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Correlation-Boosted Ensemble Local Patterns for
Photoplethysmographic Signal Quality Classification

Giovani Lucafo”, Rafael Lima

Abstract—Photoplethysmography (PPG) is a key component in a
myriad of continuous and non-invasive health monitoring solutions,
increasingly widespread in wearable devices, such as smartwatches
and smart rings. Its high susceptibility to noise, such as motion
artifacts and ambient light interference, however, can significantly
hinder the learning process, as well as the resulting performance,
of the deployed models. Given that, a Signal Quality Assessment
(SQA) auxiliary module is usually employed in such applications,
for upfront selection of the PPG segments that should be used for
reliable extraction of physiological information from the user. Most
SQA strategies adopted in these devices rely either on (1) Deep
Learning (DL) models, capable of obtaining high performance met-
rics despite being of increased complexity and energy consumption,
or (2) Decision Rule-based strategies that can assess signal quality
in an increasedly energy-efficient way, albeit with reduced ro-
bustness. In this work, we introduce Hexa-SymmLTP-CC, a novel
signal quality classifier composed of an ensemble of Local Pattern-
based feature extractors followed by a downstream linear binary
classifier, which outperforms state-of-the-art solutions, achieving
accuracies of 93.93%, 96.06% and 96.55% across three clinical
expert-annotated smartwatch and smart ring PPG datasets, while
respecting the lightweight restrictions for wearable-based real-time
monitoring applications.

Index Terms—Signal quality assessment, machine learning, local
patterns, photoplethysmography, wearable.

1. INTRODUCTION

HE increasingly widespread adoption of wearable de-
T vices, such as smartwatches and smart rings, by con-
sumer electronics’ users worldwide has prompted a surge of
interest in Photoplethysmography (PPG)-based continuous and
non-invasive health monitoring solutions. PPG is a widely used
cost-effective optical technique for continestimating physiolog-
ical variables, such as Heart Rate Variability (HRV), Oxygen
saturation (SpOs), Respiratory Rate and Blood Pressure, to
name a few. It functions by measuring the changes in absorption
of light with known wavelength emmited over the user’s skin,
mainly in the fingertips and wrists, as a result of the underlying
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variation in blood volume flow across the different phases of the
cardiac cycle.

One of the widely known drawbacks of PPG is its high
susceptibility to noise from both motion artifacts [1] and am-
bient light interference. Those considerably deteriorate PPG
morphology, consequently degrading the performance of sub-
sequent feature extraction and inference learning steps on the
signal. To overcome such hindrance, an initial Signal Quality
Assessment (SQA) module is commonly added to the estimation
pipeline, which is in charge of labeling which segments of the
incoming PPG are of proper quality for reliable physiological
measurements from the aforementioned health applications.

Several approaches have been proposed in the literature for
quality assessment of PPG signals, ranging from low-complexity
Decision Rule-based strategies [2], [3] to increasingly robust
Deep Learning (DL) models [4], [5], [6].

A. Related Work

The work in [5] proposed different DL techniques to assess
PPG signal quality, combining one-dimensional data segments
with their corresponding two-dimensional projections for sub-
sequent application of image-based classification techniques.
Similarly, [7] and [8] proposed PPG quality assessment leverag-
ing 2-D projections with visual transformers (ViT). These two
methods also achieved considerable performance, with the same
disadvantage of requiring significant computational resources
for both model training and prediction.

Authors of [9] presented a hybrid solution based on both time
and frequency domain signal representations. Despite the rea-
sonable performance achieved, techniques involving frequency
domain required extensive manual tuning in order to better
encode the characteristics of the dataset used.

Alternatively, [2] and [3] proposed signal quality assessment
using less complex hierarchical decision rules routines, as op-
posed to DL-based models. Similarly to other works leveraging
frequency domain features from the signal, their approaches,
despite their effectiveness and reduced computational demands,
are highly susceptible to manual adjustments of hyperparameters
and thresholds for the decision rules.

Because PPG-based solutions are nowadays widely employed
in devices with restricted computational resources, it is often
required that the developed signal processing techniques also
emphasize lightweight solutions, capable of obtaining a trade-
off between performance and low computational cost.

One of the techniques that tackles this trade-off consists of
‘Local Binary Patterns’ (LBP), which were initially developed
to extract image texture features, then later adapted for its ap-
plication to one-dimensional signals, such as the PPG signal, as
in [10]. Such technique focuses on computing a histogram based
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Fig. 1. Overview of the full pipeline of signal quality classification. The first
and second discrete difference of the signal are computed from the 3-second PPG
window. Then, the Signal Descriptor step extracts histograms as features from the
window. Those are subsequently concatenated and fed to a Linear Discriminant
Analysis (LDA) binary model that finally outputs the signal quality label.
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on the aggregation of binary magnitude comparison information
across neighbouring samples throughout the whole extent of the
signal. Akin to that, many local pattern techniques and studies
have been developed in order to increase the range of applica-
tions and the richness of the signal feature extractor. Addition-
ally, [11] proposed a new method of feature extraction based
on binary patterns that implemented a hybrid approach merging
binary comparisons between samples of the signal itself, which
encode morphological information, along with comparisons of
statistical attributes from different parts of the signal, such as
mean, standard deviation, and median. This added further global
information to the histogram locally generated by the binary
patterns, improving the overall signal discriminability.

In this work, we propose a novel strategy of generating
histograms as one-dimensional signal texture features inspired
by the techniques of local patterns. As depicted in Fig. 2, the
proposed method consists of a composition of three different
feature extraction components that are concatenated to create a
combined robust histogram of features. Besides, in addition to
substantially improved descriptive properties of the PPG signal,
our new method showcases a well-reduced implementation size
when compared to DL techniques commonly applied to signal
quality classification models, such as Convolutional Neural Net-
works (CNN) and LSTMs.

In the following, we present all the steps of our new PPG
classification pipeline, as well as evidence its advantageous
discriminability and compactness properties on experimental
results from three different datasets, composed of smartwatch
and smart ring PPG signals.

II. PROPOSED METHOD

a) Preprocessing: In the Igresent work, we consider the dis-
crete PPG vector X = {x;,}5' ! € R, sampled with frequency
fs = 25 Hz.

The given vector is further windowed into a dataset X €
RM*L of M 3-second non-overlapping samples of length L,
in the form

X = {Xp 1Dt with Xy, = {zaree 150
N

where L =3 f; =75,and M = {LJ

ey
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Additionally, an important step adopted is to use the first
discrete difference A! of the filtered PPG signal and also the
second discrete difference A2 (calculated over the first discrete
difference):

ANXy) = {Xe[j + 1] — Xp[5]} 25, )
AP (Xp) = {A" (X +1] - AYXWEYSE, 3

The calculation of the discrete difference vectors enhances the
morphological aspects of the original signal, adding nuances and
modifying the way both noisy and regular signals are presented,
which adds possible useful information and intensifying noisy
behaviors in the signal for better classification of its quality using
the descriptors of binary patterns. For the purposes of presenting
the proposed model, we will call Wy, = (A(X},), A?(X},)) the
tuple composed of the derivatives from 3-second window X}
that will be used as input for the descriptor. This window can be
any 1-D signal, however, in our case, it will be both the first and
the second discrete derivative of the filtered PPG, as detailed in
Fig. 3. As also depicted in Fig. 3, each member of the tuple W
window will be further sliced into sub-windows w; of 8 samples
in size with overlap of 1 sample, similarly to the windows of
Fig. 2 but without the central element, to be subsequently input
to the binary-pattern-based feature extractors.

For a more simplified way of showing the pipeline, W will be
used as a generic (A'(X}), A?(X})) window tuple, and each
step will be equally applied to each A'(X}) and A%(X},) sub-
arrays. The model used to receive histograms from the descriptor
as input and make binary predictions of signal quality is the
Linear Discriminant Analysis model. The full pipeline is shown
in Fig. 1.

b) Method Description: The method called Hexa-SymmLTP-
CC proposes a hybrid strategy of combining three different
feature generation sub-strategies in order to better leverage the
descriptive abilities of each one. Each one processes the signal
differently, extracting different information about its morpho-
logical characteristics and statistical patterns.

Its conceptualization was inspired by binary pattern extraction
techniques such as LBP [10] and LTP [12], which differ mainly
by the comparison functions Q2 and 21 (see Fig. 2) used to
generate binaries.

The LBP-based operator {25, compares two real-valued in-
puts (a, b € R) and returns one of the two possibilities (0 or 1).
The 7, in turn, presents a more generalized comparison than
Q p, which with the help of the threshold 7, manages to return
one of the three possibilities for the comparison of a and b
(0, 1 and —1). The threshold 7, here set to 5- 1073, acts as a
hyperparameter of the LTP descriptor and can be interpreted
as a tolerance variable, responsible for discriminating large
differences in signal amplitudes from the milder ones.

In the case of the proposed model, we will refer to each of the
three components as Hexa, SymmLTP and CC. The Hexa and
SymmLTP components perform the operation of dividing each
window W of the signal into sub-windows w;. This is done due to
the fact that they use binary pattern extraction strategies, so each
sub-window will generate a decimal to be stored in a histogram,
so each of these components will compute a binary pattern for
each of the 63 sub-windows, thus generating their own respective
histograms, which will be, at the end, concatenated.

A. Hexa Component

Hexa presents a hybrid model inspired by the work of [11] that
performs operations on the signal for binary pattern generation
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Visualization of the complete signal feature vector descriptor, which is composed by three sub-descriptors: Hexa, SymmLTP, and CC. The first two are

applied to first and second discrete derivatives of each input segment sub-window w; of size 8 (exemplified by the array of elements S to Sg), and then aggregated
across the entire segment. The CC component is computed across the entire segment. The three outputs are further concatenated into a feature vector of size 64 +
128 + 2 = 194, to be fed to a binary classifier, which outputs the corresponding quality label.
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Fig. 3. Visualization of the first and second discrete difference vectors, both
3-second-length derivative windows that are referred as 1. Along to each W
window is depicted the sub-windows w; that are 8 samples in size with an
overlap of 1 sample, totalling 63 sub-windows for each W PPG window.

using both morphological and signal statistical information.
As depicted in Fig. 2, comparisons are made in pairs of sam-
ples following the two central samples outwards. Considering
the number of neighbors as the number of samples on each
side, we have in this case 4 neighbors, thus generating 2%
possibilities of binaries. In addition to the 4 morphological
bits, 2 more statistical bits will be calculated by comparing
Qp(mean(W), mean(w;)) and Qp(std( W), std(w;)). Each
of these comparisons establishes a relationship between each
sub-window and the window W under analysis that will be
encoded in the binary along with the morphological information
of the signal. At the end of this process, there will be 6 bits that
will generate decimal places in a range of [0, 2% — 1] to be stored
in the histogram.

B. SymmLTP Component

This component, similarly to [12], as the name suggests, per-
forms ternary comparisons symmetrically between the sample
pairs in the analyzed window, as shown in Fig. 2.

Similarly to Hexa component, 6 bits are generated for each
sub-window w; analyzed, but in this case, all these bits carry
morphological signal information. Overall, SymmLTP descrip-
tor produces two sub-histograms, generated by mapping ternary
values to binary ones. The final histogram computed by the
SymmLTP component will have a final size of 128, taking into
account that the 6 bits of ternary comparisons generate a 64 bins
histogram from mapping —1 — 0 and another 64 bins histogram
from mapping —1 — 1and 1 — 0.

C. (Auto) Cross Correlation (CC) Component

The third and final component of the model differs from the
previous ones in that it does not process the w; sub-windows.
From each entire 3-second PPG window W, the (auto) cross-
correlation is computed, extracting further information regard-
ing repetitive patterns of the signal in the window. Its calculation

procedure performs a slide of the window on itself, multiplying
each element by its correspondent and adding to each iteration.
Finally, the value is stored in the final vector C'. At the end of
the C' vector computing, two features are extracted from it, to
be concatenated to the previously generated histograms. These
features are the mean and standard deviation of C'. As these
values are floating point type and the histograms generated by
the first two components have only integers, a transformation
is necessary in order to standardize the feature types. This
transformation is done by multiplying the mean and standard
deviation of C by 100 and casting to integer. These two features
help in the training process by adding valuable information
about the signal and not impacting the robustness of the original
histograms.

III. RESULTS

In the following, we validate the effectiveness of the pro-
posed ensemble classifier, Hexa-SymmLTP-CC, in three differ-
ent datasets. All the datasets were fully annotated by clinical
experts assisted by an annotation tool, resulting in binary labels
for ‘good quality’ or ‘bad quality’ for each signal sample. After
the dataset windowing, the label for each 3-second segment
was given based on the label with most prevalence across its
extension.

Our proposed method was compared against three types of
state-of-the-art signal classifiers from the literature: 1) DL-based
ones, such as in the works of [4]; 2) Local Binary Pattern-based
ones [10]; 3) And Decision Rule-based ones [2]. For the purposes
of all experiments, the PPG data was first filtered with a 2nd
order butterworth bandpass filter from 0.8 to 4.5 Hz. All the
methods were trained for 100 epochs and 5 trials, with 20%
of the training windows used for validation across each epoch,
and the best performing epoch across each trial used for test
evaluation.

A. ICON Dataset (Samsung Galaxy Watch Active 2)

The ICON dataset [6] consists of PPG measurements from
56 sessions, lasting approximately 50 minutes each, in which
the majority of the participants were older than 60 years, with
a mean age of 66 years-old and median age of 70 years-old. 45
sessions were used for training and 11 for testing. Table I shows
the performance comparison, in which the metrics for ‘RP+ViT’
and ‘MTF+ViT" were reported as in the original paper [7].
The Hexa-SymmLTP-CC outperforms all other models most
metrics. As an exception, Lucafos [4] had a higher precision. Itis
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TABLE I
PERFORMANCE COMPARISON OF THE PROPOSED METHOD AND
STATE-OF-THE-ART METHODS IN THE ICON [4] DATASET

Method Accuracy Precision Recall F1-Score AUC Coverage MCC Kappa parameters
Lucafo; [4] 0.8908 09458 0.8941 09188 0.8887 0.6565 0.75600.7522 338222

LBP [10] 0.8985 08993 0.9614 09293 0.8584 0.7423 0.75500.7498 11271

Lucafo, [4] 09363 09514 09574 09543 0.9229 0.6990 0.84970.8492 348462
Hao & Bo [2] 07482 0.8810 0.7370 0.8026 0.7554 0.5810 0.4768 0.4626

RP+VIT [7] 0.8990 09029 0.9507 09262 - - - -

MTF+VIT [7] 09031 09408 09121 09262

Hexa-SymmLTP-CC (Ours) 0.9393  0.9466 0.9671 0.9568 0.9216 0.7094 0.8556 0.8550 16551

TABLE II
ABLATION TEST TO VERIFY PERFORMANCE OF DIFFERENT COMBINATIONS OF
THE COMPONENTS OF THE PROPOSED METHOD

Method Accuracy  Precision  Recall F1 AUC
Hexa 0.9352 0.9406 0.9679 09540  0.9145
SymmLTP 0.9182 0.9165 0.9707  0.9428  0.8848
cc 0.8726 0.8805 0.9447 09115  0.8268
Hexa - CC 0.9353 0.9414 0.9671 09541 09151
Hexa - SymmLTP 0.9386 0.9452 0.9676  0.9563  0.9201
SymmLTP - CC 0.9319 0.9290 0.9765 09522 0.9035
Hexa - SymmLTP - CC 0.9393 0.9466 0.9671  0.9568  0.9216
LDA is used as classifier.
TABLE III

PERFORMANCE OF THE HEXA-SYMMLTP-CC DESCRIPTOR ON RING DATASET
‘WHEN COMBINED WITH DIFFERENT CLASSIFIERS

Model Accuracy Balanced Accuracy F1-Score AUC
Random Forest 0.9476 0.8188 0.9715 0.8188
K-Neighbors 0.9616 0.8640 0.9791 0.8640
AdaBoost 0.9610 0.8693 0.9788 0.8693
Bagging 0.9621 0.9011 0.9793 0.9011
Gradient Boosting 0.9651 0.8912 0.9810 0.8912
Extra Trees 0.9607 0.8568 0.9786 0.8568
LinearDiscriminantAnalysis 0.9655 0.9132 0.9811 0.9132
QuadraticDiscriminantAnalysis 0.9428 0.8641 0.9685 0.8641

important to take into account that the Hexa-SymmLTP-CC also
has advantages in terms of model size compared to DL-based
solutions due to the advantage of generating histograms as a
feature, which resulted in a significantly more compact approach
compared to neural networks.

In this work, the full SQA pipeline counts with a Linear
Discriminant Analysis (LDA) as a final classifier of histograms,
due to its low computational cost and straightforward implemen-
tation as well as effectiveness in classification. However, other
classifiers were tested for comparison purposes, as shown in
Table III, achieving similar accuracies compared to LDA, albeit
being of increased complexity/size, such as Gradient Boosting,
Bagging and Random Forest, thus being less prioritized in solu-
tions focused on wearable devices with restricted memory and
processing resources. In order to gauge the contribution of each
component descriptor, an ablation analysis was also performed,
and shown in Table II.

It is noticeable that both the Hexa component and SymmLTP
have considerable descriptive capacity used separately, as well
as combined. The CC component, individually, does not achieve
strong performance, but assists on increasing discriminability to
the histograms generated, improving the accuracy and precision
of the model.

B. GWS5 Dataset (Samsung Galaxy Watch 5)

The GWS5 Dataset comprises 105 sessions, with approxi-
mately 35 minutes of recordings each. The PPG data was col-
lected from individuals with a median age of 38 years and 55/45
(M/F) gender ratio, using Galaxy Watch 5 devices. Overall,
80 sessions were used for training and 25 used for testing.
In Table IV, we report the mean classification metrics on the
test set, across all trials, for each method. Our proposed model
outperforms all counterparts in both Accuracy and F1-Score.

IEEE SIGNAL PROCESSING LETTERS, VOL. 32, 2025

TABLE IV
PERFORMANCE COMPARISON OF THE PROPOSED AND STATE-OF-THE-ART
METHODS IN THE GW5 DATASET

Method ‘Accuracy Precision Recall FI-Score AUC Coverage MCC Kappa parameters
Lucafo; [4] 0.8727 09975 0.8631 09240 0.9195 0.7913 05987 0.5335 338222
LBP [10] 0.9528  0.9553 0.9950 0.9747 0.7485 0.9525 0.6536 0.6225 11271

Lucafo; [4] 0.8779 09990 0.8673 09284 0.9290 0.7939 0.5949 0.5256 348462
Hao & Bo [2] 0.7493  0.9247 0.7902 0.8521 0.5512 0.7814 0.0693 0.0600

Hexa-SymmLTP-CC (Ours) 0.9606 0.9785 0.9783 0.9784 0.8744 0.9143 0.7481 0.7481 16551

TABLE V
PERFORMANCE COMPARISON OF THE PROPOSED AND STATE-OF-THE-ART
METHODS IN THE RING DATASET

Method Accuracy Precision Recall FI-Score AUC Coverage MCC Kappa parameters

Lucafo; [4] 09197 0.9971 0.9153 0.9544 0.9425 0.8436 0.6663 0.6230 338222
LBP [10] 0.9561  0.9738 0.9785 0.9762 0.8398 0.9235 0.69750.6971 11271
Lucafo; [4] 0.9430  0.9964 0.9414 0.9681 0.9513 0.8683 0.73120.7046 348462
Hao & Bo [2] 0.7358  0.9342 0.7666 0.8421 0.5769 0.7541 0.0975 0.0798

Hexa-SymmLTP-CC (Ours) 0.9655 0.9867 0.9756 0.9811 0.9133 0.9086 0.7826 0.7809 16551

Fig. 4. T-SNE of labelled PPG segments from RING dataset.

TABLE VI
CROSS-TEST PERFORMANCE COMPARISON OF THE PROPOSED AND
STATE-OF-THE-ART METHODS IN THE RING DATASET

Method Accuracy Precision Recall FI-Score AUC Coverage MCC Kappa parameters
Lucafo; [4] 0.0837 0.7500 0.0000 0.0000 0.5000 0.0000 -0.0020-0.0000 338222
LBP [10] 0.8897 0.9634 0.9136 0.9379 07787 0.8641 0.4626 0.4497 11271

Lucafo, [4] 0.9210  0.9956 0.9174 0.9548 0.9377 0.8398 0.6821 0.6457 348462
Hao & Bo [2] 0.0913  0.7380 0.0044 0.0087 0.4942 0.0054 -0.0450-0.0021 -
Hexa-SymmLTP-CC (Ours) 0.9265 0.9786 0.9399 0.9589 0.8642 0.8753 0.6269 0.6157 16551

The models were trained with the ICON dataset.

C. RING Dataset (Samsung Galaxy Ring)

The RING Dataset comprises recordings from 15 sleep ses-
sions amounting to 134 hours of duration in total. The PPG was
collected using Samsung Galaxy Ring devices, with 12 sessions
were used for training and 3 for testing. As shown in Table V, our
proposed model outperforms all counterparts in both Accuracy
and F1-Score. Additionally, we computed a T-SNE diagram,
depicted in Fig. 4, from which it is possible to assess the overall
separability of the ground-truth window labels. Furthermore,
the model showcased good performance on transferability of
learned parameters: when trained on the ICON dataset and tested
on RING data, the model maintained a significant performance,
while most other methods had a steep decline in accuracy (see
Table VI).

IV. CONCLUSION

The proposed classifier proved to be an effective approach
for quality assessment of one-dimensional PPG signals, outper-
forming a variety of state-of-the-art methods on three different
datasets, composed of smartwatch and smart ring sensor data.
It is also more compact and efficient than Deep Learning-based
techniques, which makes it a compelling PPG signal quality clas-
sifier candidate for devices with limited memory and processing
resources. One possible limitation of the introduced method is
that it was only evaluated with green PPG. Maybe it does not
work as effectively for the quality classification of other types
of 1-D sensor signals, such as infrared PPG or accelerometer.

Authorized licensed use limited to: SAMSUNG. Downloaded on December 19,2024 at 16:53:20 UTC from IEEE Xplore. Restrictions apply.



LUCAFO et al.: CORRELATION-BOOSTED ENSEMBLE LOCAL PATTERNS

[1]

[2]
[3]

REFERENCES

C. Orphanidou, “Quality Assessment for the Photoplethysmogram (PPG),”
Signal Qual. Assessment Physiol. Monitoring: State Art Practical Consid-
erations, pp. 41-63, 2018.

J. Hao and G. Bo, “A quality assessment system for PPG waveform,” in
Proc. IEEE 3rd Int. Conf. Circuits Syst., 2021, pp. 170-175.

S. Vadrevu and M. S. Manikandan, “Real-time PPG signal quality assess-
ment system for improving battery life and false alarms,” /IEEE Trans.
Circuits Syst. II, Exp. Briefs, vol. 66, no. 11, pp. 1910-1914, Nov. 2019.
G. Lucafo et al., “Signal quality assessment of photoplethysmogram
signals using hybrid rule- and learning-based models,” J. Health Informat.,
vol. 15, Jul. 2023.

T. Pereira et al., “Deep learning approaches for plethysmography signal
quality assessment in the presence of atrial fibrillation,” Physiol. Meas.,
vol. 40, 2019, Art. no. 125002.

V. B. Fioravanti et al., “Machine learning framework for inter-beat inter-
val estimation using wearable photoplethysmography sensors,” Biomed.
Signal Process. Control, vol. 88, 2024, Art. no. 105689.

[7]

[8]

[9]

[10]

(1]

[12]

65

P. G. Freitas, R. Lima, G. D. Lucafo, and O. A. B. Penatti, “Photoplethys-
mogram signal quality assessment via 1D-to-2D projections and vision
transformers,” in Proc. IEEE 15th Int. Conf. Qual. Multimedia Experience,
Ghent, Belgium, Jun. 2023, pp. 165-170.

P. G. Freitas, R. G. de Lima, G. D. Lucafo, and O. A. B. Penatti, “Assess-
ing the quality of photoplethysmograms via Gramian angular fields and
vision transformer,” in Proc. IEEE 31st Eur. Signal Process. Conf., 2023,
pp. 1035-1039.

Y. Zhang and J. Pan, “Assessment of photoplethysmogram signal quality
based on frequency domain and time series parameters,” in Proc. IEEE 10th
Int. Congr. Image Signal Process., BioMed. Eng. Inform., 2017, pp. 1-5.
N. Chatlani and J. J. Soraghan, “Local binary patterns for 1-D signal pro-
cessing,” in Proc. IEEE 18th Eur. Signal Process. Conf., 2010, pp. 95-99.
T. Tuncer, S. Dogan, G. Naik, and P. Ptawiak, “Epilepsy attacks recog-
nition based on 1D octal pattern, wavelet transform and EEG signals,”
Multimedia Tools Appl., vol. 80, no. 16, pp. 25197-25218, 2021.

X. Tan and B. Triggs, “Enhanced local texture feature sets for face recog-
nition under difficult lighting conditions,” IEEE Trans. Image Process.,
vol. 19, no. 6, pp. 1635-1650, Jun. 2010.

Authorized licensed use limited to: SAMSUNG. Downloaded on December 19,2024 at 16:53:20 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


