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Chinese fir (Cunninghamia lanceolata (Lamb.) Hook), a fast-grown plantation species widely available in China,
remains underutilized in structural applications due to the absence of standardized grading systems. This study
evaluated the effectiveness of a resonance frequency-based grading approach for structural Chinese fir, assessed
the supplementary contribution of vision-based knot detection, and examined the main factors governing
strength class assignment under the EN 338 framework. Dynamic modulus of elasticity (MOE) derived from the
resonance frequency method, density, and static bending properties were determined for 102 specimens. Knot-
related indicators, including the knot diameter ratio (KDR) and concentrated knot diameter ratio (CKDR), were
quantified from surface images using a vision-based method in accordance with JAS 1083. The results showed
that incorporating predicted maximum wide-face CKDR together with dynamic MOE improved the prediction of
bending MOE (R? = 0.64) and bending strength (R?> = 0.46) compared with dynamic MOE alone, and that local
and global density showed a clear correlation (R* = 0.67). Grading results showed that 19.6% (20), 45.1% (46),
and 35.3% (36) were classified as C20, C14, and Reject, respectively, and that density was the most critical grade
determining property (GDP) limiting assignment to higher strength classes. These results support the effective-
ness of dynamic MOE as the primary indicating property relevant to Chinese fir grading, while automated knot
detection provided supplementary information with limited influence on final grade yield under EN 338. Overall,
this study provides a preliminary standard-linked basis for deriving and verifying EN 338 grading settings for
fast-grown Chinese fir using resonance-based dynamic MOE alone and in combination with vision-based knot
indicators. Future studies should examine broader Chinese fir populations and reassess the grading value of more
refined knot-related indicators.

1. Introduction

In China, load-bearing materials used in modern timber buildings
rely heavily on imported timber products, despite the country possessing
the world’s largest area of planted forests (Wang et al., 2023, 2025b).
Chinese fir (Cunninghamia lanceolata (Lamb.) Hook) is one of the most
widely planted plantation species. However, its broader application in
modern structural sawn timber and engineered wood products remains
constrained by the limited availability of practical standard-linked
grading approaches (Gong et al., 2024; Kong et al., 2025). This limita-
tion also reflects a broader challenge for the high-value structural uti-
lization of domestic plantation timber resources.
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Mechanical grading provides an effective means for grading struc-
tural timber with objective indicating properties (IPs) obtained from
non-destructive measurements (Ridley-Ellis et al., 2016, 2022). Previous
studies have shown that resonance frequency-based dynamic modulus of
elasticity (MOE) can provide grading reliability comparable to machine
stress rating (MSR), while remaining relatively simple, economical, and
compatible with optical or vision-based inspection systems (Oscarsson
et al., 2014; Olsson and Oscarsson, 2017; Abdeljaber et al., 2023). Good
relationships between dynamic MOE and bending properties have been
reported for plantation species such as radiata pine (Pinus radiata D.
Don) (Arriaga et al., 2014), southern pines (Pinus spp.) (Uzcategui et al.,
2023), and eucalyptus (Eucalyptus nitens) (Ettelaei et al., 2022). These
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findings provide a sound basis for extending resonance frequency-based
grading approaches to fast-grown Chinese fir.

For Chinese fir, several studies have explored grading strategies
through the definition of custom dynamic MOE intervals, and have
shown that appropriate layup configurations can effectively improve the
mechanical performance of glued laminated timber and cross-laminated
timber (Huang et al., 2023; Gong et al., 2024; Yin et al., 2024). Subse-
quent research based on the JAS 1152 (Ministry of Agriculture, Forestry
and Fisheries, 2023) verified the applicability of resonance-based testing
for Chinese fir lamellas and established dynamic MOE grading thresh-
olds (Kong et al., 2025). However, its alignment with the EN 338
(European Committee for Standardization, 2016a) strength class system
remains unclear. Similar limitations also affect direct application to
Chinese standards for structural sawn timber (GB/T 36407
(Standardization Administration of China, 2018)) and cross-laminated
timber (LY/T 3039 (National Forestry and Grassland Administration,
2018)).

Although dynamic MOE is an effective predictor, additional defect-
related information may further improve the prediction of mechanical
properties. Among visible features, knots are particularly important
because they are associated with fiber deviation, local cross-sectional
reduction, and stress concentration (Collins and Fink, 2022; Wang
et al., 2025a). Previous studies have shown that knot-related indicators
can provide additional information for estimating bending properties in
several species (Wright et al., 2019; Franca et al., 2020; Barriola et al.,
2021). Therefore, for Chinese fir grading, knot-related indicators are
more appropriately viewed as potential supplements to resonance-based
dynamic MOE, and their practical contribution to improving prediction
accuracy still needs to be clarified.

A practical challenge is how to obtain such knot-related information
in a manner that is objective, efficient, and compatible with industrial
grading workflows. Grading standards in different regions adopt mark-
edly different definitions and quantification rules for knot (British
Standards Institution, 2007; Ministry of Agriculture, Forestry and Fish-
eries, 2019; National Lumber Grades Authority, 2022). In this regard,
JAS 1083 (Ministry of Agriculture, Forestry and Fisheries, 2019) pro-
vides a useful framework because it defines the knot diameter ratio
(KDR) and concentrated knot diameter ratio (CKDR) directly from sur-
face measurements without requiring reconstruction of the projected
knot area on the cross-section. This makes automated surface-based
detection a more practical route for deriving grading-relevant knot in-
dicators. In recent years, computer vision and deep learning have
enabled extensive research on automated wood defect detection from
surface images (Gao et al., 2021; An et al., 2024; Ji et al., 2024;
Jambrekovic et al., 2024; Kilic et al., 2025; Shi et al., 2025). However,
comparatively less attention has been paid to transforming detected
knot information into grading-relevant indicators that are compatible
with structural grading standards.

Against this background, this study tested the hypothesis that knot-
related indicators derived from surface images could provide supple-
mentary information beyond resonance frequency-based dynamic MOE
for predicting bending properties and grading outcomes. The relation-
ships among dynamic MOE, vision-based knot indicators quantified
according to JAS 1083 (Ministry of Agriculture, Forestry and Fisheries,
2019), and the grade determining properties (GDPs) defined in EN 338
(European Committee for Standardization, 2016a) were analyzed. On
this basis, univariate and multivariate regression-based grading models
were established, and their grading performance was evaluated through
the procedures specified in EN 14081-2 (European Committee for
Standardization, 2018). The main contribution of this study lies in
integrating resonance-based dynamic MOE with vision-based knot in-
dicators within an EN 338 (European Committee for Standardization,
2016a) / EN 14081-2 (European Committee for Standardization,
2018) grading workflow, thereby clarifying their respective roles in
the mechanical grading of fast-grown Chinese fir. Rather than claiming a
fully optimized industrial grading system, this study aimed primarily to
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verify the effectiveness of resonance-based grading for Chinese fir under
the EN 338 (European Committee for Standardization, 2016a) frame-
work, while also evaluating the supplementary role of vision-based knot
indicators within this grading workflow.

2. Material and methods
2.1. Material and specimens

Timber from Chinese fir trees from Nanping, Fujian Province, China,
was used in this study. The trees were 10-13 years old. A total of 260
sawn timber specimens with nominal dimensions of 3000 x 90 x 35 mm
were prepared. Prior to testing, all specimens were stacked with spacers
and conditioned at room temperature for approximately three months to
achieve moisture equilibrium. Standard moisture content corrections
were then applied to the measured density and mechanical properties.
Summary statistics of moisture content, density, and mechanical prop-
erties are presented in Table 5 (Section 3.4).

All 260 specimens were measured for dimensions, imaged on all four
longitudinal surfaces, and tested for longitudinal dynamic MOE. Among
them, 106 specimens were reserved for the test subset of the knot
detection dataset, and 102 of these were subsequently subjected to
destructive bending tests. After bending, local density and moisture
content were measured for the same specimens. Dimensions were
measured in accordance with EN 1309-1 (European Committee for
Standardization, 1997), while the detailed procedures for image
acquisition, knot-indicator quantification, density measurement, and
mechanical testing are described in Sections 2.2-2.4.

2.2. Timber and knot dataset construction

2.2.1. Image acquisition

Surface images were acquired from the Chinese fir specimens to
support timber and knot detection. Images were taken from both wide
faces (F1, F2) and narrow edges (E1, E2) of each specimen using a Canon
EOS 50D camera at a resolution of 4752 x 3168 pixels. Each specimen
was divided along its length into five equal segments (S1-S5), each
600 mm long, and one image was captured for each segment on each
surface. In addition, one scale-reference image was taken for the wide
face and one for the narrow face. Thus, 22 original images were obtained
for each specimen. The pixel-to-millimeter conversion factor was
determined using ImageJ (Schneider et al., 2012). A schematic illus-
tration of the image acquisition procedure is shown in Fig. 1.

2.2.2. Image preprocessing and annotation

To reduce background interference, the acquired images were
cropped in the height direction while preserving the timber contour,
leaving minimal background around the specimen edges (Fig. 2).

The cropped images were then annotated using VoTT software
(Microsoft, 2021) with two object classes, namely knots and timber
surfaces. In the present study, knot annotation and quantification did
not distinguish between knot types, and all visible knots were treated as
a single defect category for indicator calculation.

To emulate real production conditions where timber is continuously
conveyed and images are acquired in real time, the annotated images
were further cropped and rotated. Using images with scale references,
150 mm was converted to pixels, and cropping and rotation were per-
formed using the AtLeastOneBBoxRandomCrop function in the Albu-
mentations package (Buslaev et al., 2020). This process guaranteed the
inclusion of at least one annotated object and automatically adjusted the
bounding boxes and was randomly repeated three times for augmenta-
tion (Fig. 3). This augmentation strategy generated local image patches
while preserving valid timber and knot annotations, and introduced
variation in the relative position and orientation of annotated objects
within the cropped images. In this way, the cropping operation was used
to simulate local field-of-view changes that may occur in future
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Fig. 2. Images cropped along the height direction: (a) F1; (b) F2; (c) E1; and (d) E2.

—

I

Fig. 3. Image pre-processing using Albumentations (Buslaev et al., 2020): (a) original annotated image and (b) cropped and rotated annotated images.

continuous image acquisition scenarios, thereby improving the de-
tector’s robustness to specimen placement and object-position variation.
Because the augmented images were produced from the same material
source and imaging setup, this strategy should be interpreted mainly as
improving robustness to geometric variation rather than as a full vali-
dation of generalization across different acquisition conditions.

2.2.3. Dataset composition and split

The final dataset comprised 15600 images, including 7392 training
images, 1848 validation images, and 6360 test images, as summarized in
Table 1. This dataset design ensured that model evaluation was con-
ducted on specimens that were fully separated from those used for
training and validation, thereby avoiding specimen-level data leakage
during model development.

Table 1
Dataset division for Chinese fir knot detection, including training, validation,
and test sets.

Dataset Number of specimens Number of images Percentage (%)
Training 154 7392 47.38
Validation 1848 11.85
Test 106 6360 40.77
Total 260 15600 100.00

Note: The training and validation images were derived from the same pool of
154 specimens, whereas the test images were obtained from a separate set of 106
specimens.

2.3. Detection model and calculation of knot-related indicators

2.3.1. Model training and selection

All models were trained and evaluated on a workstation running
Windows 11 and equipped with an NVIDIA GeForce RTX 4060 GPU
(8 GB VRAM). To compare detection accuracy and computational effi-
ciency, representative lightweight and medium-scale YOLO models from
versions 3-12 were evaluated and built upon the Ultralytics library
(Ultralytics, 2025). All models were initialized with pretrained weights
and trained under the same settings: 100 epochs, batch size 16, input
image size 640, automatic optimizer selection, initial learning rate 0.01,
momentum 0.937, weight decay 0.0005, and early stopping with a
patience of 30 epochs. Model performance was assessed using precision,
recall, Fl-score, AP@50, AP@50:95, and inference speed.

The selected model was then used to detect knots and timber regions
in the surface images and to derive knot-related indicators for later
analyses.

2.3.2. Calculation of knot-related indicators

Knot-related indicators were calculated in accordance with JAS 1083
(Ministry of Agriculture, Forestry and Fisheries, 2019). Two
surface-based indicators were considered: the knot diameter ratio (KDR)
and the concentrated knot diameter ratio (CKDR). KDR is defined as the
ratio of the diameter of an individual knot to the width of the timber
surface on which the knot appears. CKDR is defined as the sum of knot
diameter ratios within a specified evaluation length of 150 mm along
the timber.

The indicators were calculated using Eq. (1) and Eq. (2):
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where d; is the diameter of the i-th knot (mm), b is the surface width of
the timber at the knot location (mm), n is the number of knots within the
150 mm evaluation length.

The dataset for knot size prediction consisted of images from five
longitudinal segments (S1-S5) of each specimen in the bending-test
population. Pixel-to-millimeter conversion factors for the wide and
narrow surfaces were determined using ImageJ (Schneider et al., 2012),
and the pixel length corresponding to 150 mm was obtained.

For each segment, a 150 mm prediction window was slid along the
longitudinal direction, and knot and timber objects within each window
were detected using the selected YOLO model (Fig. 4). The 5 mm step
size was adopted as a practical setting for automated evaluation.
Because the prediction window used for knot-indicator calculation was
150 mm, this step corresponded to only 1/30 of the window length and
resulted in highly overlapping adjacent windows. Since the maximum
KDR and CKDR were determined from all sliding windows rather than
from a single fixed window position, this setting was considered suffi-
ciently fine to reduce boundary-related effects while maintaining
computational efficiency. Based on the predicted bounding boxes, the
KDR and CKDR were calculated, where the width of the timber bounding
box represented the timber surface width and the width of the knot
bounding box represented the knot diameter. The maximum KDR and
CKDR over all sliding windows were then determined for the wide and
narrow surfaces of each specimen across all five segments.

The same procedure was applied to manually labeled bounding
boxes from the original images to obtain reference values to evaluate the
accuracy of knot detection and knot indicator calculation.

In addition to considering each wide-face or narrow-face knot indi-
cator individually, a composite knot indicator was also defined
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following JAS 1083 (Ministry of Agriculture, Forestry and Fisheries,
2019) for structural timber of Class I, Type A. Under this classifica-
tion, only wide-face KDR and CKDR are used for grading in this study,
and the corresponding three-level criteria are listed in Table 2.

For each wide-face knot indicator, a continuous grade-related value
was calculated using linear interpolation following Moriguchi et al.
(Moriguchi et al., 2016) using Eq. (3). A composite knot indicator (kg)
was then defined as the maximum of the two interpolated wide-face
indicators using Eq. (4):

Tl*lJrlI(t:&, lin1 <k <lnpn=1,23
& (k) = k — ;n " 3)
3+ t—t_37 ke > L3
s — Lo
ke = max{g(k;)|t € {KDR, CKDR (face) } } “

where k; is the quantified knot indicator type (KDR or CKDR), l;, de-
notes the threshold for each grade interval (n = 1,2, 3).

Following this procedure, both individual and composite knot-
related indicators were obtained. The symbols and definitions of all

Table 2
Knot criteria for structural timber surfaces in JAS 1083 (Ministry of Agriculture,
Forestry and Fisheries, 2019) (Type A, Class I).

Knot indicator type Grade

1 2 3
KDR 0.2 0.4 0.6
CKDR 0.3 0.6 0.9

Note: According to JAS 1083 (Ministry of Agriculture, Forestry and Fisheries,
2019), structural timber is classified as Class I, Type A when the short side of
the end section is less than 36 mm, or when the short side is 36 mm or greater
and the long side is less than 90 mm. The specimens used in this study had a
nominal thickness of 35 mm and therefore fell within this classification.

Region 103

| Input

0
Output

210 mm

Region 61

Scan (Crop) direction |:>

5 mm
150 mm

Region 1

300 mm

Region 2

Fig. 4. Schematic illustration of knot prediction using a sliding-window approach.
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indicators used in this study are summarized in Table 3.

2.4. Physical and mechanical properties

2.4.1. Density and moisture content measurements

During the non-destructive testing stage, the global density (pgiopa)
was calculated based on the overall mass and volume of each specimen.

After the bending tests, moisture content (1) and local density (p;yca1)
were determined for the destructively tested specimens. For this pur-
pose, a 20 mm long full cross-sectional sample was cut as close as
possible to the failure location of each specimen. In accordance with EN
408 (European Committee for Standardization, 2012), the sample sec-
tion was selected to be free from knots and resin pockets. Moisture
content was measured using the oven-dry method, and local density was
calculated from the measured mass and volume of the sample.

Following EN 384 (European Committee for Standardization, 2016b)
and reference (Olsson and Oscarsson, 2017), both local and global
densities were adjusted to a reference moisture content of 12% using Eq.
(5) and Eq. (6). Here, us represents the mean moisture content of all the
specimens.

Plocal corr = plocal(l - 0005(“ - 12) ) (5)
pglobal.corr = pglobal(l - OOOS(HS - 12) ) (6)

2.4.2. Dynamic MOE tests

Dynamic MOE was determined using the resonance frequency
method (Kong et al., 2025). During testing, each specimen was simply
supported, excited by an impulse at one end, and the vibration response
was recorded at the opposite end. The first longitudinal resonance fre-
quency (f) was extracted in the frequency domain and used to calculate
dynamic MOE.

All dynamic MOE values were corrected to a reference moisture
content of 12% and are denoted as Egyncorr (GPa). The corrected dy-
namic MOE was calculated using Eq. (7):

_ m 5 12 u;—12 —
Edyn.corr—4L.h_.b.f oL (1+ 100 )Xlo @)

where f is the first longitudinal frequency (Hz), m is the mass of the
specimen (kg), L, h and b are the specimen’s length, cross-sectional
width, and depth (m), respectively.

2.4.3. Determination of global MOE in bending and bending strength
parallel to grain

Bending tests were conducted using a universal testing machine
(UTM5105, maximum capacity 100 kN; Shenzhen Sansi Zongheng
Technology Co., Ltd., China) in accordance with EN 408 (European
Committee for Standardization, 2012) (Fig. 5). Before testing, the crit-
ical section of each specimen was identified based on the previously
calculated KDR and CKDR values and positioned within the
constant-moment region between the two loading points. In accordance
with EN 384 (European Committee for Standardization, 2016b), the
tension edge was then selected at random after the critical section had

Table 3

Summary of knot-related indicators and symbols.
Knot indicator Symbol
Maximum KDR of predicted or labeled knots (edges) KR edge.p(1)
Maximum CKDR of predicted or labeled knots (edges) KckpR edge,p(1)
Maximum KDR of predicted or labeled knots (faces) KR facep(l)
Maximum CKDR of predicted or labeled knots (faces) KCKDR face,p(1)

Maximum grade-related values from KDR and CKDR interpolation of kg
predicted or labeled knots (faces)

Note: Subscripts p and 1 denote predicted and labeled values, respectively. In
total, 10 knot-related indicators are analyzed in this study.
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been determined.

The loading rate was set to 0.25 mm/s, and each test was terminated
when visible damage occurred or when the applied load decreased to
less than 80% of the maximum recorded load.

The elastic range was defined as 10%-40% of the maximum failure
load, and the global MOE in bending (Eng) was calculated from the
load-deflection data within this range and corrected to a reference
moisture content of 12% using Eq. (8):

3al? — 4a®

(1+0.01(u—-12)) 1073 (€]
ey

Em,g,corr =

where Epgcorr is the global MOE in bending corrected to a reference
moisture content of 12% (GPa), a is the distance between a loading point
and the nearest support (mm), [ is the test span (mm), Aw/AF is the
increment of deflection per unit load within the elastic range (mm/N),
and G is the shear modulus (MPa). Following EN 384 (European
Committee for Standardization, 2016b), G was assumed to be infinite.
The remaining symbols have the same meanings as defined previously.

The bending strength parallel to grain (f,,) was calculated using Eq.
9).

SFmaxa
fm = bhe 9)

where Fp,x is the maximum failure load (N). According to EN 384
(European Committee for Standardization, 2016b), no moisture content
correction was applied to f,. However, when the specimen depth was
less than 150 mm and the characteristic density did not exceed
700 kg/m?, a depth correction factor (k;) was applied. The corrected
bending strength (fm corr) Was calculated as Eq. (10) and Eq. (11):

fm.corr = fm/kh (10)
@ 0.2
ky, = min h an
1.3

2.5. Mechanical grading models and parameter derivation
2.5.1. Calculation of GDPs

2.5.1.1. Bending MOE. According to EN 384 (European Committee for
Standardization, 2016b), when the characteristic bending MOE is
determined from global MOE tests, Engcorr Was first converted to the
parallel bending MOE (Ey) using Eq. (12):

Ep = Emgcor X 10° x 1.3 — 2690 12)

The characteristic mean parallel bending MOE required for each
grade, Eg mean, Was then calculated using Eq. (13):

EO‘mean = E70/095 13)
where Ej is the arithmetic mean of the sample E, values.

2.5.1.2. Bending strength. The characteristic bending strength for each
grade, fx was calculated following EN 384 (European Committee for
Standardization, 2016b) as Eq. (14):

fi = fos'ky 14

where fos is the 5th percentile value at 75% confidence level calculated
according to EN 14358 (European Committee for Standardization,
2016c¢), and k, is a variation factor defined in EN 384 (European
Committee for Standardization, 2016b). The value of k, was assigned
using Eq. (15):
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a.

e

Fig. 5. Setup and schematic diagrams of the edgewise bending tests.

_ [1.0, fumx <30 MPa
ke = {1.12, fx > 30 MPa as)
where f,x denotes the target characteristic bending strength of the
grade specified in EN 338 (European Committee for Standardization,
2016a).

2.5.1.3. Density. The characteristic density for each grade was defined
as the 5th percentile of the local density calculated according to EN
14358 (European Committee for Standardization, 2016c).

2.5.2. Regression models based on IPs
Two types of regression models were established for predicting
bending MOE and bending strength from the IPs:

1. univariate regression models based on dynamic MOE and
2. multivariate regression models based on dynamic MOE combined
with one selected knot-related indicator.

For the univariate models, Eqyn corr Was used as the IP. The predicted

characteristic mean parallel bending MOE (Eo.mean) was calculated as
Eq. (16):
(aEm_g_m“-IP + bEm.g_corr) x 10% x 1.3 — 2690

E mean — 1
o 0.95 (16)

where ag, . and bg, . ... are the regression coefficients between Ep g corr
and Edyn,corr~

For bending strength, the predicted characteristic value (?k) was
calculated using Eq. (17):

fo= (afm.mn TP +bfy o — U5 fincon ) ky a7

where ay, . and by, . are the regression coefficients between fi corr and
Edyn corrs S5m0 1 the standard error of the estimate, and t was taken as
1.645 from the t-distribution with assumed large samples for the 5%
prediction level according to EN 14081-2 (European Committee for
Standardization, 2018).

For the multivariate models, }g"m’g‘cm and )A‘mmrr, predicted from
regression models including dynamic MOE and one selected knot-
related indicator listed in Table 3, were used as the IPs for grading.
The predicted characteristic mean parallel bending MOE was calculated
Eq. (18),

=~ IP x 10% x 1.3 — 2690

EO,mean = 0.95 (18)

and the corresponding characteristic bending strength was calculated
using Eq. (19),

Industrial Crops & Products 249 (2026) 123746

b.
Fi2 Fi2
b
] 1] .
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|, ~LVDT
6h a 6h L 6h
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I
1=18h

Fo= (P— s ko (19)

For both univariate and multivariate grading models, density was
always predicted from the relationship between global density and local
density (IP = pygpaiconr)- The predicted characteristic density was
calculated using Eq. (20):

P = Qoo TP+ b/’]ocal.corr = U85 procatcone 20
wherea, . andb, .  aretheregression coefficients between pi,c corr

and piopal corrs a0 S5y, 18 the standard error of the estimate.

2.5.3. Calculation of grading settings

Based on the predictive relationships established between the IPs and
the GDPs, the grading settings for the univariate regression models were
derived as Eq. (21) to Eq. (23):

(Ereq,0mean-0.95 + 2690) /(10% x 1.3) — b, ...

Smoe = 21
B g corr
freq.k/kv S5 fmconr — bfm_wn
Smor = (22)
Afpy corr
+ t-S5. -b
Spen = Preqk 5:Plocal corr Plocal corr (23)

Doyt corr

where Ereq0,means freqk, and Preqx are the required characteristic values
specified in EN 338 (European Committee for Standardization, 2016a),
and Sy, Smor, and Spgn are the corresponding IP thresholds.

For the multivariate models, the grading settings for bending MOE
and bending strength were simplified to Eq. (24) and Eq. (25):

Ereq,O,mean -0.95 -+ 2690

10% x 1.3 (24)

SMOE =

SMOR :freq.m‘k /kv + t'sﬁfm.con (25)

Here, Syor and Syor represent the required Em,g,mr, and j?m,cm,
respectively. Together with the density setting derived from Eq. (23), the
complete grading setting system can be established.

For both univariate and multivariate grading approaches, the final
assigned grade was taken as the minimum grade among bending MOE,
bending strength, and density, ensuring a conservative grading outcome
in accordance with EN 14081-2 (European Committee for
Standardization, 2018).
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2.6. Statistical analysis

All statistical analyses related to regression modeling, grading setting
derivation, and mechanical grading evaluation were performed using
the R software environment (R Core Team, 2024). The extraction and
calculation of knot-related indicators were conducted separately in a
Python environment as described in Section 2.3 (Python Software
Foundation, 2025). Grading compliance was evaluated according to
EN 14081-2 (European Committee for Standardization, 2018).

3. Results and discussion

3.1. Evaluation of model performance for knot detection and timber
identification

Fig. 6 compares the detection performance of representative YOLO
models for knot detection and timber identification. Overall, all evalu-
ated models achieved high AP@50 values for knot detection (>0.90),
indicating reliable identification of knots at a moderate Intersection over
Union (IoU) threshold. Among them, YOLOv12n showed the best overall
balance in knot detection performance, with the highest AP@50, F1-
score, and AP@50:95 values, indicating superior overall accuracy and
localization robustness.

For timber identification, all models performed consistently well,
with AP@50 and F1 values close to 1.0. Although YOLOv12m achieved
slightly higher localization accuracy under stricter IoU thresholds, the
improvement over YOLOv12n was marginal. In contrast, YOLOv12n
provided substantially higher computational efficiency while main-
taining comparable overall performance.

Considering the overall balance between detection accuracy and
computational efficiency, YOLOv12n was selected for subsequent ana-
lyses. The confidence and IoU thresholds were then optimized to 0.3 and
0.4, respectively, using a threshold search with increments of 0.1.
During this process, F1-score was used as the primary criterion because
it reflects the balance between precision and recall, while AP@50 and
AP@50:95 were also considered to account for detection accuracy and
localization robustness. For the subsequent calculation of knot-related
indicators, the selected thresholds were intended to reduce missed
knot detections while avoiding excessive false or duplicated detections
that could affect KDR and CKDR calculation. The detection performance
of the selected model under these settings is summarized in Table 4.

3.2. Prediction accuracy of maximum KDR and CKDR

Fig. 7 presents the regression relationships between the knot in-
dicators predicted by YOLOv12n and their corresponding labeled
values. For the maximum KDR (Fig. 7-a), both edge- and face-based
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predictions showed clear linear relationships with the labeled data.
The coefficient of determination (R?) was 0.57 for edge surfaces and
0.64 for face surfaces, indicating better prediction consistency on face
surfaces. This difference is likely related to the more complete knot
morphology and reduced occlusion on face surfaces compared with edge
surfaces.

A similar pattern was observed for maximum CKDR (Fig. 7-b), with
R? values of 0.61 and 0.64 for edge and face surfaces, respectively.
Compared with maximum KDR, maximum CKDR showed a slightly
higher overall agreement, suggesting that cumulative knot indicators
are less sensitive to local detection uncertainties.

The highest agreement was obtained for the continuous grade-
related indicator kg, derived by linearly interpolating KDR and CKDR
into grade intervals according to Eq. (3) to Eq. (4) (Fig. 7-c). The cor-
responding regression yielded an R? value of 0.69. This result indicates
that the grading-oriented interpolation improves the consistency be-
tween predicted and labeled knot indicators.

Overall, the predicted knot indicators showed moderate but usable
agreement with the labeled values. This level of agreement suggests that
the predicted indicators retained part of the grading-relevant knot in-
formation and could therefore be used as supplementary variables in the
subsequent correlation and regression analyses, although their predic-
tion accuracy should not be overinterpreted.

3.3. Correlation analysis between knot indicators and mechanical
properties

Fig. 8 shows the correlations between the knot-related indicators and
the measured mechanical properties. Overall, the correlations with
bending strength were consistently stronger than those with bending
MOE, indicating that knot characteristics had a more direct influence on
strength-related variability.

The predicted knot indicators showed correlation patterns compa-
rable to those of the labeled values, and, in general, exhibited slightly
stronger correlations than their labeled counterparts. Among all evalu-
ated knot-related indicators, the strongest correlation with bending
strength was obtained for the predicted continuous grade-related indi-
cator kgp(r = — 0.27). For the individual knot descriptors, CKDR
generally showed stronger correlations with bending strength than KDR.
For example, the predicted maximum wide-face CKDR showed a stron-
ger correlation with bending strength (r = — 0.25) than the predicted
maximum wide-face KDR (r = — 0.15). These results indicate that the
predicted knot indicators preserved the mechanical relevance of the
labeled values and can therefore be used in the subsequent regression
analyses.
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Fig. 6. Performance comparison of different YOLO models for (a) knot detection and (b) timber identification.
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Table 4
Detection performance of the selected YOLOv12n model under the optimized confidence and IoU thresholds.
Model Label Precision Recall F1 mAP mAP Inference speed
@50 @50-95 (ms)
YOLOv12n All 0.9643 0.9532 0.9587 0.9675 0.7965 2.77
Knot 0.9334 0.9063 0.9197 0.9426 0.6140
Timber 0.9953 1.0000 0.9976 0.9923 0.9790

Note: mAP denotes the mean average precision averaged over all classes. When only a single class is considered, mAP is equivalent to AP.
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Fig. 7. Regression between YOLOv12n-predicted and labeled knot indicators: (a) maximum KDR, (b) maximum CKDR, and (c) continuous grade-related values from
KDR and CKDR interpolation.
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Fig. 8. Pearson correlation matrix showing the relationships among predicted and labeled knot indicators, density, dynamic MOE, and static bending properties.
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3.4. Regression models for mechanical grading

Before developing the regression models for grading, the basic
physical and mechanical properties of the bending-test specimens were
summarized (Table 5). The average moisture content was 14.58%, the
mean global and local densities were 383 and 341 kg/m? , respectively,
and the mean dynamic MOE, bending MOE, and bending strength were
8.8 GPa, 9.7 GPa, and 37.3 MPa, respectively. Among these properties,
bending strength showed the greatest variability (CV = 25.85%).

For Chinese fir grading according to EN 338 (European Committee
for Standardization, 2016a), univariate relationships were first exam-
ined between IPs and associated GDPs. The regression between local and
global density yielded R*> = 0.67 (Fig. 9-a). The corresponding lower
prediction regression line was then used to determine global density IP
values corresponding to the characteristic local density for each strength
class. This lower prediction line was derived from the fitted regression
line by subtracting t-s5,, ., wheress, isthe standard error of the
estimate for local density and t = 1.645 was used for the one-sided 5%
lower prediction level under the large-sample assumption, as described
in Section 2.5.2.

The regression between dynamic MOE and bending MOE yielded R?
= 0.60 (Fig. 9-b). For bending strength, the corresponding univariate
regression yielded R?> = 0.44, and the same procedure was used to
obtain the lower prediction line shown in Fig. 9-c. These results indicate
that resonance frequency-based dynamic MOE provides a useful primary
indicating property for predicting bending-related GDPs in Chinese fir,
and its predictive ability is stronger for bending MOE than for bending
strength.

Fig. 10 compares the R? values of multivariate regression models
incorporating dynamic MOE together with either labeled or model-
predicted knot indicators. The models were constructed both with and
without interaction terms. Overall, the inclusion of knot indicators did
not uniformly improve R? relative to the univariate regression model. In
particular, narrow-face knot indicators provided little improvement,
whereas wide-face indicators led to more consistent enhancement in the
prediction of both bending MOE and bending strength.

For bending MOE, the model including the interaction term between
dynamic MOE and the predicted maximum wide-face CKDR achieved
the highest R? (R? = 0.64). A similar pattern was observed for bending
strength, for which the corresponding model yielded the highest R? (R?
= 0.46). Overall, the models using predicted knot indicators showed
performance comparable to those using manually labeled indicators,
with slightly higher R? values observed for some models. This may be
related to the fact that the bounding-box-based prediction and
maximum-window extraction procedure preserved the main grading-
relevant knot information while reducing the influence of small local
annotation differences. These results indicate that the predicted in-
dicators were sufficiently reliable for use in regression-based grading
analyses.

Table 5
Summary of the physical and mechanical properties of the timber samples
(n=102).

Sample Moisture Density (kg/m>) Dynamic Bending Bending
statistics ~ content m MOE MOE strength
(%) (GPa) (GPa) (MPa)
Mean 14.58 383 341 8.8 9.7 37.3
SD 1.82 52 39 1.6 1.5 9.7
cv 12.47 13.63 11.32  17.98 15.35 25.85
Ps 75 11.33 299 277 6.3 7.3 21.9
Pgs 75 17.83 483 414 11.8 12.6 59.3

Note: Based on EN 14358 (European Committee for Standardization, 2016c), all
statistical parameters except moisture content were assumed to follow
lognormal distributions. Ps 75 and Pgs 75 denote the 5th and 95th percentiles at
75% confidence. Moisture content showed no significant skewness and was
assumed to follow a normal distribution.
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It is also noteworthy that although the grade-related indicator kg
showed the strongest simple correlation with bending strength in Fig. 8,
it did not yield the greatest improvement when incorporated into the
multivariate regression models. This suggests that the indicator showing
the strongest individual correlation is not necessarily the most effective
variable in the multivariate grading framework, likely because multi-
variate model performance depends on the additional information
contributed beyond that already represented by dynamic MOE.

In earlier studies, dynamic MOE alone often provided relatively high
predictive performance for bending MOE, with reported R? values of
about 0.56-0.81, whereas the addition of knot-related variables gener-
ally led to only limited further improvement, typically on the order of
0.01-0.04. For bending strength, the contribution of defect-related in-
formation was more variable. For example, when knot-related variables
were added to models based solely on dynamic MOE, reported R? values
increased from 0.15 to 0.20 and from 0.22 to 0.37 in one study (Franca
etal., 2020), from 0.54 to 0.63 in another (Wright et al., 2019), and from
0.13 to 0.35 when other defect descriptors were also included (Barriola
et al.,, 2021). These differences likely reflect variations in species,
specimen geometry, defect characterization methods, and modelling
approaches. Under the conditions examined in the present study, the
results indicate that vision-based knot information can still provide
supplementary predictive value beyond dynamic MOE for Chinese fir,
although the improvement in predictive accuracy—particularly for
bending strength—was somewhat lower than that reported before.

Fig. 11 further compares the predicted and measured values ob-
tained from the univariate regression model and the multivariate
regression model. Although the multivariate models improved the co-
efficients of determination, the scatter of data points around the 1:1 line
changed only slightly. This suggests that the observed improvement
mainly reflects better overall explanation of variance rather than a
substantial tightening of individual predictions.

Overall, for Chinese fir, the regression results confirm that dynamic
MOE remained the dominant predictor, while knot-related indicators
provided additional but limited value. Among the evaluated variables,
the predicted maximum wide-face CKDR showed the most effective
supplementary contribution and was therefore used in the subsequent
grading analyses.

3.5. Chinese fir grading results

Table 6 summarizes the regression models and associated statistical
parameters used for grading, and Table 7 presents the corresponding IP
settings derived for the relevant EN 338 (European Committee for
Standardization, 2016a) strength classes according to the procedure
described in Section 2.5. Based on these settings, preliminary size ma-
trix was first obtained across the considered strength classes from C14 to
C40 using the univariate regression model (Table 8). To comply with EN
14081-2 (European Committee for Standardization, 2018), which re-
quires at least 20 specimens per grade for grading verification, grades
with insufficient sample numbers were subsequently consolidated.

After consolidation, the final grade distribution consisted of C20,
C14, and Reject (Table 9). The C14 class accounted for the largest pro-
portion of the tested population (45.1%), followed by Reject (35.3%)
and C20 (19.6%). Although the multivariate models incorporating knot-
related indicators caused some redistribution of specimens among the
preliminary strength classes, the consolidated grading outcome
remained unchanged. These results indicate that resonance frequency-
based dynamic MOE alone was able to provide a viable grading basis
for the tested Chinese fir population.

Table 10 further shows that all three GDPs for both C14 and C20
satisfied the characteristic-value requirements specified in EN 338
(European Committee for Standardization, 2016a). The ratios of the
derived characteristic values to the corresponding grade requirements
followed the order: density < bending MOE < bending strength.
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Fig. 9. Regression relationships for the density and bending-related properties used in grading: (a) local density versus global density, (b) bending MOE versus
dynamic MOE, and (c) bending strength versus dynamic MOE.
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Table 6

Regression models for bending MOE and bending strength and statistical parameters required for grading setting calculations.
Model R? a as as b s t P GDP
Emg.corr ~ Eayn corr 0.60 0.7289 3.2966 0.9488 1.645 Eagn.corr Eo mean
fmcorr ~ Edyn corr 0.44 4.0599 1.7835 7.265 Edyn corr fi
Emgcom ~ Eayncorr X KckpR facep 0.64 0.4847 ~4.0212 0.5961 4.7988 0.9016 Emgeon Eo.mean
fm.corr ~ Edyncorr X Kckor face p 0.46 2.0641 —35.3266 3.9851 19.9320 7.1198 fm corr fie
Plocal corr ™ Pglobal corr 0.67 0.6403 109.138 22.2896 Pglobal corr Pk

Note: a;, az, and as are regression coefficients for the main dynamic MOE term, the knot-indicator term, and the interaction term, respectively; b is the intercept of the
regression model; s; is the standard error of the estimate. The simplified notation t denotes the coefficient used to derive the lower prediction value, and t = 1.645 was
adopted for the one-sided 5% lower prediction level under the large-sample assumption, as described in Section 2.5.2. Blank cells indicate that the corresponding term
was not included in the model.
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Table 7
Calculated settings of IPs for strength classes in EN 338 (European Committee for
Standardization, 2016a).

Grade  Settings of IPs for univariate Settings of IPs including multivariate

grading models grading models

SmoE Smor  SpEn SmoE Smor SpEN
C30 10.347 9.102  508.899 10.838 38.617  508.899
Cc27 9.846 8.442 475.803 10.473 35.938 475.803
C24 9.344 7.782 459.255 10.108 33.260 459.255
C22 8.342 7.343  442.707 9.377 31.474  442.707
C20 7.841 6.903  426.159 9.012 29.688  426.159
C18 7.339 6.463 409.611 8.646 27.902 409.611
Cl6 6.337 6.023 393.063 7.915 26.117  393.063
C14 5.334 5.583 359.967 7.185 24.331 359.967

Note: In this study, the highest assigned grade of specimens reached only C30.
Therefore, only the IP values for grade C30 and lower are presented. Settings of
IPs for higher grades can also be calculated using the formulas described in
Section 2.5 but are not listed here.

Table 11 also shows that density participated in determining the final
grade of all rejected specimens, either individually or in combination
with other GDPs. For the C14 and C20 classes, most specimens were
governed either by density alone or by density together with bending
MOE. Density alone or in combination with other GDPs determined the
final grade of 91 out of 102 specimens (89.2%), whereas bending MOE
participated in determining the final grade of 16 specimens (15.7%).

Industrial Crops & Products 249 (2026) 123746

These results indicated that grading under the EN 338 (European
Committee for Standardization, 2016a) for the present material was
controlled mainly by density, with bending MOE acting as a secondary
controlling GDP.

Grading compliance was further evaluated according to EN 14081-2
(European Committee for Standardization, 2018) (Table 9). The global
cost values corresponding to wrongly upgraded pieces did not exceed
the required limit of 0.40, confirming that the grading settings satisfied
the standard verification criteria. The final grading outcome is further
illustrated on Fig. 12, which shows the relationships between the
measured GDPs for the specimens assigned to the final grades.

Overall, these results confirm that resonance frequency-based dy-
namic MOE served as the primary indicating property for predicting the
bending-related grade determining properties of fast-grown Chinese fir,
while knot-related indicators provided supplementary information that
only slightly affected the final grade distribution under the EN 338
(European Committee for Standardization, 2016a). Although the
multivariate models improved the prediction of bending MOE and
bending strength to some extent, their practical effect on grade yield
remained limited, mainly because the final grading outcome was
strongly constrained by density and the additional predictive contribu-
tion of the knot-related indicators was modest.

Although the multivariate models did not substantially improve
overall grade yield under the EN 338 (European Committee for
Standardization, 2016a), the density-dominated grading outcome

Table 8

Size matrix of strength class assignment based on the univariate regression grading model.
Optimum grade Assigned grade Total

C40 C35 C30 c27 C24 C22 C20 C18 Cl6 Cl4 Reject

C40 0 0 0 0 0 1 0 0 0 0 0 1
C35 0 0 0 0 0 0 0 0 0 0 0 0
C30 0 0 0 2 0 2 0 0 0 0 0 4
c27 0 0 1 1 1 1 1 0 1 1 0 7
C24 0 0 0 0 0 0 0 1 4 1 0 6
Cc22 0 0 0 0 1 2 3 1 1 6 1 15
C20 0 0 0 1 0 1 1 1 1 7 2 14
C18 0 0 0 0 0 0 0 1 0 7 6 14
Cl6 0 0 0 0 0 0 1 1 1 2 3 8
Cl4 0 0 0 0 0 0 0 2 1 5 13 21
Reject 0 0 0 0 0 0 0 0 0 1 11 12
Total 0 0 1 4 2 7 6 7 9 30 36 102

Note: Rows correspond to the target (optimum) strength classes, and columns correspond to the assigned strength classes. Diagonal elements indicate correctly graded
pieces, the upper-right elements represent wrongly downgraded pieces, and the lower-left elements represent wrongly upgraded pieces.

Table 9

Verification of grading settings using the size matrix, elementary cost matrix, and global cost matrix.

Optimum Assigned grade in the size matrix Assigned grade in the elementary cost matrix Assigned grade in the global cost matrix
d
grace c20 cl4 Reject c20 c14 Reject c20 c14 Reject
C20 19 25 3 0 1.07 2.19 0 0.58 0.18
C14 1 20 22 1.43 0 1.01 0.07 0 0.62
Reject 0 1 11 3.02 1.11 0 0.15 0.02 0
Table 10

Derivation and verification of characteristic values for C14 and C20 strength classes in EN 338 (European Committee for Standardization, 2016a).

Grade  Strength class values specification in EN Derived characteristic values according to EN 384 (European Derived characteristic value / Number  Ratio (%)

338 (European Committee for Committee for Standardization, 2016b) and EN 14358 ( strength class value (%)

Standardization, 2016a) European Committee for Standardization, 2016c)

Sk Eo mean Px fmxa (MPa) Eo meand Pxd fmkd Eomeand lﬂ

(MPa) (GPa)  (kg/m®) (GPa) (kg/m®) fmk Eomean Pk
C20 20 9.5 330 32.430 11.637 330.065 162.2 122.5 100.0 20 19.6
Cl4 14 7 290 25.853 10.159 297.501 184.7 145.1 102.6 46 45.1
Reject 21.876 8.581 258.113 36 35.3
Total 102 100
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Table 11
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Numbers and proportions of specimens governed by different GDP combinations within each final assigned grade.

Assigned grade Controlling GDP(s)

Total

DEN MOE DEN + MOE DEN + MOR DEN + MOE + MOR
C20 10 (50.0%) 6 (30.0%) 4 (20.0%) 0 (0.0%) 0 (0.0%) 20 (100%)
Cl4 42 (91.3%) 3 (6.5%) 1(2.2%) 0 (0.0%) 0 (0.0%) 46 (100%)
Reject 33 (91.7%) 0 (0.0%) 0 (0.0%) 1 (2.8%) 2 (5.6%) 36 (100%)
Total 85 (83.3%) 9 (8.8%) 5 (4.9%) 1 (1.0%) 2 (2.0%) 102 (100%)

Note: DEN = density, MOE = bending MOE, and MOR = bending strength. The listed categories indicate the GDP(s) that individually or jointly determined the final
assigned grade. Values are given as number of specimens, with percentages in parentheses.
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Fig. 12. Relationships between parallel bending MOE (E,) and (a) bending strength (fy, corr) and (b) density (pjoca1 corr) for the final grading results, including C14 and

C20 thresholds in EN 338 (European Committee for Standardization, 2016a).

provides an important implication for the structural utilization of
fast-grown Chinese fir. The results suggest that, under this framework,
improving the final grade yield of this material is more strongly asso-
ciated with satisfying the density requirement than with improving
bending-property prediction alone. Therefore, material selection and
resource allocation, such as screening boards with higher global density
or considering differences related to growth region, provenance, and age
class, may be more effective for increasing the proportion of material
assigned to higher strength classes. In this context, automated knot
quantification may provide useful support for defect assessment within
existing visual grading workflows. Under certain conditions, it may also
assist secondary selection within a grade, although this role is likely to
remain subordinate to that of dynamic MOE.

Finally, the present findings should be interpreted within the scope
of the investigated material. This study focused on fast-grown Chinese
fir boards with a single nominal cross-section from a limited source
range, and further work on broader material populations is needed to
confirm the robustness of the derived grading relationships and
thresholds. In addition, while the current knot-related indicators pro-
vided supplementary information beyond dynamic MOE, their practical
contribution may depend on how defect descriptors are defined and
extracted. Future studies should therefore examine broader datasets and
refined knot characterization methods to further assess their value in
resonance-based grading workflows.

12

4. Conclusion

This study evaluated whether resonance-based dynamic MOE, sup-
plemented by vision-based knot indicators, could support the mechan-
ical grading of fast-grown Chinese fir sawn timber under the EN 338
(European Committee for Standardization, 2016a) / EN 14081-2
(Buropean Committee for Standardization, 2018) framework. The
findings provide a preliminary but standard-linked assessment of the
respective roles of dynamic MOE, density, and knot-related indicators
within this grading framework. The main findings can be summarized as
follows.

1. The selected YOLO-based detection workflow enabled automated
quantification of knot-related indicators from surface images. The
predicted knot indicators showed moderate agreement with manu-
ally derived reference values. The highest agreement between pre-
dicted and labeled knot-related indicators was obtained for the
grade-related indicator (R? = 0.69). These results indicate that the
predicted indicators retained part of the grading-relevant knot in-
formation and could be used as supplementary variables in the
subsequent analyses.

2. Dynamic MOE alone showed good predictive ability for bending
MOE (R? = 0.60) and bending strength (R* = 0.44). Incorporating the
predicted maximum wide-face CKDR into multivariate models
slightly improved the prediction of bending MOE (R?> = 0.64) and
bending strength (R* = 0.46). These results confirm that resonance-
based dynamic MOE served as the primary indicating property, while
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vision-based knot indicators provided measurable but limited sup-
plementary value beyond dynamic MOE.

3. Density was identified as the governing grade determining property
under the investigated material conditions. After consolidation ac-
cording to EN 14081-2 (European Committee for Standardization,
2018), the final grade distribution was C20 (19.6%), C14 (45.1%),
and Reject (35.3%). Most specimens were controlled by density,
either alone or in combination with other GDPs, whereas the
contribution of bending MOE was comparatively smaller. The
multivariate models did not substantially improve grade yield
compared with the univariate resonance-based model, indicating
that the final strength-class assignment was mainly constrained by
the density requirement rather than by the prediction of bending
properties alone.

4. The grading settings derived from both univariate and multivariate
models complied with EN 14081-2 (European Committee for
Standardization, ~ 2018), indicating that the proposed
resonance-based grading workflow was statistically acceptable for
the tested material population. However, the present results should
be regarded as preliminary because the regression models and
grading settings were derived from a relatively limited destructive
dataset.

Overall, this study provides a preliminary validation of a standard-
linked grading workflow integrating resonance-based dynamic MOE
and vision-based knot indicators for fast-grown Chinese fir. The results
confirm the effectiveness of dynamic MOE as a practical primary indi-
cating property for grading fast-grown Chinese fir, clarify the supple-
mentary but limited role of vision-derived knot indicators, and reveal
that density is the main factor limiting higher strength-class assignment
under the EN 338 (European Committee for Standardization, 2016a)
framework.

Future work should examine Chinese fir from different provenances,
age classes, and broader material populations, with particular attention
to reducing the proportion of material that does not satisfy the density
requirement, improving the achievable strength-class yield, and re-
evaluating the grading value of other knot-related indicators under
broader material conditions.
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