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Abstract

This study presents the metrological validation of encapsulated DS18B20 digital temper-
ature sensors. Eight units were tested, and seven were analysed (sensor 8 was excluded
owing to a systematic failure). The evaluation was performed using a standard comparison
calibration, where T, was defined as the mean of two calibrated Pt-100 probes in a Julabo
DYNEO DD 601F thermostatic bath, following the TH-001 procedure of the Spanish Centre
of Metrology (CEM). Four validation tests were performed: Test 1 (E1, 20 to 75 °C), Test 2
(E2,20to 72 °C), and with an extended range, Test 3 (E3, —12 to 86 °C) and Test 4 (E4, —12 to
86 °C; repetition to assess reproducibility relative to E3), with 10 steady-state readings per
setpoint. Erroneous readings were defined and removed (probe 3, Test 4), and set points
without valid readings from probe 4 above 68 °C were excluded. Without data processing,
the errors were consistent with the manufacturer’s stated +0.5 °C, despite an inter-probe
bias. Several correction models were evaluated (offset, affine linear, polynomial, and
segmented); the probe-specific affine linear model provided the best overall compromise,
reducing MAE (Mean Absolute Error) to 0.046 to 0.130 °C and RMSE (Root Mean Square
Error) to 0.057 to 0.169 °C. The process uncertainty is dominated by the traceability of the
Pt-100 probes and the effective nonuniformity of the isothermal volume, which limits the
achievable accuracy. The results support the use of individually calibrated DS18B20 sensors
for continuous monitoring, provided that the effective operating range is maintained.

Keywords: low-cost sensors; DS18B20; temperature monitoring; uncertainty; IoT

1. Introduction

The use of low-cost sensors (LCS) is transforming numerous scientific and techno-
logical fields, particularly environmental monitoring, preventive conservation of cultural
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heritage, smart resource management, and the development of data networks across aca-
demic and urban infrastructures [1-4]. Their affordability, together with their versatility
for implementation in scalable, real-world solutions, has made these devices key enablers
for democratising access to scientific instrumentation and increasing the spatial density of
conventional measurement systems [5-7].

Nevertheless, their widespread adoption raises important metrological challenges
that must be addressed. Key limitations include high unit-to-unit and batch-to-batch
variability, the presence of systematic errors in the absence of individual calibration, and
the lack of internationally recognised traceability procedures [8,9]. These factors hinder
their use in projects that require accurate and reproducible measurements, particularly in
those in which data reliability is critical for scientific analysis, decision-making, or process
certification [10,11].

Recent literature reflects this concern and proposes different statistical correction strate-
gies and calibration models to improve the accuracy of the LCS. Abdinnoor et al. [12] show
that calibrating DS18B20 sensors under controlled conditions can reduce the mean error
from 3% to 0.85% and decrease the standard error by approximately 48% through linear
correction models and appropriate handling of experimental uncertainty. Lin et al. [13]
emphasise that linear regression is the preferred approach for field calibration, provided
that environmental factors and sources of uncertainty are addressed explicitly. However,
most of these studies focus on statistical approaches, and there remains a scarcity of work
incorporating traceable metrological validation protocols and direct calibrations against
certified standards [14-16].

In this context, the Tellus UPM Innovation Ecosystem, embedded within the Unit
for Social Entrepreneurship, Ethics, and Values in Engineering (UESEVI) at the School
of Mines and Energy Engineering of the Technical University of Madrid (ETSIME-UPM),
operates as a multidisciplinary laboratory aimed at developing and validating technological
solutions for sustainability, education, and social innovation [17,18]. Through the Tellus
IoT Lab, this ecosystem provides the infrastructure and experimental framework for the
design, characterisation, and verification of microelectronic prototypes and low-cost sensors
with a strong emphasis on knowledge transfer. The European Engineering Learning
Innovation and Science Alliance (EELISA), particularly its Ethics, Social Commitment &
Entrepreneurship (ESCE) community [19], has enabled the inter-institutional collaboration
required to structure joint work between teams with complementary technological and
metrological expertise.

In this context, a collaboration with the Thermal Metrology Laboratory of the De-
partment of Energy Engineering at the School of Industrial Engineering of the Technical
University of Madrid (ETSII-UPM) enabled the implementation of the TH-001 procedure of
the Spanish Centre of Metrology (CEM) [20] for the comparison calibration of direct-reading
thermometers. The application of calibration models, strictly aligned with internationally
recognized normative frameworks such as the International System of Units (SI) [21], the
International Vocabulary of Metrology (VIM) [22], and the Guide to the Expression of
Uncertainty in Measurement (GUM) alongside EA-4/02 M:2013 [23], establishes a traceable
methodology for uncertainty estimation and provides reproducible criteria for the metro-
logical validation against certified Pt-100 standards. This approach adds value relative to
the previous literature by integrating metrological rigor into the use of LCS and, moreover,
by enabling the identification and selection of the most stable and calibratable units within
each batch.

This study reports the results of four calibration and metrological validation tests
of DS18B20 sensors [24] conducted under the TH-001 protocol and within a university
Living Lab environment [25,26]. The operational range of interest was defined as —10 °C
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to +85 °C, in accordance with the most stringent specifications stated in the datasheet for
these sensors.

The objective of this study was to demonstrate that, through the application of trace-
able calibration protocols, statistical quality control, and independent validation under the
TH-001 methodology, DS18B20 sensors can achieve levels of accuracy and stability compat-
ible with scientific, engineering, and advanced monitoring applications in IoT networks,
heritage conservation, and sustainability.

The main contributions of this study are as follows: (i) the definition and implementa-
tion of a replicable DS18B20 calibration protocol grounded in international metrological
standards; (ii) a systematic evaluation of different correction models, identifying the affine
linear model as the optimal solution in terms of accuracy and robustness; (iii) a detailed
sensor-by-sensor uncertainty estimation, including both Type A and Type B components;
and (iv) demonstration of the practical transferability of the procedure to IoT networks
deployed in a university Living Lab.

2. Materials and Methods
2.1. Instrumentation and Reference Standards

The sensors under calibration comprised eight encapsulated DS18B20 units, individu-
ally wired and configured to a 12-bit resolution (0.0625 °C per increment), and operated
within the manufacturer’s specified highest-accuracy interval (+0.5 °C from —10 to +85 °C).
The reference system for calibration was based on a Julabo DYNEO DD thermostatic
bath [27] (manufacturer-declared stability +0.01 °C; resolution 0.01 °C) used to generate
isothermal setpoints. The temperature was verified using two Pt-100 probes calibrated
against standards traceable to the Spanish Centre of Metrology (CEM), connected to a
high-resolution digital reader (0.001 °C). These probes were used as redundant working
standards to assess the temporal stability and spatial uniformity of the bath at each setpoint.

2.2. Environmental Conditions

The experiments were conducted in the Thermal Metrology Laboratory of the Depart-
ment of Energy Engineering at ETSII-UPM under environmental conditions continuously
monitored using a Testo Saveris 2 H1 data logger (range: —30 to +50 °C; 0-100% RH;
accuracy: £0.5 °C and +2% RH; resolution: 0.1 °C and 0.1% RH). This monitoring en-
abled verification, within the instrument’s stated accuracy, that no relevant environmental
anomalies occurred during the experimental period that could compromise the metro-
logical validity of the tests. In accordance with the TH-001 procedure, temperature and
relative humidity were recorded within the laboratory’s normal operating conditions; dur-
ing the experiments, values typically remained within 20-25 °C and 30-50% RH, without
significant fluctuations.

2.3. Experimental Setup

The eight DS18B20 probes and two Pt-100 reference probes were immersed in a
thermostatic bath at a uniform depth to minimise vertical thermal gradients. To ensure
maximum data integrity and avoid bus contention, each DS18B20 sensor was connected to a
dedicated digital input pin on the Arduino microcontroller, avoiding a multidrop topology
with a shared bus. Furthermore, the sensors were configured in active power mode (using
a common VCC and GND bus with a dedicated 4.7 k) pull-up resistor per data line)
instead of parasitic power mode. This setup was chosen to prevent self-heating issues
and voltage drops during simultaneous temperature conversions, common limitations in
shared parasitic lines, and to reduce communication errors associated with line capacitance.

https:/ /doi.org/10.3390 /metrology6010021


https://doi.org/10.3390/metrology6010021

Metrology 2026, 6, 21

4 0f27

The probes were arranged in a dedicated holder that ensured adequate separation and
reproducible positioning, preventing probe-to-probe contact and potential local disturbance.
The typical cable lengths were <1 m, consistent with short-range 1-Wire configurations. The
calibration points were strategically selected to cover the manufacturer’s full high-accuracy
range (—10 to +85 °C), ensuring the correction models remain valid under the diverse
thermal conditions that an IoT edge node might encounter.

In this regard, the validation supports the direct applicability of these sensors across
multiple ongoing deployments, such as subsurface environmental monitoring (MESEME
project) [28], preventive conservation of historical university library collections (Smart
Heritage ETSIME-UPM project) [29], and industrial applications like concrete setting studies
(Smart Concrete project) [30], in collaboration with the Quality Control Laboratory for
Construction Products (LOEMCO).

The experimental setup, including the detailed electronic interface and the physical
distribution of the sensors, is shown in Figure 1, which illustrates the thermostatic bath, the
Pt-100 based reference system, the Arduino UNO microcontroller, and the control computer
running LabVIEW [30].

High-precision thermometer with two probes
[Reference thermometers]
PT-100
Computer
LabVIEW development environment

S
Eight encapsulated probes id I=
[Thermometers to be calibrated]

DS18B20 Microcontroller o
Arduino UNO

e
\
|
1
/

Thermostatic bath
Q [Temperature-controlled liquid bath]

Julabo DYNEO DD
v

b)

Figure 1. Detailed architecture of the experimental setup. (a) Functional schematic illustrating the
interconnection between the thermostatic bath, the Pt-100 reference standards, and the sensor batch.
(b) Electronic interface diagram of the Arduino-DS18B20 configuration: the setup of dedicated digital
pins (D2-D9) and independent pull-up resistors (4.7 kQ)) is detailed. This design ensures signal
integrity and fault isolation, preventing systematic anomalies (such as that observed in Sensor 8)
from affecting the remainder of the batch. Cabling lengths of less than 1 m ensure electrical stability
and signal clarity against capacitive effects. Furthermore, the integration with the control computer is
shown; it simultaneously manages data acquisition and the circuit’s power supply, thereby ensuring
full process traceability.
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2.4. Acquisition and Processing

Data acquisition was performed on a laboratory computer using a LabVIEW applica-
tion, which enabled the synchronisation of the readings from the DS18B20 sensors (via the
Arduino UNO) and Pt-100 probes (via a digital thermometer). The data were logged in real
time and stored in a .txt file for subsequent analyses.

Data pre-processing included: (i) computation of the reference temperature, T, as
the arithmetic mean of the two Pt-100 readings, in accordance with the TH-001 procedure;
(ii) filtering of anomalous values; and (iii) verification of the stability and uniformity of the
isothermal medium at each set point. Once stable conditions were achieved, ten readings
were recorded per temperature level for subsequent statistical analysis.

2.5. Calibration Procedure

The TH-001 comparison calibration procedure for direct-reading thermometers was
used. It comprised:

e  Selection of calibration points within the target nominal range (—10 to +85 °C):a 5 °C
step was used in the first test and a 2 °C step in subsequent tests to increase point
density and improve model fitting. Extended tests were performed using additional
points outside the nominal range.

e Bath stabilisation was performed at each setpoint until stable conditions were
reached (variation in Ty < 0.02 °C over 5 min), where T, is the mean of the two
Pt-100 readings.

e  Recording of synchronised reading series: Once stability was achieved, 10 readings
were acquired per temperature level for subsequent statistical treatment.

e  The individual correction for each sensor is computed (Equation (1)), defined as the
difference between the reference and the sensor under calibration:

C = Tret — Tps (1)

Therefore, the corrected temperature is obtained as Tcorr = Tps + C. In practice, C in
equation, is modelled as a function of Tpg for affine correction implies Teorr = @ + bTpg
(equivalently C = a + (b — 1) Tpg).

e  Fitting of correction models (Section 2.7).

2.6. Uncertainty Estimation

Uncertainty evaluation was performed in accordance with the TH-001 procedure,

considering a comparison calibration model in which the reference temperature was de-

fined as tof = tl;tz , Where t; and t, were the readings from the two Pt-100 probes. The

contributions considered (standard uncertainties) were as follows:

® s uncertainty associated with the DS18B20 resolution (Equation (2)), assuming a
rectangular distribution.

0.0625
Ures = W

®  upep: repeatability of the DS18B20 at each setpoint, calculated as the standard deviation

=0.018 °C )

of the readings acquired under stable conditions (ten readings).

®  lgap: temporal stability of the isothermal medium during acquisition, estimated as
the standard deviation of T, (mean of the Pt-100 readings) over the stable interval at
each setpoint.

®  Uuniform: As an independent spatial uniformity map of the bath was not available,
a conservative approach was adopted in this study to represent the nonuniformity
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of the isothermal medium within the calibration volume. Rather than directly es-
timating u#yniform (spatial uniformity of the isothermal medium) (Equation (3)), an
effective non-uniformity of the calibration volume (uy,]) was defined and used. It
is computed from the observed difference between the two Pt-100 probes placed
at different positions within the bath under the same stabilisation conditions. This
difference, AT = |Tpt-1001 — Tpt-1002|, is interpreted as a representative upper bound
on the maximum thermal gradient within the volume occupied by the full assembly
(DS18B20 probes + reference), and it is converted to a standard uncertainty by assum-
ing a rectangular distribution (conservative case), such that:

AT

Uuniform = 2\/5 3)
This approach fulfils the intent of TH-001, as it explicitly introduces into the uncertainty
budget a term that captures the effects of spatial gradients and potential thermal
heterogeneities of the isothermal medium during the calibration process, thereby
avoiding an underestimation of uncertainty when a full spatial characterisation of the
bath is not available.

Ucert Tref: COMponent arising from the Pt-100 calibration certificate. From the expanded
uncertainty reported in the certificate, Ugert (With k = 2), the standard uncertainty of
each Pt-100 was obtained as #cert; = % (Equation (4)). As Ty is defined as the mean
of two independent standards, this contribution is propagated as follows:

Ucert,i
Ucert, Tref = (4)

V2

Other contributions considered in TH-001 (drift and influence quantities) were as-

sumed to be either encompassed by the calibration certificate or negligible relative to the
dominant components under the test conditions.

The combined standard uncertainty was calculated as follows Equation (5):

— 2 2 2 2 2
Ue = \/ Ufes T+ urep + Uestab + Winiform + ucert,Tref (5)

The expanded uncertainty is expressed as follows (Equation (6)):

U = kuc, k =2 (approx. 95%) (6)

2.7. Evaluation of Correction Models

Although linear models are the most commonly used in the literature [31-33], this

study evaluated four models with different levels of complexity to identify the best trade-off
between computational simplicity and goodness of fit. This is particularly relevant for
solutions in which such adjustments are implemented directly on IoT nodes with limited
processing power. In all cases, the corrected temperature is denoted by Tcorr.

The following models were evaluated:

2.7.1. Constant Offset

A uniform correction was applied to all readings to compensate for potential system-

atic bias relative to the reference (Equation (7)).

Teorr = Tps + ¢ @)
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2.7.2. Linear Model

This model assumes a linear relationship between the sensor reading and reference,
allowing the correction of both offset and slope errors (Equation (8)).

Teorr = a+bTpg (8)

Although traceability in thermometry is underpinned by normative frameworks such
as the ITS-90 [34] and, for resistance thermometers, by resistance-temperature relationships,
the present work performs a direct correlation between the measured and reference temper-
atures. Within the considered range, the linear fit is regarded as an adequate approximation
for deriving operational corrections.

2.7.3. Second-Order Polynomial Model

This model introduces a quadratic term to capture potential non-linearities within the
tested range (Equation (9)).
Teorr = @+ b Tps + ¢ T3g )

2.7.4. Segmented Model (Three Intervals)

This approach considers independent regressions over predefined intervals to improve
the fit in regions where more pronounced deviations are observed (Equation (10)), consistent
with the segmentation applied in the Results section: [—12, 0), [0, 60), and [60, 86] °C. The
model was defined as a piecewise function over these three distinct intervals.

ap+b1Tps, —12<Tps <0
Teorr = a2+ b2 Tps, 0 < Tpg < 60 (10)
a3+ b3 Tps, 60 < Tps < 86

Model evaluation was performed using MAE (Mean Absolute Error) and RMSE
(Root Mean Square Error) as performance metrics, complemented by a residual analysis
to assess error structure (distribution, residual bias, and potential unmodelled patterns).
This allowed the evaluation of the accuracy, robustness, and practical applicability of
each model.

2.8. Assessment of Inter-Test Reproducibility

Reproducibility was assessed across four independent tests by analysing the consis-
tency of the mean bias and its variability between experiments for each probe, together
with an evaluation of the overall error metrics (MAE/RMSE) across tests. Because the
tests covered different thermal ranges, these assessments were performed consistently
by scenario (mid-range versus extended range) and, where appropriate, between equiv-
alent tests (Tests 3 and 4). This analysis enabled the identification of sensors exhibiting
stable behaviour across tests and the detection of potential trends consistent with sys-
tematic drift, providing practical criteria for reliable deployment in IoT networks and
long-term applications.

2.9. Experimental Design, Sample Size, and Data Cleaning

The tests were designed to provide progressive coverage from a mid-range temper-
ature interval, representative of environmental monitoring applications, to an extended
range within the interval of interest (approximately —10 to 85 °C), incorporating set points
outside the nominal range.

o Test1 (mid-range, 5 °C step): exploratory in nature, aimed at assessing the overall
behaviour of the batch over a range representative of typical applications.

https:/ /doi.org/10.3390 /metrology6010021
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e  Test2 (densified mid-range, 2 °C step): increased point density to examine the linearity
and temperature dependence of the error in greater detail.

o  Test 3 (extended range, 2 °C step): included thermal conditions close to the inter-
val of interest and additional points to investigate the batch behaviour towards the
tested extremes.

o  Test 4 (repeat of the extended range): Test 3 protocol was replicated to assess inter-test
reproducibility and explore potential trends consistent with drift.

At each temperature setpoint, sufficient time was allowed to record approximately
ten consecutive readings per sensor during the steady-state interval used for data acquisi-
tion, yielding a sample size of nearly 10,000 records for the complete experiment across
the seven probes. This volume of data enables robust statistical analyses, estimation of
repeatability across temperature setpoints, and assessment of subtle error trends as a
function of the temperature.

Prior to statistical treatment, the dataset underwent a basic quality review.

e  The internal consistency was verified for each setpoint (i.e., no appreciable drift during
the steady-state acquisition interval).

e  Only records associated with transient bath phases or isolated acquisition errors
(incomplete readings or values markedly inconsistent with the remainder of the
setpoint) were identified and discarded.

e Nosignificant data losses were observed, except for probe 4 at setpoints above approx-
imately 68 °C, where the sensor ceased to provide reliable readings; therefore, these
points were excluded from the subsequent analyses for that unit. In addition, probe 8
was excluded from the study because of a systematic failure.

3. Results

This section presents the results of the four tests summarised in Table 1, which were
conducted on the batch of DS18B20 sensors described in Section 2. As a prerequisite, the
behaviour of the isothermal medium and reference system (stability and uniformity) was
assessed. Subsequently, sensor errors, filtering of anomalous readings, and the perfor-
mance of correction models were analysed. Finally, uncertainty analysis and inter-test
reproducibility were integrated.

Table 1. Summary of the thermal ranges, calibration points, and sample sizes for each test.

Nominal . .
Test Temperature Nominal Step (°C) No. of Ce‘lhbratlon No. of Records
o Points Per Probe
Range (°C)

1 20to 75 5 12 120
2 20 to 72 2 27 270
3 —12to 86 2 50 510
4 —12 to 86 2 50 510

To ensure clarity across the extensive metrological evaluation presented in this section,
the results are structured into five key stages: (i) characterization of the isothermal medium
stability; (ii) assessment of the DS18B20 raw performance; (iii) inter-test reproducibility
analysis; (iv) evaluation of the four proposed correction models; and (v) final uncertainty
estimation and overall performance metrics.

Probe 8 was excluded from the analysis due to a systematic failure, and the data
exclusions described in Section 2 were applied.
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3.1. Behaviour of the Isothermal Medium and Reference Standards

The correct operation of the isothermal medium and reference system is a prerequisite
for rigorously interpreting the behaviour of DS18B20 sensors. This subsection evaluates
(i) the temporal stability of the bath during data acquisition, (ii) the spatial uniformity of the
isothermal medium based on the Pt-100 standards, and (iii) the metrological consistency of
these standards as a traceable reference.

3.1.1. Bath Stability and Spatial Uniformity of the Isothermal Medium

The Julabo DYNEO DD 601F thermostatic bath was operated in the internal control
mode. The probes were placed within the isothermal zone characterised by the laboratory
(uniform immersion depth and away from the walls) to minimise vertical gradients and
boundary effects. At each temperature setpoint, the system was allowed to reach a steady
state, and in accordance with the TH-001 procedure, 10 consecutive readings per channel
were recorded during the stable interval.

Temporal stability (within set point). The stability during acquisition was evaluated
using the standard deviation of Ty at each setpoint, where T, is the mean of the two
Pt-100 readings. In Test 3 (Figure 2), the standard deviation of T, remained on the order
of thousandths of a degree across the range, with no appreciable trends within the steady-
state temperature window, which is consistent with the stable behaviour of the isothermal
medium during data collection.

0.012
g 0010}
< )
-
2 0.008}
]
©
o -
[
2 0.006
o
w
8 4 )
o
L 0.004}
0.002 N v Y =
0 20 0 60 80

Bath set-point temperature (°C)

Figure 2. Stability (SD of T, left axis) and inter-probe variability of DS18B20 relative to Tyes (right
axis) for Test 3.

In Test 4, the maximum standard deviation (SD) of Ty (0.0673 °C) corresponded to a
setpoint for which the calculation included part of the transient phase. When the SD was
recomputed over the steady-state temperature window, the indicator was consistent with
the remaining setpoints.

During the preliminary analysis, an anomalously high standard deviation of the Pt-100
readings at 30 °C was detected because 20 readings were recorded (including part of the
transient). When the calculation was restricted to the 10 readings from the stable interval,
the value returned to levels consistent with the other set points. Hence, the stability indica-
tors were computed exclusively over the steady-state window in accordance with TH-001.

In this study, the spatial uniformity was estimated from the difference between the
two Pt-100 probes placed at different positions within the bath. This difference provides
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an experimental bound on the nonuniformity within the measurement zone and allows
its contribution to be expressed as a standard uncertainty under a rectangular assumption
(Equation (11)).
Uyniform = ‘ hob |
2v3

where t; y t; are the corrected readings of the Pt-100 probes at the steady-state setpoint.

(11)

This approach is consistent with the treatment of stability and uniformity of the isothermal
medium in TH-001.

In addition, the dispersion of the residuals of the seven DS18B20 probes with respect
to Tief was computed for each setpoint. This quantity is reported as the batch’s inter-probe
variability (rather than bath uniformity), since it integrates the intrinsic dispersion of the
sensors under calibration together with minor effects related to positioning /immersion.

In the extended-range tests (Tests 3 and 4), this variability increased towards the
thermal extremes, consistent with the larger DS18B20 deviations near the boundaries of the
extended interval of interest.

The bath-uniformity contribution used in the uncertainty calculation was obtained
from It — t; | between the Pt-100 probes, whereas the “inter-probe SD” was used here to
describe the batch dispersion prior to correction.

3.1.2. Performance of the Pt-100 Standards

Two laboratory Pt-100 probes were used as reference thermometers, calibrated with
traceability to the national realisation of the ITS-90 (Spanish version: EIT-90) maintained
by the Spanish Centre of Metrology (CEM). The calibration certificate provides, for the
tested points, the correction to be applied and an expanded certificate uncertainty of
Ucert = 0.14 °C with k = 2, estimated in accordance with EA-4/02 M:2013. Accordingly,
the standard uncertainty associated with the certificate for each Pt-100 was taken as
Ucerti = % = 0.07 °C. Because the reference temperature in this study was defined as

Tyt = tlertz (mean of both PT-100 readings after applying the certificate corrections), the

Ucert,i

f 7

certificate contribution to the reference was propagated as tcer Tref = assuming
independence between standards.

In all tests, T was computed as the mean of the two Pt-100 readings over the steady-
state acquisition interval. The differences between the Pt-100 probes remained small (on
the order of hundredths of a degree) and showed no systematic trends across the thermal
range, confirming their mutual consistency and supporting their suitability as a traceable

reference against which deviations in the DS18B20 batch were evaluated and corrected.

3.2. Behaviour of the DS18B20 Sensors

The behaviour of the DS18B20 sensors was analysed based on their deviations relative
to the reference temperature T,of (mean of two Pt-100 probes), both in absolute terms
and through an analysis of the residuals and their statistical distribution. Performance
was assessed prior to applying the correction models by examining batch consistency, the
presence of outliers, and the degree of compliance with the manufacturer’s specifications
within the range of interest. With this convention, * = C, and Teorr = Tps + 7.

Figure 3 shows the relationship between the reference temperature Ty.¢ (mean of the
two Pt-100 probes) and the temperature recorded by the DS18B20 sensors across the four
tests (cleaned data). In this representation, each point corresponds to the mean of the
10 steady-state readings recorded at a given temperature set point for a given probe. Given
the wide thermal range considered, the point cloud appears visually close to the ideal
1:1 line; therefore, the performance evaluation relies primarily on residual analysis and
error metrics (Figure 4 and Table 2).
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Figure 3. Agreement between the reference temperature (Ty.f) (mean of two Pt-100 probes) and the
temperature recorded by the DS18B20 sensors in Tests 14 (filtered data). Each point represents the
mean of ten steady-state readings per setpoint and probe. The approximating line corresponds to an
ideal 1:1 relationship. Spurious readings identified for probe 3 in Test 4 and setpoints above 68 °C
with no valid readings from probe 4 were excluded from the analysis.
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Figure 4. Distribution of residuals by probe (51-57) and test (E1-E4). The box boundaries represent
the interquartile range (IQR), from the first to the third quartile (Q; and Qj3); the blue horizontal
line indicates the median residual, representing the central tendency or bias; the whiskers (error
bars) extend to the minimum and maximum values within 1.5 X IQR; and the small circles represent
outliers (data points beyond the whiskers). The dashed yellow line indicates a zero residual, serving
as the reference for an ideal measurement.

Figure 4 shows the distribution of the residuals, r = Tt — Tps, using boxplots by
probe and test, facilitating the analysis of bias and dispersion across experiments. Table 2
summarises the main descriptive statistics for each test (mean error, standard deviation,
MAE, RMSE, and, where reported, mean relative error).
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Table 2. Overall descriptive statistics by test (residuals: r = Ty — Tpg) after data cleaning.

Test Temperature No. of DS18B20 Mean Error (°C) Standard Mean Absolute Mean Relative

Range (°C) Readings Used Deviation (°C) Error, MAE (°C) Error, MRE (%)
1 20to 75 820 -0.15 0.30 0.29 0.74
2 20to 72 1860 —-0.15 0.32 0.31 0.79
3 —12to 86 3470 —0.13 0.33 0.28 4.42
4 —12 to 86 3450 —0.02 0.35 0.28 4.42

3.2.1. Descriptive Statistics by Test

The statistical analysis of the four tests indicated an overall near-linear behaviour of
the batch and an appreciable inter-probe dispersion, as expected for low-cost sensors. In
Tests 1 and 2 (mid-range: 20 to 75 °C and 20 to 72 °C), the batch exhibited a moderate
overall mean bias (on the order of —0.15 °C), with MAE typically between 0.15 and 0.30 °C
and standard deviations on the order of 0.15 to 0.30 °C. In Tests 3 and 4 (extended range:
—12 to 86 °C), the mean error remains of similar or smaller magnitude, but dispersion tends
to increase towards the thermal extremes, where the largest discrepancies are concentrated;
within this range, MAE generally lies around 0.20 to 0.40 °C, and RMSE can approach
0.5 °C for the least favourable probes and at extreme temperatures.

Across all tests, the coefficient of determination (R?) between the DS18B20 readings
and T was very high, reflecting a strong linear dependence on temperature over the range
considered. However, because R? can be weakly discriminative when the thermal range
is wide, performance evaluation relies primarily on MAE/RMSE and residual analysis,
which quantifies bias, dispersion, and potential unmodelled patterns. Table 2 summarises
these results and shows that, although variability exists between probes, no structural
changes are observed between tests beyond the dispersion increase associated with the
extended-range.

3.2.2. Residual Distribution, Data Cleaning, and Outliers

Figure 4 presents the distribution of the residuals, using boxplots for the probe and test.
Overall, the residuals showed moderate probe-dependent biases (medians that may deviate
from zero), interquartile ranges consistent with the standard deviations summarised in
Table 2, moderate tails, and a limited number of outliers, predominantly concentrated at
the coldest and hottest temperatures in Tests 3 and 4.

During the preliminary analysis, a very small set of anomalous readings was detected
for probe 3 in Test 4, with residuals on the order of £2 °C, which was clearly larger
than the typical behaviour of the batch. A detailed inspection showed that, at the same
instants, Ty and the readings from the other probes remained clustered within a narrow
interval (£0.2 to 0.3 °C), with no evidence of bath instability or common perturbations.
Only probe 3 exhibited isolated jumps of approximately 2 °C, a pattern consistent with
sporadic reading errors (e.g., faults in the 1-Wire line for that probe or transient conversion
failures) rather than a genuine temperature change.

To avoid distorting the statistical characterisation and applying an explicit and repro-
ducible criterion, the following data-cleaning procedure was adopted:

e  The residuals were computed as rs; = Tyef; — Tps,s,i for each probe (s) and observa-
tion (i).

For probe 3, candidate outliers were flagged as points simultaneously satisfying:
|r3i| > 1.0 °C, and consistency of the remaining probes and the reference at the same
observation (mutual differences < 0.5 °C).
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e Nine observations in Test 4 met these criteria and were classified as spurious. These
nine readings represented 1.8% of probe 3 readings in Test 4 (and approximately 0.6%
of the total readings for that probe across the study).

e  These observations were removed prior to recomputing descriptive statistics and
generating the final versions of Figures 3 and 4.

After this filtering step, the residual distribution of probe 3 becomes consistent with
that of the most stable probes in the batch, with no anomalous tails. This filtering does
not materially affect the overall results (MAE, RMSE, Rz), but it prevents a very limited
number of spurious readings from biasing the interpretation of the unit’s behaviour.

For the remainder of the batch, probes 1 and 2 show more symmetric distributions
and a lower incidence of outliers, whereas probes 5, 6, and 7 tend to exhibit greater
dispersion in the extended range, particularly towards the thermal extremes. Probe 4
remains homogeneous within the interval in which it provides valid readings; however,
it ceases to return reliable values above approximately 68 °C, and those setpoints were
therefore systematically excluded from the analysis and from figure preparation.

3.2.3. Compliance with the Manufacturer’s Specifications

The DS18B20 datasheet specifies a typical accuracy of 0.5 °C over the —10 °C to
+85 °C range under standard operating conditions. In light of the results obtained (after
removing spurious readings and excluding setpoints with no valid readings):

e Mid-range (approximately 20 to 70 °C): the batch generally meets the specification,
with absolute errors rarely exceeding £0.4 °C and, over much of the range, remaining
below +0.3 °C.

e Extended range (near —10 °C and +85 °C): isolated cases are observed in which the
error approaches the £0.5 °C limit or slightly exceeds it, particularly for probes 5, 6,
and 7, consistent with the expected degradation near operational boundaries.

e  Probe 4: compliance is satisfactory within the interval in which reliable readings are
produced; however, its inability to operate above 68 °C implies that, for applications
requiring the full range, this unit should be discarded or assigned to restricted use.

The mean error and standard deviation were computed over all residuals (Tps18p20 —
Tpt-100) from the seven probes included in each test, applying the indicated data cleaning
(exclusion of spurious readings from probe 3 in Test 4 and exclusion of setpoints above
68 °C with no valid readings from probe 4).

e  MAE: mean of the absolute value of the residual.
e  RMSE: square root of the mean of the squared residual.

e  MRE: computed as the mean value of (%) -100; in Tests 3 and 4 it increases because
temperatures close to 0 °C and negative values are included, where small absolute

errors translate into larger relative errors.

3.3. Cross-Test Analysis

The joint analysis of the four tests enables assessment of the robustness of the calibra-
tion procedure and the consistency of DS18B20 sensor behaviour across different thermal
ranges and experimental runs. Whereas Tests 1 and 2 were conducted over a mid-range
temperature interval (20 to 75 °C and 20 to 72 °C), Tests 3 and 4 extended the study to a
wider range within the interval of interest (—10 to 85 °C), incorporating additional points
(=12 to 86 °C).

Table 2 summarises the overall statistics by test (mean error, standard deviation, MAE,
and, where reported, mean relative error), while Figures 3 and 4 provide visualisation of
the overall linearity against the reference Ty and the residual distributions by probe and
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test, respectively. In general, the four tests show: (i) a strongly linear relationship between
Tps and Ty, (ii) very similar behaviour between the mid-range tests, and (iii) a moderate
increase in dispersion in the extended-range tests, concentrated at the thermal extremes.

3.3.1. Within-Test Consistency

Within-test consistency was assessed by analysing, for each test, the behaviour of
the seven probes relative to the reference Ty across the different temperature setpoints.
Overall, the batch exhibits low-to-moderate within-test dispersion and probe-dependent
biases, with a stable error structure within each test.

In Tests 1 and 2 (mid-range), several probes show particularly stable behaviour (low
dispersion around their bias), whereas others exhibit more pronounced negative biases
that are nonetheless consistent. This suggests that a substantial portion of the error is
systematic in nature (offset and/or slope), which is favourable for subsequent correction
using linear models.

In Tests 3 and 4 (extended range), within-test consistency is maintained, although
dispersion increases towards the thermal extremes (near —10 °C and above 70 °C), where
the sensors operate closer to the boundaries of the interval of interest. Probe 5 tends to
show the most marked increase in dispersion under extreme conditions, while probe 4
remains consistent within the range in which it provides valid readings (with systematic
exclusion of setpoints above 68 °C).

The values discussed in this subsection describe probe-level trends (within-probe
variability within a given test) and are not directly equivalent to the “global” standard
deviation in Table 2, which aggregates residuals across multiple probes and therefore also
incorporates inter-probe variability.

3.3.2. Between-Test Reproducibility

Inter-test reproducibility was analysed by evaluating, for each probe, the error met-
rics obtained across the different tests. In the mid-range (Tests 1 and 2), differences in
MAE/RMSE by probe are generally small, indicating high coherence between tests. Like-
wise, probes with pronounced negative biases (6 and 7) tend to preserve this pattern
consistently, which is compatible with repeatable systematic errors and therefore highly
reliable correction.

In the extended range (Tests 3 and 4), reproducibility remains notable: variations
between tests for most probes remain bounded, and the overall pattern is also preserved
for the least favourable units. In particular, the error increase is consistently concentrated
under extreme conditions, without abrupt structural changes between tests.

3.3.3. Thermal Drift Between Tests

To assess the potential presence of drift over time, a specific analysis was performed
contrasting Tests 3 and 4, which share the same extended range (—12 to 86 °C) and there-
fore represent the most demanding scenario. Differences in MAE and RMSE between
these tests, by probe, generally remain moderate and, overall, provide no evidence of
systematic drift. For the least favourable probes (probe 5), the increase in error in Test 4 is
interpreted as greater sensitivity at the thermal extremes rather than as a monotonic shift
consistent with drift.

At the global level, the differences observed between Test 3 and Test 4 are consistent
in magnitude with the method uncertainty in the extended range (Section 3.5); therefore,
they should be interpreted as expected variations within the measurement system rather
than as significant drift.
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3.4. Evaluation of Correction Models

After characterising the uncorrected behaviour of the DS18B20 sensors, several correc-
tion models were evaluated with the aim of reducing systematic error and dispersion while
maintaining a simple and robust implementation suitable for IoT monitoring systems.

Models were fitted on a probe-by-probe basis using the cleaned dataset (exclusion of
spurious readings identified for probe 3 in Test 4 and exclusion of setpoints above 68 °C
with no valid readings from probe 4). The reference was T, defined as the mean of two
Pt-100 probes after applying the certificate corrections. In all cases, unweighted ordinary
least squares (OLS) fitting was used. This choice was made for simplicity and because
no dominant heteroscedasticity was observed within the range of interest that would
justify a specific weighting scheme; accordingly, results should be interpreted as in-sample
performance over the combined dataset, complemented by the between-test coherence
assessment described in Section 3.3.

Four approaches were analysed:

Constant offset
Affine linear model
Second-order polynomial model

Segmented model (independent linear fits over thermal intervals)

Model quality was assessed using MAE and RMSE as the primary performance
metrics, complemented by R? (for descriptive purposes) and inspection of residual struc-
ture. Figure 5 shows the evolution of MAE and RMSE before and after correction for
each probe, and Table 3 summarises the final probe-level performance after applying the
selected model.

0.5}
[ MAE before correction
0.4}
[ MAE after correction
I RMSE before correction
~ 0.3}
£ RMSE after correction
£
0.2}
) u u
0.0 S1 S2 S3 S4 S5 S6 S7

Probe ID

Figure 5. Evaluation of Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) before
and after probe-specific correction (combined data from Tests 1-4). For each probe (51-S7), the
four bars represent (from left to right): MAE before correction (orange), MAE after correction
(blue), RMSE before correction (green), and RMSE after correction (yellow). The reduction in bar
height across all probes demonstrates the effectiveness of the selected models in minimizing both
systematic and random error components. While RMSE (yellow) is mathematically bound to be
greater than or equal to MAE (blue), the close proximity between these two metrics after correction
indicates a lack of significant outliers or uncontrolled random errors.
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Table 3. Final probe-level performance after applying the affine linear model (combined data from
Tests 14, cleaned dataset). Ranking established using RMSE as the primary criterion (and MAE as a
secondary criterion in the case of very close values).

Rank Probe Corrected MAE (°C) Corrected RMSE (°C) R2 (Tcore vs. Pt-100)
1 4 0.046 0.057 0.99999
2 3 0.063 0.089 0.99999
3 2 0.076 0.102 0.99998
4 6 0.090 0.123 0.99998
5 1 0.118 0.154 0.99997
6 7 0.130 0.168 0.99996
7 5 0.121 0.169 0.99996

3.4.1. Constant-Offset Model

The constant-offset model corrects only the sensor’s mean bias (Equation (12)).
Teorr = Tps + co (12)

where ¢y is estimated as the mean residual of the probe relative to T, over the cali-
bration dataset.

This model yields a moderate reduction in MAE and a more limited improvement
in RMSE, but it does not correct gain (slope) errors. Consequently, a residual tempera-
ture dependence (residual slope) tends to remain, particularly evident in the extended
range, making the model insufficient when good performance is required across the full
interval of interest.

3.4.2. Affine Linear Model

The affine linear model introduces two parameters (slope and intercept):
Teorr =aTps +b (13)

Allowing simultaneous correction of both bias and gain (Equation (13)). This model
was fitted on a probe-by-probe basis using the combined set of available setpoints (four
tests, within each unit’s effective operating range).

In contrast to the constant-offset model, the affine linear model provides a substantial
improvement:

e It markedly reduces MAE and RMSE for all probes.

e It generally removes systematic structure in the residuals, which become approxi-
mately centred around zero with no clear trend with temperature.

e It retains a simple implementation (two coefficients per probe), compatible with
microcontrollers.

Practically, this model reduces residual errors to the same order of magnitude as the
calibration-method uncertainty, such that post-correction performance becomes increas-
ingly limited by the reference system (standards and isothermal medium) rather than by
the sensor itself.

Visual inspection of the residuals confirmed that the errors were randomly distributed
around the zero-baseline. No discernible cyclic patterns or trends related to the bath’s
stabilisation phases were observed, indicating that the affine linear model sufficiently
captured the sensors’ systematic behaviour.
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3.4.3. Higher-Complexity Models (Polynomial and Segmented)

To explore potential further improvements, two higher-complexity approaches were
also tested:

e  Second-order polynomial model.
Teorr = aTpg + bTps + ¢ (14)

Within the studied range, this model provides only marginal improvements relative
to the affine linear model (Equation (14)) (typically small changes in MAE/RMSE)
and may introduce additional sensitivity at the range extremes, increasing the risk of
overfitting without clear operational benefits.

e  Segmented model by thermal intervals. Independent linear fits were evaluated over
three intervals: —12 to 0 °C, 0 to 60 °C, and 60 to 86 °C. Although this approach can
slightly reduce error at the extremes, it requires managing multiple coefficients per
probe, complicates implementation in embedded systems, and may introduce discon-
tinuities at interval boundaries unless additional constraints are imposed. Overall, the
gains do not offset the increased complexity for routine use in IoT networks.

3.4.4. Synthesis and Selected Model

From the overall evaluation of models, based on MAE/RMSE (Figure 5) and final
probe-level performance (Table 3), the following conclusions are drawn:

e  The constant-offset model is simple but insufficient over wide ranges, as it does not
correct gain and retains temperature-dependent residual structure.

e  The affine linear model offers the best balance between accuracy, robustness, and
simplicity: it corrects both bias and gain, significantly reduces MAE and RMSE, and
yields residuals with no dominant systematic patterns.

e  The polynomial and segmented models provide only marginal improvements over
the linear model while increasing complexity and the risk of overfitting.

Accordingly, the probe-specific affine linear model was adopted as the definitive
correction. The resulting parameters (g, b) were used in the uncertainty analysis and in the
overall batch-performance assessment in the subsequent sections.

3.5. Analysis of Uncertainty Estimation

A rigorous measurement-uncertainty evaluation is essential for metrologically val-
idating the comparison calibration process between DS18B20 sensors and the reference
temperature T\, defined as the mean of two traceable Pt-100 probes. In this work, the
analysis is conducted in accordance with the CEM TH-001 procedure and the GUM/VIM
framework, using an uncertainty calculation that identifies the dominant contributions
from the reference system and the sensor under calibration.

The aims of this subsection are to: (i) identify the main uncertainty components,
(ii) estimate the combined and expanded uncertainty of the process, and (iii) relate this
uncertainty to the residual errors obtained after applying the selected affine linear model
(Section 3.4). In all cases, the cleaned dataset is used (exclusion of spurious readings from
probe 3 in Test 4 and exclusion of setpoints above 68 °C with no valid readings from probe
4), such that the described calculation represents the normal behaviour of the experimental
setup and the valid probes.
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3.5.1. Uncertainty Components

Five main contributions were considered. To avoid double counting, DS18B20 repeata-

bility was estimated from its readings within the steady-state temperature window (rather

than from residuals), and reference-system contributions were evaluated separately.

Pt-100 certificate uncertainty (Type B). The calibration certificate of each Pt-100 reports
an expanded uncertainty Ucert = 0.14 °C with k = 2 (Equation (15)). Therefore, the
standard uncertainty per Pt-100 is:

Ueert  0.14

ucert,l‘ - k - T - 007 OC (15)

Since the reference is defined as Tyef = (Tpt-100,1) + TPt-100,2)/2, and assuming indepen-
dence between certificates, the standard certificate contribution to T is propagated

as (Equation (16)):

i .07
Ucert, Tref = ui;rit/l = 0\% ~ 0.050 °C (16)

Effective non-uniformity of the measurement volume (Type B, conservative approach).

Comparison calibration requires control of spatial variation within the fluid volume
in which the Pt-100 and DS18B20 probes are simultaneously immersed. In this work,
because an independent uniformity map was not available at each setpoint, a conser-
vative approach was adopted based on the experimental indicators of the system for
each test (Table 4), interpreted as an “effective non-uniformity” (bath + reproducible
positioning) of the measurement volume.

Table 4. Isothermal medium stability parameters and inter-probe variability by test (°C). The “inter-

probe SD” is reported as DS18B20 batch variability with respect to T,f, rather than the spatial

uniformity of the bath.
Test Range Mean SD T,¢¢ Max SD Tt Mean Inter-Probe SD (DS18B20 vs. Tyef) Max Inter-Probe SD
1 20to 75 0.0034 0.0067 0.298 0.331
2 20 to 72 0.0044 0.0078 0.317 0.346
3 —12to0 86 0.0053 0.0148 0.307 0.496
4 —12to 86 0.0115 0.0673 0.321 0.514

Under this approach, a representative half-width (a,.]) (Equation (17)) was selected
and converted to a standard uncertainty assuming a rectangular distribution:

aV
Uyl = 731 (17)

Temporal stability of T, over the steady-state temperature window (Type A). The
residual temporal variation in the reference during steady-state acquisition was quan-
tified as the standard deviation of T\ at each setpoint, (Equation (18)) computed over
the steady-state reading window:

Ustab = SD1, (18)

In practice, this contribution is secondary relative to ., but it is retained explicitly to
complete the calculation.
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e  DS18B20 repeatability within the steady-state temperature window (Type A). Probe
repeatability was estimated from the standard deviation of DS18B20 readings over the
steady-state window (Equation (19)) (prior to averaging per setpoint):

Urep,s = SDTDS,s 19)

e  DS18B20 resolution (Type B). With 12-bit configuration, the quantisation step is
A =0.0625°C. Assuming a rectangular distribution for the quantisation error
(Equation (20)), the associated standard uncertainty is:

LA 00625
V12 V12

3.5.2. Combined and Expanded Uncertainty

~ 0.018 °C (20)

For each probe s, the combined standard uncertainty associated with the comparison
calibration (within that probe’s effective operating range) (Equation (21)) was estimated as

— 2 2 2
Ues = \/u F ULy U T Uiep s + Ues 1)

cert, Tyef

Using representative values (Equations (22) and (26)):
Ucert, T,y = 0.050 °C (22)

Uyol = 0.17 t0 0.19 °C (23)

Ugtap, ON the order of 0.001 to 0.01 °C (steady-state window)

Urep,s = 0.03 to 0.11 °C (probe-dependent) (24)
Ures = 0.018 °C (25)

yields
lies = 0.18 t0 0.23 °C (26)

and, assuming k = 2 (approximately 95% coverage), the expanded uncertainty:
Us =k-ucs =0.36t00.46 °C (27)

For probe 4, uncertainty is reported only within its effective operating range (up to
68 °C); above this threshold, higher uncertainty is not assigned, but rather the correspond-
ing setpoints are considered invalid due to the absence of reliable readings.

3.5.3. Relation to Residual Errors and Traceability

Assessing method uncertainty against post-correction residual errors allows the fol-
lowing to be established:

e  Dominance of the reference system. The calculation is dominated by the contribution
associated with the effective non-uniformity of the measurement volume (1) and,
secondarily, by the propagated certificate uncertainty in Tpo¢. DS18B20 resolution
and the temporal stability of T, over the steady-state window are clearly secondary
contributions.

e Consistency with corrected performance. After applying the affine linear model
(Section 3.4), the probe-specific corrected RMSE values (Table 3) typically lie below the
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estimated expanded uncertainty Us of the process, which is consistent with a scenario
in which final accuracy is mainly limited by the reference system and the isothermal
stability of the calibration medium.

e  Metrological traceability. Traceability is ensured by the use of Pt-100 probes calibrated
with traceability to CEM and by application of a comparison calibration procedure
in accordance with TH-001; consequently, corrected results inherit this traceability
through T\¢ and the uncertainty evaluation.

e  Practical limit to model improvement. Because method uncertainty is constrained by
the reference system, further marginal improvements through more complex models
(polynomial or segmented) would tend to be masked by the process uncertainty itself;
thus, the affine linear model represents an optimal trade-off between simplicity and
performance within the experimental setup used.

3.6. Overall Performance Analysis

The integrated analysis of the four tests provides an overall assessment of the be-
haviour of the DS18B20 sensor batch, both in its uncorrected state and after applying
the probe-specific affine linear correction model selected in Section 3.4. This combined
view is relevant for evaluating the suitability of the sensors as calibrated thermometers for
continuous monitoring applications and for assessing the robustness of the implemented
calibration procedure.

Table 2 summarises the overall statistics by test prior to correction (mean error, stan-
dard deviation, MAE, and, where reported, mean relative error), whereas Table 3 reports
the final probe-level performance after linear correction. Figures 3-5 complement this
analysis by showing, respectively, the overall relationship between T\ (mean of two Pt-100
probes) and DS18B20 readings, the characterisation of residual distributions by probe and
test, and the performance evolution of MAE and RMSE before and after correction.

3.6.1. Overall Accuracy Before Correction

Taken together, the four tests show that DS18B20 sensors exhibit reasonable uncor-
rected performance consistent with the manufacturer’s typical specification, yet with clear
room for improvement and with appreciable inter-probe variability:

e  The overall MAE per test typically lies around 0.28 to 0.31 °C (Table 2), with increased
dispersion in the extended range (—12 to 86 °C) concentrated at the thermal extremes.

o At the probe level, uncorrected errors vary substantially between units (MAE and
RMSE over broad intervals), indicating that the batch is not interchangeable without
individual calibration: some probes exhibit moderate biases, whereas others show
more pronounced and stable negative biases.

o The overall relationship between T, and Tpg is strongly linear (Figure 3), but
the boxplots (Figure 4) reveal probe-dependent systematic biases, particularly for
units whose residuals indicate consistent overestimation or underestimation relative
to the reference.

Accordingly, although the uncorrected batch meets the typical £0.5 °C tolerance over
much of the interval of interest, inter-probe variability justifies individual calibration when
interchangeability and metrological consistency across units are required.

3.6.2. Overall Performance After Affine Linear Correction

Applying the probe-specific affine linear model yields a marked improvement
in performance:

e  Corrected MAE is reduced to 0.046 to 0.130 °C (Table 3).
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e  Corrected RMSE falls within 0.057 to 0.169 °C, with substantial reductions relative to
the raw condition, as shown in Figure 5.

e  The coefficient of determination (R?) between corrected temperature and T is virtu-
ally unity for all probes (Table 3), consistent with the high linearity of the sensor-model
combination over the studied range.

Probe 4 shows the best overall performance (MAE = 0.046 °C; RMSE = 0.057 °C),
although its use is explicitly limited to its effective operating range (—12 to 68 °C) due to
the loss of valid readings above 68 °C. At the other end, probes 5 and 7 exhibit the highest
corrected RMSE values (0.17 °C), yet these remain low for post-correction environmental
monitoring applications.

3.6.3. Batch Homogeneity and Probe Classification

Based on corrected performance (Table 3), the batch can be operationally classified
as follows:

e  Best performance: probes 4, 3, and 2 (corrected RMSE < 0.11 °C; MAE < 0.08 °C).

e Intermediate performance: probes 6 and 1 (RMSE 0.12 to 0.15 °C; MAE 0.09 to 0.12 °C).

e Less favourable performance: probes 5 and 7 (RMSE 0.17 °C). Nevertheless, their
residual errors remain bounded and are compatible with post-correction use in most
continuous monitoring scenarios.

This reduction in inter-probe dispersion after correction facilitates integration of the
batch into distributed networks by decreasing systematic differences between units.

3.6.4. Relation to Method Uncertainty

Section 3.5 indicates that the expanded uncertainty associated with the calibration
process typically lies within Us = 0.36 to 0.46 °C (k = 2). Against this, the probe-specific
corrected RMSE values (Table 3) remain within 0.057 to 0.169 °C, i.e., below the method’s
expanded uncertainty.

This result has two direct implications:

e  Final performance is conditioned primarily by the reference system and the calibration
environment (effective non-uniformity of the calibration volume and traceability of
the standards), rather than by DS18B20 resolution.

e  The affine linear model effectively exploits the available improvement margin compat-
ible with the metrological infrastructure; further refinements would tend to be masked
by process uncertainty.

3.7. Individual Sensor Performance and Operational Classification

Beyond the overall batch analysis (Section 3.6), describing probe-level performance is
useful to support selection and allocation decisions in operational deployments. Table 3
summarises the quality indicators after affine linear correction (corrected MAE, corrected
RMSE, and R?), and Figure 5 demonstrates the reduction in MAE and RMSE relative to un-
corrected data. Stability was qualitatively verified through the consistency of MAE/RMSE
across tests (Section 3.3).

Based on corrected RMSE and the consistency observed between tests, three functional
groups are proposed:

e  High performance (internal control/operational reference): probes 4, 3, and 2.

e  Standard-precision monitoring: probes 1 and 6.

e  General monitoring: probes 5 and 7. In addition, probe 8 is considered excluded due
to systematic failure (out of scope of the analysis)
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This classification does not modify the metrological traceability of the process (deter-
mined by T, derived from traceable Pt-100 standards, and by the isothermal medium),
but it facilitates the design of networks with redundancy and a quality hierarchy.

3.7.1. High-Performance Group (Probes 4, 3, and 2)

Probes 4, 3, and 2 exhibit the lowest post-correction residual errors (Table 3). Probe 4
shows the best performance within its effective operating range, which is explicitly limited
to —12 to 68 °C due to loss of valid readings above 68 °C. Probes 3 and 2 show centred
residuals and consistent performance after removal of spurious readings identified for
probe 3 in Test 4.

3.7.2. Standard-Precision Group (Probes 1 and 6)

Probes 1 and 6 provide robust and stable performance for environmental monitoring
after linear correction (Table 3), with moderate residual errors and no evidence of dominant
systematic structures in the residuals (Figure 4), consistent with the between-test coherence
described in Section 3.3.

3.7.3. General Monitoring Group (Probes 5 and 7)

Probes 5 and 7 show the highest corrected RMSE values in the batch (Table 3), although
these remain bounded and are suitable for applications where typical residual errors on
the order of 0.17 to 0.20 °C are acceptable. In particular, probe 5 exhibits higher sensitivity
under extreme conditions relative to the rest.

3.7.4. Practical Criteria for Selection and Deployment
Based on this classification, the following simple operational criteria are recommended:

e Include at least one probe from the high-performance group per subset of nodes for
internal control and early detection of anomalous behaviour.

e  Reserve the best-performing probes for critical locations or cross-validation points.

e  Assign probes from the general monitoring group to areas where spatial measurement
density is prioritised over minimisation of residual error.

In all cases, each probe’s calibration coefficient pair (4, b) and functional group should
be recorded alongside its physical identifier.

4. Discussion

The four tests show that encapsulated DS18B20 sensors, calibrated by comparison
against a traceable reference T (mean of two calibrated Pt-100 probes) in a controlled
isothermal medium and corrected using a probe-specific affine linear model, can substan-
tially improve their performance relative to the manufacturer’s typical specification. Under
uncorrected conditions, the overall per-test errors (MAE = 0.28 to 0.31 °C; RMSE < 0.5 °C)
are consistent with +0.5 °C over the range of interest (approximately —10 to 85 °C), but
unit-specific biases and inter-probe variability limit interchangeability when metrologi-
cal consistency is required. After individual correction, performance improves markedly
(MAE = 0.046 to 0.130 °C; RMSE = 0.057 to 0.169 °C), with excellent linearity (R? close to 1)
and residuals showing no discernible structure.

From a metrological perspective, once correction is applied, the residual error is
constrained by the calibration infrastructure: u.s = 0.18 to 0.23 °C and Us = 0.36 to 0.46 °C
(k = 2). The fact that corrected RMSE values remain below U is consistent with a scenario in
which the practical limit is imposed by the reference system and the isothermal conditions
of the calibration volume (traceability of the Pt-100 probes and effective non-uniformity),
rather than by DS18B20 resolution or the complexity of the correction model.
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Under controlled or indoor conditions, the literature on low-cost digital sensors
reports substantial error reductions with sensor-specific calibration and simple (often linear)
models, typically achieving tenths of a degree over comfort ranges [35-37]. Outdoors,
particularly for air temperature, errors are often dominated by radiation and ventilation
effects, and may remain on the order of 0.5-1 °C or higher even after correction [14]. In this
context, the main contribution of this work is to extend the analysis to an expanded range
(—12 to 86 °C), demonstrate inter-test reproducibility (Section 3.4), and place the procedure
within a comprehensive metrological framework (TH-001, GUM/EA-4/02), while also
providing an operational usage criterion based on corrected performance and each probe’s
effective range.

Regarding temporal stability, no evidence of significant drift was observed throughout
the experimental campaign, which involved 72 h of intensive continuous measurements
(Tests 3—4) including thermal cycling from —12 to 86 °C and changes in immersion media.
This short-term stability remains well within the manufacturer’s specified nominal drift of
£0.05 °C (typically rated after 1000 h of stress at 125 °C). Furthermore, although the experi-
mental duration is shorter than the standard 1000 h rating period, the repeated exposure to
thermal stress, cycling across the full operational range, serves as a robust indicator of the
encapsulation’s integrity and the sensors’ metrological resilience. These findings confirm
that the sensors maintained their characteristics throughout the validation process.

The study was conducted in a laboratory with continuously monitored ambient
conditions, but without active climate control; no explicit environmental corrections were
applied, nor were external effects independently characterised (e.g., air currents). While
this study provides a robust thermal characterization, it is important to note that the
experiments were conducted in a controlled laboratory setting. External factors such as
electromagnetic interference (EMI), mechanical vibrations, or extreme humidity fluctuations
were not independently characterized. In industrial deployments where these factors are
prevalent, additional anti-interference testing would be required. However, for the target
applications of this work, such as indoor climate control and heritage monitoring, thermal
accuracy and reproducibility remain the primary metrological concerns.

Geometric/positional contributions were incorporated globally into the effective non-
uniformity of the calibration volume. The representativity of the results is constrained by
the sample size and provenance (a single batch and encapsulation); therefore, transfer to
other batches, manufacturers, or encapsulations requires equivalent verification. Models
were fitted using unweighted ordinary least squares without strict out-of-sample validation;
consequently, performance should be interpreted within the tested domain. Finally, inci-
dents were managed in a traceable manner (exclusion of spurious readings, delimitation
of probe 4 above 68 °C, and exclusion of one unit due to systematic failure), reinforcing
the need to document cleaning criteria and effective operating ranges when scaling the
procedure or transferring it to field conditions.

5. Conclusions

The reference system provided adequate stability and uniformity for comparison
calibration and for quantifying the uncertainty associated with the process. Without data
pre-processing and outlier removal, the DS18B20 sensors exhibited errors consistent with
the commercial specification (£0.5 °C over —10 to 85 °C). However, inter-probe variability
and systematic biases argue against treating them as interchangeable sensors without
individual adjustment. Applying a probe-specific affine linear model reduced the residual
errors to MAE = 0.046 to 0.130 °C and RMSE = 0.057 to 0.169 °C, with R? close to unity and
no appreciable structure in the residuals.
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Within this framework, a decision rule with a target tolerance of £0.5 °C was estab-
lished. After individual correction, all probes comply with this criterion with a high level of
confidence; the residual error (RMSE < 0.17 °C) remains significantly below the tolerance
limit, even when accounting for the expanded uncertainty of the system (Us). This confirms
that the proposed correction is sufficient to describe the sensor—reference relationship over
the studied range.

The uncertainty analysis yields a typical combined standard uncertainty of u.s = 0.18
to 0.23 °C and an expanded uncertainty of Us = 0.36 to 0.46 °C (k = 2, level of confidence of
approx. 95%). Consequently, after correction, final performance is conditioned primarily by
the reference system and the thermal characteristics of the calibration volume (traceability
of the Pt-100 standards and the effective non-uniformity of the measurement volume),
rather than by the DS18B20 resolution or the complexity of the correction model.

Consistency across Tests 3—4, particularly in the extended range demonstrates good
reproducibility of the calibration parameters, error metrics, and residual profiles. No
evidence of significant temporal drift was observed throughout the experimental campaign,
which involved two consecutive days of continuous measurements for Test 3 (covering 30 to
86 °C in distilled water, followed by —12 to 30 °C in isopropyl alcohol with 2 °C increments)
and a subsequent 24 h period for the identical execution of Test 4. Nevertheless, repeating
the evaluation after several months of operation under real conditions is planned in order
to confirm long-term stability. Incident management was documented transparently: one
unit was excluded due to a systematic failure (probe 8, omitted from the analysis), isolated
faulty readings were removed (probe 3, Test 4) using an objective criterion, and the effective
operating range of probe 4 was limited to 68 °C due to loss of valid readings at higher
temperatures, an outcome that will inform improvements in future hardware and software
versions of the Arduino UNO-DS18B20 system.

Specifically, future work will focus on verifying long-term stability through evaluations
conducted after six months of real-world operation, following the same methodology as in
Tests 3—4. This will allow for a direct comparison between the observed field-aging drift
and the theoretical stability limits specified in the sensor’s datasheet.

Opverall, this study demonstrates and validates that low-cost encapsulated temperature
probes can be individually calibrated with documented traceability, yielding instruments
suitable for evidence-based decision-making in applications where reliability and consis-
tency are required but extreme metrological refinement is not. In this respect, the proposed
approach is particularly relevant for continuous IoT monitoring deployments in domains
such as preventive heritage conservation, smart campus initiatives, and indoor environmen-
tal monitoring, provided that each probe’s effective operating range is respected and that
verification is replicated whenever the batch, encapsulation, or experimental conditions
change, thereby ensuring reliable historical datasets. For outdoor deployments, further
field studies and longer-term analyses are still required to assess real-world performance.
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