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Abstract

The melting profile of solid fat content (SFC) is a parameter of primary importance for the
food industry since it affects many important product characteristics such as stability, physical
appearance, spreadability, and sensation in the mouth. Reference techniques to measure SFC
in fats and oils include pulsed nuclear magnetic resonance (pNMR) and differential scanning
calorimetry (DSC), which are reliable and accurate, but require expensive instrumentation and
trained personnel. Herein, the accuracy of a recently proposed optical technique to measure
SFC was investigated in terms of peak wavelength of incident radiation. A sensor system
featuring an array of seven LEDs with peak wavelength in the visible and NIR range was
built, and the results compared with data from DSC. All the wavelengths investigated had

high accuracy in SFC estimation, especially at 590 nm (yellow) and 880 nm (NIR).



Practical applications

Quick and easy determination of solid fat content in fats and oils by a simple experimental
setup. The technique is based on optical attenuation measurements during a thermal cycle.
The technique can be implemented in a measurement instrument for in-situ analysis of solid

fat content.

Keywords: solid fat content, optical sensor, food analysis, phase transition, embedded

systems.

1. Introduction

The solid fat content (SFC) of fats and oils is an important parameter for many properties of
food products including physical appearance, organoleptic and rheological properties,
spreadability, and plasticity [1]. In particular, the melting profile (i.e. SFC variation with
temperature) is very important since many of the characteristics of the product are affected by
this parameter and specific requirements must be met [2]. For example, SFC values in the
range from 4 to 10 °C determine the ease of spreading at refrigeration temperature, values
from 20 to 22 °C determine the product’s stability and resistance to oil exudation at room
temperature, and values from 33 to 38 °C influence how the product feels in the mouth
induced by the fat [1].

The official method according to ISO standard for determination of SFC is pulsed nuclear
magnetic resonance (pPNMR) [3], which is widely used in the food industry [4]. However,
PNMR requires expensive instrumentation, and measurements by this method must be
performed at fixed temperatures. Differential scanning calorimetry (DSC) is an alternative
technique that can provide a melting profile of the product that is easy to perform and

generally provides reproducible results [5, 6]. Other techniques have also been proposed for



determination of SFC, such as Fourier transform near-infrared (FT-NIR) spectroscopy [7] and
ultrasonic velocimetry [8].

The techniques used for the determination of SFC are reliable, but must be implemented in a
laboratory environment and require trained personnel. Thus, in the case of small and medium
food industries, which cannot afford an internal laboratory for quality control, the only choice
is to rely on an external laboratory. This leads to higher costs for analysis, and may cause a
non-negligible delay between delivery of samples and results of the analysis.

On the other hand, portable embedded sensor systems based on microcontrollers, field
programmable gate arrays (FPGAS) or modern smartphones, are very attractive since they can
carry out in-situ measurements using less expensive electronics, thus providing near real-time
results at very low cost, making this technique rapid and affordable for small food industries.
Some examples of sensors and sensor systems recently proposed in the literature for food
analysis include evaluation of the microbial content in raw milk [9]; real-time detection of
bovine milk adulteration [10]; estimation of fish freshness using impedance sensors [11];
characterization and control of ice cream properties with electrical impedance [12, 13];
detection of freshness of chicken meat [14]; assessment of lycopene content in tomatoes [15];
detection of bacterial contamination in meat [16]; quality analysis of olive oil [17, 18, 19];
rapid non-destructive testing of fruit firmness [20]; low-cost analysis of edible oil oxidation
using electrical conductivity measurements [21]; handheld near-infrared spectroscopy
analysis for characterization of extra virgin olive oil [22].

A technigue to estimate SFC in fats and oils, based on single wavelength (near-infrared)
optical measurements during a thermal cycle, has been previously developed [23]. The
proposed method is simple and accurate, and can be easily used as a low-cost electronic
embedded system for in-situ measurements of SFC. Herein, we investigated the effects of
LED wavelength on the accuracy of the estimated SFC. Towards this end, an optical sensor

system featuring an array of seven LEDs and a photodiode was used to make optical



attenuation measurements at different wavelengths (in the visible and near-infrared region)
during a thermal cycle (heating and cooling). Several wavelengths were investigated to

provide the most accurate estimation of SFC.

2. Experimental Approach

The overall aim was to develop an embedded sensor system for in-situ SFC measurements of
fats and oils in an industrial setting. Accordingly, it was important to design the system using
low-cost electronics and, at the same time, to guarantee high accuracy compared with the
reference technique. Previous studies have examined the SFC of food products using visible
and NIR spectroscopy [24][25]. These techniques estimate SFC from a broad visible/NIR
optical spectrum using a commercial spectrometer and chemometric analysis. However, a
commercial spectrometer is an expensive instrument that performs measurements at a single
temperature. Thus, we developed a simple, low-cost sensor that integrates seven LEDs and
measures optical attenuation at seven discrete wavelengths in the UV/visible/NIR region. The
seven LEDs cover the wavelength range 395-880 nm, since in this region low-cost solutions
are available for integrated electronics (LEDs, photodiode) and sample containers. Optical
attenuation measurements were carried out using the ad-hoc multi-wavelength optical sensor
placed in a thermal chamber (Binder APT KB 53). Tests were carried out on a set of 16 fats
and oils, which included cocoa butter, shea butter, hydrogenated soybean oil, and refined and
fractionated coconut oils, as well as various blends (Table 1). In the present investigations,
measurements were made by placing the sensor in a thermal chamber, and the measured data
(optical and temperature) were transferred from the microcontroller to a computer for analysis
and calculation of SFC. The system has the potential to be completely autonomous where the
thermal cycle is implemented with an ad-hoc designed thermal chamber based on Peltier cells
(controlled by an additional electronic board), with all data analyses carried out by the

microcontroller. This allows for the development of a completely portable sensor system that,



in contrast to reference techniques for measurement of SFC (pPNMR and DSC), can perform
measurements in-the-field.

Optical data were used to estimate the SFC and the accuracy was compared with that obtained
by DSC. DSC measurements were carried out using a DSC Q20 (TA Instruments, USA) as
described by Lopez et al. in 2006 [26].

2.1 Sensor System

The ad-hoc built sensor system used is shown in Fig. 1. It was designed using the software
Solid Edge v17 and built with a 3D printer (MakerBot Replicator Z18). The system is
composed of a drawer with a glass slide (75 mm x 25 mm) featuring a spherically polished
cavity (diameter 13 mm, depth 0.3 mm). The sample under test (SUT) is hosted in this cavity
during measurements. At the bottom of the system, an array of seven LEDs with different
wavelengths is present: 395 nm (UV), 468 nm (blue), 523 nm (green), 590 nm (yellow), 610
nm (amber), 630 nm (red), and 880 nm (infrared). On the top of the system, a photodiode
(BPW20RF by Vishay) with wavelength sensitivity between 380 nm and 1000 nm is present
that collects the radiation generated by the LEDs and transmits it through the SUT.

The schematics of the electronic board used to control the LEDs and measure the photodiode
current are also shown in Fig. 1. This board is based on the microcontroller STM32L152RE
from ST Microelectronics and transfers data to a laptop PC using serial communication via
LabVIEW programs (National Instruments, USA). The seven LEDs are driven by the
integrated circuit TLC5916 (Texas Instruments, USA), a constant current LED driver capable
to support a maximum of eight LEDs, and controlled by a microcontroller using the Serial
Peripheral Interface (SPI) port. The photodiode collects the incident radiation and generates a
current (lpHoTto) that is converted to a voltage Vour by a current to voltage (1/V) converter
(with a feedback resistance of 56 kQ), followed by a non-inverting amplifier. The output

voltage Vour can be calculated as:
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where Ra = 56 kQ, Rg = 1 kQ, while Rr is the resistance of the programmable digital
potentiometer MCP4131 (127 steps in the range 0 — 10 kQ) that is controlled by the
microcontroller SPI port. The voltage Vour is acquired with the 12-bits ADC of the
microcontroller.

A negative temperature coefficient (NTC) temperature sensor (B57045K by TDK), placed
near the SUT, is used to measure the SUT temperature. The temperature sensor is used in a
voltage divider, as shown in Fig. 1. The corresponding voltage Vteme is acquired by the
microcontroller ADC and the temperature is calculated by the microcontroller.

2.2 Measurement Technique

The SUT in the sensor system can be hosted, from an optical point of view, as shown in Fig.
2a. The radiation generated by the LED (lin) travels through the sample (composed of a solid
and a liquid phase) and is attenuated by absorption and scattering, as well as by the reflections
at different interfaces. With reference to Fig. 2 (a), d1 and d, these refer to the thickness of the
solid and liquid phase and as and ay are the attenuation coefficients for the solid and liquid
phase; 1o, 11, and T2 are the transmission coefficients for the glass/solid phase interface,
solid/liquid phase interface, and liquid/air interface, respectively. The output radiation (lout)

can be expressed as a function of the input radiation (Iin) with the equation:
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The sensor system was placed in a thermal chamber (Binder APT KB 53) and subjected to the
thermal cycle shown in Fig. 2b: the temperature first was set to TricH (75 °C) for 60 minutes;
next, a cooling cycle was carried out by changing the temperature from ThigH t0 TLow (=15
°C) at —0.5 °C/min; TLow was then maintained for 10 minutes; finally, a heating cycle was

carried out by changing the temperature from Trow t0 Thicn at 0.5 °C/min. The logarithm of



the acquired voltage Vour, normalized between 0 and 100, (hereafter referred to as the output
value) was saved for both the cooling and heating cycles for all samples at the seven
wavelengths investigated.

The sample SFC vs temperature curve was estimated using the measured optical data with the
algorithm presented in [23].

1) For each wavelength and sample, two parameters were extracted from the optical
thermogram. As presented in Fig. 3 in the case of the infrared LED and sample 8 in Table 1,
the temperatures resulting in 90% of the total variation of the output value during the cooling
(Toow,cooLing) and heating cycles (ToowHeATING). The calculated values of the parameters
Toow,cooLing and Toeow HeATING are shown in Table 2 for all samples and wavelengths.

2) The temperatures at which SFC determined by DSC is 10% (T10%,0sc) and 90% (Tgo%,psc)

were estimated by a linear model defined by the following equations:
T90%,DSC = ﬁl + ﬂZ 'TQO%,COOLING + ﬂ3 'TQO%,HEATING ! (3)

Tiowosc = B+ Fs * Teowcooune + Fs * Taoss Heanne » (4)

The parameters PB1, B2, B3, Psa, Bs, and Pe were estimated by carrying out a multiple linear
regression analysis on the set of 16 samples where Tgo%,psc and Tio%,psc are the independent
variables extracted from the DSC thermogram, while Tgow cooLing and Toow HeaTING are the
dependent variables extracted from the optical thermogram and reported in Table 2. Multiple
regression analysis was carried out for each wavelength investigated. The model parameters
are presented in Table 3.

3) The thermogram (SFC vs temperature) was estimated by using a sigmoidal model
(Ratkowsky model) defined as:

100
SFC = v ®)

where T is expressed in Kelvin and the empirical parameters (b and c¢) were determined by the

estimated values of Tao% bsc and Tiow,bsc USing the equations:
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2.3. Statistical Analysis
The performance of the method was estimated by using the indicator of mean square error
(MSE), which gives information on the mean quadratic discrepancy between the target values

and the predicted ones. MSE can be defined by the following equation:

MSE:%-i(Yi—Xi)Z, (8)

i=1
where N = 16 is the number of samples, and Yi and X are the temperatures corresponding to a
particular value of SFC determined by the estimated SFC thermogram and DSC data,

respectively. Low values of MSE result in better accuracy for the estimated SFC.

3. Results and discussion

A typical thermogram curve (SFC vs temperature) obtained by DSC is shown in Fig. 4a, while
the measured output value vs temperatures is presented, for all wavelengths investigated, in
Fig. 4b for the cooling cycle and in Fig. 4c for the heating cycle. In all three cases, sample 8
in Table 1 is presented as an example. The thermograms for the other samples had a similar
curve with different temperature ranges (Table 2). As can be seen, all wavelengths result in
similar curves with the yellow (590 nm) and NIR (880 nm) LEDs producing higher output
values during the melting/solidification of the sample.

SFC estimation using the different LEDs was evaluated by determining the SFC thermogram
for each sample using the technique described in Section 2, i.e. equations 5, 6, and 7, and then
comparing the estimated temperatures at which SFC is 80%, 60%, 40%, and 20%, in
agreement with Grossi et al., 2020 [23], using the proposed optical approach and DSC. All the

wavelengths investigated resulted in high accuracy for the estimated SFC. The accuracy was



evaluated by calculating the MSE, in agreement with Goverin et al. (2009) who assessed the
potentiality of Raman spectroscopy to predict the SFC of an anhydrous milk fat; Mehrban et
al. (2017) compared the performances of different genomic selection methods using this
parameter and Florent-Felizaz et al. (2021) used MSE to estimate the capacity of image
analysis of conventional magnetic resonance to predict the results obtained from quantitative
MRI [27, 28, 29].

Values of MSE were calculated for SFC at 80%, 60%, 40%, and 20% for all investigated
wavelengths (Fig. 5), and the results for all wavelengths were highly accurate. However, the
NIR LED (880 nm) produced the best results for SFC 80% and 20%, while the yellow LED
(590 nm) had slightly better accuracy than the NIR LED for SFC 60% and 40%,
demonstrating a greater capacity to predict SFC in a wider range of temperatures than those
with NMR. The results showed high correlations between selected NIR wavelengths and DSC
measurements at both low and high temperatures [30,31,32]. Moreover, as reported by several
authors, the high predictive ability obtained in our study at both low and high temperatures
compared to studies with NMR, even in comparison with those using NIR, can be probably
attributed to the discrepancy between NMR and DSC. The reported differences in SFC
between the NMR and DSC can likely be attributed to the fact that DSC is based on melting
energy, which is the not the same as actual melted mass, since the consumed energy per unit
of melted mass tends to increase with the increase in melting temperature of each fraction of
the fat. In this regard, corrections have been proposed to estimate the melted mass from
melting energy, which provides results that are much closer to those obtained with NMR [5].
DSC is a dynamic technique in which SFC values are obtained by measuring the melting
enthalpies of fats that characterizes the entire melting process, while NMR is a static analysis
based on the evaluation of the relative amount of protons present in triglycerides. As
described in the literature, the variation in heat of fusion is normally greater than the

corresponding variation in the amount of protons, and for this reason the latter method can



give rise to low and underestimated values, especially at lower temperatures [30, 31, 33, 34,
35, 36].

Fig. 6 shows the scatter plots for the temperature estimated from optical and DSC data for
SFC = 80% (a), 60% (b), 40% (c), and 20% (d) with the NIR LED. As can be seen, there is
high correlation between estimated values and data from DSC with a coefficient of
determination R? that is not lower than 0.89. Results for all the wavelengths investigated are
presented in Table 4, which confirm the results with the NIR wavelength (880 nm); better
results are seen for SFC values of 80% and 20%, while the yellow wavelength (590 nm)
shows better results at SFC values of 60% and 40% (Fig. 5). This can be explained by
considering that the attenuation of light is function of the concentration of crystallized
material and that the level of attenuation is affected by the radiation wavelength. In particular,
the NIR wavelength provides significantly higher accuracy than any visible wavelength for
high values of SFC (80%). This can be explained by the fact that, for high values of SFC, the
sample becomes opaque and the NIR radiation is characterized by higher optical
transmittance than at visible wavelengths. The yellow wavelength (590 nm) provides higher
accuracy than the other visible wavelengths for low and average values of SFC (20% - 60%).
This can be related to the color of samples which is transparent when in a liquid state and
yellowish as crystallization takes place.

Repeatability tests were carried out to investigate the differences in the calculated
thermogram with multiple measurements on the same sample. A subset of four samples from
the full set presented in Table 1 was characterized, and for each sample five measurements
were carried out in sequence. After each measurement, the sample was removed from the
sensor and the glass slide was cleaned. The deviation in Tegw.cooLing and Toow HEATING WaS
measured for each sample and used to calculate the deviation in the estimated parameters
T1o0%,psc and Teow,psc. The average deviations for the subset of four samples AT10% psc and

ATeowpsc are presented in Table 5. All the wavelengths investigated were characterized by



high repeatability and maximum deviations that were never higher than 3.3 °C, while the
yellow LED (590 nm) and the NIR LED (880 nm) were characterized by deviations that were

not higher than 1.4 °C.

4. Conclusions

Measurement of SFC in fats and oils is of primary importance for the food industry since this
parameter affects several properties of the final product. Herein, the values of SFC estimated
using a recently proposed optical technique were compared with reference values obtained by
DSC on 16 fats and oils. The estimated accuracy was evaluated using an ad-hoc designed
sensor system featuring an array of seven LEDs with peak wavelengths in the visible and NIR
ranges that is capable of measuring optical attenuation during a thermal cycle. The estimated
accuracy was high for all wavelengths investigated, and the LEDs at peak wavelengths of 590
nm (yellow) and 880 nm (NIR) provided the best correlation with DSC data.

These results demonstrate the feasibility of accurate optical determination of SFC in oils and
fats using a limited number of wavelengths. Such measurements can be easily implemented
using a portable instrument with inexpensive electronics, which has benefits in terms of low
costs and short analysis time. The proposed technique can be a good alternative to reference
laboratory analysis (pPNMR and DSC), especially for small production centers that cannot
afford an internal laboratory for quality analysis. To compete with the reference technigues,
however, additional tests are needed on samples characterized by a wider range of SFC.
Future investigations will be carried out on a greater number of samples with the use of

machine learning algorithms to estimate SFC with higher accuracy.
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Table 1 Description of the vegetable oils and fats used in the experiments.

Sample number

Description of the vegetable oils and fats

©oo~Noo A WNE

Cocoa butter
Refined coconut oil
Fractionated coconut oil
Blends between fractionated coconut oil and refined
coconut oil (50-50, % w/w)
Coconut oil
Unknown blends of different fats
Refined coconut oil
Shea butter
Monofractionated palm oil
Hydrogenated palm oil
Refined palm oil
Palm kernel oil
Hydrogenated soybean oil
Blends between hydrogenated soybean oil and refined
coconut oil (25-75,% w/w)
Blends between hydrogenated soybean oil and refined
coconut oil (50-50,% w/w)
Blends between hydrogenated soybean oil and refined
coconut oil (75-25,% w/w)




Table 2 Values of Toow,cooLing (Taow,c) and TeoweHeATING (Too%,H) €xtracted from the optical

thermogram.

Sample A =395 nm A =468 nm A =523 nm A =590 nm A =610 nm A =630 nm 2 =880 nm

number  Toowc Tooswen Toosec ToowH  Toosec ToowH  Toowc  ToowH  Toowe  ToowH  Toowc  ToowH  Toowc — TaoseH
1 8.12 31.25 9.17 30.99 9.28 30.99 8.40 30.39 8.61 30.31 9.70 30.30 9.15 30.11
2 7.81 28.60 8.01 28.57 7.74 28.56 7.70 28.33 7.83 28.22 7.98 28.23 7.64 28.09
3 16.08 36.51 17.01 36.88 16.38 36.98 11.63 36.43 14.81 36.44 15.53 36.44 15.58 36.32
4 11.59 33.13 11.36 32.60 11.14 32.66 10.43 32.60 10.80 32.60 10.97 32.60 10.79 32.60
5 10.09 28.66 9.39 28.87 9.83 28.81 8.71 28.66 9.20 28.46 8.76 28.55 7.19 28.28
6 10.63 52.80 15.68 52.80 12.85 52.80 8.86 52.12 9.14 52.11 10.14 52.26 8.19 51.14
7 14.96 32.86 15.10 33.09 15.03 32.95 14.13 32.65 14.65 32.63 14.64 32.65 14.18 32.62
8 10.70 54.91 17.38 54.64 16.19 54.58 9.87 52.97 10.21 53.35 12.13 53.88 10.55 52.99
9 —4.34 31.05 -1.79 30.91 —2.54 30.77 —4.93 27.78 -5.15 26.80 —4.03 27.43 —4.17 25.61
10 18.15 57.93 26.35 57.95 24.37 57.94 17.53 58.02 15.16 58.18 16.62 58.11 19.39 58.19
11 —6.15 49.86 -2.02 49.75 -2.99 49.57 -5.97 48.69 —6.20 48.45 —4.78 48.53 —5.01 47.39
12 9.16 30.89 10.24 30.81 9.95 30.83 8.57 30.51 8.65 30.29 8.64 30.60 8.32 30.59
13 8.48 42.18 11.81 42.15 10.38 42.02 8.50 40.43 8.48 40.44 9.39 40.49 6.94 40.26
14 5.71 27.64 5.76 27.51 5.63 27.45 5.62 27.02 5.64 26.91 5.67 27.00 5.29 26.82
15 9.03 35.64 10.71 35.53 10.21 35.21 8.33 33.01 8.37 33.04 9.04 33.15 7.31 30.66
16 8.18 39.55 11.69 39.25 10.75 39.15 8.34 37.87 8.39 37.89 9.28 37.99 7.22 37.83




Table 3 Linear regression coefficients for the different wavelengths investigated

A (nm) B1 B2 Bs Ba Bs Bs
395 0.5159 1.6149 -6.858-107 2.4847 0.3572 0.7278
468 11.664 1.6300 -0.4636 49788 0.3578 0.6418
523 8.4734 1.6436 -0.3534 4.2825 0.3466 0.6710
590 0.2281 1.7231 -5.164-107? 3.2196 0.3196 0.7429
610 -2.0256 1.6641 0.0131 3.4936 0.2722 0.7459
630 -0.3745 1.7109 -7.291-107? 3.6105 0.2871 0.7317
880 1.8421 1.7403 -0.1083 4.2427 0.2456 0.7398




determination (R?) in the case of all wavelengths investigated.

Table 4 Regression line equation for the temperature estimated from optical and DSC data in

the case of SFC values of 80%, 60%, 40% and 20% and the corresponding coefficient of

A (nm) T @ SFC =80% (°C) T @ SFC =60% (°C) T @ SFC =40% (°C) T @ SFC =20% (°C)

395 Regression equation y =0.7676x + 3.0588 y =0.7022x + 4.7899 y =0.6891x + 6.538 y =0.8098x + 4.3885
R? 0.8703 0.9237 0.9067 0.9111

468 Regression equation y = 0.7531x + 3.3007 y =0.6914x + 5.0344 y = 0.6834x + 6.6885 y =0.8027x + 4.6094
R? 0.8663 0.9190 0.9066 0.9003

503 Regression equation y =0.7707x + 3.0077 y =0.6937x + 4.9826 y =0.6828x + 6.7036 y =0.8047x + 4.5473
R? 0.8883 0.9111 0.8969 0.9020

590 Regression equation y =0.7692x + 3.0333 y =0.7077x + 4.665 y =0.6989x + 6.2792 y =0.8336x + 3.6514
R? 0.8824 0.9327 0.9154 0.9407

610 Regression equation y = 0.7495x + 3.3604 y =0.6927x + 5.0042 y = 0.6842x + 6.6657 y =0.8243x + 3.9377
R? 0.8522 0.9108 0.8936 0.9327

630 Regression equation y =0.742x + 3.4857 y = 0.6845x + 5.1894 y =0.6782x + 6.8237 y =0.8193x + 4.0927
R? 0.8473 0.9011 0.8868 0.9258

880 Regression equation y =0.815x + 2.2705 y =0.7201x + 4.3852 y =0.7033x + 6.1659 y =0.8424x + 3.3797
R? 0.9256 0.9165 0.8951 0.9445




Table 5 Average deviation for the estimated parameters AT1o%,psc and ATgo%, psc for all the

wavelengths investigated

A (nm) ATgo%,psc (°C) AT10%,psc (°C)
395 3.214 1421
468 1.029 1.131
523 1.077 0.801
590 1.319 0.854
610 2.984 1.156
630 2.191 1.095

880 1.398 0.917




