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APPROXIMATION OF IMISSION LEVEL AT AIR MONITORING
STATIONS BY MEANS OF AUTONOMOUS NEURAL MODELS

Long-term collection of data, recorded at several air monitoring stations located in Central Po-
land, was analyzed. The main objective of the analysis was to choose optimum modelling methods
for concentration of specified air pollutants. For this purpose accuracies of various groups of auton-
omous models were compared. Prediction of any air pollutants was performed using three different
modelling methods. The modelled value was instantaneous concentration of specified pollutant. The
models varied in the number and type of the explanatory variables and the modelling technique. It
was presumed that there is a need for modelling the measurement gap, comprising a selected extract
of the time series of a chosen pollutant. For successive cases in the gap, prediction errors of various
methods of modelling were compared.

1. INTRODUCTION

The data gathered continuously in the air monitoring systems are never entire.
A need for imputation of modelled values into measurement gaps appears when the
completeness of the analyzed monitoring set is too low [1, 2]. Deficient measurement
series should not be used for air quality assessment [3]. Operative law does not rec-
ommend specific modelling methods. Linear interpolation is the simplest imputation
technique. However, this method is not precise enough for longer gaps in monitoring
time series. More accurate could be the methods which exploit the knowledge collect-
ed in historical data, at the same or at the neighbouring monitoring stations. Such
models, which provide prediction without recourse to any data coming from the out of
a monitoring system, were called autonomous models [4]. Two main groups of the
autonomous models could be specified — regression models and time series models.
The regression models exploit relationships between elements from different measure
series, whereas the time series models base on autoregression in specified measure
series. A choice of method should ensure possibly highest prediction accuracy.
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The main objective of the analysis was to choose optimum modelling methods for
concentration of specified air pollutants. For this purpose, accuracies of various
groups of autonomous models were compared. It was presumed that there is a need for
modelling a measurement gap, comprising a selected extract of the time series of
a chosen pollutant. Additionally, it was assumed that complete data for other pollu-
tants and meteorological parameters during the period covering the gap as well as data
from the modelled time series prior to that gap are available. For successive cases in
the gap, prediction errors of different methods of modelling were compared. In regres-
sion models, available data for a considered case were exploited, i.e. the data recorded
on the same day and at the same hour. In time series models, successive cases in
a measuring gap were treated as sequent steps of prognosis. To build predictive mod-
els neural networks were used because they allow acquiring optimum approximation
of modelled variables.

In the present study, the long-term collection of data, recorded at several air moni-
toring stations located in Central Poland, was analyzed. Approximation was conducted
for concentration levels, recorded at the air monitoring station in Radom.

2. METHODS

The analyzed data sets derived from 8 different air monitoring sites in Central Po-
land, i.e. from Widzew, Gajew, Granica, Piotrkéw Trybunalski, Legionowo, Radom,
Thuszez, Ursyndéw. The data were gathered in the period 2004-2008. Data collection
was obtained from Voivodeship Inspectorates for Environmental Protection in War-
saw and in £6dz. The examined time-series involved hourly concentrations of main air
pollutants: O3, NO, NO,, PM,,, SO,, CO, as well as hourly averages of the following
meteorological data: temperature, wind speed, wind direction, relative humidity, and
solar radiation.

Approximation of pollutant concentrations was carried out for the monitoring sta-
tion Radom. The quality of modelling was estimated by comparing the predicted con-
centrations with the actual ones. Prediction of any air pollutants was performed using
various modelling methods. In all methods, the modelled value (model output) was
concentration of specified pollutant at a given time (day and hour). The models varied
in the number and type of the explanatory variables and the modelling technique.
Three basic groups of models were created:

Time-series linear models (TS-L). Concentrations of chosen pollutant recorded in
previous hours were inputs of the TS-L models. All time series models had a fixed
number of steps (24). The number of steps was the parameter which specified how
many previous cases is taken as the inputs to the model. Within the group of TS-L
models, several models differing in the horizon of the forecast (lookahead) were gen-
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erated. Lookahead was a parameter which indicated the number of steps between the
last known value before the gap and the predicted value in the gap. The following
lookaheads were assumed: 1, 2, 3, 4, 5, 6, 8, 12, 24. That range of the prognosis hori-
zon allowed predicting concentrations in 24-hour gaps. Linear neural networks were
used as a tool of time series analysis. Previous experience showed that nonlinear mod-
els did not improve significantly the quality of modelling [5].

Multiple regression perceptron models (MR-P). In these models, as predictors of
specified pollutant concentration concentrations of other pollutants were used meas-
ured at the same monitoring stations, as well as date and hour of measurement and
meteorological data. Non-linear neural networks of the perceptron structure were ap-
plied for regression analysis. Each model used a network with five neurons placed in
a single hidden layer. Such a relatively simple neural network structure allows effec-
tive exploration of knowledge hidden in data [6].

External Multiple Regression Perceptron Models (EMR-P). In these models, as
predictors of specified pollutant concentration were used concentrations of the same
pollutant measured at other, neighbouring monitoring stations. For example, to model
the concentrations of O; at the monitoring station Radom, concentrations of Oz from
seven other stations located in Central Poland (Fig. 1) were used. A neural network
structure was similar to the network in MR-P models.

Tiuszcz
@ Legionowo

[
o Kutno Granica KPN

[ ]
Gajew

Lid: ﬁ L6dz - Widzew

© Tomaszéw Mazowiecki

Warszawa OSiedlL‘L'

Warszawa - Ursynow

Pulawy

[ [ ]
Piotrkéw Trybunalski Radom

Skariysko Kamienna
° Radomsko © Starachowice
75 km .
; : O Kielce

Fig. 1. The location of examined air monitoring sites in Central Poland

The analysis was carried out using the Statistica Data Mining application. In each
neural network, the analyzed set of data was divided into three subsets: the training
subset (50% of cases), the verification subset (25% of cases) and the test subset (25%
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of cases). For neural network training two algorithms were used: Levenberg-Marquardt in
the group of non-linear models, and pseudo-inverse in the case of linear models. The
values of the model errors were estimated when comparing divergences between the
model output and the real concentration values. The following categories of prediction
error were taken into account:

ethe value of Pearson’s correlation coefficient (7),

ethe value of the root mean square error (RMSE),

e the value of the mean absolute error (Je),

ethe ratio RMSE/s, where s is the standard deviation.

The values of RMSE and |e| were useful criteria for assessment the models gener-
ated for a specified pollutant at a specified monitoring site. To compare the models for
different pollutants more universal are dimensionless errors, like correlation coeffi-
cient or the ratio RMSE/s.

3. RESULTS

The changes of the values of modelling errors in dependence on the prognosis
lookahead were shown in figures 2-7. Individual figures illustrate the results obtained
successively for Oz, NO, NO,, CO, SO,, PMy,. Curves of changes in four different
categories of error: RMSE, |e|, RMSE/s i r were presented for the forecast horizons
ranging from 1 to 24 hours. Each chart comprises the results for the models generated
by 3 different prediction techniques, including models of time series (TS-L), non-
linear multivariate regression models (MR-P), and non-linear multivariate regression
models exploring data from adjacent monitoring stations (EMR -P). Exact values of
the prediction errors were given in an earlier publication [7].

4. DISCUSSION

Regression models MR-P and EMR-P have constant errors, independent of the
forecast horizon. Only the TS-L models are characterized by a variable value of pre-
diction errors in a measuring gap. For those models, the RMSE, |e|, RMSE/s errors
gradually increase with increasing forecast horizon. Correlation coefficient values
behave different; their decrease means prediction quality drops. Analysis of any meas-
urement errors leads to the conclusion that the quality of modelling in the group of
models TS-L strongly depends on the length of the measuring gap. That regularity is
observed for all air pollutants. Only for short gaps TS-L model can be more accurate
than others. Tables 1-6 summarize separately for individual air pollutants which mod-
elling method is the most accurate for measuring gaps of various lengths. Obtained
results can be just as well referred to subsequent cases of a 24-hour long gap.
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Fig. 2. Modelling errors of O3 concentrations in dependence on the forecast horizon

(Models TS-L, MR-P, EMR-P, Radom 2004-2008)
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Fig. 3. Modelling errors of NO concentrations in dependence on the forecast horizon
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Fig. 4. Modelling errors of NO, concentrations in dependence on the forecast horizon
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Fig. 5. Modelling errors of CO concentrations in dependence on the forecast horizon
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For ozone, TS-L models provide the highest prediction quality only in the first
case of measuring gaps (Table 1). That recommendation does not depend on a consid-
ered type of error. The next cases in gaps should be modelled by regression models
MR-P.

Table 1

The most accurate models of O; concentration
for measuring gaps of various lengths

Error Measuring gap length [h]
1 >1
RMSE TS-L MR-P
le] TS-L MR-P
RMSE/s TS-L MR-P
r TS-L MR-P

For NO, TS-L models are not very accurate, even for the shortest forecast hori-
zons. Instead, regression models MR-P are the most accurate, even compared to simi-
lar models for other pollutants. The correlation coefficient for this model is 0.954.
Considering all types of measurement error, MR-P models should be recommended to
predict NO concentrations from the first to the last case in a gap (Table 2).

Table 2

The most accurate models of NO concentration
for measuring gaps of various lengths

Measuring gap length [h]
Error
1 >1
RMSE MR-P MR-P
le| MR-P MR-P
RMSE/s MR-P MR-P
r MR-P MR-P
Table 3

The most accurate models of NO, concentration
for measuring gaps of various lengths

Error Measuring gap length [h]
1 >
RMSE TS-L MR-P
le| TS-L MR-P
RMSE/s TS-L MR-P
r TS-L MR-P
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For NO, concentrations, TS-L. models provide the highest prediction quality, but
only in the first step of the forecast (Table 3). The next cases in gaps should be mod-
elled by regression models MR-P.

For CO concentrations, for forecast horizons longer than 1 hour the most accurate
type of model is MR-P (Table 4). For the first step, models TS-L can provide a higher
prediction accuracy, but only when the mean absolute error |e| is a criterion for predic-
tion quality.

Table 4

The most accurate models of CO concentration
for measuring gaps of various lengths

Measuring gap length [h]
Error
1 >1
RMSE MR-P MR-P
le| TS-L MR-P
RMSE/s MR-P MR-P
r MR-P MR-P

Models TS-L give the best results in SO, concentrations modelling for the two
first cases of a gap (Table 5). While considering mean absolute error |e|, this method
proves to be the most accurate for measuring gaps up to 4 h. For longer gaps, MR-P
models are most accurate.

Table 5

The most accurate models of SO, concentration
for measuring gaps of various lengths

Measuring gap length [h]
1 2 3 4 >4
RMSE [ TS-L | TS-L | MR-P | MR-P | MR-P
le| TS-L | TS-L | TS-L | TS-L | MR-P
RMSE/s | TS-L | TS-L | MR-P | MR-P | MR-P
r TS-L | TS-L | MR-P | MR-P | MR-P

Error

For PM,, the best results in the first step of prediction method always give models
TS-L (Table 6). For the second step of the forecast, the error criterion decides on the
recommendation. Analyzing the mean absolute error |e|, models of time series TS-L
can be recommended. When comparing the values of other measurement errors, re-
gression models of the type MR-P prove the best precision in the second step of the
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forecast. These models provide the best prediction accuracy in every next step of the

forecast.
Table 6

The most accurate models of PM;, concentration
for measuring gaps of various lengths

Error Measuring gap length [h]

1 2 >2
RMSE TS-L MR-P MR-P
le] TS-L TS-L MR-P
RMSE/s TS-L MR-P MR-P
r TS-L MR-P MR-P

All the results indicate that models TS-L and MR-P provide the most accurate
prediction for the data recorded at the air monitoring station in Radom. The accuracy
of multivariate regression models exploring data from nearby monitoring station
(EMR-P) is less than the accuracy of internal regression models (MR-P), for all pollu-
tants. Therefore, this method cannot be recommended for prediction of measurement
gaps, if other methods could be applied. Inaccuracy of EMR-P models can result from
either particularly irregular primary emissions from local sources in the vicinity of the
air monitoring station in Radom or the location of this station at the edge of the area
monitored by the considered group of measuring stations.

NO is an exception among the pollutants for which models of the type MR-P pro-
vide the largest accuracy of approximation in the entire measurement gap. The time
series method may be recommended for prediction in the first case of measuring gaps
for concentrations of O;, NO,, CO. Exceptionally, the use of models TS-L should be
considered to complete a larger number of cases: 1-2 first cases of gaps in time series
of PM;, concentration, and 2—4 first cases of gaps for the time series of SO, concentra-
tions. The choice of modelling method for subsequent cases in measurement gaps is
obvious when only one measure of error is accepted as a criterion for selection of the
modelling method. Accuracy evaluations resulting from the analysis of various
measures of error are not divergent enough to reject any of these measures as an incor-
rect criterion.

5. CONCLUSIONS

e Specific methods of prediction should be recommended separately for each of
the air pollutants, because there are big differences in possibilities of modelling of
individual air pollution concentrations.
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eIn order to ensure optimum accuracy of prediction, the change of the modelling
method with the lookahead increasing should be taken into account.

e Exceptionally for NO, the use a multivariate regression models MR-P is reason-
able in the whole measuring gap.

¢ Concentrations of pollutants such as O;, NO,, CO, SO,, PM,, can be effectively
modelled using time series models but only for very short forecast horizons (1-4 h),
then regression modelling methods appear to be more accurate.

e It should be only one measure of error assumed as a criterion for selection of the
modelling method when missing data are completed. Then the recommendation of
methods for the subsequent cases in a gap is simple.

e The above conclusions relate only to the data recorded at the air monitoring sta-
tion in Radom, and only to the modelling methods applied as autonomous neural mod-
els. The analysis does not cover a comparison with other possible modelling tech-
niques, including interpolation, which may be competitive for short gaps in time
series.

ACKNOWLEDGEMENTS

This study was carried out within a research project of Czestochowa University of Technology
No. BS-402-301/07/R. Some results were obtained earlier, in the project No. 1 T09D 037 30, funded by
the research budget of the Polish Government.

REFERENCES

[1] PLAIA A., BONDI A.L., Atmos. Environ., 2006, 40 (38), 7316.

[2] GENTILI S., MAGNATERRA L., PASSERINI G., An introduction to the statistical filling of environmental
data time series, [In:] Handling Missing Data: Applications to Environmental Analysis, G. Latini,
G. Passerini (Eds.), Wit Press, Southampton, 2006, 1-27.

[3] Regulation of Ministry of Environment of 17 December 2008, On the evaluation of levels of sub-
stances in the air, Journal of Laws of the Republic of Poland, 2009, No 5, item 31.

[4] HOFFMAN S., Treating missing data at air monitoring stations, [In:] Environmental Engineering,
L. Pawlowski, M.R. Dudzinska, A. Pawlowski (Eds.),Taylor and Francis Group, London, 2007,
349-353.

[5]1 HorrmAN S., Environ. Eng. Sci., 2006, 23 (4), 603.

[6] HOFFMAN S., Application of Neural Networks to Regression Modeling of Air Pollutants Concentra-
tions, Wydawnictwa Politechniki Czg¢stochowskiej, Czgstochowa, 2004 (in Polish).

[7] HOFFMAN S., JASINSKI R., Missing Data Imputation into the Data Sets of Air Quality Monitoring
Systems, Wydawnictwo Politechniki Czgstochowskiej, Czgstochowa, 2009 (in Polish).




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /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 ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. 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 Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


