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ABSTRACT: Automated wood surface defect detection is difficult to evaluate reliably because defects are often small,
low-contrast, and visually confounded by natural wood texture, while reported performance can vary substantially with
benchmark design and domain shift. To address this issue, we conduct a comparative study across three practically
relevant settings: a curated seven-class benchmark, a broader in-domain seven-class protocol derived from the same
source dataset, and supervised adaptation to a low-resource Vietnamese target domain. We compare lightweight two-
stage detectors based on Faster Region-based Convolutional Neural Network (Faster R-CNN) with MobileNetV3-FPN
against a compact You Only Look Once version 8 (YOLOVSs) baseline, while also testing two small-object-oriented
YOLO refinements as targeted diagnostic variants rather than as the primary claimed contribution. Across in-domain
experiments, the compact YOLOV8s baseline delivers the strongest performance, achieving 84.38% AP50 on the curated
benchmark, whereas performance drops to 81.16% AP50 under the broader protocol, indicating that benchmark breadth
materially changes the apparent difficulty of the task and the relative strength of competing models. In the target-domain
setting, source-initialized fine-tuning improves optimization behavior and can outperform target-only training in a
representative single run, but repeated-seed evaluation does not confirm a stable held-out-test advantage under the
same adaptation budget. These findings suggest that conclusions drawn from a single curated benchmark may overstate
model robustness, and that for wood defect detection, protocol breadth and source-to-target shift should be treated as
central evaluation factors rather than secondary experimental details.

KEYWORDS: Wood surface defect detection; lightweight detector comparison; MobileNetV3-FPN; YOLOVS;
benchmark sensitivity; industrial visual inspection; domain shift

1 Introduction

Automatic surface inspection is important in industrial production because manual inspection is
costly, subjective, and difficult to scale. In wood processing, the problem is particularly challenging because
natural grain, resin, knots, cracks, pith, and staining introduce substantial appearance variation even before
true defects are considered. Surface defects are therefore relevant not only to visual grading but also to
downstream material value and utilization [1].

In practice, an inspection system must therefore detect visually weak defects, separate semantically
similar subtypes, and remain stable across production batches while using detector choices that are realistic
for practical inspection rather than only optimal on a curated benchmark.
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From a vision perspective, wood surface defect detection is challenging because many targets are small,
low-contrast, elongated, or only partially visible, several categories such as live knots, dead knots, knots with
cracks, and cracks are semantically close, the class distribution is long-tailed, and deployment data often
differ from benchmark data in scale, framing, and label space.

Recent wood-defect studies mainly pursue detector-side improvements, typically by modifying feature
tusion, attention, small-target handling, or localization loss [2-6]. However, it remains unclear whether the
resulting detector rankings remain stable when the evaluation protocol is broadened or when models are
transferred to a lower-resource target domain. Across these papers, the same trade-offs keep resurfacing:
small targets disappear at coarse scales, localization is fragile on weak or elongated defects, and the detector
still has to fit a practical compute budget.

Beyond curated benchmark performance, the central unresolved issue is whether detector rankings
remain stable when evaluation protocols are broadened and when models are transferred to a lower-resource
target domain. This question is practically relevant in settings where labeled wood-defect data are limited,
including emerging datasets such as VNWoodKnot. We are therefore interested not only in which detector
performs best on the curated benchmark, but also in how well conclusions drawn from that source setting
survive broader evaluation and source-to-target transfer. In practical terms, this study asks three questions.
Do strong results on the curated benchmark still hold when the evaluation protocol is broadened? Does
detector family matter more than a small module-level refinement? And when the model is moved to a
different dataset, how much performance is lost as label space, framing, and object scale change?

Given practical compute constraints, we focus on lightweight models: Faster R-CNN with
MobileNetV3-FPN, a compact YOLOVSs baseline, and two small-object-oriented YOLO variants with a
P2 head and a custom WNIoU-style hybrid box loss. We study them on two datasets: the VSB dataset [1]
and VNWoodKnot, a smaller low-resource target dataset collected in Vietnam [7]. Rather than presenting
a new detector module as the central contribution, this paper is designed as a comparative evaluation of
detector-family choice, protocol breadth, and source-to-target transfer.

This study makes the following contributions.

1. We present a comparative evaluation spanning a curated benchmark (VSB), a broader in-domain seven-
class protocol, and a low-resource target-domain setting.

2. We compare lightweight two-stage detectors and a compact one-stage detector family under shared
processing and evaluation conditions, while testing two targeted YOLO refinements as diagnostic small-
object-oriented variants.

3. We show that benchmark breadth materially affects apparent detector performance under the stud-
ied protocols.

4.  We analyze both single-run and repeated-seed transfer behavior on VN'WoodKnot under a fixed fine-
tuning budget.

2 Related Work

Recent works on wood defect detection commonly evaluate YOLO-style detectors on benchmark
variants derived from the VSB dataset, including ODCA-YOLO, BPN-YOLO, SiM-YOLO, FDD-YOLO, and
CWB-YOLOVS [2-6]. Although these models differ in where they add capacity, the overall recipe is similar:
they retain a one-stage backbone and then introduce feature fusion, attention, small-target handling, or
a modified localization loss to improve the reported score. The large-scale image dataset of wood surface
defects introduced by Kodytek et al., which we refer to here as the VSB dataset, has become the common
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reference point for this line of work because it offers a clearer taxonomy and a more systematic benchmark
than many earlier in-house collections [1].

Wood inspection research is broader than bounding-box detection, however. Kilic et al. [8,9] study
anomaly-oriented and hybrid sensing settings, and Hoang et al. [10] report 60.6% AP and 81.2% AP50
for an area-attention detector on a relabeled benchmark variant built from the Kodytek dataset, but with
a relabeling scheme different from the original VSB taxonomy. Their method also exceeds the YOLOvI2
reference reported in the same paper, which reaches 55.3% AP and 74.3% AP50. This is a useful neighboring
reference because it is built from the same image source but uses a different label definition and evaluation
framing. More broadly, it shows that wood inspection is still evaluated under multiple benchmark variants
rather than under one universally accepted setup. Even within detector papers, the result format is usually
the same: one curated split, one headline AP50, and one proposed architectural change. That convention
makes the literature easy to scan, but it leaves open a practical question that matters to deployment: is the
reported gain attached to the detector itself, or to the way the benchmark was screened and measured?

The broader industrial-inspection literature looks at the same problem from a slightly different angle.
Reviews of edge-oriented and industrial defect detection put latency, memory footprint, and backbone
efficiency on the same footing as accuracy [I1]. That is one reason two-stage detectors such as Faster R-
CNN remain useful as controlled references, especially when paired with lightweight backbones such as
MobileNetV3 [12,13]. At the same time, YOLO-style one-stage detectors have become the practical default
in many inspection tasks because they offer dense prediction with a favorable speed—accuracy trade-oft.

The same trade-off shows up in compact detectors for PCB, aluminum, printed-surface, metallic, rail,
and steel inspection, where authors repeatedly return to the same toolbox: lighter backbones, efficient heads,
multiscale fusion, and revised box losses [14-19]. Small-object surveys tell a similar story. High-resolution
heads and alternative localization losses are standard responses when targets are small, weakly contrasted,
or easy to miss after repeated downsampling [20,21]. That background is exactly why our study keeps both
ingredients in view: detector-family choice and small-object-oriented YOLO refinements.

Cross-paper detector results are still hard to compare cleanly. Reviews and benchmarking papers keep
making the same point: datasets, split rules, and metrics are not reported in a fully consistent way, so cross-
paper ranking can look firmer than it really is [5]. In wood inspection, that matters immediately. Changing
class filters, screening rules, or sampling policy can change which model looks best. A detector that performs
well on a small curated subset may not keep the same advantage once the protocol is broadened, and neither
result says much by itself about transfer to a different dataset. That is the point of departure for our study. We
keep the detector set compact and ask two practical follow-up questions: what still holds when the source-
domain protocol is broadened, and what still holds when the model is moved to VNWoodKnot?

3 Materials and Methods
3.1 Datasets and Protocol Design

In this study, we use the VSB dataset as the source dataset for both the curated benchmark and
the broader seven-class protocol, whereas VNWoodKnot is used as the low-resource target domain for
adaptation experiments. The in-domain experiments are built on the large-scale wood surface defect dataset
of Kodytek et al. [1]. Similarly to previous studies on this dataset, we derive a seven-class label space consisting
of live_knot, dead_knot, resin, knot_with_crack, crack, marrow, and knot_missing. This shared label space
is used for both protocols so that protocol sensitivity can be analyzed without changing the task definition.

To reflect that Vietnamese local setting, we use VNWoodKnot [7], a recent dataset collected in Vietnam
for wood knot detection and classification. It consists of board-surface images acquired under a fixed local
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imaging setup and annotated around knot-related categories, making it a useful low-resource target domain
for this study. The original VN'WoodKnot label space contains knot_free, live_knot, and dead_knot. In our
study, the two knot classes form the detection task, while knot_free images are preserved as negative samples.
This makes VNWoodKnot a practically relevant low-resource target domain for evaluating supervised
adaptation rather than a direct seven-class benchmark.

In the standard T0/T1 pipeline, VNWoodKnot images are not resized offline to 1024 in advance; resizing
to the training resolution is performed on the fly during training. The knot_free images are retained as
background-only negative samples rather than dropped, since removing them would discard a substantial
fraction of the available target-domain data and bias training toward defect-bearing images. Under the
reported split, negatives account for roughly one third of the images in each of train, validation, and
test, which preserves a consistent negative-to-positive ratio across splits. No hard-negative mining and no
oversampling are applied, so the contribution of negatives is determined by their natural proportion in each
batch rather than by a sampling heuristic.

Fig. 1 gives a visual comparison, while Table 1 summarizes the main quantitative differences between the
two datasets. These differences matter because the VSB source dataset mainly tests small-defect localization
under a richer seven-class taxonomy, whereas the target domain emphasizes larger knots under a much
smaller label space.

knot_free live_knot dead_knot

a The VSB source dataset. b Representative images from VNWoodKnot.

Figure 1: Visual comparison of the two datasets used in this study.

Table 1: Comparison between the VSB source dataset and the low-resource target domain used in this study.

Low-Resource Target Domain
(VNWoodKnot)

Images and annotations 20,276 and 43,974 1515 and 1021

Attribute Curated Benchmark (VSB Source)

7 classes: live_knot, dead_knot,
resin, knot_with_crack, crack,
marrow, knot_missing

Label space used in this
study

2 classes (live_knot, dead_knot) with
knot_free retained as negatives

Heterogeneous source images
Image format converted into tiled Fixed-size images (1500 x 1500)
training/evaluation records

(Continued)
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Table 1 (continued)

Attribute

Curated Benchmark (VSB Source)

Low-Resource Target Domain
(VNWoodKnot)

Derived tiles/processed

48,156 tiles after preprocessing

No tiling used in the reported

images (38,493 train, 4879 val, 4784 test) target-domain setting
lit si 1 226/229 i 15/151/1
Repor.ted split sizes 38,493/4879/4784 tiles 060/226/229 images and 715/151/155
(train/val/test) boxes

Background-only
images

Not emphasized in the benchmark
protocol

500 knot_free images

Main implication

Strong emphasis on small-defect
localization and long-tail
multi-class discrimination

Stronger emphasis on larger knot
regions, simpler label space, and
source-to-target transfer

The mean normalized bounding-box area in the in-domain dataset is 0.008857, whereas VN'WoodKnot
has a mean normalized bounding-box area of 0.119985. This order-of-magnitude gap indicates a strong
difference in object scale and framing. Together with the label-space reduction and the presence of many
negative images in VNWoodKnot, these statistics support interpreting the external evaluation as a substantial
source-to-target shift rather than as a minor threshold-calibration issue.

3.2 Protocol Variants
3.2.1 Protocol A: Curated Seven-Class Benchmark

We define the curated benchmark to be comparable in spirit to prior seven-class benchmark variants
derived from the Kodytek dataset [1]. Following prior studies [2-6], we first select 3600 source images and
assign train, validation, and test splits at the source-image level before generating tiled records for detection
training and evaluation. All tiles derived from the same source image therefore remain in the same split.
This benchmark contains 7679 training tiles, 977 validation tiles, and 972 test tiles. For experiments on this
protocol, we retain short-budget 50-epoch runs for detector screening and ablation, and we also include a
200-epoch run as an extended follow-up schedule.

3.2.2 Protocol B: Broader Seven-Class Protocol

To check whether conclusions from the curated benchmark remain valid under the broader seven-
class protocol, we also evaluate a broader seven-class protocol constructed by filtering the full dataset down
to the same seven classes. This protocol produces a larger validation split with 4846 validation tiles under
the present tiling configuration. As in Protocol A, we keep the original 50-epoch run as the short-budget
reference, and we also include a 200-epoch YOLO run to better match the longer schedules commonly used
in prior YOLO-based studies.

3.2.3 External Protocol: VNWoodKnot Adaptation Setting

For the external study, VNWoodKnot is reformulated as a two-class detection task contain-
ing 1ive_knot and dead_knot, while knot_free images are preserved as negatives. This setting
allows us to measure how quickly a curated-benchmark checkpoint can adapt to a target wood-inspection
dataset under a fixed fine-tuning budget.
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3.3 Detector Variants

Based on the defect characteristics discussed in Sections 1 and 3.1, we select three detector families to
cover complementary operating points in a practical wood-inspection design space. First, Faster R-CNN with
MobileNetV3-FPN provides a proposal-based two-stage family that combines explicit region refinement
with lightweight backbones, making it a relevant reference when localization control and computational
efficiency must be balanced [11-13]. Second, YOLOVS8s represents a compact one-stage family that has
become a strong practical default in recent defect-inspection and wood-defect studies because of its favorable
speed—accuracy trade-off and multiscale dense prediction behavior [2-5]. Third, we test two targeted YOLO
refinements, namely a higher-resolution P2 head and a custom WNIoU-style hybrid box loss. The latter
combines a CloU term, an NWD-like similarity term, and a Wise-IoU-style focusing factor to test whether
more robust localization supervision helps thin cracks and irregular knot-related regions [22-24]. This
detector selection allows the study to address two practical questions at once: which detector family is
most suitable for the present wood-defect setting, and whether widely motivated small-object-oriented
refinements materially change that ranking.

3.3.1 Low-Capacity MobileNet Baseline

The lowest-capacity reference in our study is a Faster R-CNN detector instantiated from Faster R-CNN
+ MobileNetV3-320-FPN, with the image size fixed to 1024 x 1024. We include this model as a lower-cost
anchor point for the proposal-based family, so that the study can distinguish between the effect of detector
family and the effect of simply scaling backbone capacity inside the same two-stage design [12,13].

3.3.2 High-Resolution (HR) MobileNet Baseline

The main lightweight family in the paper uses Faster R-CNN + MobileNetV3-Large-FPN, trained
at 1024 x 1024. This family appears in one broader-protocol run and several curated-benchmark variants
summarized later in the experiment tables. We use it as the principal lightweight two-stage reference because
it retains the proposal-based refinement behavior of Faster R-CNN while providing a stronger MobileNet
backbone than the lower-capacity baseline above [12,13].

3.3.3 YOLOVSs Baseline (Y0)

The YOLOVS8s runs on the broader seven-class protocol and on the curated benchmark use the standard
YOLOV8s architecture. We choose this network as the compact one-stage baseline because it provides a
modern, strong, and deployment-relevant detector family that is close in spirit to the YOLO-style models
dominating recent wood-defect literature [2-5]. The final reported run on the curated benchmark is
denoted YO-3600e200.

3.3.4 P2-Head Ablation (Y1)

Y1 adds an extra P2 detection head to YOLOV8s via a modified model configuration. This variant
is motivated by a task-specific hypothesis: several wood defects in the present benchmark occupy small
image regions or exhibit weak local contrast, so discriminative cues may be attenuated when prediction
begins only from coarser pyramid levels. In feature-pyramid notation, the baseline YOLOV8s branch predicts
from {Ps, Py, Ps}, whereas Y1 extends this set to {P,, P, Py, Ps}. Adding a higher-resolution detection
layer therefore tests whether earlier multiscale prediction improves the representation of small defects
in this domain, as suggested by recent small-object detection studies [20,21]. In the present study, Y1 is
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examined first as a 50-epoch screening-stage ablation and then as a matched 200-epoch comparison on the
curated benchmark.

3.3.5 WNIoU-Style Box-Loss Ablation (Y2)

Y2 modifies the box regression loss to a custom WNIoU-style hybrid loss. In our implementation,
this loss combines a CIoU term, an NWD-like similarity term, and a Wise-IoU-style focusing factor, rather
than reproducing a single published formula verbatim [22-24]. This variant addresses a different hypothesis
from Y1: some wood defects, particularly thin cracks and irregular knot-related regions, may be limited
less by feature resolution than by unstable geometric supervision during box regression. A distance-aware
and reweighted localization loss is therefore tested as a compact way to improve localization robustness
without modifying the detector architecture itself. In the comparison reported here, Y2 appears as a matched
200-epoch curated-benchmark rerun under the same long schedule as the final compact baseline.

For the YOLO branch, we write the detection objective as
ﬁdet = ﬁcls + ﬁdﬂ + ﬁbox- (1)

The baseline YOLOvS8s and the P2-head variant keep the standard CloU-based box term,

2(b,b"
cou=tou- ™) ®)
¢
where b and b* are the predicted and target boxes, p(-, ) is the squared center distance, c is the diagonal
length of the smallest enclosing box, and v is the aspect-ratio consistency term [24]. For Y2, we replace Lpox

with a hybrid form. First, an NWD-style similarity is computed on normalized boxes,

(cx—c2)2+(cy—c3)2+ 3 [(w=w*)2+ (h— h*)?]

Snwd = exXp| — s > (3)

where (¢, ¢y, w, h) and (cy, c; ,w*, h*) denote predicted and target box centers and sizes, and s is a distance

scale (set to 0.05 in this study). We then form the blended base loss

Lpase = (1= 1)(1 - CloU) + A(1 = Sawa), (4)
with A = 0.30, and apply a Wise-IoU-style difficulty weight

Weocus = 1+ (1 - CloU)?, (5)
with = 0.50 and y = 1.00. The final custom box term is therefore

Y2
‘Cbox = Wfocus ['base- (6)

This design preserves the original YOLOVS classification and distribution-focal terms while changing
only the localization supervision.
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4 Experiments and Results
4.1 Training Setup and Evaluation Settings
4.1.1 Hyperparameters and Metrics

We use a shared YOLO training setup wherever possible, including image size 1024, mixed-precision
training, AdamW as the optimizer, and training seed 42. The experiments are organized in two stages. First,
we use a 50-epoch budget for detector-family comparison and short-budget ablation analysis inside the study.
Second, we extend the curated-benchmark YOLO branch to 200 epochs to test whether the short-budget
ranking remains stable under a longer schedule.

The 50-epoch schedule is used as a practical short-budget setting for detector-family comparison and
local ablation. It was chosen because preliminary runs show all tested detectors reach a stable validation
regime well before epoch 50—consistent with Fig. 2, where AP50 peaks at epoch 55 and plateaus afterward—
while still being short enough to support repeated-seed and ablation experiments under our compute budget.
The 200-epoch schedule is used as an extended follow-up to check whether the short-budget ranking remains
stable under longer convergence, and it aligns with training horizons commonly reported in recent YOLO-
based wood-defect studies [2-6], allowing the final curated-benchmark numbers to be compared with prior
work on a comparable basis.

Training losses Validation losses
5.0
| —— box | —— box
5 | — cls 45 | — cls
— dfl — dfl
‘ 40 |
4 | ‘
| 35
|
33 2 3.0 ‘1
S S |
25—
2 WA, 2.0
T
1 15
1.0
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epoch Epoch
10 Precision and recall at loU 0.5 09 Screened benchmark AP50
—— Precision w— AP50
Recall 0.8
08 = /"J“M"i‘w""’m Best: epoch 55, AP50=0.8438
Iy vr — 07
06 j N
0 [ g 0o
Q | a
O
%) <
04 ,1 0.5
| 0.4
02 |
| 0.3
0.0 0.2
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epoch Epoch

Figure 2: Training progress of the 200-epoch YOLOvS8s run on the curated benchmark. The model reaches its best
AP50 at epoch 55 and then stays in a stable high-performance regime.

All models are trained and evaluated under a consistent export and evaluation pipeline. For VNWood-
Knot adaptation, both runs (T0 and T1) use the same two-class target-domain split and are evaluated on the
held-out target-domain test set with the same evaluator.
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To stay comparable with recent YOLO-based wood-defect studies, we use AP50 as the primary metric.
We also report precision and recall at IoU 0.5 (denoted Prec.50 and Rec.50).

In addition, we monitor a small-target subset metric for in-domain evaluation. Under the rule used in
the dataset audit and evaluator, an annotation is treated as small if its normalized bounding-box area is <0.01,
or its width is <16 pixels, or its height is <16 pixels, with combine=any. These auxiliary values are reported
for completeness but are not emphasized in the main result tables.

For VNWoodKnot, the external comparison is a supervised two-class target-domain evaluation. The
two classes are 1ive_knot and dead knot, while knot_free images are preserved as negative
samples. This makes the external study a matched adaptation problem rather than an overlap-only label-
mapping exercise.

4.1.2 Experiment Scenarios

We evaluate four scenarios.

o Detector-family exploration (B1, E1): We compare lightweight Faster R-CNN + MobileNet baselines
and compact YOLO baselines to identify a practical detector family before testing local YOLO refine-
ments.

e Curated benchmark (Y0-3600, Y0-3600e200,Y1,Y1-e200, Y2-e200): Train and evaluate on
the curated benchmark using YO-3600 as the short-budget reference and Y0-3600e200 as the
final literature-facing confirmation run. The P2 variant is reported both as a 50-epoch screening-stage
comparison and as a matched 200-epoch rerun, whereas the WNIoU-style loss variant is included as a
matched 200-epoch rerun under the same curated-benchmark protocol.

o Broader seven-class protocol (YO-full,Y0-full_ e200): Train and evaluate on the broader seven-
class protocol to quantify the protocol-sensitivity gap relative to the curated benchmark. We retain the
original 50-epoch checkpoint as the stronger study-internal reference, and we use an additional 200-
epoch rerun as a diagnostic check on schedule sensitivity.

o  Target domain adaptation (T0, T1): Compare supervised target-only training (T0) and curated-
benchmark source fine-tuning (T1) on the VNWoodKnot two-class protocol. Both runs are trained for
50 epochs and then evaluated on the held-out target-domain test split. The validation trajectories over
the same 50-epoch budget are reported as optimization diagnostics.

Table 2 summarizes the main runs reported in the manuscript and the role each one plays in the study.
The table also makes clear that the reported runs serve different inferential roles, namely short-budget
screening, extended follow-up checks, and target-domain adaptation under a fixed budget.

Table 2: Summary of the experiments.

ID Model/Change Protocol Epochs Description

Primary lightweight two-stage
B1 Faster R-CNN + HR Broader seven-class 50 reference for the broader

MobileNet
seven-class protocol.

Faster R-CNN + HR Primary lightweight two-stage

El A Curated benchmark 50 reference for the curated
MobileNet
benchmark.

(Continued)
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Table 2 (continued)

ID

Model/Change

Protocol

Epochs

Description

Y0-3600

YOLOvVS8s

Curated benchmark

50

Main short-budget
curated-benchmark reference
used in the focused YOLO
comparison.

Y0-3600e200

YOLOVS8s

Curated benchmark

200

Final long-schedule YOLOV8s
run used for literature-facing
comparison on the curated
benchmark.

YO-full

YOLOvVS8s

Broader seven-class
protocol

50

Main internal YOLOvS8s
reference on the broader
seven-class protocol.

YO0-full_e200

YOLOVS8s

Broader seven-class

200

Long-schedule diagnostic run
used to assess schedule
sensitivity on the broader
seven-class protocol.

Y1

YOLOVSs + P2 head

Curated benchmark

50

Screening-stage ablation used
to test whether a
higher-resolution detection
head improves the compact
YOLO baseline.

Y1-e200

YOLOVSs + P2 head

Curated benchmark

200

Matched long-schedule
ablation used to compare the
P2-head variant against the
final curated-benchmark
YOLO baseline.

Y2-e200

YOLOvV8s + WNIoU
loss

Curated benchmark

200

Matched long-schedule
ablation used to compare the
WNIoU-style variant against
the final curated-benchmark

YOLO baseline.

TO

YOLOV8s target-only
training

VNWoodKnot 2-class

50

Target-domain baseline trained
only on VNWoodKnot for
supervised adaptation
comparison.

T1

Y0-3600e200 —
fine-tune

VNWoodKnot 2-class

50

Source-initialized adaptation
run used to test transfer from
the curated benchmark to
VNWoodKnot under the same
50-epoch budget.

4.2 Detector-Family Exploration

Before focusing on YOLO-specific ablations, we compare the detector families that define the practical
design space of this study.

o On the broader seven-class protocol, the high-resolution MobileNet baseline reaches 75.15% AP50,
while YO - £ul1l reaches 80.39% AP50.
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o On the curated benchmark, the best high-resolution MobileNet variant (E1) reaches 74.52% AP50.
Under the same benchmark family, the final compact YOLO baseline reaches 84.38% AP50 after
200 epochs.

o Thelow-capacity MobileNet baseline reaches 71.46% AP50 on the broader seven-class validation setting
and serves mainly as an exploratory reference showing that simply keeping a lightweight Faster R-CNN
+ MobileNet family does not close the gap to the stronger compact YOLO baseline.

These results motivate the rest of our work: YOLOvV8s becomes the main in-domain baseline not because
it is the largest model we tested, but because it emerges as the strongest compact detector in our screening
results across the practical wood-defect settings considered here. Table 3 shows that this detector-family gap
is visible in both in-domain settings rather than being tied to only one protocol.

Table 3: Detector-family comparison across practical in-domain settings.

Family/Run Protocol AP50 Description

Curated Exploratory low-capacity two-stage
El 74.52% reference selected under the same
benchmark _ ,
in-domain protocol.

Broader Primary lightweight two-stage

B1 75.15% reference for the broader seven-class
seven-class
protocol.

Broader Main compact one-stage reference

YO-full e200 81.16% for the broader seven-class protocol
seven-class

after the matched 200-epoch rerun.

Curated Long-schedule compact YOLOv8s

Y0-3600e200 84.38% run used for literature-facing
benchmark .
comparison.

4.3 YOLO Refinements and Final Curated-Benchmark Results

Table 4 compares the broader seven-class reference, the curated-benchmark baseline, and the matched
200-epoch reruns. Figs. 2 and 3 show the class-wise AP50 profile and training dynamics of the final
curated-benchmark model. The strongest result in Table 4 is YO-3600e200, which reaches 84.38%
AP50, 80.88% precision, and 79.11% recall on the curated benchmark. The matched broader seven-class
rerun, YO-full e200, reaches 81.16% AP50, so the broader protocol remains clearly harder within the
same detector family. The 50-epoch single-run references show the same protocol gap: YO -full reaches
80.39% AP50, whereas YO - 3600 reaches 83.57% AP50.

The matched 200-epoch ablations do not change that ranking. Y1-e200 reaches 83.7% AP50
and Y2-e200 reaches 83.93% AP50, so neither variant surpasses Y0-3600e200. Among these two
ablations, the WNIoU-style branch comes closest to the final curated-benchmark baseline.
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Table 4: Focused YOLO comparisons across the broader seven-class protocol, the curated benchmark, and the matched
200-epoch reruns. AP50 is the primary metric.

ID Dataset Epochs AP50 Prec.50 Rec.50
YO-full Broader seven-class 50 80.39% 74.89% 77.42%
Y0-3600 Curated benchmark 50 83.57% 79.46% 79.95%

Y0-full e200 Broader seven-class 200 81.16% 76.43% 75.85%
Y1-e200 Curated benchmark 200 83.7% 79.53% 78.27%
Y2-e200 Curated benchmark 200 83.93% 79.23% 79.16%

Y0-3600e200 Curated benchmark 200 84.38% 80.88% 79.11%
10
0.891 0.882
08 0.736 — 0750 0.754
0.678
06
g
0.4
02
00 live dead resin knot crack marrow knot
knot knot with missing

crack

Figure 3: Class-wise AP50 of YO-3600e200.

Among recent studies evaluated on the same benchmark family, ODCA-YOLO and SiM-YOLO
reported AP50 values of 78.5% and 78.4%, respectively, while BPN-YOLO and FDD-YOLO reported 81.8%
and 82.3%, respectively [2-5]. Hoang et al. reported 81.2% AP50 on a relabeled benchmark derived from the
Kodytek Zenodo release using an area-attention detector [10]. Our final YOLOv8s model achieved 84.38%
AP50 on the curated benchmark, placing it above the AP50 values reported in these recent studies on closely
related benchmark variants.

Fig. 2 shows the training dynamics of the 200-epoch YOLOV8s run on the curated benchmark. AP50
rises quickly during the early schedule, reaches its peak at epoch 55, and then stays in a stable high-
performance regime through the remainder of training. The loss curves also become progressively smoother
over the schedule, which supports using this run as the final literature-facing compact baseline.

Fig. 3 shows the class-wise AP50 of YO-3600e200. The strongest classes are marrow (89.1%) and
knot missing (88.2%), followed by resin (78.2%). The weakest class is live knot (67.8%), while dead knot
(73.6%), knot with crack (75%), and crack (75.4%) occupy the middle range. This ranking is consistent with
the semantic ambiguity discussed in Section 1: knot-related categories remain harder than the most visually
distinctive defect types.
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4.4 Target-Domain Adaptation Results on VNWoodKnot

Table 5 summarizes the target-domain adaptation comparison on VNWoodKnot. The held-out target-
domain test split used here contains 229 images, 155 target boxes, and 75 negative knot_free images.
Under the seed-42 run, T1 reaches 83.12% AP50, whereas TO reaches 77.53%. Precision also rises from
53.7% to 67.3%, recall rises from 89.03% to 91.61%, and the number of predictions drops from 257 to 211.
The validation trajectories show the same pattern: T1 reaches 70% AP50 by epoch 9 and 80% by epoch 31,
whereas TO reaches the same thresholds at epochs 19 and 40.

Table 5: Target-domain adaptation on VN'WoodKnot under a fixed 50-epoch budget, with seed 42.

ID Setting AP50 Prec.50 Rec.50 Notes
Held-out test (229
TO Target-only supervised training 77.53% 53.7% 89.03% images, 155 targets),
257 predictions

Held-out test (229
T1 Y0-3600e200 — fine-tune 83.12% 67.3% 91.61% images, 155 targets),
211 predictions

This seed-42 comparison shows that the target task is learnable within a modest training budget and
that source initialization can produce a stronger adapted run. The repeated-seed analysis below is used
to determine whether that advantage persists across seeds. In other words, Table 5 should be read as a
representative single-run comparison rather than as the final statement on transfer robustness.

Fig. 4 visualizes the same seed-42 comparison. The largest class-wise AP50 gain appears
on live knot, where AP50 rises from 71.06% to 83.24%. For dead_knot, AP50 changes little, but
precision and recall still improve. The validation curves show that T1 reaches the same accuracy range
earlier than TO.

Held-out Test AP50 Optimization Within 50 Epochs

90.0% 90%

W TO target-only 0.80 @ e31
0.70 @ €9

B T1 source fine-tune
80% -

85.0% - 0.840
° 0.831 0.832 0.830

70% A

80.0% 60% -
50% A
75.0% A
40%

Validation AP50

70.0% A 30% A

AP50 on held-out test

20% A
65.0% -

% -
10% === TO target-only

=== T1 source fine-tune

60.0% - 0% T T T T
Overall Live knot Dead knot 10 20 30 40 50

Epoch

Figure 4: VNWoodKnot adaptation under 50-epoch budget. Left: held-out test AP50 overall and by class for target-only
training and curated-benchmark source fine-tuning. Right: validation AP50 trajectories for the first 50 epochs.

Fig. 5 shows representative VNWoodKnot test examples for target-only training (T0) and source-
initialized fine-tuning (T1). The selected cases illustrate both favorable and unfavorable transfer outcomes:
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source initialization improves some detections, but target-only training remains competitive in other
cases, and class confusion is not fully removed. This qualitative pattern matches the mixed repeated-seed
target-domain results.

Ground truth TO Tl Ground truth Faster R-CNN YOLOv8s YOLO P2

marrow

(a) (b)

Figure 5: Qualitative comparisons for the target-domain and in-domain settings. The VNWoodKnot examples
(a) show both favorable and unfavorable transfer outcomes, whereas the in-domain examples (b) provide supporting
visual evidence for representative correct detections and failure modes across models.

4.5 Multi-Seed Robustness Evaluation

Repeated-seed analyses over seeds 42, 43, 44, and 45 show that the short-budget ranking remains
stable in-domain Tables A1-A3. In native YOLO validation, Y0 reaches 83.79% + 0.0050 AP50, Y2 reaches
83.55% + 0.0033, and Y1 reaches 82.99% =+ 0.0082. Under the shared repo evaluator on the held-out curated
test split, the ordering becomes YO (77.91% + 0.0052) > Y1 (77.57% + 0.0084) > Y2 (77.25% + 0.0042).
None of the local YOLO refinements therefore yields a robust 50-epoch held-out-test AP50 gain over the
compact baseline.

The target-domain picture differs. On VNWoodKnot validation, T1 reaches 85.35% + 0.0101 AP50
and TO reaches 84.44% + 0.0088, so source initialization remains slightly better on average under the same
50-epoch budget. On the held-out test split, however, the ordering reverses: T0O reaches 79.09% + 0.0136
AP50, whereas T1 reaches 77.3% + 0.0409. Under this budget, transfer changes optimization behavior and
the precision-recall trade-off, but it does not yield a robust held-out-test AP50 gain across seeds. Taken
together, Tables 6 and 7 show that the validation average and the held-out test average should not be treated
as interchangeable when transfer behavior is assessed under a small target-domain budget.

4.6 Inference Computational Cost

Table 8 reports inference cost for the detector families and transfer settings at image size 1024 and
batch size 1. The compact YOLOVS8s baseline remains attractive from a deployment perspective: despite
higher FLOPs than the MobileNet baselines, it runs faster and uses less peak inference memory in the
present environment.
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Table 6: Results for target-domain adaptation under the 50-epoch setting. Reported values are mean + standard
deviation over seeds 42, 43, 44, and 45.

Setting AP50 Prec.50 Rec.50
TO (target-only) 84.4% + 0.009 76.2% + 0.037 82% + 0.043
T1(Y0-3600e200 — fine-tune) 85.4% =+ 0.010 79.8% + 0.024 81.9% =+ 0.011

Table 7: Held-out-test repeated-seed results for target-domain adaptation on VNWoodKnot. All rows correspond to
50-epoch runs, and reported values are mean + standard deviation over seeds 42, 43, 44, and 45.

Setting AP50 Prec.50 Rec.50
TO (target-only) 79.1% + 0.014 53.9% + 0.027 91.6% + 0.017
T1(Y0-3600e200 — fine-tune) 77.3% + 0.041 59.9% + 0.074 86.9% + 0.032

Table 8: Inference computational cost of the detector families and transfer settings reported in the main text at image
size 1024 and batch size 1.

Model Params (M) FLOPs (G) Latency(ms) Throughput (img/s) Peak Mem. (GB)

Bl 18.99 19.64 9.55 104.70 0.257

El 18.99 43.33 12.96 7714 0.257
Y0-3600e200 9.84 60.38 7.48 133.69 0.154
Y1-e200 10.03 81.24 9.06 110.39 0.230
Y2-e200 9.84 60.38 7.23 138.22 0.154
TO 9.84 60.36 5.98 167.23 0.154

T1 9.84 60.36 7.59 131.79 0.154

Among the YOLO variants, only the P2-head branch (Y1-e200) clearly increases inference cost,
raising parameters, FLOPs, latency, and memory without improving AP50 over YO0-3600e200. The
WNIoU-style branch (Y2-e200) keeps essentially the same inference footprint as the baseline, which
is consistent with its role as a loss-level training change rather than an architectural modification. The
same interpretation applies to TO and T1: source initialization changes the starting weights but not the
deployed model structure, so the small latency gap between them should not be read as a structural cost
difference. Table 8 therefore supports practical detector selection, but it should not be interpreted as a
substitute for a full deployment or system-integration study.

5 Discussion

The strongest result in the evaluated design space comes from the compact YOLOvS8s baseline. On the
curated benchmark, the long-schedule run reaches 84.38% AP50, placing it above the AP50 values reported
in recent studies on closely related benchmark variants. We do not frame this as a strict SOTA claim because
the reconstructed benchmark, checkpoint policy, and evaluation details are not identical across studies.

The MobileNet-based two-stage branch provides a useful reference, especially on the broader seven-
class protocol, but it does not match the compact YOLO baseline. More importantly, the local YOLO
modifications do not change that conclusion. Under repeated-seed 50-epoch checks, none of the internal
YOLO variants produces a robust held-out-test AP50 gain over the baseline, and the matched 200-epoch
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reruns keep the same overall ranking. Within the present design space, detector-family choice therefore
matters more than the tested module-level YOLO refinements.

Protocol choice also changes the observed picture enough that it cannot be treated as a reporting detail.
The broader seven-class protocol remains below the curated benchmark even after the extra 200-epoch rerun,
and the broader protocol does not benefit from a longer schedule in the same way as the curated benchmark.
The VNWoodKnot study points in the same direction. Source initialization improves optimization and
slightly improves the validation average across four seeds, yet the held-out-test aggregate favors TO and
shows greater variance for T1. In other words, source-to-target transfer remains meaningful to study, but
under the present 50-epoch adaptation budget it does not yield a stable held-out-test AP50 advantage across
repeated seeds.

The ablation results support the same comparative conclusion. The P2-head branch remains below
the compact baseline on AP50 under both short and long schedules, even though it stays competitive on
mAP50-95. The WNIoU-style long-schedule rerun comes closer, but it also remains below the baseline.
In this paper, these variants are therefore best interpreted as targeted diagnostic refinements within a
comparative study rather than as the central claimed contribution.

This study has several limitations. The broader seven-class protocol and external adaptation results are
still restricted to relatively short target-domain budgets, and the paper does not yet report matched training-
time or energy measurements across schedules and detector families. The full reproducibility bundle is
described here, but it is not embedded directly in the manuscript.

6 Conclusion

This study examined how detector-family choice, protocol breadth, and source-to-target transfer affect
wood surface defect detection across the curated benchmark (VSB), a broader seven-class protocol, and the
low-resource target domain.

The results allow the three research questions from the introduction to be answered directly. First,
strong curated-benchmark results do not transfer unchanged when the evaluation protocol is broadened. The
compact YOLOvVS8s baseline remains the strongest detector in the evaluated design space, but performance
drops from 84.38% AP50 on the curated benchmark to 81.16% AP50 on the broader seven-class protocol,
showing that protocol breadth materially changes the apparent difficulty of the task.

Second, within the present design space, detector family matters more than the tested module-level
refinements. Within the 50-epoch reference setting, YOLOv8s remained ahead of the tested MobileNet-
based references, and the repeated-seed short-budget checks do not overturn that ranking once held-out-test
AP50 is considered. The matched 200-epoch reruns keep the same ordering on the curated bench-
mark: Y1 -e200 reaches 83.70% AP50 and Y2 -e200 reaches 83.93% AP50, both below the 84.38% AP50
of YO-3600e200.

Third, when the model is moved to VN'WoodKnot, source initialization improves optimization behavior
and can strengthen a representative single run, but the repeated-seed held-out-test aggregate does not
confirm a robust advantage under the present 50-epoch adaptation budget. The representative seed-42 run
favored source-initialized fine-tuning, and the four-seed validation average also remained slightly higher
for T1. The repeated-seed held-out-test aggregate, however, favored target-only training: T0 averaged 79.09%
AP50, whereas T1 averaged 77.30% AP50.

Taken together, these findings show that benchmark breadth and source-to-target shift should be treated
as central evaluation dimensions in wood surface defect detection rather than as secondary experimental
details. Future work will focus on extending target-domain adaptation beyond the present 50-epoch budget,



Comput Mater Contin. 2026;88(3):79 17

adding matched training-time benchmarking across schedules, and studying transfer-aware adaptation
strategies on VNWoodKnot.
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Appendix A
This appendix reports the repeated-seed matrices underlying the robustness summaries in Section 4.5.
Table Al: Repeated-seed in-domain YOLO summary on the curated benchmark under the 50-epoch budget. Native val

AP50 is taken from the best-checkpoint Ultralytics logs; held-out test metrics are computed with the shared evaluator.
Values are mean + standard deviation over seeds 42-45.

Setting Native val AP50 Held-Out Test AP50 Test Prec.50 Test Rec.50
Y0 (YOLOVSs baseline) ~ 0.8379 + 0.0050 0.7791 + 0.0052 0.5491+0.0118  0.8540 + 0.0111
Y1 (P2 head) 0.8299 + 0.0082 0.7757 + 0.0084 0.5375+0.0051  0.8587 +0.0072
Y2 (WNIoU-style loss) ~ 0.8355 + 0.0033 0.7725 + 0.0042 0.5484 + 0.0048  0.8523 + 0.0047

Table A2: Per-seed held-out-test AP50 for the 50-epoch in-domain YOLO runs on the curated benchmark, evaluated
with the shared evaluator. The final column reports mean + standard deviation over seeds 42-45.

Setting/Split Seed 42 Seed 43 Seed 44 Seed 45 Mean = std
Y0 held-out test 0.78436 0.77248 0.78163 0.77778 0.7791 + 0.0052
Y1 held-out test 0.78389 0.77715 0.76390 0.77777 0.7757 £ 0.0084
Y2 held-out test 0.77147 0.77870 0.77019 0.76944 0.7725 + 0.0042

Table A3: Per-seed held-out-test AP50 for the 50-epoch target-domain adaptation runs on VNWoodKnot, evaluated
with the shared evaluator. The final column reports mean + standard deviation over seeds 42-45.

Setting/Split Seed 42 Seed 43 Seed 44 Seed 45 Mean =+ std

TO held-out test 0.77532 0.78900 0.79072 0.80843 0.7909 + 0.0136
T1 held-out test 0.83119 0.75545 0.76839 0.73704 0.7730 + 0.0409




18 Comput Mater Contin. 2026;88(3):79

References

1. Kodytek P, Bodzas A, Bilik P. A large-scale image dataset of wood surface defects for automated vision-based
quality control processes. FI000Research. 2022;10:581. doi:10.12688/f1000research.52903.1.

2. WangR, Liang E, Wang B, Mou X. ODCA-YOLO: an omni-dynamic convolution coordinate attention-based YOLO
for wood defect detection. Forests. 2023;14(9):1885. d0i:10.3390/f14091885.

3.  WangR, ChenY, Liang F, Wang B, Mou X, Zhang G. BPN-YOLO: a novel method for wood defect detection based
on YOLOV7. Forests. 2024;15(7):1096. doi:10.3390/f15071096.

4. XiH, Wang R, Liang F, Chen Y, Zhang G, Wang B. SiM-YOLO: a wood surface defect detection method based on
the improved YOLOVS. Coatings. 2024;14(8):1001. doi:10.3390/coatings14081001.

5. Lema DG, Sanchez-Gonzalez L, Usamentiaga R, delaCalle FJ. Benchmarking deep learning models for surface
defect detection: a reproducible and statistically-rigorous approach. J Intell Manuf. 2025;126(3-4):1093. d0i:10.1007/
s10845-025-02672-8.

6. AnH, Liang Z, Qin M, Huang Y, Xiong F, Zeng G. Wood defect detection based on the CWB-YOLOvV8 algorithm.
J Wood Sci. 2024;70(1):26. doi:10.1186/s10086-024-02139-z.

7. TranV,Lam D, Le T. VNWoodKnot: a benchmark image dataset for wood knot detection and classification. Data
Brief. 2025;62:112039. d0i:10.1016/j.dib.2025.112039.

8. Kilig K, Ozcan U, Kili¢ K, Dogru IA. Using deep learning techniques for anomaly detection of wood surface. Drv
Ind. 2024;75(3):275-86. d0i:10.5552/drvind.2024.0114.

9.  Kilig K, Kilig K, Dogru I.A, Ozcan U. WD detector: deep learning-based hybrid sensor design for wood defect
detection. Eur ] Wood Wood Prod. 2025;83:50.

10. Hoang VT, Le VT, Dinh N, Tran-Trung K, Van BN, Thi Hong HD, et al. Deep learning-based faulty wood detection
with area attention. Comput Mater Contin. 2025;85(1):1495-514. d0i:10.32604/cmc.2025.066506.

11.  Mittal P. A comprehensive survey of deep learning-based lightweight object detection models for edge devices.
Artif Intell Rev. 2024;57(9):242. d0i:10.1007/510462-024-10877-1.

12. Ren S, He K, Girshick R, Sun J. Faster R-CNN: towards real-time object detection with region proposal networks.
Adv Neural Inf Process Syst. 2015;28(6):91-9. doi:10.1109/tpami.2016.2577031.

13. Howard A, Sandler M, Chu G, Chen LC, Chen B, Tan M, et al. Searching for MobileNetV3. In: Proceedings of the
IEEE/CVF International Conference on Computer Vision; 2019 Oct 27-Nov 2; Seoul, Republic of Korea.

14. Khan RU, Shah E Khan AA, Tahir H. Advancing PCB quality control: harnessing YOLOv8 deep learning for real-
time fault detection. Comput Mater Contin. 2024;81(1):345-67.

15. Wang Y, Huang ], Dipu MSK, Zhao H, Gao S, Zhang H, et al. YOLO-RLC: an advanced target-detection algorithm
for surface defects of printed circuit boards based on YOLOv5. Comput Mater Contin. 2024;80(3):4973-95.

16. Zhao S, Li Z, Wei X, Wang Y, Zhao K. Lightweight small defect detection with YOLOv8 using cascaded multi-
receptive fields and enhanced detection heads. Comput Mater Contin. 2026;86(1):1-14. doi:10.32604/cmc.2025.
068138.

17.  Yasir SM, Ahn H. Faster metallic surface defect detection using deep learning with channel shuffling. Comput
Mater Contin. 2023;75(1):1847-61. doi:10.32604/cmc.2023.035698.

18. Wang Y, Zhu Y, Chen X, Yin T, Su S. Steel surface defect detection via the multiscale edge enhancement method.
Comput Mater Contin. 2026;86(3):1-10. doi:10.32604/cmc.2025.072404.

19. MinY, LiJ, Li Y. Rail surface defect detection based on improved UPerNet and connected component analysis.
Comput Mater Contin. 2023;77(1):941-62. doi:10.32604/cmc.2023.041182.

20. Wei W, Cheng Y, He J, Zhu X. A review of small object detection based on deep learning. Neural Comput Appl.
2024;36(12):6283-303. d0i:10.1007/s00521-024-09422-6.

21. Hua W, Chen Q. A survey of small object detection based on deep learning in aerial images. Artif Intell Rev.
2025;58:162. doi:10.21203/rs.3.rs-3074407/v1.

22. Tong Z, Chen Y, Xu Z, Yu R. Wise-IoU: bounding box regression loss with dynamic focusing mechanism.

arXiv:2301.10051. 2023. doi:10.48550/arxiv.2301.10051.


https://doi.org/10.12688/f1000research.52903.1
https://doi.org/10.3390/f14091885
https://doi.org/10.3390/f15071096
https://doi.org/10.3390/coatings14081001
https://doi.org/10.1007/s10845-025-02672-8
https://doi.org/10.1007/s10845-025-02672-8
https://doi.org/10.1186/s10086-024-02139-z
https://doi.org/10.1016/j.dib.2025.112039
https://doi.org/10.5552/drvind.2024.0114
https://doi.org/10.32604/cmc.2025.066506
https://doi.org/10.1007/s10462-024-10877-1
https://doi.org/10.1109/tpami.2016.2577031
https://doi.org/10.32604/cmc.2025.068138
https://doi.org/10.32604/cmc.2025.068138
https://doi.org/10.32604/cmc.2023.035698
https://doi.org/10.32604/cmc.2025.072404
https://doi.org/10.32604/cmc.2023.041182
https://doi.org/10.1007/s00521-024-09422-6
https://doi.org/10.21203/rs.3.rs-3074407/v1
https://doi.org/10.48550/arxiv.2301.10051

Comput Mater Contin. 2026;88(3):79 19

23. Wang], Xu C, Yang W, Yu L. A normalized gaussian wasserstein distance for tiny object detection. arXiv:2110.13389.
2022. doi:10.48550/arxiv.2110.13389.

24. ZhengZ,WangP, Liu W, Li], Ye R, Ren D. Distance-IoU loss: faster and better learning for bounding box regression.
arXiv:1911.08287. 2019. doi:10.48550/arxiv.1911.08287.


https://doi.org/10.48550/arxiv.2110.13389
https://doi.org/10.48550/arxiv.1911.08287

	From Public Benchmarks to a Low-Resource Target Domain: A Comparative Study of Wood Surface Defect Detection
	1 Introduction
	2 Related Work
	3 Materials and Methods
	4 Experiments and Results
	5 Discussion
	6 Conclusion
	Appendix A
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


