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Abstract. In these days we have seen the development of local image
descriptors for several computer vision applications in order to perform
reliable matching and recognition. In this direction, we have made an
attempt to propose a new local descriptor which uses the Kirsch’s four
directional edge features to describe the neighbourhood of the interest
point. The descriptor computation mainly consists of two stages: feature
detection (identification of interest points) and feature description. In the
first stage, the interest points are detected using Features from Acceler-
ated Segment Test (FAST) algorithm where interest points are identified
by comparing the pixels on a circle of fixed radius around the interest
point. In the second stage, the directional features for horizontal, vertical,
right-diagonal and left-diagonal directions are extracted from the local
region around the interest point using Kirsch masks. In order to achieve
rotation invariance, the descriptor window coordinates are rotated with
respect to the dominant orientation of the interest point. Experiments
have been conducted on several image datasets to reveal the suitabil-
ity of the proposed approach for various image processing applications.
A comparative analysis with the other well known descriptors such as
SIFT, SURF and ORB is also provided to exhibit the performance of
the proposed local image descriptor.

Keywords: Interest point, feature detection, local descriptor, object
recognition.

1 Introduction

The task of matching the local regions between two images affected by different
kinds of geometric or photometric transformations such as translation, rotation,
change in viewpoint, poor illumination etc, is a challenging problem in com-
puter vision. In recent years, several researchers have focussed their attention on
developing a local descriptor which is robust against the above challenges. We
can find that the local descriptor based matching has many applications such as
object recognition, face recognition, image retrieval, object tracking, video re-
trieval, stereo correspondence problem etc. The local features provide a powerful
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way of image representation and allows to recognize the objects or scenes within
an image without performing image segmentation (see [20]).

Generally, the descriptor computation begins with the feature detection phase,
where invariant features are extracted. These features must be distinctive and
stable. In the next phase, the feature description is performed. It is important
to choose the appropriate descriptor to represent the local region in the neigh-
bourhood of the interest point. This descriptor must be robust against noise,
geometric and photometric deformations. Then the descriptors are matched be-
tween different images. Hence we are motivated to take up the work on designing
a new local image descriptor which is simple to implement, robust and efficient
also.

The rest of the paper is organized as follows. Section 2 presents the review of
existing algorithms for feature detection and feature description. The proposed
model is introduced in section 3. Experimental results and comparison with other
models are presented in section 4 and conclusion is provided in section 5.

2 A Review of Related Works

An overview of the literature for interest point detectors and feature descriptors
is given below.

2.1 Feature Detectors: A Review

We can see that several algorithms for interest point detection have been re-
ported in the literature [20]. The popularly used Harris corner detector proposed
by Harris and Stephens [9] is based on the eigenvalues of the second moment
matrix. Lowe(2004) [13] suggested a method for interest point detection by se-
lecting the local extrema of an image, filtered with differences of Gaussians. Bay
et.al(2006) [6] proposed a faster method of obtaining the Hessian detector using
integral images and box filters for approximating the derivatives.

Rosten and Drummond [16] [17] developed a method for extracting interest
points from an image using Features from Accelerated Segment Test(FAST) al-
gorithm, which has become popular in recent years. The keypoints are identified
by comparing the pixels in a circle of 16 pixels around the current pixel against a
threshold. As the algorithm had some weaknesses, a machine learning approach
is used to overcome the drawbacks of the initially developed algorithm. Finally,
a non maximal suppression is performed to remove the multiple keypoints which
are adjacent to one another. This detector is found to be more efficient when
compared to DoG.

2.2 Local Descriptors: A Review

Several algorithms for computing the descriptors are available in the literature.
A detailed comparative analysis can be seen in [14] [12] [8]. Lowe(2004) [13] in-
troduced SIFT descriptor which consists of four stages, namely, scale-space peak
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selection, keypoint localization, orientation assignment and descriptor building,
resulting in a 128-dimensional descriptor. Ke and Sukthankar(2004) [10] devel-
oped PCA SIFT to improve the matching performance of SIFT. An extension of
SIFT called Gradient location-orientation histogram (GLOH) [14] is proposed to
increase the robustness and distinctiveness of SIFT, by computing the descriptor
in log-polar location grid. Bay et al.(2008) [6] proposed SURF descriptor, which
is computed from the sum of the Haar wavelet responses for x and y directions
in the neighborhood of each keypoint.

To improve the computational efficiency of the high dimensional descriptors,
binarization technique is suggested [7], where the descriptor vectors are mapped
to Hamming space. The BRIEF descriptor is developed based on intensity differ-
ence tests. The binarized descriptors are compared using Hamming distance met-
ric. Rublee et al. [18] developed the Oriented Fast and Rotated BRIEF(ORB),
which is invariant to rotation and robust to noise. The ORB is an extension of
BRIEF descriptor and the keypoints are found using FAST algorithm. Strecha
et al. [19] suggested a method based on similarity-sensitive hashing algorithms
applied to local SIFT descriptors to improve the performance of feature match-
ing in wide-baseline stereo problems. Alahi et al. [5] proposed a descriptor called
Fast Retina Keypoint(FREAK) motivated by the way in which the images are
processed in the human visual system. It computes binary strings by comparing
image intensities over a retinal sampling pattern.

We have seen that there are several techniques available for developing a
local descriptor. However, the robustness to various challenges such as geomet-
ric and photometric transformations could not be achieved completely. So, we
propose an efficient method of designing a local descriptor based on Kirsch’s
directional features to address the above challenges. The proposed model shows
better results for several object datasets and face datasets, and hence suitable
for real-time feature matching applications. The details of the proposed model
are given below.

3 Proposed Model

In the proposed descriptor, the keypoints are extracted using the well known
FAST detector as it is proved to be very efficient and robust in real time feature
detection.

In order to achieve rotation invariance, the dominant orientation for each
keypoint needs to be calculated. To obtain the orientation, we adopt the same
method as applied in SURF descriptor [6] since the convolution operation be-
comes faster with the use of integral image. The Haar wavelet responses for x
and y directions within the circular neighbourhood having a fixed radius around
each keypoint are calculated. The dominant orientation is calculated by obtain-
ing the sum of all responses within a sliding window of size π/3. The x and y
responses within the window are added to get a local orientation vector. The
longest such vector gives the orientation for the keypoint.
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To extract the descriptor for each keypoint, a square window of size 16 × 16
pixels centred on the keypoint is considered. This descriptor window coordi-
nates are aligned in the direction of dominant orientation of the keypoint. To
describe the features in this local region we use Kirsch’s features [11] as it gives
the directional features. Also, Kirsch edge detector accurately detects the four
directional edges since all the eight neighbours are considered in the operation.
The directional gradient proposed by Kirsch is given by [15]:

G(i, j) =
7

max
k=0

{|5Pk − 3Qk|} (1)

where,

Pk = Ak +Ak+1 +Ak+2

Qk = Ak+3 +Ak+4 +Ak+5 +Ak+6 +Ak+7 (2)

In Eqn(1), G(i, j) represents the gradient of the pixel at (i, j). The subscripts of
A are evaluated modulo 8, Ak denotes the 8-neighbours of the pixel at (i, j) as
shown in fig 1, i = 0, 1, ...7.

Fig. 1. 8-neighbours of a pixel (i,j)

Now, the four directional features are calculated as follows:

G(i, j)H = max (|5P0 − 3Q0|, |5P4 − 3Q4|)
G(i, j)V = max (|5P2 − 3Q2|, |5P6 − 3Q6|)

G(i, j)RD = max (|5P1 − 3Q1|, |5P5 − 3Q5|) (3)
G(i, j)LD = max (|5P3 − 3Q3|, |5P7 − 3Q7|)

where G(i, j)H , G(i, j)V , G(i, j)RD and G(i, j)LD represent the directional edge
features for horizontal, vertical, right-diagonal and left diagonal directions re-
spectively. The filter masks to be used for calculating directional feature vectors
are shown in fig 2.

In the above approach, the global characteristics of images are not considered.
So, the normalized image intensities within the local region is used as global fea-
ture in addition to the local directional features. Each of the 16 × 16 features
within the local region are compressed to 4× 4 using bicubic interpolation tech-
nique where the output pixel value is a weighted average of pixels in the nearest
4-by-4 neighbourhood and then the descriptor is normalized. Thus we have a
descriptor of length 4× 4× 5 = 80. The fig 3 summarizes the different stages of
descriptor building.
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Fig. 2. Kirsch masks to be used for directional features, (a) horizontal, (b)vertical,
(c)right-diagonal, (d)left-diagonal
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Fig. 3. Descriptor computation stages

Fig. 4. Keypoints matching by Kirsch descriptor for different kinds of transformations
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The descriptors are compared using City block distance measure. The nearest
neighbour distance ratio(NNDR) [13] is used to match the keypoints. The two
regions are matched by comparing the distance ratio between the first and second
nearest neighbours against a threshold. If DB and DC are the first and second
nearest neighbours of DA, then the region is matched if ‖DA−DB‖

‖DA−DC‖ < T , we fixed
the threshold value T = 0.75 empirically.

4 Experimental Results

In this section, we present the experimental results to reveal the performance
of the proposed descriptor. We conducted experiments on several standard im-
age datasets such as COIL-20 object dataset [2], 53-objects dataset [3], YALE
face database [4], AT & T face database [1] etc. The experiments have been
performed with various combinations of training and testing sets. Also, we have
provided a comparative analysis with the other standard descriptors such as
SIFT, SURF and ORB by performing the similar experiments for these descrip-
tors on the same datasets. All the descriptors were tested with their default
parameters settings(i.e. default threshold parameters for interest point detec-
tion and matching). The recognition rate is defined as the number of correctly
recognized test objects divided by the total number of test objects. Some of the
results are given in Table 1. The figure 4 demonstrates the result obtained by the
proposed descriptor for matching the corresponding keypoints of two images af-
fected by some transformations such as rotation, scale change, viewpoint change
etc.

The COIL-20 dataset consists of gray scale images of 20 objects taken at a
pose interval of 5 degree resulting in 72 images per each object, and it contains a
total of 1440 images. In the first training set, we considered the images taken at
a pose interval of 15 degree, resulting in 24 training images for each subject and
the remaining images were used for testing purpose. The images taken at every
30 degree interval were chosen for the second training set, resulting in 12 training
images for each object and the remaining 60 images were used for testing. In the
third phase, the objects captured at a pose interval of 60 degree were selected
for training, which leads to 6 training images for each subject and the remain-
ing 66 images were used for testing purpose. The proposed model achieved the
recognition rates: 98.75%, 96.67% and 86.97% respectively for the three different
training sets. From Table 1, it can be noticed that the proposed descriptor out-
performs the other descriptors on each test combinations. The SURF descriptor
(with default parameters) produces weak results since the number of detected
interest points are too less to be matched. The YALE face database consists of
165 face images with 15 subjects that include variation in both facial expression
and lighting. In the first training set, the first four face images of each person
were considered and the remaining images have been chosen for testing. The
proposed model achieved a recognition rate of 95.23% for this test images. In
the second phase, the first three face images of each subject were chosen for
training and the remaining eight images were used for testing. The recognition
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rate for this test set is 93.33%. Objects-53 dataset consists of images of 53 ob-
jects with five different views for each subject, containing a total of 265 images.
The images are captured at different camera view points. The first, third and
fifth images of each subject were chosen for the training set and the remaining
images were selected for testing purpose. ORB descriptor produced good results
for this dataset, followed by the proposed model, achieving a recognition rate
of 82.69%. The AT & T face database contains 10 different images of 40 sub-
jects. Some images were captured at different times. The dataset contains images
with changes in lighting and facial expressions. In our experiment, the odd num-
bered samples were used for training set and the remaining images were used for
testing purpose. The SIFT produced better accuracy, followed by the proposed
model (98%). From the experimental results it can be noticed that the proposed

Table 1. Descriptor matching performance on different datasets

Dataset Recognition rate(%)
+ (No. of proposed
TrainSamples per sub.) model SIFT SURF ORB
COIL-20(24) 98.75 96.56 83.33 95.73
COIL-20(12) 96.67 93.42 72.00 92.25
COIL-20(6) 86.97 84.47 48.94 81.81
YALE(4) 95.23 95.23 85.71 79.05
YALE(3) 93.33 93.33 83.33 71.66
53-objects(3) 82.69 77.88 74.04 86.53
AT & T(5) 98.00 99.50 92.50 86.50
Average
Results(%) 93.09 91.48 77.12 84.79

descriptor gives consistently better accuracy for all the databases tested when
compared to other local descriptors. Other approaches produced better results
for object datasets, however, the performance decreased when tested on face
databases.

5 Conclusion

We have presented a robust and efficient local descriptor based on Kirsch’s di-
rectional features for representing the texture feature of images. The interest
point detection is carried out efficiently using FAST detector. The experimental
results show that the proposed local descriptor is on a par with the standard
descriptors such as SIFT, SURF and ORB. The proposed method is computa-
tionally efficient, simple to implement and hence suitable for many computer
vision and video processing applications.
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