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A B S T R A C T

Understanding the mechanical behaviour of plant fibres is crucial not only for advancing knowledge of plant 
biomechanics but also for exploring their potential in bio-based material applications. Amazonian palms, in 
particular, represent highly valuable but underestimated crops. Tensile tests are widely used to characterize the 
mechanical properties of biological materials, such as different plant organs. However, assessing their elastic 
properties from coupons requires accurate strain measurements, which remain challenging for such heteroge
neous materials, thereby driving the development of advanced measurement techniques. This study focuses on 
the analysis of strain measurements using Digital Image Correlation (DIC), a non-contact optical technique that 
evaluates displacement fields from images captured during mechanical tests. Digital image correlation offers 
several advantages, including high spatial resolution, two-dimensional mapping of local strains, and non- 
intrusive measurement, while presenting challenges such as proper coupon positioning, image processing, ac
curate error quantification, and the assessment of experimental biases (e.g., offsets caused by edge curvature). 
This study evaluates the potential of DIC in assessing the tensile behaviour of leaflets of two Amazonian palm 
species (Euterpe oleracea and Oenocarpus bataua), in comparison to laser extensometry. Repeated tensile tests 
allowed the estimation of the accuracy of DIC and its reliability for measuring strains, elastic moduli and 
Poisson’s ratios. The analysis revealed significant differences in elastic moduli and Poisson’s ratio between the 
two palm species, and spatial heterogeneity of full-field deformation within the leaflet coupons. Careful iden
tification and exclusion of local artefacts were applied to obtain reliable measurements and ensure meaningful 
comparisons between the leaflets of the two studied species. Overall, these results confirm the potential of 2D- 
DIC for the mechanical analysis of plant materials, while also opening perspectives in understanding the re
lationships between anatomical structure of leaflets and their mechanical properties.

1. Introduction

Tensile tests are widely used to characterize the mechanical prop
erties of plant materials, assessing features such as the tensile properties 
of tissues and cell walls (Bidhendi and Geitmann, 2018). These tests 
provide valuable information on key mechanical parameters, such as 
elastic properties (modulus of elasticity and Poisson’s ratio), ultimate 
strength, and strain at break. These parameters can be used to 

hypothesize the mechanical strategies employed by plants to ensure 
their growth, development, and response to external stresses (e.g., wind 
and gravity) (Bidhendi and Geitmann, 2018). While micromechanical 
tools, such as piezoresistive or piezomagnetic force sensors, are well 
adapted to the measurement of low mechanical tensile stresses (ratio 
between axial loading force and area of the resistive cross-section) and 
are easy to implement for uniform coupons of homogeneous materials, 
the measurement of low strains in heterogeneous and possibly 
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anisotropic plant structures is much more complex.
Among the various experimental techniques for monitoring strain, 

crosshead displacement is rarely used due to the unreliability in strain 
measurement caused by slippage in the grips and frame compliance. 
Strain gauges, which are resistive sensors attached to the material sur
face, are commonly used to measure local deformations (Shah and 
Harle, 2017). Although they provide precise data, their application is 
limited to a restricted region of the material coupon, and the glue used 
for fixation can modify or even damage the coupon, and bias its 
response, and hence influence the results (Lin et al., 2024). Alterna
tively, mechanical extensometers, such as axial clip-ons, use displace
ment sensors to measure elongation between two points of the coupon. 
However, this method is also prone to errors due to possible slippage 
(Lin et al., 2024) and could damage the coupons. Another method, the 
uniaxial laser extensometer, offers high accuracy and a non-contact 
technique, but does not allow for the assessment of full-field strain, 
and therefore gives no information about sample anisotropy and het
erogeneity (Hercher et al., 1987).

Digital image correlation (DIC) overcomes these limitations by 
providing non-intrusive, full-field strain measurements over the entire 
coupon surface with high spatial resolution. It compares high-resolution 
images of a coupon's surface to track the displacement of several distinct 
points (Passieux and Perie, 2020). Thanks to these advantages, DIC is 
now widely used in various scientific and engineering fields (Das et al., 
2021; Dong and Pan, 2017; Haddadi and Belhabib, 2008; Khoo et al., 
2016; Leclerc et al., 2010; Lecompte et al., 2006; Lin et al., 2024; Liu 
et al., 2025; Malowany et al., 2019; Passieux and Perie, 2020; 
Sánchez-Arévalo and Pulos, 2008; Seon et al., 2019; Sun et al., 2024; 
Zhu et al., 2024) and is also used in biomechanical studies (Alméras 
et al., 2024; Bao et al., 2018; Dahle, 2017; Fischer et al., 2024; Mylo and 
Poppinga, 2023). Despite the growing use of DIC in material sciences, its 
application to highly heterogeneous biological materials remains chal
lenging due to the local mechanical heterogeneity and the presence of 
artefacts (out-of-plane motion and edge effects).

Palms (Arecaceae) are particularly abundant in the Amazon basin 
(Heijink et al., 2020; Muscarella et al., 2020; Siddiqui et al., 2024; Ter 
Steege et al., 2013) and are increasingly recognised as a model group for 
studying tropical rain forest biomes (Couvreur and Baker, 2013; Eiser
hardt et al., 2011; Kissling et al., 2012; Trujillo et al., 2021). Beyond 
their ecological significance, palms also hold substantial cultural and 
economic value (Cámara-Leret et al., 2017; Coelho et al., 2021; Eiser
hardt et al., 2011; Levis et al., 2017). This study focuses on two 
Amazonian species, Euterpe oleracea and Oenocarpus bataua, both widely 
used for basketry, construction, and as food (Bernal et al., 2011; 
Cámara-Leret et al., 2014; Granville, 1999; Kahn and Granville, 1992; 
Macía et al., 2011; Montúfar et al., 2010; Sosnowska and Balslev, 2009). 
Their use for basketry and construction is largely due to the high rigidity 
of their leaflets, which are composed of heterogeneous lignocellulosic 
tissues. Palm leaflets offer an ideal but unexplored model to evaluate the 
robustness and accuracy of DIC for studying the mechanical properties 
of heterogeneous plant tissues. Despite their high utilitarian value, 
Amazonian palm leaflets remain underexplored in the field of plant 
biomechanics. This knowledge gap limits the understanding of the re
lationships between their mechanical properties, and use, as well as 
their potential for valorisation in innovative industrial applications, 
such as the development of sustainable bio-based materials.

This study hypothesises that (i) DIC provides accurate and repro
ducible measurements of the elastic modulus, Poisson’s ratio and full- 
field deformation of palm leaflets, and (ii) DIC is sensitive enough to 
detect interspecific differences in mechanical properties between 
morphologically distinct palm species. This work aims to demonstrate 
its robustness and seek to extend its applicability to the broader char
acterisation of plant leaf mechanical behaviour. These hypotheseses will 
be tackled in the two hyperdominant Amazonian palm species, Euterpe 
oleracea and Oenocarpus bataua (Ter Steege et al., 2013). This study 
addresses two current gaps (i) the lack of empirical estimates of 

measurement uncertainty and robustness of DIC when applied to het
erogeneous plant tissues, and (ii) the scarcity of mechanical data for 
palm leaflets, which remain underevaluated yet potentially promising 
natural reinforcements.

2. Materials and methods

2.1. Leaflet sample collection and coupon preparation for tensile testing

Leaflets from three Euterpe oleracea (MC87_0279, MC87_0310, 
MC87_1027) and three Oenocarpus bataua palms (MC87_0074, 
MC87_0364, MC87_1019) were collected at the Regina site (4.0572◦N, 
–52.0864◦E) to estimate full-field systematic error and standard un
certainties obtained via DIC.

Then, leaflets were collected from 65 palms (35 Euterpe oleracea and 
30 Oenocarpus bataua) at two sites – the Regina site and the Nouragues 
Research Station (4.0791◦N, –52.6713◦E) – to assess the suitability of 
DIC against laser extensometry and investigate interspecific variability 
in palm leaf biomechanics.

Living leaflets were collected from the lowest leaf in the crown 
(Fig. 1a). Coupons were cut along the longitudinal direction (Fig. 1b), on 
either side of the main vein, and cut to 100 mm in length and 10 mm in 
width (Fig. 1c). Coupons were stabilised for 25 h at 60◦C, then in an air- 
conditioned room (ca. 24 ◦C and 60% RH) for at least two hours before 
testing. The thickness of the coupons was measured as the average of 
three measurements using a digital comparator (Mitutoyo ID-H0530, 
0.0005 mm/0.001 mm).

2.2. Tensile testing with a high-resolution camera and DIC post-processing

Tensile tests based on DIC (Fig. 2a) were carried out at the Research 
Unit EcoFoG, Kourou, using a tensile bench (MTS 20/MH) equipped 
with single-grip jaws and two sensors (1 and 100 kN) coupled to a 20- 
megapixel resolution camera (Basler acA5472–17um).

Tests were conducted at a constant displacement speed of 1 mm/min 
with synchronous acquisition of image and force data at 5 Hz. A preload 
was set at 5 N for each test to bring the coupons to an initial stress state 
and ensure repeatability (Cheng et al., 2009). To avoid damaging the 
coupons, the tests were carried out in the elastic domain of the coupons 
up to a maximum load of 16 N, which was previously established by 
conducting tensile tests until failure on 10 coupons of Euterpe oleracea 
(See Supplementary Fig.A1). The test length on the coupon was set at 
50 mm, which represents the height of the region of interest (ROI) 
(Fig. 2c, Fig. 3a) for the DIC algorithm. During tensile testing, strain 
measurements were obtained by DIC using the so-called “local” DIC 
technique. The principle of local DIC involves measuring a displacement 
field by comparing images before and during loading and then calcu
lating strains from a discrete set of displacements by applying numerical 
derivation (spatial gradient). The underlying DIC algorithm employs a 
local approach method, analysing subsets of the reference image against 
the deformed image (Fig. 3b). A subset is a rectangular area within the 
ROI of a reference image set at the beginning with no deformation 
(Fig. 3a). In the proposed study, the correlation between a deformed 
image and the reference image is performed using the Lucas Kanade 
method which calculates the best possible displacement of the neigh
bouring pixel subset (Lucas and Kanade, 1981) by solving the optical 
flow equations. Here, the subset window size was set to 80 × 80 pixels, 
with a grid interval of 20 × 20 pixels (Fig. 3a). This configuration helps 
to increase the resolution of the DIC measurement by using an over
lapping subset. Due to experimental and numerical biases, the resulting 
discrete displacement field generates systematic biases (Cheng et al., 
2002; Das et al., 2021; Haddadi and Belhabib, 2008; Khoo et al., 2016; 
Passieux and Perie, 2020) but this has not yet been evaluated for leaflet 
materials. To reduce these biases, the discrete displacement field was 
smoothed and interpolated using a bivariate B-spline to estimate a 
continuous displacement field (Dierckx, 1981). The smoothed 
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displacement field was finally used to produce a strain field, which was 
calculated using second order finite strain Lagrangian tensor. The Py
thon data-processing pipeline used in this study is based on the 
open-source Pydic suite (André, 2017) and adapted in order to 

synchronize both the force from the tensile bench and strain from the 
camera. Pydic is an open Python tool developed for DIC to compute 
displacement and strain. Pydic is based on several libraries such as 
Opencv, Numpy, SciPy and Matplotlib (Harris et al., 2020; Hunter, 

Fig. 1. Sampling and preparation of palm leaflets for tensile test: (a) example of a random selected leaflet from the lowest leaf within the crown; (b) schematic 
representation showing two coupons extracted on either side of the leaflet main vein and aligned with the longitudinal leaflet axis; (c) prepared coupons without and 
with speckle pattern (white paint), with a 100 mm in length and with two marked points spaced 50 mm, defining the Region of Interest (ROI).

Fig. 2. Experimental setups to compare strain measurements obtained by DIC and laser extensometry: (a) tensile test using DIC: MTS 20/MH tensile bench equipped 
with grip and two sensors (1 and 100 kN) coupled with a camera (Basler acA5472-17um); (b) tensile test using laser extensometer: a MTS Criterion C45.105 tensile 
bench equipped with pneumatic grip and a 1 kN sensor coupled with a laser extensometer (LX500).

Fig. 3. Illustration of the DIC correlation process with representative stress-strain curves: (a) region of interest (ROI) on the coupon and subset used for DIC; (b) 
schematic representation of the reference subset to the deformed subset; (c) stress–strain curves with the elastic ε range [0.05:0.20] highlighted on ε_xx and ε_yy 
(colored dots).
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2007; Virtanen et al., 2020). More details about the mathematical 
background and the related algorithms implemented in Pydic can be 
found in Das et al. (2021). To facilitate the DIC algorithm, coupons are 
often covered with a speckle in order to produce singular and random
ized patterns. Stress in the axial loading direction (σyy) was calculated by 
dividing the force by the initial non-loaded cross-sectional area (i.e. 
thickness × width) of the coupon. Then, the longitudinal elastic modulus 
(Ey) was obtained by ordinary least squares (OLS) linear regression of 
the stress-strain (σyy, εyy) curves over a strain range from 0.05% to 0.2% 
(represented by dots on curves, Fig. 3c), to avoid any potential error 
measurements on εxx at the beginning and at the end of the curves. 
According to Hooke’s law for orthotropic materials and under the 
assumption of uniaxial stress state, Ey can be deduced for uniaxial 
loading configurations with: 

Ey = σyy
/

εyy Eq. 1 

Furthermore, Poisson’s ratio (vyx), measured in the elastic domain, 
was determined as: 

vyx = − εxx
/

εyy Eq. 2 

where εyy corresponds to the strain in the axial loading direction, and εxx 
corresponds to the strain orthogonal to the axial loading direction. The 
same approach was applied to determine vyx by performing an OLS 
linear regression of − εxx against εyy over the same 0.05–0.2% strain 
range. For each test, the force-time curve was checked to ensure there 
were no plateaus or sudden drops, which would indicate potential 
slippage or local rupture at the grips.

2.3. Evaluation of systematic error (ϵs) and standard uncertainties (UA, 
UB, UC ) of strain measurement using DIC

Estimation of systematic error and combined standard uncertainty of 
strain measurement via DIC is already well documented (Badaloni et al., 
2015; Blaysat et al., 2016; Fayad et al., 2020; Iliopoulos and Andria
nopoulos, 2010; Li et al., 2021; Motra et al., 2014; Su et al., 2018; Yu and 
Lubineau, 2019). Here, we aim to assess whether our experimental re
sults fall within the ranges reported in previous studies. In our experi
ments, systematic effects (systematic error, ϵs, and type B standard 
uncertainty, UB) are estimated from the true value of a measurand (ε =
0) and are attributed to the correlation algorithm implemented in the 
software Pydic.

The random effects (type A standard uncertainty, UA) are estimated 
under repeatability conditions, which did not induce any damage to the 
coupons (Al-Zube et al., 2018; Al-Zube et al., 2017; Atkinson and Nevill, 
1998; Nelson et al., 2019; Taylor and Kuyatt, 1994). Then, the combined 
standard uncertainty (UC), which represents the repeatability, is esti
mated by combining systematic (type B uncertainty) and random effects 
(type A uncertainty).

The details of how the aforementioned errors and uncertainties were 
calculated are provided below: 

(i) A first series of 50 images was obtained from three Euterpe oler
acea (MC87_0279, MC87_0310, MC87_1027) and three Oeno
carpus bataua (MC87_0074, MC87_0364, MC87_1019) coupons in 
the same environmental conditions (2.1–2.2). The tests were 
conducted without applying any force or displacement. The 
measurand here is the local strain (ε) at each point (node) of the 
ROI (Fig. 3a). For each node, the mean value (xmean

i ) of the 
displacement and strain was calculated across the images. The 
mean value across nodes was then compared to 0. Any deviations 
from 0 correspond to the systematic error (ϵs) of the algorithm 
(Haddadi and Belhabib, 2008) as follows: 

ϵs =
1

NnodesNimages

∑Nnodes

i=1

∑Nimages

k=1

xi,k Eq. 3 

where Nimages is the number of images, Nnodes is the number of 
nodes within 

the ROI and xi,k is the measured value for node i in image k. 
The associated type B standard uncertainty (UB) is calculated as 

follows: 

UB =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Nnodes

∑Nnodes

i=1
(xmean

i − ϵs)²

√
√
√
√ Eq. 4 

(ii) Then, a series of 10 repeated tensile tests was performed on the 
same coupons to estimate deformation and associated type A 
standard uncertainty (UA). Here, the measurand is the full-field 
average strain measured by the DIC for a given coupon. First, 
the temporal and spatial average of the full-field deformation 
over all nodes is calculated following Eq. 3 for each repeated test. 
Then the result of the measurement is calculated as the mean of 
all repeated tests: 

x̂ =
1
n
∑n

j=1
xmean

j Eq. 5 

where x̂ is the result of the measurement and n the number of 
repeated tests j. 

Then the type A standard uncertainty UA is calculated as 
follows: 

UA =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n − 1

∑n

j=1
(xmean

j − x̂)

√
√
√
√ ² Eq. 6 

(iii) Finally, the combined standard uncertainty UC of the measure
ment is calculated as follows (JCGM, 2008; Taylor and Kuyatt, 
1994):

UC =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
UA² + UB²

√
Eq. 7 

A new campaign of 10 repeated tests was carried out under the same 
conditions on speckled coupons to analyse the possible improvement of 
this artificial speckling as compared with the natural pattern intrinsic to 
the leaflet tissues of both species. To do so, the Python package SciPy 
(Virtanen et al., 2020) was used to carry out Wilcoxon test between 
paired coupons, either with or without speckle.

2.4. Comparison of DIC with laser extensometry

A comparison with laser extensometry was conducted to assess the 
accuracy of DIC. This validation, also called triangulation, was per
formed by using the same measurand on the same set of coupons (JCGM, 
2012; Nelson et al., 2019). Tensile tests based on laser extensometry 
were carried out at IMT Mines Ales, using a tensile bench (MTS Criterion 
C45.105) equipped with pneumatic jaws and a 1 kN sensor, coupled to a 
laser extensometer (MTS laser extensometer LX500) (Fig. 2b). 
Displacement speed, force acquisition rate, preload and maximum 
loading were exactly the same as for the DIC experiments. Coupons were 
equipped with reflective tape markers to track uniaxial deformation 
during the test. The gauge length, i.e. the initial distance between the 
markers, was set at 50 mm, corresponding to the ROI used for DIC. The 
overall axial strain εyy was obtained from the relative change in marker 
distance. Elastic modulus (Ey) was calculated following Eq.1 over the 
same strain range as DIC (from 0.05% to 0.2%). To compare DIC with 
laser extensometry, the average axial strain εyy (along the loading 
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direction) of the 60 coupons was calculated over the ROI as the mean of 
the longitudinal strains of all subsets through DIC, and compared with 
the unique overall strain value measured by the laser extensometry 
technique on the same coupon. Mild outliers of εyy measurements 
(measured by either DIC or laser extensometry) were discarded using 
interquartile range (IQR)-based methods with Tukey fences set at 1.5 x 
IQR (Dastjerdy et al., 2023). After filtering, 58 coupons were retained 
(29 Euterpe oleracea and 29 Oenocarpus bataua). In order to compare εyy 

measurements from both measurement methods under equivalent stress 
conditions, three common levels of stress were defined. The common 
minimum and maximum of stress registered for DIC (σDIC) and for laser 
extensometry (σext) were determined as: 

σmin = max(min(σext),min(σDIC) ) Eq. 8 

σmax = min(max(σext),max(σDIC)) Eq. 9 

Then, three levels of stress σk were calculated using a factor α cor
responding to low, mid and high stress values: 

α = {0.1, 0.5, 0.9}

σk = σmin +αk(σmax − σmin) Eq. 10 

For each stress level σk, the corresponding εyy was determined by 
using the closest experimental points ik for laser extensometry and jk for 
DIC: 

ik = argmin
i
|σext(i) − σk |, jk = argmin

j
|σDIC(j) − σk | Eq. 11 

ε(k)ext = εext(ik), ε(k)DIC = εDIC(jk)

Because both measurement tests were subject to errors, the correla
tion of εyy measurements for DIC and laser extensometry was evaluated 
using a type II regression using RMA (Reduced Major Axis) with the 
SciPy package. The RMA slope reflects the variability of both methods, 
rather than the OLS (Ordinary Least Squares) regression (Smith, 2009). 
To evaluate the relation between both methods, the Pearson’s correla
tion coefficient (r) was reported. The modulus of elasticity Ey, was 
calculated for each coupon with εyy measurements from DIC and laser 
extensometry, as detailed in Eq.1. Then, a statistical analysis for paired 
data was performed using the Wilcoxon rank test from the SciPy.stats 
package (Virtanen et al., 2020) to determine whether relative differ
ences between the two tests are significant for εyy and Ey.

2.5. Inter-specific variability via DIC

To assess interspecific differences in Ey and vyx, 58 coupons were 
used (29 Euterpe oleracea and 29 Oenocarpus bataua) using DIC. Coupons 
with negative Poisson’s ratios were discarded from the calculation of vyx, 
resulting in 46 coupons (27 Euterpe oleracea and 19 Oenocarpus bataua). 
For each species, the mean, the standard deviation (SD), and the coef
ficient of variation (CV) were reported. The CV indicates the relative 
variability within each species and was calculated as the SD divided by 
the absolute value of the mean.

Interspecific differences in Ey and vyx were evaluated using a Mann- 
Whitney U test, implemented with the Python package SciPy.stats 
(Virtanen et al., 2020).

2.6. Heterogeneity in full-field deformation and edge effects

Heterogeneity in the full-field deformation and potential edge effects 
were visualised using heatmaps and quantified by estimating local εxx, 
εyy, and Poisson’s ratio in nine equal subareas of the ROI. To assess 
differences between edges and central zones a Wilcoxon signed-rank test 
was applied using the Python package SciPy.stats (Virtanen et al., 2020). 
Poisson’s ratio was computed via ordinary least squares regression as 
described in Eq. 2, and the coefficient of determination (R²) was used to 

evaluate the quality of the fit. Interspecific differences among central 
areas were assessed using the Mann-Whitney test.

2.7. Histological analysis and its relationship with DIC-derived 
biomechanical properties

A subset of 26 coupons (10 Euterpe oleracea – 16 Oenocarpus bataua) 
was used to carry out histological analysis. Image acquisition of thin 
leaflet sections stained with FASGA was carried out at the AMAP (botany 
and Modeling of Plant Architecture and vegetation) technical platform. 
The staining enabled discrimination of cellulosic tissues (blue) to 
lignified tissues (red magenta), thereby highlighting vascular bundles 
(Fig. 4a). Embedding, sectioning, staining and numerical imaging pro
cedure followed the recently published protocol by Fonti et al. (2025). 
For separating and quantifying the vascular bundles which have been 
reported to influence tensile strength and stiffness of plant tissues (Fathi 
and Frühwald, 2014; Gibson, 2012; Li et al., 2024; Li and Shen, 2011; 
Zhai et al., 2013), image analysis was performed using ImageJ software 
(Schneider et al., 2012). Then, the extraction process allowed discrim
ination of leaflet area, vascular bundle area and lumen area (within the 
bundles), all measured in pixels (Fig. 4). The bundle fraction was defined 
as the ratio of the bundle area to the leaflet area. The wall fraction was 
calculated as the ratio of the bundle wall area (difference between 
bundle and lumen areas) to the leaflet area. Finally, the bundle wall 
fraction was defined as the ratio of the wall area with the bundle area.

To assess the relationship between DIC-derived strain field and 
leaflet microstructure, the relationships between anatomical features 
and mechanical properties were analysed using OLS regression.

3. Results & discussion

3.1. Systematic error and standard uncertainty

The systematic error (ϵs) of the camera resulted in a discrete defor
mation field matrix of size [136 × 19 + /- 1 nodes]. The systematic 
error (ϵs) was in the range [5 × 10− 08 - 1.48 × 10− 05] for εyy and 
[5 × 10− 06 - 1.09 × 10− 04] for εxx. Despite the natural variability of 
palm tree leaflets, these values were comparable to previous studies on 
an aluminium coupon reported in the range [5 × 10− 06 – 1 × 10− 03] 
(Haddadi and Belhabib, 2008; Iliopoulos and Andrianopoulos, 2010). 
These results confirmed that the DIC strain measurement method 
exhibited low values of systematic error. Furthermore, the systematic 
error of εyy and εxx was equal to or lower than type B standard uncer
tainty (UB), indicating that no correction was needed to compensate 
(summarised results are provided in Supplementary Table A.1). The 
combined standard uncertainty (UC) ranged from [3.9 × 10− 5 - 
2.57 × 10− 4] for εyy and [6 × 10− 5 - 3.32 × 10− 3] for εxx. These values 
were similar to those reported in previous studies on aluminium coupons 
with a standard uncertainty value of [2.11 × 10− 5 – 5 × 10− 4] for εyy 

(Badaloni et al., 2015; Das et al., 2021; Iliopoulos and Andrianopoulos, 
2010). These comparisons with our results underlined the accuracy and 
repeatability of the method.

Although the positive effect of the speckle pattern on the accuracy of 
the displacement recordings is well established (Dong and Pan, 2017; 
Lecompte et al., 2006; LePage et al., 2017; Szalai et al., 2023), no sig
nificant difference was observed between speckled and non-speckled 
coupons either for εyy (p-value = 0.18) nor εxx (p-value = 1) (See dis
tribution of the standard deviation, Supplementary Fig.A3). Similarly, Ey 
did not differ significantly between coupons with and without speckling 
(respectively 2628 MPa and 2601 MPa, paired t-test, t-stat = − 0.81, 
p-value = 0.44). As demonstrated by Sánchez-Arévalo and Pulos (2008), 
some materials naturally exhibit random speckle patterns, as was the 
case with the palm leaflets tested, making speckling unnecessary.
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3.2. DIC vs laser extensometry

Paired Wilcoxon rank test revealed significant difference between 
the two measurements methods (p-value < 10− 8), indicating a system
atic bias between DIC and laser extensometer. For the same level of 
stress, εyy from DIC tended to be higher than those from laser extens
ometry with an estimated slope RMA of 1.16 and an intercept of 
4.99 × 10− 3 with p-value < 10− 26 (Fig. 5). The lower slope (0.82) and 
higher intercept (5.53 × 10− 2) with p-value < 10− 26 calculated from 
OLS regression (Fig. 5) showed that variability arises from errors 
affecting both measurement techniques rather than from a systematic 
bias of DIC. Nevertheless, a significant correlation was observed 
(r = 0.71, p-value < 10− 26) highlighting consistent covariation of εyy 

measurements across stress levels.
A comparison of Ey values from DIC and laser extensometer was done 

for the two species, Euterpe oleracea and Oenocarpus bataua. For both 
species, the mean Ey values were slightly lower with the DIC method 
compared to the laser extensometer, however no significant differences 
were found between the two methods (Table 1). These differences 
appeared to be small relative to the variability reported in other studies 
on plant fibres. In a benchmark study on the mechanical properties of 
single fibres, Jeannin et al. (2024) showed that the elastic modulus 
measured in different laboratories on the same type of fibre could give 
significant variability of values. The primary sources of variation were 
operator-dependent factors (fibre selection and handling), and experi
mental protocols (e.g., cross-sectional measurement). The authors also 
emphasized that image correlation can reduce uncertainties in strain 
measurements caused by frame compliance and/or slippage in grips.

In line with the first hypothesis, DIC demonstrated high accuracy by 

providing strain measurements consistent with laser extensometer. This 
validates its robustness for complex, fibrous biological materials where 
local heterogeneity challenges conventional approaches.

Fig. 4. Segmentation process of the FASGA stained leaflet section numerical images: (a) thin section of two palm species stained with FASGA, highlighting cellulosic 
tissues in blue and lignified tissues in red magenta; (a-1) Euterpe oleracea; (a-2) Oenocarpus bataua; (b) extraction of the vascular bundles from the leaflet mask of 
Oenocarpus bataua with the software ImageJ; (c) extraction of the lumen from the vascular bundles of Oenocarpus bataua.

Fig. 5. Comparison of two strain measurement methods through type II linear 
regression (Reduced Major Axis). The plot shows εyy measured by DIC versus εyy 
measured by laser extensometer with type II linear regression, ordinary least- 
squares regression and the identity line y = x. Levels of stress were defined 
for each strain measurement and are coloured in the plots.
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3.3. Potential of DIC for assessing inter-specific variability

DIC confirmed its ability to unveil differences in mechanical prop
erties between two morphologically distinct species. The stress–strain 
curves measured via DIC within the elastic domain of the 58 coupons are 
shown in Fig. 6. The DIC method exhibited relatively lower coefficient of 
variation than laser extensometry suggesting that it provides more 
precise measurements (Table 1). Ey showed significant interspecific 
differences (Mann-Whitney U-test, z = 5.88, p < 10− 8), with a mean of 
2194 MPa for Euterpe oleracea (29 coupons) and 1730 MPa for Oeno
carpus bataua (29 coupons). Such a high level of dispersion is charac
teristic of biological cellular materials (Alméras et al., 2024; Gibson, 
2012; Green et al., 2010; Li et al., 2024; Miyoshi et al., 2018; Niklas and 
Spatz, 2010). Plant tissues behave as anisotropic fibre-reinforced com
posites whose mechanical properties strongly depend on anatomical 
organization and the microfibrillar angle distribution in cell walls, 
leading to naturally high coefficients of variation. The observed vari
ability therefore represents intrinsic biological heterogeneity rather 
than experimental uncertainty. These results also suggest that DIC is 
sufficiently accurate to detect inter-specific variations in heterogeneous 
plant materials.

Although elastic modulus values in the literature are generally 
derived from individual fibres extracted from leaflet, the values reported 
here (~2 GPa) are consistent with those of other palm fibres such as coir 
(3 – 17 GPa) (Bourmaud et al., 2018; Tomczak et al., 2007) and piassava 
fibres (1 – 7 GPa) (d’Almeida et al., 2006; Müssig, 2010). These values 
are comparable to other lignocellulosic materials such as cotton (5.5 – 
13 GPa), silk (3 – 10 GPa) and wool (2.3 – 5 GPa) (Pickering et al., 
2016).

Stress–strain curves showed a shift in εxx for some coupons, leading 

to negative Poisson’s ratio, which is unexpected for such biological 
materials (See Supplementary Fig.A4). These aberrant values likely arise 
from out-of-plane motion and edge effect due to the curvature of the 
coupons. These negative values were thus excluded, resulting in a 
dataset of 46 coupons (27 Euterpe oleracea and 19 Oenocarpus bataua). 
Poisson’s ratio of the two species differed significantly (Mann-Whitney 
U-test, z = -4.14, p-value < 10− 4) with a mean of 0.27 for Euterpe oler
acea and 0.98 for Oenocarpus bataua, indicating contrasted behaviours 
between the two species.

Oenocarpus bataua showed a wide dispersion of Poisson’s ratio 
values, sometimes exceeding 0.5, which is not common compared with 
values reported in previous studies (Greaves et al., 2011; Hua et al., 
2020; Lu et al., 2022). As shown in Fig. 6, Oenocarpus bataua showed 
high εxx values relative to σyy. Although recent studies reported high 
Poisson’s ratio for natural fibre materials (Alméras et al., 2024) such 
values may also arise from artefacts during image acquisition (edge ef
fects and out-of-plane motions, see 3.4).

In general, the quality of the regression was satisfactory, with R² 
values exceeding 0.7 for all coupons except seven Euterpe oleracea and 
one Oenocarpus bataua.

3.4. Heterogeneity in full-field deformation and edge effects

DIC offers the opportunity to generate full-field deformation heat
maps, which enable visualization of spatial heterogeneity and to identify 
edge effects (Fig. 7).

Strain values along the y-axis were slightly higher at the top and 
bottom of the coupon, close to the grips, while absolute strain values 
along the x-axis were considerably higher at the edge of the coupon, 
indicating a potential edge effect. Spatial heterogeneity was quantified 
for each of the nine subareas a to i (Fig. 8).

While the mean εyy was relatively uniform across subareas, the mean 
εxx was higher at the edge of the ROI (subareas {a, c, d, f, g, i}) than in 
the centre of the coupon (subareas {b, e, h}), suggesting potential edge 
effects (see Supplementary Fig.A5). A statistical comparison using the 
Wilcoxon test showed significant differences between edges and central 
subareas for εxx (p-value < 10− 5), while εyy showed minor differences (p- 
value = 0.05). Central subareas {b, e, h} were then used to evaluate how 
Poisson’s ratios vary locally in non-edge subareas. Within the central 
subareas, only εyy values in range [0.002–0.008] were considered to 
reduce the occurrence of negative Poisson’s ratios. However, rather than 
computing Poisson’s ratios -which assume elastic behaviour- compari
sons were based on εxx and εyy values directly. Within this interval only 
seven negative values for subareas b and h (n = 58) and eight for subarea 
e (n = 57) were observed. Analysis of the OLS regressions revealed that 

Table 1 
Comparison of Ey measured by DIC and laser extensometer for two palm species: 
Oenocarpus bataua and Euterpe oleracea. Values are expressed as mean ± stan
dard deviation (SD). The number of coupons is indicated and the p-value cor
responds to the statistical comparison between the two methods.

Species (58) Ey mean [MPa] 
DIC

Ey mean [MPa] Laser 
extensometer

p- 
value

Oenocarpus bataua 
(29)a

1730 ± 463b

(26)c
1834 ± 516 (28) 0.16

Euterpe oleracea (29) 2194 ± 486 
(22)

2369 ± 698 (29) 0.15

a Number of coupons is indicated in brackets
b Standard deviation [MPa]
c Coefficient of variation [%] is indicated in brackets

Fig. 6. Illustration of the σyy - εyy curves measured via DIC within the elastic domain for a subset of 58 coupons. One representative coupon is highlited by dots for 
two species of palms: (a) Euterpe oleracea (circle dots) (b) Oenocarpus bataua (square dots).
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subareas b and e had nine coupons (7 Euterpe oleracea, 2 Oenocarpus 
bataua) with R² values below 0.6, while subarea h had seven coupons (5 
Euterpe oleracea, 2 Oenocarpus bataua). While Euterpe oleracea exhibited 
similar dispersion across the three central subareas, Oenocarpus bataua 
showed heterogeneous results, with higher variability concentrated in 
subarea e (Fig. 9). As a result, only subarea e displayed a significant 
difference between species (Mann-Whitney test, p-value < 10− 3). Taken 
together, these results showed that edge-related artefacts, such as cou
pons curvature and out-of-plane motion, were mitigated by restricting 
the analysis to the central subareas of the ROI. However, intrinsic het
erogeneity in the material remained in the central zones. Furthermore, a 
significant difference between the two species was observed in subarea e 
(Fig. 9).

These results supported the advantages of DIC for evidencing the 

spatial heterogeneity of deformation in plant tissues.

3.5. Relationship between anatomical features and modulus of elasticity

Although the relationship between vascular bundle density and Ey is 
well known for woody structure (Gibson and Ashby, 1988; Miyoshi 
et al., 2018; Niklas and Spatz, 2010), it remains poorly documented in 
palm leaves. First, the analysis of the relationship between density and 
Ey of leaflets over the 58 coupons showed no significant global corre
lation, whereas significant positive correlation was found when ana
lysing the two species separately (Table 2). This suggests that density 
cannot explain differences in Ey between species, although it remained a 
good predictor within each species.

The analysis of the relationships between anatomical features and Ey 

Fig. 7. Illustration of the edge effect through full-field deformation heatmaps of εyy (leftside) and εxx (rightside), of two representative coupons: (a) Euterpe oleracea 
(b) Oenocarpus bataua.

Fig. 8. Representative heatmap of full-field deformation of a Euterpe oleracea leaflet coupon divided into nine subareas (labelled a-i). (a) Heatmap of full-field 
deformation of εxx (b) Heatmap of full-field deformation of εyy.
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was performed on a subset of 26 coupons. Only the relationship between 
Ey and the bundles fraction showed a global positive correlation 
(r = 0.44, p-value = 2.39 × 10− 2). The relationship between Ey and the 
wall fraction showed no significant correlation. A strong negative sig
nificant correlation between Ey and the bundles wall fraction was 
observed only for Euterpe oleracea (r = -0.79, p-value = 7 × 10− 3). These 
preliminary results, thus highlight interspecific structural differences 
between the two species but require further investigation to elucidate 
anatomical/structural and mechanical relationships in palm leaflets. It 
should also be noticed that Euterpe oleracea coupons were difficult to 
stain, which often resulted in tissue damage.

3.6. Experimental biases and limits of DIC

Although DIC has proven effective in characterizing the mechanical 
behaviour of palm leaflets, several steps are crucial to minimize mea
surement errors and discard outliers. This procedure can be divided into 
two stages, pre- and post-testing, respectively. During the pre-test stage, 
the experimenter must carefully prepare the coupon and position it 
within the grips before applying a preload. Improper coupon positioning 
can cause leaflet curvature, leading to portions of the coupon falling 
outside the camera’s field of view. When tension is applied, the coupon 
may unfold, introducing an offset in the strain εxx. Such an out-of-plane 
effect can produce aberrant Poisson’s ratios (negative values). In addi
tion, defining an appropriate strain range is important to exclude the 
initial non-linear part of the curve. These observations also emphasize 
the importance of carefully selecting the region of interest (ROI) and 
assessing such biases a posteriori.

During the post-test stage, the analyser should apply suitable 
filtering depending on which properties are evaluated. At a minimum, 
we recommend filtering aberrant values with the IQR method, or other 
equivalent approaches. It is also important to verify results with a 
graphical analysis in order to support the decision to filter or reduce ROI 
of a given coupon.

Here, we recommend using the local Poisson’s ratio versus the lon
gitudinal strain coupled with the heatmap distribution of εxx and εyy 
values to make such decision. In addition, this analysis should be com
plemented by dividing the ROI to identify and remove edge-related 
artefacts.

Once these artefacts are excluded, the remaining data can be inter
preted as true spatial variation of the coupon. In this context, DIC’s 
spatial resolution enables localized mechanical characterization, which 
is often missed by global measurements. This is particularly relevant for 
anisotropic or structurally heterogeneous biological materials, where 
local mechanical properties can vary significantly within the same 
coupon. Further improvements, such as deep learning DIC (Yang et al., 
2022) or the use of 3D-DIC (Fischer et al., 2024; Mylo and Poppinga, 
2023), could help better understand these phenomena and further 
minimize these artefacts, providing an even more accurate assessment of 
spatial heterogeneity in the mechanical response.

4. Conclusion

This study highlights that DIC is a powerful and accurate method that 
can be reliably applied to heterogeneous plant materials, such as palm 
leaflets. Indeed, DIC demonstrated its robustness and repeatability for 
assessing strain and elasticity, with minimal systematic error and stan
dard uncertainties. The deformation values measured with DIC closely 
aligned with those measured using a conventional laser extensometer, 
and the range of elasticity values was consistent with those reported for 
other plant materials in the literature. Importantly, DIC offers advan
tages over laser extensometry by enabling full-field strain analysis, 
allowing for the observation of spatial heterogeneity in mechanical 
behaviour, and the extraction of additional parameters – such as Pois
son’s ratio – that are inaccessible through conventional uniaxial mea
surements. Additionally, the growing interest in DIC, along with recent 
advances such as stereo image correlation, can help to overcome edge 
effects and enhance measurement accuracy further, thereby broadening 
its applicability to complex plant materials.

Beyond methodological validation, this study finally provides the 
first quantitative estimates of mechanical properties for Amazonian 
palm leaflets, contributing novel biomechanical data for two culturally 
and economically important but under-documented species. This study 
thus opens new perspectives for both fundamental plant biomechanics 

Fig. 9. Strain ratio of Euterpe oleracea and Oenocarpus bataua of three centred subareas {b, e, h}. A significant difference between species was detected in subarea e 
using the Mann-Whitney test (p < 10⁻³).

Table 2 
Global analysis of Ey versus anatomical features for two palm species: Oeno
carpus bataua and Euterpe oleracea. The number of coupons is indicated. The 
coefficient of correlation and determination from the ordinary least squares 
regression and the corresponding p-value are reported.

Analysis Species (n) r p-value

Ey vs Density Global (58) 0.08 0.55
Euterpe oleracea (29) 0.43 1.91 × 10− 2

Oenocarpus bataua (29) 0.51 4.53 × 10− 3

Ey vs Bundles fraction Global (26) 0.44 2.39 × 10− 2

Euterpe oleracea (10) 0.44 0.2
Oenocarpus bataua (16) 0.41 0.11

Ey vs wall fraction Global (26) 0.27 0.18
Euterpe oleracea (10) 0.19 0.6
Oenocarpus bataua (16) 0.34 0.2

Ey vs bundles wall fraction Global (26) - 0.3 0.14
Euterpe oleracea (10) - 0.79 7 × 10− 3

Oenocarpus bataua (16) 0.09 0.74
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and the valorisation of sustainable bio-based materials.
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tion, Supervision. Damien André: Writing – review & editing, Software. 
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