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The appearance of sawn timber has huge natural variations that a human inspector

easily compensates for in his brain when determining the types of defects and the grade

of each board. However, for automatic wood inspection systems these variations are a

major source for complication. For instance, normal wood grain and knots should be

reliably discriminated in all circumstances, but simple thresholding based detection

methods used in state-of-the-art inspection systems frequently fail even in this

apparently straightforward task. Furthermore, the appearances of defects vary, so one

board’s sound knot is another board’s dark one, making it difficult to use textbook

methodologies for visual inspection. These generally aim at systems that are trained in a

supervised manner with samples of defects and good material, but selecting and labeling

the samples is an error prone process that limits the accuracy that can be achieved.

We have developed a non-supervised clustering based approach for detecting

and recognizing defects in lumber boards. The solution is simple to train, and supports

detecting knots and other defects by using multidimensional feature vectors containing

texture and color cues for small (e.g., 32-by-32 pixel) non-overlapping regions in the

image. A key idea is to employ a Self-Organizing Map (SOM) for discriminating

between sound wood and defects. An identical scheme is employed in classifying the

defects.  Human involvement needed for training is minimal.

The approach has been tested with color images of lumber boards. Based on

visual judgment, the false detection and error escape rates are very low. The defect

classification accuracy is harder to assess, because of the non-supervised principle of

operation, however, it is not affected by human errors in training and is thus probably

better. The approach also provides a self-intuitive visual user interface.
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The visual grading of wood surfaces is a problem that combines very formal grading

rules, large natural variations in the target material, and highly subjective appearance

criteria. These factors make it a very challenging task, which is not ideal for humans

that have difficulty in following the strict and detailed grading standards. These

consider every single defect type, size, and position, while human classification seems

to be based on an overall impression, augmented with some specific rules, such as the

presence of knots at the edges of the board. On the other hand, a human inspector seems

to painlessly compensate for the variations in the material in his brain, while this part of

the task seems to be particularly difficult for machine vision systems used for automatic

grading.

Human visual inspection rarely achieves better than 70% performance in grading

lumber. Huber et al (1985) found that in grading red oak lumber the human inspectors

achieved 68% of the perfect result when recognizing, locating, and identifying defects.

Grönlund (1995) found that when grading boards into four grades, only 60% of the

boards were assigned the same grade by two different expert inspectors.

In automatic visual inspection it is not straightforward to determine the actual

accuracy achieved, as the results need to be compared to the ones of humans. Lampinen

et al (1994) in their comparative study found that knots in pine boards could be

classified at 80% accuracy. The test material consisted of about 400 high quality color

images of knots classified by an expert. Kauppinen (1999) has determined that this

result corresponds to 80% accuracy in grading boards when Nordic Timber (1994) rules

are enforced. We believe this is the best that can be achieved with state-of-the-art

automatic inspection systems.

Unfortunately, the performance of inspection systems suffers from the variations

in the material, e.g., normal wood grain and knots may be difficult to discriminate in all

circumstances. A big part of the blame falls onto the used popular thresholding based

detection methods. In addition, the appearances of defects vary, so one board’s sound

knot is another board’s dark one, requiring contextual information for proper

classification. Figure 1 shows six knots classified as sound and another six classified as

dry by a human expert. The range of variation within classes is clearly substantial.
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Examples of knots: a) Sound knots, b) dry knots. Within classes the variation

is large, e.g., the color of some knots can be lighter than background of others.

The textbook methods proposed for visual inspection generally aim at systems

that are trained by showing samples of defects and sound material as presented by

Figure 2. However, we believe this supervised training approach is fundamentally

flawed in wood inspection. Selecting and labeling the samples is an error prone process

that limits the accuracy that can be achieved, and this principle is not easy to make

adaptive to cope with the variations of material. The result is more likely to be a

frustrating everlasting training task rather than an ideal accurate automatic visual

inspection device. Not surprisingly, current state-of-the-art systems seem to employ rule

based classification that is a rather rigid approach.
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The block diagram of visual surface inspection using superviced classification.
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In this paper we present a unified solution to the shortcomings in detection and

classification of defects of lumber boards, describe experiments, giving some

quantitative data on performance, and discuss the consequences for inspection system

design and principles of grading.  The proposed approach relies on non-supervised

training and does not require labeling individual samples, but uses a clustering method

to discover whether the samples fall into a finite set of categories based on their

similarity relations. Thus, it is not affect by human errors in training. The approach also

provides a self-intuitive visual user interface that is very easy to understand even for

novices in the field.
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In our approach, wood inspection is divided into two phases. In the first one we detect

possible defected regions. In the second one these are examined as individual defects.

Classification in both phases are based on non-supervised clustering, implemented using

self-organizing maps (SOMs). For the reader of this paper it suffices to understand that

the SOMs project a multidimensional feature space into a two-dimensional presentation.

Most of the features used in our experiments are centiles that are color histogram

features introduced by Silvén and Kauppinen (1994). These work very well with highly

varying lumber images. In addition, we have experimented with second order texture

features, such as Local Binary Patterns (LBP) (Ojala et al. 1996) and statistical features

calculated from co-occurrence matrixes (Haralick & Shapiro 1992). Centiles are only

marginally more expensive to calculate than the trivial adaptive gray level thresholding

methods used in most automatic lumber grading systems.

The test material used in our experiments has been prepared by VTT Building

Technology. It consists of a large number of pine boards with ground truth

classifications for each defect. The results reported here are based on a set of 20 boards

totaling around 400 MB of data. The imaging resolution has been 0.5 mm and a color

line-scan camera has been used for image acquisition.



jPkml,k n#o-p)o�q)r	s%o)r)o�q�r't;u�v

The defect detection algorithm used is shown in the diagram of Figure 3. The wood

image captured by the imaging system is divided into non-overlapping rectangular

regions of a fixed size (e.g. 32*32 pixels). A set of feature values, in our case centiles of

color histograms, is calculated for each region, resulting in a feature vector. Each

feature vector is then mapped into a self-organizing map that we call wAx�y?x�z�y?{}|A~F���P� .
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The defect detection algorithm. In the SOM at the bottom of the figure, the

distance between adjacent nodes represents their relative distance in a high dimensional
feature space. The dashed line is a manually drawn border between sound and defected
wood.
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In the SOM, for each feature vector, a node that is closest in the feature space is

chosen and the corresponding sample is added to the respective cluster. The result is a

2D map in which regions with similar feature vectors are located close to each other.

The dashed line in the SOM is the boundary between sound wood and suspected

defects. This boundary is set during the basic training stage of the algorithm and is the

only human interaction required. In practice, this defect detection approach can be

interpreted as thresholding in a multidimensional feature space.

An example of a SOM used for defect detection from pine boards is shown in

Figure 4. For each node one randomly selected sample is shown. In our experimental

system, clicking any node with a mouse results in showing all the samples clustered to

the node. The gray nodes have no samples. The similarities between adjacent nodes are

apparent. Dry knots and sound wood are at opposite corners of the SOM while the splits

and other defects are in-between. Two different approximations of boundary between

sound wood and suspected defect regions are shown in the figure.

���?�A�C���F�
Detection SOM: The dashed lines are manually drawn approximations of

boundary between sound wood and defects.



In our experiments, setting a fixed border between sound and defected wood has

given good results, despite material variations, and only minor improvement has been

achieved using adaptive, that is, board-specific boundaries. The boundary can be

determined quite easily by just taking a glance at the SOM. Figure 5 shows what

happens with two different selections, optimistic and pessimistic, for the boundary.

With the optimistic selection the defect regions detected are quite small, while the

pessimistic selection includes even the transitions from sound wood to defects in the

detections. The number of false alarms is minimal in both cases.
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a) Pessimistic and b) optimistic selection of the boundary. The boundaries

used are sketched in Figure 4.
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In practice, we favor pessimistic boundaries as they result in regions that include

information of the background of the defect. This improves the classification results as

the knots with same color but with different kinds of backgrounds are clustered in to

their own nodes in the detection SOM, see Figure 1 for examples of such knots. 
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The defect classification method is schematically depicted in Figure 6. The defect

detection stage results in set of elementary suspicious regions. These are now subjected

to connected components analysis to obtain regions for the recognition phase. For each

of these connected areas a new set of features is calculated. The previously calculated

centile features are used in our experiment here, although different centiles may be more

powerful in discriminating between defects than for separating sound wood and defects.
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Recognition algorithm. Defected areas form regions that are clustered to SOM

as individual defects.
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At this stage only a very small fraction of the original data remains enabling us

to use more sophisticated and computationally complicated methods for analysis. The

category of a knot depends on its aspect ratio, and its size is also important in grading

rules. The method we use for calculating the orientation and lengths of the major and

minor axes of an ellipse is based on the first and second order moments (Haralick &

Shapiro 1992). Although all the blobs are not ellipsoidal, an ellipse can approximate

quite well the convex shape of most defects in wood. Furthermore, the location of knots

is very important criteria in grading, but we have not yet used this information in our

experiments.

Again, the feature vectors are fed into a SOM that clusters similar defects close

to each other. Figure 7 shows the result when the detections from several boards have

been used to produce the Ö;×-Ø�Ù�Ú�ÛAÜ?Ý}Ü?ÙAÛ\Þ�ßPà . Only one randomly chosen suspected

detection is shown in each node.
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Classification SOM. Defects with similar appearance are close to each other.

It is essential to realize that so far we have not labeled any defects nor collected

any special training material. Neither have we used any special rule based knowledge

about defects.

Evaluating the classification accuracy of this approach is not straightforward.

When we take a look at the clusters at any individual node in the SOM we see that the

defects are very similar and clearly belong to same category as Figure 8 demonstrates.



However, when we compare them with the corresponding independent manual

labelings, prepared during the material acquisition stage, there is about 20%

disagreement. This is in agreement with to the results compiled by Lampinen et al

(1994). In other words, if manually labeled samples are used in training an inspection

system, it is difficult to achieve better than 80% accuracy. We believe that minimal

human involvement in training is a key to high accuracy.
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Defects mapped to three different SOM nodes. A) dry knots, b) sound knots

and c) splits.
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Although the methodology we are proposing for wood inspection is based on non-

supervised clustering, it can not be applied in a blind manner, but a sound strategy is

needed in preparing the detection and recognition SOMs. In the next sections we

describe the approaches found powerful in building the SOMs.

a)

b)

c)



A fundamental problem in visual inspection is the selection of efficient features

for defect detection and recognition purposes. In practice, these features need to be

searched using test material that has been prepared in a supervised manner. In our case

this very time consuming process was performed for a small amount of material using a

Knn-classifier, and achieved an 80% recognition accuracy.
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Only a fraction of the surface area of a wooden board contains defects. If we simply

divide the image of the board into, say, 32*32 pixel regions, calculate the features and

build the SOM, the result has the defects concentrated into a few nodes at one of the

corners while the remaining nodes contain sound wood regions. This prevents the

straightforward application of SOM methodology, because determining the boundary

between sound wood and defects is difficult. In practice, it would be beneficial to have

wide transition regions in the SOM between different categories of wood as the

discrimination result would then be more robust with respect to location of boundary.

Because of this need, the defect detection SOM is built using selected test

material that contains about the same amount of sound wood and defects. This training

material originates from several boards to capture the whole range of variation of

lumber. The selection process does not require any labeling of the samples, nor any

particular expertice in choosing the material.
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In order to obtain an ideal recognition SOM we should have around the same number of

every defect category in the sample set, because the under-represented categories may

not get a node of their own, while the larger classes conquer most of the map. To cope

with this phenomenon we must give some of the samples more weight by using them

multiple times when building the SOM. In practice, teaching the SOM is an iterative

process in which adding weight to some samples causes the whole map to change and

brings up some other nodes whose weights should then be adjusted. Clearly, an efficient

tool is needed for this purpose.
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We use a software package, called G-SOM (1999), to create self-organizing maps. It

provides visual support for finding which samples are clustered in each node, so one can

easily modify the training data and see the discriminative power of the approach. This

tool enables to label each node and the respective samples manually in a very efficient

manner, so it can be used for preparing training material for supervised classification

solutions, if desired.
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The weak points in automatic visual inspection of lumber are human involvement in

system training and overly simplistic defect detection methods. The subjective judgment

of human appears to be in conflict with precise, formal grading rules and defect criteria.

The decision of a human on the category of any individual defect is inherently error-

prone and should thus be avoided, however, a human can easily label a group of defects

into a single category. This is exactly the kind of approach what the presented solution

supports. The defect detection solution works in the same manner, avoiding too early

decisions on the type of the regions.
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