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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Interaction NIR spectroscopy is well 
suited for non-contact determination of 
total soluble solids in strawberries. 

• NIR interaction measurements are less 
affected by irrelevant fruit surface 
properties than reflection. 

• The method works well outside in the 
field with ambient daylight. 

• Measurement time is less than 1 sec. 
• Measurements in the 760 – 1080 nm 

region has a probing depth of about 6–7 
mm into the strawberries.  
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A B S T R A C T   

Autonomous field robots are being developed for picking of fruit, where each fruit needs to be individually 
graded and handled. There is therefore a need for rapid and non-destructive sensing to measure critical fruit 
quality parameters. In this article we report how total soluble solids (TSS), a measure for total sugar content, can 
be measured in strawberries in the field by non-contact near-infrared (NIR) interaction spectroscopy. A specially 
designed prototype system working in the wavelength range 760–1080 nm was tested for this purpose. This 
novel instrument was compared with a commercial handheld NIR reflection instrument working in the range 
900–1600 nm. The instruments were calibrated in the lab using data collected from 200 strawberries of two 
varieties and tested in a strawberry field on 50 berries in 2022 and 100 berries in 2023. Both systems performed 
well during calibration with root mean square errors of cross validation for TSS around 0.49 % and 0.57 %, for 
interaction and reflection, respectively. For prediction of TSS in new berries in 2023, the interaction system was 
superior, with a prediction error of 1.0 % versus 8.1 % for the reflection system, most likely because interaction 
probes deeper into the berries. The results suggest that interaction measurements of average TSS are more robust 
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and would most likely require less calibration maintenance compared to reflection measurements. The non- 
contact feature is important since it reduces the spread of diseases and physical damage to the berries.   

1. Introduction 

Autonomous field robots are entering agriculture, bringing with 
them the potential for more automated and precise farming operations. 
These robots can dramatically decrease the use of pesticides and fertil
izer by enabling more targeted application techniques. Automatic 
treatment of powdery mildew by UV-radiation in different crops has 
been commercially introduced [1], eliminating the need for pesticides. 
The development is now progressing towards more advanced automatic 
processing of crops, such as selective picking of fruits, where each fruit 
can be individually graded and handled [2]. Sensor data is needed to 
successfully implement automatic decision-making. Cameras are today 
used for detection and localization of weeds [3]. There is much research 
being conducted to develop robust soil sensors that can assess the need 
for fertilization or watering in the field [4]. RGB cameras can to some 
extent assess ripeness and other quality parameters on fruit based on 
color and shape information [5], while hyperspectral cameras have the 
potential to detect for instance disease related stress symptoms on plants 
[6]. The internal qualities of fruit and berries, such as dry matter, sugar, 
and acid contents, are related to ripeness and sensory properties, and are 
more challenging to measure in field. Reliable measurements of such 
qualities require probing of the interior of the fruit, not just measuring 
the surface. To avoid the spread of plant diseases, it is also preferred that 
any measurements can be done without physical contact with the fruit. 
Near-infrared spectroscopy (NIRS) has the potential to meet these re
quirements. In this article, first-time results are reported for rapid, in- 
the-field, non-contact determination of total soluble solids (TSS), a 
measure for total sugar content, in strawberries by NIR spectroscopy. 

Strawberry (Fragaria × ananassa Duchesne ex Rozier) is a fruit 
characterized by its red color, sweetness, and delicious flavor. It is a non- 
climacteric fruit, meaning that further ripening occurs only to a limited 
degree after harvest, making the correct selection of harvest time a 
critical factor for post-harvest fruit quality. The decision to pick is nor
mally made by assessing what percentage of the surface has developed 
its familiar red color. To also ensure acceptable sensory attributes in the 
fruits, additional information about chemical composition, e.g. sugars 
and acids, would be beneficial in the decision-making process [7]. 
Strawberry sweetness and acidity are important for consumer accep
tance and satisfaction, and the sugar-acid ratio can be the most influ
ential factor in how we experience sweetness [8]. 

Spectroscopic sensors can be used to assess chemical composition in 
individual strawberries without the need for destructive chemical ana
lyses. We recently showed that Raman spectroscopy can determine TSS, 
the individual sugars glucose and fructose, as well as total acid and citric 
acid in whole berries with good accuracy [9]. It was also obtained high 
correlations (R2) between the Raman spectra and the sensory properties 
sweetness (0.70), acidity (0.68) and sourness (0.85). The measurements 
were performed in a laboratory with a wide area Raman probe at a 
distance of about 20 cm from the berries. Depth of penetration of such 
measurements would be about 5–8 mm [10], thereby providing infor
mation from the interior of the berries. The methodology is promising 
but will have practical challenges in the field. Ambient light needs to be 
shielded to obtain useful Raman spectra, and measurement time with 
state-of-the art instrumentation would likely be at least 15 sec per berry, 
which is too long for practical use. In addition, Raman instrumentation 
is currently more expensive compared to alternative technologies. 

It has been well established over the last three decades that NIRS can 
be used to assess the macro-constituents, dry matter and TSS, in thin 
skinned fruit with acceptable accuracy [11]. NIRS has also been evalu
ated for determining a range of other physicochemical properties in 
strawberries [11–15], such as acidity, pH, phenolic content and 

firmness. Many have reported good results for prediction of TSS, while 
results for total acids (TA) were generally not good enough for reliable 
grading. However, field measurement of TSS alone would be of interest 
for following the ripening process and determining the optimal har
vesting time for each berry. In most of the studies using NIRS for 
strawberry measurements, the diffuse reflection geometry was chosen 
[12–16], meaning that mainly the surface to a depth of approximately 
1–2 mm was probed. This is apparently sufficient to obtain satisfactory 
results for TSS but it may not be the most robust mode of measurement, 
since TSS in strawberries is heterogeneously distributed [17], and the 
surface might not be representative for the interior. By measuring in 
interaction mode, where the illumination spot is a distance away from 
the detection spot, it is possible to measure more in depth since, by 
design, all detected radiation must have traversed some minimum dis
tance inside the object. Nishizawa et al. [18] did this by using the short 
NIR region 780–1080 nm, which enables rather deep penetration due to 
relatively low water absorption and obtained good results for TSS in 
strawberries. Interaction measurements were also proven superior to 
reflection for the measurement of TSS in kiwifruit [19] and dry matter in 
avocados [20]. NIR interaction measurements are most often done with 
physical contact between sample and instrument to shield against 
ambient light, and several commercial handheld instruments for pro
duce grading rely on this solution [11]. However, interaction mea
surements can work well also without contact when the optics are well 
designed, and the ambient radiation can be sufficiently subtracted. Non- 
contact interaction is used in industrial hyperspectral NIR imaging food 
scanners [21,22]. Wold et al. [23] reported that the method works well 
for in-line quantification of dry matter in single intact potatoes. The 
ability to measure individual strawberries in field without contact would 
ease the robotic interface considerably. It would also avoid damage to 
the berries and reduce the risk of spreading fungal diseases. 

This paper reports, for the first time, non-contact NIRS interaction 
measurements on single strawberries for the determination of TSS. A 
specially designed prototype NIRS system working in the wavelength 
range 760–1080 nm was tested. This novel instrument was compared 
with a commercial handheld contact NIR reflection instrument working 
in the range 900–1600 nm measuring a surface area of approximately 5 
mm in diameter. The instruments were calibrated in the lab using data 
collected from strawberries during two periods in the same season and 
finally tested on two independent test set of strawberries in the field over 
two seasons. The motivation for the work is to design a sensor system 
that can be used by autonomous field robots to sense TSS in strawberries 
and other types of fruits. 

2. Materials and methods 

2.1. Berry samples 

Calibration samples: The cultivars (cvs.) Favori and Murano, grown at 
different farms, were used in the experiment. These are two commer
cially important everbearing strawberry cultivars in Norway. Straw
berries were grown in coconut coir in table-top systems, with automatic 
watering and nutrient in an open polytunnel (Haygrove Ltd., UK). Fresh 
strawberries were harvested in two batches during the summer of 2022 
for calibration. The first batch of cv. Favori (n = 100) was harvested in 
week 25 and the second batch of cv. Murano (n = 100) in week 32. The 
berries were carefully selected to span different degrees of ripeness and 
visually assessed based on color development and color uniformity. The 
maturity range spanned from medium ripe (light red color and some 
parts of white on shade side) to very ripe (dark red). The berries were 
measured with two NIR instruments (one commercial handheld 
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instrument and one prototype instrument) in a laboratory after 
tempering the berries to room temperature (21–22 ◦C). The ceiling light 
was turned off to reduce potential disturbance from ambient light while 
measuring. Spectroscopic measurements were done on both the front 
side (the sunlit side) and the back side, with center of measurement 
approximately at equator (Fig. 1). The berries were then refrigerated at 
4 ◦C overnight before reference measurements of TSS and TA. 

Independent test sets measured in field: In week 38, 2022, a new set of 
cv. Murano strawberries (n = 50) (Test set 1) were measured in the open 
polytunnel during daytime, selected to span different degrees of ripeness 
as previously described. The berry temperature was in the range 
11–13 ◦C. The berries were measured on the plant with the handheld 
NIR instrument. Two measurements were done on the front side of each 
berry. For the larger prototype instrument, the berries were brought to 
the instrument placed in the polytunnel. With this instrument, two 
measurements were done on the front side. The first measurement at 
center point as indicated in Fig. 1b, and the other slightly shifted from 
center position. 

In week 30, 2023, a new set of cv. Favori strawberries (n = 100) (Test 
set 2) were measured in the polytunnel during daytime. The berries were 
measured on the plants with both NIR instruments, two measurements 
each on the front side of the berries. The berry temperature varied in the 
range 24–28 ◦C. 

2.2. Spectroscopic measurements 

The handheld instrument MicroNIR PAT-U (VIAVI Solutions Inc., 
Chandler, AZ, US) is based on a 128-pixel InGaAs photodiode array and 
a linear filter. It collects spectra in the wavelength region 908 – 1676 nm 
where spectral resolution (Full Width Half Maximum, FWHM) varies 
from about 12 nm to 20 nm with increasing wavelength. Two LEDs are 
used for illumination, and they are placed about 7 mm apart with the 
detector in between (Fig. 1a). A standard collar with uncoated sapphire 
window was mounted on the sensor for optimal working distance (3 
mm) from the collection optics to the sample, and measurements were 
done in contact with the berries. The collar and physical contact shiel
ded to some extent against ambient light. The illumination - detector 
geometry is made for reflection measurements since the illumination 
and detection points are overlapping at the sample surface. Some 
interaction effect could however be expected, but the intensity of this 
would be dominated by the reflected light. Each measurement inte
grated spectra over 1 sec. Illustration of measurement in the field is 
shown in Fig. 2a. 

The other NIR instrument was a prototype instrument designed for 

non-contact interaction measurements and is previously described in an 
article on in-line determination of dry matter in potatoes [23]. An illu
mination module, with a halogen light source (50 W), was designed with 
a light chopper to allow for continual subtraction of the ambient light 
and a means for sequentially switching between five different projected 
illumination geometries in real time, about 50 times per second 
(Fig. 1b). Each geometry consisted of two illuminating lines, each of 
approximately 1 mm x 14 mm, and the interactance signals in the middle 
of the pair of lines were measured from a single 1 mm x 4 mm detection 
spot, or field of view (FOV) (the blue region in Fig. 1b). The light travels 
from the illuminated regions through the strawberry, and the radiation 
exiting from the FOV is detected by the custom-built spectrometer. The 
interaction distances (between the FOV and the pair of illumination 
lines) were approximately 2.5, 4, 5.5, 7 and 8.5 mm, termed Distance 1 
to Distance 5, respectively. A single recording contained spectra from 
each of the five measurement distances taken in rapid succession, 
making it well-suited for determining the optimal interaction distance. 
Each spectrum comprised twenty evenly spaced wavelengths in the re
gion 761–1081 nm with a spectral resolution (FWHM) of approximately 
16 nm. The working distance between the instrument and strawberries 
was approximately 8.5 cm. Exposure time per recording was 1 sec, 
which means 0.2 sec per spectrum from each interaction distance. A 
photo of measurement in field is shown in Fig. 2b, where one of the 
interaction distances is shown and the strawberry is illuminated from 
above. Note that orientation of the berries relative to the illumination 
was as in Fig. 1b during the experimental trials. A photo of the complete 
illumination pattern can be seen in Wold et al. [23]. A curved white 
barium plate was used a reference sample. 

2.3. Chemical reference analysis 

The whole berry samples were homogenized, then centrifugated at 
39200 g for 10 min (Avanti J-26 XP, Beckman Coulter, USA) and the 
supernatant collected. The supernatant was used for analyses of TSS and 
TA. 

TSS was determined using a pocket ◦Brix-acidity meter (PAL-BX| 
ACID1, Atago Co., Ltd., Tokyo, Japan) and expressed as ◦Brix (%, g/100 
g). TA was measured in supernatant diluted with purified water (1/49, 
w/w) by the same pocket ◦Brix-acidity meter. The acidity measurements 
were based on electroconductivity using electrical current. The con
centration of TA was expressed as g citric acid equivalents per 100 g FW. 

2.4. Calibration procedure 

The NIR intensity spectra from both instruments were transformed to 
absorption spectra by taking the logarithm of the inverse of the 
measured spectrum (log10(1/S)), where S is the intensity of the detected 

a b

Fig. 1. (a) Strawberry with indicated illumination regions (yellow) and 
detection region (blue) for the NIR reflection system. (b) Strawberry with 
indicated illumination stripes (yellow) and detection region (blue) for the NIR 
interaction system. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.) 

Fig. 2. (a) Illustration of contact measurement using MicroNIR in field. (b) 
Illustration of non-contact measurement with interaction prototype in field. 
This is a snapshot of interaction Distance 5 (8.5 mm), giving a distance between 
illumination lines of 17 mm. 
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light. To minimize variation in the spectra induced by light scattering 
and varying distance between instrument and berry, the absorption 
spectra were normalized by standard normal variate (SNV): For each 
absorption spectrum the mean value was subtracted, and the spectrum 
was then divided by the standard deviation of the spectrum [24]. The 
spectra from MicroNIR were also tested using the second derivative as 
part of the pre-processing, but this did not improve calibration or pre
diction results. Three spectral ranges for MicroNIR were evaluated: 
908–1676 nm (full), 908–1080 nm (short), and 1100–1676 nm (long). 
Each of the three regions was normalized by SNV. 

Calibration models were made by partial least squares regression 
(PLSR) [25], a well-established technique for calibration of spectro
scopic data. The optimal number of factors in the models was deter
mined after cross validation by evaluation of the correlation (R2) 
between measured and predicted TSS, and the root mean square error of 
cross validation (RMSECV). RMSE is defined as 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N

∑N

n=1
(yn − ŷn )

2

√

(1)  

where N is the total number of samples, ̂yn is the predicted value by cross 
validation (CV) or prediction (P), yn is the measured reference value and 
n denotes the samples from 1 to N. Segmented cross validation was used 
and measurements from five berries were randomly taken out in each 
segment. Measurements from the same berry (front and back side) were 
kept in the same segment to avoid overfitted calibrations. 

Separate calibrations were made for the two strawberry cultivars 
Murano and Favori to determine if the different calibrations could be 
used interchangeably. The regression models used for field testing were 
based on measurements on back and front sides of both cultivars, a total 
of 400 measurements. 

Prediction results for the two test sets were evaluated by the corre
lation (R2) between predicted and referenced TSS, the bias and the root 
mean square error of prediction (RMSEP), calculated as in Eq. (1). 

To establish whether the acquired prediction errors were signifi
cantly different, a two-way analysis of variance (ANOVA) of the squared 
residuals was employed, as adapted from Indahl and Næs [26]. 

The different temperature of the berries measured in field introduced 
a shift in the NIR spectra relative to those measured in lab (shown and 
discussed below). To correct for this difference, we added the difference 
spectrum between a warm (22 ◦C) and cold (12 ◦C) berry to all the new 
spectra collected outside (Equation (2). The aim of this correction was to 
reduce the bias of the predicted values. 

xcorr,n = xn + k*diff (2)  

where xcorr,n is the temperature corrected spectrum, xn is the original 
spectrum collected at lower temperature, diff is the difference spectrum, 
and k is a constant. k was used to adjust the magnitude of the difference 
spectrum for each data set with the aim of reducing the bias caused by 
the temperature difference. All spectra were SNV corrected before the 
correction. The strategy of using difference spectra to correct for tem
perature in NIR spectroscopy is well known [27]. It can be a more 
efficient and low-cost calibration strategy compared to measuring every 
or many berries at different temperatures. In the present study, it was 
not an aim to make a temperature invariant calibration for TSS, but to 
illustrate that it is important to take temperature into account and that it 
is possible to make such calibrations. 

Multivariate regression was done with software The Unscrambler 9.8 
(Camo, Norway). Other types of analysis were done with MATLAB 
version R2018a (MathWorks, MA, USA). 

2.5. Study of NIR sampling volume 

To understand the differences in measurement volume for the two 
different NIR instruments and due to the five interaction distances, 
Distance 1 – Distance 5, an experiment was conducted with a strawberry 

that was cut in half to a thickness of 20 mm. It was then placed, flat side 
down, on a 4 cm thick block of coconut fat, which was chosen because it 
gives an easily distinguishable spectrum from that of strawberry, with a 
distinct absorption fat peak at 930 nm. The curved part of the strawberry 
faced the NIR instrument above. For each iteration, the strawberry was 
then sliced from below, making it gradually thinner (a slice of approx
imately 1 mm was removed each time). Each time a slice was removed, 
the remaining berry half was placed on the coconut fat again, and an NIR 
spectrum was recorded. Acquisition time per measurement was 1 sec. 
Spectra were collected with both NIR instruments. Based on the in
tensity of the absorption peak for fat at 930 nm it was possible to esti
mate the relative contribution from fat as function of strawberry 
thickness. This share could be calculated as 

%fat(i) = 100*(A930(i) − A930(15) )/(A930(0) − A930(15) ) (3)  

where i is the thickness from 1 to 15 mm, A930(15) is the absorption for 
the berry at 15 mm thickness where no fat was detected, A930(0) is the 
absorption of pure fat. This was done for each interaction distance for 
the prototype and for the two regions around 930 nm and 1212 nm for 
MicroNIR. Before the calculations, the spectra were normalized by SNV 
to remove variations in offset and enable meaningful results from 
equation (3). 

2.6. Color analysis 

The color of the berries was measured using a digital color mea
surement system (DigiEye, VeriVide Ltd., Leicester, UK). The berries 
were placed in a lightbox with standardized daylight (D65) and diffuse 
lighting and photographed with a calibrated digital camera (Nikon 
D7000, 35 mm lens, Nikon Corp., Tokyo, Japan). Color measurements of 
the pictures were performed with DigiPix software (version 2.63). The 
color was computed in CIELAB (Commission International de l’Eclair
age) color space, expressed as the components L*a*b*, often related to 
lightness, redness and yellowness, respectively. 

3. Results and discussion 

3.1. Concentration of sugar and acids 

The concentrations of TSS spanned largely the same ranges in weeks 
25, 32 and 38 in 2022, but the mean values per groups were significantly 
different (p < 0.01) (Table 1). The group mean values decreased over 
summer, from June, via August to September. This seasonal effect was as 
expected [28]. Standard deviations were relatively large in the datasets 
because samples were selected to span from ripe to very ripe. This was 
intended to get a good basis for calibration. Test set 2, collected in 2023, 
had TSS values in the higher range, exceeding the range of the calibra
tions set. 

For TA, there was not a significant difference in means between 
weeks 25 and 32. It is worth noting that the squared correlations (R2) 
between TSS and TA were low: 0,03 and 0,02 in weeks 25 and 32, 
respectively. R2 between TSS and the color parameter a* were 0.03 and 
0.4 in week 25 and 32 respectively. Finally, R2 between TA and a* were 

Table 1 
Total soluble solids (TSS; g/100 g) and total acidity (TA; g/100 g) in strawberries 
from weeks 25, 32 and 38 (W25, W32 and W38).  

Sample set Property n Mean Min Max SDa 

Week 25, 2022 TSS 100  10.1  6.2  13.4  1.30 
TA 100  0.86  0.64  1.26  0.11 

Week 32, 2022 TSS 100  8.7  3.8  13.0  1.21 
TA 100  0.90  0.59  1.31  0.13 

Week 38, 2022 TSS 50  7.3  2.5  14.0  2.35 
Week 30, 2023 TSS 100  10.6  6.0  18.3  2.38  

a Standard deviation 
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0.22 and 0.24 in week 25 and 32 respectively. Correlations with the 
color parameter b* were equally low for TSS and TA. The very low 
correlations between TSS and TA prevented indirect modelling of one 
parameter based on the other. The low correlations between the color 
parameters and TSS underline that color is not a good marker for 
sweetness of the berries. 

3.2. Spectroscopic measurements 

Typical interactance absorption spectra from the same strawberry 
are shown in Fig. 3a. The spectra are from the five different interaction 
distances. The absorption increased systematically with increasing dis
tance since the light detected had travelled farther and probed a larger 
volume before it was detected. The quantitative difference in absorption 
between Distance 1 and Distance 5 corresponds to a signal intensity that 
is approximately 10 times higher for Distance 1. Note also that the 
contrast in the spectra (the height of the absorption peak) increased 
systematically with increasing distance, meaning that spectral features 
were more pronounced when measured at greater interaction lengths. 
Fig. 3b shows the corresponding reflectance spectrum collected with the 
MicroNIR. Note that the wavelength range here is much longer into the 
NIR region. In the common shaded region, the potential light penetra
tion depth is the same. However, the different geometrical designs of the 
two systems facilitate different sampling depths. 

Fig. 4 (a) shows spectra from a strawberry of different thicknesses 
measured with both systems on a block of coconut fat. Only spectra from 
Distance 4 for the prototype are shown. The thinner the strawberry was, 
the more pronounced was the C–H fat peak at 930 nm for both systems 
and also at 1212 nm for MicroNIR. The share of fat signal at 930 nm for 
different thicknesses indicates the depth of sampling. These estimated 
shares of fat (as percent of a spectrum of pure fat) were calculated ac
cording to equation (3) and are plotted in Fig. 4c as function of straw
berry thickness. They show that the fat was detectable down to depths of 
6–8 mm with the prototype interaction system. The largest share of fat at 
each thickness was probed with the longest interaction distance, Dis
tance 5, and decreased with decreasing distance. With the MicroNIR, at 
930 nm, little or no fat was detected at 5 mm thickness, but the system 
captured signals down to 2–3 mm depth. Notably, at 1212 nm, the 
probing depth was even shorter. This was expected, since the absorption 
of water is stronger at this wavelength, reducing light penetration depth. 
The results illustrate that: 1) Interaction enables deeper sampling than 
diffuse reflectance, and 2) the short NIR region (800–1000 nm) enables 
deeper sampling than longer wave NIR (>1100 nm) [11]. Although this 
is known in general, it is useful to survey such properties for the food 
samples being tested, to understand and interpret results in a best 
possible way. Since strawberries are heterogeneous with internal 

gradients in TSS concentration, it would most likely be favorable to 
probe as deep as possible provided that the measurement system has 
sufficient SNR. These measurements would also be less sensitive to any 
irrelevant variations on the surface of the strawberry. 

A similar study of the penetration depth as a function of interaction 
distance has previously been done on potatoes [23]. In potatoes, there 
were more systematic and distinct differences in depth penetration be
tween the different interaction distances than what we found in this 
study. The reason might be that light scattering is more pronounced in 
potatoes compared to strawberries, which are more translucent. 
Furthermore, the interaction distances in the potato study were longer 
(5, 8, 11, 14 and 17 mm), and thus inducing greater differences in 
probing depth per interaction distance. 

Fig. 5 shows typical spectral features from strawberry in the 
760–1080 nm region (collected with the prototype system at Distance 
4). The spectra were rather featureless with the water absorption peak 
dominating at about 976 nm (OH-stretch) (Fig. 5a). Differences caused 
by varying sugar content were barely discernable, but an apparent small 
shift towards longer wavelengths was observed for strawberries with 
high TSS values. This corresponds with findings by Golic et al. [30] who 
documented an absorption peak for sugar around 960 nm and a shoulder 
at 984 nm (both OH stretching). A main absorption peak for sugar is at 
about 910 nm (CH-stretching) [29,30], but this was not possible to see in 
the spectra with the naked eye. The very small spectral differences 
resulting from the natural span of TSS in strawberries underline the 
importance of having high SNR in the spectral measurements to quan
titatively model the TSS content. Since the goal is to perform measure
ments outside in the field, varying conditions in ambient light are likely 
critical and should be handled to preserve the quality of the spectra and 
minimize deviations in estimated values. Since the spectral features of 
interest are so subtle, it is difficult to validate the quantitative models by 
interpretation of visual spectral features, something which was also 
highlighted by Golic et al. [30]. However, Fig. 5b shows typical 
regression coefficients for TSS calibrations presented below, and they 
relied strongly on 910 nm, a main absorption peak for sugar. The main 
features were the same for all models built using data from the prototype 
system. The OH bands of sugar (at 960 nm and 984 nm) were less pro
nounced, perhaps reduced due to their temperature dependance. The 
regression vector carried some of the same features as reported for PLSR 
models for sugar in water and mango [30,31]. 

Fig. 5c shows NIR spectra from the same strawberry with core tem
perature at 10 ◦C and 20 ◦C. The water absorption peak at 978 nm shifts 
towards longer wavelengths for lower temperatures. The difference 
spectrum for this apparent shift shows the systematic change that occurs 
when temperature of the samples varies. The spectral change due to a 
10 ◦C temperature difference was slightly bigger than the change due to 

Fig. 3. a) Absorption interactance spectra for the five different distances from one strawberry, indicated with Dist 1 to Dist 5. b) Absorption spectrum measured with 
MicroNIR on the same strawberry. The common spectral region for the two systems is shaded. 
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a large variation in TSS (Fig. 5a) so it is very important to incorporate 
temperature in calibration models, especially when the intended mea
surements will be done outside in varying temperatures. This issue has 
been treated thoroughly by others [30,32]. 

3.3. Calibration results 

We did not obtain meaningful calibrations for TA using data from the 
two NIR instruments, for any of the groups of strawberries. These results 
are therefore not listed in detail. Most studies on NIRS and strawberries 
indicate poor ability to estimate TA and citric acid [12,14,15], while a 
limited number of reports show very promising results [13,16], but it is 
not clear what chemical absorption bands the calibrations were based 
upon, and it is possible that the models were based on indirect corre
lations. For example, we have seen in our own previous work that TA 
sometimes can correlate closely with the amount of chlorophyll, which 
is measured at 675 nm. 

Table 2 summarizes calibration results for the joint sets of straw
berries, cvs. Favori and Murano, harvested in weeks 25 and 32, 2022, 
respectively. Results are presented for all interaction distances and the 
three selected wavelength regions from MicroNIR. For the prototype 
interaction system, the regression models required 9 PLS factors. The 
first latent variable, which represented the shift illustrated in Fig. 5a, 
explained about 40 % of the variation in TSS, and then eight additional 
factors were needed for optimal models, based on cross validation. The 
models relied on subtle spectral variations, which again underlines the 
need for sufficient SNR in the spectra. There is a clear trend that 
increasing the interaction distance improves the accuracy of the cali
brations. RMSECV for TSS was reduced from 0.67 % to 0.49 % when the 
distance between the illumination regions were increased from 2.5 to 
8.5 mm. The differences in RMSECV between adjacent distances were 
significant (p < 0.05) except for between Distances 3 and 4. It indicates 
that the deeper we probed, the more representative the spectral mea
surements were of the TSS value. The advantage of probing deeper is 
that the model is more robust towards heterogeneity in the strawberry 
and any interfering features on the surface. The same increased accuracy 
with increasing interaction distance was also observed when measuring 
dry matter in potatoes [23]. Potatoes are also heterogeneous, with 
prominent internal gradients in dry matter [11]. The results obtained 
here are slightly better than a previous report on interaction NIRS on 
strawberries [18], even though the previous study was conducted with 
the instrument in full contact with the berry. A perfect match between 
the spectroscopically probed volume and the sugar content is difficult to 
obtain, and this is obviously one source of error in the calibration results. 

When the full spectrum from the MicroNIR was used, calibration 
results were obtained that were in line with the best results using the 
interaction system. The regression coefficients (not shown) emphasized 

Fig. 4. Spectra from a strawberry of different thicknesses on coconut fat measured with prototype Distance 4 (a) and MicroNIR (b). (c) Approximate share of fat 
signal at different strawberry thicknesses for the different sensor designs. 

Fig. 5. (a) Normalized spectra from berries with low (blue) and high (red) TSS 
concentrations. Difference spectrum between the two (low TSS – high TSS) in 
black (multiplied by 13) (b) Typical regression vector for TSS calibration based 
on interaction spectra. (c) Normalized spectra from strawberry with tempera
ture of 20 ◦C (red) and 12 ◦C (blue). Difference spectrum between the two 
(warm – cold) in black (multiplied by 13). (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of 
this article.) 

Table 2 
Calibration results for TSS (%) in Favori and Murano berries for different 
interaction distances and for MicroNIR.  

NIR data Calibration on Favori and Murano (n = 200) 

LVa R2 RMSECVb 

Interaction Dist 1 9  0.77  0.67 
Interaction Dist 2 9  0.82  0.58 
Interaction Dist 3 9  0.84  0.54 
Interaction Dist 4 9  0.86  0.52 
Interaction Dist 5 9  0.88  0.49 
Reflection fullc 10  0.82  0.57 
Reflection shortc 6  0.77  0.67 
Reflection longc 10  0.77  0.66  

a Latent variables. 
b Root mean square error of cross validation. 
c Refer to wavelength regions used from the MicroNIR system. Full: 908–1676 

nm, short: 908 nm, long: 1100–1676 nm. 
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principal bands for sugars, such as 1196, 1276, 1368 and 1489 nm [29]. 
When the short and long wavelength regions were separated, signifi
cantly poorer results were obtained, more in line with the models based 
on the shortest interaction distance. The short wavelength region from 
MicroNIR is not 100 % comparable with the interaction system, but they 
both include the major sugar absorption peak at about 910 nm. Fig. 4c 
indicated that the MicroNIR short region did not probe as deep as the 
interaction system, which could explain why it performs less well. Dis
tance 1 and Distance 2, which are closer in measurement geometry to 
MicroNIR also gave lower correlations. 

With increasing interactance distance, the signal to noise in the 
system would decrease since exposure time for each distance was the 
same. The instrument noise effect on the predicted TSS values was 
investigated by measuring the same strawberry 10 times in steady state. 
Standard deviation of the 10 predicted values ranged from 0.02 to 0.04 
from Distance 1 to Distance 4. For the MicroNIR system, the standard 
deviations were 0.25 for the short region and 0.17 for the full region. 
Compared to the prediction errors, none of the systems were limited by 
instrument noise. 

We do not know the detailed differences between Murano and Favori 
regarding sugar distribution. It is not obvious that calibration models 
based on one cultivar should work well on the other cultivar. We tested 
this (results shown in Table S1) and the results suggest that the deeper 
the berry is probed, the more interchangeable calibrations are obtained: 
This verifies the assumption by Walsh et al. [11] who emphasized that 
limited penetration depth would limit performance across independent 
populations, given variations in outer layer attributes. 

3.4. Prediction of independent test sets in field 

Prediction of TSS values in berries in field were based on the 
regression models reported in Table 2. For Test set 1, measured the same 
year as the calibration set, the interaction system provided good pre
dictions of TSS. As mentioned before, the temperature differences gave a 
systematic shift in the spectra and without correcting this shift, the 
predicted values of TSS had a bias of approximately 2.3 %. With the 
temperature correction, the biases were greatly reduced, and those re
sults are shown in Table 3. The prediction errors were only slightly 
higher than those obtained for the cross validated calibrations. A notable 
difference from the calibration results in Table 2, is that the lowest 
prediction errors were not obtained for Distance 5. Distance 3 gave the 
lowest prediction error, significantly lower than for Distances 2 and 4, 
while Distance 5 gave the highest prediction error. Increasing interac
tion distance results in weaker signals (due to higher absorption). It is 
possible that at longer distances, the weaker signal intensity is more 
affected by the stronger ambient light in the field. Also, at Distance 4 and 

5 there is a greater chance of non-optimal measurements on small 
strawberries since the illuminating lines can hit the berries at the edges. 
Predicted versus referenced TSS concentrations for Distance 3 are shown 
in Fig. 6a. 

Using MicroNIR, the prediction errors were significantly higher, but 
still promising. The temperature correction also worked well on these 
data, and for the full and short spectra the bias could be removed by this 
approach. For the long part of the spectra, we did not succeed in 
removing the bias, probably due to other effects beyond temperature. 
The lower correlations and higher prediction errors compared to the 
interaction measurements could again be explained by physiochemical 
differences in the outer layer of the strawberries. Fig. 6b shows predicted 
versus referenced TSS concentrations for the two NIR measurements 
done on the front side of the berries. 

For Test set 2, measured the year after, the interaction system still 
provided good predictions of TSS, although the prediction errors were 
slightly higher (Table 3). Variations in berry temperature could have 
contributed to this higher prediction error. The reflection NIR system, 
however, failed completely to predict these berries satisfactory. In the 
spectra from both systems we could observe a shift in the absorption 
peaks of water compared to the 2022 berries, but this was much more 
pronounced in the reflection measurements. We also noticed that the 
visual appearance of the 2023 berries was slightly different from the 
2022 berries, including a higher density of seeds on the surface of 
several of them. This would most likely affect the optical properties of 
the strawberries, especially at the surface. 

4. Discussion 

In this study we have seen that non-contact interaction NIRS is well 
suited for rapid determination of TSS in strawberries. The study does not 
include very large sample sets, but several calibrations have been tested 
on independent test sets across strawberry cultivars and time. The data is 
sufficient to conclude that non-contact interaction NIRS is more robust 
and would most likely require less calibration maintenance compared to 
reflection measurements. The main reason for this is the greater optical 
penetration depth that makes interaction measurements less sensitive to 
physical and chemical changes at the surface of the berries. 

Making a final NIR calibration that is robust over time and temper
ature variations was not the focus of this article. Temperature variation 
in the field is a source of inaccuracy and any chosen NIRS system must 
handle this. The temperature correction based on difference spectra was 
demonstrated to work well for both the systems tested here. This 
approach can also be used in the calibration stage where the calibration 
spectra are mathematically augmented by different levels of the differ
ence spectrum, as proposed by Segtnan et al. [27]. Or a set of straw
berries can simply be measured at different temperatures and be 
included in the calibration set. 

The subtraction of ambient daylight from the NIR measurements is 
critical [33] and can be a challenge, and strong daylight can reduce the 
performance for longer interaction distances. For a robot working in 
polytunnels, the ambient light will most likely be diffuse due to the 
tunnel cover. 

The prototype designed for non-contact interaction measurements 
used in this study was rather large and bulky and not very practical for 
use in field. However, designs are currently being implemented to 
achieve a more compact optical solution that can be used by humans or 
robots. The non-contact feature is important and even critical since it 
avoids physical contact and reduces the spread of diseases and physical 
damage to the berries. It will also enable more flexible positioning of the 
probe in relation to the berry and could allow non-contact scanning of 
larger objects such as bunches of grapes. 

5. Conclusion 

This study shows that non-contact interaction NIRS is well suited for 

Table 3 
Results for common TSS calibration for Favori and Murano berries for different 
interaction distances and for MicroNIR. Prediction results are for Murano berries 
in the field.  

NIR data Test set 1 in field on Murano 
(n = 50) 

Test set 2 in field on Favori (n 
= 100) 

R2 RMSEPb bias R2 RMSEPb bias 

Interaction Dist 1  0.88  0.73 0.1  0.86  1.13  0.1 
Interaction Dist 2  0.92  0.63 0.0  0.85  1.19  0.2 
Interaction Dist 3  0.92  0.59 0  0.87  1.00  0.1 
Interaction Dist 4  0.88  0.70 0  0.86  1.20  0.3 
Interaction Dist 5  0.84  0.82 0  0.80  1.74  0.3 
Reflection fullc  0.75  1.07 0  0.02  8.1  − 0.4 
Reflection shortc  0.69  1.21 0.03  0.01  9.50  − 0.6 
Reflection longc  0.72  1.78 1.35  0.01  10.4  − 0.7 

aLatent variables. 
b Root mean square error of prediction 
c Refer to wavelength regions used from the MicroNIR system. Full: 908–1676 

nm, short: 908 nm, long: 1100–1676 nm. 
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rapid determination of TSS in strawberries. The method was tested in 
field with promising results. The results suggest that interaction mea
surements of average TSS are more robust and would most likely require 
less calibration maintenance compared to diffuse reflection 
measurements. 
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