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Abstract: Thermal modeling in the transient condition is very important for cast-resin 
dry-type transformers. In the present research, two novel dynamic thermal models have 
been introduced for the cast-resin dry-type transformer. These models are based on two 
artificial neural networks: the Elman recurrent networks (ELRN) and the nonlinear auto-
regressive model process with exogenous input (NARX). Using the experimental data, 
the introduced neural network thermal models have been trained. By selecting a typical 
transformer, the trained thermal models are validated using additional experimental re-
sults and the traditional thermal models. It is shown that the introduced neural network 
based thermal models have a good performance in temperature prediction of the winding 
and the cooling air in the cast-resin dry-type transformer. The introduced thermal models 
are more accurate for the temperature analysis of this transformer and they will be trained 
easily. Finally, the trained and validated thermal models are employed to evaluate the 
life-time and the reliability of a typical cast-resin dry-type transformer. 
Key words: cast-resin transformer, dynamics, recurrent neural networks, thermal modeling 

 
 

1. Introduction 
 
In many critical applications such as military and residential areas, transformers must be 

protected against explosion. Thus, nonflammable insulations (such as Askarel and Epoxy Re-
sins) have been offered to be used in transformers. As the usage of Askarel has been phased 
out, epoxy resins have proven themselves and are widely used in transformers. Therefore,  
a cast-resin dry-type transformer [1, 2] has been developed as a nonflammable transformer. 
While a dry-type transformer lacks any cooling fluid and the life-time of insulating system 
depends on temperature, the thermal behaviour analysis of the dry-type transformer is cru-
cially important. 
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Previously, the steady-state thermal modeling for different geometries of the dry-type 
transformer was introduced in [2-8]. Additionally, it is essential to study the transient thermal 
behaviour and the life-time of the dry-type transformers; thus, it is helpful to introduce some 
applicable dynamic models for this purpose. Different life-time and transient thermal models 
have been presented for oil-immersed transformers [9-13]. There are few researches on dy-
namic thermal modeling of the dry-type transformers [14-17]. References [14, 15] introduce 
simplified RC models for the dynamic thermal modeling of the dry-type transformers. Dif-
ferent heuristic algorithms have been employed to estimate the parameters of these RC ther-
mal models. As it has been shown in [15], the simplified models are accurate enough for the 
thermal modeling of the dry-type transformer. Additionally, some detailed RC thermal models 
have been presented in [16, 17] for the thermal modeling of the cast-resin dry-type trans-
former. The RC models that are based on the physical structure of the transformer are accurate 
enough to analyse the dynamic thermal behaviour of the dry-type transformers. But the ac-
curate thermal modeling of the transformer, especially when the current variation is high, can-
not be achieved. Thus, it is needed to introduce some compatible methods to model the dyna-
mic thermal behaviour of the dry-type transformer. Nowadays artificial neural networks 
(ANN) are widely used for temperature prediction in different problems and phenomena 
[18-24]. Several ANN based dynamic thermal models have been presented for oil-immersed 
transformers [21-24].  

Consequently, novel dynamic thermal models based on the Elman recurrent networks 
(ELRN) and the nonlinear autoregressive model process with exogenous input (NARX) for 
the thermal modeling and temperature prediction of the cast-resin dry-type transformers are 
introduced in this paper. Employing the measured temperatures, the ANN models have been 
trained and the predicted temperatures are validated against experimental results, the RC 
thermal models [15-17] and the classic IEC method [25]. Afterwards, using the trained ANN 
models, the life-time and reliability of the cast-resin transformer are studied. It is shown that, 
the introduced ANN models have better efficiency in the temperature prediction of the cast-
resin dry-type transformer rather than other traditional methods. 

Main contributions and novelties of this paper can be listed as following: 
- New and simple ANN based thermal models are introduced for the dynamic thermal 

modeling of the cast-resin dry-type transformer. 
- The results of the introduced models are compared to experimental results, the RC 

based models, IEC equations and to each other. 
- Using the predicted and validated ANN models, the life-time and reliability of the 

cast-resin transformer have been studied. 
 
 

2. Cast-resin dry-type transformer thermal models 
 

2.1. IEC thermal equations 
Practically, there are few conventional models that are employed for temperature predict-

tion of dry-type transformers [25, 26]. In these traditional models, if the required experimental 
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parameters are not accessible then the models cannot be employed. Here, the traditional 
thermal equations that have been presented by the IEC standard [25] are discussed. It is known 
that the dynamic behaviour of temperature is similar to a simple exponential equation. Thus, 
by determination of the initial and the final values of this exponential equation, the winding’s 
temperature rise (θw) can be governed at each time (t) as given in (1). 
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where: τ is the thermal time-constant of a winding, θw0 is the initial (t = 0) winding tempe-
rature rise at the beginning of the time period, and θw∞ is the final (steady-state) winding tem-
perature rise that can be expressed as 

  ,θθ n
wnw K=∞  (2) 

where: θwn is the nominal steady-state winding temperature rise, K is the load factor (load 
current/nominal current) and n is an experimental correction coefficient. IEC standard pro-
poses τ = 0.5-2 hours and n = 1.6 for dry-type transformers [25]. 

 
2.2. RC thermal model 

A schematic view of a cast-resin transformer is shown in Fig. 1a. Thermal behaviour of the 
windings can be expressed as (3) [16]. 
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where: qO is the specific loss density, θ is the temperature, k is the thermal conductivity and  
α is the thermal diffusion. Now, assume the solid parts to be divided into a number of cylin-
drical units that are related to each other by thermal resistances (Fig. 1b). 
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Fig. 1. Cast-resin dry-type transformer: a) schematic view; b) a partial part 
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In the transient condition, the transferred thermal energy to each unit appears as an in-
crease in the total energy and the unit behaves as an integrated capacitor [16]. If only one unit 
is selected in the windings and if the heat transfer from horizontal surfaces is neglected (heat 
transfer is assumed to occur in the radial direction) [2], the thermal behaviour of the winding 
and the cooling air (on top of the enclosure [27]) can be explained as following [15]: 
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where: θw/θe are the average temperature rises, Pw /Pe are the thermal flow sources, Rw /Re are 
the thermal resistances, and Cw /Ce are the thermal capacitances of the winding/cooling air.  

Consequently, (4) and (5) represent a second order RC circuit as given in [15]. Note that 
Re, Ce and Pw are temperature dependent [17]. And Pw also depends on the load factor and the 
nominal winding losses (Pwn) as shown in (6). 

  .n
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Combining (4)-(6), the matrix form of the thermal model can be explained as (7). 
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Applying the forward Euler discretization rule ( ( ) tkk Δ−θ−θ= /]1[][θ& ), a discrete time 
form of (7) can be extracted as: 
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2.3. Novel thermal models based on recurrent neural networks 

An artificial neural network (ANN) is a set of interconnected neurons that employs a ma-
thematical model to simulate a biological neural network. ANN is formed by connecting the 
artificial neurons to each other among adjustable weights. Neural networks can be employed 
to model complicated interaction between a set of inputs and outputs. ANN can be trained to 
reach a target output for a specific set of inputs.  

In this research, it is assumed that only two nodes in the winding and the cooling air can 
model the thermal behaviour of the cast-resin dry-type transformer with sufficient accuracy. 
This means that only the winding’s average (or hottest spot) temperature and the cooling air 
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temperature on top of the winding are important and measurable. Obviously, if the measured 
cooling air temperature is not accessible, one can neglect the related node and thus the order 
(number of the outputs) of the thermal model will be reduced. As it can be seen from (8), 
thermal model needs one input for the load factor (K) and two outputs for the winding tempe-
rature (θw) and the cooling air temperature (θe). For more simplification in the thermal model, 
θw and θe are assumed to be temperature rises (absolute temperature - ambient temperature) 
instead of the absolute temperatures; this helps to remove the ambient temperature from the 
inputs and to simplify the model. 

Note that temperatures are presented in both sides of (8); so the thermal models must have 
dynamic behaviours. Additionally, the thermal parameters in this equation are temperature 
dependent and consequently, the thermal model must be able to model the nonlinear behaviour 
of this system. In order to achieve these goals, two models based on recurrent neural networks 
are introduced here.  

 
2.3.1. Elman recurrent networks (ELRN)  

ELRN is a partial recurrent artificial neural network and is a widely used model for dyna-
mic systems modeling. Previously, this network has been employed for temperature prediction 
in many different problems [18-24]. The ELRN is composed of input, hidden, context, and 
output layers (Fig. 2).  

 

 

Fig. 2. Structure of the ELRN 

 
The recurrent links in the context layer causes the ELRN to be sensitive to the output’s 

history; dynamic behaviour of the ELRN is provided only by these internal connections. In 
this research, different training processes were carried out and the optimal number of neurons 
in the hidden layer (5), type of transfer functions (‘logsig’ for the hidden layer and ‘purelin’ 
for the output layer), the number of epochs, and etc. have been determined using a trial and 
error process. The network has been trained using the Levenberg-Marquardt method. 

 
2.3.2. Nonlinear autoregressive model process with exogenous input (NARX) 

NARX is a powerful dynamic neural network for modeling nonlinear and time variant sy-
stems. Due to better gradient descent, the NARX learning process is more effective and con-
verges faster than in other artificial neural networks [28]. In modeling long time dependences, 
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the NARX model is better than other recurrent networks. The NARX networks can be imple-
mented in different ways. A simple way is to use a feed-forward network with delayed inputs 
in addition to a delayed output link to input (Fig. 3).  

A dynamic back-propagation method is required for learning purpose; training may be 
trapped in local optima. One can use the measured outputs instead of the estimated ones to 
train the NARX model; thus the feedback links are decoupled. The resultant neural network is 
a known feed-forward network that could be trained using the classical static back-propaga-
tion algorithm. But unfortunately, it was seen that this caused unsuitable results. 

In this research, the optimal number of neurons in the hidden layer (5), type of the transfer 
functions (‘logsig’ for hidden layer and ‘purelin’ for output layer), the number of iterations, 
and etc. have been determined using a trial and error process. The network has been trained 
using the Levenberg-Marquardt method. In this problem, it has been seen that there was no 
need for input delays and each output was delayed twice. 

 

 
Fig. 3. Structure of the NARX  

 
 

3. Reliability equations for dry-type transformer 
 
Insulation’s Life-time in a transformer depends on the winding’s temperature. To compute 

the life-time of a cast-resin dry-type transformer, IEC [9] and IEEE [10] standards proposed 
some equations. In this research, the expected life-time (L) and the failure rate (λ) of the cast-
resin dry-type transformer have been calculated using the following equations [15, 27]:  
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The failure rate in (10) depends upon the winding temperature rise and the ambient tempe-
rature. The winding temperature is also related to the transformer load. 

 
 

4. Temperature and life-time evaluation in a typical transformer  
 
In order to train the introduced neural network models, the load cycle of Figure 4 is ap-

plied to a typical 400 kVA, 20 KV/400 V transformer [15] and the temperatures of the wind-
ing and the cooling air on top of the enclosure [29] are gathered. 

 

Fig. 4. A Typical load cycle employed for training the neural network models 
 
Using the gathered experimental data, the ELRN and the NARX models have been trained. 

Figure 5 shows the training process of the ELRN and the NARX neural network models. From 
this figure, it can be seen that the NARX model is trained faster and has some better perfor-
mance comparing with the ELRN model. 

 

Fig. 5. Training process for neural network thermal models 
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In the following figures (Figs. 6-8), the predicted temperatures of the introduced neural 
network models are compared to the results extracted from traditional IEC and RC thermal 
models. The introduced neural network models are accurate in the thermal modeling of the 
cast-resin transformer. Note that these models need less information about the structure and 
the thermal behaviour of the cast-resin dry-type transformer. Unfortunately, the introduced 
models need gathering more experimental data for training rather than the traditional thermal 
models. The IEC simple thermal model is implemented easily, but it is not so accurate. The 
RC thermal model is accurate enough; but while the load variation is too high, the results may 
not be acceptable. It is seen that the introduced neural network based thermal models are 
rather more accurate thermal models than the traditional ones. They need no information about 
the system topology and its physical behaviour. But these thermal models need more gathered 
experimental data for training purpose. 

Finally, using the introduced thermal model, the reliability of the cast-resin transformer 
can be evaluated according to the load and the ambient temperature variations. Consider a ty-
pical operating condition as shown in Fig. 9. By applying the mentioned load and ambient 
temperature to the introduced thermal model, winding temperature has been predicted as 
shown in Fig. 10a. Using the predicted winding temperature, the reliability indices can be 
calculated from (9) and (10) as shown in Fig. 10b. 
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Fig. 6. Predicted winding temperature 

 
 

 

 
Fig. 7. Predicted cooling air temperature on top of the enclosure 
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(a)
 

(b) 

Fig. 8. Error of the predicted temperatures: a) ELRN; b) NARX 
 

 

(a) 

 

(b) 

 
Fig. 9. A typical operating condition: a) load factor; b) ambient temperature variations 

 
One can see that the life-time and the reliability indices of the cast-resin transformer are 

more sensitive to the load factor and the ambient temperatures while it is compared to the oil-
immersed types [9]. 

Brought to you by | Uniwersytetu Technologicznego w Szczecinie - Biblioteka Glówna Zachodniopomorskiego
Authenticated

Download Date | 3/2/17 8:39 AM



                                                                  D. Azizian, M. Bigdeli                                                 Arch. Elect. Eng. 26

 

(a) 

(b) 

 

Fig. 10. a) winding temperature; b) failure rate due to variations in load and ambient temperature 

 
It may be so interesting to analyse the effects of load and ambient temperature on the re-

liability of transformer separately. Fig. 11a shows the effect of load variation and Fig. 11b 
shows the effect of ambient temperature on the failure rate of the cast-resin dry-type trans-
former. 

 

 (a)

 

(b)

 
Fig. 11. Transformer failure rate due a variation in: a) load; b) ambient temperature 
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5. Conclusions 
 
The analysis of the dynamic behaviour of the winding and cooling air temperatures is very 

important in the cast-resin dry-type transformers. Thus in this paper, new dynamic models 
based on ELRN and NARX neural networks were introduced for the cast-resin transformer 
thermal modeling. Using the gathered experimental data, the networks have been trained and 
with the help of additional measurements the accuracy of the thermal models are verified. As 
it has been presented in this paper, the introduced thermal models show a good performance in 
the dynamic thermal modeling of the cast-resin transformer.  

The IEC equation needs less information about the design parameters of transformer; but it 
is very simple and it is not an accurate thermal model. The RC thermal model that depends on 
the physical and actual structure of the transformer is accurate enough. Although the proposed 
ELRN and NARX models need more data gathering, but their accuracy is higher than the 
traditional IEC and RC thermal models and need less information about system characteristics. 
The NARX model has some better training speed when it is training by experimental data.  

Finally, by employing the trained and validated thermal models, the reliability indices are 
analysed. Variation in winding temperature affects the life-time and reliability of the cast-resin 
dry-type transformer. Some factors that have more effects on the temperature and reliability of 
the transformer are ambient temperature and load current. In comparison with the oil-im-
mersed types, the life-time of the cast-resin dry-type transformer is more sensitive to the load 
factor and the ambient temperatures. It was shown that the most serious effect is due to the 
load current but the ambient temperature also has considerable effects on the life-time of the 
cast-resin dry-type transformers.  

 
 

References 
  [1] Azizian D., Bigdeli M., Faiz J., Design optimization of cast-resin transformer using nature inspired 

algorithms, Arabian Journal for Science and Engineering, vol. 41, no. 9, pp. 3491-3500 (2016). 
  [2] Rahimpor E., Azizian D., Analysis of temperature distribution in cast-resin dry-type transformers, 

Electrical Engineering, vol. 89, no. 4, pp. 301-309 (2007). 
  [3] Pierce L.W., An investigation of the temperature distribution in cast-resin transformer windings, 

IEEE Transaction on Power Delivery, vol. 7, no. 2, pp. 920-926 (1992). 
  [4] Lee M., Abdullah H.A., Jofriet J.C., Patel D., Fahrioglu M., Air temperature effect on thermal 

models for ventilated dry-type transformers, Journal of Electrical Power System Research, vol. 81, 
no. 3, pp. 783-789 (2011). 

  [5] Eslamian M., Vahidi B., Eslamian A., Thermal analysis of cast-resin dry-type transformers, Jour-
nal of Energy Conversion and Management, vol. 52, no. 7, pp. 2479-2488 (2011). 

  [6] Dianchun Z., Jiaxiang Y., Zhenghua W., Thermal field and hottest spot of the ventilated dry-type 
transformer, IEEE 6th International Conference on Properties and Applications of Dielectric 
Materials, Xi’an, China (2000). 

  [7] Cho H.G., Lee U.Y., Kim S.S., Park Y.D., The temperature distribution and thermal stress analysis 
of pole cast resin transformer for power distribution, IEEE Conference International Symposium 
on Electrical Insulation, Boston, USA (2002). 

  [8] Azizian D., Windings temperature prediction in split-winding traction transformer, Turkish Journal 
of Electrical Engineering and Computer Science, vol. 24, no. 4, pp. 3011-3022 (2016). 

Brought to you by | Uniwersytetu Technologicznego w Szczecinie - Biblioteka Glówna Zachodniopomorskiego
Authenticated

Download Date | 3/2/17 8:39 AM



                                                                  D. Azizian, M. Bigdeli                                                 Arch. Elect. Eng. 28

  [9] Jian H., Lin C., Zhang S.Y., Transformer real-time reliability model based on operating conditions, 
Journal of Zhejiang University, vol. 8, no. 3, pp. 378-383 (2007).  

[10] Randakovic Z., Feser K.A., New method for the calculation of hot-spot temperature in power trans-
formers with ONAN cooling, IEEE Transactions on Power Delivery, vol. 18, no. 4, pp. 1284-1292 
(2003). 

[11] Susa D., Palola J., Lehtonen M., Hyvärinen M., Temperature rises in an OFAF transformer at 
OFAN cooling mode in service, IEEE Transactions on Power Delivery, vol. 20, no. 4, pp. 2517-
2525 (2005). 

[12] Susa D., Lehtonen M., Nordman H., Dynamic Thermal Modeling of Distribution Transformers, 
IEEE Transactions on Power Delivery, vol. 20, no. 3, pp. 1919-1929 (2005).  

[13] Taghikhani M.A., Power transformer top oil temperature estimation with GA and PSO methods, 
Energy and Power Engineering, vol. 4, no. 1, pp. 41-46 (2012). 

[14] Ghareh M., Sepahi L., Thermal modeling of dry-transformers and estimating temperature rise, 
International Journal of Electrical, Computer, Electronics and Communication Engineering, vol. 2, 
no. 9, pp. 1789-1790 (2008). 

[15] Azizian D., Bigdeli M., Firuzabad M.F., A dynamic thermal based reliability model of cast-resin 
dry-type transformers, International Conference on Power System Technology, Hangzhou, China 
(2010). 

[16] Azizian D., Bigdeli M., Cast-resin dry-type transformer thermal modeling based on particle swarm 
optimization, 6th International Workshop on Soft Computing Applications, Timisoara, Romania 
(2014). 

[17] Azizian D., Bigdeli M., Application of heuristic methods for dynamic thermal modeling of cast-
resin transformer, International Journal of Advanced Intelligence Paradigms, vol. 8, no. 1, pp. 
288-302 (2016). 

[18] Baboo S.S., and Shereef I.K., An efficient weather forecasting system using artificial neural net-
work, International Journal of Environmental Science and Development, vol. 1, no. 4, pp. 321-326 
(2010). 

[19] Moreno C.J.G., Using neural networks for simulating and predicting core-end temperatures in 
electrical generators: power uprate application, World Journal of Engineering and Technology, 
vol. 3, no. 1, pp. 1-14 (2015). 

[20] De S.S., Debnath A., Artificial neural network based prediction of maximum and minimum tempe-
rature in the summer monsoon months over India, Applied Physics Research, vol. 1, no. 2, pp. 
37-44 (2009). 

[21] He Q., Si J., Tylavsky D.J., Prediction of top-oil temperature for transformers using neural net-
works, IEEE Transactions on Power Delivery, vol. 15, no. 4, pp. 1205-1211 (2000). 

[22] Assunção T.C.B.N., Silvino J.L., Resende P., Transformer top-oil temperature modeling and simu-
lation, World Academy of Science, Engineering and Technology, vol. 2, no. 10, pp. 1115-1120 
(2008). 

[23] Alias A.M., George A., Francis A., Neural network based temperature prediction, International 
Journal of Advanced Research in Electrical, Electronics and Instrumentation Engineering, vol. 2, 
no. 1, pp. 103-110 (2013). 

[24] Smith B.A., McClendon R.W., Hoogenboom G., Improving air temperature prediction with arti-
ficial neural networks, International Journal of Computer, Control, Quantum and Information 
Engineering, vol. 1, no. 10, pp. 3100-3107 (2007). 

[25] IEC Std. 60076-12, IEC Loading Guide for Dry-Type Power Transformers, (2008). 
[26] ANSI/IEEE C57.96, IEEE Guide for Loading Dry-Type Distribution and Power Transformers, 

(April 1989). 
[27] IEC Std. 60529, IEC Degree of Protection Provided by Enclosures, (1989). 
[28] Gao Y., Er M.J., NARMAX time series model prediction: feed-forward and recurrent fuzzy neural 

network approaches, Fuzzy Sets and Systems, vol. 150, no. 2, pp. 331-350 (2005). 
 

Brought to you by | Uniwersytetu Technologicznego w Szczecinie - Biblioteka Glówna Zachodniopomorskiego
Authenticated

Download Date | 3/2/17 8:39 AM



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /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 /Warning
  /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 false
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 for quality printing on desktop printers and proofers.  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 /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


