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Abstract
The Rey Osterrieth Complex Figure (ROCF) is a widely
used neuropsychological test for visual perception and long
term visual memory. Many scoring systems are used to
quantify the accuracy of the drawings; these are currently
implemented by hand in a subjective manner. This paper
gives details of the current progress of a novel technique
to locate the scoring sections of the most common of these
system (the Osterrieth Scoring System), with the ultimate
goal to automating the scoring system. High levels of distortion are possible making this an extremely difficult task;
however, location and perceptual grading of the basic geometric features (triangles, rectangles and diamonds) have
been most successful. All but one section in the test data was
located (99.3% success) and 78% of the perceptual grades
calculated were within 5% of grades generated by independent raters. Unary spatial metrics have been implemented
to reduce the possible section candidates by an average of
75% without the loss of a single section.

ity and its translation into behaviour, brain disorders and
behavioural disabilities. One such test is the Rey Osterrieth Figure (ROCF), which was devised by Rey [24] and
standardised by Osterrieth [24] to test visual perception and
long term visual memory function. It is used as a neurological evaluation tool for both children and adults for a diverse
number of conditions from child developmental problems
to dementia, trauma and infectious processes. The test requires the subject to copy, and later reproduce from memory
the diagram shown in figure 1.

1. Introduction
Neuropsychologists (concerned with the behavioural expression of brain dysfunction [19]) make use of many tests
when assessing neurological dysfunction in a subject. Much
information can be obtained by the use of advanced scanning techniques (such as CAT and MRI scans); however,
there are still cases where a simple paper and pencil test can
give additional, valuable information. In many situations
the size of a lesion (a localised abnormal tissue change)
does not accurately reflect the degree of dysfunction. Neuropsychological tests can provide valuable data concerning
the progress of patients through treatment and provide a
key tool for research into the organisation of brain activ
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Figure 1. The Rey-Osterrieth Complex Figure.
Typically 20cm in length.

The ROCF is widely used, both in a clinical and research
environment and numerous studies have been performed
upon it (see [19, 29] for extensive lists). The order and accuracy in which the figure is copied and drawn from recall
provides useful information concerning the location and extent of any damage. To derive a more quantitative value for
the accuracy of a subject’s drawing various scoring systems
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Figure 2. The Osterrieth Scoring System
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Table 1. Osterrieth marking allocation
have been employed. The most widely used is the Osterrieth
system [19, 24]; the figure is split in to eighteen identifiable
areas (see figure 2), each of which is considered separately
and marked on the accuracy of its position and the distortion
exhibited, using the scale shown in table 1.
Limitations of this scoring system include the lack of organisational information (such as whether the drawing was
produced in a piecemeal or a logical fashion) and failure
to differentiate the diagnostic importance of different sections. Consequently a number of scoring systems have
been developed, including those by Waber and Holmes
[31, 32], Bennett-Levy [2], Hamby [14], Fastenau [10] and
The Boston Qualitative Scoring System by Stern et al [28].
These scoring systems are currently performed by hand
in what tends to be a subjective manner, which is open to
interpretation. The Osterrieth system was accurately defined by Taylor (reproduced in [27]); however this is not
universally adhered to. The individual scoring sections tend
to have very poor inter-rater reliability [29] and the system
has been criticised for its lack of thorough testing [10]. It
has also been noted that to aid marking, the criteria have

been set artificially strict or lenient [2]. Various aspects
of the Waber and Holmes’ system have also produced low
inter-rater reliability. The Boston Qualitative Scoring System makes use of guides and templates to produce a very
comprehensive score; however, one drawing takes between
five and 15 minutes to mark.
It is proposed to produce an automated implementation of the Osterrieth scoring system. Such an automation
would not only provide an objective and consistent result
but would also alleviate a highly skilled clinician from a tedious and time consuming task.
Recording a subjects’ drawing using a digitising tablet
would provide an unobtrusive method of recording the constructional sequence that is required in some scoring systems (no satisfactory process is currently available). However, the tablet also records dynamic data which has been
shown to contain valuable information on simpler neuropsychological copying test [9], opening up an interesting
avenue of research.
The first step in this automation is the location of the
relevant scoring sections within an off-line, scanned image.

This paper gives an overview of the current progress of this
work with a detailed description of the ROCF to place the
work in context. Full technical details can be found in [6, 5]
by the authors.
Section 2 of the paper gives a review of previous work
and provides an overview of the difficulties of the problem.
The proposed technique is given in section 3 and the results
are shown in section 4. Finally the paper’s conclusions are
given in section 5.

2. Overview of Problems and Previous Work
Automating the location of the ROCF scoring sections is
a very difficult problem. The ROCF is, by definition, a complex figure and the reproductions by patients typically have
very high levels of distortion, many of which have clinical
implications. The figure can be drawn in a piecemeal fashion, with sections misplaced, repeated or missing altogether.
Sections can have large gaps in the sides or corners, be constructed using multiple strokes, be squashed or twisted with
curved or stepped sides.
Hand drawn line figures and sketches are generated in a
number of applications and a great deal of work has been
performed to provide robust techniques to interpret them.
Both on and off-line applications have been considered, including computer graphical user interfaces [7, 26] and conversions for CAD input or for tidying plans or schematics
[3, 22, 4, 23, 13, 1]. These images contain an inherent degree of distortion and inaccuracy that the techniques must
be able to accommodate, however, the distortion produced
by the ROCF is beyond the capabilities of these systems.
Neural networks [20, 30] and other adaptive/learning techniques [16, 11, 12, 17] have been applied to hand drawn
figures and similar applications but with much simpler data
sets with, by comparison to the ROCF, minimal distortion.
With such a vast degree of variation possible in the ROCF it
would be difficult to produce the large training set required
for such systems and no suitable technique has been identified.
Although much recent effort in computer vision techniques has, understandably, been aimed at adaptive and automated systems, there is a large body of work that reduces
an image into a complex line image before applying a suitable knowledge based system (see [8] for a comprehensive
survey). Many make use of Gestalt psychology to identify features; a system that identifies perceptually significant grouping properties in human vision based upon features such as co-termination, continuation along a straight
or smoothly changing path, symmetry and closure [15]. A
survey of perceptual organisation in computer vision can
be found in [25]. There is a significant difference between
these computer vision systems and the application detailed
here; the computer vision system is inherently probabilistic

in nature, where a fundamentally correct image is distorted
by noise, optical imperfections or problems associated with
the feature extraction, while the ROCF data is inherently
fuzzy in nature.

3. Approach Adopted and Implementation to
Date
The approach taken to locate the scoring sections is to
first identify all the suitable basic geometric shapes within
the figure. In order to facilitate development, only scoring
sections based on triangles, rectangles, diamonds and simple lines are to be considered at this time. However, this will
still demonstrate the suitability of the techniques employed.
With such large levels of distortion it is difficult to crisply
categorise a shape as being present or not and so a grade of
perceptual distortion is calculated which not only provides
a scale to which a cut off point can be assigned but can also
be used as a metric in further processing.

3.1. Basic Geometric Feature Location and Rating
The geometric features are located by the search of an
Attributed Relational Graph (ARG) that is generated to represent the vectorised binary scanned image. ARGs have
been used in similar applications such as [22, 21]. The vectorisation is a simple process of thinning the image and then
applying a line following algorithm. Line segments that
are collinear are then joined using a novel collinear metric
based upon fuzzy metrics of the lines closeness and difference in angle [6].
The ARG is constructed to represent the connectivity
of the collinear lines; each node of the ARG represent a
collinear line and the joining arcs represent a connected
line. However, due to the distortion the connectivity is often broken and so a ‘closeness’ metric is used. The ARG is
searched independently for each shape. Each node is used
as a starting point and all the connected nodes are tested. If
the test succeeds that line becomes the current line and the
process is repeated, while failure results in chronological
backtracking to perform an exhaustive depth first search.
The test is in the form of a set of production rules that
describes a corner, a line continuation and a corner truncation. The distortion can be so high that the lines constructing a straight side can have such a large deviation that under other circumstances it could be considered a corner and
so the joining of line segments to form collinear lines can
only be practised on strongly collinear lines. To accommodate continuous sides with greater distortions it is necessary
to include a definition of a straight line continuation in the
ARG search.
A common problem with the large rectangular scoring
section (section number 2) is the truncation of a corner as

shown in figure 3. Another rule set has been created to account for a truncated corner.

problem, since the variation of the figure is extreme. There
is no guaranteed datum within the figure and most metrics
must be relative to an uncertain base. The computational
expense of calculating these relative metrics is great and so
a first pass is performed to remove the most unsuitable features using unary metrics where only absolute features are
considered. The goal of this process is to remove as many
unsuitable features as possible without the loss of any scoring sections.
To locate the sections a number of basic spatial relations
are considered, grouped in to the approximate categories of
position, orientation, size and basic features. Once again
fuzzy logic is employed to accommodate the distortion and
variations possible in a natural and intuitive manner.

Figure 3. Example of a truncated rectangle
If the original node is encountered and the correct number of corners have been found then the shape data is stored.
Each candidate shape found is then ‘rated’ to describe
its level of perceptual distortion. This is naturally described
by fuzzy sets and linguistic variables [33] that allow an intuitive description of a shape to be produced based upon
Gestalt principles of perceptually significant features. This
calculates a membership to rate how “good” the shape is.
The metric used is the collinearity of each side, based
upon the difference of angle and closeness of line termination. However, this gives a ‘local’ collinearity metric and
so a global metric of the maximum perpendicular deviation
from the straight path is also included. Corner properties
(for rectangles) and closeness of
of the deviation from
line termination are used together with a symmetry metric
for diamonds. Each metric is combined using an appropriately weighted Yager intersection function [18]. Many of
the metrics make use of relative sizes and distances (hence
the rating process could not be integrated in to the location
process since the size of the feature is required). However,
it was found that relative measure had a tendency to score
very large or very small structures either too leniently or
harshly; there is a more complex relationship due to the
figure’s overall size, and so an absolute element was also
included. The parameters used to control the fuzzy metrics
are currently set by hand; however, they are in a format that
can be automated using a suitable genetic algorithm.
Due to the multi-stroke nature of the drawn figures it is
possible for a number of very similar features to be found
and categorised as seperate shapes. A fuzzy closeness metric is used to group similar features into a single element.
For full technical details see [6].






3.2. Identification of Scoring Sections
The collection of geometric shapes must now be examined to identify the correct features. This is a considerable

Basic Shape Features. The most fundamental basic
shape feature is the shape type itself, whether it is a triangle,
rectangle or diamond. Rectangles have an aspect ratio while
triangles can be a right angled triangle and have symmetry
in a given plane.
Size. The size of the feature is taken as the ratio of the
feature’s area and the total figure area to give an indication
of the size in both planes. However, the square root is taken
to give a more linear attribute.
Position. The position of a feature is considered independently in the x and y plane since it is possible for it to be
correctly positioned in one but not the other plane. All corner points are considered and the worse case used.

Figure 4. Example of an incorrectly placed triangle with symmetry

Orientation. The basic orientation of a feature is a function of its side angles compared to the orientation angle being considered. Diamond features used the angle of the
axes. Triangles also have directional orientations. A triangle with a vertical side can be facing to the left or right.
Using triangular section 13 in figure 2 as an example, it is
clear to see that it should have a right facing orientation.
Triangles with a horizontal side can also have an up and
down facing orientation and a suitable right angle triangle

a.

b.

c.

d.

Figure 5. Example of pre-processing steps. a. original b. thinned image c. vector representation
(consists of 241 lines) d. collinear lines (consist of 119 lines)

can have both a left/right and up/down orientation (see section 9 in figure 2).
The location of the features can be missed-placed but
must still be identified. Symmetry is identified by Gestalt
psychology [15] as an important factor. Hence a missplaced feature with symmetrical properties to its correct location must be considered as more significant that one without. Thus when considering the direction of a triangle, the
direction from the centre line is also include, again in the
appropriate plane. If the triangular section 13 is used as an
example and placed in a symmetrical position as shown in
figure 4 then it will face away from the centre line.
The metrics calculated for each section are aggregated to
form a single measure using a generalised mean [18]. See
[5] for further technical details.

4. Results
The techniques were tested using a random sample of
31 drawings of the ROCF produced by children attending
the Institute of Child Health, London, who displayed a typical spread of illnesses seen by the neuropsychological unit.
Of these, 16 drawings were produced by copying the figure
and 15 from recall. Only the rectangular, triangular and diamond scoring sections were considered, which constitute
scoring sections 2, 6, 9, 13, 14 and 18 (see figure 2).
Of the 31 drawings many had sections missing or so
highly distorted that it is not possible to locate them at this
stage in the processing and are only identifiable by a human
observer with use of contextual information. Hence a total

of 140 scoring sections were considered; their composition
is shown in table 2.
Section number
under consideration
Number of
sections present

2

6

9

13

14

18

28

20

23

26

22

21

Table 2. Composition of scoring sections
present

The pre-processing stages of thinning, vectorisation and
grouping of collinear line segments performed well, reducing the mean number of collinear lines to 126 from 286 original lines. Some examples are given in figure 5.
The location process also performed very well, locating
all sections except one (99.3% success). The nature of the
distortion of the missed feature is such that it is very difficult
to locate and hence it is best located in a later processing
stage with the aid of contextual information. A selection of
example scoring sections found are given in figure 6.
The perceptual grades calculated by the process were
compared to scores generated by six independent raters. To
simplify this grading process the raters where asked to grade
each shape into a class that mapped onto a band of values
within the automated scale. If the calculated grade fell outside the band then the distance to the edge of the band was
expressed as a percentage error. The subjective results were
quite diverse and so the modal average was taken to remove
the extreme scores.

a.

b.

c.

d.

e.

f.

Figure 6. Example of scoring sections located. Rectangle 2 and diamond 14 are highlighted in (a),
(c) and (e). Rectangle 6, triangle 9, triangle 13 and square 18 are highlighted (if present) in (b), (d)
and (f).

The rating process did prove to generate very good approximations for the degree of distortion. When compared
to the grades generated by the independent raters, some
78% of the calculated results had an error of 5% or less and
all but 2 features (98.6% of the data) had an error of 10% or
less. Table 3 shows the percentage of shapes with an error
of 5% and 10%, or less, broken down into the individual
scoring sections.
The average number of shapes found with a perceptual
grade higher than the working threshold was 53.5 rectangles, 103.2 triangles and 48.8 diamonds per figure. The
unary metrics were used to discard features that were unsuitable for each scoring section and hence discarded an average of 75% of these features without the loss of a single
scoring section. The breakdown for the individual scoring
sections is given in table 4.

It is noticeable that the rectangular scoring section 6 performed less well compared to the other sections. This is
understandable when the data is examined; it is in a area of
high line density with a high degree of variability in size and
position possible for that feature. Hence it is not possible to
discard too many features without danger of discarding a
scoring section.
Section
Error 5%
Error 10%




2
75
100

6
75
95

9
77
100

13
81
100

14
77
95

18
86
100

Table 3. Percentage of features with calculated grades within given errors of independent raters’ grades

Section
number
Percentage
reduction

2

6

9

13

14

18

68.0

50.4

71.6

81.8

89.0

88.9

Table 4. Percentage of features discarded, using unary metrics, for each scoring section

5. Conclusions
The Rey Osterrieth Complex Figure (ROCF) is a “pen
and paper” neuropsychological test used to evaluate neurological dysfunction in visual perception and long term visual memory. A subject is asked to copy the complex figure
and then reproduce it from memory. It is widely used in
research and clinical environments. The Osterrieth scoring
system is the most popular system of many scoring systems
available that produce a quantitative score for the accuracy
of the drawing. Currently the scoring is undertaken manually in a subjective manner and has been criticised for its
unreliability in a number of publications. Automating the
scoring process, as described in the paper, produces an objective result and removes a time consuming and tedious
task from a skilled clinician (some schemes can take up to
15 minutes per figure).
The first stage of this automation is the ability to identify the scoring sections within the possibly highly distorted
figure. A novel process, that employs fuzzy metrics based
upon Gestalt psychology, has been described that locates
and grades the basic geometric shapes on a scale of perceptual distortion. This process functioned extremely well,
locating all but one feature from a random set of test drawings (99.3% success). The grading process also performed
well when compared to subjective grades produced by 6 independent raters; 75% of the features were within 5% of
the subjective grades and 98.6% within 10%. The process
to identify the relevant scoring section from within all the
geometric shapes found requires a computationally expensive process using binary metrics. A set of unary metrics
have been implemented to remove unsuitable features and
hence speed the binary metric calculations. This process removed an average of 75% of the features without removing
a single scoring section.
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