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Abstract The basic idea behind the energy-transfer

features (ETF) is that the appearance of objects can

be described using a function of energy distribution in

images. Inside the image, the energy sources are placed

and the energy is transferred from the sources during a

certain chosen time. The values of energy distribution

function have to be reduced into a reasonable number

of values. The process of reducing can be simply solved

by sampling. The input image is divided into regular

cells. The mean value is calculated inside each cell. The

values of samples are then considered as a vector that

is used as an input for the SVM classifier. We propose

an improvement of this process. The Discrete Cosine

Transform (DCT) coefficients are calculated inside the

cells (instead of the mean values) to construct the fea-

ture vector for the face and pedestrian detectors. To
reduce the number of coefficients, we use the patterns

in which the coefficients are grouped into regions. In the

face detector, the PCA (Principal Component Analysis)

is also used to create the feature vector with a relatively

small dimension. The results show that, using this ap-

proach, the objects can be efficiently encoded with a

relatively short vector with the results that outperform

the results of the state-of-the-art detectors.

Keywords Object detection · Image features · Feature

extraction

1 Introduction

In the area of feature-based detectors, many methods

have proved to be effective using the sliding window
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technique. The basic idea is that the window scans the

image in different scales and positions. The image in-

side each window is examined. The features that are ca-

pable to describe the objects of interest are calculated

and combined into the final feature vector. This vec-

tor is then used as an input for the trainable classifier

(e.g. neural network, support vector machine, random

forest).

The main contribution of this paper is an improve-

ment of the sliding window detector that is based on

the energy-transfer features (ETF). The face detector

based on these features was presented in [13]. The ba-

sic idea of these features is that the appearance (shape)

of objects can be described using the energy distribu-

tion function. Inside the image, the transfer of energy

is solved by making use of the physical laws. If we are
thinking about the energy transfer, we can imagine the

transfer of heat. The image can be considered as a rect-

angular plate with a certain thermal conductivity de-

pending on the size of image gradient. The places with

a high gradient size have a low conductivity and vice

versa. To simulate the heat transfer, the heat sources

are placed into the image in the form of a regular grid.

The heat is transferred from these sources during a cer-

tain chosen time. After this time, the distribution of

heat energy (i.e. the distribution of temperature) is in-

vestigated. The image is divided into the rectangular

non-overlapping cells and the mean temperature is cal-

culated inside each cell. In this work, we propose an im-

provement of this process. Instead of the mean temper-

ature, we use the Discrete Cosine Transform (DCT) co-

efficients to encode the function of temperature distri-

bution inside each cell. After DCT, the DC coefficients

represent the average temperatures in the cells, and

the AC coefficients represent the temperature changes

across the cells. To reduce the quantity of coefficients,
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we use the patterns in which the coefficients are grouped

into regions. In each region, the mean value of coeffi-

cients is computed. The mean values from the particular

regions are then used for recognition since they effec-

tively encode the function of temperature distribution.

Finally, the PCA (Principal Component Analysis) is

also used to create the feature vector with a relatively

small dimension.

The rest of the paper is organized as follows. In Sec-

tion 2, the state-of-the art features are mentioned. In

Section 3, the proposed process of feature extraction is

described. The face detection results are shown in Sec-

tion 4, and the pedestrian detection results are shown

in Section 5.

2 Related Works

The image features that can be used in object detectors

can be divided into the two groups: sparse and dense.

The sparse features are based on the keypoint detec-

tors; the features are calculated in a neighborhood of

the keypoint. The dense features are calculated over the

whole image that is usually divided into regular (over-

lapping or non-overlapping) regions, and the features

are calculated within these regions.

One of the most popular descriptors based on the

keypoints was proposed by David Lowe [20]. The method

is called Scale Invariant Feature Transform (SIFT). The

method is based on a Difference of Gaussian (DoG) key-

point detector in which the histograms of gradient ori-

entations inside the regions around the keypoints are

calculated. The Speeded up Robust Feature (SURF)

descriptor by Bay et al. [4] is also one of the widely

used keypoint descriptors. The authors used the Haar-

wavelet responses with the fast calculation via the inte-

gral image thanks to which SURF is faster than SIFT.

The very fast method called Binary Robust Indepen-

dent Elementary Features (BRIEF) was proposed by

Calonder et al. [7]. In BRIEF, the binary string that

contains the results of intensity difference of pixels is

used and the descriptor similarity is evaluated using

the Hamming distance. In [25], the authors proposed

another binary descriptors with the rotation and noise

invariant properties called Oriented Fast and Rotated

BRIEF (ORB). In a similar way, Leutenegger et al.[17]

proposed Binary Robust Invariant Scalable Keypoints

(BRISK). Finally, the Fast Retina Keypoint (FREAK)

descriptor that also uses the binary strings was pro-

posed in [2].

In the area of dense features (without the key-point

detector), three types of features are considered as the

state of the art; Histogram of Oriented Gradients (HOG),

Haar-like features, and Local Binary Patterns (LBP).

The HOG descriptors [9] are inspired by SIFT and

the descriptors can be regarded as a dense version of

SIFT. Many methods and applications based on HOG

were presented in the recent years. In [10], Dalal and

Triggs combine their descriptors with the optical-flow

based motion descriptors. In [6], the PHOG (Pyramid

of Histogram of Oriented Gradients) descriptors were

proposed. These descriptors were successfully extended

and used, e.g. for smile recognition in [3]. Felzenszwalb

et al. [12] proposed the part-based detector that is based

on HOG. In this method, the objects are represented us-

ing mixtures of deformable HOG part models and these

models are trained using a discriminative method. In

[22], the authors proposed to speed up the HOG+SVM

algorithm without sacrificing the classification accuracy.

Haar features were popularized by Viola and Jones

[29] who proposed the detection framework that used

the Haar-like features combined with the integral im-

age and the AdaBoost algorithm. In [30], their detec-

tion framework was successfully extended for moving-

human detection. An extension of the Haar feature set

was presented by Lienhart et al. [19]. The method for

the multi-view detecting of cars was presented by Zheng

and Liang [32]. Recently, an improvement of Haar-like

features for efficient object detection under a wide range

of illumination conditions was proposed in [23].

LBP were proposed by Ojala et al. [21] for texture

analysis. Hoverer, many variations of LBP were pro-

posed for solving the problem of face detection and

recognition. In [14], LBP were used for solving the face

detection problem in low-resolution images. The similar

method was used in [1] in which the authors presented

LBP for the face recognition task. Multi-block Local

Binary Patterns (MB-LBP) for face detection were pro-

posed in [31]. The paper of Tan and Triggs [27] proposed

the face recognition method using robust preprocess-

ing combined with LBP. The comprehensive study of

facial expression recognition methods using LBP was

proposed in [26]. The survey of facial image analysis

approaches using LBP was presented in [15].

3 Proposed Method

The main principle behind the energy-transfer features

(ETF) is based on the fact that the shape of objects

can be described using the function of energy distri-

bution. The advantages of the method can be charac-

terized as follows. Suppose that the appearance of the

objects is defined using the edge information only (e.g.

gradient sizes, directions). In the cases that the edges

are thin, it is difficult to obtain (by the samples) the

information about them. Moreover, the edges can be
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corrupted (e.g. due to noise), which causes that an in-

valid edge information can be obtained. However, the

samples can capture the information about the areas of

objects rather than the edge size or direction. In con-

trast, in the energy-transfer features (if we speak about

energy transfer, we have in mind transfer of heat), the

information about the object areas is used for object

description.

Suppose that the temperature source is placed in-

side the object area, and suppose that gradient in image

represents the thermal insulator. This area will be filled

with certain temperature values after the temperature

transfer process. The values of temperature will be ap-

proximately constant inside the object area; these val-

ues can be investigated and used for the description of

the object. Since the real-life objects (Fig. 1(a)) consist

of the areas with different properties (e.g. sizes, shapes),

the temperature sources are placed in the form of a reg-

ular grid (Fig. 1(b)). The visualization of temperature

distribution is shown in Fig. 1(c).

(a) (b) (c)

Fig. 1 An example of real-life image (a). The regular grid
of sources (b). The visualization of temperature distribution
from the sources (c). The value of temperature is depicted by
the level of brightness.

In ETF, the thermal field inside the input image is

solved by making use of the following equation [24]

∂I

∂t
= div(c∇I), (1)

where I(x, y, t) represents the temperature at a posi-

tion (x, y) at a time t, div is a divergence operator,

∇I is the temperature gradient, and c stands for the

thermal conductivity. For the source points and an ar-

bitrary time t ∈ [0,∞], we set I(xs, ys, t) = 1, where

(xs, ys) are the coordinates of source point (i.e. we hold

the temperature constant during the whole process of

transfer, which is in contrast with the usual diffusion

approaches). In all remaining points, we take into ac-

count the initial condition I(x, y, 0) = 0. The equation

Eq. (1) is solved iteratively. The conductivity in Eq. (1)

is determined by

c = g(‖E‖), (2)

where E is an edge estimate. We define E as the gra-

dient of original image, i.e. E = ∇B, where B is the

brightness function. The function g(·) has the form of

[24]

g(‖∇B‖) =
1

1 +
(

‖∇B‖
K

)2 , (3)

where K is a constant representing the sensitivity to

the edges [24].

Once the temperature field over the input image is

obtained at a chosen time t, the temperature values

should be sampled. For this purpose, we divide the in-

put image inside the sliding window into the blocks, and

the blocks are divided into the small cells (similarly as

in HOG).

We experimented with different sizes of blocks and

cells. We observed that the best results were obtained

using 16× 16 blocks and 8× 8 cells; inside the cells the

DCT coefficients are computed and composed to the

final feature vector. The coefficients that are located

in the upper left corner contain the most important

information (low frequencies). On the other hand, the

bottom right coefficients correspond to the higher fre-

quencies that can be discarded. Therefore, instead of

encoding the whole matrix of coefficients, we encode the

upper left coefficients only. To encode the coefficients,

we create three patterns of coefficients (Fig. 2) for our

experiments (similarly as in [28]). In patterns, the three

AC regions are created. The regions correspond to the

different frequencies; different information can be en-

coded using different patterns. To reduce the quantity

of coefficients, the mean of coefficient values is calcu-

lated inside the regions. It means that each 8× 8 cell is

represented by four values; 1 DC coefficient + 3 aver-

ages of AC coefficients. These values are included into
the final feature vector.

The DC coefficient that represents the average en-

ergy of cell is the most important coefficient. There-

fore, the pattern Fig. 2(a) is constructed to use the

coefficients that are close to the DC coefficient. In the

pattern from Fig. 2(b), the coefficients are grouped into

horizontal, vertical, and diagonal areas; this pattern is

constructed to capture information in different direc-

tions. The pattern Fig. 2(c) is constructed as an another

alternative for the pattern from Fig. 2(b). In this pat-

tern, the differences between the sizes of the areas are

reduced; the regions have approximately the same size.

We experimented with different variations of the pat-

terns. However, these three patterns achieved the best

results. Using this approach to encode the coefficients,

the dimensionality of the feature vector of each block is

16. One 16 × 16 block that contains four 8 × 8 cells is

encoded by 16 values: 4 DC coefficients + 12 averages

of AC coefficients. In the face detector, this dimension-

ality is even further reduced using PCA. Finally, the
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(a) (b) (c)

Fig. 2 The examples of AC patterns. In the areas depicted
by different colors, the averages of coefficients are calculated.

support vector machine classifier with the radial basis

function kernel is trained over the proposed descriptors

to create the final classifier.

4 Face Detection

For the training phase, the positive set consists of 2300

faces and 4300 non-faces. The positive set contains the

face images from the BIOID database combined with

the Extended Yale Face Database B [16]. The negative

set consists of 3000 images that were obtained from

the MIT-CBCL database combined with the 1300 hard

negative examples. For the detector based on ETF, the

training images were resized to 80 × 80 pixels (this

size was also used for the sliding window). The size

of sliding window was constant; 10 different resolutions

of input image were used; the positive detections were

merged to one if at least 3 positive detections hit ap-

proximately one place in image. We experimented with

the parameters of ETF and DCT, and for the first

test, we suggest the following configurations: ETF(a),

ETF(b), ETF(c). The configurations were designed with

the size of temperature sources: 1 pixel; the distance

between the sources: 4 pixels, the number of iterations

for the transfer of temperature: 100, the size of block:

16×16 pixels; the size of cell: 8×8 pixels (four cells in-

side each block); the horizontal step size of blocks: 8 pix-

els (blocks are overlapped); coefficient K: 8. The DCT

pattern from Fig. 2(a) is used in the ETF(a) configu-

ration; from Fig. 2(b) in ETF(b), and from Fig. 2(c)

in ETF(c). All configurations consist of 1296 descrip-

tors for one position of sliding window. The purpose

of this test is to choose one pattern from Fig. 2 that

gives the best detection result. To test the detectors,

we used 450 images from the Faces in the Wild dataset

[5]. In Table 1, the detection results are shown; Preci-

sion = TP/(TP+FP), Sensitivity = TP/(TP+FN), F1

score (harmonic mean of precision and sensitivity) =

2 × Precision × Sensitivity/(Precision + Sensitivity);

TP = number of true positives, FP = number of false

positives, FN = number of false negatives.

From Table 1, it can be seen that the detector based

on the pattern from Fig. 2(b) achieved the best results

(F1 87.25%). Nevertheless, during the experiments, we

explored the way how to further improve this perfor-

mance. Since we use a relatively small distance between

the sources (4 pixels), and since we hold the tempera-

ture constant (I(xs, ys, t) = 1) during the whole process

of transfer at the source points, the information is lost

in the places of sources. To eliminate this issue, we pro-

pose a post-processing step. The step is based on the

idea that the 8-neighborhood of each source is investi-

gated. In this 8-neighborhood, the mean temperature

is calculated and the original (constant) temperature

value is replaced by this mean temperature. The visu-

alizations of the temperature function of face images

after this step are shown in Fig. 3.

Fig. 3 Visualizations of temperature function with the
sources (the second row), and after replacing the sources (the
third row).

Due to the fact that the detector based on the ETF(b)

configuration (with the dimensionality of feature vec-

tor 1296) achieved very promising results, we created

another configuration of the proposed method that in-

cludes the previously mentioned post-processing step

with the similar settings like in ETF(b); i.e. the con-

figuration with the Fig. 2(b) pattern achieved the best

detection results, and for that reason, we decided to

experiment with this pattern in next further tests. The

configuration with the post-processing step is denoted

by ETF(b)post in Table 1. The detector based on this

Table 1 The performance of different patterns.

Precision Sensitivity F1 score
ETF(a) 96.04% 62.22% 75.52%
ETF(b) 97.47% 78.97% 87.25%
ETF(c) 84.48% 83.76% 84.12%

ETF(b)post 97.21% 83.42% 89.79%

configuration outperformed the detectors without the

post-processing step (F1 89.79% vs. F1 87.25%). The
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examples of detection differences between the ETF(b)

and ETF(b)post are shown in Fig. 4. Due to the best

detection results of ETF(b)post in the tests, the next

experiments are based on this detector.

Fig. 4 Several examples of detection differences between
ETF(b) (the first row), and ETF(b)post (the second row).

To experiment with the different numbers of iter-

ations for the energy transfer process, we create next

two detectors based on the ETF(b)post configuration:

ETF(b)post 200it, and ETF(b)post 300it. The difference be-

tween the configurations is the number of iterations for

the energy transfer process. In the ETF(b)post configu-

ration, 100 iterations are used, therefore, this configu-

ration is denoted by ETF(b)post 100it in Table 2.

Table 2 The performance for different numbers of iterations.

Precision Sensitivity F1 score
ETF(b)post 100it 97.21% 83.42% 89.79%
ETF(b)post 200it 90.81% 86.15% 88.42%
ETF(b)post 300it 82.17% 88.21% 85.08%

From the results in Table 2, it can be seen that

the sensitivity is better (the number of true positives

is increasing) with the increasing number of iterations.

Unfortunately, the precision is decreasing rapidly (in-

creasing number of false positives). It follows that the

overall performance (F1 score) is also decreasing. Fi-

nally, the detector that used 100 iterations (for the en-

ergy transfer process) achieved the best detection re-

sults (F1 89.79%).

In the further experiments, we explore how the num-

ber of sources influences the detection results; i.e. we

change the distance between the sources. Like in the

previous experiments, we modify the detector based on

the ETF(b)post 100it configuration that achieves the best

detection results for the moment. Since this detector

uses the distance between the sources: 4 pixels, the de-

tector is denoted by ETF(b)post 4dist. For comparison,

we create further two detectors: ETF(b)post 3dist (with

3 pixel distance) and ETF(b)post 5dist (with 5 pixel dis-

tance). The detection results are shown in Table 3.

Table 3 The performance for different distances of sources.

Precision Sensitivity F1 score
ETF(b)post 3dist 99.36% 52.82% 68.97%
ETF(b)post 4dist 97.21% 83.42% 89.79%
ETF(b)post 5dist 98.63% 49.23% 66.36%

From the results, it can be seen that the optimal

setting of the proposed method is based on the Fig.

2(b) pattern with 4 pixel source distance, and with the

100 iterations. In the last experiments, we explore how

the size of blocks and cells influences the detection re-

sults. We take into account the previous results and we

modify the last tested detector that achieved the best

results. Since this detector uses the size of block: 16×16

pixels, and the size of cell: 8×8 pixels, the detector is

denoted by ETF(16,8). For comparison, we create fur-

ther two detectors: ETF(12,6) (block: 12×12 pixels; cell:

6×6 pixels) and ETF(20,10) (block: 20×20 pixels; cell:

10×10 pixels). The detection results are shown in Table

4.

Based on the experiment results, we can conclude

that the optimal setting is based on the pattern from

Fig. 2(b), the source distance: 4 pixels, the number of

iterations: 100, the size of block: 16×16 pixels, and the

size of cell: 8×8 pixels.

Table 4 The performance for different block and cell sizes.

Precision Sensitivity F1 score
ETF(12,6) 93.30% 71.45% 80.93%
ETF(16,8) 97.21% 83.42% 89.79%
ETF(20,10) 72.49% 90.09% 80.34%

For comparison with the state-of-the-art methods,

we use the detectors that are based on the HOG fea-

tures, LBP (Local Binary Patterns) features [18] and

Haar features (Viola-Jones detection framework). For

the HOG features, we used the identical size of the

window similarly as in the proposed method (80 × 80

pixels). We used the classical parameters of HOG de-

scriptors; 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. This configuration consists of 2916

HOG descriptors for one position of sliding window;

this configuration is denoted by HOG. The SVM clas-

sifier is trained over the HOG descriptors as in the case

of the ETF based detector. The detector based on the

Viola-Jones detection framework is denoted by Haar,
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the detector based on the LBP features is denoted by

LBP ; we create the cascade classifiers and the training

images were resized to 19 × 19 pixels for these detec-

tors. We used the identical training set (2300 positive

and 4300 negative samples) and testing set for all de-

tectors. The detection results are shown in Table 5.

Table 5 The face detection performance.

Precision Sensitivity F1 score
ETF(b)post 97.21% 83.42% 89.79%

ETF(b)post PCA 89.15% 95.70% 92.31%

HOG 75.54% 95.04% 84.18%

Haar 80.85% 87.11% 83.86%

LBP 72.58% 73.54% 72.11%

The detector based on the Haar features achieved

a good number of true positives (sensitivity 87.11%),

nevertheless, this detector needed to increase the num-

ber of training samples. This is also the problem of

LBP based detector; the number of false positives of

these detectors is rather large. The detector based on

HOG achieved better overall results (F1 84.18%), bet-

ter than LBP and HAAR based detectors. However, the

HOG based detector often detected the faces in wrong

places (precision 75.54%). Moreover, this detector uses

two times more descriptors than the ETF based detec-

tor.

Due to the fact that the detector using the ETF(b)

configuration (the dimension of its corresponding fea-

ture vector is 1296) achieved a lower number of false

positives (precision 97.21%), we used PCA (Principal

Component Analysis) to reduce the number of descrip-

tors. We used the 200 principal components (correspond-

ing to the largest eigenvalues). This step had a posi-

tive effect on the training phase of classifier. Using the

reduced feature vector, the classifier was able to de-

tect more faces (sensitivity 95.70%). The detector us-

ing PCA is denoted by ETF(b)post PCA in Table 5. This

detector achieved the best detection results in the test

(F1 92.31%, the results are shown in Fig. 5). We also

outperform the features presented in [13] that use the

mean temperature inside the cells (F1 90.08%). In addi-

tion, the DCT version gives rise to more variations how

to encode the values of temperature function. To test

the proposed method on a different object of interest,

the next section is focused on the pedestrian detection.

5 Pedestrian Detection

For pedestrian detection, we collected 2500 positive sam-

ples and 10000 negative samples for the training phase.

Fig. 5 The detection results of ETF(b)post PCA.

For the positive set, we combined the pedestrian images

from the CBCL Pedestrian Database [8] with the im-

ages from the Daimler benchmark [11]. For the negative

images, the examples were randomly sampled from the

INRIA Person Dataset [9]. Each training sample was

resized to the size of 64×128 pixels.

The following configurations of the proposed method

were used, ETF(a)pedest, ETF(b)pedest, ETF(c)pedest. All

configurations have the size of temperature sources: 1

pixel; the distance between the sources: 2 pixels, the

number of iterations for the transfer of temperature:

100, the size of block: 16×16 pixels; the size of cell:

8×8 pixels (four cells inside each block); the horizontal

step size of blocks: 8 pixels (blocks are overlapped);

coefficient K: 8. Due to the fact that the pedestri-
ans have complicated shapes, the distances between the

sources should be smaller than in face detection; 2-3

pixels are sufficient. The DCT pattern from Fig. 2(a) is

used in the ETF(a)pedest configuration; from Fig. 2(b)

in ETF(b)pedest, and from Fig. 2(c) in ETF(c)pedest. The

detectors also use the post-processing step proposed in

the face detection section.

Table 6 The pedestrian detection performance.

Precision Sensitivity F1 score
ETF(a)pedest 76.19% 74.78% 75.47%
ETF(b)pedest 80.37% 74.78% 77.48%
ETF(c)pedest 74.04% 71.96% 72.99%

HOGpedest 57.78% 96.30% 72.22%

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 based detector, we used the parameters
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that produced the same number of descriptors (1680)

as the proposed method. The size of block: 16×16 pix-

els; the size of cell: 8×8 pixels; the horizontal step size:

8 pixels; the number of bins: 4. The detector based on

this configuration is denoted by HOGpedest. For the

test, we used 70 images from [9]. Before performance

evaluation, the positive detections were merged to one

if at least 3 positive detections hit approximately one

place in image. We used the same training images, test-

ing images, the same settings of SVM, the same size of

cells and blocks, and the same numbers of descriptors

(1680 for one position of sliding window) for the pro-

posed approach and for the HOG descriptors. In Table

6, the detection results are shown.

Fig. 6 The pedestrian detection results of ETF(b)pedest (the
first column) and HOGpedest (the second column).

From the results, it can be seen that the HOG based

detector successfully detected most of the pedestrians

(sensitivity 96.30%). Nevertheless, the false positive de-

tections were visible in most images (precision 57.78%).

The overall detection results were negatively influenced

by this problem (F1 72.22%). The problem is caused

by a small number of bins in cells (4 bins); in general,

8-9 bins are sufficient to obtain good detection results.

However, in the proposed detector that achieved the

best detection result in the test (ETF(b)pedest), the 4

coefficients (1 DC + 3 AC) in each cell were sufficient to

obtain more trustworthy detection without hight num-

bers of false positives (precision 80.37%), similarly as in

the case of ETF based face detector. Using the proposed

approach, we achieved a relatively good ratio between

the sensitivity and precision, and the overall detection

result (F1 77.48%) was not negatively affected by the

high numbers of false positives like in the HOG based

detector. The typical differences between the detection

results of HOG and the proposed method are shown

in Fig. 6. It is worth mentioning that the better detec-

tion result can be achieved by increasing the number

of training images. Nevertheless, the goal of the experi-

ments was to compare the approaches with similar con-

ditions.

The complexity measurement of the proposed method

can be divided into two parts; the temperature transfer

process and the process of composing the feature vec-

tor. We have developed the GPU (CUDA) and CPU

(SSE/AVX) versions for solving the temperature trans-

fer process. The time of GPU version is approximately

40 milliseconds, time of CPU version is 150 milliseconds

for 640×480 images and 150 iterations. The calculation

of DCT and composing the feature vector take approxi-

mately 1 millisecond for one position of sliding window

(80×80 pixels). The recognition time depends on the

chosen classifier.

6 Conclusion

We have proposed an improvement of encoding the tem-

perature (energy) distribution that proved to be useful

for object description in images. The improvement is

based on the fact that the important image informa-

tion can be described using the DCT coefficients. The

coefficients fully describe the corresponding part of the

image. The essential problem is how the information

that is contained in them can be transformed into a

small number of useful values. Inspired by the methods

of image compression, we proposed several patterns how

the coefficients can be grouped. The mean value of the

coefficients in each group is then used for recognition.

The usefulness of the DCT coefficients together with

the use of compression patterns can be seen from the
results. We have also shown that the coefficients can

be further compressed by PCA to achieve the feature

vector of reasonable dimensionality.

On the basis of the experiments presented in this

paper, we can conclude that, using this approach, the

faces and pedestrians can be efficiently encoded with

a relatively small set of numbers and with the results

that outperform the results of the state-of-the-art de-

tectors. In our experiments, we used the SVM classifier.

It is worth mentioning that various other classifiers can

be used as well (e.g. Random Forests). We leave the

experiments with various types of classifiers for future

work.
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