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Many industries see a shifting focus towards performing on-site analysis using handheld spectroscopic
devices. A determining factor for decision-making on the commissioning of these devices is available
information on the potential performance of the device for speciﬁc applications. By now, myriad
handheld solutions with very different speciﬁcations and pricing are available on the market. Although
speciﬁcations are generally available for new devices, this does not directly quantify or predict how
available devices will perform for targeted cases. We present a novel chemometric method to estimate
the prediction performance of handheld NIR hardware and apply it to estimate the performance of two
commercially available handheld NIR technologies in predicting protein content (ranging 120
e180 g kg1) in pig feed from existing data of a benchtop device. Adjusting benchtop data to the
wavelength range and resolution of the handheld device lead to over-optimistic estimates of the
handheld performances. Our method additionally utilizes information on the error structure of the
handheld devices for the estimation. It yielded performance estimates differing less than 1 g kg1 from
the experimentally determined handheld performances and similar model parameters. Our method was
effective for linear and nonlinear calibration algorithms, also when estimating performance after averaging multiple scans. Replicate spectra of twenty samples recorded using the handheld were required for
replication error estimation to obtain an accurate performance estimation. The error structure could be
reported by manufacturers in the future for this approach to be universally employed for predictive
quantitative technology assessment. Overall, our method provides estimates of the performance of a
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handheld device for a speciﬁc task with minimal testing required and can thus be used as a device or
application screening tool before committing to develop calibrations.
© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

For the transfer between instruments of the same type this should
be acceptable, as only minor differences in spectral quality may be
expected. However, especially for transfer from benchtop to
handheld devices, this may lead to overoptimistic results due to the
technologically innate poorer quality of handheld spectra, as previously reported [15].
In this paper, we present a novel method to estimate the technical potential of handheld devices for speciﬁc applications using
available benchtop spectra and reported technical speciﬁcations of
a targeted handheld solution. We validate our method on the case
of the determination of handheld performance in the prediction of
protein content in compound feed against a golden standard. This
shows how handheld predictions could play an important part in
the optimization of livestock farming [16]. We test two different
handhelds based on two benchtop instruments, and compare the
estimated performance to experimental values using the actual
handhelds. We show how conventional methods can lead to
overestimation of the prediction performance. Correction for
overestimation of the performance is demonstrated based on the
error covariance matrix of the handheld. Measurement error
covariance was determined using a limited number of measurements of the intended sample by either handheld device. This
method can be useful as a pre-screening tool for the suitability of
devices for speciﬁc applications. If a device is suitable an actual
model can be made by using calibration transfer or gathering data
for the device.

1. Introduction
Handheld photonic sensors have great potential for performing
fast on-site (pre-)screening of the quality of raw materials, ingredients and ﬁnished products in different industries [1,2]. One of
the most used vibrational spectroscopic techniques for on-site
application is near-infrared spectroscopy (NIR), by which a single
measurement can determine several characteristics in a wide range
of products [3]. These measurements are typically performed using
high-end benchtop NIR devices and require a controlled environment and a specialist for operation, diminishing on-site usability. A
potential solution for these problems is the use of small handheld
devices that can be carried for on-site measurements [4]. Handheld
devices are a growing market with devices that are generally cheap
and easy to operate, especially for the NIR segment [5]. However,
these devices generally have lower analytical capability in terms of
resolution, wavelength range and/or signal to noise ratio [6] than
lab technology. This raises the question which handheld devices
can deliver the required prediction performance for a speciﬁc
application and which of the many available devices is most suitable for a speciﬁc application. Signiﬁcant efforts are made to
compare the performance of handheld devices with each other by
creation of calibrations (for example [7e9]). The development of
calibration models to test their performance requires collecting and
measuring the relevant products on the device and performing
reference analysis on the required parameters. This development
process can be both costly and time-consuming as the dataset
should ideally contain all variations encountered in practice.
Acquiring the right handheld for any speciﬁc application currently
seems a trial-and-error process and somewhat elusive. A standardized method to beforehand predict the potential performance
of a device seems desired. This method could reduce failure costs
and improve the device selection process for new applications. A
potential solution lies within the application of multivariate statistics to ﬁnd a prediction of the performance of a handheld using
existing (primary) benchtop NIR spectra.
A key technology when working with new devices is calibration
transfer. This involves the transformation of a calibration model or
results from a primary to a secondary instrument using a small set
of samples to model differences between primary and secondary
instrument [10]. Calibration transfer is typically performed to save
time and laboratory resources required for rebuilding a calibration
model entirely. Calibration transfer can be performed on instruments of the same type, but they may also be of different types
and quality [11]. A variety of different methods have been developed to perform calibration transfer for speciﬁc situations [11] and
has also been applied from a benchtop device to a handheld
spectrometer (for example [12,13]). Methods typically focus on
achieving the best possible model based on primary spectra, either
by estimating the secondary spectra from the primary or by ﬁnding
a transformation for secondary spectra to use the model of the
primary instrument [14]. In doing so, potential sources of deviation
such as noise, sample heterogeneity and scanning surface, optical
path or illumination in the secondary spectral are not considered.
The resulting performance is evaluated based on the spectra of the
primary instrument and/or a small number of secondary samples.

2. Materials and methods
2.1. Materials
The sample set in this study consisted of samples of pig feed that
were sent to a laboratory for quality control. Pig feed is a processed
compound mixture of biological ingredients (mostly grains) in
different concentrations. One hundred pelletized pig feed samples
were measured using different NIR devices (section 2.2). Crude
protein content of the samples was determined as nitrogen content
(g kg1) using the Kjeldahl method (ISO 5983-2:2005) and converted to protein content (g protein kg1 feed). The repeatability of
the wet reference analysis was determined to be 1.1 g kg1 and the
reproducibility was 1.6 g kg1. The protein content of the samples
as determined by Kjeldahl analysis was in the range of
120e180 g kg1 as shown in Fig. 1.
2.2. NIR data acquisition
Four different NIR spectrometers were utilized for data acquisition: two handhelds and two benchtop devices. The handheld
devices we investigated the potential performance for were the
SCiO (Consumer Physics, Israel) and the NeoSpectra (Si-Ware,
Egypt). The benchtop devices were a Foss XDS (Foss NIRSystems,
USA) and a Bruker Tango FT-NIR (Bruker Optik, Germany). An
overview of the speciﬁcations of these devices is provided in
Table 1. The full wavelength range of all devices was used except for
the last 50 nm (2500e2550 nm) of the NeoSpectra to be able to
model it from the other devices.
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Fig. 1. Histogram of the protein content of pig feed samples.

Table 1
Speciﬁcations of the investigated NIR devices.
NIR Device

Manufacturer

Dimensions (w x l x h, cm)

Weight

Wavelength range (nm)

Resolution range (nm)

Scan time (s)

NeoSpectra
SCiO
Tango
XDS

Si-Ware
Consumer Physics
Bruker Optik
Foss NIRsystems

18  9 x 6
54x2
23  44 x 18
45  57 x 39

1 kg
35 g
19 kg
31 kg

1350e2550
740e1070
1000e2500
400e2500

2.5e8.5 (13.6 cm1)
1a
0.8e5 (8 cm1)
2

5
2e5
25
25

a

Reported to have only 12 resolution elements [8].

handheld NIR spectra were transformed into absorbance units by
log transformation for direct comparison to the benchtop devices.
Fig. 2 displays an average spectrum for each device from a sample
measured multiple times on all devices as an example, along with a
range of one standard deviation derived from replicated measurements. All devices show similar peaks in their respective wavelength regions, but have different absorption offsets. This may be
due to differences in measurement setup or reference measurement for correction. All acquired samples and spectra were
assessed for outliers, 2 samples with very high protein references
(around 220 g kg1) along with 3 samples strongly increasing
optimal model complexity were removed.

Diffuse reﬂectance spectra were collected using the scanning
recommendations issued by the respective producers and automatically corrected using white/dark references. For the benchtop
devices, accompanying rotating sample cups were used to measure
the samples in reﬂectance mode. The handheld devices simply
scanned the surface of the sample, at 1 cm distance for the SCiO and
in direct sample contact for the NeoSpectra. For the handheld devices, multiple scans were collected for each sample to account for
shorter scan times and lower sampling surface. For the SCiO 4 scans
per sample were collected and 3 scans for the NeoSpectra. Ten
samples were also measured twice for the benchtop devices to
estimate the analytical variation in the spectra (repeatability). The

Fig. 2. Mean spectrum for an example sample for each of the 4 devices. Shaded areas represent one standard deviation.
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2.3. Theoretical approach

Savg ¼ M 1

We want to estimate the handheld performance for a calibration
model, for example, using the Root Mean Squared Error of Prediction (RMSEP):

RMSEP ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N 1 ðy  b
y HH Þ2

Using the error covariance matrix a multivariate normal error

(2)

As a result from equation (5), the measurement residuals of the
benchtop devices may inﬂuence the ability to model the potential
performance of a device, so different devices may inﬂuence accuracy of the performance estimation. To model the potential performance, the benchtop device needs to at least overlap with the
wavelength range of the handheld. According to this constraint,
four comparisons were made and investigated as displayed in
Table 2. Benchtop spectra were used as reference and were subsequently modiﬁed to resemble handheld spectra as explained in
section 2.4.1. The resulting estimated handheld prediction errors
were compared to the experimentally determined handheld errors.
Two steps of modiﬁcations of the benchtop spectra were. The potential of performance improvement by averaging multiple handheld scans per sample and the ability to predict this from the
benchtop data was also investigated.
2.4.1. Spectra modelling
All analyses were performed using R version 3.6.3 [20]. The
original benchtop spectra and two steps of modiﬁcations were
investigated as representations of the handheld spectra (X *HH Þ, as
summarized in Table 3. The resulting RMSEP using these spectra
will be compared to the experimentally determined RMSEP using
the actual handheld spectra (X HH ). The original benchtop spectra
(X BT Þ were used as a benchmark for comparison to the actual
handheld performance. Secondly, the potential performance using
only the handhelds’ wavelength range and resolution was estimated. Only the wavelengths of the handheld device were selected
from the benchtop spectra. Any wavelength range or resolution

(5)

From equation (5), E HH could be simulated using the error
covariance matrix of the handheld. Ideally, this could be reported
by the producer of devices. In practice, it can be determined from a
set of replicate handheld spectra X HHcal (Ncal  P). The error
covariance matrix S (P  P) can be calculated using equation (6)
[17].

Sm ¼ ðR  1Þ1

R
X

ðxr  xR ÞT ðxr  xR Þ

(9)

2.4. Experimental approach

As we are only interested in the spectral quality, our problem
reduces to equation (5).

X HH ¼ X BT þ E HH  E BT

E *HH ¼ VW 2 Z T

Likelihood PCA [19].

Where C are the concentrations of compounds in the samples
(N  compounds (Q )) and K their spectra (P  Q ), E (N  P) represents unknown residuals in X. The sample concentrations C and
theoretical spectra K are assumed equal for our handheld and
benchtop device. In practice, instrument sensitivity and illumination may vary (per wavelength). Because we are only modelling the
spectral quality e for further multivariate regression - this difference will only affect performance if peak heights are very different
for benchtop and handheld due to the sensitivity, as this inﬂuences
the relative size of the errors. By transforming spectra into relative
absorbance units the impact for modelling the quality is small
compared to the differences in error terms. When actually transferring the actual models to another device, standardization would
be necessary to equalize K for different devices as represented by
equations (3) and (4) [14].

(4)

(8)

To use equation (5), eEBT is left to estimate. Since benchtops
devices are typically more controlled and have lower measurement
errors we ignore this term for simplicity. If the performance of the
handheld and benchtop device are similar this may inﬂuence the
performance estimate as will be shown in the results. In such cases,
averaging replicate benchtop spectra to reduce errors could
approach pure spectra, provided these are available. Another
alternative could be to estimate the error-free benchtop spectra
b BT in a maximum likelihood sense using for example Maximum
X

b *HH z b
y HH .
performance of our handheld device, y
Theoretically, spectra are made up of



b HH ¼ CK HH T ¼ C K BT T þ DK T
X

Savg ¼ UWV T
1

handheld spectra and their quality (X *HH Þ so X *HH zX HH . With this,
we aim to get an accurate estimate of the potential predictions or

(3)

(7)

distribution E*HH can be simulated using several different methods
as described in Ref. [18]. For example, using singular value
decomposition of S and a matrix of normally distributed values Z
(N  P).

(1)

b BT ¼ CK BT T
X

Sm

m¼1

where N is the number of samples and y are the observed reference
values are of length N. b
y HH are predictions made using a PLS model
with handheld spectra X HH (dimension samples (N)  wavelengths
(P)). Testing the performance would normally require collecting
handheld absorbance spectra X HH . However, our aim is to use
benchtop spectra X BT (N  PBT ) to estimate the potential handheld
performance in order to save the required resources for testing the
actual performance. To achieve this, we want to transform the
benchtop spectra into a representation of the variation of the

X ¼ CK T þ E

M
X

Table 2
Investigated device combinations.

(6)

r¼1

where xr is the 1  P spectrum of replicate R and xR is the 1  P
mean of R replicate measurements. Replicate measurements of M
different samples can be used to calculate a pooled error covariance
matrix [17].
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Handheld device

1
2
3
4

Tango
XDS
XDS
XDS

NeoSpectra
SCiO
NeoSpectra
Tango
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Table 3
Compared steps of modiﬁcation to the benchtop spectra X BT to get spectra X *HH to
represent the actual handheld spectra.
Description

Mathematical approximation of X *HH

Original benchtop (benchmark)
Wavelength adjusted
Added replication errors

X BT
X BT; PHH
X BT; PHH þ E *HH

differences were resolved by interpolating the benchtop spectra
using a cubic spline (splinefun from stats [20]). This lead to the
wavelength adjusted benchtop spectra (X BT; PHH Þ: As the ﬁnal
modiﬁcation, we also accounted for the handheld error structure
(EHH ; due to e.g. spectral noise, sample granularity and inhomogeneity or ambient factors). Since no error covariance estimates of the handheld devices are provided by manufacturers yet,
we estimated them experimentally. By using each sample with
replicated measurements from the handheld devices the error
covariance matrix of each handheld was calculated according to
equations (6) and (7). Handheld errors (E*HH ) were simulated as a
multivariate normal distribution with mean zero using this error
covariance matrix (rmvnorm from mvtnorm [21], analogous to
equations (8) and (9). Examples of the experimental handheld error
distribution (E HH ) and the simulated errors (E*HH ) for the NeoSpectra are shown in Fig. 3. A random error spectrum from this
distribution was added to each modiﬁed benchtop spectrum. When
modifying the benchtop spectra to estimate the handheld performance after averaging multiple handheld scans, the average of
multiple error spectra was added accordingly. Instead of simulating
a multivariate normal error distribution, sampling (with replacement) and adding the experimentally obtained error spectra to the
benchtop spectra was also investigated to test the effect of the
assumed multivariate normal distribution in the simulated error
spectra.
The last modiﬁcation step is dependent on estimating the
replication errors of the handheld spectra. Therefore, inﬂuence of
the amount of replicate handheld spectra (R in eq. (6)) and samples
(M in eq. (7)) on the performance estimation was also investigated.
For this, the number of replicates (2, 3 or 4) and number of samples
(3, 5, 10, 20, 50 or 100) were varied for determination of the error
covariance matrix.

Fig. 4. Schematic overview of calibration procedure for each spectral data set.

making the models, for each sample respectively one random
replicate was chosen or all replicates were averaged. The selected
spectra were preprocessed using a prior determined strategy (per
device type) that increased prediction performance most after cross
validation most [24]. For the (modiﬁed) benchtop spectra, standard
normal variate (SNV) and a Savitzky-Golay ﬁrst derivative (ﬁrst
order, 11-point window) were used. For the SCiO only the ﬁrst
derivative was used and for the NeoSpectra only SNV. The samples
were split randomly into 5 training and test (80/20%) sets 100 times
(createFolds function from caret [25]). For PLS, the optimal number
of latent variables was determined using the training data in an
inner 5-fold cross-validation. The number of latent variables corresponding to the lowest RMSECV was chosen as the optimal
number of latent variables. For SVM, the optimal sigma was chosen
from 5*10 5, 2*104 and 4*104 and a cost of 32 based on 5-fold
cross-validation as these parameters were most effective in initial
model testing. We then used these hyperparameters to build the

2.4.2. Calibration modelling
For each spectral set (X HH and all X *HH as in Table 3), PLS (plsr
function from pls [22]) and SVM (ksvm function with rbfdot kernel
from kernlab [23]) calibration models were created to predict the
reference protein values as schematically shown in Fig. 4. Before

Fig. 3. experimental replication errors (A) of the NeoSpectra and the simulated errors (B) that were added to the benchtop spectra.
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Table 4
Mean RMSEP (g protein per kg pig feed) for the different devices based on actually measured spectra, used as benchmark for estimated performance.
Device

PLS (1 replicate)

PLS (averaged)

SVM (1 replicate)

SVM (averaged)

NeoSpectra
SCiO
Tango
XDS

6.4
11.1
3.4
5.5

5.5
9.0

6.5
11.4
3.4
4.9

5.5
10.6

benchtop devices. Furthermore, the average sum of squares per
wavelength of the experimentally determined replication errors
were 0.22, 2.1, for the handheld NeoSpectra and SCiO, and 0.0019
and 0.031 for the, benchtop Tango and XDS, respectively. These
ﬁgures indicate that indeed the benchtops have lower errors than
the handhelds. The order of magnitude is much larger than any
differences in relative peak heights seen for the different devices
(Fig. 2). Standardization is therefore not needed for modelling the
performance. Out of the compatible device combinations the ﬁrst
two (Tango e NeoSpectra and XDS e SCiO) had a signiﬁcant difference between the benchtop and handheld performance. The
difference between the XDS and NeoSpectra was the smallest, with
the NeoSpectra even having a lower RMSEP than the XDS when
averaging the replicates. Potentially, this could inﬂuence the performance estimation negatively as this violates our prior assumption. For the last compatible combination (both benchtops), the
Tango even had better performance despite it being the ‘handheld’
device (based on the wavelength range). This combination can
therefore be seen as a negative control where the performance is
likely not estimated accurately.

models using the preprocessed calibration spectra. The created
models were then used to predict the test samples. An RMSEP was
calculated from the prediction errors of the 5 splits, and repeated
100 times for random selections resulting in a distribution of 100
RMSEP values for each spectral set. For each device combination the
differences between the RMSEPs using the differently adapted
benchtop spectra and the actual handheld performance was
calculated. The means of these distributions were compared as a
ﬁgure of merit of the performance estimation.
3. Results
3.1. NIR device performance
To assess the quality of the estimation of the handheld performance we compared the estimated prediction performance to the
actual performances of the respective devices on the same dataset.
Table 4 provides an overview of the mean RMSEP for the different
devices when using a random scan per sample and the averaged
spectra per sample for both the PLS and SVM algorithms. When
using 1 random scan per sample the best regression model was
found for the Tango for both algorithms. Despite the Tango having a
smaller wavelength range, it had signiﬁcantly lower prediction
errors than the XDS benchtop device. The prediction errors for the
NeoSpectra were slightly higher than those of the XDS. The highest
prediction errors were found using the SCiO, which also had the
most limited wavelength range. Upon averaging the spectra for
each sample for the SCiO and NeoSpectra, the prediction error
decreased by around 1 g kg1 for both PLS and SVM. This indicates
that replication errors are indeed signiﬁcantly impacting the calibration result and should be considered when estimating performance. PLS and SVM showed similar performances for all devices.
The handheld devices generally had higher RMSEPs than the

3.2. Predicting handheld performance from benchtop data
The RMSEP differences when using the modiﬁed benchtop
spectra compared to the actual handheld when using PLS as the
calibration algorithm are shown in Fig. 5 for the different device
combinations. For the comparisons of Tango-NeoSpectra and XDSSCiO, the original benchtop performed much better than the
handheld since the RMSEP differences were below 0, similar to the
differences shown in Table 4. While the performance difference of
the benchtop models with the adjusted wavelength range and
resolution decreased, the difference in RMSEP was still negative
and clearly better than the actual handheld performance for these

Fig. 5. Difference between the mean estimated RMSEP using the modiﬁed benchtop spectra and the mean experimental RMSEP using the handheld spectra when using PLS as the
calibration method for different device combinations. Error bars show the 95% conﬁdence interval of the mean difference. An RMSEP difference of zero indicates the performance
estimate using the benchtop was the same as the experimental RMSEP. Each subﬁgure is a different benchtop and handheld combination.
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Fig. 6. Difference between the mean estimated RMSEP using the modiﬁed benchtop spectra and the mean experimental RMSEP using the handheld device when using SVM as the
calibration method for different spectra combinations. Error bars show the 95% conﬁdence interval of the mean difference. An RMSEP difference of zero indicates the performance
estimate using the benchtop was the same as the experimental RMSEP. Each subﬁgure is a different benchtop and handheld combination.

XDS-Tango, the XDS already had worse performance than the
Tango, so subsequent modelling steps only increase this difference.
The wider wavelength range of the Tango and the smaller replication errors just made the decrease in performance smaller than
for the 3rd comparison when estimating NeoSpectra performance.
The same comparison was made when using SVM as the calibration algorithm, shown in Fig. 6. Overall, the results were very
similar to when using PLS as the calibration algorithm. The impact
of adjusting the wavelength range and resolution of the benchtop
device resulted in larger differences for SVM compared to PLS.
However, after the simulated replication errors were added almost
no difference to the handheld performance was observed for SVM,
similar to PLS. When adding the experimentally determined error
spectra instead of the simulated ones, very similar results were
obtained for both algorithms. Overall, our proposed methodology
allowed for accurate estimation of the handheld performance for
these device combinations for different calibration algorithms
when the benchtop device had better initial performance.
Cross-validated predictions using PLS of all samples on the
benchtop, handheld and modeled handheld devices (with added

two combinations. Our method of adding replication errors to the
modiﬁed benchtop spectra induced a further decrease in the model
performance of the benchtop and lead to modeled performances
almost equal to the handhelds’ actual performance. When averaging all replicates and the added simulated replication errors
accordingly, the performance of the adjusted benchtop spectra was
also similar to the experimental handheld performance. Thus, for
these two device combinations, adapting the wavelengths and
adding the simulated replication errors improved the alignment of
the modeled and experimental performance.
For the comparison of XDS-NeoSpectra, the XDS benchtop device only showed better performance when selecting random
replicates. When averaging the replicates, the performance was
similar to the one of NeoSpectra. Hence, the more limited wavelength range and resolution of the NeoSpectra did not seem too
impactful for predicting the protein content. Nevertheless, adding
simulated replication errors lead to worse predictions compared to
the actual handheld, since the performance was already fairly equal
for both devices. Therefore, adding replication errors made the
modiﬁed benchtop spectra perform worse. For the comparison

Fig. 7. Predictions using PLS based on 5 fold cross validation against the reference values, comparison of the benchtop, handheld and modeled handheld for the different device
combinations (rows represent a device combination).
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Table 5
Average number of components when using PLS for the different device combinations.
Benchtop

Handheld

X HH

X BT

X BT; PHH

X BT; PHH þ E*HH

X HH averaged

X BT; PHH þ E *HH averaged

Tango
XDS
XDS
XDS

NeoSpectra
SCiO
NeoSpectra
Tango

9
6
9
22

22
12
12
12

21
11
14
9

9
6
9
7

9
9
9
22

11
8
10
8

Table 6
Average sigma (*104) when using SVM for the different device combinations.
Benchtop

Handheld

X HH

X BT

X BT; PHH

X BT; PHH þ E*HH

X HH averaged

X BT; PHH þ E *HH averaged

Tango
XDS
XDS
XDS

NeoSpectra
SCiO
NeoSpectra
Tango

3.8
2.4
3.8
1.6

1.6
0.8
0.8
0.8

3.7
3.2
3.1
0.9

3.6
2.3
3.4
0.9

4.0
3.4
4.0
1.7

3.4
3.1
3.0
1.0

similar. However, when adding the handheld errors to the benchtop data, the number of components decreases to similar levels as
when using the original handheld data. A similar trend is observed
when the averaged handheld errors are added. Thus, after measurement errors are introduced, less complex models are built.
Similar trends are observed when the (non-linear) SVM regression
algorithm is used, as shown by the average sigma for the SVM in
Table 6. Analogous to the number of components in PLS, the sigma
of the modeled handheld is closer to the actual handhelds than the
original benchtop spectra. However, adjusting the wavelengths
inﬂuences the sigma, whereas for PLS only adding noise was impactful. The wavelength adjustment being more impactful was
already observed in the model performance but is thus also visible
in the model parameters.
As an example of the similarity of the ﬁnal models, the PLS
regression coefﬁcients for the Tango and NeoSpectra models are
shown in Fig. 8, along with the wavelength adjusted and added
replication error models based on these devices. The regression
coefﬁcients for the models based on the original devices are very
different, as the Tango has more and sharper peaks when compared
to the NeoSpectra. When the wavelengths of the Tango are adjusted
to those of the NeoSpectra, the pattern remains similar to the
original Tango. However, after adding the replication errors to the
benchtop the regression coefﬁcients become very similar to NeoSpectra, indicating the presence of the errors strongly inﬂuences

errors) are shown against reference values for all device combinations in Fig. 7. For the ﬁrst two device combinations, the predictions
using the modeled handhelds show similar patterns and error
distribution as the actual handhelds. The prediction performance is
thus not inﬂuenced by the presence of any single outliers. However,
although the estimated performance of the devices is accurate, the
individual samples do not show similar predictions between
handheld and modeled handheld. Calculating root mean squared
differences in prediction between handheld and modeled handheld
were similar to the RMSEP (difference to actual reference values),
indicating the individual predictions are random but the performance of the models is similar. Since random errors were added to
the benchtop spectra this can of course be expected.

3.3. Model similarity
Model parameters were also investigated to compare not only
the performance of the model but also the characteristics of the
models themselves. Table 5 shows the average number of components when using PLS for the different device combinations. The
benchtops use more components than the handheld devices, and
the Tango uses most. Likely, this is possible since the Tango has the
lowest measurement errors, allowing a more detailed model. When
adapting the wavelength range and resolution of the benchtops to
that of the handheld, the optimal number of components remains

Fig. 8. Regression coefﬁcients for the different modelling steps when modelling the NeoSpectra from the Tango.
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Fig. 9. The difference between the mean estimated RMSEP using the adjusted XDS spectra and the mean experimental RMSEP using the SCiO as a function of the number of
replicates and samples for noise determination. Error bars show the 95% conﬁdence interval of the mean difference.

the ﬁnal model as well as the performance. The largest coefﬁcients
for the NeoSpectra model around (2190 nm), and the Tango
(2310 nm) are both commonly associated with protein content
[26,27]. The correlation between the regression coefﬁcients of the
NeoSpectra and modeled handheld with replication errors was
0.80, whereas when only adjusting the wavelengths this was only
0.12. This is partly due to the difference in number of components
of the models, as a model based on adjusted wavelength and the
same number of components as the NeoSpectra has a correlation of
0.62. This indicates the replication errors also further inﬂuence the
model to resemble the original handheld besides affecting the
number of components.

Adapting the spectral range and resolution of benchtop spectra was
used to gain an estimate of the potential handheld performance.
We show this is typically too optimistic, as this approach assumes
that the replication errors (due to optics, illumination, stray light,
sample inhomogeneity, sample area to be analyzed etc.) are similar
for both the benchtop and the handheld device, which is rarely the
case. Therefore, for a more accurate estimation, the replication error structure of the handheld spectra was included as additional
information in the prediction. Our method adds simulated errors
derived from a very limited number of measurements using the
handheld devices to the benchtop spectra. This method lead to an
estimated performance closer to the actual device performance
than when simply transferring benchtop calibration models or
adapting the wavelength. The method improved performance estimations for both PLS and SVM, a linear and nonlinear calibration.
The impact of adapting the wavelength range and resolution of the
benchtop spectra to the range of the tested handheld appeared to
be more impactful when using SVM compared to PLS. We think that
SVM may beneﬁt more from the additional spectral information as
it creates a more complex, nonlinear model. While this method did
not aim at creating models for actual use with the handheld device,
it may be helpful to assess the determined replication errors before
calibration (transfer) as results show these inﬂuence the models
and performance. This can aid in selecting more robust wavelength
ranges or methods suitable for making calibrations for the handheld device.
A requirement for accurate estimation is that the benchtop device has lower measurement errors than the handheld device. This
is because in our method the handheld replication errors were
added on top of any benchtop errors. Elimination or reduction of
benchtop errors (for example by averaging replicates or Maximum
Likelihood Estimation) may improve performance estimation, as
discussed at the end of the theory section, but requires (additional)
benchtop replicate spectra. The use of MLPCA [19] was brieﬂy
investigated but did not lead to signiﬁcant improvements with
limited benchtop replicate spectra. For robust prediction performance estimation, 20 replicate handheld spectra were required to
determine the replication error structure. Our method is thus
useful to reduce costs in the prescreening of devices for speciﬁc
applications, as only a ﬁfth of the samples was required compared
to conventional calibration. The required number of replicates may
be lower for more homogeneous samples. Re-using the replication
error structure of a certain device for multiple applications is a

3.4. Robustness
Ideally, performance would be estimated only from benchtop
spectra or by using a minimal set of handheld samples and replicates. The effect of the number of used handheld samples and
replicates was investigated by taking subsets of the handheld
samples and replicates for determining the replication error distribution. These distributions were then used for subsequent
modelling from the benchtop spectra. Fig. 9 shows the effect of the
number of replicates and samples to determine replication errors
when estimating the SCiO performance from the XDS. Interestingly,
the estimated prediction errors decrease when fewer samples were
used for replication error estimation, as the RMSEP difference
became more negative. Since the conﬁdence intervals did not increase, this indicates the error covariance estimate is not robust for
low sample sizes. The use of 20 samples did not lead to signiﬁcant
differences compared to using 100 and thus seemed to be the
minimal requirement for performance estimation, although this
may be lowered depending on how accurate a performance estimate needs to be. The number of replicates did not lead to any
signiﬁcant differences in results, except when using replicates of
only 3 or 5 samples for estimation. A similar trend and number of
samples for stabilization was also observed when modelling the
NeoSpectra performance from the Tango.
4. Discussion
Our method to predict handheld performances using data from
a benchtop device can be useful to determine whether a speciﬁc
device (or which device) is suitable for a speciﬁc application.
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potential extension of the current work. As simulating the error
distribution provides a similar performance estimation as sampling
the experimentally determined spectral errors, manufacturers
could potentially report the expected error structure of their devices, similarly to signal to noise ratios that are reported sometimes. In this way, our method can be used as a fast pre-screening
tool for a multitude of applications if data from other devices is
available. Alternatively, it could also be used design devices for
targeted applications, based on the speciﬁcations a device must
have to reach a certain performance.
Both the handheld performance and the benchtop predicted
handheld performance indicate the NeoSpectra device has greater
potential compared to the SCiO for predicting protein content in pig
feed. In Ref. [28] the SCiO (and not NeoSpectra) showed potential
for prediction of the protein content of milk samples. Possibly, this
difference can be explained by the complex physical properties of
milk. This further highlights the importance of our proposed
method as a tool to avoid device screening costs, as even predicting
the same nutrient in another product matrix with the same devices
can yield very different performance.
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5. Conclusion
Estimating the prediction performance of a handheld device is
possible from a benchtop device, but requires information on the
errors structure of the targeted handheld device. Our proposed
method aims to estimate the potential handheld performance using a benchtop device's data. The handheld error structure was
determined using a small subset of handheld spectra, but should
ideally be reported by manufacturers in the future. Results show
that only adjusting the wavelength range and resolution to that of
the handheld still leads to over-optimistic performance estimates.
Our method of adding simulated replication errors based on
handheld spectra leads to a performance estimate closer to that of
the actual handheld and similar model characteristics. Results
show the method is effective for different calibration algorithms
and when estimating the performance after averaging multiple
scans. For accurate performance estimates the spectral quality of
the benchtop device is required to be greater than that of the
handheld. Overall, our method proves suitable for device validation
and performance estimation with minimal testing required and can
be applied to estimate potential before the development of calibration models.
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