g., 0:05 to 0:55 minutes), during which the 

integral optode and thermistor monitored DO concentrations continuously. At the end of the 

incubation period (e.g., minute 0:55), the UV LEDs were activated to irradiate the chamber for 5 

minutes (e.g., 0:55 to 0:00) to minimize biofouling.   
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UV Biofouling Control 

Biofouling occurs on all oceanographic instrumentation, often affecting the precision and accuracy 

of measurements that are exacerbated by extended deployment times (Ward, 2021).  For 

measurements of pelagic productivity, the incubation system requires biofouling control to ensure 

the measurements do not exhibit a baseline shift in magnitude due to enhanced growth on surfaces 

or reductions in natural light supplied to each chamber. To assess the effectiveness of UV LED as 

biofouling control, experiments were designed based on a recent study reporting that biofilm 

growth on plastic films in the ocean was strongly linked to reductions in light transmittance 

(Nelson et al. 2021). The incubation system was submerged in a freshwater tank, supplemented 

with a natural microbial community. The incubation system was programmed to function as a 

normal field deployment. The UV LEDs irradiated each chamber hourly for different periods of 

time before the pumps flushed and renewed water samples within each incubation chamber. 

Triplicate low-density polyethylene (LDPE) films were placed in chambers programmed with 

different UV dosages for 27 days. Biofouling on the LDPE films was subsequently measured using 

the light transmission port of a UV-visible spectrophotometer (PerkinElmer Lambda 650s; Nelson 

et al. 2021). The UV dosages were varied by controlling irradiation time: 0, 5, and 10 minutes per 

hour-long incubation. The UV dosage is calculated from the UV irradiation level measured by a 

spectral radiometer (StellarNet Solar-Rad). In addition to UV treatments, LDPE samples were 

placed in a saturated mercury chloride solution as an abiotic control.   

Metabolic Rate Calculation with Monte-Carlo Simulation 

The automated incubation system offered improved temporal resolutions within each incubation 

period with ~1Hz sampling frequency compared to traditional methods, providing more statistical 

context for understanding metabolic processes. In this study, Monte-Carlo simulation was utilized 
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to extract the predominant oxygen consumption/production rates from the DO concentration data. 

For rate extraction via the Monte-Carlo simulation, a sample set of two DO concentrations was 

randomly sampled within the defined incubation time series, and the slope (Rs) between the given 

two points was calculated by equation 1:  

𝑅𝑅𝑠𝑠  =  
[𝑂𝑂2]𝑓𝑓− [𝑂𝑂2]𝑖𝑖

𝑡𝑡𝑓𝑓− 𝑡𝑡𝑖𝑖
         Equation 1. 

where Rs is the calculated slope for the given sample set, [O2] is the DO concentration and t 

represents the elapsed timestamp for each point in the random sample set. The f subscript marks 

the endpoint while the i subscript marks the beginning point (earlier time) of the sample set.  The 

technique then repeated random sampling and slope calculations over 2000 designated repetitions. 

Histograms were generated from all 2000 Rs values for each incubation period. All Rs were then 

binned by predefined binning resolutions (i.e., 500 bins for 2000 repetitions of Rs in this study). 

The mean value of peak bins with a combined weight of over 80% sample size was then calculated 

as the representative oxygen production/consumption rate (Rc) of the given incubation period by 

Equation 2:  

𝑅𝑅𝑐𝑐 =  �
𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠
𝑛𝑛

   

𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠 =  {𝑅𝑅𝑖𝑖 ∈ 𝑎𝑎𝑎𝑎𝑎𝑎 𝑅𝑅𝑠𝑠�𝐸𝐸𝑙𝑙𝑙𝑙𝑙𝑙 < 𝑅𝑅𝑖𝑖 < 𝐸𝐸ℎ𝑖𝑖𝑖𝑖ℎ�, 𝑛𝑛 = |𝑅𝑅𝑠𝑠𝑠𝑠𝑠𝑠| > 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 × 80% Equation 2. 

where Ehigh and Elow are the higher and lower boundary of Rset selected for Rc calculation. In 

addition to calculating Rc, this study also investigated the optimal incubation length with the 

Monte-Carlo simulation technique. The goal was to quantify the shortest possible incubation 

length given the expected DO flux and signal-to-noise ratio (SNR) of the sensor used. The shortest 

possible incubation length was calculated by applying Monte-Carlo simulation on an artificially 
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generated dataset (A) with a given rate of change (a) and SNR (i.e., a straight line with a known 

slope and randomly generated noise according to a given SNR from the sensor used). The Monte-

Carlo simulation was applied on increasing portions of the dataset until the simulation results 

correctly predicted the rate of change (i.e., the model repeated the simulation with increasing 

lengths of the dataset until the 5% error criteria was achieved). The shortest incubation length 

required (toptimal) was then calculated based on the sampling frequency of sensor used (Equation 

3). 

𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = |𝐴𝐴| × 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓,𝐴𝐴 = {𝑦𝑦 |𝑦𝑦(𝑥𝑥) = 𝑎𝑎𝑎𝑎 + 𝑆𝑆𝑆𝑆𝑆𝑆}  Equation 3. 

Results 

Efficiency of UV Biofouling Control 

The 27-day testing of different UV treatments (0, 5, or 10 minutes per hour) yielded substantial 

differences in biofouling, as inferred through the decrease of light transmission through the plastic 

films. The total UV dose (kJ) at the top of the incubator was calculated by multiplying the radiant 

power output by exposure time; the 5-minute UV irradiation (~5W m-1) was equivalent to ~15 kJ, 

and the 10-minute UV irradiation was equivalent to 30 kJ. The extent of biofouling in each 

treatment was quantified at two major chlorophyll absorption peaks, 430-450 nm, and 665-685 nm 

(Figure 3a).  

In the 430-450 nm region, the integrated transmittance exhibited significant differences between 

the UV-treated samples and the non-UV-treated samples (Figure 3b). On the third day of this 

timeseries, the transmittance of non-UV-treated samples decreased to ~84% while the 

transmittance of UV-treated samples stayed at ~88% for the first week of the trial. A general trend 

of decreasing transmittance was observed in the second half of the 27-day trial. On day 4, control, 
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UV treated, and non-treated showed significant differences (p-value < 0.05), while the UV-treated 

groups (5 and 10 minute irradiation) did not show significant differences via ANOVA test. The 

UV-treated groups showed efficacy for controlling biofouling until after day 24. On day 27, the 5-

minute UV irradiation treatment group was not significantly different from the non-treated group. 

 

Figure 3. (a) Example spectra compilation from non-UV treated samples showing the evolution of 
transmittance spectra over time. Each line represents a transmittance spectrum at a given time point 
when LDPE films were retrieved and measured. (b) Integrated transmittance (%) for 430-450 nm 
wavelengths. The four treatment groups ranged from no UV exposure (yellow) to a dosage of 30 
kJ m-2 at the end of each incubation cycle (blue). 

 

Stability of Monte-Carlo Technique 

The Monte-Carlo simulation technique relied on randomized sampling to generate histograms of 

the estimated rates for each incubation— each simulation may generate slightly different 

estimations as a result of randomized sampling (Figure 4). It is important to ensure the stability of 

the simulation outcome by using appropriate simulation parameters. Simulation parameter testing 

was conducted on a set of artificially generated samples with known statistical properties such as 

linear slope (Rs = 1) and noise-to-signal ratio (± 20% noise). The Monte-Carlo technique was 

applied with various parameters (e.g., number of repetitions, the width of bins, mean value 
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averaging criteria). The mean rate simulation results indicated the general simulation outcome 

reached stability as soon as the number of repetitions exceeded 2000, stability was indicated by 

the mean rate prediction (Figure 5a) and error of simulation outcome. The error of the simulation 

outcome was suppressed by increasing the number of repetitions, declining to lower than 2% 

uncertainty once the number of repetitions exceeded 4000 (Figure 5b). This test conceptually 

supported the use of the Monte-Carlo simulation technique in this application, since the noise 

magnitude from the optodes was much lower than the artificial dataset, and each incubation period 

provides an ample number of data points (~3000) for randomized sampling.  

 

Figure 4. 4a shows an example DO time series from test deployment (8/26/2021). The rapid DO 
concentration shift indicates flushing of the incubation chamber at the end of each incubation 
period. The red dash lines represent the duration of one incubation period. 4b shows an example 
outcome histogram of Monte-Carlo simulation on a selected incubation period. The mean value 
within the 80% weight boundary is extracted as the DO consumption/production rate.   
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Figure 5. 5a illustrates the stability of Monte-Carlo simulation techniques with an increasing 
number of repetitions. The given dataset has a known slope (S = 1). The red line in 5a represents 
a linearly fitted line and the dash lines represent 1 standard deviation of prediction groups, 
suggesting the mean simulation results are effective at producing correct results even with added 
noise. 5b shows the decay of error in simulation as the number of repetitions increases. The % 
error of estimations is suppressed to below 2% after ~4000 repetitions. 

 

Field Deployments and Data Products 

The automated incubator was deployed for approximately 72 hours four times throughout the 

summer of 2021. The incubator was programmed to generate DO measurements at ~1Hz; each 

incubation period consisted of roughly 3000 measurements of DO concentration. The Monte-Carlo 

simulation was then applied to the time series of each incubation period respectively, generating a 

DO consumption/production rate (μMole L-1 hr-1) for each hourly incubation. Field data shows 

hourly DO production rates from the light chamber and the DO consumption rate from the dark 

chamber (Figure 6). 
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Figure 6. An example of field data at Ucantena Island on 8/26/2021-8/29/2021. The hourly O2 
fluxes are calculated for light (yellow bars) and dark chambers (blue bars). The red line represents 
hourly integrated PAR measurements. Data suggests that the automated incubation system is 
sensitive to short-term environmental conditions (e.g., diel cycles, PAR fluctuations). 

 

The automated incubator was deployed for approximately 72 hours four times throughout the 

summer of 2021. The incubator was programmed to generate DO measurements at ~1Hz; each 

incubation period consisted of roughly 3000 measurements of DO concentration. The Monte-Carlo 

simulation was then applied to the time series of each incubation period respectively, generating a 

DO consumption/production rate (μMole L-1 hr-1) for each hourly incubation. Field data shows 

hourly DO production rates from the light chamber and the DO consumption rate from the dark 

chamber (Figure 6). 

With hourly O2 fluxes calculated, more in-depth analyses were conducted to resolve the magnitude 

of photosynthesis and respiration. In respiration analysis, the goals were to determine 1) the mean 

respiration rate and 2) the required incubation length to achieve stable DO flux estimates. Instead 

of applying Monte-Carlo simulation to the full-length of DO timeseries in experiments, this 

analysis estimated rates with only part of the incubation length. Here, the Monte-Carlo simulation 

was applied to the first 5 minutes of the time series in each dark incubation experiment (n = 73), 

and then 10 minutes, and so on until the full length of the incubation experiment is reached (Figure 
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7a). A mean hourly respiration rate was calculated to be -1.62±1.17 μmol L-1 hr-1 O2 at the 

deployment site. 

For photosynthesis rate estimation, a trend between photosynthetically available radiation (PAR) 

and the oxygen production rate in the light chamber was observed in Figure 6. The oxygen 

production rate showed sensitivity to short-term fluctuation in hourly averaged PAR (Figure 7b). 

The relationship between PAR and photosynthetic DO fluxes can be characterized by comparing 

all in-situ hourly DO fluxes from the light chamber and the hourly integrated PAR measurements. 

In this analysis, DO flux from gross primary production (GPP) during the daytime (i.e., when 

underwater PAR measurements are non-zero) was calculated by adding the previously calculated 

mean respiration to net primary production (NPP) (Figure 7b). A logarithmic curve was fitted to 

indicate the general correlation between PAR and photosynthesis. The fitted curve indicated a light 

compensation point of 82.2 μMole s-1 m-2 and decreasing photosynthetic efficiency as PAR 

increased. However, light saturation was not apparent and GPP continued to increase across all 

measured light levels. Further, the DO flux rate could be compiled into an averaged diel DO flux 

estimate (Figure 8). The diel DO flux roughly follows the trend of averaged PAR and suggested 

that hourly photosynthetic fluxes were higher in the morning when compared to those in the 

afternoon with similar PAR levels (also see Figure 7b). Notably, the DO fluxes during dawn and 

dusk hours had higher uncertainties, reflecting the variability of DO flux directions during 

crepuscular periods. Finally, the daily net ecosystem metabolism (NEM) was calculated directly 

from the summation of the DO fluxes over 24hrs (Eq. 4) and then the GPP was calculated by 

equation 5: 

𝑁𝑁𝑁𝑁𝑁𝑁 = ∑ (ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝐷𝐷𝐷𝐷 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)24    Equation 4. 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 𝐷𝐷𝐷𝐷 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑁𝑁𝑁𝑁𝑁𝑁 = 𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑅𝑅  Equation 5. 
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The NEM at the deployment site was 2.56 ± 10.02 μmol O2 L-1 d-1, and the GPP was 49.59 ± 15.26 

μmol O2 L-1 d-1. These estimates indicated that the water column was near the metabolic balance, 

driven by the high photosynthesis during the day. We observed no apparent seasonal trend across 

4 deployments. Mean respiration rates and photosynthesis-PAR relationship were comparatively 

stable between late August and early October as the daily temperature range in the water was stable 

roughly between 24-29 ⁰C. 

S

 

Figure 7. 7a shows respiration rates with different time constraints. The error boundary represents 
the furthest deviation of Monte-Carlo simulation results at the given time limit. 7b shows the 
correlation between photosynthetic rates in μMole L-1 h-1 O2 and PAR from all test deployments. 

 

Figure 8. Averaged diel DO fluxes compiled from all field deployments. The diel signal was a 
result of the averaging of 4 testing deployments, each deployment spans ~72 hours. The error bar 
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indicates the standard deviations of the respective hourly DO fluxes. The red line is the hourly 
average PAR over all test deployment dates. 

 

Optimal Incubation length 

The optimal incubation length can be estimated by Monte-Carlo simulation using artificially 

generated timeseries (sampling frequency of 1 Hz), the sensor SNR, and the expected rate of 

change (e.g., O2 flux) (Figure 9). The SNR and incubation length exhibited a relationship of 

exponential decay while the incubation length and expected O2 flux share a polynomial correlation. 

The relationships between all three variables can be summarized in Equation 6: 

𝑡𝑡𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = 16.3 + 3.46 × 10−4 𝑆𝑆𝑆𝑆𝑅𝑅2 ×  𝑅𝑅𝑐𝑐 + 0.0713 × 𝑆𝑆𝑆𝑆𝑆𝑆 × 𝑅𝑅𝑐𝑐 − 0.332𝑅𝑅𝑐𝑐   

+47.51𝑒𝑒−16.5𝑅𝑅𝑐𝑐 × 𝑆𝑆𝑆𝑆𝑆𝑆 − 1.36𝑆𝑆𝑆𝑆𝑆𝑆     Equation 6. 

The toptimal on the left side of the equation represents the shortest incubation time required for 

accurate rate prediction. With modern optodes, the SNR is generally low enough to allow a very 

short incubation period according to Equation 6. The incubation length can be as short as 15 

minutes, as shown by the “flat plane” area in Figure 9.  
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Figure 9. The surface represents the minimal incubation length needed to resolve targeted fluxes. 
The three red dots represent previous studies utilizing automated incubation techniques (Collins et 
al. 2019; Long et al. 2019). Point a, b, and c correspond to Collins’ 2019 study in the North Atlantic 
basin, Long’s 2019 study in Hog Reef, Bermuda, and Long’s 2019 study in South Bay, Virginia, 
respectively. 

 

Discussion 

This study demonstrates the ability to quantify pelagic DO fluxes and their hourly variation in a 

shallow coastal ecosystem using an automated incubator. The DO optodes provide a high temporal 

resolution time series, enabling high-frequency (hourly) measurements of pelagic primary 

production and respiration. The high data density of the DO concentration time series allows the 

use of the Monte-Carlo simulation technique as opposed to the traditional calculation (e.g., two 

endpoints or linear regression). The Monte-Carlo simulation technique can resolve the dominant 

DO rates without the bias apparent in the linear regression models, especially when the time series 

does not resemble a straight-line shape. The hourly fluxes were useful for modeling the 

correlations between gross primary production (GPP) and available PAR, which was not possible 

with previous, lower-resolution techniques. The compilation of hourly flux rates also enabled 
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estimation of mean pelagic rates at the deployment site. Resolving these fluxes with higher 

temporal resolutions is essential for correctly assessing parameters of ecosystem metabolism such 

as NEM and GPP and determining the environmental drivers of these processes.  

UV Treatment 

UV treatment is the best candidate for a non-invasive, non-chemical approach for biofouling 

control. UV disinfection has been used for wastewater treatment and drinking water disinfection 

since the 1950s (Kruithof et al. 1992). Some UV wavelength is absorbed by nucleic acids in 

microorganisms, hindering the reproductive ability of targeted microorganisms to achieve 

inactivation (Gates, 1930). To mitigate the potential bias from biofouling in our deployments, the 

most effective UV dosage of 30 kJ m-2 was chosen. In this study, UV transparent plastic or quartz 

plates were installed over the light chamber to ensure sufficient UV dosage for the outside surface. 

Biofouling control outside of the chamber is especially important for light incubations. We 

observed no visible biofouling in or outside of the incubation chambers for both the UV transparent 

plastic covered chamber (with supplemental, external UV light) and the quartz covered chamber. 

The UV transparent plate needed external UV light because it only transmitted ~50% of UV 

irradiation while the quartz plate transmitted ~95% of UV irradiation. The UV dosage of our 

incubation system exceeds the EPA recommendations for UV disinfection by ~100 times for 

eliminating 99% of pathogens in drinking water (Schmelling, 2006), suggesting that a higher UV 

dosage may be required to maintain long-term biofouling control in marine applications. Such a 

high UV dosage relies on high power input, posing significant challenges for in-situ 

instrumentation. Recent studies have shown that given sufficient UV dosage, pulsing UV 

irradiation is more effective than continuous UV irradiation (Olsen et al. 2016; Zou et al. 2019). 

Pulsing UV irradiation also provides the technical advantage of driving UV LEDs with a higher 
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current to provide higher output, since LEDs can endure short periods of higher forward current. 

With pulsing UV irradiation, the irradiation duty cycles, and pulsing frequencies can be adjusted 

to minimize power consumption while maintaining high efficacy of biofouling control in future 

applications. 

Non-linear Behavior in DO Timeseries 

The Monte-Carlo simulation technique provided an important opportunity to improve timeseries 

analysis workflow. Segments of short DO time series data (e.g., 1 hour) often exhibited 

complicated behavior rather than an ideal straight line. The DO fluctuation represented not only 

the effects of photosynthesis and respiration but also the potential biases that contribute to the 

unsystematic behavior in the DO time series (Ducklow and Doney, 2013; Collins et al. 2018). 

Monte-Carlo simulation techniques were introduced to investigate the behavior of such complex 

systems (Harrison, 2009) and were employed here to reduce errors associated with simpler 

regression techniques. For example, a sharp decrease of DO concentration is occasionally observed 

from the dark chambers during daytime (Figure 10b). This is consistent with the observed “deep 

breath” phenomenon in a range of respiration research (Robert, 2012; Guillemette, McCallister, 

and del Giorgio, 2013). In the deep breath phenomenon, it is proposed that highly labile dissolved 

organic carbon (DOC) is rapidly respired during the initial phase of the incubation. The rate of 

respiration subsequently slows as the community shifts from the highly labile to semi-labile 

fractions of DOC. In other instances, the DO concentration showed net production for a portion of 

the incubation, then reverted to DO consumption after the initial production phase in the dark 

chamber. This observation can potentially be attributed to micro-bubble accumulation inside the 

chamber or on the optodes (Wikner et al. 2013; Collins et al. 2018).  
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While these examples could be ascribed to some other potential processes such as photorespiration, 

tidal influences, variability in temperature, variability in ambient light, mixing within the chamber, 

and inherent bottle effects, it is difficult to untangle the probable cause via hourly incubations 

(Bender et al. 1999; Jacquet et al. 2001; Robinson et al. 2002). Regardless, the Monte-Carlo 

simulation, as a probability simulation technique, does not depend on the shape of the entire time 

series to make predictions. As shown in Figure 10, Monte-Carlo simulation tends to generate rate 

estimates for the “predominant” trend in timeseries data— enabling quantification of the driving 

processes in timeseries data. The Monte-Carlo simulation technique is also important for 

developing a universal data analysis workflow since it requires minimal quality control for the raw 

data. This workflow is also essential in developing a protocol for autonomous incubation and 

operation (see Comments and Recommendations). 

It is worth mentioning that the probability distribution of DO consumption/production rate can 

change depending on the random sampling function used (Harrison, 2009), and the number of 

repetitions set for simulation. In this study, a uniform probability distribution function is used to 

give equal probability in random sampling throughout the given incubation time series. The 

number of repetitions controls the density of the outcome histogram. The Monte-Carlo simulation 

tends to produce a “sharper” peak in the probability distribution spectrum with a significant 

proportion of calculated rates residing within the peak bin, while an insufficient number of 

repetitions often leads to a “flatter” probability distribution spectrum. An insufficient number of 

repetitions produces results more susceptible to the stochastic nature of random sampling. The 

convergence of simulation results with an increasing number of repetitions also suggests the 

linearity of respiration and photosynthesis rates under stable environmental conditions on an 

hourly timescale (del Giorgio and Williams, 2005). 
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Figure 10. Comparison between different O2 flux estimation methods. This figure sets show three 
different scenarios of raw data collected from field deployment on 8/26/2021-8/29/2021. Each 
subplot shows raw data and flux estimation from an incubation experiment (i.e., 50 minutes). 10(a) 
shows a simple respiration incubation, where the raw data evolves linearly, and all three flux 
estimation methods agree well with each other. 10(b) shows a sharp decrease of O2 concentration 
and slow rebound. In this case, linear model failed to recognize either the downward or upward 
trend. 10(c) shows a sharp increase in O2 concentration and then a steady drawdown. In this case, 
the two-point method failed to recognize any trend while the linear model was biased by the shape 
of the time series. Monte-Carlo simulation was affected by the sharp increase in O2 concentration 
but produced results closer to predominant, steady decrease of O2 concentration. 

 

Comments and Recommendations 

Automated sampling, high-frequency DO measurements, and new data analysis approaches have 

enabled this automated incubation system to sample and produce hourly DO fluxes. Resolving 

hourly fluxes is a significant improvement in temporal resolution compared to traditional in-situ 

and in-vitro methods. The recurring hourly sampling strategy also alleviates potential biases by 

providing many replicates through time. Data with high temporal resolution is also essential for 

resolving DO fluxes in dynamic environments such as coastal and estuarine ecosystems. In 

addition to applications in coastal and estuarine systems, the automated incubation system can also 

provide insight into sub-daily variation in the euphotic surface ocean, where metabolic rates 

remain largely unresolved due to the heterogeneity and complexity of biophysical interactions 
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(Ducklow and Doney, 2013). The hourly fluxes can also be integrated over time to produce the 

mean pelagic metabolic state. Integrating fluxes over time also provides better estimates of 

uncertainty/variability associated with metabolic fluxes in the open ocean (i.e., uncertainty in 

traditional methods is usually associated with analytical errors instead of variability in the natural 

environment). Automated hourly measurements can also provide more information for other acute 

environmental variations that influence metabolic activity in the water column as evidence 

suggests that metabolic rates change significantly on daily and hourly timescales (Caffrey, 2004; 

Staehr et al. 2012). There are numerous logistical advantages of automated incubation, including 

the acquisition of more data without the preparation of shipboard or laboratory incubations, and 

sampling in more inaccessible environments where acquiring and physically tending to samples is 

difficult.  

The UV LEDs mitigate the previous concern of biofouling and the requirements of constant 

maintenance (Collins et al. 2018; Long et al. 2019). Biofouling control consumes the most power 

in this incubation system as an essential function. However, pulsing UV LEDs at shorter duty 

cycles and higher frequencies presents a promising solution to extend the deployment span and 

versatility of this instrument (Olsen et al. 2016; Zou et al. 2019). Future research on efficacy for 

integrated biofouling control with pulsing UV irradiation is needed to optimize instrument design 

and programming. A significantly reduced power demand also allows miniaturization in future 

designs while keeping the inherent bottle effects from small incubation volumes in mind. Future 

investigation into optimized surface-to-volume ratios for small-volume incubations is needed to 

guide the miniaturization of automated incubators. In an optimized design, a smaller incubation 

volume implies more efficiency in many engineering aspects (e.g., reducing pump/flush time, 

reducing UV irradiation output, reducing battery size). The miniaturization of a conceptualized 
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incubation system can unlock the potential for data collection on various platforms (e.g., floats, 

AUVs, moorings).  

To achieve wider applicability, future designs should also take the length of incubation into 

account. For example, while the physical design of incubation volumes tends to be fixed based on 

the surface-to-volume ratio for biofouling and bottle effect control, incubation length can be 

programmed adaptively based on the initial observed rates to target the ideal incubation length to 

resolve fluxes. As a starting point for future studies, the Monte-Carlo simulation technique 

provides recommendations for incubation length based on targeted metabolic rates and sensor SNR 

(Figure 9). An adaptive sampling strategy could also be programmed as part of the algorithm in 

the microcontroller, adjusting incubation length during deployments based on the metabolic rates 

calculated from the raw DO time series. The adaptive sampling strategy will allow the optimization 

of the incubation experiment autonomously and in real-time, approaching the highest possible 

temporal resolution while maintaining data integrity.  

In addition to improving the temporal resolution, this incubation technique also opens many 

opportunities for future developments. Specifically, improved spatial resolution can be achieved 

by deploying multiple units throughout the water column or in an array of horizontally spaced 

systems; the incoming light can be conditioned by using different chamber materials to investigate 

different processes (e.g., photosynthesis, respiration, photo-oxidation); and fluid sampling ports 

can be integrated for future collaboration with other in-situ sensors and lab-on-a-chip technology 

(Wang et al. 2015; Beaton et al. 2017; Vaughan et al. 2018). The ability to accommodate other in-

situ sensors opens a wide range of applicability to incorporate many biogeochemical parameters 

(e.g., dissolved inorganic carbon, nitrate, phosphorus).  
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With the technological advantages discussed above, we believe this automated incubation 

technique provides many possibilities for advanced conceptual designs.  A design of such 

conceptualized incubation systems should incorporate interdisciplinary efforts to assess the 

uncertainty of metabolic measurements, statistical approaches for data analysis, and engineering 

optimization. Consideration of design should include types of sensors used, materials used to 

construct the incubation chamber, shape and size of the incubation chamber, and wavelengths of 

UV irradiation used for efficient biofouling control— optimization of these elements would be 

essential to the success of future prototype development. We envision that an autonomous 

incubation system based on an adaptive sampling strategy and the Monte-Carlo simulation 

technique would greatly improve the understanding of pelagic metabolism and the longstanding 

discrepancies between methods to specifically address the lack of spatiotemporal resolution in 

pelagic metabolic rates.  

Subsequent Development 

Motivation 

In continuance of the automated incubation system development, an updated version of automated 

incubation was developed to be an economical and easily scalable scientific instrument for 

autonomous operation. The previous prototypes (Collins et al. 2018, Long et al. 2019) tended to 

focus on resolving pelagic metabolic processes in a specific environment, with little flexibility for 

wider applications. For example, Long’s early incubation system was designed for coastal and 

estuarine investigation; the system was simple, easy to deploy, and inexpensive (~$2k) but lacked 

the ability to resolve small DO rates and suffered from biofouling. Collins’ incubation system was 

designed for open ocean application at greater depths but came with significant construction costs 

(~$75K) and biofouling concerns. Some of the vital issues across existing automated incubation 



36 
 

system design included (1) biofouling control with minimal labor or manual cleaning (2) modular 

design to allow measurements of different processes (e.g., photosynthesis, respiration) and (3) 

adaptability to different environments and platforms. Our previous, 3-chamber, incubation system 

was designed for coastal deployment as a standalone unit. The UV LED sterilized, multi-chamber 

design resolved concerns related to biofouling but aimed to resolve photosynthesis and respiration 

at the same time, resulting in a bulky package. The large incubation volume also required a 

substantial power supply for UV biofouling control to sustain longer deployments (i.e., a 26Ah 

battery can only support a ~72-hour deployment); it was heavy and required reassembly for 

maintenance and programming after deployment. 

To address the issues mentioned above, the updated version of the automated incubation system 

was designed to be a miniaturized single-chamber system. The incubation volume was 50 ml, 

much smaller than the previous prototypes (e.g., 1L in the 3-chamber incubator, 250mL in Long’s 

2019 prototype, and 5.6 L in Collins’ 2018 model). The smaller volume allowed lower UV 

irradiation dosage and the use of smaller pumps with lower overall power consumption. New low-

power UV LEDs were used with pulse-width-modulation (PWM), which was reported to show 

better efficiency in biofouling control (Pedrós-Garrido et al. 2018, Fitzhenry et al. 2021). The 

system utilized an integrated quartz chamber to ensure full UV transmittance across the chamber 

walls. The incubation chamber was designed to sit on the top of the underwater housing and be 

easily replaced or reconfigured. The easily replaceable chamber provided flexibility to conduct 

different experiments with different chamber materials for light filtering (e.g., respiration in dark 

chambers, photosynthesis in light chambers, photo-oxidation in UV transparent chambers). The 

design also included a pressure-compensated pump housing to enable mesopelagic measurements, 

expanding the applicability of this new incubation system. This updated single-chamber incubation 
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system is designed to handle pressure/temperature changes and a longer deployment period. The 

overall package design was much smaller than the previous prototypes as well-- the integrated 

underwater housing is 2.5” Ø by 8.5” long, compared to 22” × 10” × 10” of the 3-chamber model. 

In addition to hardware updates, the system included software that corrects the optode DO output 

based on external temperature measurements. An integrated depth sensor was added to the design 

to enable autonomous deployment. The software also included functions to adjust incubation 

length based on the previously established relationships among targeted rates, sensor signal-to-

noise ratio (SNR), and incubation time. We envisioned this single chamber incubation system to 

greatly expand the accessibility of measurements and data collection. The robust, autonomous, and 

miniaturized system design signified the first step towards adaptability with mobile vehicles, the 

deep sea, and remote deployments. 

Material and Method 

Hardware and Design 

One of the most critical aspects of the new prototype development was modularization — each 

component of the incubation system could be easily replaced or serviced, even in the field. The 

main body of the incubation system contained an electronic housing for system operation and an 

incubation volume (Figure x). The electronic housing hosted an optode, an infrared (IR) 

temperature sensor, an ambient light sensor, an RGB neopixel, and UV LEDs. The incubation 

system is controlled by an advanced microcontroller (teensy 4.1, ARM Cortex-M7, 64-bit). A 

PyroScience optode (PICO-O2) was mounted behind the integrated quartz window for contactless 

sensing. The IR temperature sensor (MLX90614, Melexis Tech) was used to measure temperature 

in the incubation volume, the temperature was used for calibration and calculating DO 

concentration. The ambient light sensor (ALS-PT19-315C, Everlight Electronics) was used as an 
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auxiliary PAR measurement. The ambient light sensor was sensitive between 400-700 nm, which 

can be used for quality control for the dark chamber or providing additional PAR data for light 

chamber incubation. The RGB neopixel was used as a status indicator, showing different colors at 

various blinking rates for battery and experiment status (e.g., green blink for all system operational, 

red blink for low battery). There were 12 UV LEDs, separated into 3 strings of 4 LEDs on the UV 

LED array as a redundancy to ensure some level of UV irradiation even with malfunctioning LEDs. 

The UV LEDs were powered by a 12-24V boost buck (ABXS002A3_DS, GE) to provide sufficient 

forward voltage to each LED string. The LEDs strings were controlled with a transistor-MOSFET 

pair (2N3904, NTE, and IRFD9120, Vishay). The transistor-MOSFET pair allowed high-

frequency PWM to regulate the UV dosage. The PWM by teensy 4.1 was programmed to pulse all 

UV LEDs with a 50% duty cycle at 256 Hz. 

Above the electronic housing is the incubation volume. The incubation volume consisted of a base 

and an incubation chamber. The base of the incubation volume is mounted directly above the 

quartz window of the electronic housing. The base was designed to include spin and lock slots to 

hold the incubation chamber (Figure 12a). The base also hosted an integrated check valve as the 

sample inlet to the incubation volume, connected to the pump. The fluid path of the inlet is 

designed with an upward curve, intended to create a vortex within the chamber to facilitate the 

evacuation of microbubbles and particulates. As for the incubation chambers, there are currently 

2 different materials used for incubation (1) a quartz chamber and (2) a 3D printed dark chamber. 

These chambers were designed to have a cylindrical shape with a conical top (Figure 12b). The 

conical top was designed to minimalize dead space for microbubbles. The upward fluid vortex and 

the conical top of the incubation volume should ensure optimal bubble evacuation.  
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In addition too the main body of the incubation, the system also included the pump and the battery 

housings. The pump housing and the battery housing could be mounted onto the main body of the 

incubation system separately or together with hose clamps. This design accommodated the 

potential uses for external pumps and alternative power sources. The 3D-printed housing hosted a 

diaphragm micropump (nf10TTPCB, KNF) with Tygon tubing and 3D-printed fluid paths. The 

pressure compensation compartment sat on top of the pump housing, including a 3D printed cap 

and custom-made rubber diaphragm (Bellophram). The pressure-compensated pump housing was 

filled with fluid (FC-40, 3M) to ensure minimal pressure difference. The battery housing was 

designed to host 9 D-cell batteries. We chose D-cell batteries to maximize adaptability. The 

incubation system would also accept any power options with 9-18V output. 
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Figure 11. Overview of updated incubation system design. The incubation system was designed to 
consist of four major compartments: electronic housing, incubation volume, pump housing, and 
battery housing. 
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Figure 12. Overview of incubation volume design. (a) The base with upward spiral inlet to create 
fluid vortex in the incubation volume. The curve inlet on the top of the image shows the fluid path. 
(b) The conical top of the chamber and the check valve were designed to facilitate bubble 
evacuation during flushing. 

 

Software and System Integration 

In addition to hardware designs, this updated incubation system required many software features 

for autonomous operation and system integration. These new features included (1) pressure sensor 

calibration and feedback, (2) integrated optode calibration, and (3) adaptive sampling strategies. 

Firstly, the external pressure sensor allowed autonomous initialization of the instrument. The 

autonomous initialization is important for bubble evacuation and flushing the chamber with fresh 

samples at the beginning of the deployment. The external pressure sensor was programmed to 

calibrate itself at sea level and would initialize the incubation system once the depth reading had 

reached stability. Secondly, the integrated optode calibration was enabled by a custom calibration 

function that was adjustable based on a two-point calibration from the optode (i.e., the calibration 

took in degree phase shift reading from the optode at 0% and 100% DO for custom calibration 

(a
 

(b
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between degree phase shift and μMole). The custom calibration curve allowed the incubation to 

save raw data (degree phase shift) and then convert readings into the desired units. The raw data 

also provided more straightforward quality control and value correction with post-calibration. 

Thirdly, the adaptive sampling strategy used the relationship of optimal incubation length 

(Equation 6) to determine how long an incubation experiment should last. The targeted rate could 

either be set manually or the incubation system could estimate the rate from the first few incubation 

periods and then adjust the incubation length accordingly. Apart from the control of the incubation 

experiment, an integrated serial communication was included for software access without needing 

to open the underwater housing. Serial communication can handle data transfer, upload of 

operation codes, and on-the-fly control of the system. The data transfer protocol was written with 

a custom flow control protocol in Python. The main operation codes were written in Arduino 

environment and C++ codes. The custom calibration curve was written in MATLAB. 

Summary 

The updated automated incubation system seeks to combine engineering and research foci into a 

modular system and demonstrate their utility and capabilities. A pair of incubation system 

prototypes exist, have been tested in the lab, as well as in the coastal ocean, but not in the 

mesopelagic. (Notably, everything except the electronics housing was 3D printed, the circuit 

boards and drivers were fabricated and integrated in-house using rapid prototyping technology.) 

Software has been implemented to determine rates from Monte Carlo estimation and to 

automatically determine the required length for an experiment. CRITTR is also ready for serial 

communication with other platforms and systems. The central electronics housing is proven to be 

versatile and adaptable in the design and testing phase. Converting such modular incubation 

system for different experiment will involve simply snapping on a single module containing 
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incubation chamber of appropriate material, fluid handling apparatus, and accessory sensors. 

Modular components will allow an operator with an adapter to measure respiration in the deep-sea 

at pressure, photosynthesis at the surface by allowing light in through quartz chambers, in high- or 

low-fouling environments with variable UV anti-fouling, autonomously with its own integrated 

battery and buoyancy, as an epibiont on other vehicles or systems, or through communication with 

other systems or sensors that can trigger an experiment to begin based on external data or stimuli. 

These low-cost, small-scale, low-power incubation systems are oceanographic epibionts 

engineered to hitch a ride on a variety of existing moorings, gliders, floats, and AUVs.  They will 

provide the next generation of autonomous C metabolic rates with inherently higher temporal 

resolution and radically higher spatial resolution. These small, economical incubation systems 

would enable a “fleet” of global rate measurements of photosynthesis and respiration throughout 

the ocean to inform global models and transform our understanding of oceanic carbon cycling. 
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