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ABSTRACT
The detection of shadow and shading edges is a first step towards reducing the imaging effects that are caused by interactions of the light source with surfaces that are in the scene. As
most of the algorithms for shadow edge detection use photometric information, geometric information have been ignored
so far. In this paper, the aim is to include geometric features
for more robust shadow edge detection. First, thousands of
patches are annotated as either containing a shadow edge or
not. Then, geometric features of these patches are analyzed
and it is shown that the combination of photometric and geometric features improves the classification of shadow edges
with respect to using either one of these features with 14%.
These results demonstrate the added value of geometric features, in addition to photometric features, for the detection of
shadow edges.
Index Terms— Shadow edge detection, photometric features, geometric features
1. INTRODUCTION
Many image processing applications have to deal with imaging effects that are caused by interactions of the light source
with surfaces that are in the scene. Especially for systems that
have to work robustly in real-world complex scenes, there
is a need to correct for effects like shadow and shading. A
first step for reducing such effects is the detection of shadow
edges. For instance, shadow removal can greatly benefit from
accurate detection of shadow edges [1], and more accurate
color constancy can be obtained using shadow edges than using material edges [2]. In this paper, the focus is on the classification of shadow and shading edges.
Shadows are regions in a scene which are not reached
by the light source directly, e.g. because of occluding objects or the direction of the light source. Shadow regions
have a lower and therefore contrasting intensity (and sometimes color) with respect to regions that are fully illuminated
by the light source, and it is this property that is mainly exploited for the detection of shadow edges, e.g. [3, 4, 5, 6, 7].

For instance, an image that is invariant to the light intensity and color can be constructed by projecting the 2D logchromaticity image onto the direction orthogonal to the light
source [3]. Alternatively, images that are invariant to either
specular edges, shadow edges, or specular and shadow edges
can be obtained by subtracting the appropriate photometric
variant from the derivative of an image [7].
As most of these shadow edge detection algorithms are
based on photometric information, geometric features like
SIFT [8] or local binary patterns [9] have been ignored so far.
This is partly caused by the lack of ground truth: data sets
that contain clear shadow edges are either small (e.g. the toy
images shown in [7] or the limited number of images used in
[1]) or focussed on photometric invariants (e.g. the collection
of shadow and non-shadow patches introduced in [6]). In
this paper, the aim is to include geometric information in the
classification of shadow edges.
The contribution of this paper is to combine geometric
and photometric information to detect shadow edges. First,
thousands of patches are annotated and labelled as either containing a shadow edge or not. Then, the geometric features
of these patches are analyzed and a classifier is trained to distinguish between shadow and non-shadow patches. The combination of photometric and geometric features will be exploited for classification of shadow edges in addition to using
either photometric or geometric features alone. Experiments
are conducted on a large set of manually annotated patches.
The rest of this paper is organized as follows. In section
2, the features that are used for classification of patches into
shadow or non-shadow classes are discussed. Then, in section 3, the effectiveness of these features (and combinations
of these features) is evaluated on a large set of manually annotated patches, followed by the conclusion in section 4.
2. SHADOW EDGE DETECTION
In general, shadows and shading regions are identified using
photometric information. First, characteristics of shadows
and shading are analyzed, resulting in classification scheme
to identify different edges. However, analysis of shadow and

shading edges is merely done using low-level photometric
properties, completely ignoring possible geometric regularities. In this section, several photometric invariants are shortly
explained. After that, geometric features are introduced for
the purpose of shadow edge detection.
2.1. Photometric features
Several approaches using photometric or color invariants have
been proposed to detect shadow/shading edges, of which four
types are explored in this paper. The main principle is to identify regions with a lower, and therefore contrasting, intensity
with respect to regions that are fully illuminated by the light
source.
Quasi-invariants. The quasi-invariants introduced in [7]
are shown to be invariant to either shadow/shading edges,
specular edges or both. These quasi-invariants can be obtained by subtracting the appropriate photometric variant
from the derivative of an image. The photometric variants are
called shadow-shading variant, specular variant and shadowshading-specular variant, and by combing the three invariant
images using a simple classification scheme, edges can be
classified into material edges, shadow edges and specular
edges.
Physics-based invariants. Invariants that are similar to
the quasi-invariants are proposed in [4], where the invariants
are derived from a physical reflectance model based on the
Kubelka-Munk theory for colorant layers. Several invariants
are proposed, but in this paper the combination of the E and
C-invariant proved to perform best (although difference between the several invariants are small). The E-invariant is
consistent with a grey-scale image, and therefore contains no
invariance. The C-invariant is insensitive to the illumination
direction and intensity. As features, the mean and standard
deviation of the responses in the gradient of these invariants
are computed for an entire patch.
Color constancy at a pixel. In [3], the focus is on obtaining an invariant image that does not depend on the light
source (intensity nor chromaticity). By projecting the 2D logchromaticity image onto the direction orthogonal to the light
source [3], an invariant image is obtained that is insensitive to
changes in intensity and color of the light source. The invariant image can be obtained as follows:
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where θ is based on the color of the light source. For the
best result, the chromaticities of the light source should fall
near the Planckian locus. Since the light source is generally
unknown, the value for θ is fixed in this paper.
Normalized-rgb. The final color invariant that is examined in this paper is based on the normalized-rgb color space.
This model is often used to compute color features, because
of its invariance to intensity changes. It can be computed as

follows:
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This color space is insensitive to changes in intensity, and
should therefore be able to distinguish material changes (i.e.
changes in color) from changes in intensity (i.e. shadow/shading
edges). Consequently, shadow edges can be identified by taking the intersection of the edge-map of RGB-patches and the
edge-map of rgb-patches. The edge-map of a single color
channel is obtained using the Canny edge detector [5].
2.2. Geometric features
Three geometric features are selected, each describing a local region. The main idea is to analyze possible patterns in
geometry that are characteristic for shadow edges. The three
features are explained in short.
SIFT. The SIFT-feature [8] has proven to be very effective for object and scene recognition, and it describes the orientation of edge responses in a small region around a point.
The original SIFT-feature is composed of a detector and descriptor phase. However, considering the size of the patches,
only the descriptor is used to describe the content of a patch.
Local Binary Pattern. Local binary patterns [9] describe
a texture using a histogram of binary patterns, where every binary pattern corresponds to one pixel in a region. The binary
pattern for a pixel P describes the relative values of neighboring pixels: neighbors with lower values than pixel P are assigned the value 0, while the other neighbors (i.e. with higher
or equal values) are assigned the value 1. By concatenating
the values of all neighbors, a binary pattern for pixel P is obtained and the binary patterns of all pixels in a region are summarized into a histogram. The histogram of an entire patch is
used as feature.
Grey-level Co-occurrence Matrix. The Grey-level cooccurrence matrix [10] is a well-studied texture feature, that
captures the relationship between intensity values that occur
simultaneously. The result is a matrix C, where element (i, j)
indicates the number of times elements i and j co-occur in an
image I at a given offset (∆x, ∆y). In this paper, 8 × 8 greylevel co-occurrence matrices are created by considering all
8-connected neighbors of a center pixel.
2.3. Combination
Combining features can be done using several approaches. In
general, a distinction can be made between early fusion and
late fusion. When early fusion is used, the feature vectors are
merged (e.g. by concatenation) before learning a classifier.
This often results in a feature vector with larger dimensionality. Late fusion results in a separate classifier for every feature, followed by a rule that combines the posterior probabilities, like the sum or product-rule. Experimental results show

(a) Patches with shadow edges

(b) Patches without shadow edges

Fig. 1. Examples of the shadow and non-shadow classes. Note that the actual patches that are used for the classification are
marked by the red square, the rest of the image is shown to denote the context of the patch.
Feature
Quasi-invariants
Physics-based invariants
Color constancy at a pixel
Normalized-rgb
SIFT
LBP
GLCM
All texture features combined
All photometric features combined
All features combined

AUC
0.69
0.72
0.66
0.70
0.70
0.68
0.70
0.78
0.78
0.82

Error
0.38
0.42
0.35
0.39
0.36
0.38
0.36
0.30
0.30
0.26

ing a 1-nearest-neighbor classifier. As performance measures,
the area under the ROC-curve is computed, in addition to the
classification error (i.e. the ratio of misclassifications using
classification based on maximum posterior probability).
Photometric features. The performance of the four types
of photometric features is reported in table 1. The area under the curve (AUC) is computed from the ROC-curves (not
shown here), the classification error is computed from the
number of misclassifications of all shadow and non-shadow
patches. It can be seen that the physics-based invariants proposed in [4] performs best among the photometric features,

Table 1. Results of classification using several features. The
AUC denotes the area under the corresponding ROC-curve,
while the error denotes the ratio of misclassified patches when
a test patch is classified using maximum posterior probability.
that late fusion combined with the sum-rule (i.e. the final posterior probability is the sum of the posterior probabilities of
all separate classifiers) is the best choice for this problem [11].
Therefore, in this paper, late fusion will be adopted.
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3. EXPERIMENTS
In this paper, shadow edge detection is performed on a data
set containing manually annotated shadow and non-shadow
patches. Shadow patches are patches with at least one clear
shadow edge (and possibly other material edges). Nonshadow patches are patches with only material edges or no
edges at all, see figure 1 for some examples. These patches
are all 19 × 19 pixels and are extracted from both indoor and
outdoor scenes. All original scenes are 256 × 256 pixels,
and are taken from [12, 13]. In total, the set contains 7047
patches, of which 3461 are labelled as shadow patch, and
3586 are labelled as non-shadow patch. For the classification,
a simple framework is used, i.e. 10-fold cross-validation us-

Fig. 2. An example of edge classification of the image in
figure (a) the physics-based invariants or using co-occurrence
matrices in figures (b) and (c). In figure (d), (e) and (f) results
are shown when combination all texture features, all photometric features, or all texture and photometric features, respectively.

with the highest AUC and the lowest classification error.
However, note that the results of [3] are obtained without
calibration of the parameter θ. A fixed value is used, while
the images are taken with multiple cameras. An example of
using the physics-based invariants is shown in figure 2(b).
Geometric features. The performance of the geometric
features are very similar to the performance of the photometric features. The best results when using geometric features
are obtained using the SIFT and the grey-level co-occurrence
matrices, see table 1 for results. An example using the greylevel co-occurrence matrices is shown in figure 2(c).
Combination. Using a combination of features can significantly improve the results. Fusing the output of all photometric features can boost performance to an area under the
curve of 0.78 (an improvement of over 8%), and fusing the
geometric features results in a similar performance. Using
both photometric features and geometric features, however,
performance is increased even further to 0.82, which is an
improvement of 14% with respect to merely using photometric features (see table 1). Examples of combining different
types of features are shown in figure 2(d)-(f).

4. CONCLUSION
In this paper, thousands of patches are annotated and labelled
as either containing a shadow edge or not. After that, it is
shown that geometric features have, to some extent, the ability to distinguish between shadow and non-shadow patches.
The most discriminative features are diagonal edges and the
lack of edges. Finally, it is shown that geometric features,
in combination with more conventional features like photometric invariants can significantly improve shadow edge detection. The results presented in this paper clearly justify the
need for further investigation into the use of geometric features for shadow edge detection.
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