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Abstract: In this study, a portable desktop analyzer for determination of fat content in milk is in-

troduced. A prototype of the sensor consists of three light emitting diodes (red, green, and blue) as 

a light source. The transmitted light is detected by a photoresistor and continuous voltage meas-

urements provided by the microcontroller, is recorded by a computer. The resulting univariate and 

multivariate models show that the developed analytical device is capable to determinate fat content 

in raw and homogenized milk with sufficient accuracy. 
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1. Introduction 

The quality of milk is determined by the quantitative content of its nutrients. The 

amount of fat in milk is an indicator of various cow diseases, such as ketosis [1] or aci-

dosis [2]. Therefore, the fat content must be monitored carefully during milk collection 

and throughout all stages of dairy production. 

There are various methods for determining the fat content in milk. Chemical meth-

ods are commonly applied, e.g. the Gerber method [3] and the Röse-Gottlieb method [4]. 

Optical spectroscopy in the mid infrared region [5] has gained popularity among the in-

strumental methods of milk analysis. However, despite their high analytical accuracy, 

these methods are complex, labor-intensive, and expensive. The development of new 

simple and inexpensive analyzers for fast and accurate analysis is an urgent task in the 

dairy industry. 

Visible and short-wave near infrared (Vis/SW-NIR) region is the most promising for 

the milk analysis [6–9], because it is possible to create easy-to-use and cost-effective de-

vices, functioning in this spectral region and, consisting of light emitting diodes (LED), 

optical fibers, 3D-printed parts, and photodetectors [10–14]. The possibility of using 400–

1100 nm region for the determination of fat and protein content has been shown in our 

previous work [9].  

In the present study, a novel RGB sensor composed of three LEDs, photoresistor, 

and the Arduino Nano microcontroller was developed to quantify fat in milk [15]. The 

proposed prototype was applied for analysis of homogenized and raw milk. A linear 

regression model, projection on latent structures (PLS) and multiple linear regression 

(MLR), were tested and compared to assess the sensor performance. This simplified 

technology has shown an acceptable determination accuracy of fat content in milk and 

can be further used by small dairy farms for milk quality control. 

2. Materials and Methods  

The developed LED sensor consists of several modules and operates in an automatic 
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mode provided by the Arduino Nano microcontroller. Red (R), green (G), and blue (B) 

LEDs are used as a light source. A photoresistor registers the signal from the optical 

sensor. The initial analytical signal is the voltage drop generated at the photoresistor 

output. The data is then transferred to a computer using the serial port of the microcon-

troller via a USB cable for the further signal processing.  

Two calibration sets of milk samples were prepared to test the capability of the de-

veloped analyzer to determine the fat content in milk. The first one was prepared by the 

mixing two packages of normalized cow’s milk with different fat content, bought from a 

supermarket. The full dataset consists of 10 samples with varying fat content from 1.5 to 

3.2% with 0.19% step. The second set consisted of twenty-nine raw milk obtained from 

the Samara Oblast Agro-Industrial Complex Support Center (Samara, Russia). The fat 

content in these samples ranged from 3.1 to 6.01%. A tablet of Broad Spectrum Microtabs 

II preservative was added to the milk samples to prevent spoilage, giving the samples a 

pink color. Reference analysis of fat content in raw milk was performed on a Com-

biFossTM7 (FOSS Electric, Denmark). 

The sensor prototype works as follows. A milk sample with a volume of 3 mL is 

placed in a glass cuvette with an optical path of 10 mm. The cuvette is inserted into the 

slot, covered with a lid from above and the examined sample is alternately illuminated 

with three LEDs. A USB-cable is used to connect the sensor to a computer and a serial 

port monitor is displayed. The detected data is digitized, filtered by averaging and tab-

ulated to the port every 100 ms. The power of the light passing through the cuvette with 

the sample is proportional to the value of the output data. The detected signals reflect 

alternating pulses of LEDs irradiation at different wavelengths with the emission maxi-

ma of 631 nm for the red, 531 nm for the green, and 466 nm for the blue channels. 

To test reproducibility of the measurement, a new portion of milk from each sample 

was taken and measured three times. Each measurement took about 10 seconds, because 

the developed analyzer produces the readings continuously, and thus, 10 measurements 

were taken and averaged. Next, three measurements were also averaged. Therefore, one 

sample is represented by one measurement in the regression models. 

To relate the analytical signal response of LED sensor to the fat content, the calibra-

tion models were trained using a linear regression for individual sensor channels, partial 

least-squares (PLS) regression [16] and multiple linear regression (MLR) [17] for combi-

nation of three channels. The performance of PLS and MLR models was estimated by 

leave-one-out cross-validation (CV). Root mean-square error (RMSE) of calibration 

(RMSEC) and cross-validation (RMSECV) as well as the coefficients of determination (R2) 

were used to compare the model performances. 

3. Results 

In accordance with the proposed experimental setup (Figure 1), the light from three 

LEDs alternately illuminates the milk sample and the transmitted light is registered with 

a single photometric detector. The voltage from the detector is then read using the mi-

crocontroller and transmitted to the computer.  
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Figure 1. Block diagram of the RGB sensor prototype, where (1) designates the emitted light; (2) – 

transmitted light. 

The responses of the RGB LED sensor for the homogenized milk dataset are shown 

in Figure 2. It can be seen that the samples in Figure 2 lie presumably in the order of in-

creasing fat content for all three channels, although the distribution is more uniform for 

the red channel. 

 

Figure 2. The channel responses of LED sensor for dataset of homogenized milk, colored in rain-

bow gradient defending on fat content (there is a legend of colors on the right side of the plot). 

Firstly, the univariate regression models were built to find the relationship between 

the response of each channel and fat content. The linear regression equation relating the 

sensor response and the fat content for the red channel is y = 522.87x+10938 with R2 = 0.98, 

for the green channel is y = 489.6x+13556 with R2 = 0.94 and for the blue channel is y = 

286.62x+16756 with R2 = 0.71. Thus, the red channel is the most sensitive to milk fat con-

tent, the green channel performs slightly worse result and the blue channel is the least 

informative.   

The next step of the study was to use multivariate regression methods, such as PLS 

and MLR, to relate the response for all three channels to fat content. The difference of size 

distribution of colloidal milk particles, especially fat globules, influences the spectra, as it 

was shown in our previous work [9]. The combination of different wavelengths provides 

to the effect and allows taking this effect into account and obtaining adequate models. 

The combination of the three channels leads to significantly improvement of PLS predic-

tion accuracy compared to univariate models: RMSECV is 0.08% with R2 = 0.98 (Figure 

3A). The validation statistics of MLR (RMSECV = 0.10% and R2 = 0.97) is very similar to 

PLS regression and, thus, the algorithm can also be successfully used to analyze OMS 

data that confirms our previous statements [18].  
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Figure 3. PLS-predicted versus reference plot for fat content in: (A) homogenized milk samples and 

(B) raw milk samples. Red (A) and blue circles (B) indicate cross-validation results. 

A calibration set of raw milk samples was measured using the developed RGB sen-

sor, and four evident outliers were removed from 29 milk samples at the preliminary 

modelling stage. The PLS statistics (Figure 3B) for three sensor channels is also better (R2 

CV = 0.72, RMSECV= 0.37), as in the case of homogenized milk, than individual sensor 

channel results. The worse PLS statistics of raw milk could be related to the large varia-

tion in fat globule size in natural raw milk, which increases the wavelength dependence 

of light scattering [9]. The presence of a preservative that gave the samples a pink color 

presented an additional complexity. Besides, the content of other milk components such 

as protein and lactose also varied. At this high level of complexity, a much larger number 

of samples are required to train a calibration model, but building a global model was not 

the goal of the present study. 

4. Conclusions 

The portable desktop analyzer for determination of fat content in milk has been 

developed using cost-effective components: LEDs, a photoresistor, an Arduino Nano 

microcontroller and a few other easily available components. Homogenized and raw 

milk sample sets were used to test the performance of the developed sensor within the 

task of fat content determination. The univariate models relating the response of each 

channel and fat content showed that the red channel was the most informative. The 

combination of the three channels gives a significantly better PLS statistics. MLR can also 

be successfully used to analyze multisensor data, when the number of samples is smaller 

than the number of variables (wavelengths). 

The prototype was deliberately constructed for the most practicable visible light re-

gion. The RGB analysis can be based using any digital camera images [19] even 

smartphone-based. Further improvements of the sensor prototype include optimization 

of the number and central wavelengths of LED light sources and expansion of the spec-

tral region towards the NIR and mid infrared range.  
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