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ABSTRACT
This paper describes a new fiducial detection method for use under varying lighting conditions without manual control of any
parameters. We developed the algorithm especially for vision-based Augmented Reality (AR) systems. The major problem in
Augmented Reality is the registration between the virtual world and the real world. The user’s pose in both worlds should be
exactly the same. Vision-based AR is an attractive approach to the registration problem, however the fiducial detection
methods used in many systems operate only under restricted lighting conditions. We developed a rule-based algorithm to
segment regions of an image to detect known fiducials under varying lighting conditions. The algorithm is based on simple
spatial and intensity relations among fiducials and their backgrounds. Rules and membership functions are defined from
those relations. Rules are applied to find transition regions, and membership functions locate an edge position within a
transition region. Edges are clustered to segment regions in an image. A vision-based AR system using our method operates
under varying lighting conditions, including uneven lighting. This detection method extends the operating conditions of
vision-based AR systems.
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1. INTRODUCTION
Augmented reality (AR) is a technology that merges virtual objects with the real world by using real and virtual cameras. A
real video camera generates images of the real environment, and a virtual camera generates images of 3D graphics models to
enhance a user’s perception of and interaction with the real world1. Accurate registration between real and virtual scene
elements has to be achieved to make AR systems useful in real applications. Techniques for achieving accurate registration
can be divided into two areas, non-vision technology and vision-based technology. Vision-based AR systems detect fiducials
using image processing or computer vision techniques to solve the registration problem. Boundary detection, color
segmentation, watershed, and template matching techniques are used for current systems. These techniques often fail under
varying lighting conditions or require manual parameter changes. Since AR systems are sensitive to changes in the
environment, their use is restricted. Even with controlled lighting conditions objects can shadow fiducials. Color and
intensity values in shadowed areas are quite different from those without shadows. These differences require different
threshold values for detecting fiducials. Therefore we need a detection method that works under any lighting conditions
without manually controlling any parameters, including uneven lighting condition in one image.
Several AR systems use vision-based techniques. Some authors mention their approaches to different lighting conditions
while others give little information relating the environmental restrictions under which their systems operate. Madritsch,
Leberl, and Gervautz8 developed a camera-based beacon tracking system. They use red LEDs as beacons and accept lighting
restrictions for their system. They suggest combining infrared LEDs with infrared filters to reduce dependence on lighting
conditions. State, Hirota, Chen, Garrett, and Livingston11 developed a hybrid system, which combines a vision-based tracking
system and a magnetic tracking system. The algorithm to detect fiducials is based on the ratios of RGB component values.
They restrict lighting conditions and mention diminishing fiducial detection performance with changing lighting conditions
despite the use of adaptive brightness evaluation for each landmark. Uenohara and Kanade12 discuss how the appearance of
objects varies depending on pose and illumination change. They solve this problem in two ways. They require users to locate
objects at the initial recognition step and precapture reference images around feature points in varied illumination with
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predefined positions of objects. Normalized correlation is computed with all reference images, and they select the point with
the highest score over a threshold value. The authors claim that the values of normalized correlation are insensitive to the
intensity changes. The complexity of the detection algorithm increases as objects become more complex and more reference
images are required.
As illustrated by the above three systems, vision-based AR systems require a fiducial detection algorithm, and the
performance of detection algorithms diminishes when lighting conditions vary. We developed a rule-based algorithm to
detect fiducials under varying lighting conditions. The algorithm uses relations among homogeneous regions that remain
invariant under illumination. We define rules and membership functions from these relations and use them to detect fiducials.
We also define rules and a membership function for the shape of our fiducials, an ellipse, and used them for a shape
verification procedure that is fast and robust under rotations of a camera. The results shows that our method is robust under
varying lighting conditions. After a description of the algorithm in Section 2 we present results in Section 3 and a discussion
in Section 4.
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Figure 1. (a) Overview of the Algorithm (b) Coarse Segmentation (c) Fine Segmentation

2. DESCRIPTION OF THE ALGORITHM
We are only interesting in fiducials (Figure 2) that occupy small areas of an image, so a
multi-resolution approach is applied for efficiency in our detection algorithm (Figure 1(a)).
The segmentation algorithm is divided into two stages, coarse segmentation and fine
segmentation. Coarse segmentation (Figure 1(b)) quickly skims through an image and finds

Figure 2. Color Fiducials

potential fiducial regions, and a more expensive fine segmentation method (Figure 1(c)) detects possible fiducials. Shape and
color verifications are applied to eliminate false fiducials from possible fiducials. Coarse and fine segmentation methods
share two steps, assigning membership values and creating line segments. They differ in two ways. The coarse segmentation
finds potential regions using only sampled horizontal and vertical scan lines, but the fine segmentation uses all scan lines in
small selected regions to detect possible fiducials. The other difference is that coarse segmentation clusters cross points
created with horizontal and vertical line segments, but the fine segmentation clusters line segments along horizontal and
vertical scan lines. Clustering in both segmentations is based on locations and colors of cross points or line segments. Rules
and fuzzy algorithms are used for detecting transition regions between a fiducial and its background, and membership
functions are applied to localize the position of edges. Details of the algorithm are presented in following sections.

2.1.

Rules and membership functions

Rules and membership functions are defined from relations between
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functions are defined as follows.
1. Monotonic average rule
• Avg(R) > Avg(T) > Avg(L) or Avg(L) > Avg(T) > Avg(R), where Avg(J) is an average intensity value of a region J.
2. Distribution rule
• (Max(T) – Min(T)) > (Max(R) – Min(R)) & (Max(T) – Min(T)) > (Max(L) – Min(L)), where Max(J) and Min(J)
indicate the maximum and minimum intensity values of a region J.
3. Overlapping rule
• Max(R) < Min(L) when Avg(R) < Avg(L)
• Max(L) < Min(R) when Avg(L) < Avg(R)
4. Membership functions
µ = µ1 × µ 2
µ1 =
µ2 =
or

2 × MIN ( Avg ( R ) − Avg (T ) , Avg ( L ) − Avg (T ) )
Avg ( R ) − Avg ( L )

(1)
(2)

Min( R ) − Max( L )
, Avg ( R ) > Avg (L )
Max(R ) − Min( L )

Min( L ) − Max(R )
, Avg ( L ) > Avg ( R )
µ2 =
Max(L ) − Min(R )

(3)

The membership function contains two different parts, µ1 and µ2. µ1 indicates a grade of closeness to the median intensity
value between two neighbor regions. µ1 = 1, if Avg(T) = |Avg(R) – Avg(L)| / 2, and µ1 is less than 1 for other cases. µ2
indicates the grade of closeness to the ideal edge. If an edge is the ideal edge, Min(R) – Max(L) = Max(R) – Min(L) or Min(L)
– Max(R) = Max(L) – Min(R), then µ2 = 1. µ2 is less than 1 for other cases. Therefore the membership function is used to find
a position of an edge that is close to the ideal edge. Some examples are shown at Figure 4.
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2.2.

Line segmentation

Each scan line is segmented into line segments according to their colors. Line segments separate regions that have different
colors from neighbor regions and are created by connecting two edges that are detected by rules and membership functions
described in the previous section. These line segments are clustered to form regions that have a solid color in an image or
create cross points in an image.

2.3.

Clustering

We expect fiducial with a solid color. For the ideal case, regions are easily segmented by clustering pixels with the same
color values. However, in real images, a solid color region produces a distribution of pixel color values. This introduces a
similarity measure to cluster pixels with similar color values. Often, similarity is measured with a distance metric and a
threshold. Possible distance metrics used for a color similarity include absolute distance (e.g., Manhattan or Euclidean
distance), 1-norm distance, 2-norm distance, ∞-norm distance, an angle between colors in the RGB color cube, and a square
of cosine of a color angle. These metrics require thresholds to decide whether two color values are similar. It is difficult to
automatically determine thresholds for different lighting conditions.
Color values change nonlinearly depending on lighting conditions and
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Max(J)|), and create a uniform distribution by Avg(J) – D and Avg(J) + D
(Figure 5). The choice of D reduces the effects of noise in an image. This

simple density function works well for our detection algorithm, and it reduces the computation time of the clustering
procedure.

2.4.

Coarse segmentation

Fiducials occupy only small regions of an image and typically, only three or four fiducials are required for a vision-based AR
system. We exploit these properties to reduce computation time. The coarse segmentation procedure is applied to find
potential regions that are used in the fine segmentation procedure. Potential regions are defined by clusters of cross points
that are created with sampled horizontal and vertical line segments in an image.
The sampling interval is the most important parameter in the coarse segmentation
procedure. A small sampling interval increases computation time, and a large
sampling interval may miss fiducials. Intersections among sampled horizontal and
d
s
s
vertical lines form square grids containing four cross points. We create a potential
d
region with a cluster that contains at least one cross point, but we use a sampling
interval that creates at least four cross points for each fiducial. This improves
(a)
robustness at a slight increase of computation time. A square grid must fit within
(b)
the inner square of the expected minimum fiducial (Figure 6). We derive the size
Figure 6. Maximum Sampling Interval
of the inner square of the smallest fiducial from the minor axis of a projected
(a) circle shape (b) ellipse shape
fiducial with equation (4). The optimal sampling interval is computed using
equation (5). To adapt to the current viewing conditions, we use the minor axis size of the smallest fiducial of the previous
image to compute the sampling interval for the current image.
s=

d
2

, where d is the size of minor axis of the smallest fiducial (4)

Sampling Interval ( SI ) =

s
(5 )
2

We apply the line segmentation procedure to every sampled horizontal and vertical line to detect line segments. Horizontal
and vertical line segments create cross points if they intersect and have the same color. We cluster cross points depending on
their positions and colors, and each cluster defines one potential region for the fine segmentation procedure. Potential regions
larger than the maximum fiducial size are eliminated. A potential region priority is set in proportion to the number of cross
points in its cluster.

2.5.

Fine segmentation

Select potential regions in descending priority. Apply rules and membership functions along all horizontal and vertical scan
lines inside the selected region. These line segments are clustered by their locations and color to create possible fiducials.
Shape and color verification procedures select real fiducials from the possible fiducials.

2.6.

Shape verification

Shape verification selects among possible fiducials for varied camera rotations and any viewing directions. Rules and a
membership function are defined from the properties of fiducials that are invariant under the accepted range of camera poses.
In practice, the rules eliminate nearly all false detections. The procedure is as follows.
1. Divide a boundary of a clustered region into four sub-boundaries with minor and major axes (Figure 7).
2. Measure deviations of sub-boundaries from straight lines connecting two end-points of axes using the following
membership function.
• WI indicates weight of i-th component of a sub-boundary, and Di indicates a difference between horizontal positions
of i-th components of a sub-boundary and its corresponding straight line. The weight function is a triangle function
so Di has a larger weighting value when “i” is closer to the center of a sub-boundary.

µcir = ∑ Wi × Di

(6)

i

3.

Apply following rules.
• |µcir(top-left)| ≅ |µcir(bottom-right)| and |µcir(top-right)| ≅ |µcir(bottom-left)|
• µcir(top-left) < 0, µcir(bottom-right) > 0, µcir(top-right) > 0, and µcir(bottom-left) < 0
• lower threshold < |µcir()| < upper threshold
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Figure 7. (a) Components of the shape test (b) A weight function used for computing µcir(j)

2.7

Color verification

We use the same color verification method developed by Youngkwan Cho and detailed in his paper10.

3. RESULTS
Our fiducial test set contains solid circles with six different colors (red, green,
H omo g en e ous
blue, yellow, cyan, and magenta). Test images are captured with a Sony DXCb
b ou nd a ry
151A color video camera with 640×480 resolution. We use two different lighting
re gion
sources, daylight and fluorescent light, and different apertures of a camera to
b
simulate different lighting conditions. The apertures range from 1.8 to 8.0. The
algorithm is also tested on images with different backgrounds (Figure 8). Our
method is compared with a gradient-based method used in our current AR
system. We are exhaustively tested with testing conditions shown at Table 1. The
Fig ure 8 A r e qu ire dhom oge neou s reg oi n
as a ba c kg ro un d of a fidu c i l.a b si t h es i z e
gradient-based method detects most fiducials correctly with f = 2.0 ~ 4.0, but the
o f a hom og e neous bo un dary r e gion .
presented method detects all fiducials under every aperture settings except a
yellow fiducial on white background at f = 1.8 and a green fiducial on black
background at f = 8.0 and 5.6. We note that screen images of the undetected fiducials are not easily perceived by the human
eye either. Figure 9 shows sample images generated by the AR system with our algorithm. Figure 9 also shows that our
algorithm detects fiducials under uneven lighting conditions with partial shadows over fiducials. Green rectangles indicate
possible fiducials, and detected fiducials with assigned color values are marked with a cross in their center. The green
fiducial in Figure 9(c) and the blue fiducial at Figure 9(h) are marked with green rectangles indicating their classification as
possible fiducials. The system could not match them to a valid fiducial color so they failed the color verification stage.
Color of fiducials
Number of fiducials
Backgrounds
Lighting sources
Aperture (f)

Red, Green, Blue, Yellow, Cyan, and Magenta
6 (one fiducial per each color)
White and black backgrounds
Day light and fluorescent light
1.8, 2.0, 2.8, 4.0, 5.6, and 8.0
Table 1. Testing conditions

(a) all fiducials under brighter light condition
(f = 2.0)

(b) all fiducials under darker lighting conditions
(f = 5.6)

(c) under even lighting condition (f = 2.0)

(d) under uneven lighting condition (f = 2.0)

(e) under even lighting condition (f = 4.0)

(f) under uneven lighting condition (f = 4.0)

(g) under even lighting condition (f = 8.0)
(h) under uneven lighting condition (f = 8.0)
Figure 9 Fiducial detection under varying light conditions

4. DISCUSSION
This paper describes a fiducial detection method that is robust for varied lighting conditions. The algorithm is unique in that
it uses rules and membership functions extracted from relations among fiducials and homogeneous backgrounds. The
algorithm detects fiducials without the need for any human intervention under varying lighting conditions, including uneven
lighting conditions in one image. The algorithm extends the usability of vision-based AR systems.

(a)

(b)
Figure 10 (a) Undetectable since there is no homogeneous region around a fiducial (b) One possible
solution
The principle weakness of the algorithm is its need for a homogeneous background region around fiducials (Figure 8). If the
homogeneous background region is small, the algorithm may fail to detect a fiducial (Figure 10 (a)). One approach to solve
this limitation is to define fiducials that contain homogeneous areas around themselves (Figure 10 (b)). With these fiducials,
the background is unrestricted.
Our AR system with the presented algorithm operates at four frames per second with images of 640x480 resolutions. The
addition of tracking methods (e.g., optical flow) may reduce computation time. Estimates of camera motion or image motion
could reduce the coarse searching regions and time, perhaps even allowing the direct application of the fine segmentation
method to small regions. Another possible approach is to use our methods as part of a hybrid detection approach. Our
algorithms could locate possible regions and adaptively estimate thresholds for use by simple and fast threshold-detection
algorithms.
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