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For wood processing in the sawmill industry, quality of the raw material in every step
affects the production efficiency. Defects in the sawn timber, such as wane, knots, cracks,
watermarks, fungal damage, insect defects, can decrease its strength, durability, and use-
fulness, reducing the economic value. Image-based methods for anomaly detection can
be used in quality-controlled manufacturing in sawmills in order to reduce the time for
inspecting sawn timber. In this study, an autoencoder neural network is studied for im-
plementing anomaly detection for wooden boards. Based on the experiments, detection
performance of the selected architecture for the autoencoder was not high enough for
practical application of the method.
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1 INTRODUCTION

1.1 Background

Nowadays in any country of the world with vast forest resources specially in USA, Canada,
Russia, Sweden and Finland, sawmill industries play a significant role in economic de-
velopment. In Finland’s economy, the forest industry is a major contributor to the gross
domestic product (GDP). Moreover, investment decisions for forest industry projects have
been moved forward, which could be reflected in the expectations of growth of the Fin-
land’s GDP for 2020. [1] Sawmill industries are now characterized by the production rate
with expansive qualities moving through the procedure. Sawmill production efficiency
depends on many aspects. Ensuring the sawn timber quality is one of them. To ensure the
quality of sawn timber, generally the anomaly defects detection is made by human eye
inspection, which is not efficient in terms of time, effort and expenditure of production.
The production efficiency can be increased by the digitalization of sawmill with the help
of modern technology. [2]

The Master’s thesis has been carried out by using the data collected in the DigiSaw re-
search project. The purpose of the project is to improve the competence of the sawmill
industries via digitalization with modern sensors, new computational methods, and robust
mathematical models. [3]

This Master’s thesis work focuses on detecting defects in sawn timber using computer
vision. A typical problem in developing and training computer vision methods for the
defect detection in industrial applications is the lack of positive training examples, i.e.
images with a known defect or defects, which are necessary to train traditional supervised
detection methods. Furthermore, even if enough samples of defects are available, data
analyses are work demanding, which requires expert’s knowledge, being time-consuming
and expensive. Recent progress in unsupervised methods of anomaly detection has made
it possible to develop methods that can be trained using only defectless training samples.
Once the system learns the normal variation in the appearance, it could detect the defects
as anomalies. The autoencoders neural networks have been shown to be an especially
promising approach for this purpose.
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1.2 Objectives and delimitations

The purpose of this work is to develop a system which is capable detecting anomaly
defects of sawn timber using computer vision. The objectives are as follows:

• To develop and to train an autoencoder architecture that can successfully reconstruct
(defectless) board images as shown in Fig. 1.

• To utilize the autoencoder to build a defect detection method for wooden boards.

• To evaluate the method performance.

Figure 1. Detection of defects in sawn timber using autoencoders. Modified from [4]

1.3 Structure of the thesis

In this thesis, Chapter 2 demonstrate defect types of wood, image-based defect detection
and anomaly detection. About convolutional neural network, autoencoder and the exist-
ing approaches for anomaly detection are discussed in Chapter 3. Chapter 4 describes the
proposed methods for anomaly detection from wooden boards with autoencoder. Experi-
ments and results are given in Chapter 5. Chapter 6 is about discussion of the result and
the future work of this thesis. Finally, the conclusions are given in Chapter 7.
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2 DEFECT DETECTION IN WOODEN BOARDS

2.1 Defect types

A defect or an irregularity in wood can consider as an anomaly. Defects usually reduce
wood’s strength, durability, economic value and usefulness. Different researches have
been made on surface detection in the sawmill industries which used different types of
knots, wane, fungus, worm, bark pockets, holes, crack as anomalies of wood [5]. In
Fig. 2, different types of defects are shown.

Figure 2. Different defects in wood. From left to right: crack, fungus, knot, wormhole, watermark.
[6]

2.2 Image based defect detection

For more productive outcomes with better quality, sawmill industries need to be digital-
ized. To increase the quality of wood, defects in wood can be efficiently distinguished
by image-based defect detection. In the field of image-based defect detection, different
approaches has been introduced. The approaches can be divided into two main cate-
gories: [5]
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• Segmentation approach and

• Non-segmenting approach.

2.2.1 Segmentation approach

In segmentation which is also known as a global approach, several combinations of image
processing methods (thresholding, labelling between connected components) utilize to
distinguish the area of defects in wood. After the segmentation of the defects, features
are obtained from the defects which are then trained with the selected algorithm and
tested into the defect’s classes for classification. In this approach, it requires the complete
sample image as digitized form before the segmentation process. However, sometimes
segmentation approach fails because of the similar color of defects and plain defectless
woods. [5]

2.2.2 Non-segmenting approach

In the non-segmenting approach, the input image is alienated into different non-overlying
rectangular areas or regions based on the contents of the image. Features are extracted
from the local areas or regions which are also used to train the classifier and tested for the
classification of the local areas into defect types. Computational time of non-segmenting
approaches is much less than segmentation approaches. However, the computational load
for calculation is higher than segmentation approaches. In non-segmenting approaches,
defects are represented by rectangular shape instead of actual size of the defects. There-
fore, is not acceptable for some applications which require the measurement of the actual
size of a defect. [5] Table 1, summarizes recent researches on the field of wood defects
detection, classification and recognition.

2.3 Anomaly detection

Different patterns in data can be considered as anomalies if the patterns do not behave as
expected.Anomalies are also known as outliers, exceptions, defects, aberrations, surprises
etc. Anomaly detection states to find the anomalies in data. It plays an important role
in various research areas and application domains. Most of the methods for anomaly
detection are generic. However, some are specially developed for specific application
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Table 1. Recent works on defect segmentation, detection and classification.(Modified) [6] [22]

Researchers Defect types Data Approaches
Hu et al. (2003) [7] Split and hole Sugi Non-segmenting

Laser sensor for detect the splits and
holes

Gu et al. (2010) [8] 4 different knots Lumber boards 800 knot
images

Segmentation
Trained with SVM

Mahram et al. (2012) [9] Knots and cracks U Oulu wood and knots
database

Non-segmenting
PCA and LDA
Classifier: SVM and K-NN

Mohan and Venkatachala-
pathy (2012) [10]

Knots Timber-400 images of
knots

Non-segmenting
Gabor filters
classification using Naive Bayes, KNN

Hashim et al. (2013) [11] Knots and bark pock-
ets

timber-500 clear, 500 with
defects

Segmentation
Rotation invariant texture
Dependence matrix

Chen et al. (2014) [12] Sub, Bug and cleat de-
cay

timber Segmentation based on color and math-
ematical morphology

Hua Jin-Cong (2015) [13] Knots and poles Softwood and hardwood
features, GLCM

Non-segmenting
Classifier: BP neural network

Song et al. (2015) [14] Different Knots and
resin pocket

120 images of pine wood
based surface

Segmentation
Classifier: SVM

Mu et al. (2015) [15] Cracks and Decay X-Ray of wood Non-segmenting
RBF neural network

Hittawe et al. (2015) [16] Knots and Cracks Timber from Epicea and
Pine datasets

Non-segmenting
SVM

Mu et al. (2015) [17] Knots and Cracks X-Ray of wood Non-segmenting
fuzzy BP neural networks

Breinig et al. (2015) [18] Knots and Pith Board from Norway
spruce sawlogs

Segmentation
multivariate analysis of wood feature
data

Yuce et al. (2014) [19] Bark, pin, knots,
splits, streaks

Wood veneer Non-segmenting
Feed-forward ANN

Longuetaud et al. (2012)
[20]

Konts CT images of Silver Fir
and Norway Spruce

3d connex components and 3D distance
transform

Wang et al. (2009) [21] Konts and different
holes

Ultrasonic signals from
275 Elm specimens of
wood defect

Wavelet and ANN

domains. The generic approach of anomaly detection is to consider an area or region as
which represent as normal and try to find any patterns in that area which are not well
behaved as expected. To find the anomalies, some factors make that very challenging
such as: [23]

• The major problem of anomaly detection is the availability of labeled data for train-
ing.

• Classifying a defectless area or region is difficult and the declaration of decision
boundary between normal region and anomalies are not fully accurate. Anomalies
near to the normal region sometimes count as normal and vice versa.

• For various malicious actions in a result, sometimes it hard to define normal behav-
ior as the results or observations look normal but they are anomalies.

• Considering the anomalies varies for different application domains. So, it becomes
more challenging to develop a fixed method for different application domains.
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• Most of the time data contain noise which makes the method hard to differentiate
the anomalies from the noise.

However, different methods of anomaly detection are introduced for different domains
such as: classification based, clustering based, nearest neighbor based, information theo-
retical based, statistical based and spectral based. [23]

Researchers also consider key factors (nature of the data, labeled data availability) to
determine the anomalies type for different domains which need to be detected with a
specific method. In Fig. 3 the main key factors associated with methods of anomaly
detection are shown. [23]

Figure 3. Main factors related with a method of anomaly detection. [23]

2.3.1 Classification based method

Generally, classification-based methods for anomaly detection has two steps: Train the
classifier from a set of labeled training data and test that classifier with test data as nor-
mal or anomalies. [24] Classification based anomaly detection can be divided into two
categories based on the availability of labeled training data such as:



13

• Multi-class anomaly detection.

• Single-class anomaly detection.

Multi-class anomaly detection classification assumes that the training data belongs from
multiple class labels. Where one-class classification assumes that the training data only
have one class label. [25] In Fig. 4 a sample of multi-class and single-class anomaly
detection is shown.

Figure 4. Different classification methods. [23]

There are different anomaly detection techniques that used different classification algo-
rithms such as: [23]

• Neural Networks-Based

• Bayesian Networks-Based

• Support Vector Machine-Based

• Rule-based

In classification-based method of anomaly detection, the testing stage works fast. Multi-
class classification method can use powerful algorithms to detect the differences in data
from different classes. As a counterpart, the multi-class technique depends on the labeled
data which are sometimes are not as accurate as expected. [23]
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2.3.2 Clustering based method

In the clustering method, similar data instances make groups into different clusters. [26]
Fundamentally, anomaly detection and clustering seems different but there are several
techniques have been developed for anomaly detection based on clustering method. The
clustering based method of anomaly detection can be separated into three different cate-
gories based on the assumption: [23]

• Normal data fit in a cluster while anomalies do not fit any cluster.

• Normal data lie close to the nearest cluster centroid while anomalies lie far from
cluster centroid.

• Normal data belong to the large cluster while anomalies belong to a small cluster.

This method can operate in an unsupervised mode with a large complex data set and it also
adapted other complex data types while it starts to work with specific data types. Due to
the few numbers of clusters that must be compared with test data, the testing time of this
method is fast. The main disadvantage relies on the fact that the accuracy of clustering-
based method of anomaly detection is highly dependent on the clustering algorithm which
oversees of apprehending the cluster structure of normal instances. Moreover, anomalies
are detected as a byproduct of clustering which is not optimized in some cases. [23]

2.3.3 Nearest neighbor based method

The concept of this method is that the normal data types can find in the dense neigh-
borhood, while anomalies can arise far away from the nearest neighbor. This method
requires a distance (Euclidean distance) measurement between two data types. [26] Near-
est neighbor-based anomaly detection can be divided into two categories such as:

• Use distance to kth nearest neighbor for anomaly detection.

• Use relative density for the anomaly detection.

Despite the high false positive rate for its semi-supervised techniques, in terms of finding
missing anomalies, those perform better than unsupervised techniques, as the last ones
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do not make any assumption based on data distribution. If the normal data is not close
to any neighbor or the anomalies are close to a neighbor, non-accurate results may be
produced using unsupervised techniques. As the nearest neighbor-based method is based
on distance measurement, it becomes challenging when data sets are complex. [23]

2.3.4 Statistical based method

The statistical method generally fits a statistical model into the input data and apply a
statistical test to detect that if there is any hidden data type belongs to this statistical model
or not. Data types with a low probability of being generated from the define statistical test
model are considered as anomalies. [23] The main principle of statistical-based anomaly
detection is: “An anomaly is an observation which is suspected of being partially or
wholly irrelevant because it is not generated by the stochastic model assumed”. [27]

If the assumption about the data distribution is accurate then the solution of anomaly
detection is statistically justified. The outcome of this model is that the anomalies detected
are reported with a confidence interval which can be used for making the decision of
retesting the data. [23] Nevertheless, this method assumes that the data distribution can
be false occasionally. Though this statistical approach can be acceptable for anomaly
detection, several hypothesis tests can be applied and to find the correct ones is a difficult
task. [28]

2.3.5 Information theoretic based method

Information theoretic based anomaly detection analyses the information content of the
input data set. It assumes that anomalies in the data set make the irregularities in the
information content of the data set. It uses different information theoretic measures such
as: [23]

• Kolomogorov complexity

• Entropy

• Relative entropy

This method can be used in the unsupervised mode without considering previous assump-
tions about the fundamental statistical distribution for the input data. However, it is im-
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mensely depended on the information theoretic measures and in many instances such mea-
sures can only recognize anomalies in the input data if the number of anomalies present
in that data is remarkably large. [23]

2.3.6 Spectral-Based method

The spectral-based method of anomaly detection embedded the data into lower dimen-
sional projections where the difference between normal data and anomalies appear expres-
sively. Thus the main task of this method is to find such projections where the anomalies
can be easily detected. [29]

An essential characteristic of this method is that it works with a high dimensional data set
due to the automatic dimensionality reduction of the input data. In addition, it can be used
in unsupervised mode. However, spectral-based anomaly detection can only possible if
the normal data and anomalies can be recognized in the lower dimensional embedded of
the data. Added to this, the high computational cost may limit its application. [23]

For anomaly detection problems, many applications has been described in the literature
reporting the performance of methods using a classification approach or statistical and
spectral bases, most of them fall under the category of supervised learning methodology.
In the current case, the high variability of defects in wood boards, limits the applicability
of the methods previously mention in this chapter. Between the unsupervised methods,
the autoencoder neural network could be a more appropriated approach.



17

3 CONVOLUTIONAL NEURAL NETWORKS BASED
ANOMALY DETECTION

3.1 Convolutional Neural Network

Visual recognition, object classification or recognition are the most important aspects of
computer vision or machine vision. Convolutional neural network (CNN) is a specialized
type of neural network with different computational layers and became one of the state-
of-art method in last few years in this field. CNN and deep learning make a revolutionary
change in computer vision community. [30] Convolutional neural network was first devel-
oped by Yann LeCun in 1989 for a specific hand-written digit’s recognition task. [31] To
ensure the degree of shift and distortion invariance, CNN use three different architecture
ideas such as local receptive fields, weight replication and subsampling. [32]

The convolutional neural network architecture has one or more computational layers
which relates to the pooling layers and fully connected layer to the end. The multidi-
mensional layers of CNN are shown in Fig. 5. [33]

Figure 5. Typical CNN architecture. [33]

CNN consists of the following different layers: [34]

• Input layer.

• Convolutional layer.

• Sub-sampling layer or pooling layer.
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• Fully- connected or classification layer.

3.1.1 Input Layer

Generally for image classification the input layer is represented by three-dimensional grid
[34]

I = W ·H ·D (1)

where I is the size of an input layer, W is the width of the input image, H is the height of
the input image D is the depth of image channels.

3.1.2 Convolutional Layer

Convolutional layer specifies the features of the image and the transformation of those
features. It consists of various parameters such as the number of maps, maps size and
kernel or filter size. [35] The output of the convolutional layer consists of a set of moving
windows of weights which are called kernels or filters. CNN implements convolutional
kernels to the input data in a sliding-window pattern. [36] It uses nonlinear activation
functions to the neuron output such as [34]

• ReLU
f(x) = max(0, x) (2)

• Sigmoid

f(x) =
1

1 + exp(−x)
(3)

• Hyperbolic tangent

f(x) = tanh(x) =
exp(x)− exp(−x)

exp(x) + exp(−x)
(4)
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3.1.3 Sub-sampling Layer or Pooling Layer

The sub-sampling or max-pooling layer is used to reduce the data dimension. It decreases
the probability of retraining, cost of computing and consumption of memory. [34] The
layer uses a predefined window of a fixed area size of the neurons from the previous layer
which is connected with this layer. After that, conferring to the predefined rules a single
signal of that neuron is calculated. [34] A pooling layer mostly uses the maximum value
or the average value among the signals in that window of the previous connected layer to
create the single signal. [37] Calculation of pooling layer is shown in Fig. 6.

Figure 6. Different pooling methods.(Modified) [37]

3.1.4 Fully-connected or Classification Layer

After multiples pooling and convolution layers, a fully connected layer of CNN gives
the probability of the expected class in an image. The fully-connected layer is one-
dimensional layer and the main persistence of the layer is to change the signals received
on convolutional network levels into a single dimension output. [34]
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3.2 Autoencoder

An autoencoder is a unsupervised neural network. It used for example, unsupervised
anomaly segmentation in images by training to reconstruct defectless images from the
original input images. Generally, a neural network combines two different components
with a single hidden layer such as: [38]

• Encoder
h = σ(Wxhx, bxh) (5)

• Decoder
z = σ(Whxh, bhx) (6)

whereW is the weight, b is the bias of that neural network and σ is the non-linear function.

In Eq. 5, the encoder maps the input image x to a hidden representation h and the decoder
Eq. 6 maps that hidden representation h to the previous stage by reconstruction z with
maintaining the same transformation like encoder. After the reconstruction, the difference
between the input image and the reconstruction image called the reconstruction error. The
main benefits of autoencoder is that it can learn to minimize the reconstruction error. The
general algorithm of an autoencoder is shown in Algorithm 1. [38]

Algorithm 1 Autoencoder training algorithm. [38]

Input: Dataset x1, ..., xN

Output: encoder fφ, decoder gθ
φ, θ← Initialize parameters
repeat
E=

∑N
i=1 ‖ xi − gθ(fφ(xi)) ‖ Calculate sum of reconstruction error

φ, θ← Update parameters using gradient of E (e.g. Stochastic Gradient Descent)
until convergence of parameters φ, θ

The architecture of different frameworks of autoencoder are shown in Fig. 7.
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Figure 7. Different frameworks of autoencoder. [4]

3.3 Autoencoder based methods for anomaly detection

An outlier of a data set that is completely different from the remaining data can be seen
as an anomaly. In material surface analysis, anomalies can be explained as patterns that
diverge from standard surface features. [39] Anomaly detection means to find the abnor-
mality in an image that not follow the expected patterns. According to Chandola et al. [23]
“Anomaly detection refers to the problem of finding patterns in data that do not conform
to expected behavior.”

Another definition of anomaly detection according to Kumar et al. [40] is “Anomaly de-
tection attempts to quantify the usual or acceptable behavior and flags other irregular
behaviors as potentially intrusive.”

In recent years, works using autoencoders for anomaly detection have been reported in
the literature. The increasing interest in deep learning, have made possible the use of au-
toencoders to apply dimension reduction, having a reduction in the number of the units in
the hidden layer, the abstract features obtained promotes an effective reconstruction of the
data. Among several types of autoencoders, the variational autoencoder receives special
attention, this autoencoder is a probabilistic graphical model (DPGM) with a posterior
distribution approximated by a neural network. In the work of A. Jinwon et al. [38] ,
an anomaly detection method based in the variational autoencoder using the reconstruc-
tion probability is presented, which formulation takes into account the variability of the
distribution variables. Whereas the autoencoder is a mere deterministic model, the varia-
tional autoencoder includes a stochastic approach, that can provide distribution probabil-
ities. [38] The variational autoencoder as an encoder and an decoder is shown in Fig. 8.
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Figure 8. Variational autoencoder. [38]

In another approach conducted by M.Shuang et al. [41], proposed a multiscale convolu-
tional denoising autoencoder (MSCDAE) model where convolutional denoising autoen-
coder was used to inspect the defects on the textual surface. They have used differ-
ent gaussian pyramids downsampling and illumination normalization to preprocess the
inputs. The model was trained using the reconstruction residuals in order to facilitate
pixel-wise detection. The experiment results depict a reasonable level of accuracy on the
nonregular and homogenous textured surface. [41] The model in the training and testing
stages are shown in Fig. 9.

Figure 9. Overall architecture in training and testing phases. [41]

Deep encoding model was also used in the field of neuroscience domain to detect the
anomaly of brain magnetic resonance (MR) images. [4] In this approach, the anomaly
detection of Brain images was formulated as unsupervised anomaly detection where deep
spatial auto encoding model orchestrated the learning from a distribution of normal brain
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images. The delineation of new pathology images is obtained using pixel-based recon-
struction error in comparison with the variability from the normal distribution images. [4]
Fig. 10 shows the architecture of the proposed model.

Figure 10. Proposed anomaly detection architecture. [4]
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4 PROPOSED METHODS

Anomaly detection on wooden board becomes quite challenging because of some char-
acteristics of the wooden board data. Besides the limited availability of training data,
practical limitations for image processing arise with the large aspect ratio of board im-
ages and high variability in image rotation. The steps to construct a method for anomaly
detection on wooden board are as follows:

1. Patch extraction from the wooden board.

2. Separation of patches in defectless and defected patches.

3. Reconstruction of defectess images by an autoencoder.

4. Anomaly detection by the comparison between the original images and the recon-
structed images.

For larger usability purposes, typically, wooden boards are made long and narrow which
make the board’s surface images wide compare of their height. However, according to the
proposed autoencoder architecture, it requires the images to be scaled to a predefine size
with an aspect ratio of 1. To deal with the problem, the first proposed method for patch
extraction has been introduced. The patch extraction method used the sliding windows
technique where the board was segmented from the image and divided the segmented
region into a sequence of small overlapping images with a pre-defined size. The steps of
the proposed methods are shown in Fig. 11.

4.1 Patch extraction

The initial stage of patch extraction is quite challenging to segment the board image from
the whole image. In Fig. 11 it can be noticed that the brightness of the board pixels are
brighter and the background areas are almost black. To reduce the influence of back-
ground on the autoencoder architecture, the board images need to be segmented without
the background and it is especially vital when the board part of the image is very small
compared to the background. Above of that, the areas of a board vary from image to
image and board angle in the images are not horizontally aligned. The stages of patch
extraction methods are as follows:
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Figure 11. Proposed anomaly detection architecture.

1. Board segmentation from the background.

2. Detection of the biggest connected component on the image.

3. Calculation of the image edge angle to the horizontal axis.

4. Image rotation according to that angle.

5. Estimation of the board edges.

6. Extraction of patches from the board images.

The original image in Fig. 12(a) is converted to the grayscale representation from RGB for
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the segmentation purposes, which is shown in Fig. 12(b) and applied the Otsu binarization
method on the grayscale image to segment the foreground (board) from the background
[42]. In Fig. 12(c), the binarized image according to the Otsu algorithm is shown.

Figure 12. Wooden board segmentation: (a) Original image of the wooden board; (b) The gray-
scaled image; (c) Segmentation by Otsu method. board image(white) and background (black)

Image thresholding (segmentation) of the Otsu method is clustering-based. This method
tries to minimize the intra-class variance and maximize the inter-class variance. This
method shows the number of pixels with its intensity value in a histogram. The Otsu
method has only two classes: the black class represents the pixels under the threshold
and the white class represents the pixels equal or more than the threshold. The inter-class
variance of Otsu method is calculated as

σ2(t) = N0(t)N1(t)[µ0(t)− µ1(t)]
2 (7)
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where N0 is the number of pixels in background class, N1 is the number of pixels in
foreground class, t is the threshold value, and µ0 and µ1 are the mean values of pixels of
background and foreground classes. [42]

After the thresholding segmentation, the next procedure is to find the largest area of the
connected component where the number of pixels on the binarized image is high. How-
ever, the background area can be larger than the foreground area of the image. To find the
connected component, the flood-fill algorithm is used. [43] The largest area of the con-
nected component is considered as the board in the image. The top, bottom, left and right-
most pixels of that connected component is considered as the coordinates of the boundary
box of the wooden board. The angle of the board on images are not located precisely in
horizontal directions or may have a non-zero angle. However, as the reference points, the
left side and right side of the boundary box can be considered.

To resolve the board location accuracy problem, additional properties of the connected
component such as orientation and the length of the minor axis of the ellipse with the
same normalized second central moments should be considered. [44] From the connected
component coordinates pixel values, the centroid of the board is estimated. The origin
of the pixel’s coordinates is removed to the centroid location to find the ellipse. The
following formulas are used to find the normalized second central moments:

Mxx =
∑ x2

N
+

1

12

Myy =
∑ y2

N
+

1

12

Mxy =
∑ xy

N

(8)

where x and y are the coordinates at the centroid and N is the number of pixels in the
connected component.

The equation for calculating the minor axis of ellipse is

Aminor = 2
√

2

√
Mxx +Myy −

√
(Mxx −Myy)2 + 4M2

xy (9)

At last, the angle of the ellipse orientation in degrees:
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θ =


180
π

arctan
Myy−Mxx+

√
(Myy−Mxx)2+4M2

xy

2Mxy
if Myy < Mxx

180
π

arctan 2Mxy

Mxx−Myy+
√

(Mxx−Myy)2+4M2
xy

otherwise
(10)

The height of the wooden board is considered the minimum value of the height of the
boundary box. The angle between the major axis and x axis is called orientation which
is used to rotate the board image. However, sometimes the major axis of the ellipse is
shorter than the minor axis which is the height. To resolve the problem of those cases the
angle between the minor and x axis is taken as a reference to rotating the image. After
that, the patches positions are calculated from the top, bottom, left, right side values of the
boundary box. To make the board image without any background, 11 pixels are reduced
from the left- right side and 12 pixels from the top-bottom side of the boundary box. To
increase the data size, the patches are overlapping with the consecutive patch at the half
of its size. The patches are scaled with the required size of auto-encoder architecture such
as the squares of 20, 40 or 60 pixels.

The defects locations in the wooden board are created manually, using a previous Mas-
ter’s Thesis within the Digisaw project [45] and checked with all the patches to identify
defectless patches and defected patches. After creating all the patches of the wooden
board, the patches are checked with the annotations of defects of the wooden board which
are manually created in MATLAB. [46] The overlap ratio between the patches boundary
box and defects boundary box is computed by calculating the intersection between two
boundary boxes and divided by the area of the union of two boundary boxes, as follows:

Overlap Ratio :
area(A ∩B)

area(A ∪B)
(11)

If the ratio is different than zero then two boundary boxes are overlapping with each
other and that patch is consider as a defected one otherwise it is consider as defectless.
Examples of defectless and defected patches are shown in Fig. 13 and in Fig. 14

4.2 Reconstruction of the patches with autoencoder

After the patch extraction process, the patches are used to train and test the autoencoder
architecture. The autoencoder is a neural network where it replicates the input image in
an unsupervised way. It is a combination of an encoder and a decoder. Optimization of
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Figure 13. Examples of defectless patches

Figure 14. Examples of defected patches

the cost function is the base of autoencoder training. The sparsity of an autoencoder is
encouraged by adding a regularization term to the cost function which considers the large
value when the difference between the average activation value and the desired value is



30

high. [47] Kullback-Leibler divergence is one of the sparsity regularization terms:

Ωsparsity =
D1∑
i=1

KL(ρ||ρ̂i) =
D1∑
i=1

ρ log(
ρ

ρ̂i
) + (1− ρ) log(

1− ρ
1− ρ̂i

) (12)

This function measures the differences of two distributions. It takes the zero value when
ρ and ρ̂i are equal.

L2 regularization is also applied to make the sparsity regulariser smaller by adding a
regulation term on the weights to the cost function [47]

Ωweights =
1

2

L∑
l

n∑
j

k∑
i

(w
(l)
ji )

2

(13)

where
L is number of hidden layers, n is the number of observations, k is the number of variables
in the training data and w is the weights of hidden layers.

The cost function for training a sparse autoencoder which is actually an adjusted mean
squared error function is as follows:

E =
1

N

N∑
n=1

K∑
k=1

(xkn − x̂kn)2 + λ ∗ Ωweights + β ∗ Ωsparsity (14)

where
λ is the coefficient for L2 regularization term, β is the coefficient for the sparsity regular-
ization term, N is the total number of observations, xkn is the observed values and x̂kn is
the predicted values

The autoencoder architecture was used for this work is shown in Fig. 15.
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Figure 15. The autoencoder architecture

4.3 Detection of anomalies

After the reconstruction,the images are compared element wise to observe the differences.
The difference images were converted to gray sacle images and later the image intensity
were adjusted and binarized with Otsu’s threshold method. Opening operation have ap-
plied to the binarized images to remove the small regions. Using connected component
analysis, the minimum bounding boxes of regions containing the defects and their posi-
tions were identified and represented by white pixels while the background was covered
by black pixels.In Fig. 16 the detected area of anomalies shown.

Figure 16. The detected area of anomalies.
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5 EXPERIMENTS

5.1 Data

The data set consists of 127 wooden boards images with three overlapping images from
the top and three overlapping images from the bottom captured to cover the full length
of each wooden board. Due to technical reasons, the data set only contains a total of
618 wooden board images. The data set also includes the location of the defects on the
wood board. There are different kinds of defects in the images. Such as Knots, Wanes,
Dirt, different mechanical damages. Some of the different defected patches are shown in
Fig. 17.

Figure 17. Different defects in the data set.

The bounding boxes of defects locations on the each wood board are manually declared
with labeling the defect types as reported on [45]. The minimum bounding boxe’s location
of the defects were taken from the same reference. The values are slightly upgraded
corresponding to the patch size for this project. The interface for the annotation tool used
in MATLAB [46] is shown in Fig. 18.
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Figure 18. Interface of the annotation tool in MATLAB. [45]

After implementing the patch extraction process for the 618 board images, the total of
14708 patches are extracted. All the patches were checked with the annotations of the
defects in the wood board which are manually created and classify the defectless patches
and defected patches. In the manual classification process, the total 9232 patches were
classified as defected patches and 5476 patches are classified as defectless patches. De-
fectless patches are used to train the autoencoder and all the defected patches were used
as a test data.

5.2 Evaluation criteria

To evaluate the autoencoder architecture performance, Jaccard metric also known as In-
tersection over Union (IoU) can be used. This metric is used to calculate the similarity
of predicted defects locations of the neural network after reconstruction and respective
ground-truth location.
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Jaccard metric:
J(A,B) =

|A ∩B|
|A ∪B|

=
|A ∩B|

|A|+ |B| − |A ∩B|
(15)

where
A is the area of predicted defects boundary box and B is the area of ground-truth defects
boundary box.

An example of Jaccard metric is shown in the Fig. 19.

Figure 19. An example with the Jaccard metric value.

After the reconstruction process, both the reconstructed and original images were con-
verted to binary images with predicted defect bounding boxes values and ground-truth
bounding boxes values. Later both the images were compared according to the Jaccard
metric to calculate the detection accuracy.

5.3 Description of experiments

The following experiments are carried out to increase the details in the reconstructed
image from the autoencoder architecture:

• Training the autoencoder with defectless patches including knots.

• Training the autoencoder with defectless patches excluding knots.

The experiment 1 was carried out to see that the autoencoder can reconstruct the wooden
board image without knots. In this experiment, the knots can be treated as defects of



35

wood board. In experiment 2, the training dataset contains patch images with knots and
the performance of the autoencoder was evaluated.

All the patches, annotations of defects, the autoencoder architecture as well as the per-
formance evaluation part were created with MATLAB. [46] The annotations of defects
originally found in previous work within DigiSaw project [45] were manually updated
for this specific Master’s thesis.

5.4 Results

5.4.1 Experiment 1: training the autoencoder with defectless patches excluding
knots

In the first experiment, the patches with knots were excluded. The experiment conducted
in both RGB and greyscale representations. Different patch sizes such as 28*28, 40*40
and 64*64 were used to train and test the architecture where the number of neurons in
hidden layer differs from 100 to 1000. In Fig. 20 and in Fig. 21 the reconstructed images
are shown along with original images both in RGB and greyscale representation.The au-
toencoder was trained using different parameters such as positive saturating linear transfer
function and simple linear transfer function were used for the encoder and the decoder,
the values of regularization and sparsity regularization were 0.004 and 4 and the sparsity
proportion was 0.15. Table 2 shows the performances with different number of neurons
hidden layer. To illustrate the evaluation criteria,the similarity between detected area after
reconstruction and annotated area is shown in Fig. 22 and the performance of the autoen-
coder is can be observed in Fig. 23 where an extremely low percentage of the defected
areas was captured.

Table 2. The performance of autoencoder.

Number of Neurons Jaccard Value
50 0.1585
100 0.1574
200 0.1632
400 0.1564
600 0.1550
1000 0.1620
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Figure 20. The reconstructed images along with the original images in color.

Figure 21. The reconstructed images along with the original images in greyscale.
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Figure 22. An example of similarity for a single image.

Figure 23. An example of dissimilarity for a single image.

5.4.2 Experiment 2: training the autoencoder with defectless patches including
knots

In this experiment, the patches with knots were included in the training data set. The
experiment 2 were conducted under the same criteria suggested for the previous one, with
the same patch size and number of neurons in the hidden layer. After using the enlarged
training data set, the results of the architecture did not change considerably. Table 3 shows
the performances of autoencoder. In Fig. 24 and in Fig. 25 the reconstructed images are
shown along with original images both in RGB and greyscale representation.

Table 3. The performance of autoencoder,

Number of Neurons Jaccard Value
50 0.0847
100 0.0941
200 0.0895
400 0.0984
600 0.0966
1000 0.0979
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Figure 24. The reconstructed images along with the original images in color.

Figure 25. The reconstructed images along with the original images in greyscale.
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6 DISCUSSION

6.1 Current study

The production efficiency of sawmill industries lies on many key aspects. Ensuring the
sawn timber quality is one of them. Defects in the sawn timbers, such as wane, knots,
cracks, watermarks, fungal damage, insect defects, can decrease its strength, durability,
and usefulness, reducing wood’s economic value. An image-based anomaly detection
method can be used in quality controlled manufacturing in sawmills in order to reduce
the time for inspection of sawn timber with a high accuracy. Several studies have been
made on image-based defect detection, introducing different approaches in this process
which can be categorized in three groups: statistical, proximity and deviation based. The
functionality of computer vision methods in defect detection is limited by the reduced
number of positive training samples. As a consequence of the random nature of wooden
defects, it is not feasible to have a set of images that could represent all the possible defect
cases. In this study, deviation-based method was used to detect the anomalies in wood.
An autoencoder architecture was created to build an anomaly detection method for sawn
timbers. Grayscale representation was used to enhanced the performance of the autoen-
coder. Defectless samples without knots and including knots were used to train the neural
network, the first case showed better results than the second one. However the general
performance in any case did meet the initial expectations of this work. More detailed
studies are needed to clarify the ability of autoencoder to identify different patterns in the
input images.

6.2 Future work

Future research should be devoted to the improvement of the detection accuracy of the
autoencoder neural network and increase the computational efficiency. In the future, it
will be important that the accuracy could be increased by considering a large number of
images. The main time-consuming stage of this project was the data preprocessing. The
architecture itself requires a specific size of the input image, which implies a huge com-
putational effort in segmentation stages, which could be reduced by using techniques that
allowed the addition of the complete board image processing. Furthermore, different au-
toencoder architectures should be considered. In the latest work, adversarial autoencoder
have shown promising results. Different methods such as RPCA should be compared with
the proposed autoencoder method. [48]
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7 CONCLUSION

This thesis addressed the problem of anomaly detection in wooden boards in sawmill
industry. The existing supervised learning methods only can be applied with a limited
variety of training samples. Where, the anomalies in wooden boards may occur for infi-
nite reasons. In this study, an unsupervised learning method based on autoencoder neural
network was developed to detect anomalies in wooden boards which it was trained with
defectless board images. The performance of the autoencoder was evaluated with the
resultant reconstructed images and manually annotated ones. The effect of weight regu-
larization, different transfer functions for the encoder and decoder, sparsity regularization
and sparsity proportion on autoencoder performance was not significant. Furthermore, by
increasing the number of neurons hidden layer, no relevant changes in the autoencoder
performance was found and the method showed a limited performance.
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