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Coverage Prediction for mmWave Mobile Communication
Systems at the Edge: A Vision Transformer Approach
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Abstract—Coverage prediction is the pivotal quality-of-service
indicator in cellular systems, which typically relies on propa-
gation models for path loss estimation, leading to substantial
computational overhead. In this letter, we present an effi-
cient vision transformer (ViT)-based framework to directly
capture correlations among terrain, interference, and coverage
characteristics, bypassing the conventional path loss modeling.
Experiments on urban scenarios demonstrate that ViT achieves
the lowest prediction error against the ray tracing benchmark,
outperforming COST 231 by more than 10% and exhibiting
lower error than convolutional neural network (CNN)-based
models, including AlexNet, ResNet, and a recent CNN for
propagation prediction. Moreover, it also reduces computation
time by up to two orders of magnitude compared to propagation
models. This highlights the potential of our proposed method for
low-latency coverage prediction with minimal prediction error in
resource-constrained edge environments.

Index Terms—Coverage prediction, edge computing, network
optimization, vision transformer.

I. INTRODUCTION

W ITH the accelerated evolution of 5G and the advent of
6G, mobile communication networks are under mount-

ing pressure to support massive device connectivity, deliver
ultra-low latency, and adapt to diverse and complex deploy-
ment scenarios. To address spectrum scarcity and support
escalating capacity demands, these networks are progressively
adopting higher frequency bands. In particular, millimeter-
wave (mmWave) communication has gained prominence as
a key enabler, offering large bandwidth, high data rates, and
support for spatial multiplexing. Nevertheless, severe path loss
and acute blockage sensitivity in mmWave signals necessitate
denser base station deployments to ensure service quality [1].
Moreover, the highly variable propagation characteristics of
mmWave signals introduce uncertainty into network behav-
ior. Concurrently, network architectures are shifting toward
edge computing, bringing computation closer to end users
to improve responsiveness [2]. The propagation uncertainty,
network densification, and dynamic edge environments collec-
tively complicate the network operating environment and pose
new challenges for network optimization [3], [4].

Wireless network optimization generally follows an iterative
process comprising network definition, coverage analysis,
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and performance assessment. Within this process, coverage
prediction plays a pivotal role by quantifying service availabil-
ity and enabling informed optimization decisions. Specifically,
coverage rate is defined as the proportion of locations within
a target service area where key signal quality metrics, i.e.,
the maximum received power and the signal-to-interference
ratio (SIR), meet the predefined thresholds. In edge com-
puting scenarios, coverage prediction becomes particularly
demanding, as it must deliver both high accuracy and low
latency under dynamic conditions and stringent resource
constraints.

Traditional methods for coverage prediction are typically
built upon propagation models, which are classified into
empirical and analytical [5]. Empirical models, such as
Okumura model [6] and Hata model [7], are constructed
from extensive field measurements, enabling fast predictions
in similar environments, but their accuracy degrades in het-
erogeneous terrains or dynamic scenarios. Analytical models,
such as ray tracing and finite-difference time-domain meth-
ods, achieve higher fidelity through detailed electromagnetic
calculations, but at the cost of substantial computational
overhead, which restricts their suitability for latency-sensitive
edge computing [8], [9]. Recently, machine learning-based
approaches have been adopted to enhance prediction using
historical data [10]. However, their inability to capture long-
range spatial dependencies limits their generalization across
diverse environments. Moreover, both traditional and learning-
based methods focus on predicting signal strength, requiring
additional efforts to derive coverage rate, which increases
complexity and risks compounding errors.

To balance accuracy and efficiency in coverage prediction,
in this letter, we introduce a ViT-based deep learning frame-
work that establishes an end-to-end mapping from terrain
information, building layout and antenna features to spatial
coverage distributions [11]. Unlike CNNs that focus on local
features, the transformer architecture employs self-attention
to capture long-range spatial dependencies and complex
environmental patterns, which is well suited for coverage
prediction since coverage rate reflects a global indicator of
signal quality [12]. Tailored to the real-time and resource-
constrained demands of edge computing, the proposed method
directly predicts coverage metrics without explicit path
loss modeling, thereby enabling fast, accurate performance
evaluation in edge network optimization. Experiments demon-
strate clear advantages over traditional propagation models
as well as CNN-based approaches, underscoring both the
novelty of our method and its potential for future mobile
networks.
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II. SYSTEM MODEL

Consider a mobile communication network with each base
station equipped with three directional antennas. The base
station serves a local area partitioned into square grids, where
the received power at each grid center serves as a proxy for the
average signal strength across the grid. Let K = {1, 2, . . . ,K}
and N = {1, 2, . . . ,N } denote the sets of grids and antennas,
respectively. For each antenna n ∈ N , the azimuth θn ∈ Θ
is the angle between the projection of its main lobe direction
onto the horizontal plane and true north; the downtilt φn ∈ Φ
is the angle between the main lobe and the horizontal plane.

Let Pt denote the antenna transmit power; Gn,k the trans-
mission gain from antenna n to grid k, dependent on its
azimuth and downtilt; Gk the receiver antenna gain at grid k;
and Ln,k the path loss from antenna n to grid k. The received
reference signal power Pk ,n at grid k from antenna n can be
expressed as

Pk ,n = Pt +Gn,k +Gk − Ln,k . (1)

The maximum reference signal power at grid k from all
antennas is defined as Pk = maxn Pk ,n . Grid k is served
by the antenna providing this maximum power, while signals
from other antennas are treated as interference.

A grid k is covered effectively if

Pk ≥ Pth, (2)

and

Pk∑
n Pk ,n − Pk

≥ SIRth. (3)

Eq. (2), commonly referred to as the power coverage criterion,
ensures the received signal strength exceeds the minimum
threshold required for successful signal demodulation at the
receiver hardware. Eq. (3), known as the capacity cover-
age constraint, maintains sufficient communication quality by
preventing excessive interference-induced degradation. Simply
increasing the transmission power of antennas can indeed
expand the power coverage area, but it may also lead to
interference between the signals from different antennas.
Therefore, network optimization must strike a balance between
power coverage and capacity coverage. The overall coverage
rate is calculated as

∑
k∈K I

(
Pk ≥ Pth and Pk∑

n Pk,n−Pk
≥ SIRth

)

|K| , (4)

where |K| denotes the cardinality of set K, and I(x ) is the
indicator function defined as I(x ) = 1 if condition x is true,
and 0 otherwise.

The objective of the coverage prediction problem is to
predict the coverage rate calculated by (4), given the dis-
tribution of ground buildings in the wireless communication
network, the azimuth and downtilt of antenna n0, and the
signal strength received by each grid from other antennas n ′ ∈
N \ {n0}.

III. PROPOSED METHOD

A. Dataset Construction

To construct the learning dataset, a real city map is parti-
tioned into multiple fixed-size local maps, each assumed to
contain one base station. For each local map, the received
signal strength at each grid location is calculated from all
antennas in the network. A naive approach would be to use
the signal received from each antenna as a separate input
feature. However, this leads to increased input dimensionality
as the number of base stations grows, thereby raising model
complexity and training cost. Moreover, since coverage rate
computation depends only on the aggregated signal profile
rather than individual antenna contributions, such detailed
input is redundant. To address this, the signal strength received
by a grid from antennas n ′ ∈ N \{n0} is compressed into two
features: the maximum received signal maxn ′∈N\{n0} Pk ,n ′
and the total received power

∑
n ′∈N\{n0} Pk ,n ′ .

The neural network input consists of four feature maps: the
building distribution within the local map, the signal strength
received from antennas other than the target antenna n0, and
the azimuth and downtilt angles of the target antenna n0. The
model predicts the coverage of the local map, with labels
derived from coverage calculated based on received signal
powers Pk ,n at each grid k from antenna n. These received
powers are generated by a 3D ray tracing model implemented
in the radio propagation software Winprop [13]. Following the
official documentation, we set the subdivision size of walls
and wedges to 20 m, applied an adaptive resolution factor of
2, used a spherical zone radius of 150 m, and enabled multiple
reflections and diffractions.

B. Network Architecture

The input data in coverage prediction tasks can be rep-
resented as multi-channel images, thus we apply ViT for
coverage prediction. Let the input data be denoted as x ∈
R
H×W×C , where H and W denote the number of grid cells

in the horizontal and vertical directions of the local map,
respectively, and C = 4 denotes the number of channels.
ViT first divides x into patches of size P × P, resulting in
x ′ ∈ R

(HW /P2)×(P2·C ). Each patch is then flattened, linearly
projected, and position encoded to obtain the first layer input
for the transformer encoder:

z 0 =
[
x ′
1E ;x ′

2E ;, . . . ;x ′
NE

]
+Epos, (5)

where x ′
1, . . . ,x

′
N are the patches obtained by dividing x ,

E is the linear projection matrix, and Epos is the positional
encoding.

ViT contains L layers of transformer encoders. Each encoder
consists of two sub-layers. The first sub-layer applies layer
normalization and multi-head self-attention, whose operations
are denoted as fLN(·) and fMSA(·), respectively. The second
sub-layer contains layer normalization followed by a fully
connected layer, denoted by the function fMLP(·). Each sub-
layer incorporates a residual connection, formally expressed
as

z ′
� = fMSA(fLN(z �−1)) + z �−1, � = 1, . . . ,L,

z � = fMLP

(
fLN

(
z ′
�

))
+ z ′

�, � = 1, . . . ,L. (6)
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Fig. 1. Proposed coverage prediction workflow.

The output y = fLN(zL,1) is the predicted coverage rate of
ViT, where zL,1 is the first component of zL.

The standard self-attention mechanism, formalized as
fSA(·), involves the following steps. First, the input z is
projected into the query, key, and value representations via a
shared linear transformation:

[q , k , v ] = zU , (7)

where U is the concatenated weight matrix for all three
projections. Next, the attention weights are computed using
the scaled dot-product of the query and key vectors:

A = softmax
(
qkT/

√
dk

)
, (8)

where dk is the dimensionality of the key vectors. Finally, the
output of the self-attention layer is obtained by applying the
attention weights to the value vectors:

fSA(z ) = Av . (9)

Multi-head self-attention is an extension of self-attention,
in which m self-attention operations are performed in parallel,
called multi-head, and different heads focus on different
features:

fMSA(z ) =
[
fSA1

(z ); fSA2
(z ); · · · ; fSAm

(z )
]
Um . (10)

A complete overview of the coverage prediction process is
presented in Fig. 1.

IV. NUMERICAL RESULTS

We evaluate coverage prediction error and computational
efficiency on 200m × 200m urban terrain maps, discretized
into 5m × 5m grids for a balance between resolution and
computational cost. Each map contains a 30m-high mmWave
base station placed at the center, transmitting at 15.4dBm and
30GHz. Antenna configurations are systematically evaluated
across 36 azimuth angles from 0◦ to 350◦ in 10◦ increments
and 7 elevation downtilt angles from 0◦ to 30◦ in 5◦ steps,
ensuring comprehensive spatial sampling of the radiation
profile.

To assess model generalizability, the dataset is split into
training and test sets with ratios from 10%:90% to 90%:10%
in 10% increments. Models are trained in a supervised manner

TABLE I
PARAMETERS OF VIT MODELS

to minimize the root mean squared error (RMSE) between
predicted and reference coverage rates. We adopt the Adam
optimizer with a learning rate of 1×10−4 and a weight decay
of 1×10−5, and a batch size of 256, while applying a dropout
rate of 0.05. The model is considered to have converged
and training is stopped when the test set RMSE exhibits
oscillations within ±0.001 over 50 consecutive epochs. Neural
network training are implemented in PyTorch and executed
on a server equipped with eight NVIDIA RTX A6000 GPUs.
Furthermore, to investigate the impact of model capacity on
prediction performance, we adopt three ViT architectures of
increasing scale: ViT-Base, ViT-Large, and ViT-Huge. These
models vary in the number of transformer layers, hidden
dimensions, feed-forward (MLP) size, and attention heads, as
detailed in Table I.

We compare the coverage prediction error of the traditional
COST 231 propagation model [14] and two classical CNN
architectures, AlexNet [15] and ResNet [16], as well as a
recent CNN-based model [17], which we refer to as PL-CNN
for convenience, that uses map-based data for propagation
estimation, all against our ViT models. The COST 231 model
exhibits the highest RMSE at approximately 10.8%, which
is significantly larger than all learning-based methods. Fig. 2
presents the RMSE results for the neural network models.
All models show a consistent downward trend in prediction
error as the training data increases. Among CNN baselines,
the RMSEs are 7.5% and 4.5% for AlexNet at 10% and
90% training data, 5.4% and 2.2% for ResNet, and 6.7%
and 3.2% for PL-CNN, respectively. In contrast, all ViT
models achieve lower prediction error across all data regimes.
Specifically, ViT-Huge achieves the best performance, with
RMSE decreasing from about 3% using 10% of training data
to below 1.2% when trained on 90% of the dataset. ViT-Large
follows closely with slightly higher error rates, and ViT-Base
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Fig. 2. Evaluation of ViT models and CNNs in mmWave coverage prediction
with varying training splits.

Fig. 3. Computation time comparison across coverage prediction methods.

maintains an RMSE under 2% once the training set exceeds
40%. These results demonstrate the superior capability of the
transformer-based architectures to capture spatial correlations
and deliver highly accurate coverage predictions.

To further evaluate the computation efficiency of the
proposed method, we compare the average runtime of three
ViT models with two traditional methods: the COST 231
empirical model and the ray-tracing model. Each test sample
is executed 10 times, and the results are averaged. The overall
average runtime and the standard deviation of per-sample aver-
ages are then computed across all samples. All experiments are
conducted on the same hardware platform. As shown in Fig. 3,
the ViT models achieve much faster computation. In particular,
ViT-Base achieves an average runtime of only 5.8ms, which is
substantially lower than that of the COST 231 model (0.76s)
and the ray-tracing method (1.39s). These results demonstrate
that the proposed approach offers not only high predictive
performance but also notable computation efficiency, making
it well-suited for latency-sensitive edge deployment scenarios.

V. CONCLUSION

In this letter, we developed an end-to-end ViT-based frame-
work that encodes environmental features-including building
distribution, interference maps, and antenna deployment-
into image-like representations to directly predict coverage

rate, without relying on traditional propagation models with
explicit path-loss computation, thereby avoiding intermediate
modeling errors. Experimental results demonstrate that our
framework achieves lower prediction error, with ViT-Huge
reducing it to sub-1% RMSE compared with ray tracing
and consistently outperforming both empirical propagation
models and CNN baselines. At the same time, it provides
much faster inference, running up to two orders of magnitude
quicker than propagation-based approaches, which is crucial
for latency-sensitive edge scenarios. This balance of accuracy
and efficiency makes the approach highly effective for edge
network optimization. Future work entails hyperparameter
tuning, memory and energy efficiency, scalability to larger and
diverse environments, and practical update mechanisms for
integration into network management systems.

REFERENCES

[1] X. Yu, J. Zhang, M. Haenggi, and K. B. Letaief, “Coverage analysis
for millimeter wave networks: The impact of directional antenna
arrays,” IEEE J. Sel. Areas Commun., vol. 35, no. 7, pp. 1498–1512,
Jul. 2017.

[2] Y. Yang and S. Wang, “EdgeOPT: A competitive algorithm for online
parallel task scheduling with latency guarantee in mobile edge comput-
ing,” IEEE Trans. Commun., vol. 72, no. 11, pp. 7077–7092, Nov. 2024.

[3] L. Shen, Y. Zhang, and S. Wang, “Codebook based antenna configu-
ration: A new network planning paradigm for mobile communication
systems,” IEEE Trans. Veh. Technol., vol. 72, no. 8, pp. 10368–10379,
Aug. 2023.

[4] Y. Wu, X. Zhang, J. Ren, H. Xing, Y. Shen, and S. Cui, “Latency-aware
resource allocation for mobile edge generation and computing via deep
reinforcement learning,” IEEE Netw. Lett., vol. 6, no. 4, pp. 237–241,
Dec. 2024.

[5] M. Iskander and Z. Yun, “Propagation prediction models for wireless
communication systems,” IEEE Trans. Microw. Theory Techn., vol. 50,
no. 3, pp. 662–673, Mar. 2002.

[6] Y. Okumura et al., “Field strength and its variability in VHF and UHF
land-mobile radio service,” Rev. Electr. Comm. Lab., vol. 16, no. 9,
pp. 825–873, Sept. 1968.

[7] M. Hata, “Empirical formula for propagation loss in land mobile radio
services,” IEEE Trans. Veh. Technol., vol. 29, no. 3, pp. 317–325,
Aug. 1980.

[8] H. Ling, R. Chou, and S. Lee, “Shooting and bouncing rays: Calculating
the RCS of an arbitrarily shaped cavity,” IEEE Trans. Antennas Propag.,
vol. 37, no. 2, pp. 194–205, Feb. 1989.

[9] G. Feng, J. Huang, and H. Su, “A new ray tracing method based
on piecewise conformal transformations,” IEEE Trans. Microw. Theory
Tech., vol. 70, no. 4, pp. 2040–2052, Apr. 2022.

[10] S. Mohammadjafari, S. Roginsky, E. Kavurmacioglu, M. Cevik,
J. Ethier, and A. B. Bener, “Machine learning-based radio coverage
prediction in urban environments,” IEEE Trans. Netw. Service Manag.,
vol. 17, no. 4, pp. 2117–2130, Dec. 2020.

[11] A. Dosovitskiy et al., “An image is worth 16 × 16 words: Transformers
for image recognition at scale,” in Proc. ICLR, May 2021, pp. 1–22.

[12] A. Vaswani et al., “Attention is all you need,” in Proc. NeurIPS, Long
Beach, CA, USA, Dec. 2017, pp. 1–11.

[13] R. Hoppe, G. Wölfle, and U. Jakobus, “Wave propagation and radio
network planning software WinProp added to the electromagnetic solver
package FEKO,” in Proc. ACES, Florence, Italy, Mar. 2017, pp. 1–2.

[14] E. Damosso and L. Correia, Cost Action 231: Digital Mobile Radio
Towards Future Generation Systems: Final Report, Eur. Comm.,
Brussels, Belgium, 1999,

[15] A. Krizhevsky, I. Sutskever, and G. Hinton, “ImageNet classification
with deep convolutional neural networks,” in Proc. NeurIPS, Lake
Tahoe, NV, USA, Dec. 2012, pp. 1–9.

[16] K. He et al., “Deep residual learning for image recognition,” in Proc.
IEEE CVPR, Las Vegas, NV, USA, Jun. 2016, pp. 1–12.

[17] R. Dempsey, J. Ethier, and H. Yanikomeroglu, “Map-based path loss
prediction in multiple cities using convolutional neural networks,” IEEE
Antennas Wireless Propag. Lett., vol. 24, pp. 1989–1993, 2025.

Authorized licensed use limited to: Nanjing University. Downloaded on February 26,2026 at 03:37:49 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


