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Abstract—Art historians have long observed the highly
characteristic brushstroke styles of Vincent van Gogh and
have relied on discerning these styles for authenticating and
dating his works. In our work, we compared van Gogh with
his contemporaries by statistically analyzing a massive set of
automatically extracted brushstrokes. A novel extraction method
is developed by exploiting an integration of edge detection and
clustering-based segmentation. Evidence substantiates that van
Gogh’s brushstrokes are strongly rhythmic. That is, regularly
shaped brushstrokes are tightly arranged, creating a repetitive
and patterned impression. We also found that the traits that
distinguish van Gogh’s paintings in different time periods of his
development are all different from those distinguishing van Gogh
from his peers. This study confirms that the combined brushwork
features identified as special to van Gogh are consistently held
throughout his French periods of production (1886-1890).

I. INTRODUCTION

Art historians employ a wide range of methods for authenti-
cating and dating works by artistic masters, for example, micro-
chemical analysis of paint samples, canvas thread counting, docu-
mentary research, and categorizing painting styles and techniques.
For the last of these approaches, art historians have become in-
creasingly interested in computer-based analysis schemes. Some
of them believe that driven by rapid advancements in digitiza-
tion, computers can extract certain patterns from images more
thoroughly than is possible through manual attempts, can process
a much larger number of paintings, and are less subjective [12].
Research efforts based on computational techniques to study art

and cultural heritages have emerged in the recent years [25], [26],
[30], [1], [17], [16], [7], [21], [28], [6], [2], [12], [14]. A recent
comprehensive survey by D. Stork provides more details [29]. A
rich resource on old master attribution using forensic technologies
is also provided at the Web site of Veritus Ltd. [32], a company
that argues forcefully for computational analysis and points out
limitations of expert opinions. Previous computerized studies of
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the paintings by Vincent van Gogh were mostly based on color or
local visual features such as texture or edges [2], [12]. Although
the extraction of brushstrokes or brushstroke related features have
been investigated [5], [13], [27], [19], [3], it is not evident that
these methods can be used readily to find a large number of
brushstrokes for a relatively general collection of van Gogh’s
paintings. For instance, one particular painting of van Gogh is
discussed in [27], and some manual operations are necessary
to complete the process of extracting brushstrokes. In [13], to
find brushstrokes, manual input is required; and the method
is derived for paintings drastically different from van Gogh’s.
In [3], the brushstroke feature is constrained to orientation because
brushstrokes are not found explicitly.
In this paper, we developed a new system to extract

brushstrokes from digitized paintings of van Gogh and his
contemporaries. Then, we analyzed the features of these
brushstrokes to provide scientific evidence of his unique
brushstroke styles. We found that van Gogh’s vigorous and
repetitive brushstrokes constitute an eminent aspect of his
distinctive styles. This analysis also suggests that the traits that
separate van Gogh from his peers are retained within his own
paintings over different stages of his artistic development.
We based our analysis on forty-five digitized oil paintings from

the collections of the Van Gogh Museum and the Kröller-Müller
Museum. Color large-format transparency films of the original
paintings were scanned at high resolution and scaled to a uniform
density of 196.3 dots per painted-inch and digitized to 16 bits per
channel. Fig. 1 shows some example paintings by van Gogh. The
left half of each scan was provided by the museums for research.
The image sizes, proportional to the physical sizes of the canvas,
range from 834 × 319 to 6356 × 2304 pixels.

A. The Problems

Two challenges were designed by art historians in order
to explore the application of computational means to study
brushwork. Both are related to attribution studies. The first
challenge of separating van Gogh from his contemporaries (Fig. 2)
is primarily aimed at coming to a more precise definition and
measurement of the specific characteristics of van Gogh’s style
of brushwork, as distinct from other artists of his day. This is
relevant to attribution studies because there are paintings by other
artists, some in his close circle, that were not made as deliberate
copies or forgeries but have become mistakenly attributed to van
Gogh for one reason or another. Many of the expertise paintings
that come to the Van Gogh Museum fall into this category. Art
historians suggested that we compare two groups of paintings
described below.
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(a) Self-portrait, Paris, Aug/Sep 1887

(c) A Crab on its Back, Arles, Jan/Feb 1889

(b) The Sower, Arles, Nov 1888

(d) View at Auvers-sur-Oise, May/Jun 1890

Fig. 1. Example van Gogh paintings in the Paris, Arles-Saint-Rémy, and Auvers-sur-Oise periods. Courtesy of the Van Gogh Museum Amsterdam (Vincent
van Gogh Foundation).

• Four late paintings by van Gogh: Portrait of a Young Girl
Against a Pink Background (painting ID number F518,
Auvers, late June-early July 1890), Chestnut Tree in Flower:
White Blossoms (F752, Auvers, May 1890), Still Life: Vase
with Rose Mallows (F764a, Auvers, June 1890), View at
Auvers (F799, May-June 1890).

• Four paintings by van Gogh’s contemporaries: Red Cliffs
near Anthéor (S447, by Louis Valtat, c. 1903), Schönbrunn
(S448, by Carl Moll, c. 1910), Garden with Hollyhock (S457,
by Ernest Quost, before 1888), and Mills at Westzijderveld
near Zaandam (S503, by Claude Monet, 1871).

Here, the ID numbers of the van Gogh paintings (F-numbers)
are based on the catalogue numbers in the revised edition of the
oeuvre catalogue by J. -B. de la Faille [9]. The ID numbers of the
paintings by van Gogh’s contemporaries (S-numbers) are based
on the inventory numbers of the Van Gogh Museum collection.

The dating of works in the Kröller-Müller Museum collection
follows that given in [4]. The dating of works by van Gogh and
his contemporaries in the Van Gogh Museum collection follows
that given in [31].
The second art historical challenge was to divide van Gogh’s

paintings by dating into two periods: Paris Period vs. Arles
and Saint-Rémy Period (Fig. 3). This challenge addresses some
real dating questions on van Gogh paintings, with examples of
works that seem to share characteristics from different periods
of his production and have hence been variously dated in the art
historical literature.

• The first group of Paris works includes eight paintings all
dating to 1887, the second year of his stay in the French
capital: A Skull (F297, May-June 1887), Still Life: Romans
Parisiens (F358, October-November 1887), Still Life with
Plaster Satuette, a Rose and Two Novels (F360, late 1887),
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Fig. 3. The dating challenge attempts to separate van Gogh paintings into two periods, Paris Period vs. Arles and Saint-Rémy Period. Three van Gogh
paintings, Still Life: Potatoes in a Yellow Dish (F386), Willows at Sunset (F572), and Crab on its Back (F605), are in question. Painting images courtesy of
the Van Gogh Museum Amsterdam (Vincent van Gogh Foundation) and the Kröller-Müller Museum.

Japonaiserie: The Flowering Plum Tree: after Hiroshige
(F371, October-November 1887), Red Cabbage and Onions
(F374, November 1887-February 1888), Four Cut Sunflowers
(F452, August-October 1887), Self-Portrait with Straw Hat
(F469, August-September 1887), and Self-Portrait with Pipe
and Straw Hat (F524, September-October 1887). The van
Gogh painting F358 has formerly been dated to the Arles
period, but the shift to late Paris, as well as the dating of
the other Paris works in the Van Gogh Museum collection,
is based on [11]. The dating of F360 follows [4].

• The second group contains eight paintings, seven of which
are dated to 1888 in Arles: Blossoming Almond Branch
in a Glass (F392, March 1888), Wheatfield (F411, June
1888), Seascape at Saintes-Maries (F415, June 1888), The
Baby Marcelle Roulin (F441, December 1888), The Sower
(F451, c. 25 November 1888), The Green Vineyard (F475,
c. 3 October 1888), Portrait of Camille Roulin (F538,
December 1888). A last painting in this group - Leather
Clogs (F607) - was formerly dated to late 1888 in Arles, but
is now considered to be painted in late 1889 when the artist
stayed in Saint-Rémy. The dating of F392, F411, and F415
follows [31]. The dating of F475 follows [4]. The dating
of F441, F451 and F538, follows [8]. The revised dating of
F607 is in [33].

The art historians are interested in identifying attributes that
distinguish the two periods and will help to address some
unresolved issues in van Gogh scholarship. In particular, we wish
to examine the brushwork features in three paintings that bridge

different periods in terms of style, so that opinion on dating has
been divided: Still Life: Potatoes in a Yellow Dish (F386), Willows
at Sunset (F572), and Crab on its Back (F605).
F386 was formerly considered to be one of the last works that

van Gogh made in Paris, but has recently been proposed as one of
his earliest works made in Arles [4]. The same catalogue discusses
the problem of dating F572, which is also now considered to be
an early work painted in Arles in March 1888. The question of
whether the current January 1889 dating of F605 Crab on its
Back should be revised, was raised by R. Pickvance’s assertion
that the related picture of Two Crabs F606 should be relocated
from January 1889 to the late Paris period [23].

B. Objective and Contributions of the Work

The objective of the work is to develop a rigorous numerical
approach to validate the existence of distinction between two
groups of paintings in terms of brushstroke characteristics. Art
historians often have anecdotal account on which traits distinguish
one class of paintings from another. For instance, it is believed
that van Gogh’s paintings during the Arles and Saint-Rémy period
have broader brushstrokes than the Paris period, an observation
made subjectively. Our numerical approach, however, extracts
brushstrokes in a consistent manner by a computer program.
Moreover, formal statistical tests are applied to decide whether
significant difference between groups exists in an average sense
and to quantify the significance level by p-values.
How art experts are expected to interact with the statistical

results is a question of time. Art experts, curators and
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Fig. 2. The attribution challenge aims at finding features that clearly
separate van Gogh from his contemporaries. vG: van Gogh. C: van Gogh’s
contemporaries, that is, non-vG. Painting images courtesy of the Van Gogh
Museum Amsterdam (Vincent van Gogh Foundation) and the Kröller-Müller
Museum.

especially conservators, are already becoming increasingly
familiar with the use of quantitative data in support of traditional
judgment, in the analysis of materials, automatic thread counting
measurements, visualization of underlying compositions based
on XRF measurements, etc. Close interdisciplinary interaction is
needed to decide the best ways of presenting and interpreting
quantitative results within an art historical context. This is
expected to be a long term effort not to be accomplished by one
or a few papers.
In the study of paintings, the number of available samples

tends to be small, e.g., a few dozens, at least in comparison with
many online collections of digital photos (several thousands or
even up to millions). The availability of high-resolution digitized
paintings is limited by the copyright of museums and sometimes
by the sheer body of work from an artist. To avoid findings
due to overfitting, we hereby adopt a statistical testing approach,
profoundly different from the classification approach in existing
work [12], [19]. For the two challenges described in the previous
section, the set of paintings under study is so small that even if
the two groups separate perfectly by a certain feature, we cannot
claim reliably that high classification accuracy is achieved. The
statistical hypothesis testing, on the other hand, is to validate a
much weaker statement. The alternative hypothesis under test is
that one group of paintings differ from another in the average
value of a certain feature. We thus caution the reader in the

interpretation of our results. Two groups that differ in average
at a significant level may still overlap substantially depending on
the within-group variation, and hence may be difficult to classify.
In other words, conclusions drawn here about the comparisons
between groups of paintings are only meaningful in the average
sense.
Because our emphasis is on hypothesis testing rather than

classification, we do not seek for features that yield the best
classification. We believe that the given collection of paintings is
too small to support robust identification of a good set of features
for the classification purpose. Instead, we focus on features of
brushstrokes that are easily interpretable for art historians; and the
aim is to aid art historians in the validation of certain statements
about brushstroke characteristics.
In addition to the concern of overfitting and the fact that

brushstroke characteristics are important in their own right,
another reason for us not exploiting color and texture features is
that such features are highly prone to variations during digitization
of paintings. In the case of color, it also lacks fidelity due to
aging. The effect of digitization on the computational analysis of
paintings is investigated in great depth in [22]. It is found that, in
some recent studies, the difference found between forgeries/copies
and the authentic van Gogh paintings correlates strongly with
the extent of blur in the digitized paintings. When the sharpness
of the digitized paintings is adjusted to the same level, the
wavelet-type texture features can no longer detect the forgeries
or copies. Another limitation with texture features is that they are
to some extent “black box” features, highly localized and hard to
interpret. This also explains why the strong bias drawn from the
analysis of texture features as a result of the digitization process
was not spotted quickly by experts. In contrast, our features
are derived from high-level visual elements and hence reflect
directly the visual appearance of the paintings. Some features
such as orientation computed from brushstrokes or by texture
analysis can be much correlated, while some other features such
as brushstroke length, size, broadness homogeneity are almost
irrelevant to texture.
The main contributions of our work include:
• A statistical framework for assessing the level of distinction
between categories of paintings and for identifying attributes
that differ significantly in average.

• Extracting individual brushstrokes automatically is a chal-
lenging problem partly due to the intermingling nature of
brushstrokes in oil paintings and the low contrast in some
painted areas (Fig. 4). A novel brushstroke extraction algo-
rithm is developed by integrating edge detection and seg-
mentation.

• A set of numerical features is proposed to characterize
brushstrokes.

• New insights are gained for two important questions
raised by art historians. Computational techniques combining
pattern recognition and statistical analysis have been rarely
exploited by art historians. The current work exemplifies the
potentially fruitful collaboration between the pattern analysis
and art communities.

C. Outline of the Paper

The remainder of the paper is organized as follows: In
Section II, we provide details on our brushstroke extraction
algorithm. The brushstroke features are described in Section III.
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(a) (b) (c)

Fig. 4. The intermingling nature of brushstrokes and the low contrast in some areas create a challenge for computerized extraction of individual brushstrokes.
Portions of van Gogh’s paintings are shown. (a) Still Life: Potatoes in a Yellow Dish. (b) Willows at Sunset. (c) Crab on its Back. Painting images courtesy
of the Van Gogh Museum Amsterdam (Vincent van Gogh Foundation) and the Kröller-Müller Museum.

The statistical methods used in the comparative study and the
findings are summarized in Section IV. Results are presented in
Section V. We conclude in Section VI.

II. BRUSHSTROKE EXTRACTION

To extract the brushstrokes automatically, we exploit an
integration of edge detection and clustering-based segmentation.
Edge detection based extraction is effective if the edge lines
around a brushstroke can be completely identified. In comparison
to segmentation-based extraction, the edge-based approach is
relatively robust to slight color variation within a brushstroke.
On the other hand, the edge line around a brushstroke may not
be completely sharp and is thus broken in detection, causing the
failure of subsequent brushstroke extraction. To address this issue,
we develop morphological operations to complete nearly enclosed
edges. In addition, we concatenate a step of image segmentation
to acquire brushstrokes missed by edge detection.

A. Algorithm

We now explain the step-by-step procedure for extracting
brushstrokes. A summarizing flow chart of the algorithm is shown
in Fig. 5.

Yes

Extraction
Connected ComponentEdge detection,

linking, thinning,
morphological operation

from conn. compo. extr.
Exclude brushstroke

Brushstroke test

Segmentation with
noise removal

Connected Compo.
Extraction Brushstroke test

Yes

Label brushstroke

Label brushstroke brushstrokes
Detected

Fig. 5. The flow of the brushstroke extraction algorithm.

1) The EDISON edge detection algorithm by Meer and
Georgescu [20] is applied to the image to identify edge
pixels. The edges found are thinned to a single pixel wide.

2) The edge linking algorithm by P. Kovesi [15] is applied to
the detected edges to (a) remove short noisy edges and (b)
trace every legitimate edge and record the coordinates of
the pixels on the edge in the tracing order.

3) Perform enclosing operation on the edges. The edge around
a brushstroke may not be completely detected due to lack
of sharpness. The enclosing operation aims at closing the
missing gaps between the broken edge segments. For every
end pixel of a detected edge, if there exist other edge
pixels which are disconnected from the end pixel within
its neighborhood of size 31× 31, a straight line linking the
end pixel and its closest neighboring edge pixel is added.

4) A brushstroke fully enclosed by an edge is spatially
isolated from other non-edge pixels and forms a connected
component. We thus extract all the connected components
from the image by setting the edge pixels as background,
and the non-edge pixels as foreground.

5) A connected component extracted from the previous step
becomes a candidate for a brushstroke if its size (number
of pixels contained) is between two preselected thresholds,
specifically 100 and 800 in our case. The heuristic is
that a connected component that is too small or too large
is unlikely a brushstroke. The particular thresholds used
may be altered depending on the digitization resolution.
Skeletons for candidate brushstrokes are obtained by the
thinning operation.

6) A candidate brushstroke is labeled as a brushstroke if it
satisfies the following conditions. The intuition underlying
these conditions is that a brushstroke should appear roughly
as a strip, which may be curved. Webbed or salt-and-pepper
noisy areas should be excluded.
a) The skeleton is not severely branched. The definition
of being severely branched and the method for
detection will be described shortly.

b) The ratio of broadness to length is in the range
[0.05, 1.0].

c) The ratio the size of the brushstroke
2×length×width span is within the

range [0.5, 2]. The width span refers to the maximum
distance from a boundary point to the skeleton.

7) Perform image segmentation by clustering all the pixel-level
features in the image. The feature vector includes the red,
green, and blue (RGB) color components and the gradients
of the intensity in horizontal and vertical directions at each
pixel. The clustering algorithm applies k-means multiple
times with a gradually decreasing threshold for the average
within-cluster distance. After each complete execution of
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search for
artificial ends

artificial ends

remove
shortest edge backbone left

two edges traced

edge link

Fig. 6. The process to find the backbone of a branched skeleton.

(a) (b) (c) (d)

Fig. 7. Examples for detecting severely branched skeletons and for finding backbones of skeletons. First row: an example for “not severely branched”
skeletons. Second row: an example for a “severely branched” skeleton. At any stage, different edges are marked by different colors; and every edge is a
connected curve. (a) Candidate brushstroke segments. (b) The skeletons and the edges formed by edge link. (c) Edges formed after inserting artificial end
points. (d) Edges left after backbone seeking.

the k-means, connected components are extracted, and
those with sufficiently small sizes are not subjected to
further clustering. This strategy allows us to balance more
effectively the chance of obtaining a fine segmentation
and the resistance to noisy (that is, tiny salt-and-pepper
like) connected components. A noise removal procedure is
applied after the clustering.

8) The brushstrokes already extracted based on edge detection
are set as background. For the pixels not included in
the brushstrokes, extract connected components based on
the segmentation result. The connected components are
passed through Steps 5 and 6 to decide whether each is
a brushstroke.

9) Combine brushstrokes obtained by both edge detection and
segmentation. The above extraction procedure ensures no
overlap between the brushstrokes extracted by the two
approaches.

We now describe the method for detecting severely branched
skeletons and the method for finding the backbone of a not
severely branched skeleton. The backbone refers to the remaining
part of the skeleton after removing the shortest branches, and is
itself not branched.
For a given skeleton, the edge link algorithm will trace it

and produce a set of edges that are not branched. Each edge

is recorded as a sequence of the pixel coordinates positioned one
by one from one end of the edge to the other. If the skeleton has
no branches, only one edge will be found. Otherwise, multiple
edges will be recorded. As shown in Fig. 6, a “Y” shape skeleton
is usually divided into two edges. At the branching position of
the “Y”, we would like to compare the three arms fanning out
from this position in order to remove the shortest arm. The two
arms left will form the backbone. Because the edge link algorithm
usually will not partition a “Y” skeleton as three arms, two
artificial end points will be inserted at the branching position of
the edge which covers two arms. This edge is then divided into
two, each corresponding to one arm. To illustrate the process,
Fig. 6 shows every edge in a different color at any stage. It is
then straightforward to examine the lengths of the three edges and
remove the shortest one. The two longer edges left are merged
into one, that is, the backbone. We can extend the idea to more
sophisticated branching patterns. The procedure, referred to as
backbone seeking, includes the following steps.

1) Find artificial end points along every edge e if they exist
by the following process.

a) Visit the pixels along edge e one by one, starting from
one end of the edge. A pixel becomes an artificial end
point if (a) the pixel is not an end point of edge e;
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(b) the pixel is not a neighbor (8-connected) of either
end point of edge e; (c) the pixel is a neighbor of an
end point of another edge.

b) If a pixel becomes an artificial end point of e, the next
pixel to be visited along e becomes the other artificial
end point.

c) Divide edge e into two new edges using the artificial
end points. Each new edge will start from one end
point of e and stop at one of the artificial end points.

2) Repeat Step (1) until no artificial end point exists in any
edge. At this moment, the edges fanning out from any
branching position have all been registered separately.

3) If an end point of a certain edge has two neighboring end
points from two other edges, this end point is marked as a
branching position. Remove the shortest edge emitting from
this branching position, and merge the two longer edges into
one. Then the three end points at this branching position
either are removed from the skeleton or become internal
points of the merged edge. Proceed to find and process the
next branching position on the skeleton.

4) After processing all the branching positions, if two or more
edges are left, this skeleton is declared “severely branched”.
Otherwise, it is declared “not severely branched”.

Note that “not severely branched” is only in the topological sense.
Whether the corresponding candidate brushstroke will be accepted
depends eventually on its geometry. The conditions specified in
Step 6 (b) and (c) in the brushstroke extraction algorithm have to
be satisfied.
Fig. 7 illustrates the backbone seeking process using real

candidate brushstroke segments and their skeletons appeared
in some paintings. In the example shown in the top row, a
region contains two skeletons that are found to be “not severely
branched”. In the bottom row, a region contains a “severely
branched” skeleton, which is reduced to two disconnected edges
after backbone seeking.

B. Results and Evaluation of Brushstroke Extraction

The Van Gogh Museum provided us several images of the full
paintings for illustration purpose in this paper. The brushstroke
results obtained for some of these full paintings are shown in
Fig. 8.
To evaluate numerically our brushstroke extraction algorithm,

we generated manually marked brushstrokes using 10 example
regions from paintings in the collection. We did not collect
manual data for the whole paintings because they can each contain
thousands of brushstrokes. In the example regions, there are on
average 120 manually marked brushstrokes, which are already
laborious to acquire. As shown by examples in Fig. 9, one has to
trace the irregular boundaries of the dense brushstrokes by hand.
For every example region, we applied to the manually marked

brushstrokes the brushstroke selection criteria specified in Steps
5 and 6 in the brushstroke extraction algorithm. The percentage
of manual brushstrokes passing through the selection, referred to
as sensitivity, is computed. The values of sensitivity for the 10
regions are provided in Table I. The selection process achieves a
high average sensitivity of 95%.
We now compare the manual brushstrokes with the ones

extracted using our algorithm. For a region in consideration,
suppose n brushstrokes, Bi, i = 1, ..., n, are found by the

extraction algorithm, and m brushstrokes, B∗
j , j = 1, ..., m, are

marked manually. Bi (or B∗
j ) is the set of pixel coordinates in the

brushstroke. Bi ∩ B∗
j is the set of overlapped pixels in the two

brushstrokes. We say Bi is validly covered (or for brevity, covered
in the sequel) by B∗

j if the overlap between the two accounts for
more than 80% of pixels in Bi, that is, |Bi∩B∗

j |/|Bi| > 80%. We
use Ci,j = 1 to indicate that Bi is covered by B∗

j , and Ci,j = 0

otherwise. Obviously, Bi can be covered by at most one manual
brushstroke. Define Ci,· =

∑m
j=1 Ci,j , which indicates whether

Bi is covered by any manual brushstroke at all. Ci,· ∈ {0, 1}. If
Ci,· = 1, we say Bi is valid. Define C·,j =

∑n
i=1 Ci,j , which

is the number of automatically extracted brushstrokes that are
covered by manual brushstroke B∗

j . C·,j ∈ {0, 1, ..., n}. We say
that B∗

j is detected if C·,j ≥ 1.
To assess the level of agreement between the manual and

automatically extracted brushstrokes, we define the following
measures.

• Valid Rate: rv =
∑n

i=1 Ci,·/n, the percentage of valid
automatically extracted brushstrokes.

• Detection Rate: rd =
∑m

j=1 I(C·,j ≥ 1)/m, the percentage
of detected manual brushstrokes.

TABLE I

COMPARING AUTOMATICALLY EXTRACTED AND MANUALLY MARKED

BRUSHSTROKES IN TEN EXAMPLE REGIONS CROPPED FROM THE

SPECIFIED PAINTINGS.

Painting ID Sensitivity Valid Rate Detection Rate
(%) (%) (%)

F218 97.4 42.7 21.6
F248a 83.6 75.4 78.8
F297 95.6 57.9 52.0
F374 96.0 58.2 63.2
F386 97.8 73.7 68.4
F415 90.9 46.9 60.0
F518 97.2 60.7 75.2
F538 98.0 49.0 44.9
F572 96.6 83.9 65.6
F652 95.9 50.0 72.5

Average 94.9 59.8 60.2

Table I lists the sensitivity, valid rate, and detection rate for the
ten example regions. Fig. 9 shows example regions in paintings
by van Gogh, the manual brushstrokes, and the brushstrokes
extracted using our method. In these examples, the automatically
extracted brushstrokes may not correspond precisely to the
physical brushstrokes seemingly laid down by the artist. For
instance, when the physical brushstrokes are cross hatched, the
brushstrokes detected by the computer are often the inner layer of
paint shown through the hatched ones. In brushstrokes executed in
thick paint, the paint is often pushed outward, forming ridges on
one or two sides, and allowing under paint to show through in the
middle. The ridges and the under paint from one manually marked
brushstroke may be picked as multiple brushstrokes. Sometimes,
only a portion of a manually marked brushstrokes is extracted
automatically. Despite the disparity with physical brushstrokes,
which we usually think of as individual loads of paint, the
brushstrokes extracted by the computer appear to capture well the
characteristics of the textured patterns created by the paint, for
example, orientation and richness of color. One might argue that
such textured patterns are more relevant to our visual impression
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(a) Cabbages and Onions, Paris, 1887-1888

(b) A Pair of Leather Clogs, Arles, 1889

(c) Wheatfield, Arles, June 1888

Fig. 8. Brushstroke extraction results for van Gogh paintings. Painting images courtesy of the Van Gogh Museum Amsterdam (Vincent van Gogh Foundation).
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(a) (b) (c)

Fig. 9. Comparison of automatically extracted and manually marked brushstrokes in example regions. (a) Original image. (b) Automatically extracted
brushstrokes. (c) Manually marked brushstrokes. Painting IDs from top to bottom: F218, F248a, F386, F518.
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of the paintings than the physical procedure taken by the artist to
reach the end result. Indeed, it is difficult even for art historians
to decipher the painting process down to a brushstroke level for a
medium as complex as oil paint, applicable in so many different
ways, and let alone for a vigorous artist as van Gogh, who did
not belong to any school and varied his techniques widely over
a sadly short period of life as a painter.

III. BRUSHSTROKE FEATURES

Fig. 10. After the extraction of brushstrokes, numerical features can be
computed. The skeletons and boundaries of the brushstrokes are shown.

For each painting, the aforementioned algorithm is applied to
extract the brushstrokes. Each brushstroke is recorded digitally

as the collection of pixels it contains. Various characteristics,
referred to as features, of each brushstroke are computed (Fig. 10).
We categorize the features as interactive versus individual.
The interactive features depend on the arrangement of other
brushstrokes around the one in consideration, which include
the number of brushstrokes in a neighborhood, the number of
brushstrokes with similar orientations in the neighborhood, and
the amount of variation (measured by standard deviation) in the
orientations of brushstrokes in the neighborhood. The size of the
neighborhood area is fixed across the paintings. The individual
features capture the geometric appearances of the brushstroke
itself. There are seven such features: length, width (or broadness),
size, broadness homogeneity, elongatedness, straightness, and
orientation.
The choice of these features is strongly influenced by the

opinions of art historians. For the dating challenge, art historians
have noted that the Arles and Saint-Rémy period shows broader
brushstrokes. The interactive features are motivated by the fact
that van Gogh’s paintings are rich in brushstrokes and they appear
to be well organized.
We now define the features of the brushstrokes. Suppose the

skeleton of a brushstroke has been obtained using the thinning
and branch cleaning operation. Denote the center coordinates of a
brushstroke i by (ūi, v̄i), where ūi is the average vertical position
of all the pixels in the brushstroke and v̄i is the average horizontal
position. The coordinate of a pixel in the digitized painting is
(u, v) where u = 0, 1, ..., R − 1 and v = 0, 1, ..., C − 1. R is the
total number of rows and C is the total number of columns in
the image. The brushstroke features are:

1) Number of Brushstrokes in the Neighborhood (NBS-NB): A
brushstroke j is a neighbor of brushstroke i if |ūi − ūj | < s

and |v̄i − v̄j | < s, where s is a threshold set to 200 in our
experiments. NBS-NB is obtained simply by counting the
number of brushstrokes that are neighbors of i.

2) Number of Brushstrokes with Similar Orientations in the
Neighborhood (NBS-SO): A brushstroke j is considered
to have similar orientations as i if the difference between
their orientations is below a threshold, set to 0.35 in our
experiments.

3) Orientation standard deviation for brushstrokes in a neigh-
borhood (OSD-NB): For any brushstroke i, compute the
standard deviation for the orientations of the brushstrokes
in the neighborhood of i.

4) Size: The size of a brushstroke is the number of pixels in
the brushstroke.

5) Length: The length of a brushstroke is the number of pixels
along the skeleton of the brushstroke.

6) Broadness: The broadness of a brushstroke is the average
Euclidean distance on the image plane from a boundary
pixel in the brushstroke to the skeleton of the brushstroke.
The distance between a boundary pixel and the skeleton
is the minimum distance between the coordinate of the
boundary pixel and the coordinate of any pixel on the
skeleton.

7) Broadness Homogeneity (BH): For every boundary pixel
in the brushstroke, find its distance to the skeleton of
the brushstroke. The standard deviation of these distances
normalized by the broadness of the brushstroke is defined
as BH. The smaller the value, the greater the homogeneity.

8) Straightness: To measure the straightness of the brushstroke,
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we compute the absolute value of the linear correlation
coefficient between the horizontal and vertical coordinates
of the pixels located on the skeleton of the brushstroke.
If the skeleton is a perfect straight line, the correlation
coefficient has absolute value of one. Otherwise, if the
skeleton is curved, the absolute value of the coefficient
will be smaller than one. Suppose a brushstroke contains
N pixels with coordinates (ui, vi), i = 1, ..., N . The
straightness is defined by |Suv |/(Su · Sv), where

Suv = N

N∑
i=1

uivi −
N∑

i=1

ui

N∑
i=1

vi ,

Su =

√√√√N

N∑
i=1

u2
i −

(
N∑

i=1

ui

)2

,

Sv =

√√√√N

N∑
i=1

v2
i −

(
N∑

i=1

vi

)2

.

9) Elongatedness: The measure for elongatedness is defined as
the ratio between the length and the broadness.

10) Orientation: The definition given by J. C. Russ [24] is used.
The orientation of an area is essentially that of its principal
axis. Again, suppose a brushstroke contains N pixels with

coordinates (ui, vi). Let mu =
∑N

i=1 u2
i − 1

N

(∑N
i=1 ui

)2

,

mv =
∑N

i=1 v2
i − 1

N

(∑N
i=1 vi

)2

, mu,v =
∑N

i=1 uivi −
1
N

∑N
i=1 ui

∑N
i=1 vi. Compute the feature orientation as

follows:⎧⎨
⎩

π
2 if mu,v = 0;

arctan
mu−mv+

√
(mu−mv)2+4m2

u,v

2mu,v
otherwise.

IV. STATISTICAL COMPARISON

In the comparative study of two groups of paintings, we
employ a unified statistical paradigm. To compare the overall
paintings, the features of the brushstrokes in one painting are
summarized by some statistics that then serve as the attributes
for the entire painting. For every brushstroke-level feature except
orientation, the average across all the brushstrokes in one painting
is used as a painting-level attribute. For orientation, the standard
deviation instead of average is taken as a painting-level attribute.
We observe that van Gogh’s brushstrokes do not stay in similar
orientations across paintings. Hence the average orientation is
not a meaningful feature. However, the amount of variation
in orientation as measured by standard deviation is related to
whether a painting conveys a unified or organized look. We
normalize the average brushstroke length and broadness by the
square root of the painting size (i.e., total number of pixels); while
we normalize the average brushstroke size by the painting size.
We also include the total number of brushstrokes in a painting
as an attribute. In summary, every painting has eleven attributes:
Total Number of Brushstrokes (TNBS), Number of Brushstrokes
in the Neighborhood (NBS-NB), Number of Brushstrokes
with Similar Orientations in the Neighborhood (NBS-SO),
Orientation Standard Deviation in the Neighborhood (OSD-
NB), Broadness Homogeneity (BH), elongatedness, straightness,
length, broadness, size, and Orientation Standard Deviation
(OSD).

To test whether two groups of paintings differ significantly in
terms of a certain attribute, we set the null hypothesis that the
two groups have the same average in this attribute. We then use
a two-sided permutation test to compute the p-value. Consider
a particular attribute for two groups. Let the attribute values for
the first group be {x1, x2, ..., xn} and those of the second group
be {xn+1, xn+2, ..., xn+m}. The two-sided permutation test is
performed by randomly shuffling x1, ..., xn+m. Assign the first n

of the shuffled values, say {x(1), ..., x(n)}, to the first permuted
group and the other m values, {x(n+1), ..., x(n+m)} to the second
permuted group. Compute the difference between the two groups.
For the original two groups, we have

δo =

∣∣∣∣∣ 1n
n∑

i=1

xi − 1

m

m∑
i=1

xn+i

∣∣∣∣∣ .

For any two permuted groups,

δp =

∣∣∣∣∣ 1n
n∑

i=1

x(i) −
1

m

m∑
i=1

x(n+i)

∣∣∣∣∣ .

Repeat the random shuffling and count the number of times
δp ≥ δo. The proportion of times δp ≥ δo is the p-value. Smaller
p-values indicate stronger evidence against the null hypothesis.
The rationale for using the permutation test is that if the two
groups of paintings have no real difference in a certain attribute,
their attributes in either group can be considered as a random
assignment from the given pool of values. The chance of δ0 to
be extreme under a random assignment should be small. Each
permutation corresponds to a random assignment of values into
two groups. For a general introduction to permutation test, we
refer to [10]. If the values in the original two groups differ
significantly in average, δo will be more extreme (in this case,
larger) than δp for a high percentage of permutations, hence
leading to a small p-value. At a given threshold α, we recognize
that an attribute differs between the two groups at significance
level α if the p-value is below α.
To further quantify the separation of two groups, we also

introduce the separation statistic. Consider two groups with
measurements {x1,1, x1,2, ..., x1,n} and {x2,1, x2,2, ..., x2,m}. Let
the q percentile of group i, i = 1, 2, be x

(q)
i . The medians of

the two groups are x
(0.5)
1 and x

(0.5)
2 . Without loss of generality,

suppose x
(0.5)
1 ≥ x

(0.5)
2 . The separation statistic is defined as

S = arg maxq x
(q)
2 ≤ x

(1−q)
1 , which is a ratio less than one.

That is, S portion of points in group 1 are larger or equal to
S portion of points in group 2, and S is the maximum of the
values such that the statement holds. If x

(0.5)
1 < x

(0.5)
2 , then

the separation statistic is S = arg maxq x
(q)
1 ≤ x

(1−q)
2 . It can

be shown that S is in the range [0.5, 1]. When S = 1, the two
groups are completely separated, that is, minj x1,j ≥ maxl x2,l

or minj x2,j ≥ maxl x1,l. If x
(0.5)
1 = x

(0.5)
2 , then S = 0.5.

V. RESULTS

We evaluate the p-values for two comparative studies. The first
study is to compare van Gogh’s paintings with his contemporaries
using the aforementioned eight paintings suggested by the art
historians, four of which, referred to as vG, are by van Gogh
and the other four, referred to as non-vG, are by his peers. The
second study addresses the dating challenge raised by the art
historians. As described previously, the two groups each contain
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eight paintings of van Gogh from the Paris and Arles-Saint-Rémy
periods respectively, referred to as vG-Paris and vG-Arles. The
p-values of the permutation test for the eleven attributes under
each of two studies are listed in Table II and III respectively.

TABLE II

P-VALUES FOR THE ELEVEN ATTRIBUTES UNDER TWO STUDIES. THOSE

ATTRIBUTES WITH A HIGH SIGNIFICANCE LEVEL FOR EACH STUDY, AS

INDICATED BY THE P-VALUES, ARE HIGHLIGHTED.

Painting-level van Gogh vs. VG landscape vs. All VG
Attributes non van Gogh non van Gogh Non-VG
TNBS 0.457 0.086 0.030
NBS-NB 0.029 0.029 0.002
NBS-SO 0.114 0.171 0.000
OSD-NB 0.114 0.543 0.002

elongatedness 0.029 0.029 0.000
straightness 0.029 0.029 0.000

BH 0.057 0.057 0.000
length 0.857 0.343 0.668
size 0.571 0.257 0.661

broadness 0.343 0.171 0.122
OSD 0.114 0.314 0.006

TABLE III

P-VALUES FOR THE ELEVEN ATTRIBUTES UNDER TWO STUDIES. THOSE

ATTRIBUTES WITH A HIGH SIGNIFICANCE LEVEL FOR EACH STUDY, AS

INDICATED BY THE P-VALUES, ARE HIGHLIGHTED.

Painting-level Paris vs. Paris vs. Arles/St.-Rémy
Attributes Arles and Arles/St.-Rémy landscape vs.

St.-Rémy still life/portrait still life/portrait
TNBS 0.561 0.059 0.200
NBS-NB 0.852 0.537 0.343
NBS-SO 0.449 0.566 1.000
OSD-NB 0.069 0.588 0.057

elongatedness 0.208 0.018 0.086
straightness 0.837 0.921 0.743

BH 0.763 0.671 0.229
length 0.097 0.014 0.114
size 0.090 0.014 0.143

broadness 0.080 0.016 0.200
OSD 0.062 0.576 0.086

A. Van Gogh vs. non van Gogh

In the study of vG vs. non-vG, at level α = 0.1, four attributes
are shown to differ significantly: NBS-NB, elongatedness,
straightness, and BH, which are aptly called the marking
attributes. The first one is an interactive attribute, in that it
depends on how a brushstroke relates to other brushstrokes,
and the last three are individual attributes, which characterize
the geometric characteristics of the brushstrokes. On average,
vG paintings have more brushstrokes in the neighborhood;
however, the total number of brushstrokes is not significantly
more in paintings belonging to vG than to non-vG. This suggests
that the tight arrangement of brushstrokes plays a remarkable
role in distinguishing van Gogh from his peers. In terms of
geometric appearance, van Gogh’s brushstrokes are straighter,
more elongated, and more homogeneous in broadness.
As an example, we compare in details one vG painting,

Chestnut Tree in Flower: White Blossoms (F752, by van Gogh,

May 1890), and one non-vG painting, Red Cliffs near Anthéor
(S447, by Louis Valtat, c. 1903). In Fig. 11, the histograms
of brushstroke features are shown for the two paintings. The
number of brushstrokes extracted for F752 is 1, 655 and for S447
is 3, 150. The histograms are normalized for comparison. From
Fig. 11(a), we see that F752 has much more brushstrokes that
have high values for the attribute NBS-NB, although S447 has
more brushstrokes in total, indicating that the brushstrokes in
F752 appear more closely packed; from (b), we see that a much
higher percentage of brushstrokes in F752 yield large values for
the measure of straightness.
The four non-vG paintings selected for comparison by art

historians are all landscape paintings, while among the four
vG paintings, one is a still life and another a portrait. One
may suspect that difference in the painting subjects contributes
predominantly to the observed distinctions rather than difference
in painting styles. We thus form the following set of van Gogh
landscape paintings to compare with the four paintings of his
contemporaries: F411 (Wheatfield), F415 (Seascape at Saintes-
Maries), F475 (The Green Vineyard), F799 (View at Auvers). The
p-values obtained are listed in Table II. All the marking attributes
identified using the previous four vG paintings remain as marking
attributes. This demonstrates that the painting style but not subject
matter is the key factor in the distinction between van Gogh
and his contemporaries. Actually, when vG landscape paintings
are used for comparison, the total number of brushstrokes also
becomes a marking attribute, which shows that the art historian’s
selection of paintings is steered towards reducing the difference
between the vG and non-vG groups.
We also conducted the permutation test between all thirty-one

van Gogh paintings in the collection versus fourteen paintings
by others. The same three individual marking attributes yield the
smallest p-value. For the interactive attributes, the smallest p-
value is achieved by NBS-SO. NBS-NB, the marking attribute
identified previously using the eight paintings, achieves the
second smallest p-value. We also computed the separation
statistic for the five marking attributes that distinguish van
Gogh from his contemporaries using the forty-five paintings.
The values are 85.7% for NBS-NB, 78.6% for NBS-SO, 85.7%
for elongatedness, 85.7% for straightness, and 87.10% for BH.
For the thirty-one van Gogh paintings, the average number of
brushstrokes extracted in a painting is 3, 532, while the average
number for the fourteen paintings by his contemporaries is 1, 207.
Fig. 12 compares the boxplots of the numbers of brushstrokes
for van Gogh paintings and those of his contemporaries.
Apparently, the van Gogh paintings on average have more
brushstrokes. And several of the van Gogh paintings possess much
more brushstrokes than all the paintings of his contemporaries.
However, as aforementioned, based on the eight paintings selected
thoughtfully by the art historians, the total number of brushstrokes
is not a marking attribute between the vG and non-vG groups.
In Fig. 13, scatter plots of NBS-SO vs. BH and straightness

vs. elongatedness are shown for all the forty-five paintings. The
dash dot lines mark the threshold for each single attribute that
best separates the two groups. Fig. 13 (a) shows that in average,
vG paintings have brushstrokes that are more homogeneous
in broadness (smaller BH value) and are surrounded by more
brushstrokes with similar orientations in the neighborhood. The
only painting yielding both attributes on the wrong side of the
threshold is Schönbrunn (S448, by Carl Moll, 1910). In terms of
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Fig. 11. The normalized histograms of the brushstroke features of painting F752 and S447. (a) NBS-NB. (b) Straightness.
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Fig. 12. Boxplots for the number of brushstrokes extracted from van Gogh
paintings and those of his contemporaries.

BH alone, three paintings are on the wrong side: Two Children
(S506, by Cuno Amiet, 1907) and Vase with Roses (S286v, by L.
Van Rijsel, 1907) are on the side of vG, while Roses and Peonies
(F249, by van Gogh, June 1886) on the side of non-vG. It is
pointed out by art historians that during van Gogh’s first year
in Paris (1886), he painted floral still life under the influence
of Monticelli’s impasto brushwork. It is believed that there are
strong similarities between the floral paintings of the two artists.
In terms of BH, F249 is close to two floral paintings (ID: 56,
21834) by Monticelli.

Fig. 13 (b) shows that on average, vG paintings have
brushstrokes that are more elongated and more straight. Only
the painting Two Children (S506, by Cuno Amiet, 1907) is on
the vG side of the threshold for both attributes. The painting
S506 (Fig. 14) is a known copy of van Gogh painting F784
(June 1890). In terms of the individual brushstroke attributes
(straightness, elongatedness, and BH), S506 is on the vG side.
For the interactive attribute NBS-SO, S506 is on the non-vG
side. This indicates that the copied painting is less effective at
mimicking the relationships between brushstrokes in van Gogh’s
work than the individual look of the brushstrokes.

The Wacker forgery painting (F418), shown in Fig. 15, was
attributed to van Gogh by art historians for a long period. We
compared its values of the four marking attributes with those of
the four vG paintings and four non-vG paintings selected by the
art historians. It is found that except for broadness homogeneity,
the attributes of F418 are clearly closer to the averages of the vG
paintings than the non-vG paintings. As for the value of broadness
homogeneity, F418 is slightly closer to the vG paintings. This
shows that the marking attributes identified by comparing with
the paintings of van Gogh’s contemporaries cannot point to the
subtle difference between van Gogh’s paintings and the forgery
which once passed the scrutiny of art historians. We note that the
paintings of the contemporaries are not good training examples
for classifying forgeries because they are not forgeries themselves
and have not been mis-attributed.

B. Paris vs. Arles and Saint-Rémy

When we compare vG-Paris vs. vG-Arles, the marking
attributes are length, size, broadness, OSD-NB, and OSD, as
shown in Table III. None of the four marking attributes identified
for vG and non-vG shows significant changes across the two
periods. On average, in the Arles and Saint-Rémy period, van
Gogh’s paintings have longer, broader, and larger brushstrokes,
and in addition, the orientations of the brushstrokes vary more
(higher standard deviation) either across the entire painting or
within neighborhoods of the brushstrokes. However, we find
that if the length, broadness, and size of a brushstroke are
not normalized with respect to the size of the painting, the
p-values for these three attributes become 0.152, 0.694, and
0.037 respectively, which indicates that there is no significant
difference between the two periods in terms of absolute length
and broadness.
Again, there is potential concern about the effect of the subject

matter on the observed differences between the two painting
periods. For the Paris period, all the paintings are either portrait
or still life, while for the Arles/Saint-Rémy period, half of the
paintings are landscape. We thus formed a smaller set of paintings
from the Arles/Saint-Rémy period containing only portrait or
still life: F392 (Blossoming Almond Branch in a Glass), F441
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Fig. 13. The scatter plots of vG vs. non-vG paintings. The dash dot lines are the optimal thresholds between the two groups based on each individual
attribute. (a) NBS-SO vs. BH. (b) Straightness vs. Elongatedness.

(a) by Cuno Amiet (b) by Vincent van Gogh

Fig. 14. The painting Two Children (S506, 1907) is a known copy by Cuno Amiet of an original van Gogh painting (F784, Auvers-sur-Oise, June 1890).
Copyright of the Amiet photograph courtesy of Lumiere Technology [18]. Copyright of the van Gogh photograph courtesy of Musée d’Orsay.

(The Baby Marcelle Roulin), F538 (Portrait of Camille Roulin),
F607 (Leather Clogs). This set of paintings is compared with
the Paris period; and the p-values are listed in Table III. It
is shown that, when the subjects are similar, length, size, and
broadness remain to be marking attributes for the two periods.
The two attributes reflecting variation in orientation, i.e., OSD
and OSD-NB, are no longer marking attributes. On the other
hand, significant difference is shown in terms of elongatedness
and the total number of brushstrokes. In average, comparing with
portrait or still life paintings in the Arles/Saint-Rémy period,
paintings in the Paris period have much more brushstrokes, and
the brushstrokes are less elongated.
We also compare the four landscape paintings in the

Arles/Saint-Rémy period with the four portrait/still life paintings
of the same period and obtain the p-values shown in Table III. For

these two groups that only divide by subjects, three attributes are
shown to differ significantly: elongatedness, OSD-NB, and OSD.
The above two tests, one across periods but restricted to the

same subject and the other across subjects but restricted to
the same period, both confirm that the significant difference in
OSD or OSD-NB for the Paris and Arles/Saint-Rémy periods
results from subject-wise disparity rather than painting styles. The
landscape paintings tend to have higher variation in brushstroke
orientation than portrait and still life. However, in terms of
brushstroke length, size, and broadness, the difference appears
to be caused by styles rather than subjects.
More information can be drawn out on individual paintings

from the quantitative results. The one Saint-Rémy painting in
this group, F607, was shifted from late Arles to late 1889 in
Saint-Rémy, based partly on the “rhythmic repetitions of the
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(a) Seascape near Les Saintes-Maries-de-la-Mer

by Vincent van Gogh, Arles, June 1888

(b) the Wacker forgery

(c) brushstrokes extracted from

the left half of the forgery

Fig. 15. Brushstrokes extracted for the left half of the The Wacker forgery painting provided in high resolution for analysis. Painting images courtesy of the
Van Gogh Museum Amsterdam (Vincent van Gogh Foundation) and the Kröller-Müller Museum.
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Fig. 16. Compare five attributes of paintings in the Paris (first eight in the bar plot) and Arles (next eight) groups. These five attributes are tested to be
significantly different in average between the two groups. The corresponding values of the attributes for the three paintings to be dated are shown at the right
end. The two horizontal lines indicate the averages of the two groups respectively. (a) brushstroke length; (b) broadness; (c) size; (d) orientation standard
deviation within a neighborhood (OSD-NB); (e) orientation standard deviation (OSD).
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short brushstrokes,” a feature observed in other paintings of this
specific date. The quantitative data confirms the short yet rhythmic
brushstrokes in this painting. Also striking are the relatively
long brushstrokes present in F392 Almond Branch in Glass, as
measured in the original lengths, suggesting that van Gogh did
not necessarily turn to shorter brushstrokes when working on a
small scale.
In order to date the three paintings put in question by the art

historians, we compare the values of the five marking attributes
with the average values of the paintings in the two periods
respectively. As shown in Fig. 16, the paintings F386 and F605
are substantially closer to the Arles and Saint-Rémy period
according to every marking attribute. This would seem to agree
with art historical observation that both paintings show the bolder,
more stylized and graphic touch associated with van Gogh’s
later French works. However, F572 is substantially closer to the
Paris period according to brushstroke broadness, size, OSD, and
OSD-NB, and marginally closer to the Paris period according to
brushstroke length. The relatively small, narrow and straighter
brushstrokes detected in this work can partly be explained by the
subject matter of grass and reeds depicted. Indeed this has been
the reason for art historians to associate the landscape with certain
late Paris works where comparable subject matter is handled in a
similar way.

VI. SUMMARY OF FINDINGS AND CONCLUSIONS

With the capability to extract individual brushstrokes automat-
ically, there are endless possibilities for in-depth analysis of oil
paintings. Our work represents only a first step in a promising
direction.
The primary findings of our studies are:
1) The marking attributes of van Gogh vs. non van Gogh do
not overlap with those distinguishing van Gogh’s Paris and
Arles/Saint-Rémy periods.

2) The four marking attributes of van Gogh vs. non van Gogh
are: NBS-NB, elongatedness, straightness, and BH.

3) The five marking attributes of Paris vs. Arles/Saint-Rémy
are: length, size, broadness, OSD-NB, OSD. The last two
attributes result from subject-wise difference in the two
periods, while the first three are caused by styles.

4) Although the copy of Two Children (S506, by Cuno
Amiet, 1907) is similar to van Gogh in terms of individual
brushstroke attributes, elongatedness and straightness, it
is closer to non van Gogh in terms of the interactive
brushstroke attribute NBS-SO.

5) Based on the marking attributes of van Gogh vs. non van
Gogh, we cannot detect the Wacker forgery painting (F418).

6) The paintings F386 (Still Life: Potatoes in a Yellow Dish)
and F605 (Crab on its Back) are dated to the Arles and
Saint-Rémy period, while the painting F572 (Willows at
Sunset) is dated to the Paris period.

The results from computer-based analysis presented here
clearly suggest that rhythmic brushstrokes in van Gogh’s paintings
distinguish his work from those of his contemporaries, which
aligns with long-held art historical opinion on van Gogh’s unique
style of painting. For the first time though, the information
is presented in a quantitative way, providing more refined
and accurate data to substantiate the art historians’ opinion.
Furthermore, these new techniques were applied to compare
brushwork characteristics in three paintings that have proved

hard to date by art historians using traditional means: Still Life:
Potatoes in a Yellow Dish, Willows at Sunset, and Crab on
its Back. This provided new quantitative evidence to separate
the works into two distinct periods of production based on the
different characteristics of their brushwork, demonstrating the
usefulness of computer-based analysis as an added tool to help
shed light on some standing debates among scholars.
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