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A B S T R A C T

The detection and removal of contaminants through non-contact sensors remain challenging in bakery products. 
The chemical composition and the brown colour of goods made with alternative flours, such as chestnut-flour- 
based dough, may compromise the sensitivity of colour and hyperspectral analysis, which are widely 
acknowledged non-contact techniques for acrylamide detection in heated goods. Furthermore, empirical models 
proposed in the literature often neglect the effect of product shape and its relationship with acrylamide 
formation.

In the present study, chestnut flour-based biscuits were shaped into four shapes and baked at incremental 
times. Colour, hyperspectral, and thermal analyses of the biscuit surface were correlated with acrylamide con
tent, measured by an ELISA-based method. In addition, a morphological evaluation was performed using three- 
dimensional photogrammetry, enabling the extraction of shape descriptors relevant to the biscuit's surface 
warming dynamics.

Acrylamide content was predicted using features derived from these datasets. Colour analysis outperformed 
the other feature types. Lightness and the blue-yellow component yielded more meaningful results than the 
green-red component. Among the different biscuit shapes, the measured surface area and surface roughness 
emerged as relevant factors for adjusting acrylamide content in each biscuit, highlighting the importance of 
morphology in predictive modelling.

Finally, the best prediction model could estimate acrylamide content across the investigated baking condi
tions, with an average prediction error of 44.59 μg kg− 1, by combining two colour-derived predictors with two 
morphological descriptors.

1. Introduction

Since its discovery in food in 2002, 2-propenamide, hereafter 
referred to as acrylamide (AA), has received considerable attention. In 
fact, AA had already been classified by the International Agency for 
Research on Cancer (IARC) as probably carcinogenic to humans (Group 
2A) (IARC, 1994). AA is mainly formed in oven-cooked, fried vegetables, 
roasted coffee, and cereal-based products (Keramat et al., 2011).

Although no strict regulatory limits are imposed, the European 
Union has defined benchmark levels for different food categories, 
including 350 μg kg− 1 for biscuits and wafers and 50 μg kg− 1 for wheat- 
based bread (European Commission, 2017). No more limitations are 
available from the U.S. or other countries. Heat is the main driver of AA 
synthesis. Heat transfer depends on cooking temperature and on the 
contribution of conduction, radiation, convection, or their 

combinations, depending on the cooking system. In bakery products, 
baking promotes dough warming, with a greater effect at the external 
surface, which is directly exposed to the heat sources. In the surface 
layers of baked products, water evaporation is more intense than in the 
deeper layers, where retained water diffuses slowly toward the surface. 
Consequently, water content (WC) can differ by approximately 2% be
tween the crust and a layer 2 mm below the surface in baked bread 
(Ahrne et al., 2007). The lower WC at the surface allows the surface 
temperature to rise above 100 ◦C, while the core temperature generally 
does not exceed 100 ◦C due to the higher WC. As a result, crust tem
perature tends to approach the oven air temperature. In these condi
tions, the Maillard reaction can proceed while the temperature 
continues to increase. Temperatures above 120 ◦C are widely recognised 
as the minimum required for AA formation (Contaminants in the Food 
Chain, 2015). Free asparagine (fAsn) and reducing sugars (Sug) are 
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the main reactants involved in AA synthesis. At very high temperatures 
(approximately 180 ◦C), AA degradation may also occur, producing 
degradation products (Deg), as outlined in Eq. (1) (Claeys et al., 2005). 
Consequently, AA concentration can be approximated by a 
pseudo-first-order kinetic model, while degradation kinetics are not al
ways predictable (Açar & Gökmen, 2010). 

fAsn + Sug →ks AA →
kd Deg (1) 

The AA synthesis rate (ks) and the AA degradation rate (kd) depend 
primarily on baking temperature and the activation energy. Activation 
energy is ingredient-dependent (Jensen et al., 2025; Van Der Fels-Klerx 
et al., 2014), whereas baking temperature provides the energy required 
to activate the reaction pathways (Claeys et al., 2005). As a result, AA 
predominantly accumulates in the crust of bakery products, with only 
trace amounts detected in the inner crumb. This spatial heterogeneity 
leads to the so-called “crust model” (Gökmen & Açar, 2009). Under this 
framework, food thickness and surface-to-volume ratio (SA:V) are rele
vant for predicting AA accumulation and optimising baking conditions 
(Manley & Clark, 2011).

The highest AA content is observed in fried chips and roasted coffee, 
both of which are attributed to the matrix composition and heating 
process, followed by baked goods. More in detail, coffee contains the 
highest sucrose concentration (on average 73 mg g-1 drymass) 
(Murkovic & Derler, 2006), while potatoes contain the highest fAsn 
concentration (ranging within 9− 14 mg g-1 drymass) (Muttucumaru 
et al., 2015). Sucrose and fAsn content in common wheat flours was 
established around 3.5 and 1.5 mg g-1 drymass, respectively (Žilić et al., 
2017). Secondly, at 180 ◦C, the different heating methods favour 
convective heat transfer coefficients in deep frying (estimated at 
247–275 W m− 2 K− 1) (Alvis et al., 2009) over ventilated banking 
(estimated at 20–25 W m− 2 K− 1) (Safari et al., 2018). In the case of 
coffee, a temperature usually above 200 ◦C, linked to roasting, may 
boost the AA content.

Chestnut-based baked goods represent an alternative to conventional 
wheat-based snacks. From a compositional perspective, chestnut flour is 
prone to AA formation due to its high fAsn content (Mesias & Morales, 
2025). Therefore, the kinetic constant ks in Eq. (1) is expected to be 
favoured. However, chestnut flour also exhibits a water-holding capac
ity of 463 g water per 100 g flour, markedly higher than the 84 g water 
per 100 g flour reported for wheat flour. This elevated water retention 
may delay water evaporation, counteracting the optimal conditions for 
AA formation (Mesias & Morales, 2025).

Once AA synthesis was recognised as a surface phenomenon, re
searchers explored non-contact predictive approaches for its quantifi
cation, aiming to avoid time-consuming and expensive analytical 
determinations and to develop systems feasible for in-line monitoring. 
Over the past two decades, colour and hyperspectral imaging (HSI) have 
established themselves as prominent non-contact, non-destructive 
techniques for AA prediction in heated foods. In bakery products, the 
browning index (BI) (Hirschler, 2012) or CIELab colour parameters, 
particularly lightness (L*) and the green–red balance (a*), are 
commonly used as indicators of AA risk (Gökmen et al., 2008; Isleroglu 
et al., 2012; Verma & Yadav, 2022). Although AA itself is colourless, its 
formation is associated with Maillard and caramelisation reactions, 
which produce colour changes that correlate with AA accumulation.

HSI exploits cameras with high spectral resolution, operating from 
the visible to the infrared regions (Xie et al., 2023), and has been suc
cessfully applied to products such as potatoes and coffee (Jar et al., 
2025; Xie et al., 2024). HSI records the spectral pattern of light re
flected from the product surface. The resulting spectra are primarily 
shaped by the matrix's chemical composition and crust components. For 
example, surface WC, Maillard reaction products, sugar caramelisation 
compounds, and other secondary reaction products are strongly asso
ciated with the actual AA content.

However, applications to baked foods remain limited. This scarcity 

of studies may be attributed to the wide variability in flour types, 
ingredient composition (e.g., leavening agents, eggs, milk), and product 
formats, including differences in shape, texture, porosity, glazing, and 
overall structure. More specifically, no studies have explicitly addressed 
the effect of shape and texture in baked products; therefore, product 
geometry may strongly influence the previously mentioned crust-based 
model of AA formation.

Recently, several depth-sensing technologies and three-dimensional 
(3D) analysis techniques have been developed and successfully 
applied in the food sector (Li et al., 2026). Properly designed 3D sensors, 
such as depth cameras, combined with image analysis algorithms (e.g., 
photogrammetry), represent powerful tools for sizing and categorising 
products. In addition, 3D analysis enables precise characterisation of 
food morphology, allowing accurate measurement of volume, surface 
area, and surface roughness. Consequently, 3D analysis may support the 
investigation of AA patterns by providing a detailed morphological 
assessment of baked foods.

Currently, the standard destructive methodology for AA quantifica
tion involves gas or liquid chromatography for molecule isolation, fol
lowed by mass spectrometry or ELISA determination (Mollakhalili et al., 
2021). Mass spectrometry represents the most accurate, but also the 
most expensive, analytical technique; in bakery products, an error of 
approximately 2% has been reported (Mioara & Culetu, 2016). In 
contrast, for rapid, cost-effective screening, commercial ELISA kits are 
recommended, although their analytical error is typically around 20% 
(Life Technologies Pvt. Ltd., India). As a consequence, mass spectros
copy is a quantitative analysis, whereas ELISA works as a qualitative risk 
indicator.

The present study investigates the relationship between AA accu
mulation and the shape of baked foods using a single chestnut-based 
biscuit recipe. While contactless approaches, such as colour and 
hyperspectral imaging, are widely used for AA prediction, their perfor
mance may be limited in dark matrices, such as chestnut dough. At the 
same time, shape variability is a common issue that has been scarcely 
investigated, despite being a relevant source of variability in industrial 
production. To address this gap, four non-contact sensing techniques 
were evaluated: HSI, CIELab colour analysis, thermal imaging, 3D 
analysis. Thermal imaging was used to characterise surface temperature 
distribution, given the expected localisation of AA in the hottest regions. 
3D analysis is enabled by photogrammetric reconstruction, which gen
erates 3D point clouds from multiview colour images. 3D analysis pro
vides essential descriptors potentially relevant to AA prediction, 
including product height, volume, and surface area from different 
shapes.

The objective of this study was thus to assess whether shape-related 
descriptors can improve AA prediction and to evaluate their contribu
tion relative to other sensing approaches in a dark, under-investigated 
bakery matrix.

2. Materials and methods

2.1. Biscuits preparation and experimental design

A 400 g dough was prepared following a typical Italian recipe 
inspired by products typical of marginal mountainous areas of the 
Tuscan–Emilian Apennines (locally referred to as “Castègni”). The 
recipe consisted of 120 g chestnut flour, 60 g refined wheat flour, 90 g 
sucrose, 80 g sunflower oil, 30 g water, and 20 g sodium bicarbonate. 
The dough was mixed manually by the same operator for 6 min until 
homogeneous (i.e., all the flours were fully combined with the dough), 
then rested for 10 min before being divided into 16 portions of 25 g each 
(mean 25.045 ± 1.744 g). The portions were shaped into four biscuit 
geometries using specific cutters: Round, Striped, Star, and Irregular. 
The dough was levelled to a fixed height for Round, Striped, and Star at 
6.6 mm, 7 mm, and 6.5 mm, respectively. In Striped-shaped biscuits, the 
stripes measured 2.5 mm in depth. In these groups, the geometry was 
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controlled to assess mainly the shape effect. For irregular biscuits, a 
small dough ball was first formed, then manually flattened; hence, 
within-group variability was enhanced to simulate format variability. 
Four biscuits, one per shape, were placed on a tray and baked at 180 ◦C 
in a laboratory-ventilated oven, model TCN50 (Giorgio Bormac S.R.L., 
Carpi, Italy), for different durations (10, 18, 26, and 41 min). Five in
dependent doughs were prepared, portioned into the four shapes, and 
baked, yielding five independent replicates with tray positions rotated at 
each repetition. All biscuits were weighed before and after baking. The 
experimental design followed a multifactorial randomised block design 
in which two factors, namely biscuit shape (Shape) and baking time 
(Time), were replicated five times. Finally, to describe the AA content as 
a function of baking time, a pseudo-first-order kinetic model reported in 
the literature was selected and is presented in Eq. (2) (Hsu et al., 2016). 

AAt =AA∞ ∗
(
1 − e− ke∗t) (2) 

Where AAt is the estimated AA content (μg kg− 1), AA∞ represents the 
asymptotic value approached at long baking times (equilibrium) under 
the investigated conditions (μg kg− 1), ke is the experimental reaction 
rate coefficient (min− 1), and t is the baking time (min). The model as
sumes that AA formation follows a monotonic accumulation towards a 
plateau, with negligible degradation under the selected baking condi
tions (180 ◦C). This assumption is consistent with the expected tem
perature range for AA degradation and is further supported by the 
absence of systematic trends in the model residuals over time.

2.2. Thermal analysis

After baking, the biscuits were placed in a dark box, laid on a green 
background, and monitored with a FLIR T560 thermal camera (Teledyne 
FLIR LLC, Wilsonville, OR, USA) positioned perpendicular to the sam
ples at 650 mm. The camera operated in video mode, recording at 30 Hz 
with a thermal resolution of 640 × 480 pixels and a stated accuracy of 
±2 ◦C, with an emissivity set to 0.93. The cooling behaviour of the 
biscuits was monitored for 40 min following removal from the oven. 
Surface temperature data were acquired using FLIR Research Studio 
software. For each biscuit, a region of interest (ROI) was manually 
defined by the same operator using the visible temperature gradient 
along the biscuit boundary to isolate the biscuit surface for the 
computation of thermal statistics. Details of biscuit placement and 
thermal data acquisition are shown in Fig. 1. For each frame, the mean, 
mode, maximum, minimum, and standard deviation (SD) of the surface 
temperature within each biscuit were calculated.

For the present study, only 2 time points were retained for the 
analysis: immediately after the baking (0 s) and after 90 s of cooling. The 
reported values correspond to the average of five consecutive frames for 
each selected time point. A 90 s resting period was selected to enhance 

the surface temperature heterogeneity generated during the early 
cooling phase (Takacs et al., 2020). Immediately after baking, the biscuit 
surface exhibited an almost homogeneous temperature distribution, 
whereas short-term cooling generated spatial temperature gradients 
related to biscuit geometry and surface structure. Hence, the coefficient 
of variation was computed as the ratio between SD and average tem
perature at different acquisition times, and the superficial temperature 
pattern at 90 s is representative of the cool-down phase.

2.3. Three-dimensional reconstruction

Four biscuits were arranged in a row on a green tray. Image acqui
sition was performed using a Canon R10 camera (Canon Inc., Tokyo, 
Japan) equipped with a 15–180 mm lens. Approximately 21 photo
graphs were captured from above the biscuits at a fixed height of 
300 mm, with the tray manually repositioned between successive im
ages to obtain multiple overlapping views of the upper biscuit surfaces. 
The number of photographs was selected to achieve approximately 70% 
image overlap, ensuring reliable photogrammetric reconstruction. 
Image acquisition was conducted inside a lightbox (1 m side length) to 
ensure controlled and uniform LED illumination across samples. Colour 
calibration was performed by including a ColourChecker target in the 
first image; two markers were fixed on the tray for scaling. The images 
were processed using Metashape Professional 2.0.3 (Agisoft LLC, St. 
Petersburg, Russia) to generate 3D point clouds, following the standard 
workflow: Align Photos, Optimise Camera Alignment, and Build Dense 
Cloud. The reconstructed products were exported as a text file with six 
columns: the planar coordinates (X, Y), the vertical coordinate (Z, 
height), and the red (R), green (G), and blue (B) colour intensity values 
for each point.

2.4. Morphological evaluation

The point clouds exported as text files were processed using RStudio 
(version 2025.09.2, Posit Software, Boston (MA), U.S.). First, the green 
background was removed using pixel-level colour and depth classifica
tion with a k-nearest neighbours algorithm. Second, the point clouds 
were resampled onto a fixed X–Y grid with a resolution of 0.2 mm 
(namely, ΔX and ΔY equal to 0.2 mm), yielding approximately 72,000 
points per biscuit on average. New points were generated by calculating 
the arithmetic mean of the X, Y, and Z coordinates and the R, G, and B 
values of all points falling within each grid cell. Subsequently, several 
3D morphological parameters were calculated for each biscuit using 
dedicated R libraries, including Rvcg, Morpho, concaveman, sf, and 
lwgeom. The basic morphological parameters included the mean height 
(Zm) and the volume, calculated according to Eqs. (3) and (4). Zm and 
volume were approximated for the visible portion of the biscuit, namely 

Fig. 1. On the left, a picture of the biscuits just out of the oven; on the right, a thermal image processing and data acquisition from a specific ROI per biscuit.
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the lateral sides and the top face. Hence, the bottom face porosity was 
not included. 

Zm=

∑
Zi

n
(3) 

Volume=ΔX ∗ ΔY ∗
∑

Zi (4) 

The surface texture was characterised in terms of roughness and 
curviness, focusing on the top visible face of the biscuit. Based on the 
literature, food surfaces in direct contact with warm air play a crucial 
role in the baking mechanism and acrylamide synthesis (Yıldız et al., 
2017). Hence, the bottom face, being in contact with the tray and less 
involved in convective heat exchange, was excluded. Roughness was 
quantified using three parameters: average absolute roughness (Ra), 
global roughness (Rg), and quadratic roughness (Rq). For Ra and Rg, a 
reference plane describing the upper biscuit height was fitted using a 
linear regression of the X and Y coordinates; Ra was calculated as the 
mean absolute deviation between the observed height (Zi) values for all 
points (n) and the fitted plane (Zli), whereas Rg corresponded to the root 
mean square of these deviations. In contrast, Rq was calculated as the 
root-mean-square deviation from a quadratic regression surface (Zqi) to 
account for curvature trends across the biscuit surface (Hani et al., 
2011). The formulas for the abovementioned indices are listed in Eq. 
(5− 9). 

Zli = β0 +β1 Xi + β2 Yi (5) 

Ra=
∑

|Zi − Zli|
n

(6) 

Rg=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(Zi − Zli)2

n

√

(7) 

Zqi = β0 +β1 Xi + β2 Yi+β3 X2
i i + β4 Y2

i +β5 XiYi (8) 

Rq=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(Zi − Zqi)
2

n

√

(9) 

The biscuit surface was approximated by fitting a triangular mesh to 
the point cloud vertices; consequently, the surface area (Surface) and 
further surface parameters were estimated only for the visible portion of 
the biscuit. SA:V was computed according to Eq. (10), recognising that it 
is not the actual surface-to-volume ratio but an index derived from the 
approximated volume and the contact interface between the food and 
the oven ambient. Mean curvature was calculated from the principal 
curvature values (k1 and k2) obtained from two orthogonal planes at 
each mesh vertex using the vcgCurve function. Specifically, the mean 
curvature (Hm) was computed as the average of k1 and k2 over all visible 
pixels (n), whereas the Gaussian curvature (Km) was calculated as the 
product of the two principal curvatures, following established methods 
for curvature estimation on triangular meshes. The formulas used are 
listed in Eq. (11− 14). 

SA : V =
Surface
Volume

(10) 

Hi =
k1 + k2

2
(11) 

Hm=

∑
Hi

n
(12) 

Ki = k1 ∗ k2 (13) 

Km=

∑
Ki

n
(14) 

At this stage, all points were projected onto the X–Y plane to extract 

two-dimensional (2D) features. First, the perimeter was defined as the 
total length of the shape's contour. For each 2D shape, the major axis, the 
minor axis, and their ratio (AR) were computed. Finally, the concave 
area was defined as the surface of the 2D shape. In contrast, the convex 
area was derived from the junction of all external vertices of the 2D 
shape. Solidity was computed as the ratio of the concave to the convex 
areas. Regarding colour analysis, the R, G, and B values were converted 
to CIELab colour space indices (i.e., lightness (L*), red–green balance 
(a*), and blue–yellow balance (b*)) at each point. The mean and SD of 
the entire biscuit were computed for the three indices. The coefficient of 
variation (CV) was used to assess colour homogeneity within each bis
cuit, and it was computed using Eq. (15). Finally, the BI was determined 
using Eq. (16). 

CV =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i
(xi − x)2

n

√

∑n

i
xi

n

(15) 

BI= 100 ∗
α − 0.31

0.172
,α =

a∗ + 1.75L∗

5.645L∗ + a∗ − 3.012b∗
(16) 

Where n is the total number of points in each biscuit, xi is the value of a 
colour index in each i-pixel, and x is the average value within a biscuit.

2.5. Morphological variable selection

A preliminary approach aimed to stress the biscuit's shape peculiar 
geometrical properties. Partial least squares discriminant analysis (PLS- 
DA) was applied to assess the relevance of the extracted morphological 
indices using variable importance in projection (VIP) scores. One-third 
of the indices exhibiting the highest VIP scores were selected for sub
sequent analyses. PLS-DA was used exclusively as an exploratory tool to 
reduce descriptor redundancy and identify shape-sensitive morpholog
ical features, rather than as a predictive model for acrylamide content. 
The relevant descriptors obtained from this analysis were selected for 
use in subsequent models for AA prediction.

2.6. Hyperspectral imaging and spectral analysis

Twenty-four hours after baking, the biscuits were analysed using a 
NIR hyperspectral imaging system operating in the 900–1700 nm range 
(Headwall Multi-Scan MV.V NIR; Headwall Photonics, Boston, MA, 
USA), mounted with a Computar ViSWIR Hyper APO 12 mm focal length 
lens M1218-APVSW2 (CBC Group LLC, NY, USA). The system was 
equipped with a push-broom scanner with 640 pixels and a spectral 
resolution of 4 nm and operated at a working distance of approximately 
250 mm. The camera was mounted on a self-illuminated scanning slide 
equipped with two halogen lamps and controlled by dedicated software 
perClass Mira (perClass BV, Delft, Netherlands). System calibration was 
performed under completely dark conditions and using a white refer
ence panel (Avian Technologies, Sunapee, NH, USA). The average 
absorbance spectrum within each biscuit was extracted. Spectral pre
processing began with the application of the standard normal variate 
(SNV) transformation to centre and scale the spectra. Subsequently, 
first-order (DI) and second-order (DII) Savitzky–Golay derivatives were 
calculated in RStudio using “prospectr” package. To reduce spectral 
dimensionality, mean reflectance and derivative values were resampled 
at 12 nm intervals. Wavelength selection was performed using partial 
least squares regression (PLSR) together with interval PLS (iPLS). 
Informative spectral regions were identified based on variable impor
tance metrics while reducing redundancy caused by the strong auto
correlation between adjacent wavelengths. The SNV, DI, and DII 
datasets were evaluated both individually and in combination (SNV +DI 
and SNV + DII).
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2.7. Acrylamide determination

Acrylamide was quantified using the Acrylamide ES ELISA kit in 
combination with a derivatisation kit, following the manufacturer's in
structions (Gold Standard Diagnostics, Kassel, Germany) (Musa et al., 
2024). Briefly, 2 g of the homogenised biscuit sample were mixed 
with 40 mL of distilled water. The mixture was continuously mixed for 
30 min and then allowed to settle for 5 min. The resulting extract was 
filtered and subsequently centrifuged at 13,000 × g for 5 min. The su
pernatant underwent solid-phase extraction using multimodal chro
matographic columns. Acrylamide was eluted from the columns with 
1 mL of methanol/water (60:40, v/v), and the eluate was collected and 
repeated twice. The combined eluate was then heated to 50 ◦C for 
60 min to allow derivatisation. After derivatisation, 2 mL of reaction 
buffer was added, and the samples were analysed according to the 
manufacturer's ELISA protocol. Absorbance was measured at 450 nm 
using a microplate reader (Tecan Infinite 200 Pro, i-control software; 
Männedorf, Switzerland). AA concentration was determined by com
parison with a calibration curve generated using standard solutions at 
0.0, 2.5, 5.0, 10.0, 25.0, 50.0, and 200.0 ng mL− 1 (Gold Standard Di
agnostics, 2021). The ELISA kit used for acrylamide quantification has a 
limit of detection (LOD) of 50 μg kg− 1 for food samples. WC of the 
samples was determined by thermogravimetry using a microbalance.

2.8. Acrylamide prediction

AA data were first analysed using two-way analysis of variance 
(ANOVA) to evaluate the effects of baking time and biscuit shape and 
their interaction on AA content (formula: 
AA’ = β0+β1Time+β2Shape+β3(Time×Shape)+ϵ). At this point, AA 
concentration was then predicted (AA’) using several multivariate linear 
regression (MLR) models, in which features from the hyperspectral, 
morphological, thermal, and colour datasets were used as predictors. An 
initial feature selection was performed within each data group; the final 
predictors were selected using forward-stepwise selection with AIC as 
the stopping criterion, restricting the number of variables to those 
yielding the highest coefficient of determination (R2), the lowest root 
mean square error (RMSE), and the lowest AIC. The initial baseline MLR 
model was constructed using only essential hyperspectral wavelengths 
(Hyp). Model performance was subsequently improved by progressively 
incorporating additional classes of predictors: morphological (Morpho), 
colour (Lab), and thermal (Temp). The significance of the fitted models 
and their predictors was assessed through ANOVA and regression coef
ficient tests (p < 0.05). Only predictors that significantly contributed to 
the explained variance were retained in the final models. After MLR's 
development, predictive performance was evaluated using stratified 
five-fold cross-validation. Each validation fold includes one replicate for 
each combination of biscuit Shape and baking Time. Thus, at each 
iteration, 64 samples were used for model training (80%) and 16 for 
validation (20%). Model performance was evaluated on the validation 
dataset using the R2, RMSE, and the mean absolute percentage error 
(MAPE), as reported in Eqs. 17 and 18 (namely: R2cv, RMSEcv, and 
MAPEcv). Moreover, the Shapiro-Wilk test was used to assess the 
normality of the residual distributions for each model. Residuals were 
plotted for each variable to verify any sources of skewness. 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑ (

yi − yʹ
i
)2

n

√

(17) 

MAPE=
100
n

∗
∑

⃒
⃒
⃒
⃒
yi − yʹ

i
yi

⃒
⃒
⃒
⃒ (18) 

Where yi is the actual acrylamide content, and y'i is the predicted one.

3. Results

3.1. AA content

AA content increased with baking time, and statistically significant 
differences were observed across the different shapes (to see Table A1). 
To evaluate the global effect of shape and baking time on acrylamide 
content, a two-way ANOVA was performed on the ELISA-derived data. 
Both main factors were highly significant (p < 0.001), confirming that 
AA accumulation is strongly influenced by both baking time and product 
geometry. In contrast, the interaction between shape and time was not 
significant (p = 0.572), indicating that the effect of shape is consistent 
across the investigated baking times. The model explained approxi
mately 60% of the total variance (R2 = 0.60). Variance partitioning 
showed that shape accounted for about 35% of the total variability, 
while baking time explained 24%. The interaction term contributed 
marginally (≈1%), with the remaining variance attributed to residual 
variability. This residual component is consistent with the use of ELISA 
as a reference analytical method, widely adopted for screening and 
associated with higher variability than confirmatory chromatographic 
techniques. Within this context, the observed unexplained variance re
flects the intrinsic uncertainty of the ground truth used in this study. It 
indicates the upper limit of explainable variability expected in subse
quent modelling approaches.

The recorded AA content at each bakery time was fitted to the 
pseudo-first-order kinetic model given in Eq. (2). The kinetics are 
depicted in Fig. 2a, one for each shape type. The ANOVA was performed 
on the coefficients of Eq. (2) (namely, AA∞ and ke), and shapes and 
outputs are listed in Table 1. No relevant statistical differences emerged 
from ke.. On the contrary, the Round shape exhibited the lowest AA∞, 
while the Irregular shape exhibited the highest. Finally, WC decreased 
following first-order kinetics, approximated by a function with positive 
concavity (i.e., WC’ = β0 + β1e(-β2time)). The average WC of the raw 
dough is 12.3 ± 0.7%, and it decreases to 4.9 ± 0.6%, 4.3 ± 0.6%, 
4.1 ± 0.5%, and 3.8 ± 0.4% at 10, 18, 26, and 41 min of baking, 
respectively (Fig. 2b). As depicted in the chart in Fig. 2b, the lowest WC 
was recorded in Star and Striped shapes biscuits, especially when baked 
at 26 and 41 min. However, no statistically significant differences were 
found in the coefficients for the WC decrease kinetics function.

3.2. 3D products presentation and feature selections

Conventional morphological parameters obtained after baking are 
presented in Table 2. A preliminary feature selection was performed by 
training a PLS-DA model for shape prediction, analysing the morpho
metric traits as predictors. The model was built using eight predictors. 
The reduced feature model achieved an accuracy of 0.935 and a Cohen's 
kappa coefficient of 0.913 on a 5-fold cross-validation. The scores are 
plotted according to the first two components of the reduced PLS-DA 
model in Fig. 3a, while the VIP value for all variables is plotted in 
Fig. 3b. All the acronyms are listed in Table A2. A more robust validation 
was then performed using a single-way ANOVA to compare the most 
relevant and least autocorrelated morphometric traits across the four 
shape types. According to the feature selection process, Solidity and Rq 
emerged as the most relevant characteristics. A Tukey multiple- 
comparison test was subsequently applied to assess the distinctiveness 
of each trait within each shape type, and the results are depicted in 
Fig. 4. SA:V was included in Fig. 4a as the most frequently mentioned 
morphological index in the scientific review.

3.3. Colour

All three colour indices decreased with baking time. While L* and b* 
followed a trend parallel to the decrease in WC at each baking time, a* 
showed a three-step behaviour, with 10 min comparable to 26 min. The 
data are shown in Table 3. BI was not found to be informative under the 
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present experimental conditions. The mean colour indices did not vary 
among shapes; however, the average CV within biscuits was consider
ably lower in Round-shaped biscuits than in the other shapes.

3.4. Temperature

Essential temperature records are listed in Table 4. The data describe 
the mean temperature recorded at a specific time point, averaged across 
replicates. The CV was calculated across independent biscuit replicates 
to reflect pixel-level variability within individual biscuits. In addition, 
the ratio of pixels with a temperature above 120 ◦C to the total number 
of pixels within each ROI indicates the portion of the biscuit surface 
above 120 ◦C. An ANOVA was also performed on the temperature sta
tistics. At the initial stage, no significant differences were observed 
among shapes; as expected, the mean and maximum recorded temper
atures increased with baking time, except at 26 and 41 min, which were 
comparable. In contrast, differences emerged after 90 s of cooling, with 
Star-shaped and Irregular-shaped biscuits being cooler than Round- 
shaped biscuits. Finally, the surface proportion exceeding 120 ◦C was 
significantly affected by baking time, whereas no significant effect of 
biscuit shape was detected.

3.5. Wavelength selection

Based on the single-biscuit spectra reported in Fig. 5, the reflectance 
values were not proportionally shaped according to baking time. Neither 
the first derivative showed clear discrimination among baking durations 
(Fig. 5). This lack of clear discrimination suggests that acrylamide- 
related information is not confined to individual wavelengths but is 
distributed across the spectrum and partially masked by shape- and 
surface-related variability. Consequently, a multivariate approach was 
required to extract the relevant spectral information, and PLSR was 
applied. Based on the VIP assessment, for both SNV and DI, the key 
regions of the monitored spectrum were the lower wavelengths (below 
1000 nm), a peak around 1200 nm, and the 1350–1450 nm range. The 
VIP score plots are shown in Fig. 6. Single wavelengths were then 
selected from each key region using iPLS analysis. The model that ach
ieved the best performance for AA prediction, presented in Fig. 7a, 
combined the SNV and DI datasets and included nine components, 
yielding a cross-validation R2 of 0.30 and a cross-validation RMSE of 
61.23 μg kg− 1.

By reducing the predictors to a minimum number of features, an MLR 
model including the SNV reflectance at 1160 nm and the first derivatives 
at 1364 nm and 1556 nm achieved performance comparable to that of 
the aforementioned PLSR model, as shown in Fig. 7b. However, when 
the two most meaningful morphological traits identified in Section 3.2, 
namely Surface and Rq, were included, the MLR model improved, 
reaching an R2 of 0.51 and an RMSE of 57.75 μg kg− 1 (Fig. 7c).

3.6. Models’ performance

Once the most meaningful features were identified for each data 
group, a series of MLR models was tested, and their performance was 

Fig. 2. Exponential function of AA content (μg kg− 1) in (a), and WC in (b) despite bakery time fitted on the experimental data, namely five repetitions, five bakery 
times (i.e., 0, 10, 18, 26, 41 min), and four kinds of shape: Round, Striped, Star, and Irregular. Error bars depict the standard error of the model computed within 
the five repetitions at each record.

Table 1 
Coefficients AA∞ and ke derived from Eq. (2). Letters indicate statistical differ
ences determined by the Tukey test.

Shape AA∞ (μg kg− 1) ke (min− 1)

Round 235.7 ± 38.1a 0.109 ± 0.031
Striped 329.2 ± 40.8b 0.095 ± 0.036
Star 304.5 ± 23.9b 0.112 ± 0.044
Irregular 367.0 ± 39.9c 0.129 ± 0.042

Table 2 
Conventional traits are reassumed from baked biscuits at progressively longer times. Average and SD of the weight, height (Zm), surface area, and volume (n = 5).

Shape Baked (min) Weight (g) Zm (mm) Surface (mm2) Volume (mm3)

Star 10 22.336 ± 0.510 10.3 ± 2.1 3595.7 ± 145.9 31160 ± 5852
Star 18 21.983 ± 1.091 10.8 ± 1.3 3586.1 ± 585.1 30420 ± 3634
Star 26 21.832 ± 0.586 10.9 ± 1.7 3516.7 ± 507.2 30320 ± 3407
Star 41 20.840 ± 0.534 9.8 ± 1.5 3343.8 ± 274.9 27620 ± 4337
Striped 10 22.581 ± 1.827 9.8 ± 2.5 3919.1 ± 320.3 30300 ± 6884
Striped 18 21.521 ± 1.622 10.1 ± 1.1 3859.1 ± 195.5 30840 ± 2802
Striped 26 21.972 ± 1.128 10.7 ± 2.2 3917.8 ± 202.2 32260 ± 4941
Striped 41 21.467 ± 0.796 9.5 ± 0.8 3729.5 ± 212.4 28280 ± 1891
Round 10 22.248 ± 1.017 9.9 ± 2.7 3484.2 ± 141.6 30920 ± 7762
Round 18 21.78 ± 1.281 10.4 ± 2.1 3487.5 ± 180.4 32240 ± 5766
Round 26 21.644 ± 1.445 11.0 ± 2.0 3459.3 ± 108.4 33760 ± 5048
Round 41 21.403 ± 0.740 9.8 ± 1.4 3312.7 ± 153.2 29640 ± 3884
Irregular 10 22.935 ± 0.378 10.3 ± 2.1 3802.7 ± 185.9 30420 ± 6235
Irregular 18 22.191 ± 0.353 11.2 ± 1.8 3608.6 ± 271.6 32000 ± 6201
Irregular 26 22.055 ± 0.252 11.1 ± 2.2 3599.9 ± 222.8 30120 ± 4766
Irregular 41 21.459 ± 0.394 10.0 ± 0.8 3439.4 ± 259.0 27980 ± 2501
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Fig. 3. a) Scores of each item plotted against the first and second components of the PLS-DA, performed on the morphological parameters and grouped according to 
their kind of shape; b) VIP for all the morphological parameters tested in the PLS-DA model, definitions are listed in Table A2.

Fig. 4. Boxplots depict three morphological traits recorded for each shape type across five repetitions and four baking times (20 items per boxplot).

Table 3 
CIELab indices are reassumed against shape and baking time. The mean is the 
average value across repetitions; the CV within each biscuit is averaged across 
repetitions (n = 5).

Shape Baked L* a* b*

(min) Mean Cv Mean Cv Mean Cv

Round 10 33.7 0.145 16.2 0.318 28.3 0.100
Round 18 23.5 0.239 15.8 0.315 21.1 0.230
Round 26 15.2 0.275 11.0 0.422 12.5 0.329
Round 41 10.7 0.278 6.0 0.700 5.3 0.341
Striped 10 31.6 0.162 15.5 0.303 27.1 0.091
Striped 18 22.1 0.229 15.2 0.298 20.2 0.209
Striped 26 15.3 0.290 11.1 0.435 12.2 0.292
Striped 41 9.8 0.357 5.7 0.822 4.8 0.419
Star 10 31.3 0.182 15.6 0.382 27.5 0.130
Star 18 22.3 0.247 14.9 0.359 20.3 0.251
Star 26 16.3 0.275 11.1 0.475 13.0 0.344
Star 41 10.3 0.311 5.2 1.012 4.8 0.477
Irregular 10 33.7 0.198 14.8 0.355 27.9 0.123
Irregular 18 23.1 0.275 14.6 0.380 21.1 0.245
Irregular 26 15.1 0.339 10.7 0.518 12.4 0.337
Irregular 41 10.2 0.360 5.5 0.891 5.1 0.411

Table 4 
Mean, maximum, and CV of temperatures within each biscuit averaged among 
repetitions (n = 5).

Shape Baked Initial 90′ Surface > 120 ◦C

(min) Mean CV Mean CV

Irregular 10 95.4 0.043 67.2 0.059 0.00
Irregular 18 115.0 0.069 79.1 0.207 0.27
Irregular 26 125.0 0.081 88.3 0.096 0.84
Irregular 41 126.0 0.079 92.2 0.062 0.87
Round 10 97.2 0.043 71.6 0.061 0.00
Round 18 117.0 0.067 89.8 0.074 0.43
Round 26 126.0 0.077 112.0 0.098 0.86
Round 41 126.0 0.077 96.3 0.064 0.88
Star 10 95.4 0.045 68.4 0.076 0.00
Star 18 115.0 0.076 82.7 0.090 0.32
Star 26 123.0 0.092 85.6 0.100 0.79
Star 41 125.0 0.093 92.7 0.084 0.82
Striped 10 97.2 0.048 72.7 0.062 0.00
Striped 18 117.0 0.074 89.4 0.080 0.40
Striped 26 125.0 0.080 98.0 0.114 0.83
Striped 41 126.0 0.078 95.1 0.055 0.87
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compared. All the tested models are listed in Eq. (19− 26), and the ac
ronyms' descriptions are reported in Table 5, while the models' perfor
mances on the validation dataset are compared in Table 6. The models' 
performances are quite similar, underscoring the relevance of each 

dataset type for predicting AA. However, Lab and Morpho performed 
best among the tested models for AA’ prediction. Fig. 8 shows the 
comparison between the AA and AA’ from all the items (n = 80) in some 
relevant MLR models and coloured by the biscuit's shape. 

Fig. 5. The reflectance spectrum of each kind of shape is presented, from left to right: Round, Striped, Star, and Irregular-shaped. In the top row, the SNV spectra are 
displayed, while the DI spectrum is displayed on the bottom row. The colour of the line means the baking time: 10 min, 18 min, 26 min, 41 min. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 6. VIP score derived from the PLSR: a) wavelengths from the SNV dataset, b) wavelengths from the DI dataset. The red-dashed line traces a score of 1, used as a 
preliminary threshold. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 7. The scatterplots depict the actual and predicted AA resulting from the PLSR model run on the SNV and DI datasets (a), the MLR model using only three 
essential wavelengths (b), and an MLR model including wavelengths and morphological traits (c), among four kinds of shape: Round, Striped, Star, and Irregular.

A. Zanchin et al.                                                                                                                                                                                                                                Food Control 192 (2027) 112581 

8 



Hyp : AA' = β1SNV1160 + β2DI1364 + β3DI1556 + β0 (19) 

Hyp,Morpho : AA'

= β1SNV1160 + β2DI1364 + β3DI1556 + β4Rquad

+ β5 solidity + β0 (20) 

Lab : AA' = β1Lsd ++β2bm + β0 (21) 

Lab,Morpho : AAʹ= β1Lsd + β2bm + β3Rq + β4 Surface + β0 (22) 

Hyp, Lab,Morpho : AAʹ= β1SNV1160 + β2DI1364 + β3DI1556 + β4Lsd

+ β5bm + β6Rq + β7 Surface + β0

(23) 

Lab,Temp : AAʹ= β1Lsd + β2bm + β3TsdS + β0 (24) 

Lab,Temp,Morpho : AAʹ= β1Lsd + β2bm + β3TsdS + β4Rq + β5 Surface

+ β0

(25) 

All : AAʹ= β1Lsd + β2bm + β3TsdS + β4SNV1160 + β5DI1364 + β6Rq

+ β0

(26) 

4. Discussion

The evolution of acrylamide concentration during baking followed 
pseudo-first-order kinetics behaviour, confirming that this trend also 
applies to these chestnut-based biscuits (Alessia et al., 2022; Van Der 
Fels-Klerx et al., 2014). The AA content of the present biscuits was 
approximately comparable to, or lower than, that reported for com
mercial products made with different types of flour (Mesías et al., 2019). 
In the current study, AA content ranged from 85.2 μg kg− 1 to 
431.3 μg kg− 1. In other chestnut flour-based products, AA content 
ranged from 4 μg kg− 1 to 159 μg kg− 1 (Karasek et al., 2009). Direct 
comparisons should be interpreted with caution because the available 
studies differ in dough formulation, baking protocol, and analytical 
methodology. Notably, exceptionally high AA levels were not recorded 
even after 41 min of baking. One possible explanation is that the natu
rally occurring antioxidant compounds in chestnut flour may partially 
limit AA formation (Donno et al., 2023; Mesias & Morales, 2016). 
Similarly, the high water-holding capacity of chestnut flour may have 
delayed surface dehydration, thereby reducing the conditions favour
able for AA formation (Mesias & Morales, 2025). Alternatively, the 
selected baking temperature or baking system may not have sufficiently 
promoted AA formation (Ahmad et al., 2022; Açar & Gökmen, 2010). In 
the present experimental design, biscuit shape accounted for the largest 
part of the observed variability. The present findings are consistent with 
the crust model proposed by (Gökmen et al., 2008), which suggests that 
heat-sensitive boundaries and surface ripples on Irregular and Striped 
biscuits promote AA synthesis, on average. As shown in Section 3.1, 
analysis of the AA kinetics (Eq. (2)) among shapes showed that shape did 
not affect the rate of increase in AA (ke); instead, it appeared to have a 
primary effect on the AA∞ owing to its geometrical traits, with the 
Round shape recording the lowest AA∞ (Table 1) because of its more 
compact geometry. Fig. 9 illustrates the structure of a representative 
sample from each shape type. The Round biscuit (Fig. 9a) has the most 
regular shape and a nearly uniform surface texture. In the Striped bis
cuit, the texture follows the stripe pattern, which is visible both in the 

Table 5 
The meanings of the acronyms used in Eq. (19− 26) are listed here, grouped by 
the analysis technique they originated from.

Kind of data Acronym Meaning Unit

Hyperspectral SNV1160 Reflectance of a biscuit 
normalised at SNV

Normalised 
reflectance

​ DI1364 First derivative of the SNV 
spectrum at that wavelength

Normalised 
reflectance

​ DI1556 First derivative of the SNV 
spectrum at that wavelength

Normalised 
reflectance

Colour Lsd SD L superficial within each 
biscuit

NA

​ bm Mean b superficial value from 
each biscuit

NA

Temperature TSsd SD of the superficial temperature 
within each biscuit at the start of 
the monitoring

◦C

Morphology Rq Quadratic roughness mm
​ Surface Surface area of the biscuit's visible 

part
mm2

Table 6 
The performances retrieved from the validation test (n = 16) of the MLR models 
used in Eq. (19)− 26 for AA prediction are presented.

Model R2cv RMSEcv (μg kg− 1) MAPEcv (%)

Hyp 0.33 56.7 21.5
Hyp, Morpho 0.44 51.2 19.4
Lab 0.36 52.4 19.9
Lab, Morpho 0.55 44.6 16.9
Lab, Hyp, Morpho 0.51 43.3 17.9
Lab, Temp 0.36 52.7 20.0
Lab, Temp, Morpho 0.54 45.2 17.1
All 0.51 48.1 18.2

Fig. 8. The scatterplots depict the actual and predicted AA values from the most prominent MLR models: a) Lab, b) Lab, Morpho, c) Lab, Temp, Morpho, d) Lab, 
Temp, Hyper, Morpho. The black-dashed line represents the perfect regression. Colours referred to the kinds of shapes: Round, Striped, Star, and Irregular. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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cross-section and in the depth map in Fig. 9b. In the Star- and 
Irregular-shaped biscuits (Fig. 9c and d), depressions are concentrated in 
the biscuit's centre, while peaks surround the biscuit border. These 
morphological differences provide a plausible explanation for the het
erogeneous heat distribution observed during baking and, consequently, 
for the spatial variability of AA accumulation.

Given the promising results reported in the literature on the use of 
HSI for AA prediction, the evaluation began with this technique. The 
wavelengths selected in the present study were close to those previously 
reported, except for 1364 nm, which may reflect a different interaction 
with the matrix under investigation. Wavelengths around 1360 nm have 
previously been associated with the stretching vibrations of water 
molecules in starch-based products (Malegori et al., 2022; Zhang et al., 
2023). Wavelengths of 888 nm and 1123 nm have also been reported for 
roasted coffee, together with bands around 1450 nm and 1630 nm (Xie 
et al., 2024), whereas key wavelengths at 1430, 1520, and 1630 nm 
were identified in potatoes (Jar et al., 2025). The best-performing PLSR 
model also combined the SNV and DI datasets for AA prediction, 
consistent with the findings of Jar et al. (2025). However, the predictive 
performance achieved in the present study was lower than that reported 
for coffee (external validation R2cv = 0.81, RMSEcv = 37.4 μg kg− 1, 
mean AA = 268.3 μg kg− 1) and potatoes (R2cv = 0.82, 
RMSEcv = 219 μg kg− 1, mean AA = 727 μg kg− 1) (R2cv = 0.89, 
RMSEcv = 733.8 μg kg− 1; AA range = 233–3363 μg kg− 1). Direct 
comparisons should be interpreted with caution because the concen
tration ranges and food matrices differed substantially among studies. 
Nevertheless, despite the large number of spectral variables included in 
PLSR models, only three selected wavelengths were sufficient to achieve 
an acceptable AA prediction using MLR after feature selection. There
fore, the data acquisition procedure and spectral analysis followed a 
well-established methodology, suggesting that bakery products may 
represent a challenging matrix for HSI. Under the investigated condi
tions, the additional spectral information provided by hyperspectral 
imaging did not translate into a substantial improvement in AA pre
diction compared with models based solely on CIELab colour features. 
The biscuit geometry and the intrinsic characteristics of the matrix are 
likely to interfere with hyperspectral signal acquisition, thereby 
affecting the consistency of surface reflectance. A possible explanation is 
that HSI may primarily captures the overall moisture-loss process 
occurring at the product surface, whereas AA accumulates locally in 
hotspots that have reached the activation energy required for its for
mation. This may explain why local AA accumulation continues within 
these hotspots according to its kinetic behaviour (Eq. (2)), while HSI 
predominantly reflects the average spectral properties of the entire 

surface. Moreover, matrix-related interferences, including light scat
tering and background reflectance, have been reported to substantially 
affect absorbance measurements when detecting localised contaminants 
(Ma et al., 2019; Soni et al., 2022). However, based on the experimental 
design of the present study, it was not possible to isolate and quantify the 
specific contribution of biscuit shape to hyperspectral variability. 
Nevertheless, incorporating a morphological predictor into the 
best-performing Hyp, Morpho-MLR provided a modest improvement, 
increasing R2cv from 0.33 to 0.44 while reducing the MAPEcv from 
20.5% to 19.4%.

Although HSI showed limited performance in AA prediction, surface 
colour proved the most informative source of data, even in dark doughs 
such as chestnut-based biscuits. Beyond the established relevance of the 
L* index for AA prediction (Sepehr et al., 2026), the present study 
suggests that the b* index is more important than a*, which is tradi
tionally more closely associated with surface browning (Gökmen et al., 
2008). Because the raw dough is inherently brown, its dark colour may 
have increased the sensitivity of b* more sensitive to colour changes 
occurring during baking in this type of product. Indeed, the average L* 
and b* values were strongly correlated with baking time. Moreover, 
their within-biscuit variability, assessed by the coefficient of variation 
(Lcv and bcv), was closely associated with AA content. Pronounced 
colour variability may indicate clusters of pixels on the biscuit surface 
where the conditions for AA formation are particularly favourable (i.e., 
rapid dehydration and intense hot-air exposure). This local surface 
heterogeneity may have been captured more effectively by colour 
analysis than by HSI. Compared with HSI, the CIELab analysis provided 
a higher spatial resolution (25 pixels mm− 2 versus 11.1 pixels mm− 2). 
Although the colour images were resampled to optimise the generation 
of the point clouds, their native spatial resolution remained substantially 
higher than that of the HSI images. Consequently, the colour analysis 
may have preserved small-scale surface features that were smoothed in 
the HSI. This interpretation is supported by the superior performance of 
the Lab-MLR adding with the Hyp-MLR. Moreover, incorporating the 
Hyp predictors into the Lab, Morpho MLR (colour and morphological 
predictors) did not improve predictive performance. On the contrary, 
MAPEcv slightly increased from 16.9% to 17.9%, and R2cv slightly 
increased from 0.55 to 0.51, indicating that the additional spectral in
formation did not provide complementary predictive value.

Among the thermal descriptors evaluated, only the within-biscuit 
surface temperature SD was retained in the final prediction models. 
Whereas the mean surface temperature represents the overall thermal 
state of the biscuit, SD primarily reflects temperature variability. Due to 
the complex geometry and variable surface texture of the baked product, 

Fig. 9. The first row collects cross-sections from four sampled biscuits baked for 10 min. The second row collects the depth map according to the X, Y, and Z co
ordinates, currently scaled. Z equal to 0 means the tray level. (a) represents a Round biscuit, (b) Striped, (c) Star, (d) Irregular.
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the surface temperature cannot be uniform. Accordingly, AA is unlikely 
to be evenly distributed across the biscuit surface and is expected to 
accumulate preferentially in the hottest regions. In this context, surface 
temperature variability may represent a particularly informative pre
dictor of AA accumulation. Nevertheless, incorporating thermal pre
dictors into the MLR models provided only a limited improvement in 
prediction performance compared with the combination of colour and 
morphological descriptors. This limited improvement suggests that the 
thermal information was largely already encoded in the colour and 
morphological descriptors, which integrate the cumulative effects of 
heating, dehydration, browning, and local surface geometry during 
baking.

Although combining conventional non-contact analytical techniques 
provided only limited improvements in AA prediction, the inclusion of 
3D morphological descriptors substantially enhanced model perfor
mance in assessing AA accumulation in bakery products. The current 
scientific literature has primarily focused on total mass and product 
thickness, from which the SA:V is derived (Manley & Clark, 2011). In the 
present study, however, SA:V was almost comparable across shapes, 
whereas AA content varied consistently. Instead, subtle differences in 
biscuit geometry were captured by specific descriptors, such as Rq and 
Surface, which consistently improved the MLR models (i.e., all models 
labelled as “Morpho”), with the Lab, Morpho-MLR achieving the best 
overall performance. This model returned a MAPEcv of 17%, which is 
comparable with the uncertainty typically reported for commercial 
ELISA kits (≈20%). The superior performance of the Lab, Morpho-MLR 
may be explained by three factors. First, colour and 3D features were 
acquired at the highest spatial resolution among the evaluated tech
niques, allowing the finest surface details of the biscuit matrix to be 
captured. Indeed, the spatial resolution of the evaluated techniques was 
approximately 25 pixels mm− 2 for colour and 3D analysis, 11.1 pixels 
mm− 2 for HSI, and only 1.6 pixels mm− 2 for thermal imaging. Second, as 
reported in Section 3.2, these descriptors effectively differentiated bis
cuit shapes; specifically, Rq was directly selected as a relevant feature, 
while Surface contributed to the calculation of Solidity, which was also 
identified as a relevant descriptor for shape discrimination. Third, ac
cording to the crust model of AA formation, Rq and Surface describe the 
superficial texture of baked products: surface reflects the amount of 
active substrate available per biscuit, whereas Rq characterises the 
spatial conformation of the biscuit surface. Indeed, Irregular and Striped 
biscuits exhibited the highest Rq values, whereas the Round shape 
showed the lowest. The surface and border characteristics from which 
Rq and Surface were derived are illustrated in Fig. 9. Rougher surfaces 
may promote AA accumulation through several mechanisms, including 
an increased active surface area, the formation of regions prone to faster 
dehydration, and enhanced convective heat transfer due to greater 
airflow over the surface (Alessia et al., 2022). Therefore, a detailed 
quantitative description of biscuit texture may represent an important 
advancement for AA prediction in bakery products with variable ge
ometries. Previous studies have mainly focused on dough formulation or 
baking temperature, whereas the effect of product shape has received 
little attention. As previously discussed, ingredients such as different 
flours or AA-reducing additives (e.g., sodium chloride or antioxidants) 
primarily influence the activation energy required for AA formation, 
while higher baking temperatures provide additional energy to activate 
the reaction pathways. These factors mainly affect the rate of AA for
mation. In contrast, biscuit shape did not significantly influence the 
apparent reaction rate constant (ke), indicating that geometry does not 
alter the intrinsic kinetics of AA formation under the investigated con
ditions. As shown in Fig. 2, the curves corresponding to the different 
shapes are essentially parallel, whereas the maximum attainable AA 
content differs among shapes because different geometries expose 
different portions of the biscuit surface to conditions favourable for AA 
formation. Consequently, a higher AA plateau (AA∞) cannot be attrib
uted to an increased synthesis rate (ke), since all biscuits were prepared 
from the same dough and baked under identical conditions. Instead, the 

differences among shapes are more likely associated with differences in 
surface heating and dehydration before the activation threshold for AA 
formation is reached. In certain geometries, faster surface warming and 
dehydration may prepare a larger proportion of the surface for AA for
mation, thereby increasing the maximum attainable AA concentration. 
Consequently, future strategies for mitigating AA formation may benefit 
more from limiting local surface overheating (Ahrne et al., 2007; 
Isleroglu et al., 2012) than from attempts to modify the intrinsic kinetics 
of AA formation alone.

As a further outcome of the comparison among the four contactless 
analytical techniques, the best-performing predictive model relied 
exclusively on data acquired from standard RGB sensors, making it 
suitable, at least, for preliminary AA screening. Both the biscuit surface 
colour and the images required for 3D reconstruction by photogram
metry were acquired using a conventional RGB camera. Although 
photogrammetry requires multiple images or a multiview acquisition 
system, together with dedicated hardware and software for post- 
acquisition image processing, it remains more cost-effective than other 
optical sensing technologies, such as HSI and thermal imaging. More
over, RGB imaging requires only basic adjustments, such as light in
tensity and colour balance, whereas HSI systems require white- and 
dark-reference calibrations to ensure measurement reliability 
(Henriksen et al., 2022). Thermal cameras may also require periodic 
calibration. Although the Lab, Morpho model showed the best predictive 
performance under the investigated conditions, the combination of RGB 
imaging and photogrammetry appears to represent a promising moni
toring strategy, providing a practical balance between prediction accu
racy, implementation cost, and operational simplicity. Furthermore, 
RGB cameras are already widely installed above conveyor belts in 
modern bakery plants for routine product inspection. Compared with 
HSI and thermal imaging, RGB-based multiview imaging may offer 
greater flexibility for integration into existing industrial inspection lines, 
although dedicated hardware and synchronisation would still be 
required for reliable photogrammetric reconstruction of moving 
products.

In conclusion, the experimental results suggest that surface-related 
information and spatially resolved measurements are important for 
improving AA prediction. Considering that the "Lab, Morpho" model 
provided reliable predictions (Table 6) and that colour and height in
formation are available point-by-point, the proposed approach was 
extended to estimate the spatial distribution of AA across the biscuit 
surface. Accordingly, the simplified "Lab, Morpho" model (Eq. (27)) was 
used to derive the coefficients for a second model that estimated AA 
content at each point using the local colour and roughness descriptors 
(namely Li*, bi*, and Rqi, where Rqi is the quadratic deviation of Zqi 
from Zi), while the whole-biscuit Rq and Surface values were included to 
account for the overall shape effect. Details are reported in Eq. (28). 

AAʹ= β1L∗ + β2b∗ + β3Rq + β4(Rq ∗ Surface) + β0 (27) 

AAí = β1Li∗ + β2bi∗ + β3Rqi + β4(Rq ∗ Surface) + β0 (28) 

The average RMSE of the point-by-point predictions reflected the 
performance of the whole-biscuit model (RMSE = 48.17 μg kg− 1, 
MAPE = 16.5%), with the highest average RMSE observed for the 
Irregular shape and the lowest for the Star shape. The resulting spatial 
predictions are presented in Fig. 10, where the progressive accumulation 
of AA is visible in both the Round and Irregular biscuits. Predictions for 
the Star shape are shown in Fig. 11a and b, whereas Fig. 11c and 
d presents the Striped biscuits. The aim of the point-by-point modelling 
was not to quantitatively reconstruct the local acrylamide concentra
tion, but rather to provide a qualitative representation of regions more 
likely to favour AA accumulation. In particular, the biscuit borders and 
the protruding regions of the Star shape appear to be preferential sites 
for AA formation, whereas the valleys between the stripes exhibited 
lower predicted AA than the corresponding peaks. Similar spatial 
modelling approaches may support the future design of bakery products 
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with geometries that are less prone to local AA accumulation. However, 
further experimental validation at the local scale will be required before 
this approach can be considered for practical applications.

5. Conclusions

In the present study, AA content in chestnut-based biscuits was 
investigated using non-contact sensing techniques. Four imaging-based 
sensing approaches were compared based on the hypothesis that the 
surface characteristics of baked products, which depend on their 3D 
geometry, may play an important role in AA formation. Under the 
investigated conditions, HSI showed lower predictive performance than 
previously reported for other food matrices, suggesting that its appli
cation to bakery products may require further optimisation or additional 
approaches to account for matrix-specific variability. Thermal moni
toring of the biscuit surface provided only a limited improvement in AA 
prediction, whereas colour analysis, particularly lightness and the 
blue–yellow balance, yielded relevant predictive information. Morpho
metric evaluation based on 3D reconstruction further improved AA 
prediction by accounting for biscuit shape variability. In particular, 

surface roughness and the effective 3D surface area were associated with 
differences in predicted AA accumulation among biscuit geometries. 
Although chromatographic methods coupled with mass spectrometry 
remain the reference approach for AA determination, the proposed 
methodology may provide a rapid, contactless screening tool for online 
process monitoring, enabling the early identification of potential process 
deviations during production and supporting timely corrective actions.
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Fig. 10. AA’ is mapped on the biscuit's surface. Irregular biscuits are collected in the top row and Round biscuits in the bottom row. Lettes indicate a baked time: (a) 
10 min, (b) 18 min, (c) 26 min, (d) 41 min.

Fig. 11. AA’ is mapped on the biscuit's surface. Star biscuits are collected in (a) and (b), Stripped biscuits in (c) and (d); moreover, (a) and (c) were baked at 18 min, 
(b) and (d) were baked at 41 min.
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Appendix A. Supplementary data

Table A1 
AA average content and SD.

Shape Baking time (min) AA (μg kg− 1)

Round 10 145.7 ± 20.3
Round 18 207.8 ± 52.8
Round 26 228.3 ± 98.0
Round 41 220.0 ± 33.1
Striped 10 193.7 ± 60.8
Striped 18 262.6 ± 49.0
Striped 26 276.9 ± 54.4
Striped 41 328.2 ± 36.4
Star 10 210.3 ± 32.2
Star 18 233.4 ± 49.9
Star 26 275.1 ± 21.2
Star 41 306.9 ± 20.2
Irregular 10 272.9 ± 46.0
Irregular 18 314.5 ± 49.6
Irregular 26 330.4 ± 59.0
Irregular 41 373.1 ± 50.6

Table A2 
Definition of acronyms reported in Fig. 3b.

Acronym Definition

am Average a* from CIELab
acv CV of a* from CIELab within biscuit
bm Average b* from CIELab
bcv CV of b* from CIELab within biscuit
Lm Average L* from CIELab
Lcv CV of L* from CIELab within biscuit
Hm Average mean curvature (H)
Ksd Gaussian curvature (K) standard deviation
Zsd Standard deviation of the biscuit's height
Volume Measured biscuit's volume
Km Average gaussian curvature (K)
Hsd Averager curvature (H) standard deviation
Zm Average biscuit's height
Rg Global roughness
minaxis Average length of the minimum axis
Maxaxis Average length of the maximum axis
perimeter Average biscuit's perimeter
AR Average axis ratio
Rq Quadratic roughness
concave_A Concacave area
Ra Average roughness
surface Average surface area of biscuits
solidity Average solidity

Data availability

Data will be made available on request.
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