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Abstract 7 

A novel sensor system for food authentication is presented, which is based on computer vision and pattern 8 

recognition. The sensor system uses a smartphone to generate a sequence of light with varying colours to 9 

illuminate a food sample, and uses the smartphone camera to receive reflected light by way of recording a 10 

video. The video is processed using computer vision techniques and transformed into sensor data in the form 11 

of a data vector. The sensor data is analysed using pattern recognition techniques. The locally weighted partial 12 

least squares regression method is extended for classification to improve the modelling effectiveness and 13 

robustness. The sensor system is evaluated on the task of authentication of olive oil and milk – to verify how 14 

they are labelled. Large quantities of olive oil and milk were purchased from supermarkets, and sensor videos 15 

were created using the sensor system. Test accuracies of 96.2% and 100% were achieved for olive oil and 16 

milk authentication respectively. These results suggest the proposed sensor system is effective. Since the 17 

sensor system is built in a smartphone, it has the potential to serve as a low-cost and effective solution for 18 

food authentication and to empower consumers in food fraud detection. 19 

Keywords: Food authentication, Smartphone based spectrometric sensor, Partial least squares 20 

1. Introduction 21 

Food frauds, including food adulteration and fraudulent labelling, are problems that have significant 22 

impact on individuals, businesses and society -- public health risk, loss of business, and reduced consumer 23 

confidence in brands. Food authentication, a process to verify authenticity of food products (i.e. compliance 24 
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with their label information), can be used to fight against food fraud. In order for it to be effective, food 25 

authentication should be implemented across the whole supply chain, including the end users. 26 

Existing methods for food authentication are based on analytical techniques such as mass spectrometry, 27 

chromatography, spectroscopy, molecular techniques, immunology, wet chemistry, microscopy, sensor-28 

based technologies. These methods are generally expensive, subjective and inconsistent [1]. Laboratory-29 

based methods, such as wet chemistry and chromatography, can provide more robust and accurate analysis 30 

through chemical reaction and physical separation occurred in gas or liquid phase. However, these methods 31 

are usually time-consuming, require complex sample preparation and technical knowledge [2], which are 32 

therefore unsuitable for on-site monitoring of food quality. 33 

As a low-cost and efficient method for food authentication and quality assessment, computer vision 34 

system (CVS) has been found to be increasingly useful in food authentication tasks, such as content 35 

estimation [3,4], freshness assessment [5] and defect detection [6,7]. It aims to replace human visual system 36 

in food authentication by soft sensor and automatically gain high-level understanding of food authenticity 37 

through the acquisition, processing and analysis of digital images. CVS captures food images using common 38 

instrumentations such as digital camera and webcam under controlled illumination [8]. In order to enhance 39 

the usefulness of information about food external properties such as colour, size and shape, a series of image 40 

processing techniques are typically used to remove background, select region of interest (ROI) and extract 41 

image features. Then pattern recognition techniques are used to determine the relationship between image 42 

data and qualitative/quantitative information about food authenticity, which enables prediction for new food 43 

samples. 44 

CVS is preferable than traditional methods like gas chromatography−mass spectrometry (GC-MS) 45 

because of its ability to perform fast, low-cost and non-destructive analysis without sample pre-treatment [8]. 46 

However, current CVS remains less practical for consumers to assess food safety and quality due to sampling 47 

and instrumental limitations [9]. On one hand, CVS requires properly designed illumination and careful 48 

setting of camera to improve the precision of analysis and decrease analysis time. High-quality images are 49 

obtained under controlled and consistent conditions by isolating samples from external light and controlling 50 
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light intensity via compartment [10,11]. Classification/regression models based on such image data may not 51 

have robust predictions for new data collected under different conditions, as the change of illumination, 52 

environment and camera setting can cause variations in colour measurement [9,12]. On the other hand, 53 

conventional CVS needs external camera and computer software to acquire and process image respectively. 54 

Such instrumental limitation prevents data from being obtained and analysed instantaneously [13]. In recent 55 

studies, mobile devices such as smartphone become a feasible alternative to external camera which has been 56 

adopted in oil adulteration detection [14], fruit and meat quality assessment [13,15]. Consumers can 57 

potentially perform real-time food authentication and quality assessment with smartphone by uploading 58 

recorded photo to servers and obtaining on-line result, or taking photo to be further processed and analysis 59 

by app.  60 

CVS measures the colours of pixels in ROI and generates a distribution map of colour as a means of 61 

extracting the two-dimensional spatial information [9]. For example, the percentage of intramuscular fat in 62 

meat samples can be predicted by counting the number of fat tissue pixels in segmented image [16,17]. 63 

However, many liquid food products do not to provide CVS with enough spatial information in visible 64 

wavelength range (~380−700 nm). The determination of food composition such as milk fat and protein 65 

content usually relies on the analysis of spectral information that conventional CVS cannot obtain [18,19]. 66 

Hyperspectral imaging (HSI) system is frequently used to study spatial distribution as well as spectral 67 

characteristics of food products in the Vis-NIR (400−1000 nm) and NIR (1000−1700 nm) range [20]. 68 

However, HSI requires a long time for hypercube data acquisition and processing which is not suitable for 69 

real-time analysis compared to CVS [21]. If CVS can effectively obtain spectral information from food 70 

samples, it can be expected that such information will help CVS improve its performance on food 71 

authentication tasks and broaden its application domains.  72 

In this paper we present a study of a novel sensor system as a means for real-time food authentication. 73 

This sensor system uses smartphone videos, image processing and pattern recognition. This sensor system 74 

not only inherits the ability of CVS to capture spatial information of sample, it also acquires visible spectral 75 

information of sample by video recording under coloured illuminations. We extract spectral information from 76 
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sample videos via image processing techniques and construct classification models using support vector 77 

machine (SVM), random forest (RF) and partial least squares discriminant analysis (PLS-DA). As the sensor 78 

system relies on smartphone for sampling, illumination and environmental change can influence the 79 

measurement of colour information, resulting in performance degradation of classification methods. To 80 

handle this problem effectively, locally weighted PLS (LW-PLS) [22] is extended for classification purpose 81 

and process video data obtained in variable conditions. We conduct experiments on commercialized olive oil 82 

and milk to respectively detect oil adulteration and verify milk fat content. The experimental results show 83 

that the low-cost sensor system is an effective and promising approach for real-time food authentication and 84 

quality assessment. 85 

2. Methods and theories 86 

2.1. Quality assessment of food products 87 

There has been an ongoing trend of exploring CVS as well as other efficient and non-destructive 88 

techniques for quality assessment of food products. One popular research area is to detect cheap oils 89 

adulteration in higher-priced ones. CVS has been recently adapted for the verification of extra virgin olive 90 

oil with soybean oil adulteration, reaching correct classification rate of 94% in identifying adulterant at a 91 

least level of 0.5% [11]. The distinguish between adulterated and unadulterated samples from the CVS point 92 

of view basically relies on the colour level difference. Other techniques such as NIR, FTIR and Raman 93 

spectroscopy coupled with chemometrics modelling are frequently applied in the detection of olive oil 94 

adulteration [23]. For example, FTIR spectroscopy together with PLS model was able to predict the 95 

concentration of sunflower and soybean oil adulterants in 1−24% range [24]. Spectroscopy techniques can 96 

interpret the intrinsic difference between adulterated and unadulterated oil by analysing spectral regions 97 

corresponding to lipids or components [25].  98 

Another popular research area is how to determine fat and total protein contents in milk. Vis and short-99 

wave (SW)-NIR spectroscopy coupled with PLS-based variable selection methods can effectively identify 100 

the optimal wavelength intervals in 400−1100 nm and provide accurate predictions which are suitable for in-101 
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line and field applications [18,26,27]. Digital imaging based on the phenomenon of light scatter has been 102 

proved applicable in quantitative determination of fat and total protein contents [12], however, it yields lower 103 

results than Vis/SW-NIR spectroscopic analysis [27]. CVS demonstrates effectiveness in colour 104 

measurement of flavoured milk and skim milk powder [28]. However, its application for the dairy 105 

authentication purpose has yet to be extensively studied.  106 

2.2. Locally weighted PLS Classification (LW-PLSC) 107 

LW-PLS is a variant of PLS which constructs a local regression model based on the similarity between 108 

a given query and training samples [22]. The contribution of neighbouring samples for the query is enlarged, 109 

while the influence of remote samples is lessened. The nth sample (n = 1, 2, …, N) of input and output 110 

variables is expressed as 111 

 x𝑛 = [𝑥𝑛1, 𝑥𝑛2, … , 𝑥𝑛𝑀]T (1) 

 y𝑛 = [𝑦𝑛1, 𝑦𝑛2, … , 𝑦𝑛𝐿]T (2) 

where M and L denote the number of input and output variables, respectively. Let X ∈ ℜN × M and Y ∈ ℜN × L 112 

be the input and output variable matrices whose nth row are x𝑛
T and y𝑛

T. To predict the output of a given query 113 

xq, the similarity ωn between xq and xn is calculated, and then a local PLS model is built by weighting samples 114 

with a similarity matrix Ω ∈ ℜN × N defined by 115 

 Ω = diag (ω1, ω2, …, ωN) (3) 

where diag (∙) represents a diagonal matrix and ωn is defined based on the Euclidean distance as follows: 116 

 𝜔𝑛 = exp (−
𝜑𝑑𝑛

𝜎𝑑

) (4) 

 𝑑𝑛 = √(x𝑛 − x𝑞)
T

(x𝑛 − x𝑞)   (5) 
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where φ is a localization parameter and σd is a standard deviation of {dn}. The predicted output ŷq is calculated 117 

through the following procedure.  118 

a. Set K to the required number of latent variables, and initialize k = 1. 119 

b. Calculate the similarity matrix Ω according to Eqs. (3)−(5). 120 

c. Calculate Xk, Yk, and xq,k  121 

 X𝑘 = X − 1𝑁[�̅�1, �̅�2, … , �̅�𝑀] (6) 

 Y𝑘 = Y − 1𝑁[�̅�1, �̅�2, … , �̅�𝐿] (7) 

 x𝑞,𝑘 = x𝑞 − [�̅�1, �̅�2, … , �̅�𝑀]T (8) 

 �̅�𝑚 =
∑ 𝜔𝑛𝑥𝑛𝑚

𝑁
𝑛=1

∑ 𝜔𝑛
𝑁
𝑛=1

 (9) 

 �̅�𝑙 =
∑ 𝜔𝑛𝑦𝑛𝑙

𝑁
𝑛=1

∑ 𝜔𝑛
𝑁
𝑛=1

 (10) 

where 1N ∈ ℜN is a vector of ones. 122 

d. Derive the kth latent variable of X. 123 

 tk = Xk wk (11) 

where wk is the eigenvector of X𝑘
T𝛺Y𝑘Y𝑘

T𝛺X𝑘, which corresponds to the maximum eigenvalue. 124 

e. Derive the kth loading vector of X and the kth regression coefficient vector. 125 

 p𝑘 =
X𝑘

T𝛺t𝑘

t𝑘
T𝛺t𝑘

 (12) 

 
q𝑘 =

Y𝑘
T𝛺t𝑘

t𝑘
T𝛺t𝑘

 
(13) 

f. Derive the kth latent variable of xq. 126 
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 𝑡𝑞,𝑘 = x𝑞,𝑘
T w𝑘 (14) 

g. If k = K, finish the output estimate 127 

 ŷ𝑞 = [�̅�1, �̅�2, … , �̅�𝐿]T + ∑ 𝑡𝑞,𝑘𝑞𝑘
𝐾
𝑘=1   (15) 

Otherwise, set  128 

 X𝑘+1 = X𝑘 − t𝑘p𝑘
T (16) 

 Y𝑘+1 = X𝑘 − t𝑘q𝑘
T  (17) 

 𝑥𝑞,𝑘+1 = 𝑥𝑞,𝑘 − 𝑡𝑞,𝑘p𝑘 (18) 

h. Set k = k + 1 and go to step d.  129 

LW-PLS effectively reduces the degree of nonlinearity and outperforms the conventional PLS in 130 

developing soft-sensors [29,30]. In this work, we extend LW-PLS regression for classification purpose by 131 

transforming the categorical vector into output matrix Y via dummy coding. The Y matrix is initialized as a 132 

zero matrix which contains as many rows and columns as the number of samples N and classes L, respectively. 133 

If a sample xi belongs to the lth class, the lth element in corresponding dummy vector yi is equals to 1 [31]. 134 

3. Proposed sensor system 135 

The proposed sensor system was to extract visible spectral information of food samples from smartphone 136 

videos and perform data analysis, which consists of three main components as follows: 137 

• A smartphone equipped with an Android app Camera2Video. Samsung Galaxy S6 was used in this 138 

study which came with a 5.1-inch touchscreen display with resolution of 1440 × 2560 pixels.  139 

• Front-facing camera. The front camera was 5-megapixels with a wide F1.9 aperture. 140 

• A laptop computer equipped with MATLAB® 7.14.0 (MathWorks, USA). Programs written in 141 

MATLAB was used to process smartphone videos and analyse data. 142 
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The framework of the sensor system used in food authentication is shown in Fig. 1. Food videos were 143 

recorded by smartphone under gradient coloured illumination and extracted as ROI images. Then the ROI 144 

images were converted into data matrix for modelling and classification. The following subsections detail 145 

the use of smartphone videos and pattern recognition approaches for food authentication purpose.  146 

 147 

Fig. 1. Schematic description of the sensor system for food authentication. 148 

3.1. Video acquisition  149 

In video acquisition process, the Camera2Video app generated a series of spectral colours on mobile 150 

screen to illuminate samples and employed front camera to record videos which contains visible spectral 151 

information. Fig. 2a shows the user interface of setting screen brightness, video duration and colour sequence 152 

in Camera2Video app. In this work, the video duration was set to 5 seconds and the colour sequence was set 153 

from purple to red according to the wavelengths of visible spectrum (see the bottom of Fig. 2). The front 154 

camera was positioned around 8 cm from the sample surface. Fig. 2b shows the sampling condition of olive 155 

oil under yellow light illumination. All videos were recorded with 32-bit and 960 × 720 pixels spatial 156 

resolution, and stored in MP4 format with file size of approximately 8MB.  157 
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 158 

Fig. 2. (a) The setting interface of Camera2Video app; (b) An image of olive oil sample under yellow light illumination. The selected 159 

ROI with 100× 100 pixels was marked in a red box; (c) Images of ROI illuminated by lights with a sequence of spectral colours 160 

(bottom). 161 

3.2. Image processing 162 

After video acquisition, ROI was chosen to capture the colour information of food sample and exclude 163 

influences such as background and screen reflection. Fig. 2b presents a selected ROI with 100× 100 pixels 164 

in red box. Then a succession of frames was extracted from video and saved to approximately 138 JPG format 165 

images of with each image size of 4~4.8KB. Fig. 2c shows several images of ROI under coloured 166 

illuminations. The obtained images were decomposed into red (R), green (G) and blue (B) colour space 167 

images. Each colour channel has 256 colour levels varying from 0 to 255. By averaging the colour level of 168 

pixels in ROI, the spectral information for each sample was presented as a vector of approximately 414 169 

variables in RGB channels (see Section 4.1). The data matrix of videos was constructed by samples located 170 

in rows, while the columns were constituted of variables. 171 
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3.3. Data analysis 172 

The video data is fed to pattern recognition approaches to investigate the relationship between input and 173 

output variables. Limited sample size coupled with high dimensionality poses a serious challenge to analyse 174 

the video data efficiently and robustly [32,33]. PLS is a standard chemometric method to tackle such 175 

challenge, which relies on the basic assumption that the investigated system or process is driven by a set of 176 

underlying latent variables (LVs). It searches for linear combinations of input variables that maximize the 177 

covariance between LVs and the output variables, so the regression coefficient of PLS can be stably and 178 

efficiently estimated. However, linear PLS models usually suffer from performance degradation under high 179 

degree of nonlinearity caused by the change of sampling condition [34]. To reduce the influence of global 180 

nonlinearity, LW-PLS sets distance-based weights for a query and constructs a local model based on the 181 

Euclidean distance between the query and training samples. The performance of LW-PLSC on video data is 182 

compared with baseline methods including k-nearest neighbours (k-NN), PLS-DA, SVM and RF. 183 

The optimal parameter(s) for each classifier is set by leave-one-out cross-validation (LOOCV) on 184 

training set. The number of NN in k-NN is selected from 1 to 15 with an interval of 2. The number of LVs 185 

used in PLS-DA and LW-PLSC does not exceed 10 in case of overfitting. A grid search approach is used in 186 

LW-PLSC (LVs × φ) and SVM (C × γ). As the optimal localization parameter φ is usually found in the range 187 

of 0 to 10 [29], we adjust φ to the values of 0.1, 0.5, 1, 2, 3, 5 and 10. The regularization parameter C and 188 

RBF kernel parameter γ in SVM are respectively varying from 100 to 103 and 10-7 to 100
 on a logarithmic 189 

scale. For RF, ntree are set as 100, 300 and 500, while mtry are 0.5√𝑝, √𝑝, 1.5√𝑝, 2√𝑝, 2.5√𝑝, 3√𝑝, 3.5√𝑝 190 

and 4√𝑝. 191 

4. Experiments and results 192 

4.1. Samples 193 

• Olive oil: A total of 160 unadulterated and adulterated olive oil samples were measured in two sessions. 194 

The unadulterated olive oil class has 40 samples of four brands and the adulterated class were prepared 195 
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by mixing olive oil with vegetable oil of three brands at different levels. The concentration of vegetable 196 

oil increases from 10% to 50% with increments of 10%. All samples were placed in shot glasses and 197 

scanned by smartphone front camera with a fixed position. The video acquisition process was conducted 198 

in a low light environment to reduce the impact of differing sampling conditions. Fig. 3 shows the olive 199 

oil data obtained from two sampling sessions.  200 

 201 

Fig. 3. Video data of unadulterated and adulterated olive oil in two sessions. Variables 1-138, 139-276 and 277-414 belongs to red, 202 

green and blue channels, respectively. 203 

 204 

Fig. 4. Video data of skimmed, semi-skimmed and whole milk in two collecting sessions (a & b). Each colour channel has 139 205 

variables. 206 

• Milk: This experiment deal with the distinction of commercialized milk according to their fat content: 207 

skimmed (<0.3%), semi-skimmed (1.5−1.8%) and whole (~3.6%). For each class, 23 samples were 208 

prepared by mixing milk of different manufacturers. Two sampling sessions were conducted in low light 209 

environments. As duplicate videos were hand-hold recorded for each sample, the milk dataset has a total 210 

of 138 data samples as shown in Fig. 4. 211 
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From the above figures, data obtained from different sampling sessions present significant disparities in 212 

colour levels. Model based on one sampling session can yield inaccurate and non-robust predictions for 213 

testing samples from another session, because testing samples may lie outside the applicability domain of 214 

training model [35]. To ensure reliable predictions, we merged the data of different sessions and partition it 215 

into training and testing sets using DUPLEX splitting algorithm [36] with the ratio of 2:1. The training set 216 

was used to optimize parameters and construct models, while the testing set was used to evaluate the 217 

performance of different classifiers on video data. 218 

4.2. Detection of olive oil adulteration 219 

To obtain an overview of the distinction between unadulterated and adulterated olive oil samples, data 220 

from two sampling sessions were plotted according to the principal component analysis (PCA) scores, as 221 

shown in Fig. 5a. The first two principal components (PCs) accumulate over 75% of the total variance. Data 222 

from the second sampling session presents a clear distinction between two classes in PCA score plot, and 223 

adulterated samples can be visually identified in variable interval such as 85-125 in red colour channel (see 224 

Fig. 3b). While adulterated samples from the first sampling session cannot be easily recognised via video 225 

data representation and PCA projection.  226 

 227 

Fig. 5. PCA scatter plot of the olive oil data using first two principal components: (a) data from the first sampling session; (b) data 228 

from the second sampling session. 229 

 230 
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Fig. 6a presents the grid search of the optimal LVs and φ in LW-PLSC via leave-one-out cross-validation. 231 

Over 90% accuracy can always be achieved after 5 LVs for any φ values. An accuracy comparison between 232 

PLS-DA and LW-PLSC over LV is shown in Fig. 6b. The performance of PLS-DA and LW-PLSC can be 233 

improved by selecting a larger number of LVs. LW-PLSC outperforms PLS-DA in most of the LVs and the 234 

outperformance is significant at the first three LVs. Table 1 shows the validation and classification results of 235 

k-NN, SVM, RF, PLS-DA and LW-PLSC on olive oil dataset. PLS-based methods achieve the highest 236 

accuracy of 95.3% and 96.2% respectively in training and testing phase. Specifically, LW-PLSC can improve 237 

modelling simplicity using smaller number of LVs compared to PLS-DA. Both SVM and RF obtain over 95% 238 

accuracy in identifying adulterated olive oil samples. However, their overall performance is lower than PLS-239 

based methods.  240 

 241 

Fig. 6. (a) Cross-validation accuracy of PLS-DA and LW-PLSC with varying φ values on olive oil dataset; (b) Grid search of the 242 

optimal LVs and φ for LW-PLSC. 243 

Table 1  244 

Cross-validation and classification results of k-NN, SVM, RF, PLS-DA and LW-PLSC on the olive oil dataset. 245 

Olive oil k-NN SVM RF PLS-DA LW-PLSC 

Training Cross-validation (%) 87.9 93.5 89.7 93.5 95.3 

  Parameters NN: 3 C: 102, γ: 10-6 ntree: 100, mtry: 30 LVs: 10 LVs:9, φ: 2 

Testing Overall (%) 88.7 90.6 94.3 96.2 96.2 

 Unadulterated 75 66.7 91.7 91.7 91.7 

  Adulterated 92.7 97.6 95.1 97.6 97.6 

The unadulterated and adulterated data samples from the first session cannot be clearly separated as 246 

shown in the data plot and PCA scatter plot compared to those from the second session, which resulted in the 247 
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overall accuracy below 100%. This is mainly due to less controlled background illumination in the first 248 

session than the second. Moreover, a slight change in the sampling position added unwanted colours to the 249 

region of interest (ROI) images as the same ROI was applied to all frames within each session. 250 

4.3. Distinction of skimmed, semi-skimmed and whole milk 251 

Milk data from two sampling sessions were projected into low-dimensional space using PCA, as shown 252 

in Fig. 7. As most of the samples hold the same class labels with their nearest neighbours, reasonable 253 

classification models may exist for the distinction of whole, skimmed and semi-skimmed milk samples. The 254 

high accuracy of LOOCV within each data session demonstrated that PLS-DA model can effectively identify 255 

milk samples according to their fat content, as in Fig. 8a. Fig. 8b demonstrates the relationship between 256 

varying φ values and normalized sample weights for a given query (the 50th sample) in milk dataset. We 257 

calculate the sample weights according to Eqs. (4) and (5), sort the weights with decrease order and normalize 258 

the weights into the interval of (0, 1]. According to Eq. (5), samples will provide balanced weights if a small 259 

φ value is used, resulting in a comparable performance of LW-PLSC and PLS-DA. While a large φ value 260 

respectively increases and lessens the contribution of neighbouring and remote samples towards a PLS model. 261 

 262 

Fig. 7. Low-dimensional score scatter plots from PCA analysis on milk data from the first (a) and the second (b) sampling session.  263 

The results of five classifiers for the distinction of skimmed, semi-skimmed and whole milk samples are 264 

shown in Table 2. All classifiers except k-NN obtain the highest of 97.8% in training phases. However, only 265 

PLS-DA and LW-PLSC identified all 46 testing samples by using 9 and 7 LVs, respectively. The SVM yields 266 
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results comparable to PLS-based methods in classification while the performance of k-NN and RF are less 267 

than satisfactory.  268 

 269 

Fig. 8. (a) Leave-one-out cross-validation of PLS-DA on each session of milk data; (b) The relationship between different values of 270 

localization parameter φ and normalized sample weights for a query in milk dataset. 271 

Table 2  272 

Cross-validation and classification results of k-NN, SVM, RF, PLS-DA and LW-PLSC on the milk dataset. 273 

Milk  k-NN SVM RF PLS-DA LW-PLSC 

Training Cross-validation (%) 90.2 97.8 97.8 97.8 97.8 

  Parameters NN: 1 C: 103, γ: 10-6 ntree: 300, mtry: 30 LVs: 9 LVs:7, φ: 3 

Testing Overall (%) 82.6 97.8 91.3 100 100 

 Skimmed 82.4 100 88.2 100 100 

 Semi-skimmed 92.9 100 92.9 100 100 

  Whole 73.3 92.9 93.3 100 100 

5. Conclusions 274 

This work presents a new sensor system based on smartphone videos and pattern recognition approaches 275 

for the authentication of food products. Spectral and spatial information of sample can be instantly obtained 276 

by video recording under coloured illuminations and efficiently extracted using computer vision techniques. 277 

For the detection of olive oil adulteration, PLS-DA and LW-PLSC models based on the video data identify 278 

adulterant at a least level of 10% with 96.2% classification accuracy. In the study involving classification of 279 

milk in terms of fat content, PLS-DA and LW-PLSC models correctly classified 100% of the testing samples. 280 

These results demonstrate that the low-cost sensor system is a promising method for on-site and real-time 281 

food authentication. The prototype sensor system requires the use of PC-based software (MATLAB) which 282 
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can be expensive for consumers. Furthermore, using smartphones for video processing and data analysis is 283 

slow. A solution to these problems is to deploy the sensor system as an online service. Sample videos can 284 

then be uploaded to server, processed by computer vision techniques and predicted using 285 

chemometrics/machine learning models. Another limitation with the proposed sensor system, which is also 286 

common with many other methods, is that the constructed model cannot be used reliably under different 287 

measurement conditions. One solution is to control the intensity range of background light so that the user is 288 

aware when the model can be used reliably and when not. Another solution is to construct models from large 289 

samples under different conditions. Our future work will optimise video acquisition process and select 290 

important variables to improve modelling precision.  291 
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