























5.2. Implementation of the seedling inspection prototype

FIGURE 5.4:  The input point cloud (ID = 11) and its corresponding geometrical model. The
geometrical shapes are correctly identified. The red points are part of the Thick cylinder, the
turquoise points are part of the Thin cylinder, and the blue points are part of the Surface.

FiGURE 5.5:  An input point cloud (ID = 22) and its corresponding geometrical model. The
geometrical shapes are correctly identified.

FiGURE 5.6: The input point cloud (ID = 26) and its corresponding geometrical model. The
geometrical shapes are correctly identified.
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FIGURE 5.7:  The incorrectly processed point clouds. Figure (a) represents a geometric model
that leads to an incorrect plant model later in the application. Figures (b) to (e) are incorrect due
to bugs in the algorithms associated with the point-geometry processing steps.
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FIGURE 5.8:  The sanity check code for correcting the geometric model as implemented in
LabVIEW. For each of the shapes, we check whether it is a thin cylinder. If so, we check how
many neighbouring shapes the thin cylinder has. When only one region is a neighbour of the thin
cylinder, we check whether this region surrounds the thin cylinder. When this check is positive as
well, the points of the thin cylinder are added to the surrounding shape and the thin cylinder is

removed from the list of shapes.
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FIGURE 5.9:  The original geometric model, and the corrected geometric model after the sanity
check for the point cloud displayed in Figure 5.7 (a). The new geometric model correctly consists
of two surfaces (red, blue), a thick cylinder (turquoise) and a thin cylinder (green).
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FIGURE 5.10: The geometric model (plant ID = 10) and its corresponding plant model. The
red points in the plant model correspond to a ‘Plug’, the blue points to a ‘Stem’, the turquoise
and purple points to ‘Cotyledons’, and the grey points to a “True leaf’. The plant parts have been
identified correctly.

FIGURE 5.11: The geometric model (plant ID = 17) and its corresponding plant model. The
plant parts have been identified correctly.

FIGURE 5.12: The geometric model (plant ID = 26) and its corresponding plant model. The
plant parts have been identified correctly.
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5.2. Implementation of the seedling inspection prototype

Identification of geometric re-
gions:
red points: Thin cylinder
blue points: Thick cylinder
green points:  Surface
purple points:  Thin cylinder

FiGURE 5.13: The manual processing of the point cloud to form the geometrical model. The
identification of a line-like appendix in the plant that is part of the first true leaf is valid in terms
of the geometric model.

FiGURE 5.14: The geometric model (ID = 4) and its corresponding plant model. The plant
parts have not been identified correctly; the stem of the plant is not recognised as a plant part.
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FIGURE 5.15:  The intermediate results of a correct leaf identification for a point cloud. The
largest leaf is looked for first, then the points corresponding to this leaf are identified and the leaf is
removed from the remaining unidentified surface points. This procedure is repeated for all leaves.
It leads to the final leaf segmentation as depicted in (h).
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(@) | (b)

FIGURE 5.16: In these images, the identification of the first leaf (pink) in the ‘Surface’ is
incorrect. In figure (a), the leaf contains too many points; in figure (b), the leaf contains too few
points.

FIGURE 5.17: In these images, the identification of the second leaf (pink) in the ‘Surface’ is
incorrect. In figures (a) and (c), the complete surface is shown before the first leaf points are
removed. In figures (b) and (d), the identification of the second leaf is displayed. The leaf in
figure (b) contains too few points, the leaf in fiqure (d) contains too many points.
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FIGURE 5.18: When the example geometric model is processed automatically, it results in the
plant model depicted in figure (a). This incorrect plant model consists of a plug (red points), a
stem (blue points), a cotyledon (turquoise points), and a true leaf (purple points). When this plant
is manually processed using the protocol defined, it results in the correct plant model displayed
in figure (b). It has a plug (red points), a stem (turquoise points), a cotyledon (blue points), and
two true leaves (green and pink points).

FIGURE 5.19: The plant model in this figure consists of a plug (red points), a stem (blue), two
cotyledons (turquoise and green), and a true leaf (grey). The leaf identification is incorrect: the
green points should have been assigned as true leaf, and the grey points as cotyledon.
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P! Corrigibility

Plantmodel Het plant model is NIET correct

-

FIGURE 6.1: The corrigibility module starts with checking whether the plant model is correct.
In the screenshot, we see a 3D display of the plant model, an overview of the identified plant parts
and the option for the expert to indicate whether the plant model is correct or not.
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FIGURE 6.2: In this screenshot of the corrigibility module, we see the input point cloud (for
reference) and the line-plane model created by the application. In the drop-down box, the expert
can indicate whether the line-plane model is correct or not.
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FIGURE 6.3:  As part of the quality assessment check, the Diagnosis Module asks the expert
whether the plant has been classified correctly based on the number of cotyledons.

age (see Figure 5.20). We have created a testset consisting of 96 tomato plants.
These seedlings have been recorded with the 3D Scan Station (Scanbull Software
GmbH, Niirnberg), using volumetric intersection [79]. Each seedling was put
on a rotation table in a light cabinet. We set the software to make 24 frames for
one table revolution spaced at 15 degrees. For each frame, the table was halted
for 10 seconds to allow the plant to stop shaking before making a digital image.
A picture was made using a digital camera mounted on a tripod in front of
the cabinet (see Figure 5.21). The camera made an angle of approximately 30
degrees with the horizontal plane and was positioned at approximately 80 cm
from the plant, thus allowing the camera to get a good view of the leaves of the
seedling.

The recorded images were semi-automatically processed by the Scan Station
software to form 3D point clouds with points that represent the surface of the
recorded plants. The created point cloud models consists on average of approx-
imately 2500 points, obtained from an automated triangulation of the object’s
surface.

For designing the prototype application, we have followed the framework
design proposed in Chapter 2. We started with setting the scope, decomposed
the task into subtasks, interviewed experts for their expert knowledge, and de-
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FIGURE 6.4: As part of the quality assessment check, the Diagnosis Module asks the expert
whether the plant has been classified correctly based on the true leaf area.

fined the processing components. For showing that a computer vision applica-
tion setup according to the proposed framework results in a workable computer
vision application, we opted for LabVIEW, rather than Jess/Java (as proposed
in Chapter 4). This implementation choice is based on our practical expertise
with LabVIEW and has no consequences for testing the viability of our design
method. By showing that the prototype is suited for inspecting the seedlings,
we show that an application designed using the proposed white-box design
method is capable of performing the task satisfactorily.

5.2.2 Sanity check rules

In any computer vision application, flaws may occur. We distinguish two kinds
of errors. The first kind are genuine bugs: the algorithm is designed with a
flaw and does not perform according to its specifications. This type of errors
should be solved to obtain a well-functioning application. However, for our
evaluation, we are interested to test the design method, not the implementation
of the computer vision algorithms. Not all algorithms in the prototype appli-
cation function optimally yet, since the computer vision algorithms required
for processing the seedlings have to deal with complex implementation details
beyond the scope of this thesis. To be able to test the design method despite

109



The white-box seedling inspection system

FIGURE 5.20: This figure shows a seedling, 12 days of age, that is considered to be a first quality
plant.

the flaws, we have decided to separate the implementation of the knowledge-
intensive components from the actual knowledge in the components. By using
the explicit knowledge of a component to guide the processing of the object,
we can mimic the performance of the algorithm had it been correctly imple-
mented. With the internal working of the algorithms correct or mimicked, we
can evaluate whether the created workflow suffices to process the plants in the
test set correctly. This suffices to evaluate that the white-box design method can
function correctly. The criteria that are more specifically linked to transparency
are evaluated in Chapter 6.

The second kind of errors are errors that result in an incorrect model in later
steps of the decision process. Such judgements of the object under inspection
are in principle correct with respect to the local domain knowledge available for
the decision. Only in a later step in the task when more task-specific knowledge
is available, the earlier decision turns out to be incorrect. This second type of
errors is of real interest for our application. Moreover, we can show added
value of our design by solving this type of errors in a structured way. Due to
the knowledge-based approach, we can detect the error in the advanced model,
understand why the earlier decision was made, and — more importantly — know

FIGURE 5.21: The test set has been created using the 3D Scan Station.
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5.2. Implementation of the seedling inspection prototype

how to correct for it. With hindsight, the algorithm can conclude that the earlier
decision is inconsistent with all possible more advanced models. When such
inconsistencies occur, a corresponding sanity check rule can be added to the early
stage of the application to automatically correct the unintended error. We will
discuss this second type or error and the corresponding sanity check rules in
more detail in the next sections.

We continue this chapter with evaluating the implemented application step by
step. Whenever opportune, we introduce sanity check rules to the application.

5.2.3 Test: creation of the geometric model

We first test the function in the process that uses knowledge about the input
3D point cloud to obtain a model in terms of geometrical shapes. We have
implemented a set of LabVIEW functions that automatically perform this model
transition. By processing the test set, 91 of 96 input point clouds resulted in a
correct geometric model with geometric shapes consisting of points from the
input point cloud. In Figures 5.4, 5.5, and 5.6 examples are displayed of point
clouds that have successfully been transformed to geometrical models.

From the remaining 5 point clouds (see Figure 5.7), 1 leads to an incorrect
model in later steps of the application (an error of type 2) and 4 are incorrectly
processed because of genuine bugs (errors of type 1) in the algorithms. We
consider the incorrectly processed point clouds individually. As described in
Section 2.5, the following processing steps have to be taken to generate the
geometrical model:

e Create point groups and determine point types. This results in a classifi-
cation of all points in the point cloud as linelike or planar points.

e Determine regions of related points. Points that are close enough and that
have the same type are assigned to the same region. This results in a
division of the point cloud into linelike and planar regions.

e Identify the geometric regions. The identified regions are recognised as
specific geometric shapes.

When we consider the point cloud in Figure 5.7 (a), the creation of point groups
and determining the point types of the points is successfully done. Based on
the initial knowledge in the geometric ontology, there is no reason to frown
upon the linelike points (green and grey) surrounded by a set of planar points
(red). The division of the point cloud into linelike and planar regions based on
calculating the planarity measure is done without any problems as well. Next,
the geometric model is constructed. It consists of thick and thin cylinders and
some surfaces. Each of these concepts exists in the geometric ontology and
the identified model is initially considered to be a valid geometric model. In
the next steps of the application though, the identified geometric model cannot
result in a valid plant model. More specifically, we conclude that a ‘Leaf or
stem’ part in the middle of a ‘Leaf’ cannot occur as separate plant part. The
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geometric model that leads to this plant model is therefore incorrect and should
be corrected using a sanity check rule.

Based on the information that a thin cylinder enclosed by a surface cannot
occur, we conclude that linelike points in the middle of planar points cannot
occur either. This leads to the following sanity check rule:

Sanity check rule geometric model: If a ‘“Thin cylinder” is com-
pletely surrounded by one ‘Surface’, the geometric model is incorrect.
The type of the ‘Points” that constitute the “Thin cylinder” should be
changed to ‘planar’ and the ‘Points” should be added to the ‘Surface’.

The appropriate sanity check rule is implemented in LabVIEW (see Fig-
ure 5.8) and the incorrect geometric model from Figure 5.7 (a) is identified in an
early stage. It is corrected by the sanity check rule. In Figure 5.9, the originally
identified geometric model and the corrected geometric model are shown for
the point cloud in Figure 5.7 (a). This example shows how non-local knowledge
can be used to prevent errors of the second type.

Next, we consider the errors of type 1, i.e. the genuine bugs in the algorithms.
We first consider the point cloud in Figure 5.7 (b). For this model, the creation
of the point groups and the identification of the point types is performed cor-
rectly. The assignment of the regions, though, is incorrect: the linelike region is
intertwined with the planar region. This is a situation that does not fulfil our
expectations. The algorithms that assign the points to regions should prevent
this behaviour. The processing of the point cloud in Figure 5.7 (c) has a flaw in
the algorithm that determines the point type. The green points in the figure are
assigned as linelike points, although the computer vision expert expects them
to be planar. The grey points, though, are correctly identified as linelike points.
The point cloud in Figure 5.7 (d) also has a flaw in the algorithm that deter-
mines the point type of the points. The red points in the figure are assigned
as planar points, whereas the grey and green points are correctly identified as
linelike points. This is unexpected behaviour. The red points should have been
identified as linelike points. Figure 5.7 (e) depicts a point cloud that is correctly
divided into linelike and planar points. However, a flaw occurs in the algorithm
that identifies geometric regions. The model consists of the shapes “Thick cylin-
der’, “Thin cylinder” and ‘Surface’, but the ‘“Thick cylinder’ is not assigned to the
shape that is most cylinder like, but to the red points in the figure.

Since we are interested in showing that the proposed design method results
in a useful computer vision application and not in assessing the quality of the
implemented algorithms, we allow a manual correction of the occurring bugs in
the algorithm. When the point clouds in Figures 5.7 (b) to (e) are processed by
hand according to the protocol described by the expert, a valid geometric model
results. In Figure 5.13, this manual correction is shown for the point cloud in
Figure 5.7 (c). The points that were incorrectly assigned as linelike points are
after manual processing of the point cloud identified as planar points. The
resulting geometric model corresponds with the expectation of the geometric
model for this point cloud.
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We conclude that the creation of the geometric model fulfills our expectations:
the decomposition of the task into subtasks, the use of the concepts from the
point and geometric ontology, and the application of the task descriptions de-
fined by the expert result in a part of the computer vision application that
successfully transforms the input point clouds to a geometric model. Moreover,
we have shown that a sanity check rule based on the explicit domain knowl-
edge can be implemented to prevent the detected error of the second type in
the geometric model to reoccur in the future.

5.2.4 Test: creation of the plant model

The processing knowledge that has the geometrical model as input and generates
a plant model is considered next. Of the remaining 92 test plants!, 55 are
transformed to a correct plant model. In Figures 5.10, 5.11 and 5.12, three
examples of correctly transformed plants are shown. The geometric model in the
left-hand side of Figure 5.10 is processed and a plug, a stem, two cotyledons and
a true leaf are correctly identified. The plant in Figure 5.11 has two cotyledons
that are stuck in the seed coat. The subtask that creates a plant model from a
geometric model recognises the structure as a set of connected cotyledons. Also
the remaining true leaf, the stem, and the plug are correctly identified for this
plant. The geometric model in Figure 5.12 is processed and results in a plant
model with two cotyledons, two true leafs, a stem and a plug.

The 37 incorrectly processed plants suffer from errors of the first or second
type. The errors in the creation of a plant model from a geometric model are
concentrated in the components ‘stem recognition’, ‘individual leaf identifica-
tion” and ‘leaf type assignment’. We describe the results of these components
in some detail.

Stem recognition For one of the plants, the geometric model is incorrectly
processed with respect to the stem recognition (see Figure 5.14). Due to the few
points in the thin cylinder, the plant recognition step discards these points and
decides that the thin cylinder does not correspond to a leaf or stem in the model.
As a consequence, the resulting plant model has no stem. The domain expert
considers such a model as invalid. The plant ontology has to be equipped with
a sanity check rule to correct this kind of erroneous decision:

Sanity check rule plant model: A plant model with ‘Leaves’” must
have a ‘Stem’ that connects the ‘Leaves’ to the ‘Plug’.

This sanity check rule finds that the “Thin cylinder” shape in the geometric model
is located between the ‘Thick cylinder” and the ‘Surface’. It assigns the points
corresponding to the “Thin cylinder’ to a new ‘Stem’ shape.

IThe 91 plants that were initially processed correctly and the 1 plant that was corrected using
the implemented sanity check rule.
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Individual leaf identification The geometric model consists of one or more
surfaces that are analysed and in which one or more leaves are identified. The
leaf identification of individual leaves is one of the more complex processes
in the system due to the natural variation in the plants. For our analysis, we
distinguish between several parts of the leaf segmentation step. In each of these
steps, errors of type 1 occur.

First, the algorithms check whether the plant has connected cotyledons.
For an example of a plant with connected cotyledons, we refer to Figure 1.4 (f)
and (g). In the test set, six plants occur with connected cotyledons. Two of these
plants are incorrectly processed due to an error of the first type.

Second, the surface shapes are analysed and the individual leaves are iden-
tified. In 14 cases, the first leaf is not correctly separated from the remaining
leaf mass. In 5 cases, the same problem occurs in separating the second leaf.
In 10 cases, separating the third leaf is incorrect. In one case, the last leaf is
incorrectly divided into two leaves. The leaf segmentation algorithm determines
the individual leaves one by one within the ‘Surface’. First, the largest leaf is
detected, its points are identified and removed from the remaining points in
the surface (see Figure 5.15 (a) and (b) for an example of a correctly processed
plant model). This step is repeated for each remaining leaf, resulting in a fully
segmented ‘Surface’ (see Figure 5.15 (c) to (h)). Identifying which points corre-
spond to a leaf is not trivial. In Figures 5.16 and 5.17, examples are shown of
incorrectly identified leaves. In most cases too many or too few leaf points are
removed. This is caused by the algorithm that looks at a thinner part of the leaf
closer to the stem. When other leaves are obscuring the view for the algorithm,
an incorrect decision is made.

The errors in this algorithm must be solved to enable correct identification
of the plant model. For evaluating the method, though, it suffices to manually
process the geometric models that lead to incorrect plant models due to bugs
in the algorithms according to the protocols defined. An example of such a
manual processing of a point cloud is displayed in Figure 5.18.

Leaf type assignment Finally, the individual leaves are classified as cotyledon
or true leaf. For most plants, this classification functions well. For 2 plants, an
error of type 1 occurs in the identification of which leaf is a cotyledon and which
is a true leaf. In the first of these plants, the two cotyledons are identified as true
leaves and vice versa. In the second plant, the second cotyledon is seen as a true
leaf and vice versa (see Figure 5.19). The leaf classification algorithm should
be further improved to overcome the incorrect assignments. Therefore, once
again, we process the point clouds manually according to the corresponding
procedural knowledge.

We conclude that the processing of the geometric models to create the plant
models functions as expected. By following the protocols outlined for the in-
dividual processing steps in terms of the geometric and the plant ontology, we
have shown that the geometric models can correctly be transformed into plant
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models. Moreover, a sanity check rule has been identified and implemented,
ensuring that plant models with leaves also have a stem as plant part.

5.2.5 Test: classification of the plant model

Next, the classification of the plant model has to be tested. This involves the
comparison of plant assessment according to the formalised classification rules
with plant assessment according to a domain expert. To test this classification,
we have used the test set of 96 plants. Whenever the automated creation of the
plant model was incorrect, we have manually segmented the point cloud into a
correct plant model.

In 80 cases, the automated assessment and the expert assessment agree.
For the 16 cases in which the knowledge rules and the expert did not agree,
we consulted the expert and adapted the classification rules according to his
indications. We asked the other domain experts involved to study the explicit
form of their classification rules as well. To do this, trays of seedlings were
grown and tested with the experts” own sets of knowledge rules. In some cases
this led to a company-specific refinement of the rules. With these refinements
included each of the experts indicated that the individual set of knowledge rules
was suitable for assessing the quality of tomato seedlings.

We note that most experts require a training of several months®. Even with
this training phase completed, most companies instituted a weekly consultation
between the seedling experts to ensure that the experts assess the plants in
the same way. Even with such meetings, inter-expert variation in a company
is still 5 to 10 percent [83]. The difference between the assessment according
to the formalised classification rules and the expert assessment are within the
inter-expert difference.

The classification of the plant model is the final step in the computer vision
application. We conclude that the use of the explicitly specified quality rules
leads to a successful assessment of the quality of the plants under inspection
that mimics the assessment of the domain experts.

5.3 Conclusion

In this chapter, we have shown that a white-box computer vision system set up
according to the method proposed in this thesis leads to an application that can
successfully perform the task for which it has been developed. The input cloud
can be transformed into a geometrical model, which is transformed into a plant
model. This plant model can be used to determine the quality class to which
the recorded plant should be assigned. The point cloud, the geometrical model
and the plant model are formally defined in the ontologies shown in Section 5.1.

The problems that we have encountered in the prototype were implemen-
tation issues at the level of individual algorithms. For the incorrectly processed

2This information is obtained from the interviews with the companies.
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point clouds, we manually ensured that the algorithms performed according to
the experts’ expectations — something that is only possible because of the ex-
plicitly defined procedural knowledge. This enabled us to show that the design
method can lead to a viable computer vision application. For future use of the
computer vision application in an industrial environment, the flawed algorithms
will have to be further corrected.
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Chapter 6

Evaluation of the Proposed
Method

In this chapter, we evaluate the proposed method for designing white-box,
knowledge-intensive computer vision applications. We show that the devel-
oped white-box application for the case study has four highly desired proper-
ties mentioned in Chapter 2: (i) corrigibility, (ii) adaptability, (iii) robustness,
and (iv) reliability. Moreover, we go back to the discussion in Chapter 4 for the
aspects of (v) understandability and (vi) trust. Additionally, for corrigibility and
adaptability, we show how a tool can be implemented to allow the user of the
computer vision application to optimally benefit from this property.

6.1 Corrigibility

In the previous chapter we have shown that the proposed white-box design
method leads to a viable method and implementation for assessing seedlings.
We claim that the white-box setup of the method has an inherent set of ad-
ditional favourable properties. The first of these properties is corrigibility. We
define corrigibility as the property that flaws in the computer vision application
can be tracked down easily. We stress that we restrict our definition to support-
ing easy and accurate identification of flaws in the implementation. Actually
removing the flaws and making the system perform well may still be a difficult
task. To show that the proposed method results in corrigibility, we first describe
corrigibility in the case study and show its functioning for several test plants.
Next, we discuss what properties of the proposed method ensure corrigibility.

6.1.1 Corrigibility for the case study

Corrigibility is a property that is useful in two situations: (i) when the computer
vision application is in development and needs to be tested, and (ii) when it
has been implemented, is in use, and assigns a small percentage of seedlings
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incorrectly to a quality class. For both cases, it is relevant that the flaw is
detected accurately and the application is mended as soon as possible. During
the design of the computer vision application, the knowledge models and rules
of the experts from different disciplines — for the case study, the disciplines
‘computer vision” and “plant’ — have been specified.

By considering the consecutive set of models — point model, point type
model, geometric model, pseudo plant part model, plant model — and by listing
the knowledge rules used to obtain one model from the previous model, the
expert can get insight in the steps performed by the computer vision applica-
tion. The corrigibility property ensures that these experts can diagnose their
part of the system without understanding the black-box algorithms employed.
The only requirement is that they understand the intermediate models and ex-
plicit knowledge rules. Since these are stated in the domain expert’s terms,
this condition is met by default. Based on their diagnosis they can inform the
software team on the origin and type of the incorrect action.

6.1.2 Tool support: the Diagnosis Module

With the application set up in the proposed way, we can implement a tool — a
Diagnosis Module — that makes it possible to detect errors in conceptual terms.
In this section, we implement a Diagnosis Module for the case study. The Diag-
nosis Module is a software module that visualises and explains the subsequent
steps that are taken by the application for a specific plant in such a way that the
involved experts can autonomously pinpoint the location and nature of the error
in the application. As soon as the flaw has been tracked down, the software
team has sufficient information to start correcting the application.

Example 1: Incorrect line-plane model In Figures 6.1 and 6.2, two screenshots
of the implemented Diagnosis Module are shown for plant 06. This plant is
incorrectly assigned to quality class ‘abnormal’ instead of ‘too small’. We have
seen that the error originates from an incorrect transition from input model to
geometric model in the currently implemented version of the computer vision
system.

The plant expert noticed during testing that plant 06 was incorrectly clas-
sified. Using the Diagnosis Module, he started to track down the flaw in the
system. The Diagnosis Module starts with showing the plant expert the created
plant model and asking whether this model is correct or not (see Figure 6.1).
The plant model is displayed as a point cloud with coloured points that repre-
sent plant parts. A list of identified plant parts is shown as well. For plant 06,
the plant expert indicates that the displayed plant model is incorrect, since the
parts indicated as leaves do not correspond to the real leaves of the plant. Based
on this answer, the Diagnosis Module next offers a visualisation of the preced-
ing, geometric model to the computer vision expert. This model is displayed as
a point cloud with coloured points that represent geometric parts. A list of cor-
responding geometric parts is offered as well. Based on the information shown,
the expert indicates that the geometric model is incorrect as well. This answer
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prompts the Diagnosis Module to focus on the processing steps that convert the
point model into the geometrical model.

Next, the computer vision expert is asked whether the input model is cor-
rectly divided into linelike points and planar points. The module offers an
image of the original input cloud (for reference) and an image of the line-plane
model (see Figure 6.2). An explanation of what the computer vision expert
could expect is offered as well: “all points that are roughly on a line should be
indicated as ’linelike point’, all other points as “planar points’”. For plant 06,
the computer vision expert indicates that the line-plane model is incorrect, since
he thinks that the blue points in the middle of the cotyledon should have been
indicated as planar points. The diagnosis that the Diagnosis Module offers is:
“The error can be found in the transition between input model and line-plane
model”.

The computer vision expert uses the conclusion of the Diagnosis Module
to correct the errors. If these are errors of the first type, the involved algorithm
is corrected. If these are errors of the second type, a sanity check rule can be
implemented. For the model in Figure 6.1, the incorrect line-plane assessment
leads to a geometrical model where a ‘Thin cylinder’ is enclosed between a
‘Surface’ and a ‘Thin cylinder’. In plant terms, this implies that a ‘Leaf or stem’
part is attached to a ‘Leaf’ on one side and to a ‘Leaf or stem’ part on the other
side. The plant domain expert indicates that this situation can never occur in
the plant domain. Therefore, a sanity check rule is added to the point domain
indicating that a ‘Linelike region’ that is enclosed by a ‘Planar region’ should be
corrected. We have seen in Section 5.2.3 that implementation of such a sanity
check rule leads to improved performance of the system.

We conclude that the corrigibility property of the computer vision appli-
cation can lead to the identification of task specific sanity checks that can be
embedded in the application. Such sanity checks are phrased in terms of the
domain experts. In Section 6.3.3, we argue why sanity check rules cannot be
defined on beforehand, but need to be identified and formulated when plants
are processed for which early decisions lead to incorrect models later in the
process.

Example 2: Incorrect classification rules For another plant, the Diagnosis
Module shows a different set of models to the expert, since the first model
— the plant model — is assessed as correct; the found plant parts correspond to
the real plant parts. Next, the Diagnosis Module leads the expert through the
components of the classification knowledge rule, indicating for each component
the calculated parameters and the intermediate conclusion based on these pa-
rameters. The expert can indicate for each step whether the application makes
the right decision or not. For plant 18, the number of cotyledons is calculated
as 2, and based on this parameter, the plant is maximum first choice (see Fig-
ure 6.3). The expert indicates that this is correct. Next, the average area of
the true leaves is determined at 88% of the average true leaf area of all plants
in the tray, and based on this percentage, the plant is classified as maximum
second choice (see Figure 6.4). The expert concludes that the plant should not
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have been classified as second choice, but as first choice. The conclusion for
the software team is that either the calculation of the true leaf area is incorrect
or the true-leaf-area-rule is incorrect. In this way, the Diagnosis Module not
only helps to check the implementation of the algorithms and the descriptive
knowledge, but also the procedural knowledge that is used in the application.

6.1.3 Corrigibility setup in general

Corrigibility is a property that is inherent to white-box applications set up ac-
cording to the method proposed in this thesis. Due to the setup of the applica-
tion in terms of explicit models and processing steps, both the models and the
processing knowledge is available in the domain experts’” terminology. There-
fore, each step in the application can be studied by looking at the input and
output models and the corresponding knowledge rules. This gives us exactly
the framework required to accurately identify the location and nature of any
flaws in the implementation.

The case study shows us how corrigibility is obtained and even how to set
up a dedicated Diagnosis Module to provide user-friendly support to domain
experts. Such a Diagnosis Module can be added to the application to allow the
domain expert to easily make a diagnosis of the system. The corrigibility check
of a program is strongly linked to the architecture of the white-box application
itself. If the computer vision application is changed in terms of application
ontologies or transition functions, the Diagnosis Module can automatically be
changed accordingly.

Setting up a Diagnosis Module for an arbitrary white-box application as
proposed in this thesis can be done by following the same procedure as used for
the case study. We have to create a software program that can show the model
identifying the instance that was incorrectly assessed in a backward-chaining
fashion. We start by showing the ‘last’ model — the model that corresponds to the
input of the last set of procedural knowledge — we continue with the preceding
model, until the domain expert indicates that a model is not flawed. In that
case, the program has identified the component for which the input model is
correct and the output model is incorrect. Next, the set of knowledge rules
corresponding to the creation of the incorrect output model is to be checked.
Again, the program should start with the model that is the input for the ‘last’
knowledge rule of the component. The information corresponding to this step
can be shown to the expert and the diagnosis can be communicated to the
software team. Note that a Diagnosis Module can be set up in a similar fashion
when the program contains parallel instead of linear programming steps.

In this section we have shown that both the domain expert and the computer
vision expert play a role in identifying errors. More generally speaking, each
expert that has been involved in the development of a white-box application
is involved in the corrigibility procedure. The involved individuals are experts
only within their own domain. In the corrigibility diagnosis, they are each
offered information from an intermediate ontology in their own terms. They
can therefore each check the performance of their own part of the application.
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FIGURE 6.5: A schematic representation of the Brassica plant ontology.

In conclusion, we have shown that corrigibility is realised in white-box applica-
tions set up according to the framework proposed in this thesis. Moreover, we
can identify sanity check rules that can be added to the application to enhance
its performance. We have also shown that the users of a white-box application
can be supported with respect to corrigibility by using a dedicated Diagnosis
Module.

6.2 Adaptability

The second of the claimed properties of white-box systems is adaptability. Adapt-
ability in the context of computer vision systems is defined as the possibility to
(easily) change the software application with respect to the used quality rules
for assessing the objects under inspection, or to adapt the software to assess ob-
jects that are different from but morphologically similar enough to the objects
for which the software application has originally been developed. In the next
sections, we show that the case application is adaptable, show a tool to support
adaptation by the end users of the application, and discuss adaptability for gen-
eral white-box computer vision systems set up using the method proposed in
this thesis.

6.2.1 Adaptability criterion for the case study

Adaptability is, like corrigibility, a property that is of importance when the com-
puter vision application has been implemented and is in use. In this section,

121



Evaluation of the Proposed Method

we focus on the desire of a company to adapt the computer vision application
developed in the case study in such a way that it can be used to assess different
but similar cultivars. For this process, both a domain expert and a knowledge
engineer are involved. The task of the domain expert is to indicate the differ-
ences between the cultivars and their assessment; the task of the knowledge
engineer is to formalise these differences and embed them in the existing ap-
plication ontologies and knowledge rules. The consequences of our approach
are that these modifications have minimal impact on the actual implementation
level. They introduce a minimal amount of additional work for the software
developer.

To illustrate the adaptability property, we elaborate on an adaptation of the
horticultural case study in which the cultivar of interest is no longer tomato
but brassica (cabbage). Brassica is, like tomato, a dicotyl plant, and the quality
assessment process of brassica seedlings is similar to that of tomato seedlings.
To adapt the existing software, we take the following three steps:

o First, we identify the plant application ontology corresponding to brassica
seedlings.

o Next, we formulate the quality assessment rules that are applicable; these
are part of the formal assessment knowledge.

e Finally, we backpropagate the required additional plant knowledge to the
geometric ontology and the point ontology and to the corresponding pro-
cedural knowledge to ensure that the computer vision system can deal
with the adapted requirements in all steps.

For the case study we have chosen to create the brassica plant ontology using an
interview-only approach with the existing tomato knowledge as input informa-
tion. We have interviewed two experts from a seed company that is interested
in assessing brassica seedlings. In Figure 6.5, the created ontology is shown and
its reusability is considered. Note that the brassica ontology does not contain
the concept ‘Cotyledon’, which is important for tomato seedlings. Moreover, dif-
ferent plant features are defined for brassica seedlings, such as ‘damaged area’
and ‘necrosis’. The other concepts from the tomato plant ontology are valid for
the brassica plant ontology as well and are hence added to the brassica plant
ontology.

Next, we have asked the domain experts which tomato rules are still applica-
ble in the brassica domain, which should be adapted, which are to be discarded,
and which new rules should be added to the set of brassica assessment rules.
We have used the set of all identified tomato seedling assessment rules as the
basis for this step. These rules were broken up into sections corresponding
to tomato seedling plant parts to facilitate the discussion. We have asked the
domain experts to identify for each relevant plant part whether the specified
tomato rules were relevant for the brassica seedlings, or whether they should
be adapted, discarded or replaced. Part of the resulting changed document is
displayed in Figure 6.6. We see that in the first rule, the value that distinguishes
the good plants from the abnormal plants has been changed from 50% to 25%.
The second rule is adapted in such a way that it gives the same information as
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1. If the true leaves are well developed (i.e. larger than 50% 25% of the
average true leaf area of the plants in the tray), then the plant is a first
choice plant.

2. If the true leaf area is small (between25%and-50% less than 25% of the
average plant), then the plant is asecend-cheiceplant an abnormal plant.

5. If the trueleafis-damaged damaged area of the true leaf is larger than
50% of the true leaf area, then the plant is a seeond—<€heice—plant an

abnormal plant.

FIGURE 6.6: Part of the changes required for the brassica knowledge rules.

the first rule. The third and fourth rule of the tomato rule set are not relevant
for brassica plants. The fifth displayed rule introduces a new concept: the dam-
aged area of the true leaves relative to the total true leaf area. The whole set
of brassica rules was then formulated and presented to the domain experts for
verification!.

The final step required a study of the impact on the other parts of the system
of the newly defined plant application ontology. All changes with respect to the
tomato ontology were reviewed, to see if they affected the geometrical ontology
or even the point ontology. The procedural knowledge affected by the changes
in the ontologies were reviewed as well. Contrary to the tomato ontology, the
brassica ontology does not contain the concept ‘Stem’. The geometrical ontology
corresponding to the tomato-based computer vision application contains the
concepts ‘Thick cylinder’, “Thin cylinder’, ‘Paraboloid” and ‘Surface’. We know
from the explicit procedural knowledge that the geometrical ontology does not
need the concept ‘Thin cylinder’. Similarly, the point ontology has no need for
the concept ‘Linelike region’. The corresponding procedural knowledge was
removed from the ontologies.

6.2.2 Tool support: adapting knowledge rules concerning quality assessment

The adaptability criterion requires that the computer vision application can eas-
ily be adapted to changing situations. To allow end users of the application to
benefit optimally from the adaptability property, we propose the implementa-
tion of an Adaptation Module. Such an Adaptation Module assists the domain
expert to autonomously adapt quality assessment rules according to his needs.
This is especially useful when the application has to assess the same objects —
tomato seedlings — but with different quality criteria. A change like this can be

IFor confidentiality reasons, the presented set of rules is not the actual set of rules.
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desired by a company because of strategic or commercial reasons. It is impor-
tant that the computer vision application is flexible and can adapt easily when
the quality definition used by the company changes.

One possible adaptation is to change the decision value of a feature. As an
example, a company can change the rule “if the feature ‘leaf area’ is smaller
than 50% of the average leaf area, then the plant is second choice” to “if the
leaf area is smaller than 30% of the average leaf area, then the plant is second
choice”. Another possibility is to add or remove an entire quality class. One can
for example indicate that the distinction between ‘first’, ‘second’, ‘third” choice
and ‘abnormal” plants is too detailed; the quality classes ‘useable plants” and
‘rejected plants’ are to be used instead. In other cases, a company may decide
to add even more detailed quality classes to better study the seedlings under
consideration. As a third possibility, a company may introduce new features or
reject features that are already in use.

When new features are introduced, the software team obviously has to play
a part in implementing the algorithms to calculate the new features. In all other
cases, the domain expert should be able to make the changes on his own. A
custom-made Adaptation Module can be used to change the quality assessment
rules. The developed Adaptation Module for the case study is depicted in Fig-
ure 6.7. It contains a text-based representation of the set of knowledge rules that
is the basis for the quality assessment. The first few lines in the module indicate
the quality classes that are available in the application®. In the example shown
in the figure, the quality classes are ‘Eerste keus’ (first choice), “Tweede keus’
(second choice), and ‘Abnormaal” (abnormal). In the knowledge rule overview,
the second column indicates that these lines correspond to quality classes. To
change the quality classes that are allowed in the system, new classes can be
added, existing classes can be renamed or removed in this part of the Adaptation
Module.

The next lines contain individual knowledge rules, each corresponding to
a component of the procedural knowledge. The first knowledge rule is identi-
fied by the label ‘Start’. The underlying software executes the knowledge rules
starting with this line. Each line consists of a label, the type of relation, the
feature for which the plant is checked, the assessment value, the decision if the
feature is below the assessment value, and the decision if the feature is above
the assessment value. In the example, the ‘start’ line checks whether the plant
is budless. If this is the case, the plant is abnormal, otherwise, the next knowl-
edge rule is to be considered (the default action if no value is specified). The
next line indicates that if the number of true leaves is less than one, the plant
is abnormal. The third line indicates that if the number of true leaves is less
than two, then the line labeled as ‘groottetest’ (check size) should be executed
next, otherwise the fourth line is next. If the ‘groottetest’ (check size) line is
executed, the relative size of the first true leaf with respect to the average size is
checked. If this is smaller than 1.1, the plant has only one true leaf (otherwise
‘groottetest’” (check size) would not have been executed) and this is smaller than

%In a later version of the Adaptation Module, this information could be encoded separately from
the knowledge rules to make the module more user-friendly.
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FIGURE 6.7: A screenshot of the user interface in which the domain expert can change the used
knowledge rules. In this screenshot, seedling assessment rules are displayed.

110% of the average true leaf size. The plant is assessed as ‘abnormal’. If it is
more than 110%, the plant is assessed as ‘second choice”.

Example 1: change the decision value of a feature To change the decision
value of a feature, the domain expert simply has to adapt its value in the Adap-
tation Module. For example, the rule that checks whether the number of true
leaves is greater than 1 can be changed to a rule that checks whether the number
of true leaves is greater than 2 by changing the value in the fourth column.

Example 2: removing and adding knowledge rules If an expert wishes to
remove a rule, he can simply delete it from the list of rules. If he is interested
in adding an additional rule, he can either use existing features and quality
classes or indicate that a new feature is called for. In that last case, the expert
can define the quality feature, but has to contact the software team to implement
the desired feature.

The Adaptation Module allows the expert to compose new rules based on
existing building blocks. Features that have already been implemented can be
combined with other features and desired decision criteria. This allows the
experts to adapt the quality criteria to meet changing quality standards.

6.2.3 Adaptability setup in general

In the previous sections, we have looked at the adaptability property for the
case study. Adaptability is, like corrigibility, a property that is possible because
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of the white-box approach. It allows the users of the system the flexibility
of using it in different application fields. More specifically, users are enabled
to autonomously make changes to the system or to instigate the development
of new functionality by computer vision specialists. This is a very valuable
property for industrial use of such a computer vision system.

In this section, we argue why any computer vision system that has been
developed using the method discussed in this thesis has adaptability as an
inherent property. Moreover, we show how a user of such a computer vision
system can in fact adapt the application to meet changing requirements.

We have seen that in the case study, adaptability with respect to the classifi-
cation features is enabled by the explicit and transparent setup of procedural and
descriptive knowledge. Due to the explicit definition of the knowledge rules, the
expert can understand the steps that the computer vision system takes in his own
vocabulary. For any similarly developed computer vision system, the procedural
knowledge is defined in such a way that it is understandable for the expert.
Adaptability is based upon the expert’s understanding of the knowledge rules.
Only in that way, the expert is capable of modifying the classification function
to suit a new purpose.

Moreover, adaptation of the system to similar but different objects is made
possible by the transparent setup of the whole system. Explicit definition of the
procedural knowledge and explicit specification of the application ontologies
are requirements for the easy adaptation of the computer vision system. This
holds true for any similarly developed application. To easily identify the changes
needed in the system caused by a change of objects under inspection, a clear
understanding of the transition functions and models that are in play is required.

However, it is not sufficient that the white-box computer vision system has
transparency as an inherent property. If the system cannot be easily adapted by
the experts, we cannot truly say that the system is adaptable. We have to show
how in a general application, the user can be enabled to make the required
changes.

If the desired adaptation involves adapting the computer vision system for
different objects, the specification of the current application domain ontology
will be adapted. To do this, the ROC method with the current application
domain ontology as one of the basic sources can be used. Alternatively, an
interview-based knowledge acquisition method can be applied, with the current
knowledge model as starting point. Since the existing knowledge is used as a
basis, and the new situation is similar to the existing situation, it is to be expected
that changes are small and hence easy to carry through.

For changes in the classification knowledge, a custom-made Adaptation
Module can be implemented to support the domain expert in his efforts. The
information needed to set up such a module is defined in the explicit description
of the imperative and declarative processing knowledge of which the transition
function consists. Since the domain expert’s assessment is available in the form
of decision rules, a rule editor can be implemented as in the case study. Such a
rule editor can be used by a domain expert to autonomously make the desired
changes and thereby adapt the system.
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6.3 Robustness and reliability

In this section, we consider the two criteria robustness and reliability together,
since these two criteria are closely related. Robustness is defined as the property
that any object that is in the scope of the task and domain for which the ap-
plication has been built can be correctly assessed by the application. Moreover,
robustness ensures that the application is insensitive for irrelevant defects and
variations of the inspected objects. Reliability is defined as the ability of the
application to indicate when an object lies outside its area of expertise. In some
cases objects may be offered that are out of scope. Instead of blindly assessing
such an object, it would be preferable if the application would indicate that the
object lies outside its area of expertise.

Robustness and reliability are two sides of the same coin. They both are
connected to the scope and domain of the application. Together they promise
that all objects within the scope are recognised properly, and all objects outside
the scope are identified as outliers.

6.3.1 Robustness

Robustness is a property that is intrinsically pursued due to the white-box setup
of the application as discussed in this thesis. The domain experts have explicitly
defined which features of the objects under inspection are relevant in the as-
sessment of the object. They have indicated which seedling variations can occur
and what should be the response of the computer vision application to these
variations. Note, that properties that are irrelevant for the assessment are not
mentioned in the descriptive or procedural knowledge. Irrelevant defects — i.e.
defects in properties that are not used for the assessment of the object — do not
disturb the assessment process, since they are not considered by the computer
vision application.

Robustness is ensured by explicitly formulating the type of objects that can
occur. Hence, robustness only holds when the expressed knowledge covers
the complete domain on which the task needs to be executed. The setting of
the scope is a crucial process to ensure robustness. It should be carried out
accurately.

6.3.2 Specificity and selectivity

We consider in this section a practical aspect of robustness. When we make a
decision inside the scope of the application, we would like to be certain that
when a decision is made, it is indeed the correct decision; we are interested in a
high specificity of the application. However, many algorithms are not very selec-
tive. In this section, we show how the availability of explicit domain knowledge
can help to improve selectivity and hence specificity.

Let us, for example, look at the planarity measure that is calculated in the
point ontology to determine whether a point is located in a linelike or a planar
environment. To this end, a principal component analysis is performed on the
point and its environment, and based on the length of the second eigenvector
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with respect to the sum of the lengths of all eigenvectors, a decision is made
on the planarity of the point. A threshold value determines the boundary be-
tween linelike points and planar points. When the planarity measure is very
different from the threshold value, the point is very clearly linelike or planar.
However, when the planarity measure is close to the threshold value, there is
an uncertainty in the point type assignment.

Due to the explicit availability of domain knowledge we have additional
knowledge to make the decision more certain. Suppose that some of the points
with an uncertain assignment to the point type ‘linelike” are later on found
to be in the middle of a ‘Surface’ (and hence a ‘Leaf’). Then, we can derive
that the assignment was incorrect, since from plant knowledge, we know that
a leaf only contains ‘planar’ points. By maintaining the information that the
point assignment was uncertain, a correction based on domain knowledge can
be incorporated. This ensures a de facto increase of selectivity and hence a more
reliable application.

6.3.3 Reliability using knowledge rules

Reliability is a property that is more difficult to guarantee than robustness. The
computer vision system is based on explicit knowledge defining which plants
are inside its scope. These plants will be assessed as first, second, third choice
plants or as abnormal plants. However, plants that lie outside the scope of
the application, e.g. parsley or tulips, will probably be rejected, but they are
not explicitly recognised as out-of-scope plants, but simply as abnormal tomato
plants. This is undesirable, since for a company it is important to (i) sell seeds
with preferably no pollution from other species, and (ii) to assess only the quality
of the intended seeds, not lower the quality indication due to chance pollutions
present in the planted seeds.

For an application to identify which objects lie outside its area of expertise,
exclusion criteria can be defined and encoded using knowledge rules. There are
some nuances to the use of such excluding knowledge rules. Some of these rules
relate to criteria that are natural to the expert; an example in the case study is
to state that a plant can only have one stem, only one plug and maximum four
cotyledons. Plants with more cotyledons (e.g. parsley) or more stems (e.g. onions)
do not meet the criterion. They may occur, but must be recognised as ‘strange
plants’. Other rules can be expressed explicitly, but are not naturally a part of
the domain expert’s description of the domain. An example is “a plant with
leaves connected to the stem where it exits the plug is not a tomato seedling”
(but for example a tulip). The occurrence of such objects in the task domain is so
unlikely that it seems unnatural to add the corresponding rules to the ontology.

In short, full reliability would require an exhaustive list of rules to describe
all objects outside the scope, and is therefore not feasible. Apart from it being
impossible to obtain a complete list, it is not the most practical solution from a
performance point of view. Users of a computer vision system are interested in
recognising and rejecting objects that lie outside the scope. It makes sense to
only add knowledge rules to recognise foreign objects that may actually occur
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in the inspection environment. Bell peppers and other vegetable seedlings are
grown in the same environment as tomato seedlings; tulips are not.

Both sanity check rules and for reliability rules are applied on a ‘learning
by seeing’ basis. By adding rules only when triggered by an unexpected model
respectively object, the rules are set to deal with naturally occurring cases. This
allows the system to gradually become more and more attuned to its setting.

6.3.4 Proposed reliability rules for the case study

To ensure reliability in the case study, the knowledge engineer and domain
expert have to explore the scope boundaries and the domain environment. It
makes sense to start with the plant domain. Another source of input for reliabil-
ity rules are the sanity checks that are identified by the corrigibility procedure.
The domain expert can e.g. indicate that a tomato plant can only have one stem,
only one plug and maximum four cotyledons. These restrictions can be ex-
pressed by the knowledge engineer in the ontology modelling language OWL
using owl:Cardinality respectively owl:maxCardinality constructs.

The expected shape of the cotyledons and true leaves can be added to the
plant ontology to ensure that e.g. a bell pepper seedling is not allowed to pass as
a tomato seedling. The corresponding rule would be ‘the true leaf has to contain
indents, otherwise the plant under inspection is not a tomato seedling’. This
rule can be expressed using Jess as a rule that calls an algorithm to determine
whether such indents are present or not.

For the geometric ontology, some reliability rules in the plant ontology trans-
late to reliability rules on the number of thin cylinders that could be present
in the object (namely one) and the number of thick cylinders (maximum one).
The number of surfaces can still vary, since the transition function between the
geometric ontology and the plant ontology does not translate each surface to
exactly one leaf. The geometric ontology will also contain rules that have no
counterpart in the plant ontology. An object can e.g. lie outside the scope of the
ontology when it consists of other geometrical shapes (such as cubes, spheres,
tetrahedra). It is up to the domain expert to decide which rules correspond to
non-exotic occurrences of abnormal objects.

Finally, we consider the point ontology. We have designed this ontology
based on the fact that the representation of the recorded tomato seedling consists
of points that form linelike or planar regions. To implement the reliability
criterion, we state that if a region occurs that is not linelike nor planar, then the
object under inspection lies outside the scope of the application. To fully cover
this statement, we should enrich the ontology with a measure that indicates the
linelikeness and planarity of the present regions. If a region is not sufficiently
linelike or planar, the computer vision application should indicate that the object
under inspection lies outside its scope. The value of the indicated measure can
be determined empirically. This rule can be implemented using a Jess rule that
calls upon an algorithm to determine whether the planarity measure is within
the correct range for the plant to be a tomato plant.
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6.3.5 Reliability in transitional situations

So far, we have discussed reliability in cases where on rare occasions an unex-
pected object is offered to the computer vision application. However, in practice
a different situation may occur in which reliability is relevant. Suppose that
the computer vision application is used to alternately assess tomato seedling
batches and bell pepper batches. In such cases, it would be necessary that the
application can assess both tomato and bell pepper seedlings. We can imagine
a scenario in which the application can automatically indicate whether the new
tray of seedlings is a bell pepper or a tomato tray and what the quality assess-
ment of the individual seedlings is. This would be convenient for the operators
of the machine, since they do not have to enter this information manually on
beforehand.

We might be able to equip the computer vision application with the possi-
bility to use both task models at the same time. The result of an assessment can
be that based on the tomato knowledge, the seedlings are mostly abnormal and
third choice, whereas the bell pepper knowledge indicates that most seedlings
are first choice bell peppers with a small number of second choice seedlings.
As a conclusion, the application could decide that the inspected batch is most
likely a bell pepper batch, but has a small chance of being a low quality tomato
batch.

The envisaged application could indicate whether the inspected batch is a
batch of tomato seedlings or of bell peppers and provide a probability measure
for this decision. By allowing the two knowledge models to be used simultane-
ously, the application has the possibility to look at a batch of input objects from
two different but frequently occurring view points and determine the validity of
each of these views. It thereby gains the possibility to assess whether an object
lies outside one domain but inside another domain. This is a valuable property
of the computer vision application in practical situations.

6.4 Conclusions

In this chapter, we have shown that the application has corrigibility, adaptability,
and robustness as inherent properties and can be equipped with axioms to
ensure reliability as well. These properties offer a significant advantage to the
user of the computer vision system over black-box systems.

Due to adaptability, the user is allowed a certain degree of freedom in applying
the system to (slightly) different tasks and domains. Corrigibility allows the user
to get a clear insight in the decisions taken by the system and in pinpointing
flaws that the system makes. Robustness and reliability deal with the property
of the system that all objects within the specified scope are properly assessed
and objects that are outside the scope can be identified as such. The level
of reliability required by the user is dependent on the environment in which
the application is used and its desired performance. Robustness and reliability
ensure appropriate behaviour of the computer vision system, even when something
unusual occurs.
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In Chapter 2, two additional properties have been mentioned: expert ac-
ceptance and speed. These properties have not been discussed in this chapter.
Expert acceptance was discussed in Chapter 4 in two forms: understandabil-
ity and trust. Understandability, required for organisational learning, can be
supported due to the direct pairing of transparency in the application and the
underlying reasoning behind the application steps. We have shown that training
material can easily be obtained when a transparent application has been created
(see Figure 4.8). Trust in an application was achieved by designing the applica-
tion on the proper level of transparency. By adding transparency in such a way
that the most detailed level of the application contains either explicit domain
knowledge, trusted third-party components, or trivial components, the expert’s
trust is built.

Speed, the last mentioned objective, is not applicable to the prototype system
that we have created so far. However, the industrial parties that have been
involved in this project have decided to continue with a commercial follow-up
of this project. In this new project, the approach proposed in this thesis and
the pilot software will be further developed. The goal of this follow-up project
is to develop an automated seedling inspection machine that is commercially
available within the next two years. The speed requirement for this machine is
that it can handle between 10,000 and 20,000 plants per hour. One of the major
bottlenecks, fast image acquisition, has recently been solved by us [61]. From
first experiments, it is our expectation that the required speed can be met for
the processing of the plants as well.
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Chapter 7

Discussion & Conclusion

This thesis is built on three paradigms: (i) the choice to develop a white-box
instead of a black-box computer vision system, (ii) the choice to consider the
domain expert as key person in the design process, and (iii) the choice to develop
a design framework that combines techniques from software engineering with
knowledge engineering. In this concluding chapter, we critically assess how
these paradigms should be approached in practice.

The last section in this chapter provides the answers to the research ques-
tions posed in Section 1.7 and the overall conclusion of this thesis.

7.1 White-box systems complemented with opaque elements

The first paradigm that we review is our choice to design white-box computer
vision applications. In Chapters 4 and 6 of this thesis, we have shown that
white-box systems based on explicit expert knowledge result in the important
benefits of transparency, adaptability, corrigibility, reliability, robustness, main-
tainability and expert acceptance. In addition to these advantages, the white-box
design approach has some useful side effects. Due to the explicit formulation
of the expert’s domain and task knowledge, the explicit knowledge can easily
be adapted e.g. for instruction of new employees.

In the case study, experts have expressed their task knowledge: they have indicated which
plant features are relevant for assessing the quality of the plants and for which values
of these features the plant should be assessed as a first class, second class or abnormal
plant. Such explicit task knowledge can easily be represented in a flow diagram that
is interpretable by the experts. Such a diagram gives a concise overview of the task
knowledge and is useful in training new employees.

Implementing a computer-vision system in a white-box fashion may have poten-
tial disadvantages, though. First, the process of explicating the expert knowl-
edge is time-consuming. For each inspection task, a careful consideration must
be made on whether a white-box approach is the best choice based on the actual
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amount of knowledge required for executing the task versus the ease with which
can be learned from example cases. Another factor is how often the inspection
process will have to be adapted for similar objects or different quality criteria. A
third factor is the expected need of the experts to communicate about the actual
steps taken in the inspection process to colleagues or third parties. We recom-
mend that a project for designing any computer vision application starts with
interviewing the problem owner and one or more experts to learn about the
complexity of the task and taking inventory of the availability of training data.
Based on these interviews, a decision can be made for the type of computer
vision system that is required.

At the beginning of the horticultural project, the companies involved explained how
the different experts needed a few months of training before they were able to assess
the seedlings properly. This information was used by us to conclude that the seedling
inspection task indeed is a knowledge-intensive task and that a white-box design is
applicable.

The second possible disadvantage of using explicit knowledge can be the neg-
ative effect on the required speed of the application. Especially when the com-
puter vision application has to perform in a real-time high-throughput setting,
speed-optimised software is required. It is, however, difficult to decide before-
hand how an implementation based on explicit knowledge will perform in terms
of speed relative to an implementation using embedded implicit knowledge.
Subjective factors such as the programming skill of the individual programmer,
the chosen encoding of the algorithms, memory requirements, all influence the
speed of a computer program.

A distinct advantage of white-box design over pure black-box design is
that the task and domain decomposition of the task in the white-box design
allows the subcomponents to be profiled or benchmarked [51] to determine
which process step is slowest. The optimisation effort can then be targeted to
this process step.

The success of designing a white-box system based on expert-knowledge de-
pends on the possibility to correctly explicate expert knowledge. We submit
that if only part of the expert knowledge can be explicated, the proposed de-
sign method is still of value. For the parts of the task where tacit knowledge
cannot be expressed, the software engineers can implement a grey-box or black-
box component in the white-box setup. This combination of white-box and
grey-box or black-box components occurs on several scales.

At the lowest level of the application, processing knowledge is specified
in terms of complex calculations. Such calculation-based knowledge rules (see
Chapter 4) contain grey-box or black-box components that determine the value
of the property that is to be calculated. In most cases, the algorithm is known
in the form of interpretable equations, and hence a grey-box component is used.
In some cases though, e.g. in the case of neural networks, the inner workings of
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the algorithm are unknown in interpretable terms. In such cases, a black-box
component is used to automate the calculation of the property.

The implementation of grey-box and black-box components in a white-box
system to represent tacit expert knowledge is a good solution to designing
systems with as much explicit expert knowledge as possible. When explicit
knowledge becomes available, e.g. from a different domain expert, the black-box
component can be replaced by a grey-box or even a white-box component.

The procedural knowledge in the case study indicates how to interpret raw vision data
by grouping it into larger, more meaningful units (from single points to point groups
to planes and cylinders and so on). When we focus on determining the point type of
the central point in a point group, we use a grey-box method to calculate the principal
components of the point group. By looking at the length of the first, second and third
component, we interpret the shape of the point group and decide whether the point group
is linelike or planar.

In the case study, several trusted third party components are used. Examples are the
PCA-analysis and the Levenberg-Marquardt fitting algorithm.

7.2 The expert as the key person in the design process

We now discuss the central role of the expert in the design of a computer vision
application. Since a white-box application is based on explicit expert knowledge,
a precise encoding of this knowledge is required. The focus on expert knowledge
puts the domain expert in a central position in the design phase.

For a successful involvement of experts in the design process, we require
a (i) motivated expert to cooperate in designing the computer vision applica-
tion. Moreover, the expert has to (ii) have the opportunity and (iii) the ability to
express his knowledge [99]. In knowledge sharing research, the reluctance of ex-
perts to share their specialistic knowledge is widely recognised as an inhibition
to knowledge elicitation [5, 9]. Motivation is potentially adversely influenced
by several factors [92]. For our discussion, we highlight job security, expert
recognition, and organisational climate. Job security is a difficult aspect when
automating tasks. The expert may (rightly) fear that the application that is
developed may take over his job. This may in a negative way influence the ex-
pert’s willingness to express his knowledge. Recognition of the practitioner as the
company’s expert on the subject may improve his motivation. An organisational
climate in which discussing the task and sharing each other’s views is common
practice will also have a positive contribution to the expert’s motivation. Below,
we discuss these points for the case study.

In the horticultural case study, the experts did not show any fear for losing their jobs.
In none of the interviews, this point was raised. In each interview, the respective expert
was very willing and open in sharing his knowledge. We suspect that fear did not play
a role, because only part of the expert’s task is assessing the quality of seedlings, and the
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remainder of the work is enough to provide a full-time, less repetitive, job. Moreover,
the experts are used to automation in their work environment. Dutch horticulture is a
very innovative sector in which new technologies and automated processes are adapted
on a reqular basis [108].

Recognition is a factor that works in favour of knowledge sharing in the horticultural
case study. Experts are the carriers and Quardians of the company’s task knowledge.
With the computer vision application in place, the experts will have an important role
in ensuring that the process is performed correctly. When changes in the process are
required, these experts will be responsible for ensuring that the new requirements are
correctly communicated to the computer vision application designers. Moreover, the
experts will be asked to communicate with other companies” experts on maintaining and
improving the high quality standard for vegetable seedlings. In short, they get credited
for their expertise.

Finally, the organisations involved in the case study already have a knowledge sharing
procedure in place. In most organisations, the quality assessment experts come together
once a week to jointly assess a tray of seedlings and to discuss why not all plants have
received the same quality assessment. Therefore, discussing their knowledge with others
was not a new task for the experts.

With respect to the expert getting his opportunity to express his knowledge,
the second prerequisite, it is important that experts who are to participate in
designing a computer vision application can indeed do so. The management has
to grant them time to discuss with knowledge engineers and software engineers,
and to explicate their knowledge as required.

For the case study, opportunity was no point of concern. Each company allowed ex-
perts to participate in the process. Whether we interviewed the experts in their work
environment, or whether we asked the experts to meet with other company’s experts on
a central location, the experts could devote the required time to the process.

The ability of experts to express their knowledge is the third factor to characterise
the effectiveness of knowledge acquisition. When an expert is motivated and
available, but lacks the ability to communicate his knowledge, the knowledge
acquisition process will not be successful. Dimensions that are of interest for
the expert’s ability are (i) the stage of development of the expert [64], and (ii)
the expert’s ability to analyse and explain his knowledge to others [21]. In
general, practitioners that are in the transition process from novice to expert
are considered to be best capable to analyse and explain their knowledge [21]
for knowledge elicitation using the interviewing method. The ROC-method
also requires experts that can explicate their knowledge. However, due to the
prompting of possibly relevant concepts from reconstructed sources, the ROC-
method enables both intermediate and full experts to make their knowledge
explicit.
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In the case study, we interviewed both intermediate and full experts to obtain explicit
domain knowledge. In one interview, we found a strong indication that the full expert
that we talked to had trouble expressing his knowledge. He indicated that a plant is only
assigned to the highest quality class, if this plant has ‘body’. We asked him to explain
this term, and he indicated that the plant should have 'spirit’ and ‘mass’, and that you
could ‘just see’ those properties when looking at the plant. No further explanation on
these descriptions could be elicited from this expert. In general though, the interviewed
experts were capable of explaining their knowledge.

To ensure that the motivated expert can indeed significantly contribute to
the design of a knowledge-intensive computer vision application, sufficient sup-
port for the expert has to be available. In Chapter 3, we have covered this aspect
by introducing the ROC component. The ROC component allows the domain ex-
pert to autonomously define descriptive knowledge relevant for the task, thereby
empowering him to fully participate in the computer vision design process. In
the next paragraphs, we assess future developments of ROC required to provide
even better support to the expert.

For an efficient use of the ROC component, it is vital that suitable knowl-
edge sources are available. Moreover, the existing knowledge sources must be
available in a format that is usable by the ROC component. At present, we
mainly use SKOS, RDF and OWL models to populate the repository of reusable
sources. In the future, we expect that more and more additional structured
resources will become available via e.g. SPARQL endpoints. Moreover, we ex-
pect that natural language processing (NLP) techniques will enable harvesting
knowledge from texts. These developments will make more sources available
for the ROC component.

A function that is not available in the ROC-tool yet, is the possibility to ex-
plicitly document the used concepts and relations. Adding definitions, perhaps
even discussions that led to these definitions, will give a clearer understanding
of the created knowledge model.

At present, the ROC component supports the domain expert in express-
ing concepts and relations between these concepts. Automated support for
expressing domain statements via a ‘ROC for Rules’ component is not avail-
able yet. Such a tool would be valuable in the design of knowledge-intensive
applications. The purpose of this ‘/ROC for Rules’ component would be to al-
low experts to autonomously express rules that make inferring of new instances
possible. Moreover, the expressed rules can be (partly) reused for similar tasks
or domains.

The ROC component and a future ‘ROC for Rules’ tool change the role
of the knowledge engineer even further to a person who coaches the domain
expert in expressing his knowledge instead of a person who must obtain full
knowledge of the expert’s domain. The knowledge engineer will always need
some knowledge of the domain, but with the domain expert creating the proto-
ontology, the necessity for having a detailed active understanding of the domain
is reduced.
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The design method presented in this thesis is suited for single-expert and multi-
expert knowledge models (see Figure 3.1). When asking multiple experts to
express their domain knowledge, there is a risk that the experts contradict each
other. In those cases, it may be difficult to coach the experts in changing their
conflicting models and discussing with each other to obtain common ground.
When multiple experts are able to elaborate on each other’s models and to-
gether express a richer model than each individual model, this common model
represents a better conceptualisation of the domain.

7.3 Combining knowledge engineering and software engineering

The third aspect that we single out is the proposed combination of software
engineering with knowledge engineering (see Figure 2.2).

Without this combination, the computer vision application would be imple-
mented solely by expertise from the software engineering field. The application
would be divided into image acquisition, segmentation and classification and
for each of these steps the computational steps and algorithms required to as-
sess the recorded objects would be specified (see Figure 7.1, right-hand side). In
this way, a grey-box or black-box computer vision application would be created.

Knowledge engineers would traditionally not be asked to assist in the au-
tomation of processes, but would more likely be asked to assist in explicating
and transferring the knowledge of task experts within the company. Hereto,
they would define the scope, interview experts to obtain an overview of their
descriptive knowledge, combine the descriptive knowledge into a company-wide
model, and enrich these models with procedural knowledge rules (see Figure 7.1,
left-hand side). In this way, expert knowledge is made explicit and can be used
to e.g. train new experts or assist in domain-specific research.

The proposed design method combines the fields of knowledge engineering
and software engineering and has a white-box computer vision system as a
result. Useful byproducts are an explicit model of the descriptive knowledge
that can be used in research, and an overview of the know-how knowledge that
can be used to train experts and to adapt the process to new requirements.

The co-operation between knowledge engineer and software engineer fol-
lows the workflow defined in Figure 2.2. In this paragraph, we briefly describe
the products that they exchange during their cooperation.

Both types of engineers and the problem owner are involved in defining the
task and setting the scope of the application. The software engineer creates a
document in which the task is decomposed into subtasks interspersed with in-
termediate interfaces; the global software architecture. The knowledge engineer
uses the descriptions of the subtasks to identify corresponding domain experts.
These experts are asked to explicate the relevant domain knowledge for their
subtask and domain. This results in ontologies that are refined by using one of
the methods discussed in Chapter 3. The ontologies are offered to the software
engineer in the form of diagrams or class objects. The software engineer can use
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FIGURE 7.1:  Software engineering can lead to a black-box application, knowledge engineering
to a knowledge model.

these diagrams and his earlier decomposition of the task to define the computa-
tional steps required in domain-specific terms. The domain expert is consulted
to offer his procedural knowledge, and a process flow on paper results. The
knowledge engineer uses the process flow to identify fact-inferring statements.
These statements can then be implemented in a declarative programming lan-
guage. The software engineer uses the list of required calculations to design
and implement the corresponding algorithms.

At present, one of the main obstacles in using ontologies in computer-vision
applications is the practical unfamiliarity of most computer vision engineers
with ontology languages and — to a lesser degree — with declarative program-
ming languages. In our opinion, stimulation of knowledge exchange between
the fields of ontology engineering and computer vision engineering allows a ma-
jor step forward in the application of full knowledge-intensive computer vision
tasks in practice.

It is interesting to see which white-box benefits can be obtained when only
part of the knowledge engineering work is integrated in the software design.
Suppose that the domain expert is only asked to give an informal description of
the computer vision task but no formal encoding of descriptive and procedural
knowledge is made. In that case, the consecutive steps taken in the application
would be provided as informal descriptions stated in domain expert’s terms.
The benefit of such a setup over a complete black-box application is that the
consecutive steps can be explained to the domain experts. As a result, it will
(slightly) contribute to expert acceptance.

139



Discussion & Conclusion

Suppose that only descriptive knowledge is formally encoded and used
in the application, but the ‘how to’-knowledge is implemented in a black-box
fashion. This would be more transparent than a mere black-box method, since
it allows e.g. an easy visualisation of consecutive intermediate results to the
domain experts. Such set of visualisations in recognisable subsequent models
would allow for corrigibility, since the specific black-box component containing
the error can be identified. Moreover, with the descriptive knowledge formally
expressed, all objects in the scope of the application are defined and hence the
application has robustness as property (see Section 6.3.1).

7.4 Conclusion

The main research question of this thesis is “how can we develop a method for
designing image analysis applications to automate knowledge-intensive tasks?”. This
question has been divided into a number of sub-questions. In the next sections,
we give the answers to these sub-questions.

1. What are the characteristics of knowledge-intensive tasks? In which cases is automa-
tion opportune? What is special about automating knowledge-intensive tasks?

The first step in our research was to define the notion of knowledge-intensive task
in more detail. knowledge-intensive tasks are tasks that need a high level of
specialist knowledge for a correct performance of the task. When such a task is
performed by a human, the task knowledge can be partially explicit and partially
tacit.

Several motives for automating knowledge-intensive tasks are known. First,
task experts may not always be available. It takes time and money to train
employees to become experts, and due to job transfers and retirements experts
may leave the company. Second, there may not be enough experts to perform
the task in a satisfactory manner at the desired throughput. Third, experts are
humans; they may show less objectivity and consistency in their functioning
than desired. Fourth, experts may not be fast enough to keep up with increasing
processing speed. To overcome such difficulties, the automation of a knowledge-
intensive task is opportune.

Domain experts are a valuable source of information for the process of
automating knowledge-intensive tasks. They have a lot of experience in per-
forming their task, however a large part of their knowledge is tacit knowledge.
To have a machine perform the task in the same way as a domain expert, the
implicit knowledge of the expert should be made explicit. The explicit knowl-
edge should be encoded in such a way that it is usable for a machine. In other
words, the machine has to be able to ‘reason’ with the explicit knowledge.

The answers to these questions gave us a demarcation of our research topic.
They set the scope and defined our task.
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2. What are possible approaches for automating knowledge-intensive tasks? What are
the benefits of the chosen approach?

For the automation of knowledge-intensive tasks, we have used an ontology-
based white-box approach. This approach has some inherent properties that
highly improve the usability of the designed computer vision application. These
properties are transparency, expert acceptance, adaptability, corrigibility, robust-
ness and reliability.

Transparency influences expert acceptance in a positive way. Due to adapt-
ability, the user is allowed a certain degree of freedom in applying the system to
slightly different tasks and domains. We have shown how the tomato inspection
system can be adapted for the inspection of tomato seedlings for grafting suit-
ability (changed task) and for inspecting brassica seedlings (changed domain).

Corrigibility allows the user to get a clear insight in the decisions taken by
the system and in pinpointing flaws that the system makes. We have discussed
how a corrigibility module can help to identify errors and to find sanity check
rules for the involved domains.

Robustness and reliability deal with the property of the system that all
objects within the specified scope are properly assessed and objects that are
outside the scope can be identified as such. We have argued that the level
of reliability required by the user is dependent on the environment in which
the application is used and its desired performance. Robustness and reliability
ensure appropriate behaviour of the computer vision system, even when something
unusual occurs.

3. How can we obtain the knowledge that is relevant for successfully automating the
task?

Knowledge acquisition is a process that takes place in three dimensions: the
application dimension, the domain dimension, and the discipline dimension
(see Section 3.3.3). For each discipline, the problem owner and domain expert
ensure that the knowledge acquisition is relevant for the task.

Descriptive knowledge is acquired by applying a combination of interview-
observation-based methods and the ROC-component. The ROC-component sup-
ports the domain expert in actively participating in the expression of his knowl-
edge. It uses associations obtained from existing knowledge sources to prompt
the domain expert in creating a semi-formal knowledge model.

The resulting model of the ROC-method can be used as input for the inter-
viewing process and vice versa. Either or both methods can be used to obtain
an optimal definition of the descriptive knowledge required for the computer
vision application.

Inferential knowledge can be elicited as well. Such knowledge indicates
how the quality inspection task is performed. The end result of the knowledge
modelling process is a set of application ontologies, each corresponding to a
discipline, and a set of knowledge rules used to infer new facts in the application.
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The knowledge engineering effort in the case study has lead to a point
ontology, a geometric ontology, and a plant ontology consisting of concepts and
relations. Moreover, sanity check rules for these domains have been expressed.
‘How to’-knowledge has been identified as well to allow descriptions of the
recorded seedling in one vocabulary to be expressed in another vocabulary.

4. How can procedural knowledge be encoded in a semantically meaningful way? How
can we systematically embed the definition of procedural knowledge in the proposed
framework for knowledge-intensive computer vision applications?

Expert knowledge concerning a task not only consists of descriptive knowledge,
but also of procedural knowledge. We argue that a white-box approach in which
the procedural knowledge is expressed explicitly is in principle preferred over
systems in which the applied expertise is hidden in the system code. After all,
internal transparency makes it easier to adapt the system to new conditions and
to diagnose faulty behaviour. At the same time, explicitness comes at a price and
is always bounded by practical considerations. Therefore we have introduced
in this thesis a method to make a balanced decision between transparency and
opaqueness.

To decide on transparency, we look further than the obvious objectives of an
application such as accurateness, reliability, robustness, and speed, and focus on
underlying design objectives and criteria, such as trust, system modification and
understandability. Depending on the design objectives for a specific application,
a choice for (i) a further task and domain decomposition, (ii) a refinement of the
descriptive knowledge, (iii) the use of logical inferences, or (iv) the introduction
of a black-box component created by a trusted third party is made.

The set of decision criteria concern the availability of explicit domain ex-
pertise, the application range of a component, the level of common sense and
triviality of a subtask, the need for explanation of a subtask, and the availability
of trusted third party software. These criteria offer structure to the application
designer in making decisions concerning transparency. The proposed method
ensures a careful weighing of costs and benefits in the implementation process.

5. How well does the proposed method perform in terms of a number of predefined
criteria?

We have shown that the proposed design method leads to a white-box computer
vision application that can properly perform the task for which it has been
developed; in other words, correctness can be attained. Moreover, we have
shown that the proposed white-box applications are inherently equipped with
the possibilities to support corrigibility, adaptability, robustness and reliability.
The remaining two properties — speed and expert acceptance — have not been
tested, since the computer vision application for the case study developed using
the proposed method is in prototype stage and cannot be evaluated for these
criteria yet.
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6. How applicable is the developed method to the automation of other knowledge-
intensive computer vision tasks?

The presented paradigm to systematically design ontology-based computer vi-
sion applications can be used for any knowledge-intensive object inspection task
for which shape features determine the quality of the object. For each task, a
task description and a definition of the domain can be made. The division of
the computer vision application into image acquisition, image segmentation,
and image classification is generic. The use of explicit procedural knowledge
to propagate knowledge about the recorded object through the application can
also be used for arbitrary knowledge-intensive computer vision tasks.

The design method can be applied to inspection tasks in any domain. Raw
camera data, in the form of e.g. point clouds, triangulated laser range data, or
voxels, can be mapped to a carefully defined set of structures. Such structures
can be geometrical, or areas with similar texture or colour, edges, clusters et
cetera. The identified structures then transfer into a model of the object under
inspection, e.g. a plant, a person, or a car, but again only into objects that can
possibly exist in this specific task and domain context. The segmented object in
turn is mapped to an assessment class, such as quality, price level, style, again
specifically selected for this task.

The main research question: Is the ontology-based white-box design method presented
in this thesis suitable for designing knowledge-intensive computer vision systems for
biological objects?

With the subquestions answered, we have gathered sufficient knowledge to an-
swer the main question of our thesis. We have shown in this thesis that it is
indeed feasible to design a white-box computer vision application that success-
fully performs knowledge-intensive visual inspection tasks. We have presented
a design method, involving the fields of knowledge engineering and software
engineering. Due to the white-box approach, the scope of the application, the
division into subtasks, and the explicit descriptive and inferential knowledge
play an important role. The domain expert is considered as the key person in
the design process; his knowledge is leading for the computer vision application.

Not only have we shown how we can design knowledge-intensive computer
vision applications, we have also shown that applications developed according
to the proposed paradigm have the highly desirable properties adaptability, con-
sistency, corrigibility, expert acceptance, maintainability, reliability, robustness,
and transparency. We have proposed a way to create tools that support the
users and developers of the application in benefiting from these properties.

In our opinion, these white-box properties are extremely valuable for the
users of the application and give the design of white-box computer vision ap-
plications a definite edge over black-box applications.
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Summary

This thesis focusses on the modelling of knowledge-intensive computer vision
tasks. Knowledge-intensive tasks are tasks that require a high level of expert
knowledge to be performed successfully. Such tasks are generally performed
by a task expert. Task experts have a lot of experience in performing their task
and can be a valuable source of information for the automation of the task. We
propose a framework for creating a white-box ontology-based computer vision
application.

White-box methods have the property that the internal workings of the sys-
tem are known and transparent. They can be understood in terms of the task
domain. An application that is based on explicit expert knowledge has a num-
ber of inherent advantages, among which corrigibility, adaptability, robustness,
and reliability. We propose a design method for developing white-box computer
vision applications that consists of the following steps: (i) define the scope of
the task and the purpose of the application, (ii) decompose the task into sub-
tasks, (iii) define and refine application ontologies that contain the descriptive
knowledge of the expert, (iv) identify computational components, (v) specify
explicit procedural knowledge rules, and (vi) implement algorithms required
by the procedural knowledge.

The scope is one of the cornerstones of the application, since it sets the
boundaries of the task. The problem owner and the domain experts are to-
gether responsible for setting the scope and defining the purpose. Scope and
purpose are important for the task decomposition and for the specification of
the application ontologies. The scope and purpose help the domain engineer to
keep focus in creating dedicated ontologies for the application.

The decomposition of the task into subtasks models the domain expert’s
“observe — interpret — assess” way of performing a visual inspection task. This
decomposition leads to a generic framework of subtasks alternated with applica-
tion ontologies. The list of consecutive subtasks — record object, find structures,
identify object parts, determine parameters, determine quality — can be reused
for any visual inspection task.

Application ontologies are task-specific ontologies containing the descrip-
tive knowledge relevant for the task. We have described an interview-based
knowledge acquisition method that is suited for modelling multi-domain, multi-
expert task-specific ontologies. Using the knowledge of multiple experts leads
to a rich application ontology; adding an outsider’s perspective from domain
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experts from other involved domains, leads to an expression of knowledge that
may be too trivial for task experts to mention or may not be part of the usual
perspective of the task experts.

Knowledge acquisition based on interviews and observations only has some
disadvantages. It takes a lot of modelling time for domain expert and knowl-
edge engineer, it is difficult for the knowledge engineer to give a structured
and full overview of his knowledge, and a model is created from scratch, even
though reusable sources may exist. We have therefore introduced a reuse-based
ontology construction component that gives domain expert a more prominent
and active role in the knowledge acquisition process. This component prompts
the domain expert with terms from existing knowledge sources to help him cre-
ate a full overview of his knowledge. We show that this method is an efficient
way to obtain a semi-formal description of the domain knowledge.

With the decomposition of the knowledge-intensive task into subtasks in-
terspersed with descriptive knowledge models completed, we focus on the sub-
tasks. Each of these subtasks can be represented by a sequence of components
that perform a clearly defined part of a task. To specify these components,
we explicitly identify for each service in the computational workflow (i) the in-
put concepts, (ii) the output concepts, and (iii) a human readable (high level)
description of the service. This information is used as documentation for the
procedural knowledge.

Besides transparency of descriptive knowledge, transparency of processing
knowledge is a desirable feature of a knowledge-intensive computer vision sys-
tem. We show that blindly embedding software components in a transparent
way may have an adverse effect. In some cases, transparency is not useful or
desired. To support the software developer to make a balanced decision on
whether transparency is called for, we have proposed a set of decision criteria
— availability of expertise, application range of a component, triviality, explana-
tion, and availability of third-party expertise. These decision criteria are paired
to means of adding transparency to an application. We have elaborated sev-
eral examples from the horticultural case study to show which transparency
decisions are made for which reasons.

Using the framework for designing knowledge-intensive computer vision
applications, we have implemented a prototype system to automatically as-
sess the quality of tomato seedlings. We have shown that the proposed design
method indeed results in a white-box system that has adaptability, corrigibil-
ity, reliability and robustness as properties. We provide guidelines on how to
implement tool support for the adaptability and corrigibility properties of the
system, to better assist the end users of the application. Moreover, we show
how organisational learning and building trust in the application are supported
by the white-box setup of the computer vision application.
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Samenvatting voor iedereen

De visuele inspectie van producten is een belangrijk onderdeel van veel indus-
triéle processen. Denk bijvoorbeeld aan de kwaliteitscontrole van grondstoffen
en halffabricaten, of aan het classificeren en sorteren van producten op uiterlijke
kenmerken. Soms vindt er een eenvoudige controle plaats op de aanwezigheid
of afwezigheid van een onderdeel, maar in andere gevallen is er sprake van een
complexere beoordeling. Een voorbeeld van een complexere taak is het beoorde-
len van natuurlijke producten op hun kwaliteit, zoals kiemplanten, snijbloemen,
fruit, champignons, et cetera.

Natuurlijke objecten ontstaan vanuit een groeiproces en komen daardoor in
allerlei soorten en maten voor. Twee bloemen van dezelfde soort die allebei als
eerste klas bloemen zijn beoordeeld hoeven helemaal niet op elkaar te lijken. Dit
is een duidelijk verschil met industriéle producten, zoals schroeven en bouten.
Alle schroeven van dezelfde soort zien er exact hetzelfde uit. Het is voor in-
dustriéle producten dan ook gemakkelijker om afwijkende producten te vinden
dan voor natuurlijke producten.

De beoordeling van natuurlijke producten wordt veelal gedaan op basis van
onderliggende kwaliteitskenmerken. De inspectietaak wordt uitgevoerd door
goed getrainde experts, die door hun ervaring precies weten welke producten
eerste keus of tweede keus producten zijn en welke producten moeten worden
afgekeurd. In dit proefschrift beargumenteren we dat het voor het automatis-
eren van dergelijke kennisintensieve inspectietaken noodzakelijk is dat de kennis
en ervaring van de experts wordt gebruikt als basis van het beeldverwerkingsal-
goritme.

Het gebruiken van de expertkennis op zo'n manier dat de kennis terug te
vinden is in het systeem — dit noemen we een white-box systeem — resulteert niet
alleen in een correcte beoordeling van de natuurlijke objecten, maar het heeft
nog een aantal andere voordelen. Deze voordelen hebben te maken met de
transparantie van de applicatie. Hierbij denken we aan

o Uitlegbaarheid: door de expertkennis expliciet te maken, wordt het mogelijk
om de kennis ook te gebruiken om communicatie tussen verschillende
experts te ondersteunen en om nieuwe mensen op te leiden tot expert.

o Vertrouwen in de applicatie: doordat het beeldverwerkingssysteem geba-
seerd is op expliciete kennis, kunnen de beslissingen van het systeem wor-
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den verklaard in termen die voor experts te begrijpen zijn. Dit bevordert
het vertrouwen van de experts in het systeem.

o Correcties en aanpassingen: door het gebruik van expliciete expertkennis,
kunnen fouten worden opgespoord en opgelost. Het systeem kan ook
worden aangepast om andere maar vergelijkbare producten te beoorde-
len, door precies dat stuk van de software te vervangen dat anders is ten
opzichte van de oorspronkelijke taak.

o Robuustheid en betrouwbaarheid: doordat het systeem gebaseerd is op de
volledige beschrijving van de taak en de mogelijke verschijningsvormen
van de producten, zal het goed functioneren voor alle producten die bin-
nen het taakdomein vallen.

In de rest van deze samenvatting bespreken we onze voorbeeldapplicatie en
de drie belangrijkste onderwerpen uit dit proefschrift. Eerst richten we ons op
het modelleren van expertkennis. Daarna beschrijven we hoe het opdelen van
een taak in deeltaken bijdraagt aan de transparantie van de applicatie. Tot slot
kijken we in meer detail naar transparantie en beschrijven we wanneer meer
transparantie wel of niet gewenst is.

De voorbeeldapplicatie: tomatenkiemplanten

In het proefschrift gebruiken we een case study om de ontwikkelde kennisin-
tensieve beeldverwerkingsmethode te illustreren: het classificeren van tomaten-
kiemplanten. In de Nederlandse tuinbouw is kiemplantinspectie een belangrijk
proces. Voor zaadveredelaars en voor plantenkwekers is het belangrijk dat in
een vroeg stadium kan worden voorspeld hoeveel groente of fruit een volwassen
plant zal opleveren. Het doel van het inspectieproces is om de kans op een hoge
opbrengst van het volwassen gewas te maximaliseren.

Kwaliteitscontrole van kiemplanten is een complexe taak, aangezien ze veel
verschillende verschijningsvormen hebben (zie figuur 1.4). Om het rendement
van een volwassen plant te voorspellen wordt door experts een set van proef-
ondervindelijk gevalideerde kwaliteitscriteria gebruikt. Enkele eenvoudige cri-
teria zijn bijvoorbeeld bladoppervlak, steellengte, en bladkromming. Voorbeel-
den van complexere criteria zijn de kans dat een plant een kroeskop is, of de
onregelmatigheid van de bladvorm. Op dit moment wordt de kwaliteitsbepal-
ing uitgevoerd door goed getrainde experts. Hoewel elke deskundige intensief
wordt getraind door het bedrijf waar hij werkzaam is, verschilt de beoordeling
van de experts in hetzelfde bedrijf doorgaans tot wel tien procent. De variatie
tussen experts van verschillende bedrijven is nog hoger. De verschillende beo-
ordeling wordt deels veroorzaakt doordat mensen subjectief zijn: als een expert
vermoeid raakt, gaat hij fouten maken. Deels speelt ook mee dat de oplei-
ding van de experts is gebaseerd op acht officieel omschreven classificatieregels
van Naktuinbouw, terwijl uit interviews met experts bleek dat in de praktijk
meer dan 60 verschillende classificatieregels worden gebruikt. Bovendien zit-
ten er verschillen in de kwaliteitsbeoordeling tussen bedrijven, omdat niet alle
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planten voor dezelfde markt bedoeld zijn. De Noord-Europese markt en de
Zuid-Europese markt stellen andere kwaliteitseisen aan kiemplanten.

Om een succesvolle beeldverwerkingsapplicatie te ontwikkelen is het ener-
zijds nodig om driedimensionale opnames van de kiemplanten te maken, zodat
alle vormvariaties kunnen worden opgemerkt. Anderzijds moet er per bedrijf
een bedrijfseigen set van beoordelingsregels worden opgesteld die door de ap-
plicatie wordt gebruikt.

Het modelleren van expertkennis

We hebben al opgemerkt dat experts veel kennis en kunde hebben om een taak
succesvol uit te voeren. Deze kennis is in het algemeen niet of niet volledig
opgeschreven, maar bevindt zich in het hoofd van de experts; de kennis is
impliciet aanwezig. Als we een white-box beeldverwerkingsapplicatie willen
maken, is het echter belangrijk dat deze kennis expliciet wordt gemaakt. Pas als
de kennis zo is opgeschreven dat hij interpreteerbaar is voor een computer, dan
kan hij gebruikt worden voor de applicatie.

In het vakgebied knowledge engineering wordt veel aandacht geschonken
aan het achterhalen en expliciet maken van expertkennis. Een veelgebruikte
methode daarvoor is interviewen en observeren. Voor de kiemplantenapplicatie
hebben we gebruik gemaakt van een interviewgebaseerde aanpak om de kennis
van de experts boven water te krijgen (zie figuur 3.1). Nadat experts geinter-
viewd zijn, is de expertkennis opgeschreven in de vorm van een gespreksver-
slag. Dit gespreksverslag is nog niet leesbaar voor een computer. De knowledge
engineer moet vanuit het gespreksverslag een formeel kennismodel - een zoge-
naamde ontologie — maken.

Ontologieén zijn formele beschrijvingen van een kennisdomein. Ze bestaan
uit concepten, die de belangrijke begrippen in het domein aangeven. Voor het
kiemplantdomein kun je bijvoorbeeld denken aan ‘plant’, ‘steel’, ‘zaadlob’ of
‘echt blad’. De concepten kunnen attributen bevatten, die eigenschappen aan-
duiden, zoals ‘steellengte’ of ‘bladoppervlak’. De concepten kunnen ook met
relaties met elkaar verbonden zijn. In een ontologie wordt gebruik gemaakt van
eenvoudige zinnen, grofweg in de vorm van ‘onderwerp — werkwoord — lijdend
voorwerp’. Voorbeelden zijn zinnen als ‘plant — heeft — steel” of “echt blad — is
onderdeel van - kop’ (zie figuur 5.3). Doordat de zinnen zo eenvoudig zijn en
altijd dezelfde vorm hebben, is het mogelijk dat een computer ze interpreteert.
Op deze manier kan de gemodelleerde expertkennis gebruikt worden door de
beeldverwerkingsapplicatie.

Het interviewen van experts om hun kennis te verkrijgen heeft een aantal
voordelen. De experts zijn betrokken bij de ontwikkeling van het kennismodel,
ze vullen elkaar aan en komen samen tot een model waar alle experts achter
staan. De ontologie die zo ontstaat, is precies afgestemd op de inspectietaak. Er
zijn echter ook wat nadelen. De knowledge engineer moet geschoold worden in
het domein van de experts om een zinvolle ontologie te kunnen maken. Voor
de expert is het formuleren van zijn kennis een nieuw proces, waardoor het
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risico bestaat dat gedeeltes van het domein vergeten worden. Tot slot wordt
met de interviewaanpak van voor af aan begonnen met het bouwen van een
kennismodel. Als er thesauri, ontologieén of andere gestructureerde bronnen
bestaan die deels kunnen worden hergebruikt, wordt daar geen gebruik van
gemaakt.

In dit proefschrift hebben we daarom niet alleen interviewgebaseerde on-
tologieén besproken, we hebben ook een methode geintroduceerd waarmee de
expert zelfstandig alle kennis voor een ontologie kan verzamelen. Dit is de ROC-
methode, waarbij ROC staat voor reuse-based ontology construction. De manier
van ontologieén bouwen die door ROC wordt voorgesteld maakt gebruik van
bestaande bronnen. De expert noemt om te beginnen een aantal belangrijke
begrippen in zijn domein. De ROC-software zoekt vervolgens in bestaande on-
tologieén en thesauri of deze begrippen daarin voorkomen. Als dat zo is, dan
worden alle concepten die met een relatie gekoppeld zijn aan de beginbegrippen
opgehaald en ter beoordeling voorgelegd aan de expert. De expert kan door de
nuttige concepten goed te keuren en de applicatie opnieuw te laten zoeken een
steeds betere verzameling van relevante begrippen verkrijgen. Hiermee wordt
het proces om ontologieén te bouwen versneld.

In hoofdstuk 3 hebben we laten zien hoe interviewgebaseerde en ROC-ge-
baseerde kennismodellering werkt. We hebben ook laten zien dat de methodes
met elkaar gecombineerd kunnen worden om op efficiénte wijze een ontologie
te ontwikkelen.

Het opdelen van een taak in deeltaken

Nu we een methode hebben om expertkennis te formaliseren, kunnen we ons
richten op het maken van een transparante beeldverwerkingsapplicatie. Dit
gedeelte staat beschreven in hoofdstuk 2 van het proefschrift.

Elke beeldverwerkingsapplicatie bestaat uit drie achtereenvolgende proces-
sen: kijk — interpreteer — beslis, of meer formeel beeldacquisitie — segmentatie en
analyse — classificatie. Het doel van de beeldacquisitie is om een opname van
het te beoordelen object te maken, waardoor er een interne representatie van
het object bestaat. Zo'n interne representatie bestaat uit een stel punten die
wat de computer betreft een willekeurig object zouden kunnen beschrijven. De
interpretatiestap is bedoeld om het opgenomen object te verdelen in samen-
hangende gebieden, die gekoppeld worden aan objectonderdelen. Voor het
kiemplantvoordeel houdt dit in dat in de opgenomen puntenwolk lijnachtige en
vlakachtige gebieden worden gezocht. Voor deze gebieden worden geometrische
vormen gezocht, zoals cilinders met een grote of kleine straal, en gekromde
vlakken. Later zal dan blijken dat de punten die horen bij de cilinder met een
grote straal precies die punten zijn die bij de plug van het kiemplantje horen. De
punten in de dunne cilinder vormen de steel, en elk van de gekromde vlakken
komt overeen met een blad. In de classificatiefase worden tot slot de attribuut-
waarden van de plantonderdelen berekend, zodat bladoppervlak, steellengte et
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cetera bekend zijn. Deze waarden kunnen gebruikt worden om de kwaliteits-
regels van de experts aan te roepen en het plantje te classificeren.

De opdeling van de beeldverwerkingstaak in deze stappen kan gecombi-
neerd worden met verschillende ontologieén met domeinkennis. Uit boven-
staande beschrijving blijkt dat we een puntenontologie, een geometrische on-
tologie, en een plantontologie nodig hebben (zie figuur 2.6). De plantontologie
hebben we met de experts opgesteld. Hierdoor weten we welke plantonderde-
len voorkomen bij kiemplantjes. Dit stelt ons in staat om de bijbehorende ge-
ometrische vormen op te stellen. Kubussen en piramides zijn niet nodig in het
plantdomein, maar dikke en dunne cilinders en gekromde vlakken juist wel.
Vanuit de geometrische vormen kunnen we ook beslissen wat we voor gegevens
nodig hebben in de puntontologie. Door te bepalen welke punten in een lijn-
achtige omgeving liggen en welke in een vlakachtige, kunnen we een vroege
groepering maken van de punten. Deze groepering helpt om de geometrische
vormen te vinden.

De opdeling van de inspectietaak volgens het ‘kijk — interpreteer — beslis’-
principe leidt tot een generiek toepasbare ontwerpstructuur. De lijst van opeen-
volgende deeltaken van (i) opnemen, (ii) structuren vinden, (iii) deelobjecten
vinden, (iv) parameters bepalen en (v) kwaliteit bepalen kan worden gebruikt
voor elke visuele inspectietaak. Door de tussenliggende ontologieén te specifi-
ceren worden opeenvolgende modellen van het object getoond, en wordt met
name bijgedragen aan de transparantie-eigenschappen ‘correcties” en — indirect
aan — ‘vertrouwen’. Als, immers, een plant verkeerd beoordeeld wordt, dan
kan model voor model worden teruggekeken tot een correct tussenmodel wordt
gevonden (zie figuur 6.1). We weten dan dat de beoordelingsfout te vinden is
in de deeltaak die dit correcte model als input en een foutief model als output
heeft. Als een beoordeling betwijfeld wordt door een expert, kan het systeem
laten zien welke opeenvolgende modellen zijn gebruikt. Dit biedt de expert
inzicht in de werking van de applicatie.

Transparantie

Zoals eerder gemeld, zijn correcties en vertrouwen niet de enige gewenste eigen-
schappen van de beeldverwerkingsapplicatie. In hoofdstuk 4 van dit proefschrift
laten we zien dat een applicatie op drie manieren transparanter kan worden
gemaakt (zie figuur 4.1). Ten eerste kunnen we de methode uit de vorige sec-
tie gebruiken: het opdelen van taak en domein in deeltaken en bijbehorende
tussenmodellen. Ten tweede is het mogelijk om inputfeiten van een taak te ver-
fijnen. Ten derde kunnen we de gebruikte procedurele kennis — de kennis die
beschrijft hoe een taak wordt uitgevoerd — in de vorm van expliciete kennisregels
geven.

Deze laatste manier van kennis specificeren hadden we nog niet bespro-
ken. Tot nu toe zijn we uitgegaan van expertkennis die in de vorm van ontolo-
gieén wordt vastgelegd. Dat soort kennis is geschikt om ‘statische” kennis te
beschrijven. Expertregels zijn een andere vorm van expertkennis. Deze regels
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hebben de vorm van een ‘als ... dan’-uitspraak en beschrijven hoe een expert
een bepaalde beslissing maakt. Voorbeelden in het kiemplantdomein zijn: ‘als
een plant een steel heeft die korter is dan 80% van de gemiddelde steellengte
van de planten in de tray, dan is de plant tweede keus of afkeur’. Dit soort ‘dy-
namische” kennis kan worden vastgelegd in de vorm van formele kennisregels.
Ze kunnen door een applicatie worden geinterpreteerd.

We hebben drie manieren gedefinieerd om transparantie toe te voegen aan
een applicatie, maar hiermee zijn we er nog niet. De gewenste mate van
transparantie is namelijk lastig te bepalen. Alles volledig transparant maken is
overbodig en kan verwarrend werken. Stel bijvoorbeeld dat je een programma
gebruikt om een ingewikkelde analyse uit te voeren. Het is dan nuttig om te
weten dat er eerst een gemiddelde wordt genomen, waarna een andere bereken-
ing wordt toegepast. Het is niet zo nuttig om precies uitgespeld te zien hoe het
nemen van een gemiddelde werkt, omdat het een alom bekende berekening be-
treft. Details over het gemiddelde berekenen voegen niet meer begrip toe over
de ingewikkelde analyse. De aanwezigheid van triviale kennis kan een reden
zijn om een niet-transparante component — een black-box component — toe te laten
in een white-box applicatie.

In hoofdstuk 4 geven we naast het trivialiteitcriterium nog een aantal andere
criteria die de softwareontwikkelaar moeten helpen bij het beslisproces op welke
punten transparantie gewenst is. Deze criteria zijn: (i) beschikbaarheid van ex-
pertkennis, (ii) applicatiedomein, (iii) uitlegbaarheid en (iv) vertrouwde software
van anderen. Als er geen expertkennis beschikbaar is, dan is er geen keus; een
black-box component is dan de enige oplossing. Als het applicatiedomein van
een deeltaak alleen van toepassing is op bijvoorbeeld tomatenkiemplanten, maar
niet op paprikakiemplanten, dan is het nodig om bij de inputfeiten van de taak
aan te geven voor welk type kiemplanten de taak geschikt is. Als de kennis die
gebruikt wordt in de applicatie ook gebruikt wordt voor opleidingsdoeleinden,
dan speelt uitlegbaarheid van deeltaken een belangrijke rol. Er kan dan gekozen
worden om expliciet extra kennis in het systeem te specificeren, die misschien
ook als black-box component beschikbaar was geweest, maar die nuttige achter-
grondinformatie geeft over het proces. Tot slot kan de applicatieontwikkelaar
kiezen voor het gebruik van software van anderen, als deze software volledig
vertrouwd wordkt.

Door de transparantiecriteria op elk niveau van de applicatie toe te passen
(zie figuur 4.2), kan een uitgebalanceerde, transparante beeldverwerkingsappli-
catie verkregen worden, waarmee alle genoemde voordelen — correctheid, cor-
rigeerbaarheid en aanpasbaarheid, robuustheid en betrouwbaarheid, vertrouwen
in de applicatie, en uitlegbaarheid — kunnen worden ondersteund.

In hoofdstuk 5 van dit proefschrift laten we de ontologieén en de software
voor de voorbeeldapplicatie zien, die ontwikkeld zijn volgens de hierboven
beschreven methoden. We laten zien dat de voorgestelde methode inderdaad
succesvol is in het implementeren van een kwaliteitsinspectiesysteem voor to-
matenkiemplanten. Hoofdstuk 6 evalueert de beschreven theorie met betrekking
tot de eigenschappen corrigeerbaarheid, aanpasbaarheid, robuustheid en be-
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trouwbaarheid. We laten niet alleen zien dat de voorbeeldapplicatie aan deze
eigenschappen voldoet, maar we geven ook aanwijzingen over hoe je tools zou
kunnen ontwikkelen om daadwerkelijk te profiteren van deze eigenschappen.
Hoofdstuk 7, tot slot, bevat de discussie, waarin de belangrijkste paradigma’s —
het ontwikkelen van een white-box applicatie, het beschouwen van de expert als
hoofdrolspeler en het combineren van technieken uit de software engineering
en knowledge engineering vakgebieden — besproken worden.
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Dankwoord

Vrij naar het gezegde “It takes a village to raise a child”, zou ik willen zeggen “It
takes a village to complete a thesis”. In mijn eentje had ik dit proefschrift nooit
kunnen schrijven en ik ben dan ook veel mensen dankbaar voor hun bijdrage
aan mijn promotietraject.

Jan Top en Lucas van Vliet, mijn beide promotoren, hebben me steeds
begeleid op mijn promotiezoektocht. Met Jan heb ik vele uurtjes, vaak aan het
eind van de middag of vroeg op de avond, gediscussieerd over modelleerkeuzes
en mogelijke oplossingsrichtingen voor problemen waar ik tegenaan liep. Zowel
als promotor als als themaleider Informatie Management binnen A&F ben je wat
mij betreft ‘top”: doordat je goed luistert en altijd de juiste vragen weet te stellen,
hielp je me steeds weer een stap vooruit. Ik heb de discussiesessies altijd als
zeer inspirerend ervaren en zie ernaar uit om ze in de toekomst voort te blijven
zetten. Lucas was altijd bereid om mee te denken over de beeldverwerkingskant
van mijn werk. Ik ben erg blij dat je me vol enthousiasme hebt gesteund om
informatiemanagement en beeldverwerking met elkaar te combineren. Bedankt
dat ik zoveel ik wilde in je groep kon werken. Hierdoor kon ik mijn aandacht
op een Delftse dag volledig richten op mijn promotiewerk, zonder afgeleid te
worden door Wageningse projecten.

Zonder Toine Timmermans zou ik nooit aan dit boekje zijn begonnen: hij
vroeg me op een dag of ik niet een voorstel wilde schrijven om op basis daarvan
te promoveren. Toine, bedankt voor het vertrouwen. Dankzij hem en Hans Maas
kon ik zelfs een jaar full-time aan mijn promotieonderzoek besteden in Ziirich,
terwijl ik gewoon bij A&F in dienst bleef. Die tijd in Ziirich was erg nuttig
en is me nog steeds dierbaar. In the group of Luc van Gool at ETH, I could
work alongside other computer vision experts. Luc, thank you for having me in
your group! And even though the BIWI-group was more involved in tracking,
gesture recognition and medical imaging, I could always talk with interested
colleagues. Andreas Griesser, Matthieu Bray, were my roommates. I remember
their surprise when I was enthusiastic about the first snow! Little did I know
that the snow flakes would continue to fall throughout the season .... Bryn
Lloyd, you were a student in my project and have helped to create the basis for
the implementation of the case study. Peter Czech (Monthy Python) and Herbert
Bay (gestampte muisjes) were always ready for some small talk. In Ziirich, we
were part of a group of international friends: Rob, Heather, Ulf, Robert und
Sabine, Mario and Martha, Michelle and Ben. I enjoyed your company and
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friendship, and will always remember the Sinterklaas-evening, the ExpoVina-
visits, the sightseeing, the hikes in the Swiss mountains, the cheese fondues. I
am glad that we are still in touch, even though most of us are living elsewhere
nowadays.

Wageningen is gedurende mijn promotietijd de belangrijkste uitvalsbasis ge-
weest. Toen ik begon met promoveren, was Anneke mijn kamergenote: gezel-
ligheid en nu en dan tropisch fruit. Nadat Anneke A&F verliet, werden Mar-
tijntje en ik kamergenoten. Martijntje, we hadden al ervaring met kamerdelen
in Eindhoven en Kopenhagen, en ik vond het erg prettig om die traditie een
vervolg te geven in Wageningen. De discussies op het white-board, de verschil-
lende smaken sinaasappelthee en het delen van wel en wee karakteriseren voor
mij deze tijd. 1k hoop dat je in je eigen promotietraject net zo veel hebt aan je
kamergenoot als ik. In de eindfase van mijn promotiewerk deelde ik de kamer
met Mariélle. Mari€lle, onze gesprekken bij de ochtendthee geven altijd een
goed begin aan een nieuwe dag. Dank voor het meeleven met de afrondende
promotiestappen. Jacco en Rick zijn achtereenvolgens als themaleider Vision
betrokken geweest bij mijn promotie en hebben het werk steeds met grote be-
langstelling gevolgd. Met Franck heb ik vergadering na vergadering van de
IOP-projecten bijgewoond. Gerwoud en André hebben me meerdere keren uit
de brand geholpen bij het programmeren in Labview en C en het bedenken van
slimme algoritmes. Later, toen het MARVIN-project gestart was, zijn behalve
Gerwoud ook Rick, Remco, Franck en Mari inhoudelijk betrokken geraakt bij het
project. Binnen Food Informatics is een gedeelte van het ROC-werk onderge-
bracht, waaraan ik met Lars, Hajo, Jeen, Remko en Jan heb gewerkt. Ook de
andere collega’s (en oud-collega’s) bij LIVE hebben ervoor gezorgd dat ik de
afgelopen jaren plezier in mijn werk heb gehad en gehouden. Behalve inhoude-
lijke contacten gingen we samen lunchen, in de kantine of in de stad, en werden
er regelmatig film- en spelletjesavonden georganiseerd. Ik kan me geen betere
collega’s wensen! Qing Gu en Elwin Staal, jullie hebben als afstudeerder bijge-
dragen aan de uitwerking van de theorie respectievelijk de case study. Bedankt
voor jullie inzet. Steven Groot heeft vanuit biologische hoek steeds meegekeken
naar de bepaling van zaailingkwaliteit en heeft me met zeer waardevolle achter-
grondinformatie en een altijd open blik geholpen om snel in de plantenwereld
thuis te geraken. Van Pieter de Visser mocht ik de Scanstation lenen om mijn
eerste (en ook vele latere) testopnames te maken. Robert, bedankt voor de hulp
bij het meten en opknippen van testplantjes om een representatieve dataset te
krijgen. Mari, bedankt voor de Engelse vertaling van de stellingen. Tot slot wil
ik graag Rinus Seijnaeve bedanken voor de ondersteuning bij het printen van
de verschillende versies van mijn proefschrift, Corry Snijder voor de talloze li-
teratuurspeurtochten, en Mirjam van den Berg voor het uittypen van ellenlange
gespreksverslagen.

Vanaf de start van het project heb ik veel te danken aan de bedrijven die
me in staat hebben gesteld om de kennis-intensieve beeldverwerkingsmethode
toe te passen op het kiemplant-inspectie probleem. Specifiek wil ik Kees van
den Berg, Wim Hazeu, John Ammerlaan (Leo Ammerlaan); Marc Balemans, Jos
Dukker (Beekenkamp); Corine de Groot, Arnaud Hulskes, Marion Bruin, Johan
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de Grauw (Bejo); Edith van Dijk-Nas, Frank de Rooij, Shankara Naika (De Ruiter
Seeds); Meindert Klooster, Merel Langens (Enza); Bram Voogd (Grow Group);
Miriam Zandstra, Jan Hauwert, Henry Bruggink, Gerrit Lakeman (Incotec); Jan
Innemee, Maaike van Kilsdonk, Gerard van Bentum (Nickerson-Zwaan); Marjo
Smeets, Jan Bergs, Ruud Nabben (Nunhems); Marc Rijneveen, René Janssen
(RijkZwaan); Emile Clerkx (Seminis); Edward Blank, Tonko Bruggink, Agnes
Chardonnens, Barbara Westland, Maarten Homan, Paul van den Wijngaard
(Syngenta); Arko van der Lugt, Jilles Koornneef, Ron van Etten (van der Lugt);
Jan Tamerus (Vreugdenhil); en Alie Sahin, Erik van den Arend (WPK) noemen.
Zonder de interviews met jullie, jullie feedback, en het blijvende enthousiasme
zou hoofdstuk 5 er niet zijn. Clemens Stolk heeft vanuit Plantum het grootste
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zorg zou ik hier niet hebben gestaan. Tot slot wil ik Femius bedanken. In
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