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Abstract—This paper presents a probabilistic power flow « The temperature of each connection should be bounded:
model subject to connection temperature constraints. Renewable

power generation is included and modelled stochastically in order T(t) < Tmax 3)

to reflect its intermittent nature. In contrast to conventional ] )

models that enforce connection current constraints, short-term should hold at all node connections for all timesi,ax
current overloading is allowed. Temperature constraints are is assumed to be the critical temperature of the connection
weaker than current constraints, and hence the proposed model above which operation failure or degradation over time

quantifies the overload risk more realistically. Using such a

A . . may occur.
constraint is justified the more by the intermittent nature of ) ] o
the renewable power source. A straightforward method to satisfy the latter constraint, is to

Allowing temporary current overloading necessitates the incor- ensure that the current never exceeds a certain maximum. That
poration of a time domain in our model. This substantially g

influences the choice of model for the renewable power source,

as we explain. Wind power is modelled by use of an ARMA II(t)] < Imax, (4)
model, and appropriate accelerations of the power flow solution

technique are chosen. Several IEEE test case examples illustrateshould hold at all node connections for all timesin this

the more reali_stic risk analysis. An_example shqws that_ a paper, we assume that,. corresponds td .. in the sense
current constraint model may overestimate these risks, which . .
that if I(t) = Iwax for all timest, then

may lead to unnecessary over-investments by grid operators in
grid connections. . _
tlﬂg T(t) = Trmax- (5)

Keywords- Probabilistic power flow, renewable generation, These maxima depend on the material and thickness of the
Monte Carlo, reliability analysis connection. Tables displaying this correspondence for cables
can be found in [1], for example.

However, the transient temperature adjustment incurs some lag
Renewable energy generation is increasingly integrateite, so a mild violation of a given current maximum—with
but high penetration of renewable generators is expectedat@hort duration—may not lead to violation of the temperature
strain the power grid. The limited predictability of distributectonstraint. Hence, directly imposing the current constraint
renewable sources implies that substantial implementationnray be too restrictive. In fact, the grid dimensioning should
the grid will result in a significantly increased risk of poweanticipate the most extreme event, which may very well be
imbalances. Uses of storage, trade or unit commitment magcidental and of short duration. Underestimating the connec-
mitigate these risks. Above all, a quantitative uncertaintion capacities in this way, may lead to over-investments in
analysis of the power flow has to be performed, which is thgid connections. Therefore, this article will treat an improved
topic of this paper. “soft” current constraint, which basically demands that the
An electricity network should fulfill the following constraints:current be not too high for too long, by focusing on constraint

« The absolute voltage should be between acceptab® instead of (4).

I. INTRODUCTION

bounds at all nodes. Formally stated, To include renewable generation units, one must model their
uncertain nature. The choice of model should be consistent
Vinin < [V ()] < Vinax (1) with available data. Often, and especially when considering

hould hold at all nodes for all i investments in new infrastructure, power generation data are
should hold at all nodes tor all timés arce, and data of their meteorological sources (e.g. wind

. S
¢ Tthe”reacuve tF’O"Ver (thO_UId be between acceptable bou@ﬁ%ed, solar radiation) are preferred because of their wide
at all generation nodes: availability. Further, the power generation and therefore the

Qmin < Q(t) < Qmax @) connection currents exhibit time correlation. This means that
’ checking for short-term current overloading necessitates the
should hold at all nodes for all times inclusion of chronology in our model, which discourages the
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choice for frequency domain approaches [2], [3], [4]. IndteaTo qualitatively demonstrate to what sense a temperature
we prefer a model which involves time correlation of theonstraint weakens the current constraint, let us first assume

meteorological sources. a constant curreni(t) = I. In this case, the formula above
A second reason for proposing a time domain based modehplifies to

is the possible inclusion of storage devices. In order to know 112

the storage capacity and maximum power at some time step, 7'(t) = Tp+ 2 (Tmax — To) (L —e7Y7). (9)
the state of charge information is required. This information max

will depend on the device behaviour at the previous time stdpractically, this equation states that in order to satisfy con-
again necessitating the introduction of chronology into tH#raint (3), one requires

model. Since storage is one of the main solutions proposed to 2

mitigate the very problem of highly variable renewable power 1 - % <e VT v, (10)
generation, the possibility to extend the model with storage | ) )

is a welcome feature. Furthermore, we will show that th his inequality naturally shows that no excessive temperature
theoretical benefit of mitigation will be underestimated by usgN occur as long a| < Ima.. Otherwise,l is allowed to

of the current constraint, which implies that storage mitigatid@ke ©n some (constant) value higher tian, for a maximum

is even more promising. duration of

Monte Carlo techniques are one way to quantify the risk of 71 <1 B Iéax> (11)
violating the three mentioned constraints. In a straightforward 712 )’

approach, one would.first samp_lel thg meteorological SOUreR |ong as the current subsequently drops bellgu.

Then the corresponding power injection would be used inja reajity, 7(¢) is neither constant in time nor known an-
steady state power flow problem. In this way, many power flojyy sically, so we cannot find the analytic solution of (6).
solution samples are drawn, after which the risk of constraip wever, suppose that we obtain a numeric sample path for

violation can be estimated statistically. . I(t). Then we can construct a corresponding sample path for
This paper elaborates on this approach, using wind power,gs temperature, by discretizing (6):

the straining renewable resource. First, Section II-A presents a )

time integration scheme for the dynamic connection tempera- T@t —6ia 1O, A= 14| _ (12)
ture. Section 11-B describes a stochastic wind power simulation A 2.«

method. In Section II-C, we investigate an efficient solver fQiere, ©, and 1, denote the numerical approximation foxt)
the steady state power flow problem. Simulation results aggq 7(¢), respectively, and\ is the time step. Solving this
presented in Section Ill. After proposing possible extensiogguation for®, yields a numerical scheme for the relative
in Section IV, we conclude this paper in Section V. temperature(t), and thus for the absolute temperatiltg).

In order to fufill the temperature constrairtd, < 1 should
hold for all ¢.

Il. METHODOLOGY

A. Short-term overloadin .
g B. ARMA based wind power model

Short-term overloading may warm up a connection insuf- . . . . . .
. : In this article, we will choose wind power as the intermittent
ficiently to increase the temperature to dangerous levels. In

. . ipower resource. To check the time dependent temperature
fact, the actual quantity to be controlled is the connection . . . . .
constraint (3), we require a time domain for the wind speed

temperaturel’(¢), and not the current itself. Fortunately, s odel. Secondly, the model should capture the wind speed

is well-known [5], the transient temperature of the connectiogl N : R
is described by a first order ordinary differential equation: istribution as observed in nature, which is assumed to be
" the Weibull distribution. Further, to reflect inertia and recur-

dO(t) [1(t)]? rence of meteorological systems, spatial correlation between

T +O() = JET (6) meteorological sources as well as temporal periodicity should

. be incorporated. The autoregressive moving-average (ARMA)

with model is a well-known technique to fulfill these requirements.
o(t) = () —To. ) The authors of [6] elaborate on an ARMA-GARCH wind

Tmax — 1o speed time series model and demonstrate that the simulated
times series realistically represent wind speed observations.

Here, T denotes the ambient temperature d(4 the current. Lo )
The other three coefficients are determined by the connectE)‘%r simplicity, we use an ARMA-mod.eI, thus using the model
[6] except that homoscedasticity is assumed. The autore-

properties denotes the thermal time constant for the heatmgaressive moving-average model captures the time correlations

of the conductor, whereds,,.x and I,.x are as defined in < i :

Section | ABinax e naturally. The Weibull distributed nature of the wind speed

The solu';ion of (6) is obtained by direct integration: is preserved: the input wind data are first transformed from
' Weibull realizations to standard normal realizations. On these

transformed data, an ARMA(1,1) model is fitted. Parameters

_ Timax — To ‘ 2 (s—t)/T
Tt)=To+ /0 [1(s)[e ds. (8 are estimated using a standard statistical tool in MatLab

2
7-Imax
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(armax). New time series samples, simulated from this mod
are then transformed back to Weibull samples. The dai
periodicity is automatically attained by fitting different Weibull Rated Powery
cdf's to each hour of the day. The yearly periodicity can b
incorporated as well, but is neglected as we consider tir
series of no longer than one month.

Spatial dependency of wind speeds at different nodes
estimated from the residuals as fitted to the transformed de¢
The model in turn imposes this dependency by simulatir
correlated white noise terms: consider the vector of white noi
termsY € R™ at a specific time step of a specific Monte o ‘ ‘ ‘
Carlo sample, where its elements correspond taralvind 0Cut-inspeed 10 R\a;\t;fr?dv;igged 2 Cut-out speed
farm locations in the network. Suppose first that we desire tiic

white noise to be a multivariate normally distributed random Figure 1. Wind power as function of the wind speed.
variable with zero mean:

4001

Power (MW)

2001

Y ~aN(0,%), 13) A steady state power flow problem involves the solution of

with ¢ > 0 the desired standard deviation ahde R™*™ the power balance equations:

the correlation matrix exhibiting the spatial wind speed de- N
pendence. Then we sample the multivariate standard normal P = Z [VilY311V;| cos(wbij + &5 — &;), (16)
random variableZ ~ N(0,I) with independent elements, J
and perform a Cholesky decompositidh = LLT, with N
L € R™*™ |ower triangular. By setting Qi = — Z Vil Y3511V sin(ebij + 65 — 6;). (17)
J
Y :=0oLZ, (14)

Here, P;,Q; € R denote the active and reactive power,

Y willindeed be a multivariate normally distributed with meafeSPectively, injected at node|V|, d; & R denote the voltage
zero, standard deviations and correlation matrix.. Alter- Magnitude and angle, respectively, in grid nadg’;|, ¢; €
natively, we may desire a multivariate Student’s t-distributdd denote the absolute value and angle, respectively, of the
random variablé’;, as white noise, where all elements have connection admittance between nodesd;. N is the number
degrees of freedom and where the same dependence stru@@id nodes. This nonlinear system of equations has to be
is assumed. In this case, we extend the above proceddpé/ed for the state vectord’| and |4], which is normally

by independently sampling a chi-squared distributed randgffne using a Newton-Raphson method [9].

variablev with & degrees of freedom, and set The Fast Decoupled Load Flow (FDLF) method [10] speeds up
the conventional method, mainly by assuming approximations
Y =Y /k/v. (15) which ensure that the Jacobian depends on the admittance

matrix Y only. This implies that the Jacobian will be constant
ThenY), is as desired (more details can be found in [7]). in the Newton-Raphson iteration number, and it thus has to
One month of hourly wind speed measurements from tlwe inverted only once. This feature is particularly beneficial in
KNMI 1 [8] are used as data.. For a specific wind turbine, thur proposed Monte Carlo method, since the inverse can be
relation between the wind speed and the wind power is knoweused for all samples.
as illustrated in Fig. 1. We transform wind speed time seri@ements of the admittance matrik are zero precisely when
by use of this function, thus obtaining wind power time seriethere is no edge between the corresponding nodes. The number
of edges in a typical power grid topology is on the order
C. Accelerated power flow method of the number of grid nodes. This means thats typically

. . sparse, as is illustrated in Fig. 2, based on two IEEE-test cases
In order to achieve a satisfactory accuracy level for ni‘

connection reliability analysis, one should use a realistic ti 1l This sparsity can be used to accelerate computations.

. e nodal power estimates in one Newton-Raphson iteration
frame as well as a sufficient number of Monte Carlo samples. .
. are computed from the state vectors using (16) and (17). For
Then, for each time step and each Monte Carlo sample, a ; : .
. example, we can rewrite the first equation as
steady state power flow problem has to be solved. This means

that each power flow problem should be solved reasonably fast. P/|Vi| = Z |Yij Vil cos(vpij + 65 — &;) (18)
This requirement will drive the choice of power flow method. — P ’

IKoninklijk Nederlands Meteorologisch Instituut. The wind speed at ea(f@r all nodesi, or in vector form:
hour is estimated by the last 10 minutes mean wind speed of the previous
hour, in open landscape at 10 meters height P/|IV| = A(Y,d)|V]. (19)
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I1l. RESULTS

A. Comparison between current and temperature constraint

To demonstrate the use of the temperature constraint in
a time domain based model, we consider the IEEE-14 test
: . N case [11]. The conventional generators at nodes 3 and 6 are
= B o L replaced by wind farms with comparable rated power (4 base
o i - i\ MVA). Wind power time series samples are generated 1000
voEow o times, on an interval of one month, on an hourly basis, using
Figure 2. Sparsity of admittance matrix of IEEE-30 and IEEB-8ases. SPatially correlated KNMI wind speed measurements during

August 2011 at Valkenburg and IJmuiden, the Netherlands.

Consumption is assumed constant in time. For simplicity, we
Here, P,V,6 € RY are vectors, the division on the left-choosel,,.x = 3.711... Uniformly at all connections. Precisely
hand side is performed elementwise, and the mat(iX, §) € this value is used since then the current exceeds this maximum
RN*N depends o’ and é: at some connection approximately once a year. We choose

A= (ay), With ay; = [Yy]cos(tbs; +6; —6).  (20) zo:lsiiar;](:;rs (see [12] for realistic values of the thermal time
Now note thatd will be as sparse ag. Therefore, to evaluate In our results, the current overloading occurs most of the
(19), it will be beneficial to compute only the necessary termignes at the same connection during periods of high val-
in the summand by precaching the indices of nonzero elemeunts of wind power generation. Fig. 3 shows an example
of Y. Then, we use the necessary elements) db update of temporary overloading at this critical connection, when
the necessary elements df In this way, significantly fewer the temperature constraint is not violated. One can see that
computations have to be performed in this computation stefne temperature time series is indeed following the current
Another acceleration for the power flow method involves théme series. However, local temperature peaks are lower, less
power flow solution from the previous time step. Since thieequent and smoother than local current peaks, and slopes are
amount of renewable power is a piecewise continuous functiotore gradual. This illustrates the “softness” of temperature
of time, one may expect that two subsequent solutions will leenstraint (3) compared to current constraint (4).
close. Therefore, the previous solution will be a reasonalile the upper graph of Fig. 4, all 1000 current time series
first guess for the current problem. samples at the critical connection are displayed. In the lower
The three acceleration techniques discussed above (i.e. usgraph of the same figure, the corresponding temperature time
FDLF method, sparse computations, and smart initializatiosgries are displayed. One can see from this figure that the
significantly speed up the Newton-Raphson iteration loopurrent and temperature indeed exceed their maximum only
Table | gives an impression of the CPU timesf some
standard IEEE-test cases: the test case number corresponds to Table I
the number of grid nodes. All average CPU times are based g autoREGRESSIVE COEFFICIENT AND MOVING -AVERAGE
on 1000 trials, and a Newton-Raphson tolerance errafof COEFFICIENTH OF THEARMA(1,1) MODELS AT THE TWO WIND NODES
is used. The table clearly shows that a sparse FDLF method is
accelerating the conventi_o_ngl power flow method, especially Valkenburg' 0_%4 _534
for large grids. Smart initialization may yield some further IJmuiden | 0.93 -0.15
acceleration, depending on the test case.

We conclude that the computational time for a steady ste

power flow is on the order of milliseconds. This order o — Curent
magnitude is desirable, since an accurate uncertainty anahimax,Tmax A Temperature|
requires a large number of Monte Carlo samples, each
which involves as many steady state power flow problems
the number of time steps.

150 200 250 300
nz=1118

2MATLAB Version 7.12.0.635 (R2011a), on an Intel(R) Core(TM) i7 CPU
M 640 2.80GHz, 2.79 GHz, 3.24 GB of RAM.

Table |
THE AVERAGE CPUTIME (MS) OF A SOPHISTICATED POWER FLOW
METHOD IS ON THE ORDER OF MILLISECONDS ‘ ‘ ‘ ‘
4 6 8 10
IEEE-test case (# nodes) | 14 30 57 118 300 Time (days)
Conventional power flow J 096 166 4.0 123 1164

FDLF, sparse 072 078 15 22 116 Figure 3. Example: temporary current overloading, whichlisaed since
FDLF, sparse, smart initializatiorf 0.57 0.76 15 1.1 11.9 the temperature constraint is fulfilled. = 3.
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Table 11l . e e
NUMBER OF CONSTRAINT VIOLATIONS FOR DIFFERENTEEE TEST by use of current constraints. Table IV shows a quantification
CASES 1000TIME SERIES SAMPLES OFL MONTH, 7 = 3 estimate of this sensitivity. We repeated the simulation of
Test | IEEE14 IEEE30 IEEES7  IEEE-1S the previous subsection for different valuesof The table
est cases - - - - . . . ‘g
Current Violations 58 59 153 101 suggests that our proposed model will yield a significantly

Temperature Violations 6 16 20 16 more accurate reliability estimate fer > 1.5. For values of
7 close to the time ste\ = 1, our discrete model loses its
ability to detect any differences. To explain this, note that for
rarely. The graph magnification in Fig. 5 clearly illustrates — A, equation (12) goes to:

that a current overload does not necessarily imply excess 1|2
temperature at this connection. This result can be extended to 0; = I; , (22)
the other connections. In fact, in total 88 current violations max

were incurred over all samples, which indeed corresponagd thus becomes independent of the previous time step.
to approximately once a year. In contrast, the temperatursis model phenomenon is partly realistic. On the one hand,
exceedd ... only 6 times. Other |IEEE test cases yield similathe decreasing difference between the two constraints indeed
results, as can be seen in Table Ill. corresponds to realityr reflects the time the temperature
requires to reacH — 1/e = 63.2% of its asymptotic value,
in case of constant current. So for small valuestofthe

It is clear that the higher the thermal time constanthe temperature will be close to its asymptotic value, which will
more the grid capacity will be underestimated when checkeduse the two constraints to agree. On the other hand, the
total agreement between current and temperature constraints
is an overestimation. Current peaks with a duration less than
the time step size do not necessarily violate the temperature
constraint in reality, in contrast to our model which regards
the current as constant during one time sfepTherefore, the
number of temperature violations in Table IV is overestimated.
Since hourly based data limit us to a time step of one hour,
this overestimation cannot be reduced by choosing a smaller
time step size. It therefore makes no sense to cheoseA
in the model, whereas the overestimation can be reduced by

B. Sensitivity tor

g acquiring data with a smaller time step.

® Tmax

“g’ IV. FURTHER RESEARCH

2 | ) i We aim to extend the model with distributed storage devices,
L — 12 18 o4 30 in order to investigate their potential mitigating effect on

Time (days) variable power flows. In fact, Fig. 4 and Fig. 5 suggest that
the theoretical benefit of grid mitigation is expected to be

Figure 4. The current and temperature at the critical coromec000 time  substantially higher when estimated using the temperature con-
series samples; = 3. straint rather than the current constraint. Specifically, the mean
current of all time series i84% of I,.x, Whereas the mean
temperature is onl$% of T,... In other words, the peaks that
can be mitigated by use of decentralized storage are relative
to the mean even more extreme than conventionally estimated.
This implies that mitigation can theoretically increase the
connection ampacity by an even higher factor than estimated
using the current constraint. Note that mitigation during one
time step increases this ampacity even more (although to an
extent which is not estimable by our model).
Since storage devices produce and consume, and both to
\ \ J varying degrees, the uncertain nature of their strategies makes

|

Temperature
_|
3
&

|
|
|
H ‘ M ny Table IV
AN - NUMBER OF CONSTRAINT VIOLATIONS IN THEIEEE-14TEST CASE AS

1
\“‘6”

Xu

0 12 8 24 30 FUNCTION OF 7. 1000TIME SERIES SAMPLES OFL MONTH.
Time (days)
7 (hours) | 1 15 2 3 4 5 6
Figure 5. Magnification of Fig. 4: the temperature constraintiolated less ~ Current Violations 119 80 100 88 95 100 101
frequently than the current constraint. Temperature Violations| 119 50 25 6 3 0 0
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such an extension challenging. Further, we aim to increase ACKNOWLEDGMENT
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so an extension with storage devices will definitely necessitate

an increase of computational efficiency. REFERENCES
A time frame of one year may simply be incoorporated in1] XLPE, “XLPE land cable systems - users guide
the model by iterating the work of this paper twelve times. ABB Group,” http://www.abb.com/global/scot/scot245.nsf/

. . . o . veritydisplay/ab02245fb5b5ec41c12575c4004a76d0/ $file/
In this way, the model will automatically exhibit approximate xIpe%b20landus20cable%20systems%6202gm5007gh%20revo6205.

yearly periodicities, since each month model will be calibrated pdf, 2010, accessed August 31, 2011.
separately. [2] G. Papaefthymiou and B. Kldckl, “MCMC for wind power simulation,”

Other forms of renewable generation may be included in '2%'35 Transactions on Energy Conversjorol. 23, no. 1, pp. 234-240,

the model as well. Suppose that the characteristics of thg p. Luickx, W. Vandamme, P. Pérez, J. Driesen, and W. D’haeseleer,
considered meteorological source are known, data are available “A_pplylng Markov chains for the determination of the capacity credit of

. wind power,” in 6th International Conference on the European Energy
and the relation between the source and power parameters ,, . . (EEM) IEEE, 2009, pp. 1-6.

is known. Then one may try to fit an ARMA model and [4] J. Ehnberg and M. Bollen, “Generation reliability for small isolated
simulate power generation as done in Section 1I-B. Note that Ppower systems entife'ylbased on renewable sourcesioimer Engi-

. . neering Society General MeetinglEEE, 2004, pp. 2322-2327.
the proposed m.Odfal Cf”m be applied to_ tranSportatlon_ netlworl%? H. Pender and W. Del Marlectrical engineers’ handbook Wiley,
as well as to distribution networks. Finally, stochastic, time- = 1949, vol. 2.

varying consumption can be analogously included. [6] A. Lojowska, D. Kurowicka, G. Papaefthymiou, and L. van der Sluis,
“Advantages of ARMA-GARCH wind speed time series modeling,”
V. CONCLUSION in 11th International Conference on Probabilistic Methods Applied to

) ] ] Power Systems (PMAPS), 2010 IEEBEEE, 2010, pp. 83-88.

Due to the implementation of uncertain energy generatoig] G. Torrent-Gironella and J. Fortiana, “Simulation of high-dimensional
in power grids, grid operators require quantitative uncer- Iti-SS}:(Lelgent Copulas with a given block correlation matrix,” 2005, unpub-
tainty apaly_&s of power flow. Grids should S‘_”mey certgm[s] “Hourly data of the weather in the netherland$itp://www.knmi.nl/
constraints in order to match the demand while controlling  kiimatologie/uurgegevensaccessed August 5, 2011. _
overload risks. Using a conventional current constraint fof?] J. Grainger and W. StevensoRower system analysis McGraw-Hil,

id ti Monte Carl imulati d timate t 1994, vol. 621.
gria connections, Monie Larlo simulatons underesimate h.%] B. Stott and O. Alsac, “Fast decoupled load floRgwer Apparatus and
grid capacity. Instead, a temperature constraint quantifies the Systems, IEEE Transactions,orl. 1, no. 3, pp. 859-869, 1974.
risk more accurately. Especially for connections with a hidﬁl] E.E. Un|verS|t_y of Washington, “Power systems test case arcHiw.//

h | i fficient. the temperature constraint estim www.ee.washlngton.edu/res_earch/pst@&)()e, accessed July_ 12, 2011.
therma 'm? coeticient, p u. ! I ‘ﬁ%] “Thermal overload protection of cableslittp://siemens.siprotec.de/
for overloading frequency may be many times smaller than the  download neu/applications/SIPROTEC/english/App7_Thermal.
current constraint estimate. Therefore, using a model allowing ©Overload Protectionen.pdf 2005, accessed August 3, 2011.

for temporary overloading may save costs by avoiding over-

investments.

499


http://www.abb.com/global/scot/scot245.nsf/veritydisplay/ab02245fb5b5ec41c12575c4004a76d0/$file/xlpe%20land%20cable%20systems%202gm5007gb%20rev%205.pdf
http://www.abb.com/global/scot/scot245.nsf/veritydisplay/ab02245fb5b5ec41c12575c4004a76d0/$file/xlpe%20land%20cable%20systems%202gm5007gb%20rev%205.pdf
http://www.abb.com/global/scot/scot245.nsf/veritydisplay/ab02245fb5b5ec41c12575c4004a76d0/$file/xlpe%20land%20cable%20systems%202gm5007gb%20rev%205.pdf
http://www.abb.com/global/scot/scot245.nsf/veritydisplay/ab02245fb5b5ec41c12575c4004a76d0/$file/xlpe%20land%20cable%20systems%202gm5007gb%20rev%205.pdf
http://www.knmi.nl/klimatologie/uurgegevens/
http://www.knmi.nl/klimatologie/uurgegevens/
http://www.ee.washington.edu/research/pstca/
http://www.ee.washington.edu/research/pstca/
http://siemens.siprotec.de/download_neu/applications/SIPROTEC/english/Appl_07_Thermal_Overload_Protection_en.pdf
http://siemens.siprotec.de/download_neu/applications/SIPROTEC/english/Appl_07_Thermal_Overload_Protection_en.pdf
http://siemens.siprotec.de/download_neu/applications/SIPROTEC/english/Appl_07_Thermal_Overload_Protection_en.pdf



