


an extension of the classical Haar features. In this paper, the
0◦, 45◦, 90◦, and 135◦ rotated Gabor features are proposed
and used for face detection. The authors also noted that the
simpli“ed Gabor features are a little more complex than the
classical Haar features. However, compared to the classical
Haar features, the experiments showed that the Gabor features
are more ef“cient.

Next very powerful features (that were used in the sliding
window detector) were proposed by Dalal and Triggs [6]. The
authors found a very effective way how to encode the gradient
of the image inside the sliding window. Their detector is based
on the histogram of oriented gradients (HOG). The image
inside the sliding window is divided into the regions in that
the histogram of the image gradient orientation is calculated.
In essence, HOG can be considered as the dense version of
the Scale Invariant Feature Transform (SIFT) [3], [16], [17].
The classical HOG descriptors suffer from the large number of
features, which causes that the training and detection phases
can be time consuming. The suf“cient amount of training
data is also needed to “nd a separating hyperplane by the
SVM classi“er. These shortcomings became the motivation
for creating many variations of HOG-based detectors.

In [12], the authors applied the Principal Component Anal-
ysis (PCA) to the HOG feature vector to obtain the PCA-HOG
vector. This vector contains the subset of HOG features and the
vector is used as an input for the SVM classi“er. Their method
was used for pedestrian detection with the satisfactory results.
The method for vehicle detection in low-altitude airborne
videos using boosting HOG features was presented in [4].
In this method, the authors used the bins of the histogram
as a week classi“er. The Adaboost algorithm is then used to
train the strong classi“er. In the “nal stage, all boosting HOG
features are combined to the “nal feature vector to train the
linear SVM classi“er.

In the areas of face detection and recognition, the detectors
that are based on Local Binary Patterns (LBP) have shown a
good performance. LBP were proposed by Ojala et al.[18],
[19] for the texture analysis. Since then, many variations
and applications of LBP have been proposed. For example,
in [9], the face detector (using LBP) was proposed in low-
resolution images. The face recognition approach (using LBP)
was proposed in [1].

III. G-DCT DESCRIPTORS

Many works have shown that encoding the gradient image
information is ef“cient way how to describe the appearance of
objects. In this area, the detectors based on the histogram of
oriented gradients (HOG) descriptors become dominant. Nev-
ertheless, classical HOG suffers from a hight dimensionality of
feature vector and the dimensionality can be reduced without
loss of the detection performance. The method we propose
is inspired by the histogram of oriented gradients (HOG)
but we encode the gradient information in a different way.
Instead of gradient orientations, the discrete cosine transform
(DCT) coef“cients is used to encode the information about

Fig. 1. The blocks and cells inside the input image (sliding window).

the image gradients. The motivation of the proposed method
is to obtain a vector of features that is not too big (i.e. with
the smaller dimensionality than classical HOG). Therefore, we
use the advantage of DCT, and we use only the most important
DCT coef“cients; the coef“cients that carry most of the image
information.

Since we encode the sizes of the gradients, it is desirable
to use the preprocessing method that ensures that the only the
signi“cant gradients are encoded. For this purpose, we use
continuous non-linear sigmoid function in the following form
[11]:

g(x, y) =
1

1 + ec(th−f(x,y)) , (1)

where g(x, y) represents the modi“ed pixel value,c is the
factor that determines the slope of the sigmoid (threshold-like
or step-like),th is the threshold value, andf(x, y) represents
the input pixel value. Using this smooth threshold function,
the signi“cant gradients are preserved; on the other side, the
insigni“cant gradients are suppressed.
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Fig. 2. The example of DCT coef“cient pattern of one8 × 8 cell.

After this transformation, we divide the image inside the
sliding window in a way that is similar to classical HOG. It
means that the image is divided into the blocks. The blocks
are divided into the small cells Fig. 1. Inside each cell, the
DCT coef“cients are calculated.

The dimensionality of DCT coef“cients is same as the size
of the cells. In the case that the size of each cell is8×8 pixels,
we obtain 64 DCT coef“cients. The number of coef“cients has
to be reduced; which can be done effectively. After DCT, it is
clear that the most of the image information is concentrated



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

Fig. 3. The example of DCT patterns of one8 × 8 cell. The areas are depicted by three different colors in that the averages of coef“cients are calculated.

in a few DCT coef“cients that are localed in the upper left
corners of cells [22]. These upper left corner DCT values can
be grouped together in several ways and composed to the “nal
feature vector.

For example, suppose the8×8 cell pattern from Fig. 2. We
observe (from the experiments) that the DC coef“cient is the
most important coef“cient for description of the cell informa-
tion. Based on this fact, this pattern is designed to encode the
DC coef“cient separately; in essence, each pattern that we used
is designed to encode the DC coef“cient separately. Due to the
fact that the most of the important image information is located
in the surroundings of the DC coef“cient (upper left corners
of cells), the mean of three AC coef“cients (green area around
the DC coef“cient) is computed. In this particular case, each
cell is encoded by two values; “rst value represents the DC
coef“cient, second value represents the mean of the mentioned
AC coef“cients. We experimented with many combinations of
DCT coef“cients and we suggest various patterns in Section
IV. Based on these patterns, the DCT coef“cients are averaged
in different ways; the different areas are created inside that the
values of coef“cients are averaged.

With the use of the mean of DCT coef“cients to encode the
gradients of the image, the “rst data compression is done. The
second reduction is made using PCA (principal component
analysis). In this step, the most important DCT coef“cients are
selected to create the “nal feature vector with the reasonable
dimensionality. Finally, this vector is then used as an input for
the support vector machine (SVM) classi“er with the radial
basis function kernel. Using this approach, we are able to
describe the appearance of the objects with the relatively small
set of numbers with promising detection results compared with
the state-of-the-art sliding window detectors.

In the next section, we will study the properties of this ap-
proach for solving the tasks of face and pedestrian detections.

IV. EXPERIMENTS

We collected 2300 faces and 4300 non-faces for the task
of face detection. The faces were obtained from the BIOID
database combined with the Extended Yale Face Database
B [13]. The negative set consists of 3000 images that were
obtained from the MIT-CBCL database combined with the
1300 hard negative examples. For the proposed detector, the
training images were resized to the size of80×80 pixels (the
size of sliding window was also set to this size) and the sliding
window scanned 10 different resolutions of input image.

We experimented with many parameters of cell and block

sizes and we suggested the following con“guration that ob-
tained very promising results with the reasonable size of
feature vector; the size of block:16×16 pixels; the size of cell:
8 × 8 pixels; the horizontal block step size:8 pixels. To test
the proposed detectors in the different con“gurations of DCT
coef“cients, we created the different8× 8 cell patterns based
on that the DCT coef“cients are encoded (Fig. 3). The pattern
in Fig. 3(a) is designed to encode the neighborhood of the DC
coef“cient. On the other hand, the patterns in Fig. 3(b, c, d) are
designed to encode the different directions of AC coef“cients
(vertical, diagonal, and horizontal). The con“gurations of the
proposed descriptors are denoted based on these patterns;
G−DCT (a), G−DCT (b), G−DCT (c), andG−DCT (d).
All con“gurations consist of 1296 descriptors for one position
of sliding window.

We also experimented with the parameters of the sigmoid
function. Based on the experiments, we suggest the following
parameters;th = 0.5, c = 10. An example of face image
gradient before and after the sigmoid transformation is shown
in Fig. 4.

Fig. 4. An example of face image gradient computed using the3× 3 Sobel
operator (left image), and the image gradient after the sigmoid transformation
with th = 0 .5, c = 10 (right image).

For comparison, we used the detectors that are based on the
HOG features, LBP (Local Binary Patterns) features [15] and
Haar features (Viola-Jones detection framework). For the HOG
features, we used the classical parameters of HOG descriptors;
the size of block:16×16 pixels; the size of cell:8×8 pixels;
the horizontal step size:8 pixels; the number of bins:9. The
training images (for HOG) were resized to the size of80×80
pixels (the size of sliding window was also set to this size)
and the sliding window scanned 10 different resolutions of
input image like in the proposed method. This con“guration
consists of2916 HOG descriptors for one position of sliding
window; this con“guration is denoted asHOG. The SVM
classi“er with the radial basis function kernel is trained over



Fig. 5. The face detection results ofG − DCT (d)PCA con“guration. The results are without the postprocessing (the detection results are not merged).

the HOG descriptors. The detector based on the Viola-Jones
detection framework is denoted asHaar, the detector based
on the LBP features is denoted asLBP ; we create the cascade
classi“ers and the training images were resized to the19×19
pixels for these detectors. We used the identical training set
(2300 positive and 4300 negative samples) and testing set for
all detectors. To test the detectors, we collected 300 images
from the Faces in the Wild dataset [2]. Before the process of
performance calculation, the positive detections were merged
to one if at least 3 positive detections hit approximately one
place in the image. In Table 1, the detection results are shown.

Precision Sensitivity F1 score
G − DCT (a) 94.29% 78.57% 85.71%
G − DCT (b) 97.22% 55.56% 70.71%
G − DCT (c) 96.91% 66.40% 78.81%
G − DCT (d) 98.33% 76.03% 85.76%

G − DCT (d)PCA 90.84% 91.80% 91.32%
HOG 68.85% 94.71% 79.73%
Haar 85.88% 81.28% 83.52%
LBP 72.60% 70.67% 71.62%

Table 1. The face detection performance.

The detector based on the HOG descriptors achieved the
highest number of true positives (Sensitivity =94.71%), nev-
ertheless, with the large number of false positives (Precision
= 68.85%). The detector based on HOG with the2916
descriptors (for one position of sliding window) detected the
faces in the wrong places in many cases. This side-effect is
caused by the relatively hight dimensionally of HOG feature
vector that is combined with a relatively small set of training
data. This is also the problem of Haar and LBP features (F1
score =83.52% and71.62%, respectively).

On the other side, the best detection results were achieved

by the con“gurationG − DCT (d) with the pattern from
Fig. 3(d) (F1 score =85.76%). This detection results were
achieved with approximately2× less descriptors (for one
position of sliding window) than in the HOG based detector.
This detector achieved the lowest number of false positives
(Precision =98.33%) with the relatively good numbers of true
positives (Sensitivity =78.57%). The detector based on the
G − DCT (a) con“guration also achieved a very promising
result (F1 score =85.71%); on the other hand, the detectors
based on theG −DCT (b) andG −DCT (c) con“gurations
did not achieved such good results (F1 score =70.71% and
78.81%, respectively).

Based on the very promising number of false positives of the
G −DCT (d) con“guration, we decided to use the Principal
Component Analysis (PCA) to reduce the dimensionality of
the feature vector to obtain the larger number of true positives.
We used the 150 principal components (corresponding to the
largest eigenvalues) for the detector based on this feature
subset. This detector is denoted asG − DCT (d)PCA. The
reduced feature vector had positive effect on the training
phase of classi“er; with the 150 descriptors (for one position
of sliding window), the detector was able to detect more
faces (Sensitivity =91.80%). This detector achieved the best
detection result in the test (F1 score =91.32%).

Finally, the experiments have shown that the gradient of the
image can be very effectively encoded using the DCT coef“-
cients (with the sigmoid transformation preprocessing step) to
achieve the feature vector with the reasonable dimensionally.
In addition, based on the positive detection results, we have
shown that this dimensionality can be even reduced using PCA
to obtain feature vector with the relatively small set of numbers
for solving the task of face detection. The detection results of
theG−DCT (d)PCA con“guration are shown in Fig. 5.



Fig. 6. The pedestrian detection results ofG − DCT (d)pedest con“guration. The results are without the postprocessing (the detection results are not
merged).

Fig. 7. An example of pedestrian image gradient computed using the
3 × 3 Sobel operator (left image), and the image gradient after the sigmoid
transformation withth = 0 .5, c = 10 (right image).

The next part of the experiments is focused on the pedes-
trian detection problem that is solved using the proposed
descriptors. We collected2500 positive samples and10000
negative samples for the training phase. For the positive set,
we combined the pedestrian images from the CBCL Pedestrian
Database [5] with the images from the Daimler benchmark [7].
For the negative images, the examples were randomly sampled
from the INRIA Person Dataset [6]. Each training sample was
resized to the size of 64×128 pixels.

For the detector based on the proposed descriptors, we used
the following settings; the size of block:16×16 pixels; the size
of cell: 8×8 pixels; the horizontal block step size:8 pixels (in
the same way as the face detector). Based on the face detection
results, we selected the Fig. 3(d) pattern; the detector based on
the proposed descriptors is denoted asG−DCT (d)pedest for
pedestrian detection. This detector produces 1680 descriptors
for one position of sliding window. Based on the experiments
with the sigmoid function from face detection, we used the
following parameters;th = 0.5, c = 10. An example of image

gradient before and after the sigmoid transformation is shown
in Fig. 7.

For comparison, we used the detector that is based on the
HOG features that is de facto considered as the state-of-the-art
detector in the area of human detection. For the HOG feature
based detector, we used the parameters that produced the
same number of descriptors (1680) as the proposed method;
the size of block:16 × 16 pixels; the size of cell:8 × 8
pixels; the horizontal step size:8 pixels; the number of bins:
4. The detector based on this con“guration is denoted as
HOGpedest. For the test, we collected 55 images from [6].
Before the process of performance calculation, the positive
detections were merged to one if at least 3 positive detections
hit approximately one place in image. In Table 2, the detection
results are shown.

The detector based on the HOG descriptors suffers from
the low number of bins. The four bins are not suf“cient to
precisely describe the appearance of the objects, therefore, the
HOG based detector had a large number of false positives;
the pedestrians were detected in wrong places (F1 score
= 78.36%). On the other hand, the detector based on the
compressed DCT coef“cients achieved less false positives
than the HOG based detector; the DCT coef“cients that are
encoded by the Fig.3(d) contain the majority of the important
image information that is useful for the detection (F1 score =
83.44%). The examples of differences between the detection
results of proposed descriptors and HOG descriptors are shown
in Fig. 8. The detection results ofG−DCT (d)pedest are shown
in Fig. 6. In essence, using DCT to encode the gradient image
information, the appereance of the objects can be encoded with
a relatively small set of number; the DCT coef“cients can
be effectively encoded without the signi“cant loss of image



information (similarly as in JPEG compression).

Finally, if we speak about the complexity measurement of
the proposed method, the calculation of DCT and composition
of the feature vector take approximately 1 millisecond for one
position of sliding window (80×80 pixels or 64×128 pixels).
The recognition time depends on the chosen classi“er.

G−DCT (d)pedest HOGpedest

Fig. 8. The examples of differences between the detection results. The left
images: the detection results ofG−DCT (d)pedest con“guration. The right
images: the results ofHOGpedest con“guration. The detection results of
approaches are shown without the post-processing (the detection results are
not merged).

Precision Sensitivity F1 score
G − DCT (d)pedest 88.73% 78.75% 83.44%

HOGpedest 73.63% 83.75% 78.36%

Table 2. The pedestrian detection performance.

V. CONCLUSIONS

We proposed the image object descriptors that are based on
the DCT coef“cients that encode the sizes of the gradients. To
focus on the signi“cant gradients, the sigmoid transformation
is used as the preprocessing step. The main advantage of the
proposed approach is a relatively small set of descriptors that
are used to encode the appearance of objects. Finally, the
proposed descriptors achieved the very promising detection
results compared with the state-of-the-art descriptors, and we
will focus on the improvement of time complexity of the
method in the future work.
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