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Abstract

Soil COz efflux is a central component of ecosystem carbon budgets, but the cost and logistics of
measuring it often force a trade-off between spatial coverage and temporal resolution. Manual
survey chambers can sample many locations but only occasionally, whereas automated chambers
measure continuously but are costly and tethered to line power and a shared analyzer, which
limits them to a few chambers at one site. Fluxbot 2.0 is a low-cost (about US$400 per unit),
autonomous chamber designed for continuous, distributed soil CO2 flux measurements without
external power or infrastructure. To test whether distributed Fluxbot arrays reproduce reference
measurements, we deployed two eight-unit arrays alongside an established automated chamber
network in two forest stands at Harvard Forest, USA, for one month, processing fluxes from both
systems with the same code. Over 305 compared hours, Fluxbot system means averaged 0.3%
below autochamber means, a difference no larger than that between disjoint chamber subsets of
the same system, as expected for systems sampling different collars. The chamber-adjusted
difference was statistically equivalent within 20%. Daily means correlated at r = 0.85 across 15
qualifying days (hourly r = 0.72). Averaged across stands, the gap-filled October budget was
about 2% lower for Fluxbots. Fluxbot fluxes were depressed during likely sensor wetting, which
the units’ humidity records could flag. Low-cost arrays thus gave reference-like mean fluxes in

both stands and make dense replication affordable. Because each unit is self-contained, extending
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arrays across sites, land-cover types, environmental gradients, or treatments requires only more

units.

Highlights

e Low-cost autonomous chamber means were within 0.3% of reference autochambers
e Daily means correlated at r = 0.85 across 15 qualifying days

¢ Both systems showed late-day flux maxima and similar between-chamber variation
e A shared-control outage stopped one autochamber array for 164 hours

e Dense, affordable arrays enable soil CO: monitoring across heterogeneous landscapes

1. Introduction

Soil respiration, the efflux of carbon dioxide (CO2) from soil (hereafter soil CO: efflux), is the
largest terrestrial source of COz to the atmosphere, accounting for the majority of gross terrestrial
ecosystem emissions (Friedlingstein et al. 2025) at over 90 Pg C annually (Bond-Lamberty and
Thomson 2010; Hashimoto et al. 2023). As an essential component of ecosystem carbon budgets,
accurate measurements of this flux help describe and model feedbacks between terrestrial
ecosystems and the atmosphere. Soil CO: efflux varies from diel to seasonal time scales, from
centimeters to kilometers (Vargas et al. 2011; Bradford and Ryan 2008; Premke et al. 2016), and
with topography, vegetation, and disturbance (Rodeghiero and Cescatti 2008), so accurately

capturing it requires high spatial and temporal resolution as well as broad spatial coverage.

Many questions that depend on this flux are spatial. Microtopography, individual plant species,
and species assemblages create localized hotspots of element cycling (Jevon et al. 2023; Keiser et
al. 2024), variation in soil moisture and chemistry creates hot spots and hot moments of soil
fluxes (Gachibu Wangari et al. 2023; Leon et al. 2014; Savage et al. 2014), and urbanization and

ecosystem fragmentation alter spatial patterns of soil CO2 efflux along overlapping gradients
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(Garvey et al. 2022; Reinmann et al. 2020). Animals, from earthworms to selectively browsing
moose, add further heterogeneity (DeCarlo and Caylor 2019). Asking how wild (e.g., Ohashi et
al. 2007; Saunders et al. 2023) and domestic animals (e.g., Ondier et al. 2020), and changes in
their communities (Forbes et al. 2019), shape soil carbon cycling requires spatially distributed or
dense measurements (Ferraro and Lienau 2025; Forbes et al. 2023; Schmitz et al. 2018; Risch et
al. 2013). These processes also vary with daily (e.g., Forbes et al. 2023; Tang et al. 2005; Savage
et al. 2009; Savage et al. 2014) and seasonal (Giasson et al. 2013; Davidson et al. 2006) cycles in
soil conditions and with climate (Raich et al. 2002; Carey et al. 2016; Huang et al. 2020). Soils
are central to agricultural carbon mitigation (Paustian et al. 1997; Paustian et al. 2000; Paustian et
al. 2016), and measurement-based carbon offset and credit programs need soil CO:z efflux data
resolved across space and time (Kim et al. 2025) in place of current estimation-based methods

(Novick et al. 2022).

Existing methods trade resolution in space against resolution in time. Manual survey chambers
with precision gas analyzers capture detailed spatial patterns, but cost and labor limit how often
sites can be revisited and the extent over which measurements can be compared. Automated
chambers provide continuous records, but they often cost more than US$20,000 per system, and
multiplexed chambers are tethered by tubing, wiring, and line power to a shared analyzer, pump,
and power supply. Automated deployments are therefore limited to a few chambers at one
location (Savage and Davidson 2003; Liang et al. 2003), so continuous chamber records remain
sparse and weakly replicated (Bond-Lamberty et al. 2020; Gorres et al. 2016). Although eddy
covariance towers measure ecosystem-scale fluxes continuously over large areas, they lack the
spatial resolution to identify drivers of flux variability (Hollinger et al. 2004). Manual chambers

thus favor spatial coverage and automated chambers temporal resolution, but none of these
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methods combines high spatial and temporal resolution with broad spatial extent (Forbes et

al. 2023; Pan et al. 2024).

Distributed arrays of autonomous, low-cost devices offer a way around this trade-off. They give
up some precision in each measurement for much greater replication and coverage,
complementing rather than replacing high-precision systems. Low-cost COz sensors have been
used to increase the replication of gas-exchange measurements (Macagga et al. 2024; Al Hamwi
et al. 2024; Nguyen et al. 2025), in portable, open-source systems (Carbone et al. 2019), in
automated tree stem chambers (Brandle and Kunert 2019; Helm et al. 2021), and in soil flux
chambers validated against reference systems (Curcoll et al. 2022), and diffusion-based designs
without pumps have an established precedent in soil flux measurement (Risk et al. 2011). Low
cost and simple deployments also widen access to flux monitoring in understudied ecosystems
and regions with limited research infrastructure (Forbes et al. 2023). Most of these low-cost
systems have been validated as sensors in the laboratory, or as individual chambers compared
with a reference analyzer or handheld survey chamber (e.g., Harmon et al. 2015; Macagga et

al. 2024; Al Hamwi et al. 2024; Zeng et al. 2026), including multiplexed low-cost systems
(Gagnon et al. 2016; Cui et al. 2026). However, none, to our knowledge, has been tested as a full
system deployed at scale. It therefore remains unknown whether an array of independent
chambers, running unattended in the field for weeks, reproduces the site means, budgets,
temporal dynamics, and spatial variability measured by an established reference system, and what

its failure modes are.

We developed the Fluxbot, a low-cost, autonomous soil CO2 flux chamber, for distributed
monitoring across landscapes. Each unit has its own sensor, battery, and cellular telemetry and

needs no external power or site infrastructure, so Fluxbots can be concentrated within a site to
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resolve spatial variability or spread across land-cover types, environmental gradients, and
experimental treatments. Forbes et al. (2023) introduced an earlier version of the Fluxbot, with a
workflow for building and deploying arrays, and Pan et al. (2024) described the Fluxbot 2.0
hardware and the performance of its electronics and communications in engineering conference
proceedings. Here we report the first evaluation of Fluxbot 2.0 as a measurement system in the
field, and of its ability to resolve ecological patterns in soil CO:z efflux. We evaluate two arrays of
eight Fluxbot 2.0 units against two long-established arrays at Harvard Forest (Petersham, MA,
USA), each of six automated chambers (hereafter autochambers) coupled by tubing to a high-
precision flow-through infrared gas analyzer (IRGA), which have monitored soil CO2 efflux in
two contrasting forest stands since 2015-2016. We ask: (i) Do the two systems agree in mean
flux, monthly total, diel cycle, and temperature response? (ii) Is any difference between the
systems larger than the difference between groups of collars measured by the same system? (ii1)
How many chambers are needed to estimate a site mean with a given precision? (iv) What are the

failure modes of each system?

2. Methods

2.1 Study site

We worked in two eastern hemlock (7suga canadensis L.) forest stands approximately 0.4 km
apart at the Harvard Forest Long Term Ecological Research (LTER) Site in Petersham,
Massachusetts, USA (stand 1: 42.541500, —72.174624; stand 2: 42.539069, —72.178541; Fig. S1).
Both were infected by the hemlock woolly adelgid (Adelges tsugae) in 2009 and were selected

for long-term monitoring because of their contrasting responses to infection: the Bigelow Brook

stand (“stand 1”’) continues to resemble an uninfected hemlock stand, whereas the hemlock tower
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stand (“stand 2”) has lost much of its hemlock and now has higher plant diversity in the overstory

and understory. Six automated, multiplexed soil chambers have monitored soil CO2 efflux in each

stand since 2015-2016 (Fig. 1).

Fig. 1. Field deployment of soil CO; flux monitoring systems at Harvard Forest. Fluxbot 2.0 units and autochambers
in a hemlock stand. The larger pneumatically operated autochambers are connected by tubing to a central control
box containing the IRGA, whereas each Fluxbot 2.0 operates independently with an integrated CO; sensor and
servo-actuated lid. The inset shows a Fluxbot 2.0 unit. The two systems were co-located within each stand but
measured separate collars. (Photo credit: JG)

2.2 Harvard Forest autochambers

The autochambers are installed on collars of schedule 80 PVC pipe (inner diameter 28.7 cm; 646
cm?), about 7 cm long and inserted about 3 cm into the soil. The six autochambers in each stand
are arranged in a circle around a control box, which holds the IRGA (LI-800 in stand 1 and LI-
840 in stand 2; LI-COR, Lincoln, NE, USA), a pump, a datalogger, a relay controller, and a
power supply. The chambers are plumbed to solenoid valves at the control box, which route
compressed air to and from the pistons that open and close the lids, and sampled air from the
chambers to the IRGA. All six chambers in a stand therefore share one pump, analyzer,

pneumatic system, and power supply, which runs on AC line power. The chambers are activated

7
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in sequence every five minutes, so each chamber is measured every 30 minutes. Each
measurement starts with 45 s with the lid open and air drawn at 1 L min™'; the lid then closes,
COsz is recorded at 1 Hz for 4 min 15 s, and the lid reopens so that the chamber vents. System
volumes (collar, lid, and 274 cm? of tubing and analyzer volume) ranged from 9,000 to 10,450
cm?, giving effective headspace heights of about 14—16 cm (Table 1; component details in

Supplementary Information [SI] Section S1).

2.3 Fluxbot array

We deployed eight Fluxbot 2.0 chambers in each stand, six among the autochambers and two as
backups in case of failure, distributed evenly through the area covered by each autochamber array;
data from all eight units in each stand were analyzed. Each Fluxbot is a commercially available
PVC sewer cap with a hinged lid, screwed onto its own PVC collar (schedule 40; 10.2 cm inner
diameter; 81 cm?; inserted about 4 ¢cm into the soil), so the two systems did not share collars or
soil footprints. A servo motor opens and closes the lid once an hour: the lid stays open for one
minute (54:00-55:00) while ambient CO:z is recorded, closes for five minutes (55:00-60:00)

while CO2 accumulates, and then reopens so that the chamber vents. Fluxbot chamber volume

averaged 768 cm?, an effective headspace height of about 9.5 cm.

Each Fluxbot has a Senseair K30 nondispersive infrared (NDIR) COz2 sensor in the lid, read about
every 6 s. The K30 samples the headspace by diffusion, without the tubing and pump of a flow-
through analyzer, from inside a fitted polytetrafluoroethylene (PTFE) envelope that protects it
from liquid water (Blackstock et al. 2019). Uncorrected K30 readings differ between units by
several to about 20 ppm and drift with temperature and time in use (Yasuda et al. 2012; Martin et
al. 2017), but a flux depends on the sensor’s gain, not on its offset. A Sensirion SHT-30 sensor

(air temperature and relative humidity, RH) and an LPS22 sensor (barometric pressure) sit next to

8
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the K30. Each unit runs for up to 13 days on its own battery pack, and a Particle Boron

microcontroller operates the sensors and lid and transmits data hourly over the cellular (LTE)

network, so units share no component with one another. Fluxbot 2.0 extends the battery life of the

original design (Forbes et al. 2023) from about 24 h to more than 300 h and adds wireless data

transmission and improved weatherproofing, at about US$400 in parts per unit; Pan et al. (2024)

describe its engineering in full.

Table 1. Characteristics of the two measurement systems as deployed at Harvard Forest.

Autochamber Fluxbot 2.0
Units per stand 6 8
Collar area; insertion depth 646 cm?; ~3 cm 81 cm?; ~4 cm

System volume; effective headspace
height

Headspace mixing

CO; sensor

Sampling rate
Measurement frequency
Closure length; fit window used

Lid actuation

Power

Data

Ancillary sensors

Approximate cost

9,000-10,450 cm?; 14-16 ¢cm

Pumped through analyzer (1 L
min")

IRGA (LI-840 / LI-800), shared by
all chambers

1 Hz

Every 30 min per chamber

4 min 155s;220s

Pneumatic pistons, shared
compressed air and solenoid
manifold

AC line power, shared

Datalogger at control box

>US$20,000 per multiplexed system

768 cm?; 9.5 cm

Diffusion only

NDIR K30 in PTFE envelope, one
per chamber

~0.17 Hz (one reading per ~6 s)
Every 60 min per unit
5 min; 3 min (57:00-60:00)

Servo motor, one per unit

Battery pack per unit (up to ~13
days)

Hourly LTE transmission per unit

Air temperature, RH, pressure inside
the lid

~US$400 in parts per unit

2.4 Fluxbot—-autochamber comparison

Both systems ran concurrently in each stand from 2 to 31 October 2023. Each autochamber array

required its own control box, analyzer, compressed-air supply, and line power, with every
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chamber within tubing distance of the box; the Fluxbots required none of these and were placed
among the autochambers only so that the two systems could be compared. Because each system
measured its own collars, the comparison is between co-located arrays rather than between
instruments sampling the same soil, and any difference between systems combines instrument
and chamber effects (Davidson et al. 2002; Pumpanen et al. 2004) with spatial variation among
collars. We therefore compare stand and system means, and compare the systematic difference
between systems with the variability among collars within each system. This design evaluates
complete measurement systems as deployed rather than sensor accuracy, which Pan et al. (2024)

reported. Terms used throughout are defined in Table 2.

Table 2. Terms used in this paper.

Term Meaning

Closure One flux measurement: the chamber lid closes and CO;
accumulates in the headspace (5 min for Fluxbots, 4 min
15 s for autochambers).

System Fluxbot 2.0 or autochamber.

Array The chambers of one system in one stand; each system
has two arrays (stands 1 and 2).

Stand mean Hourly mean flux of an array, computed when at least
three of its chambers reported.

System mean Mean of a system’s two stand means.

Compared hours Hours in which both systems had at least three chambers
reporting in each stand. We used these hours to compare
full-array system means.

Offset System mean of Fluxbots minus that of autochambers
over compared hours.

Chamber failure A closure with too few records to fit a flux, or in which
the chamber did not seal or vent, or (autochambers) an
hour in which the shared control system failed (Section
2.7).

RH-screened (main dataset) Closures that passed quality control, minus Fluxbot
closures with in-chamber relative humidity > 99% before
closure (wet sensor).

As deployed The same without removing wet-sensor closures (SI
Section S4.3).
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2.5 Environmental data

Hourly air temperature, 10-cm soil temperature, and precipitation came from the Fisher
Meteorological Station at Harvard Forest (HFO01; Boose and VanScoy 2025), in an open field
1.1-1.5 km from the stands. Station pressure at the stands was taken from the LPS22 sensors
inside the Fluxbot chambers (hourly median of the units in each stand) for both systems; it
averaged 976 hPa, 3.9% below the sea-level-reduced HF001 value. Soil temperature is also
logged at the autochambers (HF293; Finzi et al. 2026), but by a single probe per stand, at the
interface of the organic and mineral horizons. These probes tracked HF001 closely (r = 0.93 and
0.81 in stands 1 and 2) but differed from it in level by —0.7 and +4.4 °C, which a single probe
cannot separate from its placement. To provide a common index of seasonal and diel temperature
change for both systems, we therefore used HFOO1 soil temperature at 10 cm. This supports

comparisons between systems and stands, but not in-stand estimates of temperature sensitivity.

2.6 Flux calculation

Fluxes from both systems were calculated from the raw concentrations with the same code, the
goFlux R package (Rheault et al. 2024), using chamber volume, collar area, air temperature
(inside the chamber for Fluxbots; HFOO1 for autochambers) and station pressure. For Fluxbots,
the first two minutes after lid closure were discarded, because CO2 reaches the K30 through its
envelope with a delay (median 48 s), and fluxes were fitted over 57:00—60:00; for autochambers,
which close after a 45-s open-lid period, fluxes were fitted over 220 s starting 30 s after closure.
As CO2 accumulates in a closed chamber, it weakens the diffusion gradient from the soil, so the
concentration curve bends and a straight line fitted to it underestimates the flux; the bend is
stronger in a small headspace. For each closure, goFlux therefore fits both a linear model and the

curvilinear Hutchinson—Mosier model (HM; Hutchinson and Mosier 1981), which estimates the
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flux at the start of the fit window, and selects between them with explicit criteria (Hiippi et

al. 2018; Rheault et al. 2024). goFlux chose HM for 90% of Fluxbot and 80% of autochamber
closures, and the selected flux exceeded the linear flux by a median of 16% for Fluxbots and 2%
for autochambers. We used model selection for both systems and report linear fits as a sensitivity
analysis (SI Section S2.3). Autochamber fluxes published in the Harvard Forest Data Archive
(HF293; Finzi et al. 2026) are calculated with a different procedure; we recalculated them so that
both systems were processed identically (SI Fig. S3). Instrument precision, error codes, and a test

of the Fluxbot’s lower sampling rate are described in SI Section S2.

2.7 Quality control and datasets

Quality control used the same rules for both systems (details in SI Section S2.5). A closure was
removed as a chamber failure if it had too few records to fit a flux; if CO2 declined or did not
accumulate significantly (linear-slope test, p < 0.05), which at October fluxes indicates a chamber
that did not seal; or if the lid was stuck shut, so that the chamber did not vent between closures.
We classified a saturated Fluxbot episode as a stuck lid when its median open-lid CO2 anomaly
(relative to the other units in the stand) exceeded 500 ppm; for autochambers, the same threshold
applied to the starting concentration of each closure. Because the six autochambers in a stand
share one pump, pneumatic system, and power supply, we also excluded an autochamber array-
hour when at least three distinct chambers had a declining slope, a nonsignificant slope, or a
linear-fit R? below 0.5 during that assigned hour. Isolated spikes in each chamber’s flux series
were removed with a robust screen (median = 5 median absolute deviations). We did not remove
individual closures for a weak fit alone, because goodness-of-fit thresholds preferentially remove
small fluxes. After applying the linear-fit QC rules, we retained selected fluxes with their sign,

including values below the minimum detectable flux.
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The main dataset also removes Fluxbot closures with in-chamber RH > 99% in the minute before
closure, which indicates that the K30 or its envelope was likely wet (Pan et al. 2024); we call it
the RH-screened dataset, and the dataset without this step “as deployed” (Table 2; SI Section
S4.3). To identify how moisture affects the K30, we ran PTFE-covered and uncovered sensors
beside a laser-based reference analyzer (M-GGA-918, ABB—Los Gatos Research, San Jose, CA,
USA; hereafter LGR) in two laboratory tests, through dry periods, wetting of the PTFE envelope,

and wetting of bare sensors (SI Section S4.1).

Measurement accounting counts intended closures at each system’s programmed interval (one per
Fluxbot and two per autochamber per hour) for every installed unit. Measurement success is the
share of hours in which a unit contributed a flux to the main dataset, and replicated coverage is

the share of hours with at least three units of a system reporting in a stand.

2.8 Statistical analysis

Times are local (Eastern Daylight Time, UTC—4). We assigned each closure to the nearest clock
hour using the start of its fit window, then averaged autochamber fluxes (two per hour) within
chamber and assigned hour. “Stand means” were computed for hours in which at least three
chambers of a system reported, and the “system mean” as the mean of the two stand means; hours
in which both systems had at least three chambers reporting in each stand were “compared hours”
(Table 2). Daily system means required at least 12 compared hours in a local calendar day.
Agreement of hourly and daily system means was quantified with the Pearson correlation r; Lin’s
concordance correlation coefficient (CCC; Lin 1989; Akoglu 2018), which combines correlation
with agreement in level; the mean difference (offset); and the root-mean-square difference as a
percentage of the mean autochamber flux (nRMSE). We show the relationship with an ordinary

least-squares (OLS) fit and Bland—Altman limits of agreement (Bland and Altman 1986).
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Because the two systems measured different collars, we compared their disagreement with that
between disjoint subsets of three chambers per stand drawn from the same system (200 distinct
pairings of subsets per comparison), reporting P, the probability that a cross-system pairing
disagreed more than a within-system pairing (0.5 = indistinguishable). Pairings share chambers,
so they describe the range of possible collar groupings rather than independent replicates; formal

inference on the system difference comes from the GAM, which treats chambers as replicates.

Stand and system effects were tested with a generalized additive model (GAM; mgcv; Wood
2017) with stand and system as parametric terms, smooth terms for hour of day and 10-cm soil
temperature, and a random intercept for chamber. Because a non-significant difference does not
show that two systems agree, we also tested whether the system effect was small enough to be
negligible, with two one-sided tests (TOST; Schuirmann 1987): two systems are equivalent
within a chosen margin when the 90% confidence interval of their difference lies entirely within
that margin. We fitted the GAM to screened chamber-hours and expressed equivalence margins
as percentages of the mean across all screened autochamber chamber-hours. We report the
smallest margin at which equivalence could be declared, and test £10% for reference. Cumulative
CO2-C over 2-31 October was computed for each stand and system by gap-filling missing hours
with a GAM of flux on soil temperature and hour of day (SI Fig. S4), with 95% intervals from

resampling chambers.

Diel cycles were characterized from hour-of-day means over common stand-hours, those with at
least one reporting chamber of each system in the same stand. Temperature sensitivity was
expressed as Qio, the fitted factor change in flux for a 10 °C increase, and estimated from
exponential fits of each system’s pooled hourly fluxes on 10-cm soil temperature over the

common stand-hours. For chambers with at least 100 qualifying chamber-hours, we also fitted
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log flux against soil temperature using fluxes above 0.5 pumol m~2 s!. We compared the
geometric mean chamber Q10 between systems and resampled chambers within stands for the
ratio interval. Spatial heterogeneity was summarized with Gini coefficients (Gini 1912) and
coefficients of variation (CV) of chamber-mean fluxes, from which we estimated the number of
chambers needed for the 95% confidence interval of a monthly stand mean to fall within +£10%
and +£20%. Further details and sensitivity analyses are in the SI (Sections S2—S5). All analyses

were conducted in R (R Core Team 2024).

3. Results

3.1 Fluxes, temporal trends, and stand differences

Over the 305 compared hours, mean soil CO2 efflux was 2.88 umol m™2 s™! from autochambers
and 2.87 umol m 2 s™! from Fluxbots. Daily system means ranged from 2.1 to 3.7 pmol m™2 s™!
for autochambers and from 1.8 to 4.7 umol m2 s™! for Fluxbots. Fluxes from both systems
declined over the month, with multi-day fluctuations (Fig. 2a), as air temperature (Fig. 2b) and
10-cm soil temperature (from about 19 to 11 °C) fell. Three rain events (7-8, 20-22, and 29-31
October) wetted many Fluxbot sensors, and the 20-22 October event wetted most units at once.
The two stands did not differ significantly: the GAM stand effect was —0.02 umol m 2 s™! (SE
0.31; p = 0.95), and stand means over compared hours differed by less than 3% in each system, in

opposite directions (autochambers 2.92 and 2.84, Fluxbots 2.85 and 2.90 pmol m2 s~ in stands 1

and 2). For full-array agreement, we gave the two stand means equal weight.
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305 Fig. 2. Fluxes, budgets, and chamber variation, 2—-31 October 2023 (main dataset). (a) Retained chamber-hour
306  fluxes (points; autochamber points can average two closures) for each system (rows) and stand (columns). Lines are
307  24-h centered means of the gap-filled stand-mean series, dark where mostly observed and light where mostly
308 modeled; thin dashed lines repeat the other system’s series for comparison. (b) Air temperature (line) and hourly
309  precipitation (bars) at HF001. (c) Cumulative CO,-C, gap-filled for each stand and averaged over stands; bands
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chambers are ordered by mean flux. Fluxes above the plotted range in (a) and (d) are not shown.

3.2 Agreement between systems and monthly budgets

The two systems’ means tracked each other closely and did not differ in level (Fig. 3). In the
compared hours, hourly means were correlated with r =0.72 (CCC = 0.67; nRMSE = 23%) and
daily means, across 15 qualifying days, with r = 0.85 (CCC = 0.74; nRMSE = 17%; SI Fig. S5).
The mean offset was —0.01 umol m 2 s™! (—0.3%). Fluxbot system means spanned a somewhat
wider range than autochamber means (Fig. 3), although fluxes varied over only a narrow range
during the month. The GAM system effect, which accounts for differences among chambers, was
—0.05 umol m2 s7! (95% CI —0.66 to 0.56). Its 90% CI excluded differences larger than 19.2%

of the mean autochamber flux but not differences of 10% (TOST p = 0.22; SI Section S3.2).

The difference in level between systems was of the size expected from sampling different collars:
the median absolute offset between disjoint three-chamber subsets was 9% of the mean flux
across systems and 11% within either system (P = 0.42; Fig. 3c; SI Section S3). Hourly
correlation was lower across systems (median r = 0.66) than within autochambers (0.90) or
Fluxbots (0.84), so short-term dynamics differed somewhat more than spatial sampling alone

would explain (Section 4.2).

Integrated over the month, gap-filled efflux was 91.1 g C m2 (95% CI 78.6-103.7) from
autochambers and 89.2 g C m 2 (75.2-101.9) from Fluxbots, a ratio of 0.98 (0.81-1.18) (Fig. 2c¢).
Fluxbot budgets were about 7% lower in stand 1 and 3% higher in stand 2. With linear fits for
both systems, Fluxbot system means were 11% lower than autochamber means and the budget
ratio was 0.87 (0.74—1.04), as expected from the stronger curvature of Fluxbot closures, although

hourly means were more closely correlated (r = 0.81; Section 4.2; SI Section S2.3).
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Fig. 3. Agreement between system means (mean of the two stand means) in compared hours (main dataset). (a)
Fluxbot vs autochamber hourly means, outlined points, daily means,; dashed line 1:1; solid line OLS fit of hourly
means. The inset gives r, offset (umol m™? s~1), CCC, and nRMSE for hourly and daily means. (b) Bland—Altman plot
of the same hourly means, with the mean difference and 95% limits of agreement, drawn at the same scale on both
axes. A few hourly means above 5 umol m™? s~ are outside the plotted range in (a). (c) Absolute offset between
disjoint subsets of three chambers per stand, drawn from the same system or from different systems (spatial-null
benchmark; 200 distinct pairings per comparison; each point is the offset over the whole period for one pairing, as a
percentage of the mean of the two subset means; violins, distributions; boxes, quartiles). Pairings share chambers
and are not independent replicates.

3.3 Diel cycle and temperature response

Both systems detected a diel cycle with late-afternoon to evening maxima and similar amplitudes
(0.79 and 0.89 umol m2s™!, or 27% and 29% of the daily mean, for autochambers and Fluxbots;
Fig. 4a). Autochamber fluxes peaked at 18:00, and Fluxbot fluxes were elevated from 17:00 to
midnight, with less precise hour-of-day means (median 95% CI £ 0.42 vs £+ 0.30 umol m 2 s™!; SI

Section S5.1). Over the common stand-hours (10-cm soil temperature 11.2-19.1 °C), Q1o from
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350  pooled fits was 2.84 for autochambers and 3.70 for Fluxbots (Fig. 4b); the geometric mean
351  chamber-level Q1o was 28% higher for Fluxbots, but with wide uncertainty among chambers

352 (ratio 1.28, 95% CI 1.00-1.64).

a b
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3 307 3
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Hour of day (EDT) Soil temperature at 10 cm, HF001 (°C)

353

354 Fig. 4. Responses to meteorological drivers, in stand-hours in which both systems reported (main dataset). (a) Diel
355 cycle of each system: hourly means, with bands showing 95% confidence intervals across days. (b) Temperature
356 response of each system: solid lines are exponential fits; bands are 95% intervals from resampling chambers within
357 stands,; dashed lines repeat the other system’s fit for comparison.

358 3.4 Spatial variability and sampling effort

359  Chamber-mean fluxes covered the same range in both systems (1.9-4.8 pmol m2 s™!; Fig. 2d),

360  with similar between-chamber standard deviations (0.84 for autochambers and 0.89 umol m2s™!
361  for Fluxbots). Gini coefficients of chamber-mean fluxes were low and similar (0.14 and 0.16; Fig.
362  5a), as were the mean within-stand CVs of chamber means (0.28 and 0.30). At the observed

363  within-stand variability, the projected 95% CI half-width for a monthly stand mean was about 20%
364  of the mean with 11 independent chamber locations (9—14 across the four arrays) and 10% with

365 35 (26-49) (Fig. 5b); these estimates rest on six to eight chambers per array.
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Gini coefficients pool stands and use the 133 hours with at least 12 chambers reporting per system. (b) Uncertainty
of a stand mean (half-width of its 95% confidence interval, as % of the mean) as a function of the number of
chambers per stand, from within-stand CVs; points mark the number deployed.

3.5 Data yield and failure modes

The Fluxbot arrays recorded 8,591 of 11,520 intended closures (74.6%), and 6,301 (54.7%)
remained in the main dataset after quality control; the autochamber arrays recorded 14,353 of
17,280 (83.1%), and 13,309 (77.0%) remained (Fig. 6a). The largest Fluxbot loss occurred before
flux calculation: 2,929 intended Fluxbot closures had no record. The RH screen removed 661
otherwise retained closures. Measurement success varied much more among Fluxbot units than
among autochambers (Fig. 6b, c). The two systems failed in different ways (Fig. 6d). The stand-1
autochamber array produced no data for 164 h (12—19 October) and failed to seal on 5 and 25-30
October, when 870 closures were removed as whole-array failures; a further 85 closures, mostly
from one chamber on 2—-3 October, were removed as stuck lids. Fluxbot losses came from
transmission gaps, a battery depletion across all units on 16—18 October, six units that stopped
working before the end of the month, and 737 closures with stuck lids. Replicated coverage (at
least three units reporting) was maintained in 81% and 70% of hours by Fluxbots in stands 1 and

2, and in 67% and 90% of hours by autochambers (Fig. 6d; SI Fig. S8).
20



385

386

387

388

389

390

391

392

393

394

395

396

397

Fluxbot fluxes were depressed during likely sensor wetting. In-chamber air was saturated in 19%
of recorded unit-hours: 941 h in 65 wet-sensor episodes, mostly during rain, and 737 h in which a
stuck lid kept the chamber closed. In the wet-sensor episodes (median 14 h), Fluxbot fluxes were
depressed relative to autochamber fluxes: the Fluxbot/autochamber ratio fell from 0.77 in the first
2 h of an episode to 0.58 after 13—24 h, against 0.99 in dry periods. After in-chamber humidity
fell below saturation, the open-lid baseline (ambient CO2 measured with the lid open) returned to
normal within 1-3 h, but the flux ratio stayed at about 0.85 for a day and then varied around the
dry-period level (SI Section S4.2). The offset was —3.0% over 357 as-deployed compared hours
and —0.3% over 305 RH-screened compared hours, and daily r was 0.80 and 0.85 (SI Table S2b).
In laboratory tests, dry K30 sensors responded linearly between about 420 and 1,700 ppm with
gains of 0.97—-1.00 relative to the LGR, although they read 33—52 ppm high. Wetting the PTFE
envelope made readings erratic, shifted some upward, and reduced the covered-to-uncovered

slope ratio from 0.93 to 0.85. Only bare sensors failed outright (SI Section S4.1).
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marks three units (veplicated coverage), and the percentages give the share of hours with at least three units.
Autochambers in an array share one control box and report or fail together, Fluxbot units report or fail individually.
The record of every chamber is shown in SI Fig. S8a.

4. Discussion

4.1 Fluxbot arrays reproduce site-level fluxes

Across the two stands, Fluxbots reproduced the reference system’s October mean and cumulative
efflux more closely than its hour-to-hour variation. Differences in mean flux between systems
were comparable to differences between disjoint collar subsets within a system (Fig. 3¢). Earlier
evaluations of low-cost chambers tested sensors in the laboratory or compared individual
chambers with reference instruments (e.g., Harmon et al. 2015; Macagga et al. 2024; Zeng et

al. 2026). Whole systems have been compared at the level of site means, budgets, and data
coverage, but only between commercial automated systems (Gorres et al. 2016) or between
automated and manual chambers (Savage and Davidson 2003). This study extends that kind of
system-level test to low-cost chambers deployed at scale. For site-level means and budgets over

days to weeks, Fluxbot arrays can therefore complement or extend a reference network.

Fluxbot sensors were not calibrated to absolute concentrations, and did not need to be: a flux
depends on the rate of change in concentration, not on its level. A sensor’s gain does matter,
because a slope scales with it. Uncalibrated K30s read 33—52 ppm above the reference analyzer
in the laboratory but had gains of 0.97-1.00 (SI Section S4.1), and the close agreement in mean
flux in the field is consistent with this. This is consistent with reports that low-cost sensors in
closed-chamber accumulation measurements perform well without frequent calibration (Harmon
et al. 2015); periodic span checks would guard against drift in long deployments, which is the

main source of error in large low-cost NDIR networks (Yasuda et al. 2012; Miiller et al. 2020).
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4.2 Why hourly fluxes differ

Perfect agreement at fine temporal and spatial scales is not expected from separate sets of collars
in a soil whose respiration varies at sub-meter scales (Bradford and Ryan 2008; Vargas et

al. 2011; Martin and Bolstad 2009). Hourly means agreed less closely than daily means partly
because model-selected fluxes are noisier (below) and because the two systems’ short-term
dynamics differed somewhat, plausibly through differences in collar size, insertion depth,
headspace mixing, and chamber height (Davidson et al. 2002; Pumpanen et al. 2004); averaging

over a day removed most of this difference.

The flux model mattered more than any other processing choice we examined (SI Table S2).
With linear fits, Fluxbot means were 11% lower than autochamber means. Model selection
reduced the difference to 0.3%, consistent with the stronger curvature of Fluxbot concentration
traces in the small headspace; because the systems measured separate collars, not all of this
difference can be attributed to either instrument. Model-selected fluxes were less precise, because
the Hutchinson—Mosier fit extrapolates the slope back to the start of the fit window (standard
errors 2.5—4 times those of linear fits), and these larger fit errors may have contributed to the
lower hourly correlation between systems (0.72 against 0.81 with linear fits); because Fluxbot
subsets with the same model selection still correlated at r = 0.84, real differences in short-term
dynamics also contributed. Users of low-cost chambers should report the flux model and fit

window and test the sensitivity of their conclusions to them.

The late-afternoon to evening diel maxima of both systems are consistent with temperature-
dependent root and microbial respiration and lagged supply of recent photosynthate (Savage and
Davidson 2003; Tang et al. 2005). Fluxbot fluxes rose relative to autochamber fluxes when air

was warm relative to soil (SI Section S5.1). Because air inside a closed Fluxbot warmed very
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little during a closure, chamber heating is an unlikely cause. Smaller collars may instead respond
more to near-surface soil and litter, which warm and cool more than soil at 10 cm; this may also
explain the higher, though uncertain, Fluxbot Q10. Both Q10 values fall within the range
commonly reported for temperate forest soils (Davidson and Janssens 2006), but values from a
one-month deployment depend on the depth and location of the temperature record (Lloyd and
Taylor 1994), here open-field soil temperature 1.1-1.5 km from the stands, and are confounded
with the seasonal decline in temperature and substrate supply (SI Section S5.1), so they should

not be extrapolated beyond the autumn conditions of this study.

4.3 Replication and distribution in space and time

The similar within-stand CVs of chamber means (0.28 and 0.30) and chamber-level ranges of the
two systems show that both arrays captured comparable spatial variability within stands.
Replication is where low-cost chambers add the most value. At the observed variability, about 11
independent chambers per stand would give a projected 95% CI half-width of 20% of a monthly
mean, and about 35 chambers would reduce it to 10% (Fig. 5b), consistent with analyses of
sampling design for soil respiration (Rodeghiero and Cescatti 2008; Pavelka et al. 2018) and
more than the six chambers in each Harvard Forest autochamber array. At about US$400 in parts
per unit, replication of this order is feasible at a fraction of the cost of a commercial autochamber

system.

Distribution is the second advantage of a Fluxbot array, and this deployment demonstrates it.
Covering two stands 0.4 km apart took two complete autochamber systems, each with its own
analyzer, compressed air, and line power (Section 2.4). The two Fluxbot arrays needed only the
units themselves: they shared no equipment, ran independently, and reported over the cellular

network. Nothing in their operation depended on the stands being close together, or on the units
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being grouped into arrays at all, so adding sites means adding units rather than infrastructure,
within cellular coverage and reach for battery changes. Combining continuous records with
spatial replication and needing no site infrastructure, distributed arrays can extend chamber
networks over larger areas and into understudied ecosystems, as other low-cost sensor networks
have broadened access to environmental monitoring (Harmon et al. 2015; Rundel et al. 2009;
Bastviken et al. 2015), detect both fine-scale patterns and ecosystem-level trends (Bastviken et
al. 2022; Jian et al. 2018), and support carbon accounting in managed systems (Novick et

al. 2022). Eddy covariance towers, satellites, and airborne systems cover large areas but with less
spatial specificity (Baldocchi 2003); dense chamber arrays could complement them by resolving
soil efflux within tower footprints (Phillips et al. 2010). In air-quality monitoring, distributed
networks of lower-precision units have greatly expanded the mapping of pollutants across cities,
providing data for policymakers and communities (Castell et al. 2017; Hasenfratz et al. 2015;
Dubey et al. 2024); as with the Fluxbot arrays here, they are characterized against reference

instruments.

Applications extend beyond monitoring of forest carbon. In community ecology and
zoogeochemistry, distributed arrays could map how animal activities, from soil invertebrates to
large herbivores, create spatial patterns in carbon cycling (Forbes et al. 2019). Agricultural
measurement, monitoring, reporting, and verification protocols increasingly require high-
resolution soil carbon data to validate sequestration claims, particularly in heterogeneous
landscapes and across extreme weather events and seasons (Burba 2025; Bradford et al. 2025).
Arrays could also track the recovery of soil respiration in ecosystem restoration and its spatial
pattern in fragmented urban green spaces, and their autonomy suits remote or inaccessible

ecosystems where data gaps are largest.
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4.4 Reliability in the field

Moisture caused the main bias in Fluxbot fluxes, as in other deployments of low-cost NDIR
sensors (Blackstock et al. 2019; Miiller et al. 2020), although missing records caused more data
loss (Section 3.5). Laboratory tests largely rule out water vapor inside the sensor as the cause; the
field depression more likely reflects liquid water on or condensation within the PTFE envelope.
The envelope protected the electronics from liquid water (bare sensors sprayed with water
stopped recording or returned error codes; covered sensors did not) but did not keep out water
vapor, so condensation could still form inside it (SI Section S4.1). Wet covers raised readings in
our laboratory tests, as for K30s encapsulated in expanded PTFE (Blackstock et al. 2019), but an
offset does not change a slope; the lower field fluxes may instead reflect slowed diffusion
through an envelope wetted by condensation, which brief laboratory wetting did not reproduce.
The small effect of humidity alone is specific to PTFE-covered K30s over the range tested; other
low-cost NDIR sensors need humidity corrections (Miiller et al. 2020; Curcoll et al. 2022; but see
Heger et al. 2020). After drying, the open-lid baseline returned to normal within hours, but fluxes
stayed about 15% below autochamber fluxes for a day and then varied around the dry-period
level, possibly in part because soils were re-equilibrating after rain. Wetting left no lasting
change in response over the month (SI Section S4.2); whether repeated wetting degrades sensors
over longer deployments remains to be tested. A simple, automatable rule, removing closures
with in-chamber RH > 99%, removed most of this error. Because wet periods were modestly
high-flux periods, screening also lowers a gap-filled budget slightly through sampling alone:
restricting the autochamber record to Fluxbot coverage lowered its gap-filled budget by 0.7%

under as-deployed coverage and 1.3% under RH-screened coverage (SI Section S4.3), so the
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share of wet hours should be reported with budgets. Venting or warming the sensor compartment,

or a cover that sheds water, could reduce condensation in future designs.

The autochambers retained a larger share of their intended closures but were more vulnerable to
complete shutdown. Because Fluxbots are independent of one another, a failure of one unit’s
electronics, actuator, or sensor does not affect the others. In contrast, because the autochambers
are multiplexed to a central control box, a power or pneumatic failure at that box stops all six
chambers in a stand (Fig. 6d), a known vulnerability of multiplexed systems (Gorres et al. 2016).
Fluxbot batteries tended to run down together because all 16 units were deployed, and later
recharged, on the same day; staggering battery exchanges or solar recharging would avoid this
(Forbes et al. 2023). Therefore, while multiplexed autochambers can collect data more efficiently
overall, independent units such as Fluxbot 2.0 lower the risk of losing a whole array, and with it a
whole site, to a single power, pneumatic, or analyzer failure, which is useful for monitoring that

compares plots across landscapes or treatments.

4.5 Limitations and future directions

The comparison covered one month in autumn in one forest type at one research forest, with 10-
cm soil temperatures of 11-19 °C; performance under growing-season fluxes, freezing, and snow
cover remains to be tested. Neither system detected a difference between the two stands in
October. Soil respiration at Harvard Forest varies widely among stands and seasons, and
differences between sites can be largest in late summer and early autumn (Giasson et al. 2013;
Phillips et al. 2010), so growing-season deployments are needed to test whether Fluxbot arrays
resolve differences between sites. The two systems did not share collars, so system and spatial
effects cannot be fully separated; rotating Fluxbots across autochamber collars would do so.

Fluxbot fluxes depend on the flux model and fit window, and the sensors are vulnerable to
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wetting. Future deployments should include records spanning seasons, local soil temperature and
moisture at each unit, and periodic span checks. Measuring other greenhouse gases (e.g., CHa,
N:0), integrating Fluxbot data with remote sensing and models, and improving moisture
protection, power management, and maintenance are priorities for sustained distributed sensor

networks.

4.6 Conclusions

Across two stands in one autumn month, arrays of low-cost, autonomous chambers matched the
mean flux of a reference autochamber network within 0.3%, and their gap-filled monthly budget,
averaged across stands, was about 2% lower, with differences in level no larger than expected
from sampling different collars. Both systems showed late-day flux maxima and similar between-
chamber variation. Hourly values agreed less closely. Fluxbot fluxes were depressed during
likely sensor wetting, which the units’ humidity records could flag, whereas missing records
caused most data loss. At the observed variability, about 11 independent chambers per stand
would give a projected 95% CI half-width of 20% of the mean. Each Fluxbot operated on its own
battery and reported by cellular telemetry, allowing the two stands to be monitored without
separate control stations. Low-cost chamber arrays thus relax the trade-off between temporal
resolution and spatial replication and extent that has long constrained continuous soil efflux
measurements. By extending continuous measurements across space, they can improve the
parameterization of ecosystem models, support carbon monitoring from plots to landscapes, and

clarify how ecosystems respond to environmental change.
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The main analysis uses fluxes from goFlux model selection (linear or Hutchinson—Mosier for each closure)
for both systems, and the RH-screened dataset: closures that passed quality control (Section S2.5), minus
Fluxbot closures with mean in-chamber RH > 99% over 54:00-55:00, the open-lid minute before closure,
when the K30 or its envelope is likely to be wet (Pan et al. 2024). The as-deployed dataset keeps the wet-
sensor closures (Section S4.3). Arrays, system means, compared hours, and the offset are defined in main

text Table 2. The study period was 2—31 October 2023.

S1. Site and instruments

Besides the IRGA (LI-840 at the hemlock tower and LI-800 at Bigelow Brook; LI-COR, Lincoln, NE,
USA), each autochamber control box contains a pump (Brailsford TD-3LS, 12 V DC), a CR1000
datalogger, an SDM-CD16AC relay controller, a 12 V DC power supply, and the solenoid valves. Collar

heights above the soil were 3.6-5.9 cm.
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Each Fluxbot 2.0 has a Senseair K30 NDIR sensor (0—10,000 ppm) in a PTFE envelope, a Sensirion SHT-
30 temperature and humidity sensor under a reflective radiation shield, an LPS22 pressure sensor, a servo-
actuated hinged lid on a PVC sewer cap, a Voltaic Systems V50 battery pack, and a Particle Boron
microcontroller that transmits data hourly over LTE. Units were placed to span the microtopography and

vegetation of each stand (Fig. S1). Pan et al. (2024) describe the system in full.

a
c
HF103 tower (approx.) HF004 tower
/A-HF001 met station
.\\
m 400 m
D Stand 1 (Bigelow Brook) Stand 2 (Hemlock tower)

Fig. S1. Study site. (a) The two hemlock stands, with Fluxbot units as points and boxes marking the extents of b and
¢, the Fisher meteorological station (HF001), and the two nearest eddy-covariance towers (HF004 and HF103); the
HF'103 tower position is archived to 0.001° (about £100 m). (b, ¢) Fluxbot 2.0 units in each stand, from GPS
positions taken on 17 November 2023; circles show each position’s reported horizontal accuracy (4-8 m), so
apparent overlaps between units are within GPS error. Autochamber positions were not surveyed; the autochamber
arrays are in the same stands. Basemaps: (a) Tiles © Esri — Esri, DeLorme, NAVTEQ, TomTom, Intermap, iPC,
USGS, FAO, NPS, NRCAN, GeoBase, Kadaster NL, Ordnance Survey, Esri Japan, METI, Esri China (Hong Kong),
and the GIS User Community, (b, c) Tiles © Esri — Source: Esri, i-cubed, USDA, USGS, AEX, GeoEye, Getmapping,
Aerogrid, IGN, IGP, UPR-EGP, and the GIS User Community.

S2. Flux calculation and quality control

S82.1 Processing

We computed fluxes for both systems from the raw records with goFlux 0.4.0 (Rheault et al. 2024), with
the same settings. We removed Fluxbot rows with error codes (CO» = 65,535 or 65,533) and set failed
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SHT-30 reads (44,755.7 °C; 25,600.4 %RH) to missing. Autochamber records came from the logger’s 1-
Hz output; the logger and HF001 clocks are in Eastern Standard Time and were converted to local time

(Eastern Daylight Time).

The main Fluxbot fit used 57:00—60:00 (Section S2.2) and required at least 15 observations spanning at
least 135 s. Autochamber fits used 75-295 s after the start of each 5-min slot, after the open-lid flush, and
required at least 120 observations. Pressure was station pressure, the hourly median of the Fluxbot LPS22
sensors in each stand. We excluded units whose median deviation from the hourly stand median exceeded
5 hPa in absolute value (unit 100 read 22 hPa low throughout), then recalculated the hourly stand medians;
where no LPS22 data were available, HFOO1 pressure x 0.9597 (the median local/HF001 ratio) was used.
Temperature was in-chamber air temperature for Fluxbots and HF0O01 air temperature for autochambers.
No water-vapor correction was applied. goFlux computes minimum detectable fluxes from instrument
precision, which was estimated from each system’s records as 2.6 ppm for Fluxbots and 2.3 ppm for

autochambers.

82.2 Fluxbot fit window

The lid closes at 55:00, but CO» reaches the K30 by diffusion through its PTFE envelope. A breakpoint fit
placed the start of the rise a median of 48 s after closure; the rise started after 56:00 in 35% of closures
and after 57:00 in 5% (Fig. S2b). A 56:00 window gives linear fluxes 16% higher than a 57:00 window
when the rise starts early and the curve is already flattening, but 6—15% lower when the rise starts after
56:00 and the window includes flat records (Fig. S2¢; median ratio 1.04). With the 56:00 window, the
offset was +2.9% (hourly r = 0.80; daily r = 0.85); with the 57:00 window, it was —0.3% (0.72; 0.85) (Fig.
S2d). We used the 57:00-60:00 window because it starts after the diffusion delay in 95% of closures.
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Fig. 82. Fluxbot fit window. (a) An example closure in which the CO; rise reached the sensor 96 s after the lid
closed, with linear fits over the 56:00—60:00 and 57:00—-60:00 windows, the earlier window includes pre-rise
records and underestimates the slope (shaded: main window). (b) Distribution of the delay from lid closure to the
start of the rise; a delay of 0 s includes closures in which no delay could be resolved. (c) Ratio of closure fluxes from
the two windows, by delay (boxes: quartiles; whiskers: 1.5 x IQR). (d) Agreement of Fluxbot and autochamber
system means under each window (main dataset).

S2.3 Flux model

For each closure, goFlux fits a linear model (LM) and the Hutchinson—Mosier model (HM; Hutchinson
and Mosier 1981), and selects HM only when it meets explicit criteria, including limits on the curvature
parameter k and on the ratio of the HM to the LM flux (g-factor < 2; Hiippi et al. 2018). goFlux chose HM
for 90% of Fluxbot and 80% of autochamber closures, and the median ratio of model-selected to LM flux
was 1.16 for Fluxbots and 1.02 for autochambers (Fig. S3a), as expected in a small headspace in which
accumulating CO» weakens the diffusion gradient from the soil. The flux model therefore set the offset
between systems (Fig. S3b): —0.3% with model selection for both systems, —11% with LM for both, and
—21% to +17% for mixed pairings. With LM for both, the monthly budget ratio was 0.87 (0.74—1.04),
against 0.98 (0.81-1.18) with model selection (Fig. S3c¢), but hourly means were more closely correlated
(r=0.81 against 0.72; difference 0.10, 95% CI 0.02—0.16 from a moving-block bootstrap with blocks of

24 consecutive matched observations). Larger HM fit errors are a possible contributor: within each system,
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hourly series from the two models correlated at r = 0.97, but the standard errors of HM fits were 2.5—4
times those of LM fits. Because LM fits underestimate the flux when the concentration curve bends, we

used model selection for the main analysis.

Fluxbot curvature was about three times stronger in the evening and at night (16:00-05:00) than at midday
(09:00-12:00; median k 0.0026 against 0.0009), so the model-selected flux exceeded the linear flux by a
median of 21% at night but 4% at midday; autochambers showed the same pattern, but much more weakly.
Curvature increased with the CO, concentration at the start of the fit (Spearman p = 0.30 for Fluxbots),
which was higher at night, consistent with CO, accumulating near the soil surface on calm nights so that
the small, unpumped Fluxbot headspace approaches saturation sooner. If so, the curvature reflects
suppression of the flux by the chamber, which the HM fit is designed to correct. The autochambers

support this: with linear fits, Fluxbot fluxes were 6% lower than autochamber fluxes during the day
(09:00-15:00; ratio 0.94, 95% CI 0.89-0.99) but 13% lower in the evening and at night (0.87, 0.81-0.93),
whereas with model selection the ratio was close to 1 in both (1.03, 0.94—1.11, and 0.98, 0.90-1.08).

Because model selection extrapolates with this curvature, it raised evening and night Fluxbot fluxes more
than midday fluxes, and its larger uncertainty made the hour-of-day means noisier. With linear fits, the
Fluxbot diel cycle peaked at 17:00; with model selection, it peaked at 21:00, and its hour-of-day means
deviated more from a 3-h running mean (0.12 against 0.05 pmol m 2 s™!; autochambers 0.03 and 0.02).

The timing of the Fluxbot diel cycle and the Fluxbot Qo (Section S5.1) are therefore sensitive to the flux

model.
a b c
Autochamber
5000 | HM chosen in 80% 100
4000 | ' .
3000 | median ratio 1.02 119, ) — *
l +11% -1% -0% |
2000 : = selected 077  ro72  rO.72 £ +
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@ | E | | =
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Fig. 83. Flux model. (a) Closure-level ratio of the goFlux model-selected to the linear flux for each system. (b) Offset
and hourly r for each pairing of flux models (main dataset). (c) Gap-filled monthly budgets under model selection
(main) and linear fits, with chamber-bootstrap 95% Cls. Autochamber fluxes published in the Harvard Forest Data
Archive (HF293; Finzi et al. 2026) are calculated with a different procedure (the best-fitting 1-min window of each
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closure, with fixed pressure and temperature) and average about a third higher than the linear fits used here; we
recalculated both systems with one procedure so that differences between systems do not reflect differences in
processing.

S82.4 Sampling rate

Fluxbots record about every 6 s and autochambers at 1 Hz. To test whether this difference affected the
comparison, we thinned the 1-Hz autochamber records to one reading every 6 s, from a random starting
offset, and recomputed each flux with the same goFlux call. The closure-level comparison included
13,755 matched fits with original linear flux above 0.3 umol m? s™!. Linear fluxes changed by a median
of 0.0% (coefficient of variation, CV, 0.8% across closures) and model-selected fluxes by 0.1%, the share
of closures fitted with HM was unchanged (79.4%), and hourly system means correlated with the 1-Hz
means at r = 0.99999. The standard error of the slope rose 2.5-fold, but the minimum detectable flux was
unchanged (ratio 1.01). The lower Fluxbot sampling rate therefore did not contribute to the differences

between systems.

S82.5 Quality control and measurement accounting

A closure was counted as a chamber failure if (1) it had too few records to fit a flux (thresholds in Section
S2.1); (2) the lid was stuck shut, so that the chamber did not vent between closures (below; for
autochambers, CO, at the start of a closure more than 500 ppm above the median of the other chambers in
the stand in the same hour); (3) CO; did not accumulate significantly (goFlux slope flag); or (4) CO»
declined, with a significant negative linear slope. At October fluxes of about 2 umol m2 s, a sealed
chamber always accumulates CO», so (3) and (4) indicate a chamber that did not seal. These checks use
the linear-fit diagnostics for every flux model. In addition, because the six autochambers of an array share
one pump, pneumatic system, and power supply, every chamber stops sealing at once when these fail. We
therefore excluded an autochamber array-hour when at least three distinct chambers had a declining slope,
a nonsignificant slope, or a linear-fit R? below 0.5 during that assigned hour. This removed 870 closures
(6.1% of computed autochamber closures), mostly on 5 and 25-30 October in stand 1. We did not apply a
goodness-of-fit threshold to individual closures, because such thresholds preferentially remove small

fluxes.

We identified stuck lids from the open-lid baseline anomaly: each unit’s open-lid CO, (median over
54:00-55:00) minus the median of the other units in its stand in the same hour. We formed saturated
episodes from runs of hours with in-chamber RH > 99%, bridging gaps of up to 3 h, and classified a
saturated episode as a stuck lid when its median open-lid CO; anomaly exceeded 500 ppm, meaning that

the headspace was not venting between closures (Section S4.2).
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Among closures that passed these checks, a per-chamber robust screen (median & 5 median absolute
deviations) removed isolated spikes, which we attribute to sensor artifacts (20 Fluxbot and 79
autochamber closures). We removed no other values and applied no value-based trimming to the pooled
data. After applying the linear-fit QC rules, we retained selected fluxes with their sign, including values
below the minimum detectable flux, which goFlux computes from the instrument precision: 0.6% of

Fluxbot and 0.1% of autochamber fluxes in the main dataset.

For the measurement accounting (main text Fig. 6a), intended closures were one per Fluxbot and two per
autochamber per hour for every installed unit over 2-31 October; units that stopped before 31 October

counted as downtime.

S3. Agreement between systems

S3.1 Statistical details

Agreement of hourly and daily system means was quantified with the Pearson correlation r; Lin’s
concordance correlation coefficient (CCC; Lin 1989; Akoglu 2018), which combines correlation with
agreement in level (1 = perfect agreement); the mean difference between systems (offset; Fluxbot minus
autochamber); and the root-mean-square difference as a percentage of the mean autochamber flux

(nRMSE).

We assigned each closure to the nearest clock hour using the start of its fit window, then averaged
autochamber fluxes within chamber and assigned hour. Chamber-hour analyses used HF001 observations
averaged within 60 min on either side of the assigned hour. The budget models used clock-hour means of
soil temperature. Raising the minimum number of chambers per system and stand for a compared hour

from 1 to 6 reduced the compared hours from 340 to 103, while the offset stayed between —1.6% and +1.9%
and hourly r between 0.65 and 0.73. The results were therefore insensitive to this threshold; we used three,

which averages over several collars in each stand while keeping most compared hours (305).

The GAM (mgcv; REML) had the form flux ~ stand + system + s(hour, cyclic) + s(10-cm soil temperature)
+ s(chamber, random effect). Equivalence was tested with two one-sided tests (TOST; Schuirmann 1987)
on the GAM system effect and its standard error, with margins expressed as a percentage of the mean
across all screened autochamber chamber-hours (2.91 umol m 2 s!). For Table S2a, we calculated paired
3-h rolling means on a complete hourly grid, retained complete windows, and resampled their differences
in circular blocks of 24 retained values (2,000 resamples); a block can therefore span a gap. Agreement

across averaging scales (Fig. S5) was computed for non-overlapping blocks of 1, 3, 6, 12, 24, and 72 h,
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unlike the 3-h rolling means of Tables S1 and S2a; a block required at least half of its hours to be

compared hours.

Because the two systems measured different collars, part of any difference between them could come from
the collars rather than the instruments. To test this, we compared the disagreement between systems with
the disagreement between two sets of collars measured by the same system. In this spatial-null benchmark,
each of 200 distinct pairings per comparison took two disjoint sets of three chambers per stand, from the
same system or from different systems, and each set’s mean required at least two of its three chambers in
each stand. The 200 pairings are all possible pairings of autochamber sets and a random sample, without
repeats, of the many more possible Fluxbot and cross-system pairings. Pairings share chambers, so they
describe the range of possible collar groupings rather than independent replicates; the offset for each
pairing is the mean difference over all hours both sets reported. P is the probability that a cross-system

pairing disagrees more than a within-system pairing (0.5 = indistinguishable).

Monthly budgets were computed for each stand and system by gap-filling hourly stand means (at least
three chambers) with a GAM of flux on 10-cm soil temperature (k = 6) and a cyclic smooth of hour (k =
8), and summing over 2-31 October. The GAM reproduced the observed stand means closely (Fig. S4).
The 95% intervals, including that of the Fluxbot/autochamber ratio, came from resampling chambers
within stands (200 resamples per system; the cumulative bands in main text Fig. 2c use 100). To test
whether the hours with Fluxbot data were representative, we also computed a second autochamber budget
from only the stand-hours in which the Fluxbot array had a stand mean, gap-filling the remaining hours in

the same way (Section S4.3).
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Fig. 84. The gap-filling model: observed hourly stand means against the GAM of flux on 10-cm soil temperature and
hour of day used to fill gaps in the monthly budgets, for each array (main dataset), with the correlation for each
array.

The number of chambers needed for the 95% CI of a stand mean to fall within a relative error of £E of the

mean was n = (to.975,n-1 CV/E)?, solved iteratively, using the CV of chamber means.

S3.2 Results

Agreement improved with longer averaging, from r = 0.72 and nRMSE = 23% for hourly system means to
0.85 and 17% for daily means, while the offset stayed within 1% (Table S1; Fig. S5). Four 72-h blocks
met the coverage criterion for the full arrays (r = 0.90). At this scale, 150 autochamber pairings, 20
Fluxbot pairings, and one cross-system pairing qualified. Disjoint three-chamber subsets of the same
system agreed more closely with each other than subsets of different systems, especially at the hourly
scale (median r for hourly and daily means: 0.90 and 0.95 for two autochamber subsets, 0.83 and 0.96 for
two Fluxbot subsets, and 0.65 and 0.83 across systems). In the spatial-null benchmark (Section S3.1), the
median absolute offset was no larger across systems (9% of the mean flux) than within autochambers
(11%) or within Fluxbots (11%; P = 0.42; main text Fig. 3¢), but the median hourly r was lower (0.66
across systems, against 0.90 within autochambers and 0.84 within Fluxbots; P = 0.98), as was the daily r
(0.85, against 0.95 and 0.96; P = 0.86). The level difference between systems was therefore within the

range expected from sampling different collars, whereas the difference in short-term dynamics was not.

Table S1. Agreement metrics for hourly, 3-h rolling, and daily system means, for the main (RH-screened)

and as-deployed datasets. Offset = Fluxbot — autochamber (umol m2 s™!); limits of agreement are Bland—



222
223

224

225
226
227
228
229

230
231
232

Altman 95% limits; OLS slope, ordinary least-squares slope of Fluxbot on autochamber means; Cb, the

bias-correction factor of the CCC (1 = no difference in mean or variance).

Limits
Mean, Mean, of
Datase autoch  Fluxbo OLS Offset nRMS agreem
t Scale n amber t r slope Offset (%) RMSE E (%) ent cCcC Cb
RH- hourly 305 2.88 2.87 0.72 1.04 -0.01 -0.3 0.68 23.5 -1.33 0.67 0.94
screen to 1.32
ed
(main)
RH- 3-h 278 2.86 2.86 0.74 1.14 0 -0.1 0.61 21.5 -1.21 0.68 0.92
screen rolling to 1.20
ed
(main)
RH- daily 15 2.85 2.84 0.85 1.46 -0.01 -0.3 0.47 16.6 -0.97 0.74 0.87
screen t0 0.95
ed
(main)
As hourly 357 2.9 2.82 0.69 0.98 -0.09 -3 0.66 22.8 -1.37 0.65 0.94
deploy to 1.20
ed
As 3-h 329 2.89 2.81 0.71 1.04 -0.08 -2.8 0.6 20.6 -1.24 0.66 0.92
deploy  rolling to 1.08
ed
As daily 16 2.86 2.79 0.8 1.31 -0.07 -2.6 0.46 16.1 -1.00 0.7 0.88
deploy t0 0.85
ed
a b
1.01
0.9 301
=
©
— &)
=038 2 \‘\\\
o c
kS 32 20
207 w
o
c
0.61 101
0.51
1 3 6 12 24 72 1 3 6 12 24 72
Averaging block (h) Averaging block (h)

- Fluxbot subsets -# autochamber subseis - autochamber vs Fluxbot subsets = full arrays (autochamber vs Fluxbot)

Fig. S5. Agreement between systems compared with agreement between disjoint three-chamber subsets of the same
system (autochamber—autochamber, Fluxbot—Fluxbot) and of different systems. (a) Correlation and (b) nRMSE as a
function of averaging block length for the full arrays (black) and for subsets (lines: medians, bands: 10th—90th
percentiles of up to 150 qualifying draws per comparison). Blocks are non-overlapping, unlike the 3-h rolling means
of Tables S1 and S2a. At 72 h only one cross-system draw qualified, so no cross-system subset summary is shown.

The GAM explained 54% of the deviance, and the hour-of-day and soil-temperature smooths were both
significant (p < 0.001). After accounting for time of day, temperature, and differences among collars,

Fluxbots read 0.05 pmol m 2 s™! (2%) lower than autochambers (SE 0.31; 95% CI —0.66 to 0.56), a
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234
235
236
237
238
239
240
241

242
243

244
245
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248

difference that was not significant. In the equivalence test (TOST; Schuirmann 1987; main text Section

2.8), the 90% CI of this difference (—0.56 to +0.47 umol m 2 s7!) lay within £19.2% of the mean across all

screened autochamber chamber-hours, so differences larger than 19.2% could be excluded (p = 0.043 at

+20%) but differences of 10% could not (p = 0.22). The interval is wide mainly because collars differ

from one another (between-chamber SD of 0.82 umol m2 s, estimated by the GAM across the chambers

of both systems; about 30% of the mean), which limits how closely any two sets of six to eight separate

collars can be shown to agree, whatever the instruments. A linear mixed model without smooths, with

random intercepts for chamber and for hour, gave nearly the same system effect (—0.05 umol m ™2 s™!, —2%;

SE 0.31), so the estimate does not depend on the smooths.

Table S2 shows how the main results depend on processing and quality-control choices (a) and on the

Fluxbot data-cleaning steps (b); the flux model had the largest effect on the level (Section S2.3).

Table S2. Sensitivity of the main results. (a) Processing and quality-control choices: method effect from

the GAM; offset, r, and CCC for paired 3-h rolling system means (block-bootstrap CI, Section S3.1); Q1o

from pooled exponential fits. (b) Fluxbot data-cleaning steps (main text Fig. 6a), from stuck lids and wet

sensors kept to the main dataset with additional hours removed after each wet episode: agreement of

system means over compared hours.

Offset, 3-h
system means
Method effect ~ (umolm?2s™!;
(GAM, pmol block-
Fluxbot m?2s’;95% bootstrap 95% 1 (3-h system CCC (3-h Quo

Scenario closures CD) CD) means) system means)  autochamber Qi Fluxbot
Main: RH- 6301 -0.05(-0.66to  -0.00(-0.22t0o  0.74 0.68 2.84 3.7
screened, 0.56) 0.26)
model
selection
As deployed: 6962 -0.11(-0.72to  -0.08 (-0.30to  0.71 0.66 2.73 3.38
wet-sensor 0.49) 0.17)
closures kept
Flux model: 6307 -0.33(-0.83t0  -0.27(-0.39t0  0.84 0.74 2.98 3.52
linear (LM) for 0.16) -0.14)
all closures
Flux model: 6287 0.08 (-0.53 to 0.13 (-0.09 to 0.75 0.68 2.83 3.38
Hutchinson- 0.69) 0.41)
Mosier (HM)
for all closures
Linear fits, as 6979 -0.37(-0.87to  -0.33(-0.46t0  0.78 0.66 2.83 32
deployed 0.12) -0.19)
QC: negatives 7435 -0.04 (-0.58to  0.03 (-0.28 to 0.34 0.33 2.34 3.58
removed, then 0.49) 0.33)
pooled 1.5 x
IQR screen
QC: negatives 7524 -0.11(-0.71to ~ 0.01 (-0.28 to 0.45 0.43 2.97 3.88
removed only 0.49) 0.33)
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Offset, 3-h

system means
Method effect ~ (umolm?2s™';
(GAM, pmol block-

Fluxbot m?2s';95% bootstrap 95%  r (3-h system CCC (3-h Quo
Scenario closures CD CD means) system means)  autochamber Qi Fluxbot
Pressure: 6301 -0.05(-0.68to  -0.00(-0.24t0  0.74 0.68 2.84 3.7
HF001 sea- 0.59) 0.26)
level-reduced
Fluxbot data Fluxbot closures Compared hours Offset (%) r (hourly) r (daily)
stuck lids and wet 7420 376 -7.1 0.71 0.86
sensors kept
as deployed 6962 357 -3 0.69 0.8
RH-screened (main) 6301 305 -0.3 0.72 0.85
RH-screened + 1 h 6222 301 -0.3 0.72 0.85
after wet removed
RH-screened + 6 h 5878 278 0.2 0.7 0.83
after wet removed
RH-screened + 24 h 5155 229 4.1 0.72 0.9

after wet removed

249  S4. Moisture and the K30 sensors

250  Pan et al. (2024) identified condensation on the K30 as the main cause of Fluxbot data loss and bias.

251  Water could affect a reading in three ways, each with its own signature: (1) liquid water on the envelope
252 could act as a diffusion barrier, slowing and damping the response so that closure slopes and fluxes are
253 underestimated; (2) water vapor inside the sensor could affect the infrared measurement, so that the

254  reading tracks humidity at constant CO», giving an offset and an apparent gain error when CO» and

255  humidity change together; and (3) liquid water reaching the electronics would cause error codes, dropouts,
256  spikes, or a sensor that stops recording. We tested these in two laboratory experiments (Section S4.1) and

257  then examined wet sensors in the field (Sections S4.2—-S4.3).

258  S84.1 Laboratory tests

259  In the first test (22 September 2023), one PTFE-covered and one uncovered K30 ran beside a laser-based
260  reference analyzer (LGR; M-GGA-918, ABB-Los Gatos Research; 1 Hz) in a growth chamber (about 90%
261  RH; 900 ppm COy); after four hours dry, the covered sensor was sprayed until water beaded on the PTFE
262  (Fig. S6a). In the second test (13 December 2023), two covered (t1, t2) and three uncovered K30s (c1—c3)
263  ran beside the LGR on a CO; rig through five phases: dry and wet PTFE envelope, dry and wet 3D-printed
264  bracket (which held the membrane taut; not used in the field), and bare sensors sprayed (Fig. S6b). In both

265  tests, CO, was varied with breath pulses and door openings.

266  We calibrated each K30 against the LGR on its own dry period with a lagged first-order response model,
267  K30(t)=a+b - LGR«(t — L), where LGR: is the LGR record passed through a first-order response with
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time constant 1, b the gain, and L a clock lag, and compared wet periods with that calibration (offset,
scatter, refitted T and gain, error codes). Damping was measured as the covered/uncovered slope ratio on
matched 90-s windows in which the LGR changed steadily (> 1 ppm s~', R? > 0.9), and vapor sensitivity
by regressing the uncovered sensors’ residuals on LGR H»O. Sensor c2 was noisy throughout and was left

out of the uncovered reference.

When dry, every K30 except c2 tracked the LGR linearly from about 420 to 1,700 ppm (gain 0.97-1.00,

median R? > 0.99), reading 33—52 ppm above it, an offset that does not affect a closure slope.

Evidence for a diffusion barrier was weak (Fig. S6c). The covered/uncovered slope ratio was 0.93 dry,
0.85 with the envelope wet, and 0.98—0.99 with the bracket dry or wet. Wetting did not slow the
December sensors (t 15-20 s throughout). The dry September envelope slowed the response (t 50 s
against 30 s uncovered), close to the median 48-s delay before CO; rises in field closures (Section S2.2).
Water vapor had a small effect (+2.4 and +2.6 ppm per ppt H>O in ¢l and ¢3), which over a field closure

would be under about 5% of a typical slope and opposite in sign to the field wet-sensor bias.

Liquid water on the cover made readings erratic and, in some sensors, offset them upward (Fig. S6d). The
scatter of the September PTFE-covered sensor rose from 11 ppm dry to 58 ppm wet, and it and the
December sensor t2 read about 30 ppm above their dry calibrations. Only bare sensors failed outright:
when sprayed, t1 stopped recording, t2 logged 98% error codes, and c2 read about 110 ppm high; with
covers on, no sensor stopped. The tests reproduced the direction of the field behavior but not its size: field
wetting lasts hours to days, through condensation as well as rain, with temperature and humidity gradients

that brief sprays cannot reproduce.

13



22 Sep 2023: one PTFE-covered and one uncovered K30; covered sensor sprayed at 17:32

' o =]
1100 8 g s
g & ©
g g @ e v
1000 1 § -D .
E 8 :
g 9001 22!
& 8
(o) ot
(@] 8001 :
700+
600 4 . . H . H .
17:20 17:30 17:40 17:50
— LGR (reference) + PTFE-covered K30 « Uncovered K30
13 Dec 2023: two covered (i1, t2) and three uncovered (c1-c3) K30s
Dry PTFE Wet PTFE E Dry bracket Wet bracket Bare K30s sprayed
1600 1 ‘
4
1
1
1
4
ﬂ ‘
_ q
E 1200 . {
e { . . i
= X 3
8 | 1 i
\ | |
) |
800 [ i |
d 1 ! } i |
LN ' Tk
1R { !
A u A
4001
15:45 16:00 16:15 16:30 1645 17:00 17115 17:30 17:45 18:00 18115 1830
¢1 uncovered ¢2 uncovered c3 uncovered + t1covered - t2 covered
c d
Response to CO2 ramps Offset when wet
1.61 °
Rl
Sy ° >= 901
=3 oS £
3E 12{ . cg
o & ° St - ==
€4 ° e 3 60
R o8 3. 55
S i 3 == — @8
oD Py % L e - S "
2o 081 L . ey © 5 30 ° & o
es » E® i
3% . S *os %5 o s
e o—e-o $# 7 o
0.4 2
o d o 3 o O oY ¢ o
o® & o T o o o AR o " I
o o o o o @650“ SR AN o®
oo’ .C°\\e 06""
ee® oo
O ¢2 (noisy all day) ® covered ® uncovered

288

289 Fig. §6. Laboratory tests of wet K30 sensors against an LGR reference (black). (a) 22 September 2023: PTFE-

290 covered (blue) and uncovered (orange) K30, before and after the covered sensor was sprayed (17:32). (b) 13

291 December 2023: two covered (t1, t2) and three uncovered (c1—c3) K30s through five phases. (c) Covered/uncovered
292 slope ratio on matched 90-s CO; ramps (points: ramps; bars: medians); a diffusion barrier would lower this ratio. (d)
293 Offset of each sensor relative to its own dry calibration; open circle: c2, noisy throughout.
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84.2 Wet sensors and stuck lids in the field

Following Pan et al. (2024), we flagged closures as wet when in-chamber RH was > 99% in the open-lid
minute before the lid closed. The open-lid baseline anomaly (Section S2.5) provides an independent
diagnostic: a healthy sensor reads close to the other units in its stand, with a median anomaly of —3 ppm
and a 90th percentile of 23 ppm in dry periods. Wet hours made up 19% of recorded unit-hours (1,678 h),

occurred in all 16 units, and formed 82 episodes (runs of wet hours, bridging gaps of up to 3 h).

Seventeen episodes in 6 units (737 h), including all six longer than 48 h, were stuck lids: the open-lid CO»
anomaly exceeded 500 ppm as a median over the episode, reaching several thousand ppm, so the
headspace was not venting between closures. Most came from units 114 and 112, and our field log records
that unit 114 was stuck shut on 7 October. In these episodes saturated RH was a consequence of a sealed
chamber rather than a sign of a wet sensor; the closures were flagged automatically and removed as
chamber failures (main text Fig. 6a). Because the anomaly is available every hour, stuck lids could also be

flagged in real time and fixed in the field.

The other 65 episodes (15 units, 941 h; median 14 h) were wet sensors, mostly during rain, including a
20-22 October event that wetted most units at once. Wet-sensor closures are removed in the main (RH-
screened) dataset and kept in the as-deployed dataset. The open-lid baseline recovered within hours of
drying (Fig. S7). Of the 16 wet-sensor episodes that ended with the baseline more than 100 ppm above the
other units, 15 returned to within 50 ppm 1-3 h after RH fell below 99% (median 2 h); the other was not
followed long enough to tell. Recovery time did not depend on episode length (Spearman p = 0.37,p =
0.17). During episodes, only 12-26% of wet hours had an anomaly above 100 ppm, and this share did not

grow with episode length.

The effect on flux was larger. The Fluxbot/autochamber ratio was 0.77 in the first 2 h of an episode and
0.58 after 13-24 h, against 0.99 in dry periods more than 72 h from any wet hour, so the main field effect
of a wet sensor was a depressed slope rather than an offset, and it built up over the first day. After drying,
the ratio was 0.86 in the first 3 h and about 0.85 through the first day, and then varied around the dry-
period ratio of 0.99 (0.8—1.05) on the second day as fewer episodes contributed (Fig. S7d). Part of this lag
may be real, because soils were re-equilibrating after rain and the collars of the two systems may respond

differently; however, these data cannot separate the two.

Wetting left no lasting effect: a unit’s dry-period flux ratio did not change with its cumulative wet hours
(+0.8% per 100 wet hours, t = 0.09). Water also did not cause recording failures: missed recordings were
less frequent in the 6 h after a wet hour (7% against 26%), because outages clustered in the dry battery-

depletion period, and error codes were rarer in wet hours (0.9% against 1.7% of readings).
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Fig. S7. Wet sensors in the field. (a) Lengths of episodes with in-chamber RH > 99%, split into stuck lids and wet
sensors. (b) Hours after drying until the open-lid baseline returned to within 50 ppm of the other units, for wet-
sensor episodes that ended more than 100 ppm high. (c) Open-lid baseline anomaly (median, IQR) and (d)
Fluxbot/autochamber flux ratio (median), relative to the last wet hour, dashed line in (d): dry-period reference.

84.3 Data loss and bias from moisture

Removing wet-sensor closures to form the main (RH-screened) dataset excluded 661 closures (main text

Fig. 6a). The offset was —3.0% over 357 as-deployed compared hours and —0.3% over 305 RH-screened
compared hours; hourly r was 0.69 and 0.72, and daily r 0.80 and 0.85 (Table S2b). Keeping stuck-lid
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closures, which are removed as chamber failures in the main dataset, lowered the offset to —7.1%.
Removing a further 1-24 h after each wet episode moved the offset to as much as +4.1% and cost up to 18%
more closures without improving hourly r. The monthly budgets agreed in both the RH-screened and the
as-deployed datasets, with Fluxbot/autochamber ratios of 0.98 (95% CI 0.81-1.18) and 0.96 (0.77-1.21);

in both, the width of the intervals reflects differences among collars rather than between systems.

Removing wet periods can also bias a budget through the hours it removes. The autochambers record
whether or not the Fluxbots are wet, so they show what the soil did in the hours the Fluxbots lose. In
stand-hours in which more than half of the recording Fluxbots were wet (stuck-lid closures excluded),
autochamber fluxes were 3% above a model of flux on temperature and time of day; when no Fluxbots
were wet, they were 1% below it. Wet periods were therefore modestly high-flux periods, plausibly
because of rewetting pulses. Removing them does not bias the hourly comparison, in which both systems
are compared over the same hours, but a gap-filled budget depends on which hours carry data. Keeping
only the autochamber stand-hours in which the Fluxbot array had a stand mean (Fluxbot coverage), and
gap-filling the remaining hours in the same way, lowered the autochamber budget by 0.7% under as-
deployed coverage and 1.3% under RH-screened coverage. The additional restriction from screening
accounts for about 0.6 percentage points. Screening out wet sensors therefore removes a measurement bias

at the cost of a small sampling bias in budgets.

S5. Temperature response and resilience

85.1 Diel cycle and temperature response

The hour-of-day curves of the two systems were correlated (r = 0.70). With model selection, Fluxbot
fluxes were elevated from 17:00 to midnight with a nominal peak at 21:00. With LM fits they peaked at
17:00, closer to the autochamber peak at 18:00, because model selection raises fluxes most in the evening,
when curvature is strongest (Section S2.3). Fluxbot fluxes were also higher relative to autochamber fluxes
when the air was warmer than the soil: the Fluxbot/autochamber ratio increased by 3.4% for each °C by
which air temperature exceeded 10-cm soil temperature. Chamber heating is unlikely to explain this,

because air inside a closed Fluxbot warmed by only 0.06 °C during a closure.

Q1o was estimated in two ways over the stand-hours in which both systems reported. First, pooled hourly
fluxes (F) of each system were fitted to F = a-exp(bT) by nonlinear least squares. Second, for chambers
with at least 100 qualifying chamber-hours, we fitted log F = a + bT using fluxes above 0.5 pmol m 2 s™!.
Q10 = exp(10-mean b) is the geometric mean of the chamber Qo values, and we resampled chambers

within stands for the ratio interval. Pooled fits gave a Q1o of 2.84 (95% CI 2.72-2.97) for autochambers

17



366
367
368
369

370
371
372
373
374
375

376

377
378
379
380
381
382
383

384
385
386
387
388
389

and 3.70 (3.47-3.94) for Fluxbots; these intervals treat individual fluxes as independent. Chamber-level
Q1o ranged from 2.0 to 3.6 among autochambers and from 1.3 to 10.9 among Fluxbots (values for each
chamber are in the data release). Geometric mean chamber Q1o was 2.80 (2.51-3.12) and 3.58 (2.86-4.51),
respectively, a ratio of 1.28 (1.00—1.64; t-test p = 0.14), or 1.21 without the two most extreme Fluxbots.

Because soil temperature and flux both declined over the month, the temperature response can be
confounded with season. As a check, we repeated the chamber-level fits, with fluxes above 0.3 pmol m™>
s !, adding a linear seasonal trend and the log of 72-h precipitation as covariates. Q1o was then 2.40 for
autochambers and 3.69 for Fluxbots (p = 0.12 for the difference). Air temperature explained Fluxbot
fluxes better than 10-cm soil temperature (AAIC = 28), whereas soil temperature was much the better

driver for autochambers (AAIC = 2,039 in its favor).

S3.2 Resilience

Mean Fluxbot unit success was 60% in stand 1 and 49% in stand 2, and at least three units reported in 81%
and 70% of hours, respectively. The longest outages with no Fluxbot unit reporting were 25 h in stand 1

and 47 h in stand 2 (main text Fig. 6d). For autochambers, mean unit success was 66% in stand 1 and 89%
in stand 2, and replicated coverage 67% and 90%. Fig. S8a shows the record of every chamber.
Autochamber losses came as blocks affecting a whole array at once, most clearly the 164 h in which the
stand-1 array produced no data, whereas Fluxbot losses were spread across individual units, apart from the

start of the deployment and the battery depletion on 16—18 October, which affected all units.

In both systems, stand-hours with fewer than three units reporting were more frequent than expected if

units had failed independently. For stand-2 Fluxbots, 30% of hours had fewer than three units, against 13%
expected from each unit’s own hourly success rate (a Poisson-binomial distribution); for stand-1
autochambers, 33% against 11% (Fig. S8b). In the autochambers this reflects the shared pneumatics and
power; in the Fluxbots, a battery depletion across all units on 16—18 October, after they had been deployed

and recharged together. Staggered or solar recharging would make Fluxbot failures closer to independent.
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Fig. 88. Data record and resilience. (a) Every chamber, every hour, colored by what happened to its data: in the
main dataset, removed as a wet sensor, removed by quality control, or no data (colors as in main text Fig. 6a); an
autochamber hour counts as in the main dataset if either of its two closures is. (b) Replicated coverage: percentage

of stand-hours with at least k units reporting, observed (solid) and expected if units failed independently (dashed), by
stand and system.
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