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Abstract.

Reliable offline measurements of ice-nucleating particles (INPs) with droplet-freezing assays require accurate assignment

of droplet temperature. We present FrESH (Freezing Experiment Setup Helsinki), a dual-plate immersion-freezing instrument

developed for high-throughput analysis of filter-collected aerosol samples. FrESH uses standard 96-well PCR plates cooled in

an ethanol bath with optical detection of freezing.5

The relationship between bath temperature (TBT) and droplet temperature (Twell) was characterised using five PT100 sen-

sors at fixed temperature and during cooling ramps for two chiller models. Wells were consistently warmer than the bath,

and the bath-to-well relationship was approximately linear over the range from 0 to -35◦C, with plate-averaged relations of

the form Twell ≈0.97TBT+(0.2–0.4) ◦C. Root-mean-square residuals of the plate-averaged linear fits were generally around

0.1◦C and remained below 0.2◦C in the sensor-resolved summaries. Analysis of routine FrESH measurement data revealed10

persistent spatial freezing patterns across the plates, consistent with spatial temperature variability. Combining the identified

sources of uncertainty gives an estimated droplet-temperature uncertainty of 0.43–0.44◦C (1σ) over the operational range. This

temperature characterisation is used to assign droplet temperatures and associated uncertainties in FrESH-derived NINP(T )

spectra.

1 Introduction15

Ice-nucleating particles (INPs) initiate heterogeneous freezing in supercooled cloud droplets and influence precipitation forma-

tion from mixed-phase clouds, cloud lifetime, and cloud radiative properties (Vali, 1971, 2019). Ambient INP concentrations

are commonly expressed as a cumulative activation–temperature spectrum NINP(T ), which can vary by several orders of

magnitude across environments and seasons (Schneider et al., 2021). Offline immersion-freezing methods based on aerosol

collection on filters followed by droplet-freezing analysis are widely used for routine INP measurements, but the resulting20

spectra depend strongly on how droplet temperature is assigned (Hiranuma et al., 2015; DeMott et al., 2018; Schrod and

Bingemer, 2025).

Many immersion-freezing instruments use multi-well plate designs with optical detection of freezing, but they differ in how

the samples are cooled, how heat is transferred to the wells, how temperature is controlled (Kunert et al., 2018; David et al.,

2019; Miller et al., 2021; Wang et al., 2025; Bazo et al., 2026). Previous studies have shown that the reported bath, block, or25
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stage temperature can differ systematically from the actual droplet temperature and that spatial temperature variations across

the sample holder can influence the inferred freezing spectrum (Beall et al., 2017; Chen et al., 2018; David et al., 2019; Wang

et al., 2025; Gratzl et al., 2025; Bazo et al., 2026; Bergner et al., 2026). Characterising these effects is important for accurate

uncertainty estimation to improve interpretation and comparison of INP measurements.

FrESH (Freezing Experiment Setup Helsinki) was developed at the Finnish Meteorological Institute for offline INP measure-30

ments and was operated routinely to analyse filter-collected aerosol samples. The system uses two clear, non-skirted 96-well

PCR plates with cut corner H12 (BRAND, cat. no. 732-2927) immersed in an ethanol bath with optical detection of freezing.

In this study, we characterise the relationship between bath and droplet temperature, assess persistent spatial variability across

the plates, and determine an operational temperature uncertainty for routine measurements. The analysis combines static equi-

librium experiments using PT100 sensors installed in representative well positions, routine FrESH measurement data from35

over one thousand runs, and dynamic cooling-ramp experiments performed from 0 to -35◦C at 1◦C min−1 under the routine

measurement configuration.

2 FrESH measurement system

2.1 System overview

FrESH is an immersion-freezing system used to measure the freezing temperature of water droplets containing suspended40

aerosol particles. The system consists of a thermostat-controlled ethanol bath, a floating frame holding two standard 96-well

PCR plates, and a USB camera for optical detection of freezing events (MOKOSE, 3840 x 2160 pixels, fitted with a 5–50 mm

manual zoom CS-mount lens). Each plate contains 96 droplets of 50µL each. During a measurement, the bath is cooled from

0 to -35◦C at 1◦C min−1 while backlit images are recorded every 10 s.

Figure 1 shows the FrESH setup and how the PCR wells are positioned in the ethanol bath. Panel (a) shows the ethanol45

baths and floating frame, panel (b) the dual-plate frame, and panel (c) a cross-section of an individual PCR well. The floating

frame maintains a constant immersion depth despite ethanol contraction during cooling. Wells are filled to about half their

height, and the ethanol level is adjusted to match the liquid level inside the wells so that only the lower part of each well

is submerged. Because thermal coupling depends on this geometry, the plate level is checked before each run to maintain

consistent immersion conditions across both plates.50

Three Lauda chiller models have been used in FrESH: RK20 during prototyping and RE1050 and RP1845 during routine

operation. The present study focuses on the two operational systems, RE1050 and RP1845.

2.2 Sensing and optical detection

Each chiller records the setpoint temperature, the internal bath temperature (TBT), and the temperature from an external PT100

probe placed in the ethanol near the plates. These signals are logged at 1 Hz. Temperature data and images are timestamped55

independently, and temperatures are assigned to images by matching the corresponding timestamps.
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(a)

(b) (c)

Figure 1. (a) FrESH setup with the two ethanol baths and the floating PCR plate holding frame. (b) CAD view of the dual-plate frame. (c)

Cross-section of a PCR well showing sample and ethanol bath level, and PT100 position.
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For thermal characterisation, five additional PT100 sensors (Labfacility Ltd, XE-4440-001, thin-film Class A) were installed

at representative well positions across the two plates and read using MAX31865 boards connected to a Raspberry Pi. Bath

temperature was also verified independently with a calibrated handheld thermometer during separate tests. The sensors were

placed to sample both corners and a central region of the plates and to include positions expected to be sensitive to edge-cooling60

effects: sensor 1 in well H1 of plate A, sensor 2 in well A1 of plate B, sensor 3 in well A12 of plate B, sensor 4 in well H12 of

plate A, and sensor 5 in well A6 of plate A.

During image processing, frames are first assigned to the corresponding plate, and well positions are identified in the initial

image using a circular Hough transform. The well locations are then tracked through the image sequence by aligning each

frame to the initial image. Mean grayscale intensity is calculated for each well to produce a time series, and freezing events are65

detected as sharp irreversible decreases in transmitted light associated with ice formation. With a cooling rate of 1◦C min−1

and an imaging interval of 10 s, the effective temperature resolution is approximately 0.17◦C per frame.

3 Temperature characterisation methods

3.1 Static step experiments

To characterise the relationship between bath and well temperature under near-equilibrium conditions, step experiments were70

performed from 0 to -35◦C in increments of -5◦C. At each temperature step, the system was allowed to equilibrate for 5–

10 min, and the final 2 min of each plateau were averaged to obtain a representative value for each sensor.

The instrumented wells were filled with water to match normal operating conditions. For each sensor i, the bath-to-well

relationship was fitted using

Twell,i = aiTBT + bi.75

The corresponding offset between well and bath temperature is

∆Ti = Twell,i −TBT = (ai − 1)TBT + bi.

The step experiments were repeated on different days to assess repeatability and to exclude effects from room temperature

variations.

3.2 Analysis of position-dependent freezing patterns80

Because the five PT100 sensors do not resolve the full temperature structure across the two 96-well plates, routine FrESH

measurements were analysed to identify recurring plate-position patterns during operation. This analysis is based on freezing

statistics rather than direct temperature measurements and therefore serves only as an empirical indicator of unresolved spatial
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heterogeneity. The observed patterns may reflect both temperature differences and other repeatable position-dependent influ-

ences, so they are interpreted here as an empirical measure of position-dependent variability rather than as a direct map of well85

temperature.

For each run k, the freezing temperature of each well T (k)
i was referenced to the median freezing temperature of the corre-

sponding plate in the same run,

δT
(k)
i = T

(k)
i − T̃

(k)
plate,

with T̃
(k)
plate the plate median, which was preferred over the plate mean for robustness to occasional anomalous freezing90

events; replacing it with the mean yields the same spatial pattern. The mean deviation

ci =
1

Mi

Mi∑

k=1

δT
(k)
i

defines a temperature-bias field in ◦C, where Mi is the number of runs in which well i was used. Spatial autocorrelation of the

resulting ci fields was summarised using Moran’s I on the 96-well grid, with neighbouring wells defined by queen connectivity.

The field ci represents the average offset of each well relative to the plate median and quantifies recurring position-dependent95

differences in apparent freezing temperature.

The spatial maps of ci are used as diagnostic tools for position-dependent variability that cannot be resolved by the five

PT100 sensors. Because ci combines thermal and non-thermal contributions that cannot be separated from freezing statistics

alone, it is used only to define the spatial term in the uncertainty budget, rather than as an operational well-specific correction.

3.3 Dynamic ramp experiments and operational mapping100

Dynamic behaviour was characterised during full cooling ramps from 0 to -35◦C at 1◦C min−1 with five PT100 sensors

installed in representative well positions. These sensors were first characterised against bath temperature in the static step

experiments described in Sect. 3.1. The ramp experiments were used to quantify transient differences between bath and well

temperature under normal operating conditions and to examine qualitatively whether the dynamic response was consistent with

the position-dependent freezing patterns identified in Sect. 3.2.105

The operational droplet-temperature estimate used in FrESH is based on a plate-averaged linear relation for each chiller,

Twell,corr(t) = achillerTBT(t)+ bchiller.

Dynamic residuals were computed by matching PT100 and chiller records by timestamp, applying the plate-averaged static

bath-to-well correction to the bath temperature at each matched time point, and subtracting the resulting estimate from the

simultaneously measured PT100 well temperature.110
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Table 1. Mean bath-to-well transfer function parameters for the two main FrESH chillers. Values are means and standard deviations across

all sensors and runs.

Chiller a b (◦C) RMSE (◦C)

RE1050 0.974 ± 0.014 0.362 ± 0.170 0.114

RP1845 0.969 ± 0.014 0.192 ± 0.116 0.110

Well-specific corrections are not applied, because the position-dependent field inferred from freezing statistics is not in-

dependently constrained and applying it directly at the well level could overfit the historical dataset. Instead, the remaining

between-well variability is treated as a contribution to the temperature uncertainty budget. The parameters achiller and bchiller

are plate-averaged for each chiller, and the position-dependent variability not resolved by the five PT100 sensors enters as the

term uspatial described in Sect. 4.3. The coherent spatial structure in the heat maps is consistent with bath-scale differences in115

circulation and heat transfer rather than random well-to-well noise.

4 Results

4.1 Bath-to-well heat transfer

Figure 2 shows the measured bath-to-well temperature offsets for the two main FrESH chillers together with the corresponding

plate-averaged linear fits. The step experiments indicate an approximately linear relationship between TBT and well temper-120

ature over the full operational range. Across all sensor–chiller combinations, the linear fits yield R2 values very close to 1,

with mean root-mean-square errors of about 0.11◦C. Using plate-averaged parameters averaged across runs and sensors, the

correction parameters are a=0.974, b=0.36 ◦C for RE1050 and a=0.969, b=0.19 ◦C for RP1845. The fitted parameters are

summarised in Table 1. Sensor-resolved parameters and run-to-run standard deviations are provided in Appendix A; these in-

dicate that the fitted transfer functions are stable across repeated experiments, although some sensors show larger variability in125

intercept than in slope.

Across both chillers, wells remained consistently warmer than TBT, and the offset increased at lower temperatures. At

0◦C, offsets were typically about 0.2–0.5◦C depending on position and chiller, increasing to about 1.1–1.9◦C for RE1050

and 0.8–2.0◦C for RP1845 at -35◦C. RP1845 showed a larger sensor-to-sensor spread at low temperature, with a spread of

about 1.23◦C across the five instrumented wells at -35◦C, compared with about 0.79◦C for RE1050. This indicates stronger130

spatial temperature gradients in RP1845 under static conditions and is consistent with the larger position-dependent variability

inferred from the routine-measurement analysis.

4.2 Position-dependent freezing patterns during routine operation

The spatial maps of ci derived in Sect. 3.2 provide an empirical constraint on position-dependent variability that cannot be

resolved by the five PT100 sensors. The resulting fields show clear spatial structure across the plates rather than isolated well-135
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Figure 2. Bath-to-well temperature offset as a function of bath temperature for the two main FrESH chillers. Symbols show the mean offset

across sensors and runs in 5◦C temperature step, with error bars indicating ±1σ across sensors. Dashed lines show the plate-averaged linear

relation for each chiller.

to-well noise. Moran’s I values were positive for all plates and chillers (RE1050: I =0.69 and 0.78 for plates A and B; RP1845:

I =0.68 and 0.73), with permutation-test p <0.001 in all cases, indicating substantial spatial autocorrelation.

The field ci, computed across all paired runs, shows systematic position-dependent offsets in apparent freezing temperature

on the order of 0.5–1 ◦C relative to the plate median. For RE1050, well-wise mean deviations range from -0.23 to +0.66◦C

for plate A and from -0.36 to +0.76◦C for plate B. For RP1845 the values are -0.47 to +0.99◦C for plate A and from -140

0.37 to +0.70◦C for plate B. These ranges describe the full positional spread of the inferred bias field and are reported here

as descriptive spatial amplitudes. In the uncertainty budget, the spatial contribution is instead represented by the weighted

standard deviation of ci, so that all terms entering the combined standard uncertainty are expressed on a consistent sigma basis.

4.3 Dynamic effects and temperature uncertainty budget

The dynamic residuals are smaller than the position-dependent spread inferred from the static and routine-measurement analy-145

ses, but they show that a static bath-to-well correction does not fully capture the thermal behaviour of the system during cooling

ramps. A dynamic term is therefore included in the operational temperature uncertainty budget.
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Figure 3. Spatial freezing-temperature bias ci for the two main FrESH chillers, derived from routine FrESH measurements. Values show the

mean deviation of each well from the plate-median freezing temperature.
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Ramp experiments show that well temperatures do not follow the imposed cooling exactly. Here, the dynamic residual is

defined as the difference between the PT100-measured well temperature during the ramp and the well temperature estimated

from the static plate-averaged bath-to-well relation. The residuals are centred close to zero on average for both chillers, but150

they retain a finite spread, indicating that the static correction does not fully capture the thermal behaviour of the system

during continuous cooling. Residuals are generally positive at the beginning of the ramp, consistent with the well remaining

slightly warmer than predicted by the static correction during the initial transient, and decrease towards lower temperatures,

in some cases becoming weakly negative. This behaviour indicates that the ramp response is not fully described by a single

static plate-averaged bath-to-well relation over the full temperature range. The dynamic contribution to uncertainty, udynamic,155

is estimated as the mean per-probe standard deviation of these residuals across all runs, which isolates temporal variability

from the sensor-to-sensor spread already accounted for in uspatial. This gives 0.32◦C for RE1050 and 0.21◦C for RP1845.
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Figure 4. Dynamic temperature residuals during 1◦C min−1 cooling ramps after applying the plate-averaged static bath-to-well correction

for the two main FrESH chillers (RE1050, RP1845). Symbols show the mean residual Tprobe−Twell,corr in 5◦C bath-temperature bins, with

error bars indicating ±1σ of all residual values within each bin. The dashed line marks zero residual.

The FrESH temperature uncertainty budget combines contributions from temporal resolution, bath-probe uncertainty, the

residual of the static plate-averaged bath-to-well relation, position-dependent variability, and dynamic effects during cooling

ramps. The temporal term associated with 10 s image acquisition at 1◦C min−1 is taken as utemporal = 0.08◦C, corresponding160
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Table 2. Operational temperature uncertainty budget for the two FrESH chillers.

Source Symbol RE1050 (◦C) RP1845 (◦C)

Temporal utemporal 0.08 0.08

Bath probe uBT 0.02 0.02

Model fit umodel 0.11 0.11

Spatial term uspatial 0.26 0.36

Dynamic udynamic 0.32 0.21

Combined uT 0.43 0.44

to half of the temperature increment between successive frames and used here as a conservative estimate of timing-related un-

certainty in assigned freezing temperature. The bath-probe contribution is uBT =0.02◦C, based on the manufacturer-specified

accuracy of the bath temperature probe. The static model-fit term, umodel, is taken as the mean RMSE of the sensor-resolved

linear bath-to-well fits across all runs for each chiller and is 0.11 ◦C for both RE1050 and RP1845. The spatial term, uspatial,

was estimated from the routine-measurement bias field ci as the weighted standard deviation of the well-mean offsets on each165

plate, using the number of contributing runs Mi as weights. This gives 0.20 and 0.26◦C for RE1050 and 0.36 and 0.23◦C

for RP1845 on plates A and B, respectively. Using the larger plate-specific value for each chiller gives uspatial = 0.26◦C for

RE1050 and 0.36◦C for RP1845.

The combined standard uncertainty is 0.43◦C for RE1050 and 0.44◦C for RP1845. The uncertainty is reported here as an

operational value for the full measurement range rather than as an explicit function of temperature. The combined uncertainty170

uT is calculated by adding the individual contributions in quadrature, treating them as operationally independent contributions

to uncertainty in assigned freezing temperature.

5 Discussion

The largest contributions to the FrESH temperature uncertainty arise from spatial variability and dynamic effects during cooling

ramps, with their relative importance differing between chillers. Static calibration experiments define the mean bath-to-well175

relationship for each chiller, and the historical freezing dataset reveals additional spatial variability that could not be resolved

by measurements with five PT100 sensors. Together with the ramp experiments, these analyses provide an operational estimate

of droplet-temperature assignment uncertainty under routine measurement conditions.

Temperature assignment has a direct impact on derived NINP(T ) spectra. Schrod and Bingemer (2025) showed that uncer-

tainties of ± 0.5◦C can lead to temperature error factors (TEFs) of 1.1–3.2, and that opposite temperature biases between in-180

struments can explain differences commonly observed in intercomparison studies (DeMott et al., 2018, 2025). The uncertainty

range reported here (uT ≈ 0.43–0.44◦C, 1σ) is therefore relevant for interpreting NINP(T ) measurements and for comparison

with other INP datasets.
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Table 3. Reported droplet-level temperature uncertainties or accuracies for selected immersion-freezing instruments from the literature.

Values are listed as reported in the respective studies. Because definitions and derivations are not fully uniform across papers, the comparison

is indicative rather than strictly one-to-one.

Instrument Cooling geometry Reported value (◦C)

FrESH (this work) Ethanol bath 0.43–0.44

FINC (Miller et al., 2021) Ethanol bath ± 0.5

FINDA-WLU (Wang et al., 2025) Cold stage ± 0.60

GRAINS (Bazo et al., 2026) Cold stage < 0.5

DRINCZ (David et al., 2019) Ethanol bath ± 0.9

micro-PINGUIN (Wieber et al., 2024) Gallium bath ± 0.81a

TINA (Kunert et al., 2018) Aluminium block < 0.2
a Reported as accuracy at -10◦C; the same study reports reproducibility of ± 0.20◦C.

Table 3 summarises reported droplet-level temperature uncertainties for selected immersion-freezing instruments. The com-

parison is intended as context rather than a full review, and the reported values are not directly comparable across studies185

because they were derived using different methods. FrESH uncertainty falls within the range reported for similar systems.

This work introduces a practical temperature-characterisation and uncertainty-estimation framework that can improve the

uncertainty budget of droplet-temperature assignment relative to raw bath temperature readings, without introducing well-

specific corrections that are not independently constrained. The calibration and uncertainty framework applies to the current

FrESH configuration (96-well plates, 50µL droplets, partial ethanol immersion, 1 ◦C min−1 cooling rate, and RE1050 and190

RP1845 chillers); changes in configuration would require re-characterisation of the bath-to-well corrections and spatial bias

structure.

6 Conclusions

FrESH shows a stable and approximately linear relationship between bath and well temperature over the operational range

from 0 to -35◦C, with wells systematically warmer than the bath. Using bath temperature directly would therefore bias reported195

freezing temperatures.

The analysis of routine measurements shows spatial differences across the plates, indicating local temperature heterogeneity

during routine operation. Because full well-by-well temperature measurements are not available, this effect is treated as an

uncertainty contribution rather than corrected explicitly at the well level.

Combining uncertainty contributions from image timing, bath-probe accuracy, the residual of the static plate-averaged200

bath-to-well relation, position-dependent variability, and dynamic effects during cooling ramps yields an estimated droplet-

temperature uncertainty of 0.43◦C (RE1050) and 0.44◦C (RP1845) (1σ) for the FrESH system.
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The characterisation presented here is used to assign droplet temperature and associated uncertainty in routine FrESH mea-

surements of NINP(T ) spectra.
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Appendix A: FrESH calibration parameters

Table A1 summarises the bath-to-well relation parameters for each instrumented PT100 position and chiller, including mean

values across all valid step runs and the corresponding run-to-run standard deviations.
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Table A1. Sensor-resolved bath-to-well transfer function parameters for the two main FrESH chillers. Values are means and standard devia-

tions across repeated step experiments.

a b (◦C) RMSE (◦C) R2 n runs

Chiller Sensor mean std mean std mean std mean

RE1050 Sensor 1 0.973 0.004 0.298 0.128 0.089 0.029 1.000 6

RE1050 Sensor 2 0.974 0.017 0.353 0.091 0.111 0.027 1.000 6

RE1050 Sensor 3 0.961 0.020 0.304 0.266 0.193 0.090 1.000 6

RE1050 Sensor 4 0.979 0.005 0.376 0.181 0.078 0.020 1.000 6

RE1050 Sensor 5 0.984 0.009 0.479 0.117 0.096 0.009 1.000 6

RP1845 Sensor 1 0.950 0.005 0.090 0.047 0.170 0.045 1.000 6

RP1845 Sensor 2 0.984 0.003 0.193 0.048 0.058 0.016 1.000 6

RP1845 Sensor 3 0.980 0.006 0.131 0.091 0.088 0.037 1.000 6

RP1845 Sensor 4 0.959 0.009 0.184 0.083 0.143 0.040 1.000 6

RP1845 Sensor 5 0.973 0.004 0.360 0.089 0.090 0.031 1.000 6
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