
Contents lists available at ScienceDirect

Food Chemistry

journal homepage: www.elsevier.com/locate/foodchem

Short communication

Predicting furan content in a fried dough system using image analysis

Gabriel A. Leiva-Valenzuelaa,⁎, Marcela Quilaqueob, María Salomé Mariotti-Celisc, Karis Letelierd,
Danilo Estaye, Franco Pedreschia

a Department of Chemical and Bioprocess Engineering, Pontificia Universidad Católica de Chile, Avenida Vicuña Mackenna 4860, Macul, Santiago, Chile
bDepartment of Chemical Engineering, Universidad de La Frontera, Avenida Francisco Salazar 01145, Temuco, Chile
c Programa Institucional de Fomento a la Investigación, Desarrollo e Innovación, Universidad Tecnológica Metropolitana, Ignacio Valdivieso 2409, P.O. Box 9845, Santiago
8940577, Chile
d Facultad de Medicina, Universidad Finis Terrae, Av. Pedro de Valdivia 1509, Providencia, Santiago, Chile
e Department of Mechanical Engineering, Universidad Técnica Federico Santa María, Av. España 1680, Casilla 110-V, Valparaíso, Chile

A R T I C L E I N F O

Keywords:
Furan
Non-enzymatic browning
Image analysis
Prediction of furan

A B S T R A C T

The aim of this paper is to test different models for predicting furan content in a dough system, based on partial
least squares regression using colour images. Starch dough systems were fried at five temperatures between 150
and 190 °C and for 5, 7, 9, 11 and 13min. The furan content was quantified using gas chromatography/mass
spectrometry, while the corresponding images were simultaneously obtained and processed in order to extract
2914 features. Good furan content predictions were obtained using computer vision image chromatic features
using correlation coefficient of prediction (Rp= 0.86). However, the best prediction correlation was obtained
using the image textural features (Rp= 0.93), when the number of features was reduced to 10 by algorithms
applications. These results suggest that furan content in fried dough systems can be predicted using features of
computer vision images.

1. Introduction

The presence of neocontaminants can negatively affect the food’s
chemical safety. Significant efforts have therefore been made to un-
derstand neocontaminants formation mechanisms in food so as to de-
velop strategies to mitigate their formation, while preserving the sen-
sory attributes of highly heated starchy foods (Mariotti et al., 2012).

Furan is a potential carcinogen that can be formed in several foods
processed at high temperatures, such as coffee, baby foods, bread and
snacks (Crews & Castle, 2007). Interestingly, despite its high volatility,
this neocontaminant has been found in open containers with low-
moisture processed foods, such as potato chips, crackers, crisp breads
and toasted breads (Van Lancker, Adams, Owczarek, De Meulenaer, &
De Kimpe, 2009). Regarding to this issue, a synergistic effect between
sugars and highly oxidized oils on furan generation was of observed in
thermally treated starchy model systems (Owczarek-Fendor et al.,
2012).

By analysing a food sample image, scientists are able to control
certain processes or study certain phenomena in foods (Leiva-
Valenzuela, Quilaqueo, Lagos, Estay, & Pedreschi, 2018). Basic image
processing includes a series of operations that improve the image. These
operations also allow the image to be segmented so as to analyse a

specific region of interest. Furthermore, different features of this image
can be extracted, selected and analysed. In this sense, multivariate
analysis can be classified into qualitative classification and quantitative
regression (Wu & Sun, 2013). Qualitative regression uses techniques of
pattern recognition which was previously studied while quantitative
regression or prediction is performed using algorithms such as Partial
Least Squares regression (PLS). PLS analysis is used to reduce the di-
mensionality of values. Hidden latent variables are therefore created
using principal component analysis of the contiguous spectroscopic
values from NIR analysis of fruits and foods (Fernández-Novales, López,
Sánchez, Morales, & González-Caballero, 2009).

Interval Partial Least Squares regression (iPLS) is an algorithm for
selecting the most informative region for building a local PLS model
with a selected number of manipulated variables (Wold, Sjostrom, &
Eriksson, 2001).

Image analysis technique has been used many times in food quality
operations. However, there are few applications in food safety systems
that can afford the toxic compounds evaluation quickly, easily, and
online. Computer vision has been used to study acrylamide kinetic
formation (i.e. the development or formation of acrylamide in food
processing) and its correlation with surface colour in fried potatoes
(Mogol & Goken, 2014). Pedreschi, Kaack, and Granby (2006)
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implemented a computer vision system to determine the colour of
French fried potatoes using colour images. These authors found a cor-
relation between L* and a* parameters and the acrylamide content of
fried potato strips. For furan assessment, recently, Leiva-Valenzuela,
Mariotti-Celis, Mondragón, & Pedreschi (2018) performed an algorithm
based on computer vision images of fried dough pieces able to classify
fried samples by colour and texture which correlated with furan con-
tent. Furthermore, there are currently no models to predict furan con-
centration in fried starchy systems using computer vision images. In this
paper, a rolled wheat formulation from Latin America commonly
known as “sopaipillas or torta frita” was chosen as the subject of study.
The consumption of this fried bread is linked to health issues such as
diabetes mellitus, obesity and cancer among low-income populations in
Chile. The traditional method for preparing sopaipillas does not specify
the frying time, which can therefore be hugely varied. Given this, the
practical applications of this study aim to improve quality control for
these types of food.

2. Materials and methods

2.1. Materials

The dough was prepared using HPLC-grade water and wheat flour
(La Selecta, Chile) which contains 11% of proteins, 15% of moisture
and traces of benzoyl peroxide, ferrous sulphate, niacin, thiamine, folic
acid and riboflavin. This commercial wheat flour is commonly used to
prepare commercial sopaipillas and bread in Chile.

For the frying experiments, sunflower oil (Camilo Ferrón, Chile)
which contains above of 80% oleic fatty acid, less than 10% of linoleic
fatty acid and only traces of linolenic fatty acid was used as the heating
medium. This oil was chosen because it has low content of linolenic
fatty acid, which has been shown to be the most efficient precursor to
furan formation through lipid oxidation.

The following chemical reagents were used in the furan analysis: (i)
furan (Dr. Ehrenstorfer Company, Augsburg, Germany), (ii) D4-furan
(100 µgmL−1, Dr. Ehrenstorfer Company, Augsburg, Germany), (iii)
methanol (HPLC grade, Rathburn, Walkerburn, Scotland), and (iv) so-
dium chloride (> 99%, Merck, Darmstadt, Germany). The working
standards of furan and D4-furan (1.5 µgmL−1) were prepared with
10mL of HPLC-grade water and 150 µL of standard solution of furan
and D4-furan.

2.2. Sample preparation

The sample preparation was performed according Mariotti-Celis,
Zúñiga, Cortés, and Pedreschi (2017). Basically, the dough formulation
consisted in two ingredients: water and wheat flour, which were mixed
using a food mixer (5K5SS, Kitchen aid, MI, U.S.A.) until homogenized
dough (moisture content: 40 ± 0.6% wb) was obtained. The amount of
water to be added to the dough was calculated based on the exact dry
solid content of the wheat flour. For 100 g of dough a ratio of water:-
wheat flour of 49:51 was considered.

Single starchy circular dough sample (2–2.3 mm of thickness and
40mm of diameter) were fried at different temperatures (150, 160,
170, 180 and 190 °C) and times (5, 7, 9, 11 and 13min) in a 20 L ca-
pacity deep-fryer filled with 15 L of oil and heated according
Blumenthal (1991). The oil was then discarded after 90min of frying
time to prevent its lipid oxidation (polar content≤ 0.06%) (Mariotti-
Celis et al., 2017). The frying process was carried out putting 10 sam-
ples (3,7 ± 0.03 g) in a basket cover with a wire grid to prevent
samples from floating. Following this, the samples were drained over a
wire screen for 5min. Subsequently, the fried samples were refrigerated
for 30min. Chemical and image analyses were then carried out si-
multaneously.

2.3. Furan quantification

The furan was quantified using the methodology described by
Mariotti-Celis et al. (2017). Having been pulverised to a particle size
lower than 1mm diameter by an Oster blender (Sunbeam Products,
Inc., Boca Raton, FL, USA), 0.5 g of the fried sample was placed into
headspace vials and diluted with 5.5mL of 5M NaCl solution. Internal
standard D4-furan (200 µL/mL) was added to vials and then were
sealed. To detect furan and D4-furan a gas chromatography/mass
spectrometry (GC/MS, model 7890A/7050, Agilent Technologies, Santa
Clara, California, USA) was used, equipped with an automated head-
space sampling (CTC Combi PAL, Agilent Technologies, Santa Clara,
California, USA), in scan mode The furan was quantified by using a
standard addition curve (Leiva-Valenzuela, Mariotti-Celis et al. (2018)).
To mitigate the evaporation of furan in the sample, D4-furan was added.

The column temperature was set at 50 °C and held for 1min, then at
10 °C/min to 180 °C. He (99.995%) was used as a carrier gas at a
flowrate of 1mLmin−1 in a capillary column HP-PLOT/Q,
30m×0.32mm ID×0.20 µm film (Agilent Technologies). One mL of
sample was injected in split mode (4:1) and the temperature of the
injector port was 200 °C. The temperature of the MS source and MS
quad were 230 °C and 150 °C respectively, and it was operated in
electron ionization mode. The furan and the internal standard D4-furan
were detected using single ion monitoring of the fragments m/z 68 and
m/z 39, and monitoring the fragments at m/z 72 and m/z 42, respec-
tively. In the headspace the incubation temperature was 60 °C, the in-
cubation time was 20min, the syringe temperature was 70 °C, the
agitator temperature was 50 °C, the fill speed was 500mL/s, the pull-up
delay was 500ms, the injection speed was 500 µL/s, the pre-injection
delay was 500ms, the post injection delay was 500ms, and the flush
hours was 60 s.

2.4. Image processing

Images of fried dough samples were acquired under standard con-
ditions of illumination: natural daylight with a colour temperature of
6500 K, using a laboratory image acquisition system (DVS-Computer
Vision System, Divisol, Santiago, Chile). Each sample was photo-
graphed in order to obtain a 480×640-pixel colour image. Image
processing was performed using Matlab R2014a and its image proces-
sing toolbox (The Mathworks, Inc., Natick, MA, USA). Channels a* or b*

were used to carry out the histogram segmentation. Morphologic op-
erations were then used to eliminate specific, isolated groups of pixels.

In total, 2914 features were extracted from each sample. The stan-
dard chromatic features simply describe the intensity in terms of the
mean, standard deviation, and first and second derivatives along the
boundaries of the region of interest for the different channels (Mery
et al., 2011). Sixteen Fourier descriptors and 413 local binary pattern
features were also extracted in order to compute the relationship be-
tween the intensity of each pixel and eight neighbouring pixels. This in
turn allows histograms of the local binary patterns to be produced
(Pietikäinen, Ojala, & Xu, 2000). Four hundred and sixty-nine Gabor
features (Ng, Guojun, & Dengsheng, 2005) and 27 rotational invariant
moments were extracted from the grayscale images, including seven Hu
moments (Hu, 1962) and four Flusser and Suk moments (Flusser & Suk,
2005). The extracted features were then normalized. The next step was
to select the best features for making predictions. Therefore, the main
objective at this stage was to select the subset of features that gave the
best prediction.

A predictive model based on PLS and iPLS was implemented to
correlate image features and furan in order to determine if is possible to
have an easy way to evaluate by means of correlate the furan content of
starchy foods using only images.
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2.5. Experimental design and statistical analysis

A full factorial experimental design (5× 5) with three replicates
was developed to investigate the effect of frying conditions (time: 5, 7,
9, 11, 13min; temperature: 150, 160, 170, 180, 190 °C) on the furan
generation in starchy food model systems. The experimental design
consisted of 25 combinations of the independent variables (temperature
and time) performed in random order. The frying process, chemical
analysis and image acquisition were performed in triplicate (Table 1).

The predictive models were statistically evaluated using root mean
square error of cross-validation (RMSECV) and prediction (RMSEP). In
addition, correlation coefficients for calibration (Rc), prediction (Rp)
and residual predictive deviation (RPD) (measure the ability of a model
to classify).

Leave-one-out cross-validation was used to determine the number of
latent variables for the calibration models and then to predict the in-
dependent samples. The models were evaluated using RMSECV and
RMSEP.). When a PLS model is built, a one-to-one image feature is
added and the temporal root mean square error of cross validation
(RMSECV) is tested. A feature is only selected if the RMSECV decreases,
meaning that the prediction improves (Gowen, Taghizadeh, &
O'Donnell, 2010). The results of the predictions were compared using
Duncan tests, with a 95% confidence interval (Statgraphics Centurion

XV, Statpoint Technologies Inc., Warrenton, VA, USA).

3. Results and discussion

3.1. Furan content of fried dough system

Furan content of fried matrices ranged from 0 to 646 µg/kg.
Increased browning is visually noticeable in samples with high furan
concentration. These colour changes are measured using image analysis
of the L* channel, where lower values were found in samples exposed to
thermal treatment at higher temperatures and with higher levels of
furan content. The b* channel also decreases and correlates with the
formation of furan during thermal processing (results not shown),
meaning that the original colour of the unprocessed samples (yellow)
tends to disappear without the appearance of any green colour.

3.2. Image chromatic features prediction

Calibration and prediction results for furan content of fried starchy
samples are present in Table 2. When predictive algorithms (PLS and
iPLS) were applied to chromatic features good results were obtained (Rp

of 0.844 ± 0.022 and 0.860 ± 0.024 respectively). However, the
advantage of selecting the best chromatic features with iPLS is that the
number of features decreases from 48 to 10. This therefore increases the
possibility of implementing an automatic quality control system.

3.3. Image textural features prediction

Thermal processing at high temperatures not only influences the
colour of the samples but also their surface structure. Water evapora-
tion during deep frying causes surface steam bubbles to appear on the
samples (Van Lancker et al., 2009). This influences the development of
surface parameters such as roughness. It is worth noting that some
structural parameters can be estimated using textural features of
images. In this sense, the best predictive results were observed when
textural images were selected using iPLS. In this case, the number of
features was reduced from 2811 to just 10, while the correlation im-
proved considerably (Rc from 0.72 ± 0.02 to 0.93 ± 0.00 and Rp from
0.70 ± 0.06 to 0.93 ± 0.01). Furthermore, the model’s predictive
capacity also improved (the RPD value increased from 1.39 ± 0.14 to
2.66 ± 0.18). This is a promising finding as an RPD value greater than
2 suggests that it is a good prediction and that the model is able to sort
furan content into two classes and that predictions can be made using a
selection of just 10 textural features. Finally, the iPLS algorithm was
applied for all of the extracted features (i.e. chromatic and textural
features together, producing a model with 4.5 ± 1.4 latent variables.
RMSEP was 95.43 ± 3.03 µg/kg, giving an RPD value of 2.19 ± 0.07.

3.4. Principal image chromatic and textural features

Principal chromatic and textural features are described in Table 3.
The most important chromatic features included the mean, gradient

Table 1
Full factorial experimental design of samples preparation.

Combination* Time (s) Temperature (°C)

1 150 5
2 150 7
3 150 9
4 150 11
5 150 13
6 160 5
7 160 7
8 160 9
9 160 11
10 160 13
11 170 5
12 170 7
13 170 9
14 170 11
15 170 13
16 180 5
17 180 7
18 180 9
19 180 11
20 180 13
21 190 5
22 190 7
23 190 9
24 190 11
25 190 13

* 25 combinations of temperature and time were performed in random
order. The frying process, chemical analysis and image acquisition were per-
formed in triplicate.

Table 2
Calibration and prediction results for furan content of fried starchy samples using partial least squares regression with feature selection.

Strategy N Of Features Latent variables Rc RMSCV (µg/kg) Rp RMSEP (µg/kg) RPD

IPLS WHOLE 10 4.5 ± 1.4 0.896 ± 0.002 92.53 ± 0.98 0.890 ± 0.006 95.43 ± 3.03a 2.19 ± 0.07
IPLS CHROMATIC 10 3.3 ± 4.5 0.873 ± 0.018 85.13 ± 5.57 0.860 ± 0.024 90.88 ± 8.65a 1.93 ± 0.20
IPLS TEXTURE 10 7.5 ± 1.0 0.931 ± 0.003 63.96+1.45 0.927+0.009 65.88+ 4.35c 2.66+ 0.18

Rc: Average correlation coefficient of calibration over four calculations.
Rp: Average correlation coefficient of prediction over four calculations.
RMSECV: Average root mean squares error of cross validation over four calculations.
RMSEP: Average root mean squares error of prediction over four calculations.
RPD: Ratio of standard deviation to RMSEP.
RMSEPs with the same letter(s) are not significantly different at p < 0.05 using Duncan test.

G.A. Leiva-Valenzuela, et al. Food Chemistry 298 (2019) 125096

3



and standard deviation values of pixels from the region of interest
measured in grey, R, H, S, V and G. The colour channels reveal im-
portant information about the level of sample browning and, therefore,
the occurrence of furan and other compounds. The R and H channels
can reveal the appearance of browning compounds, whereas the S and
V channels can reveal the degree (intensity) of the browning. Chromatic
features may indicate changes in the Maillard Reaction products (Alves
& Perrone, 2015). The surface distribution of the optical properties in
the matrix is heterogeneous and highly dependent on the transport
phenomena. Given this, textural features may therefore also provide a
reliable model for predicting furan content (Farroni & Buera, 2012). As
expected, the geometric features returned the lowest Rp values (0.38),
suggesting that there is no correlation with the furan content con-
sidereing that the shape, orientation, and borders of the samples may
change during deep fat frying without any recognizable pattern.

Secondly, the selected textural features included contrast, sum of
squares, correlation and maximal correlation coefficient from the grey
level co-occurrence matrix (GLCM) or Haralick texture measured in the
B, S, L* and b* channels and LBP measured in the H channel. More
specifically, the results of the GLCM feature are useful for determining
surface texture differences during the processing of starchy foods
(Fongaro & Kvaal, 2013). These results are logical because simple
chromatic information can represent and summarize the overall quality
of the appearance of the fried samples in each of the different colour
channels. Finally, textural features are also important because gen-
erally, they describe the contrast and the correlation of a group of ad-
jacent pixels or a spatial variation and their relationship within the
segmented image. In this sense, a correlation suggests that there is a
relationship between the image texture of the samples and the sample
surface structure that is affected by thermal processing. Images that
contain very similar pixels are strongly correlated, whereas images with
variable pixel intensity values have a high level of contrast (Haralick,
1979). The different thermal treatment implies a high level of variation
between pixels. Uniform sample surfaces are represented by pixels that
are highly correlated and with low levels of contrast. Therefore, textural
features may provide information on the development of browning. In
this sense, samples with intermediate thermal treatments will return
different values than samples with more severe thermal treatment that
are full of singularities such as bubbles, porous regions, or fissures.

This research attempts to discover a relation between a non-de-
structive method and the concentration of chemicals. The aim of doing

so is to study whether it is possible to predict furan content in food.
However, furan is a volatile compound and its level of concentration
should be maintained after processing whereas storage conditions can
be highly variable across the industry. This point is very interesting and
should be investigated further as the present study has already de-
monstrated the feasibility of making predictions using colour images
after frying.

4. Conclusions

Furan content in fried dough systems can be predicted using fea-
tures of colour images. The results suggest that the prediction can be
made using features without selection with acceptable good results (Rp

of 0.91 and RPD of 1.86).
However, by pre-selecting the features, the predictions improved

significantly. In this sense, the best dataset using iPLS with textural
features led to an Rp value of 0.93 and RPD of value 2.66. These results
suggest that the textural features of colour images of deep-fried dough
are good enough for predicting their furan content. Reducing the
number of features means that the model can be implemented in sorting
lines, increasing the capacity of the equipment while reducing the need
for complex computer systems in order to extract the features.

Further research is needed in order to evaluate furan content in
starchy food matrices before looking at industrial implementation of
the model described in this study. Furthermore, the effect of formula-
tion and different process conditions on furan content of starchy foods
matrices and its quantification by image analysis should be determined.
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