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Abstract—In this work, we present the novel Inter-GIP
Distances (IGD) feature and its integration into the Gestalt
Interest Points (GIP) image descriptor. With the ongoing
growth of visual data, efficient image descriptor methods are
becoming more and more important. Several local point-based
description methods have been defined in the past decades.
Accuracy and descriptor size are important factors when
selecting the appropriate method for a given retrieval problem.
The method presented in this work describes images with
only a few very compact descriptors. To test our descriptor,
we developed an image classification prototype and conducted
several experiments with a publicly available horses dataset
and a food dataset. Our experiments show that only a few
of the very compact GIP image descriptors are necessary
to quickly classify the images from the datasets with high
accuracy. Furthermore, we compared our experimental results
to state-of-the-art local point-based description methods and
found that our method is highly competitive.

I. INTRODUCTION

Deep learning is the predominant method in visual in-
formation retrieval today. Though frequently applied on the
pixel level, there are good reasons to combine deep networks
with signal processing-based feature extraction methods in
order to create a powerful visual media analysis scheme.
For once, there appears to be sufficient evidence that a
similar approach is also taken in the human brain [1].
Then, decades of fruitful scientific research have yielded
a multitude of sophisticated visual description methods.
Eventually, in particular the local point-based description
methods are able to provide strong descriptions of visual
cues that are in-line with the findings about the processing
of information in the visual cortex.

The main contribution of this paper is the modification of
a previously defined method for local description of visual
media based on the Gestalt laws. We employ established
distance measures such as the Jaccard coefficient in the
feature extraction process, aiming at making the descriptions
more expressive and robust against image transformations
and noise. The result is a competitive and compact local
visual descriptor that can be used in combination with
various machine learning methods, including deep networks.

The remainder of the paper is structured as follows. Sec-
tion 2 introduces Gestalt-based Interest Points and motivates
our approach for refinement, which is described in technical
detail in Section 3. Experiments and results are given in
Section 4 with the conclusions and an outlook on future
work in the last section.

II. BACKGROUND AND MOTIVATION

Below, we briefly explain the theory behind the Gestalt
Interest Points (GIP) algorithm.

A. Gestalt Interest Points

The GIP algorithm was introduced in [2] and is based
on the Gestalt laws of closure and continuity, i.e. the idea
that, unlike in other local image description methods, certain
weaker candidates are - in addition to the local extrema
- also useful as interest points. The algorithm works as
depicted in Figure 1. After the input image is converted
to grey scale (Figure 1a) the image gradient vectors are
calculated (Figure 1b). The gradient image is split into
m by n (e.g. 16x16) macro blocks. For each block, the
three largest gradient magnitudes are identified. The pixel
positions which correspond to these magnitudes are the so-
called GIP (Figure 1c).

After detecting these points, feature vectors are computed
to describe the image. Each feature vector describes one
image block and is defined by:

F = (m1 m2 m3 p1 p2 p3 o1 o2 o3 ) (1)

where m1,m2,m3 are the three gradient magnitude values,
p1, p2, p3 are the three absolute positions and o1, o2, o3 are
the three orientations of the interest points, which were
chosen within one macro block. Experiments have shown
that this simple recipe results in very compact descriptions
that satisfy the major Gestalt laws [2]. Note that, in the
original version of the algorithm, the absolute pixel positions
were chosen as a feature. This can have a negative impact
on the classification accuracy in certain cases and will be
discussed extensively later in this work.



(a) Grey scale image (b) Image gradients (c) Three GIP per block

Fig. 1. GIP algorithm overview

Two major algorithmic improvements were made in [3].
According to these improvements, interest points in low-
contrast macro blocks (below threshold t) and interest points
on diagonal edges (not within inclination angle α) were
discarded. It could be shown that they are not yet sufficiently
discriminative for the recognition process.

III. PROPOSED APPROACH

This section describes general properties of image fea-
tures and after that we propose a new feature as part of the
GIP descriptor.

A. Features

The goal of a feature descriptor is to provide a unique
and robust description of an image feature, e.g., by de-
scribing the intensity distribution of the pixels within the
neighborhood of the point of interest. Most descriptors are
thus computed in a local manner, hence a description is
obtained for every point of interest identified previously.
The dimensionality of the descriptor has direct impact on
both its computational complexity and matching accuracy.
A short descriptor may be more robust against appearance
variations like different scales, translations or rotations, but
may not offer sufficient discrimination and thus give too
many false positives.

As already mentioned, the GIP descriptor contains the
three absolute positions of the three interest points detected
within one image block. The problem with the absolute
positions is that they are not sufficiently robust against
image transformation, e.g. scaling. To improve the GIP
descriptor we propose a new feature, the so-called Inter-GIP
Distances (IGD). They are intended to replace the interest
point’s absolute positions in the GIP descriptor.

B. Inter-GIP Distances (IGD)

As described previously, the GIP algorithm detects three
interest points inside each image block. These three points
could also be interpreted as the corner points of a triangle.
The distances between these points could therefore be seen
as the triangle’s side lengths and can serve as features.

Figure 2 visualizes this concept and the result is one triangle
within every image block.

The term distance can have different meanings. For
instance the so-called Cityblock distance (see equation 3)
between two points is calculated as the distance in x plus
the distance in y, which is similar to the way we move
in a city. The Euclidean distance (5) is instead calculated
as the length of the line segment connecting two points.
The Chebychev distance (2) is also known as chessboard
distance, since in the game of chess the minimum number
of moves needed by a king to go from one square on a chess-
board to another equals the Chebyshev distance between the
squares. The Minkowski distance (6) can be considered as
a generalization of three other distances, the Euclidean if
p = 2, the Cityblock if p = 1 and the Chebychev distance
if p = ∞. For our experiments we defined p = 3. The
Jaccard distance (7) measures dissimilarity between sample
sets.

Since a variety of different distance functions do exist, the
question arose, which one would be the best for our purpose.
We also wanted to measure, how the choice of a certain
distance function affects the classification accuracy/speed.
Therefore, one goal of this work was to find the most
suitable distance measure to compute the IGD. We decided
to test our algorithm with several known distance functions,
which are listed for the two-dimensional case in equations
(2)-(7).

DChebychev = max(|x2 − x1|, |y2 − y1|) (2)

DCityblock =
|x2 − x1|+ |y2 − y1|

2
(3)

DCosine = 1− PQ′√
(PP ′)(QQ′)

(4)

DEuclidean =

√
(x2 − x1)2 + (y2 − y1)2

2
(5)

DMinkowski =

p

√
n∑

i=1

|xi − yi|p

2
(6)



Fig. 2. Inter-GIP Distances

DJaccard =
#[{xi 6= yi} ∩ ({xi 6= 0} ∪ {yi 6= 0})]

#[{xi 6= 0} ∪ {yi 6= 0}]
(7)

where P = (x1, y1) and Q = (x2, y2) representing two
points in the two-dimensional space. Please note that (4) is
actually a similarity measure, hence inverse to the others.
That, however has no effect on the discriminative value
of the descriptor. In future work we will analyze the
performance of our algorithm with other metrics. Further
information about distance functions can be found in [4].
We present our experimental results in the next section.

IV. EXPERIMENTAL RESULTS

In this section, the datasets on which we applied our
algorithm and an extensive evaluation are presented and
discussed. One goal of our experiments was to find the
IGD distance measure which maximizes the categorization
accuracy while keeping the computational complexity as
low as possible. Moreover, we wanted to find out how robust
our modified GIP algorithm is against image scaling.

We compare our method to several different state of
the art algorithms, namely CNN [5], SIFT [6], SURF [7],
BRISK [8] and FREAK [9]. Additionally, we compare GIP-
IGD to the original GIP method (GIP-ABS) [2][3], which
produces feature vectors containing absolute pixel positions.
Recently, the Convolutional Neural Network (CNN) offers
a very accurate state-of-the-art technique for many general
image classification problems. The SIFT and SURF descrip-
tors are both vectors containing floating point values. More
recent binary descriptor methods like BRISK and FREAK
are less computationally expensive but on the other hand
their accuracy is lower.

After quantizing the extracted descriptors with the popular
BoVW-algorithm [10] we fed the resulting histograms into
Matlab’s Classification Learner App. The app compares
several different Classifiers, e.g., different variations of
Trees, Support Vector Machines (SVM), Nearest Neighbor

Classifiers, Ensemble Classifiers and so forth. It turns out
that the Medium Gaussian SVM is best suited for our cate-
gorization problems. The F1 measure is used for evaluation.
It is the harmonic average of the precision and recall, where
an F1 score reaches its best value at 1 (perfect precision and
recall) and worst at 0. The performance metric was evaluated
with 5-fold cross validation.

A. INRIA Horses Categorization

In our first evaluation task, we tested the detection per-
formance with the INRIA Horses dataset [11], consisting
of 170 images containing horses, and 170 without horses.
The goal of the evaluation task was to categorize the images
into images containing horses and images without horses.
Because the horses appear at different scales, and against
cluttered backgrounds, the categorization is considered to
be a sophisticated problem.

B. Food-5K Categorization

The second dataset which we used to test our algorithm
is the Food-5K dataset [12]. It consists of 2.500 food
images, which cover a wide variety of food items and 2.500
randomly selected non-food images. Some food images also
contain other objects or people. The Food-5K dataset is with
a total size of 5.000 images significantly bigger than the
INRIA horses dataset. Figure 3 shows some examples of
food and non-food images in Food-5K.

Food image classification plays a very important role
for dietary assessment, which became a health issue of
great interest in recent years. Many food items look similar
and even for human beings they are sometimes hard to
distinguish. Therefore, high-accuracy food classification is
a hard problem to solve. The goal of this evaluation task is
to categorize the images into food and non-food images.

C. Discussion

The experimental results of applying our algorithm on the
INRIA Horses dataset are shown in the left column and the
results for the Food-5K dataset are presented in the right
column of Figure 4. Figures 4a and 4b depict the F1-scores
over extraction time of our IGD experiments with different
distance measures. Adjusting the values of the two GIP pa-
rameters t and α causes the algorithm to extract more or less
image feature vectors. Therefore, these parameters indirectly
affect the extraction time per image and the categorization
accuracy because they determine the number of extracted
feature vectors. With higher t and lower α, the number of
extracted feature vectors per image decreases. It is assumed
that the remaining descriptors carry a considerable amount
of information and descriptors with less information are
omitted. A small set of descriptors for the categorization
task reduces the computational complexity significantly.

As already mentioned, the binary descriptor methods
BRISK and FREAK are very fast and therefore strong



competitors when it comes to computational complexity.
Although they are fast, their F1-scores are relatively low.
The F1-scores of SURF and SIFT are higher but not as
high as the F1-scores of GIP. SIFT is with about 400 ms
extraction time per image, comparatively slow. The clear
winner in terms of F1-score is the CNN but the serious
drawback is the high computational complexity. The CNN
needs more than a second to extract the features from
one image and therefore it is by far the slowest method.
A CNN can achieve extremely high accuracies but this
advantage does not come without a price. CNNs in general
are computationally expensive and relatively slow, even
with graphical processing units. Additionally, a huge set of
training data is needed, which can be difficult to provide
and the training process itself can be very time consuming.

Figures 4c and 4d show the F1-scores over scaled versions
of the test images. As mentioned earlier, GIP-ABS does not
work well when it comes to categorizing scaled images.
In contrast, GIP-IGD is to a certain degree scale-invariant.
Especially, GIP-IGD in combination with the Minkowski
distance measure delivers outstanding results in the case of
horse categorization, and in the case of food categorization
GIP-IGD delivers good results in general, no matter which
distance measure is used. For our application domains
GIP-IGD is more robust against scaling than SURF, SIFT,
BRISK and FREAK. The CNN has the highest accuracy but
as mentioned above, it is very slow.

Figures 4e and 4f depict the average number of feature
values extracted from one image. The description vectors
of SURF, BRISK and FREAK are 64-dimensional and
the SIFT vector has 128 elements. Hence, they are more
memory-consuming than the 9-dimensional GIP-IGD fea-
ture vectors. For example, in case of using FREAK for horse
categorization a total number of 918 ∗ 64 = 58.752 feature
values per image are necessary to get a comparatively poor
F1-score of 69%. In other words, Figure 4 demonstrates that
GIP outperforms SIFT’s, SURF’s, BRISK’s and FREAK’s
accuracy while reducing the descriptor values per image to
only a few percent.

V. CONCLUSION

In our experiments we demonstrated that it is possible to
classify images fast and with high accuracy using only a few
and very compact GIP image descriptors. The GIP feature
vector is much more compact than all the feature vectors
of the evaluated baseline competitor methods. Furthermore,
viewer descriptor values have a positive impact on classifier
training time and storage requirements. For example, this
is an important advantage for low-power devices, mobile
devices and in the big data domain. We also demonstrated
that the replacement of absolute pixel positions through IGD
feature makes the GIP feature vector more robust against
image scaling. In future work we will investigate, how

Fig. 3. Example images of Food-5K dataset. The top row shows food
images and the bottom row non-food images.

efficient and accurate GIP is in combination with Deep
Learning methods.
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Fig. 4. The experimental results of applying our algorithm on the INRIA Horses dataset are shown in the left column and the results for the Food-5K
dataset are presented in the right column. Our algorithm is also compared to several different baseline methods. The different F1-scores for each IGD
distance measures in figures 4a and 4b arise through adjusting the two GIP parameters t and α, which are described in section II-A.


