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Low Risk Antenna Configurations for Mobile Communication
Systems: A Safe Reinforcement Learning Method

Yifang Zhang

Abstract—Reinforcement learning offers an effective frame-
work for antenna angle setting since it enables the autonomous
and adaptive tuning of antenna parameters based on continuous
interaction with the environment. However, due to the inherent
trial-and-error nature of reinforcement learning, the agent may
execute unacceptable decisions that reduce the network coverage
and result in unbearable network performance degradation.
In this letter, we propose a safe reinforcement learning (SRL)
method to ensure that the policies made by agents can always
maintain network valid coverage ratio above a threshold. The
optimization task is formulated as a finite-horizon constrained
Markov decision process and a confidence ball is introduced to
limit the search scope within a safe range. Numerical results
show that our proposed method provides an efficient and low
risk scheme for antenna configuration in practical scenarios.

Index Terms—Mobile networks, radio parameter optimization,
safe reinforcement learning.

I. INTRODUCTION

HE FIFTH-GENERATION (5G) communication system
T is faced with an explosive increase in mobile data traffic
and massive user equipment connections, bringing about high
demand for wireless network optimization which can enhance
the network throughput at a low cost [1], [2]. The adjustment
of antenna angles plays an important role in enhancing the
service quality of the 5G network, which aims at alleviating
the interference of adjacent cells so as to improve the signal-to-
interference ratio of the service area. Besides, due to the advent
of beamforming, focused beams directed towards specific loca-
tion can be created, minimizing interference from unwanted
directions [3], [4]. Traditionally, the antenna configuration is
based on the experience of engineers and requires skilled
personnel to manually adjust each antenna, which is time-
consuming and prone to human error. Therefore, the automated
antenna angle configuration is becoming increasingly essential
for improving the efficiency and reliability of 5G network
optimization.

The traditional optimization method, such as convex
optimization method, is a feasible method for antenna angle
adjustment. However, antenna angle setting involves a mul-
titude of variables that are often nonlinear and time-varying.
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Additionally, the traditional methods may not efficiently adapt
to changing environmental conditions based on simplified
propagation models. Conversely, reinforcement learning (RL)
can operate on top of high-precision simulation platforms,
enabling direct learning of optimal antenna configurations
from high-fidelity data [5]. By leveraging reinforcement learn-
ing algorithms, the network, acting as an agent, learns from
the interactions with the environment and makes autonomous
adjustments to antenna angles based on real-time feedback [6].
In [7], a fuzzy reinforcement learning method was proposed to
optimize the antenna downtilt for single-tier networks, which
operates in a distributed and autonomous manner without
requiring prior information or human interventions. In [8], a
reinforcement learning algorithm was improved by allowing
different antennas to be optimized simultaneously, increasing
the power coverage ratio and reducing the interference among
adjacent antennas.

However, due to the inherent trial-and-error nature of
reinforcement learning, the agent may make unacceptable
decisions during the exploration process that results in
great network performance degradation. Consequently, despite
exhibiting effectiveness in simulation environments, general
reinforcement learning is unsuitable for antenna configuration
in real-world scenarios. During the real-time adjustment of the
antenna, a low instantaneous valid coverage in the network
may lead to a decline in user data rates and impact the
user experience in viewing videos and images. Therefore,
it is of great importance to safely tune the antenna angle,
that is, to avoid making decisions that greatly reduce the
network coverage during antenna angle optimization process.
Safe reinforcement learning (SRL) is an alternative solution to
this problem which aims at ensuring the safety and reliability
of the policy [9]. Usually, the safety of strategy is achieved by
incorporating cost or risk constraints into the learning process.
In [10], the SRL task was formulated as a constrained Markov
decision process and solved by a Lyapunov approach, which
guarantees the feasibility and optimality of the algorithm under
certain conditions. In [11], a constrained policy optimization
method that extends trust-region policy optimization was
developed to handle the constraints in SRL.

Fundamentally speaking, safety is a bottleneck of apply-
ing reinforcement learning to antenna configuration in real
application scenarios and SRL arises as an effective approach
to address this issue. In this letter, we propose an SRL-
based method to configure the antenna angle settings in a
safe and reliable way. First, we formulate the antenna con-
figuration problem as a constrained Markov decision process,
where the cost is defined as the potential degradation in
network performance and subject to a constraint. Given a
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Fig. 1. Azimuth and downtilt of the antenna, where the red arrow represents
the antenna.

safe policy provided by experts, we construct two confidence
sets in the reward space and cost space respectively, which
are then combined as the confidence ball of exploration
space. Next, the constrained Markov decision process is
addressed within the confidence ball by a linear programming
approach, which gives the probability distribution of the
strategy. The procedure is executed iteratively until reaching
the maximum episode length. Numerical results verify that
our method can produce promising antenna configurations
while ensuring the safety during the exploration, render-
ing it a suitable way for real-world antenna configuration
scenarios.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a region G € R? served by a set of base stations
with directional antennas. The users U = {ug, ug,..., uy}
are distributed uniformly in the area. Note that in this letter,
vectors are represented using boldface type to distinguish
them from other quantities. Denote the set of antennas by
& = {&,&,...,&} As illustrated in Fig. 1, azimuth
0 is defined as the angle between the horizontal projec-
tion of the antenna main lobe direction and the x-axis.
Downtilt ¢ is defined as the angle between the antenna
main lobe direction and the horizontal plane. Let 6 =
{01,62,...,0)} and ¢ = {¢1,02,...,0p} represent the
azimuth set and downtilt set of all antennas respectively. Let
f; and ¢; denote the azimuth and downtilt of antenna i
respectively.

Denote P; ; with 1 <i <M, 1 < j < N as the power of
reference signal received from antenna &; by user u;, which
is given by

Pij(0,0)apm = PLlapm + Gij(0,¢) + G = L; ;, (1)

where P7' is the transmit power, G; (6, ¢) is the directional
antenna gain and G¥ is the terminal gain. L; ; denotes the
path loss between antenna a; and user u;. Generally, the user is
served by the antenna that provides the strongest signal, while
the signals from other antennas are regarded as interference.
Therefore, we define the maximal useful signal power of user
Uj as

Pj(0,¢) = | ax, P; (05, ¢5). (2)
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The corresponding signal-to-interference ratio (SIR) can be
written as follows:

S] (07¢) = 10logyg Z&EE Pw‘(aiﬁbi) - Pj(0,¢)'

3)

Define two sets 4" and 5. If the maximal useful signal
power P;j(#,¢) of u; meets a predefined threshold o”, then
Uu; € UP, ie.,

U" = {uj|P;(8,¢) > oP}. )

Similarly, if the signal-to-interference ratio S;(0,¢) of u;
exceeds a predefined threshold o, then u; € u , l.e.,

U = {u;|S;(0,¢) > °}. (5)

Let the power coverage indicator v (0, ¢) be the ratio of users
that meet the power threshold P, which can be defined as
e |

~+P(0,¢) = W,where |UP| and |U]| are the cardinality of the

set UP and U, respectively. The capacity coverage indicator
v5(0,¢) is defined as v*(0,¢) = %,where 14%] is the
cardinality of the set U°.

The objective of network optimization is to maximize both
the network power coverage and the capacity coverage, thus
we introduce a performance indicator named valid coverage
ratio written as follows:

min(1(P; (8, o?),1(S;(8, o’
04y St U0 > 150> )

(6)

where 1(z) is an indicator expressed as

1, if z is true,
1(z) = . (7
0, otherwise.

(6, ¢) measures the ratio of users whose signal power and

SIR are both above their respective thresholds.
With the azimuth set @ and the downtilt set ¢, the
optimization problem can be stated as

(2
0.
max 7°(0,9)
st. 0¥ <0, < oM,

oF < ¢i < o™, ,®

where 6 and 07 are the lower bound and upper bound of
azimuth, respectively. ¢~ and ¢¥ denote the lower bound and
upper bound of downtilt, respectively.

III. PROPOSED ALGORITHM
A. Safe Reinforcement Learning Framework

Antenna adjustment is a series of operations in which
the decision to adjust the antenna angle is a sequential
process with a finite set of actions, and the outcome of
each adjustment depends on the current state and the chosen
action. Therefore, the antenna angle optimization task can
be modeled as a Markov decision process. In the context of
reinforcement learning, antennas are regarded as agents and
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iteratively interact with the environment. Due to the trial-and-
error nature of the traditional reinforcement learning, it is
inevitable for agents to make unsafe decisions that may cause
immediate network failure. To cope with this, we introduce
a safe reinforcement learning framework with cost constraint
that restricts the exploration of risky actions so as to ensure
the safety during the exploration. Specifically, we consider
a constrained Markov decision process denoted as M =
(S,A,r,c,P,H,C) during antenna tuning, where

o The state space S corresponds to the set of antenna
locations.

e The action space A = {0,¢} indicates the candidate
angle settings of antennas.

e The reward r : & x A — R represents the network
performance after executing a policy, which is defined as
the valid coverage ratio 7"(6, ¢).

e The cost ¢ : § x A — R indicates the network

performance degradation that the chosen policy yields,
1-~"(0,9)
which is defined as c¢(s,a) = e i

risk threshold.

e P:SxAxS —[0,1] is the transition probability func-
tion with P(s'|a,s) indicates the transition probability
from state s to s’ under action a.

o H is the number of consecutive actions performed in each
episode.

e The constraint C is a scalar that specifies the maximum
allowable value of the cost.

A policy distribution 7 : § x A — [0,1] specifies the
probability of choosing an action a when the state is s. The
value function V7 (s) of the policy 7 given a state s can be
expressed as follows:

, Where € is a

Vr(s) = E

H
Z r(sp, ap)|s1 = s] , 9)
h=1

where E represents expectation, 4 is the step in the current
episode, r(sp, ap) is the reward under state s, and action
ay,. The cost function VI (s) of the policy 7 can be defined
similarly:

H
Vi(s) = E[Z c(sn, ap)|s1 = S], (10)
h=1

where c(sp, ap) is the cost under state s, and action ay.
Consequently, the safe exploration problem can then be for-
mulated as

max VI(s) st. VI(s)<C. (11)
Note that we define a policy m as a safe policy if its
cumulative cost is less than the maximum allowable value C,
ie, VI(s) < C. Let Hgpe = {m: VT (s) < C} denote the set
of safe policies. Assume that we have access to a safe baseline
policy 7, € Ty that satisfies Vo’ (s) < C before applying
the safe reinforcement learning method to the online antenna
tuning. The safe policy m is then utilized as the initial strategy
for safe exploration of antenna configurations.

IEEE WIRELESS COMMUNICATIONS LETTERS, VOL. 13, NO. 7, JULY 2024

B. Safe Exploration of Angle settings

Without loss of generality, the agent interacts with the
environment episodically. Let K denote the number of total
episodes and w, = (Wh,k)thl be the policy performed in
episode k. In each step h € [H]| of episode k € [K], the agent
selects an action ay, j, based on the policy 7, 1 (s, ). For the
rest of this letter, we assume that the step length H of each
episode is 1, and omit the subscript h. Let ng(s, a) denote
the number of times the state-action pair (s, a) was observed
before episode k, which can be expressed as

k—1

ng(s,a) = Z 1{sy = s, a1r = a}.

k'=1
At the beginning of the episode k, the reward of each state-
action pair is estimated by
k—1
Zklzl 7"(5, a)]l{sk/ =S,a = a}
max{nk(57 a)7 1}

12)

(13)

7i(s,a) =

Similarly, the cost of the state-action pair (s, a) is estimated
by

Zz,_:ll c(s,a)l{sp = s, a5 = a}
max{nk(sva’):l}

¢r(s,a) = (14)

Inspired by the optimism in the face of uncertainty style
algorithms [12], we construct confidence sets R, around 7y,
and Cj, around ¢, respectively:

Ry = A7 : [T (s, 0) = Ti(s, a)| < Bp(s,0),Vs,a € Sx A},

(15)
Cr ={¢: |ex(s,a) — ex(s, a)| < Bi(s,a),Vs,a € S x A},
(16)
where
AT
Bi(s,a) = \/max{nk(s,a),1}7 an
Bi(s,a) = \/max{n:(s, a),1}’ (18)

where \" and \¢ are parameters determining the size of the
confidence interval. The total confidence ball is defined as
M =R, NCh.

To further ensure the safety of the exploration, we modify
the cost ¢ (s, a) as

Ek(sa CL) = &k(sa a) + 5/?(5» a)7

which adds penalties of the less observed (s, a) pairs and
inhibits their explorations. However, such a modification may
prevent necessary explorations to learn optimal policies, thus
we also modify the reward 7y (s,a) by adding a term to
stimulate the exploration:

19)

_ X B (s, a)

(S, a) = TE(s,a) + = =,

k(s a) = 7i(s,0) + Z— G,

where Cj, is the cost of the safe baseline policy 7.
The safe exploration problem (11) can then be rewritten as

max V7 (s) st. VI(s)<C, (21)
™

(20)
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which can be reformulated to a linear programming problem.
Firstly, let wy (s, a) be the occupancy measure indicating the
probability of choosing action a under the policy 7 at the
episode k, which is defined as

wy (s, a) =E[1{ay = a}|sy = s, 7] = P(ag = a|s = s, 7).
(22)

Then the value function V7 (s) and cost function V7 (s) can
be expressed by the occupancy measure as

VI(s) = ng(s,a)a’"(s,a)7 (23)

VZ(s) =Y wf(s,a)c(s, a). (24)
S,a
The problem (21) can be rewritten as a linear programming
accordingly:

max Z wi (s, a)T(s, a)
s,a

st. Cp: Zwk(s,a)(_:(s,a) <C
S,a

Cy: Zwk(s, a)=1,Vs eS8
s,a

Cs: wi(s,a) >0,¥(s,a) e Sx A, (25)

where the constraint C] guarantees that the cost function is
less than the threshold C. C5 indicates the sum of probability
is 1, and C3 means that the occupancy measure should be
greater than 0. After working out the optimal solution of (21),
the policy for the antenna tuning problem can be computed as
wy (s, a)

(s, a) S ae AW (5.8) (26)
Then an action is selected by policy (s, a), resulting in
the reward 73(s,a) and the cost c¢g(s,a). The counting
indicator is also updated by ny (s, a) = ng(s,a) + 1. Next, a
new confidence ball My can be calculated encompassing
the state-action pair (s, a), wherein the linear programming
problem is solved to derive the subsequent policy. This process
is repeated until reaching the episode length K, and the whole
procedure is shown in Algorithm 1.

IV. NUMERICAL EXPERIMENT

Consider a geographical region of size 500m x 500m with
3 base stations, as shown in Fig. 2. The transmit power P’
is set to 15.2dBm, the carrier frequency is 3.5GHz and the
bandwidth is 100MHz. The range of electronic azimuth and
downtilt are [0°, 360°] and [0°, 20°] with the interval of
5° and 2°, respectively. Note that using a continuous action
space approach could result in an overly fine-grained control
that may not align with the real world discrete antenna angle
settings. Therefore, we adopt the discrete action space which
provides a more practical and effective solution for the task.
Additionally, We adopt the COST 231 Final model as the path
loss model. Users are distributed randomly in the area with
the constant height of 1.5m and the terminal gain of OdBm.
The episode length K is 400.
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Algorithm 1 Safe Exploration of Antenna Tuning

1: Input: 7, ¢, mp, C

2: Initialization: ny(s,a) =0,Vs € S,a € A

3:for k=1: K do

4:  Estimate the 73 and ¢; by Eq. (13) and Eq. (14)

5:  Calculate the reward confidence ball Ry by Eq. (15)
6:  Calculate the cost confidence ball C;, by Eq. (16)

7. M =RipNC
3
9

if £ == 1 then
: Select the policy mp =
10: else
11: Solve the linear programming problem by Eq. (25)
12: Select the policy 7, by Eq. (26)
13:  end if

14:  Select action a ~ (s, )

15:  Incur the reward 74 (s, a) and cost cx(s, a)
16:  Update the counts: ny (s, a) < ng(s,a) + 1
17: end for

500

400

0 100 200 300 400 500
x[m]

Fig. 2. Building layout and BS locations.

1

09

Valid coverage ratio
) o
~ ®

=4
Y

o
o

0.4 L - -
-105 -100 -95 -90 -85

TP (dBm)

Fig. 3.
thresholds.

Valid coverage ratio under different power thresholds and SIR

First, we investigate the performance of our proposal under
different power and SIR thresholds, as shown in Fig. 3. It can
be seen that when the SIR threshold 7'¢ remains constant,
the valid coverage ratio decreases as the power threshold TP
increases. Similarly, the valid coverage ratio decreases as the
SIR threshold T'¢ increases while the power threshold T? is
kept constant. Additionally, it is noteworthy that the curve for
higher SIR thresholds exhibits a slower decline compared to
that of lower SIR thresholds, since the users meeting higher
SIR thresholds are more likely to have stronger received signal
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Fig. 5. Accumulated constraint violations of different algorithms.

strength under the same power threshold. Consequently, as the
power threshold 7P increases, the number of users meeting
the higher SIR threshold that become invalid is comparatively
smaller than those meeting the lower SIR threshold.

Then, we compare the network performance of our proposed
method with the following three methods: the IQL method
developed in [7], the QL method proposed in [8] and the ran-
dom search method. The power threshold is set to —95dBm,
the SIR threshold is 0dB and the cost constraint C is e.
As shown in Fig. 4, at the end of the episode, SRL method
yields a reward of 0.77, which is observed to be the second-
best performing algorithm. The QL algorithm achieves the
highest reward of 0.79 due to its capability of searching for
solutions within a larger action space. The performance of
the SRL is slightly inferior to that of the QL because the
SRL explores only within the confines of the confidence ball,
resulting in a conservative policy execution. Therefore, while
the SRL has the potential to enhance the safety and reliability
of reinforcement learning algorithms, it may also come at a
slight cost in terms of performance.

Fig. 5 shows the accumulated constraint violations of dif-
ferent algorithms, which is defined as the accumulated number
of times that the valid coverage ratio falls below 0.6. When
the coverage ratio is less than 0.6, nearly half of users may
experience dropped calls, poor call quality, and difficulty in
maintaining a stable connection. The slow data speeds and
intermittent connectivity can frustrate users trying to browse
the Internet or use other data-intensive applications. As can
be seen from the figure, the SRL algorithm exhibits zero
violations of constraints during the exploration process. Note
that the number of accumulated constraint violations of the

IEEE WIRELESS COMMUNICATIONS LETTERS, VOL. 13, NO. 7, JULY 2024

QL algorithm reaches 31 by episode 400, signifying severe
network performance degradation during the exploration. A
coverage rate below 60% implies that nearly 40% of users
within the area cannot use their mobile phones for activities
such as image browsing, significantly impacting user expe-
rience. Therefore, even if the valid coverage rate of the QL
algorithm surpasses that of the SRL algorithm in the final
stage of reinforcement learning, the substantial decrease in
temporary coverage caused by the exploration phase of the
QL algorithm can severely compromise the user experience at
that moment. Consequently, based on the results from Fig. 4
and Fig. 5, it can be inferred that the SRL algorithm is a
more feasible approach for practical antenna configuration
scenarios.

V. CONCLUSION

In this letter, we investigated the reliable antenna angle
tuning for mobile communication systems. We proposed a
safe reinforcement learning based antenna angle adjustment
algorithm aiming at maximizing the valid coverage ratio
while avoiding significant degradation of network performance
during the exploration. The antenna configuration task is
formulated as a finite-horizon constrained Markov decision
process, which is solved by a linear programming approach
within the scope of a confidence ball. Numerical results show
that our proposal can produce promising antenna configura-
tions while ensuring safety during the exploration process,
providing an effective and safe way for antenna tuning in
practical scenarios.

REFERENCES

[1] I Ismath et al., “Deep contextual bandits for fast Neighbor-aided initial
access in mmWave cell-free networks,” IEEE Wireless Commun. Lett.,
vol. 10, no. 12, pp. 2752-2756, Dec. 2021.

[2] L. Shen and S. Wang, “Scalable antenna orientation optimization
for mmWave mobile communication systems,” in Proc. IEEE
GLOBECOM’23, Kuala Lumpur, Malaysia, 2023, pp. 4503-4508.

[3] Z. Lin et al., “Secrecy-energy efficient hybrid Beamforming for satellite-
terrestrial integrated networks,” IEEE Trans. Commun., vol. 69, no. 9,
pp. 6345-6360, Sep. 2021.

[4] Z. Lin et al., “Refracting RIS-aided hybrid satellite-terrestrial relay
networks: Joint Beamforming design and optimization,” IEEE Trans.
Aerosp. Electron. Syst., vol. 58, no. 4, pp. 3717-3724, Aug. 2022.

[5]1 S. Marco et al., “Cellular network capacity and coverage enhancement
with MDT data and deep reinforcement learning,” Comput. Commun.,
vol. 195, no. 1, pp. 403-415, Sep. 2022.

[6] L. Shen, Y. Zhang, and S. Wang, “Codebook based antenna con-
figuration: A new network planning paradigm for mmWave mobile
communication systems,” IEEE Trans. Veh. Technol., vol. 72, no. 8,
pp. 10368-10379, Mar. 2023.

[7]1 V. Buenestado et al., “Self-tuning of remote electrical tilts based on call
traces for coverage and capacity optimization in LTE,” IEEE Trans. Veh.
Technol., vol. 66, no. 5, pp. 4315-4326, May 2017.

[8] N. Islam and A. Mitschele, “Reinforcement learning strategies for
self-organized coverage and capacity optimization,” in Proc. IEEE
WCNC’12, Paris, France, 2012, pp. 2818-2823.

[9] J. Garcia and F. Fernandez, “A comprehensive survey on safe reinforce-

ment learning,” J. Mach. Learn. Res., vol. 16, no. 1, pp. 1437-1480,

Mar. 2015.

Y. Chow et al., “A Lyapunov-based approach to safe reinforcement

learning,” in Proc. NeurIPS’18, Montreal, QC, Canada, 2018, pp. 1-10.

J. Achiam et al., “Constrained policy optimization,” in Proc. ICML’17,

Sydney, NSW, Australia, 2017, pp. 1-10.

P. Auer, T. Jaksch, and R. Ortner, “Near-optimal regret bounds for

reinforcement learning,” in Proc. NeurIPS’08, Vancouver, BC, Canada,

2008, pp. 89-96.

[10]
(1]

[12]

Authorized licensed use limited to: Nanjing University. Downloaded on January 04,2025 at 07:03:30 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 /LeaveColorUnchanged
  /DoThumbnails false
  /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 false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /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 "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


