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Abstract—Weather and environmental factors have played
significant roles in historical major outages and blackouts in
interconnected power systems, and hence should be considered in
simulation and risk assessment of outages. This paper proposes
a method for the risk assessment of weather-related outages.
An outage rate model considering weather conditions and line
conductor temperatures is proposed based on the analysis of
historical outage records and weather-dependent outage mech-
anisms of power lines. Accordingly, an analytical form of line
outage probabilities is derived. Then the risk assessment is
implemented based on a Markovian tree search method. The
influences of different weather and environmental factors on the
outage rates are tested and analyzed on an example line segment
model. And the effectiveness of the risk assessment method is
demonstrated on an NPCC 140-bus system model with winter
and summer scenarios.

Index Terms—power outage, blackout, weather, temperature,
risk assessment, vegetation, Markovian tree, numerical weather
prediction (NWP), wind damage, conductor, cascading outage

I. INTRODUCTION

WEATHER and environmental factors have ineligible
effects on the reliability of power systems [1], [2].

Since the components in power systems are directly exposed
to the environment, adverse weather conditions may cause
components to quit. Weather have been verified as a major
cause and contributing factor of element outages in power
systems [1]. Therefore, it is necessary to consider weather
conditions in the risk assessment of outages.

The simulation and risk assessment considering weather
conditions requires: 1) accurate forecast of weather conditions
covering the studied power system; 2) a weather-dependent
model of element outages. Ref. [3] proposed a method for the
simulation of weather-related outages, the method considers
five weather conditions: normal weather, thunderstorm, freez-
ing rain/snow, high winds and dry spell followed by fog. It uses
Monte-Carlo method to assess the risk considering uncertain-
ties. Weather conditions are more extensively considered in
the reliability assessment of power systems [4], [5] with two-
or three-state weather models. However, these approaches are
mainly for long-term reliability assessment, not for the online
analysis of dependent outages. Refs [6] and [7] simulate the
exact time of contact between trees and lines under hot weather
with given environmental factors, ignoring the uncertainties in
the outage events. Ref. [8] simulates cascading outages with
sampled time series of outage events, and the element outages
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are sampled from statistical models considering environmental
factors. The method uses Monte-Carlo sampling without using
actual weather data, which is more suitable for planning
studies. Ref. [9] studies the influence of weather-related out-
ages (outages coded as “weather”, “lightning”, “ice”, “tree
blown”, “snow”, “line galloping”) based on the Bonneville
Power Administration (BPA) outage data [10], which is a top-
down data-driven methodology without considering details in
operations. Some works on risk assessment of power systems
are based on more detailed modeling of weather hazards. Ref.
[11] studies the risk of line outage due to wind storms based
on the historical data in Connecticut. The line outage rate is
expressed as a function of wind speed, and the risk assessment
of power grid subject to wind storm threats is conducted based
on a sequential Monte-Carlo method. Ref. [12] considers the
high-wind and lightning weather conditions, and derives the
estimated outage rate due to high-wind and lightning. Ref. [13]
utilizes a fragility model of lines subject to strong wind to
assess the probability of line outage. And the risk assessment
is realized with a sequential Monte-Carlo approach.

Many existing risk assessment methods use discrete model-
ing of weather conditions, which is too coarse for operational
analysis and decision-support. For example, wind speeds at
20m/s and 30m/s can both be classified as “high-wind” sce-
nario, but the damage under 30m/s can be much higher than
that under 20m/s. Therefore, it is desirable to conduct risk
assessment under quantitative weather data and continuous
modeling of weather-dependent outage risk. The requirement
for timely and reliable data is now generally satisfied by
the numerical weather prediction (NWP) service [14], whose
results can be retrieved from public resources. The weather-
dependent model for outage simulation can be utilized along
with the NWP. Ref. [15] summarizes that lightning, high
winds, snowfall/ice and unexpectedly hot weather are the
major causes of weather-related outages. This paper proposes
a method for the simulation and risk assessment of weather-
related outages. The paper first proposes a generic model of
line outage depending on the weather condition and conductor
temperature, and then derives an analytical expression of the
outage probability from the generic outage model, which
sets foundation for the simulation and risk assessment. By
analyzing the major causes of line outages, the models for
estimating the outage rates are provided. In this paper, four
types of weather hazards to lines are modeled: 1) line outages
caused by tree fall due to high wind; 2) mechanical failure of
lines caused by strong wind or snow/ice; 3) line outages caused
by line-tree contact; 4) other kinds of weather-related outages,
e.g. lightning strikes. Then the risk assessment based on an
efficient Markovian tree search method [2] is implemented.
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Compared with ref. [9], this work focuses more on bottom-
up modeling. With more detailed modeling, the proposed
approach has a better potential for monitoring and decision
support in operations.

The rest of the paper is organized as follows. Section II
proposes a generic model of the outage rate of a line and the
analytical form of outage probability. Section III elucidates
the derivation of the line outage rates. Section IV states the
necessary data for the proposed approach. Section V tests the
influence of various factors on the outage rate of an example
line segment model. Section VI conducts the tests on the risk
assessment of NPCC system model for winter and summer
scenarios. Section VII gives the conclusion.

II. WEATHER-DEPENDENT RISK ASSESSMENT

A. Outage rates of power lines

Some causes of line outages are related to weather and
power flows, including tree contact due to sag, line outages due
to wind-blown trees, and conductor mechanical failure [16].
The temperature variation of conductors directly influences
the occurrences of these outages. In contrast, other causes do
not have strong relation with conductor temperature, some of
which are related to weather conditions, such as lightning, rain,
fog (causes flashover in heavy pollution regions), etc., while
the rest do not have significant relation with weather, such as
accidents with vehicles, animals, etc. Therefore, with Tc as
the conductor temperature and e as the weather condition,
the outage rate of a power line can be regarded as the
sum of temperature-related outage rate λc(Tc, e) and non-
temperature-related outage rate λ(e).

λ(Tc, e) = λ(e) + λc(Tc, e) (1)

B. Analytical temperature-dependent line outage rate

Our previous work [17] proposes an approximate analytical
solution to the transmission line temperature evolution (TLTE).
The method periodically retrieves weather data from numerical
weather prediction (NWP), and then derives the analytical
solution using the weather data, conductor parameters and line
current. The approximate solution has the following form

Tci(t) = Tei(pi(t0)) + (Tci(t0)− Tei(pi(t0)))e−βi(pi(t0))(t−t0) (2)

where Tci(t) is the temperature of line segment i at time t.
pi includes all the factors that influence the TLTE, such as
weather, line current, conductor parameters, etc. The NWP
result is collected periodically. Currently the temporal resolu-
tion of NWP covering the United States is 15 minutes. Due
to the thermal volume of the line conductor, the TLTE is not
sensitive to the fast fluctuation of the parameters. So a set of
constant values pi(t0) is used to represent the average effect
of the parameters over the 15-minute period. Tei and βi are
the parameters of the analytical solution, which depend on pi.
The TLTE can be extended up to 18 hours by connecting a
series of segments of 15-minute analytical solutions.

Assume that the unit-length outage rate of the line segment
λi(Tci) is a continuous function of conductor temperature, and
then it can be approximated with a polynomial of Tci.

λi(Tci) ≈
n∑
k=0

aikTci
k (3)

After obtaining (3), substitute (2) into (3) to get

λit(t) = λi(Tci(t)) =

n∑
k=0

bike−kβi(t−t0) (4)

bik =

n∑
j=k

aij
j!

k!(j − k)!
Tei

j−k(Tci(t0)− Tei)k (5)

The integral of the failure rate over time is

∫ t

t0

λit(t)dt = bi0(t−t0)+

n∑
k=1

bik
kβi
−

n∑
k=1

bik
kβi

e−kβi(t−t0) (6)

The overall failure rate of a transmission line Lj is the sum
of failure rates of all line segments belonging to Lj .

λLjt(t) =
∑
i∈Lj

li · λit(t) (7)

where li is the length of segment i.
The probability that line Lj first trips during the interval

[t0, t0 + τD] is

PrMT
Lj (t0 + τD) =

∫ t0+τD

t0

λLjt(t)e
−

∑
Lj

∫ t
t0
λLjt(τ)dτ

dt (8)

Generally, (8) does not have an explicit analytical form, but
can be approximately calculated with numerical integration.

C. Risk assessment based on Markovian tree search

As Fig. 1 shows, outages are both attributed to the power
flow pattern and the weather condition. Adverse weather is
a big threat to the power system because it can deteriorate
the working condition of elements, and thus the probability of
mass outages rises significantly. The cascading outages in Aug.
2003 in the US-Canada eastern system is a typical example.
The hot and low-wind weather caused line outages due to line-
tree contact, and then because of power flow re-distribution,
even more lines were overheated and quit their services.

Fig. 1. Interaction among weather, element and the whole power system.

Typically, multiple outages are relatively rare, but due to its
high consequence, the risk (i.e. probability times consequence)
may be high. In this paper, the risk of possible weather-
related outages is assessed with a Markovian tree (MT) search
approach [2]. Fig. 2 illustrates the possible outage patterns
organized as a tree structure, which is named as Markovian
tree [2]. In this paper, the studied time span is divided into
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intervals with same length τD (3-15 minutes as suggested
[18]), and each level on the MT corresponds to an interval.
Also the dynamic behavior of the system can be studied in this
framework [18]–[20]. The root of the MT represents the initial
state, and each child node represents a new state after outages
and/or a change in the system condition (e.g. load variation)
along with time elapse. And a branch on the MT represents
the transition to a new state. A node on the MT can be
denoted as the sequence of all preceding outages (ik1 · · · ikn),
where ikr is the label of the element that quit operation in
rth interval. The cost during the development of outages is
caused by the loss of load and the expenses of control actions,
which is determined by the preset control strategies and is
denoted as C(ik1 · · · ikn). Given system state (ik1 · · · ikn) and
corresponding weather condition, the outage probability of
an element ikn+1

during the interval Pr(ikn+1
|ik1 · · · ikn) is

estimated from (8). Then the overall risk of all possible outages
is estimated as follows:

R = C0 +
∑
k1

Pr(ik1)C(ik1) +
∑
k1

Pr(ik1)
∑
k2

Pr(ik2 |ik1)C(ik1ik2)

+
∑
k1

Pr(ik1)
∑
k2

Pr(ik2 |ik1)
∑
k3

Pr(ik3 |ik1ik2)C(ik1ik2ik3) + · · ·
(9)

Fig. 2. Illustration of Markovian tree [2].

In this paper, the quantitative weather data is assumed
to be obtained periodically form the NWP service. Based
on the element outage model that will be derived in the
following sections, the outage probability of every element
in the following time interval τD can be estimated by using
the weather data and the power flow pattern of the system
(Fig. 3s). With the MT search strategy in [2], the high-risk
outage patterns can be screened out and simulated in priority.
Therefore, the proposed risk assessment approach is efficient,
and it is effective in identification of possible high-risk events.

III. MODELS FOR DETERMINING OUTAGE RATES

This section proposes a detailed model of line outages. We
assume the rate of temperature-related line outages λc(Tc, e)
is the sum of outage rates caused by line sags λSag(Tc, e),
tree falling λTF (Tc, e) and mechanical failure λMech(Tc, e).
Then the overall outage rate is

λ(Tc, e) = λ(e) + λSag(Tc, e) + λTF (Tc, e) + λMech(Tc, e) (10)

Fig. 3. Simulation of weather-related outages.

The following subsections will elucidate the determination
of every component of the outage rate.

A. Failure rate due to tree falling

In recent years, the vegetation management of transmission
lines in North America has been significantly reinforced.
However, according to the BPA’s outage records [21], tree-
caused outages still occur occasionally, and the outages caused
by the trees out of right of way (ROW) are observed [22].
Although leaving large enough clearance from trees to line
can effectively eliminate tree-caused outages, it is sometimes
infeasible due to the high cost of tree removal and excessive
occupation of landowners’ properties. The line outage rates are
mainly influenced by tree-line clearance distance, tree height,
tree mortality rate and wind speed. Also, the stormy weather
should be specifically considered [9].

LineTree area
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Wind vector

Tree
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maxTh
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Tree

Line

(a) Top view (b) Front view

Fig. 4. Illustration of line corridor and trees.

As Fig. 4 shows, assume hL to be the height of the
line, xLmin is the minimum tree-line distance (i.e. clearance),
hT max is the maximum tree height . In non-stormy weather,
the tree falling probability in any direction is considered as

the same. Denote the tree height as hT (
√
hL(y)

2
+ x2

Lmin ≤
hT ≤ hT max) and the horizontal distance between the tree and
line as xL, then the probability of tree contacting the conductor

is
arccos

xL√
h2
T

−hL(y)2

π . By integrating such a probability on xL
and hT , the unit-length outage rate at position y caused by
tree falling is estimated as shown in (11) (in the next page).
Here κN is the natural tree falling rate per unit area. Typically
the tree falling proportion γ is around 1− 3% per year [23],
[24]. Denote the tree density as ρ, so κN = γρ. p(hT ) is
the probability density function of tree height, which can be
obtained by patrolling or remote sensing.

In stormy weather, the rate of tree falling increases, and the
tree falling pattern depends on the wind direction. According
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λTF (y) = κN

∫ hT max

√
hL(y)2+x2

Lmin

p(hT )

∫ √h2
T−hL(y)2

xLmin

arccos xL√
h2
T−hL(y)2

π
dxLdhT

= κN

∫ hT max

√
hL(y)2+x2

Lmin

p(hT )

π
·

√h2
T − hL(y)

2 − x2
Lmin − xLmin arccos

xLmin√
h2
T − hL(y)

2

 dhT

(11)

λTF (y) = κNkV (Vw)

∫ hT max

√
hL(y)2+x2

Lmin

p(hT )

∫ √h2
T−hL(y)2

xLmin

∫ arccos
xL√

h2
T

−hL(y)2

− arccos
xL√

h2
T

−hL(y)2

1

2π
(1 + cos(θ −∆θ))dθdxLdhT

= κNkV (Vw)

∫ hT max

√
hL(y)2+x2

Lmin

p(hT )

√h2
T − hL(y)

2 − x2
Lmin

1− xLmin cos(∆θ)

2
√
h2
T − hL(y)

2

+

cos(∆θ)
√
h2
T − hL(y)

2

2
− xLmin

 arccos
xLmin√

h2
T − hL(y)

2

dhT

(12)

to [22], denote kV (Vw) as the ratio of tree falling under wind
speed Vw to that in the no-wind scenario (see Table I). By
fitting the data provided by [22], kV (Vw) can be expressed as

kV (Vw) = e0.004817V 2
w+0.0878Vw−0.844, Vw ≥ 6.7m/s (13)

TABLE I
RATIO OF TREE FALLING UNDER STORMY WINDS [22]

Vw (m/s) 6.7 13.3 20.0 26.9 29.2 33.6

k(Vw) 1 3 17 160 352 1790

According to the results in [25], the probability density of
tree falling orientation is approximated as

pθ(θ) =
cos(θ −∆θ) + 1

2π
(14)

where ∆θ = θw − θLn is the relative angle of wind
direction θw to the normal vector of the line θLn. Simi-
lar to (11), given xL and hT , the probability of tree fall

is
∫ arccos

xL√
h2
T

−hL(y)2

− arccos
xL√

h2
T

−hL(y)2

1

2π
(1 + cos(θ −∆θ))dθ. The unit-

length outage rate at position y is shown in (12). And the
outage rate on the entire line is obtained by integrating the
λTF (y) over the length of the line ymax

λTF =

∫ ymax

0

λTF (y)dy (15)

Since outages in many storms are mainly caused by falling
trees, the kV (Vw) can be validated on recent storms. For
example, the average number of customers without power from
Massachusetts Emergency Management Agency is around 120.
The storm on Oct. 29-30, 2017 passed over the coastal regions
of northeast US, causing massive wind damage and power
outages. Since the major hazards of this storm was the strong
wind, the trees brought down by the wind were claimed as
the main cause of the power outages [26]. The wind speed in
Massachusetts reached 82mph (36.6m/s), while the recorded
maximum customer outages was around 320000, i.e. 2667
times of the average. And solving kV (Vw) = 2667 gets
Vw = 34.4m/s, which is close to the recorded maximum speed.

The above result justifies kV (Vw) in estimating the outage
rates caused by storms.

In reality, the factors that substantially affect the amount
of tree falls include wind speed, soil type, tree species, tree
height, trunk diameter, tree density and terrain, etc. There
have been some existing wind risk management (WRM) tools
for estimating the wind damage to trees [27]. These tools
include all the above-mentioned factors and simulate the
mechanical process of tree falls under winds, and they are
able to estimate the wind damage. We take the open-source
tool Capsis - FOREOLE [28] as an example. By running the
Capsis-FOREOLE tool, the statistical result of wind damage
can be estimated. Given a certain forest model, including the
species, the shape of the forest stand, and the soil status, the
number of wind-damaged trees can be estimated as a function
of wind speed, which has the same role as the coefficient
kV (Vw). Here a test case benchmarking the kV (Vw) in (13)
with Capsis - FOREOLE is demonstrated. A sample black
spruce forest is established in Capsis. The parameters of the
black spruce model in the Capsis - FOREOLE tool are listed
in Table. II. Different wind speeds are exerted on the forest,
and the percentage of damaged trees is shown in Fig. 5. The
Capsis-FOREOLE results are also compared with kV (Vw),
and the results match well. Therefore, the kV (Vw) can be
considered as a reasonable estimation of the wind damage.
But note that kV (Vw) is influenced by the structure of the
forest, the tree species and the soil.

TABLE II
PROFILE OF THE SAMPLE BLACK SPRUCE FOREST.

Parameters Values Parameters Values

Number of trees 1200 Trunk diameter 29-47cm
Area 200m × 200m Crown base height 1-3m
Age 30-50 yr Crown radius 1.8-2.4m
Height 8-12m Root intensity Creg 111Nmkg−1

With the WRM tools, the impact of soil conditions on the
wind damage results can also be studied. Ref. [29] studies
the influence of soil moisture on the strength of root-soil
system. Based on the test result of [29], we assume that
Creg = 111Nmkg−1 [30] when the soil is dry (water at 10%
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Fig. 5. Comparison the results of Capsis-FOREOLE and kV (Vw) from [22].
The base mortality of the forest is 0.0004%.

of volume, which is usually the minimum soil moisture for
growing plants). When the moisture increases to around 25%
of volume (usually the moisture after adequate irrigation), the
tensile strength drops by half to Creg = 55Nmkg−1. When the
moisture exceeds 45% (saturated), the soil starts to become
muddy and the tensile strength drops to Creg = 25Nmkg−1.
We use the above three soil conditions to test the wind damage
in Capsis-FOREOLE, and the results are shown in Fig. 6(a).
As the results indicate, the increasing soil moisture adds to
the risk of wind damage, and accordingly, the relationship
between wind damage and wind speed should be corrected. In
practice, the soil moisture can be retrieved from the ground
measurements of Soil Climate Analysis Network (SCAN) or
the U.S. Climate Reference Network (USCRN), and the Soil
Moisture Active Passive (SMAP) satellite observation data.
The inclusion of soil moisture factor into the risk assessment
constitutes our future work. Similarly, the influence of other
factors on the wind damage risk can also be studied with WRM
tools, such as diameter at breast-height (DBH) (Fig. 6(b)).

Fig. 6. Wind damage estimated by FOREOLE on different (a) soil moisture
(b) tree DBH.

B. Failure rate due to line sag and tree grow-in

The sag of line segment is a non-decreasing function of
conductor temperature Tc [31]. The higher Tc, the larger sag,
and the higher is the chance tree and line contact. If the
trees below the conductors in the ROW are removed, then the
risk of line outages due to tree grow-in is largely eliminated.
However, FERC and NERC do not mandate tree removal in
the UVM standard (FAC-003-4). Instead, utility companies or
transmission owners can choose to regularly prune the tree
limbs. But when the UVM missed some overgrown trees, the

limbs are possible to intrude in the vicinity of the wires, and
may cause line outage. Moreover, the line sway caused by the
wind will increase the chance of line-tree contact. The line
outage rate depends on the sag, the tree height distribution,
and the extent of line sway. The condition for line outage is

hT (y) ≥ hL(Tc(t), y)−RC (16)

where hT (y) is the tree height at position y in a line span,
hL(Tc(t), y) is the height of conductor with temperature Tc(t)
at position y, which is a catenary function of y, and yL is the
line span. RC is the critical distance of discharging. Assume
the tree height satisfies distribution p(hT ).

When the the sag increases with time, i.e. vh(Tc(t), y) =

−∂hL(Tc(t),y)
∂t ≥ 0, and there is any tree limb entering the area

of sway, the line-tree discharge occurs. As the line sways, the
displacement can be viewed as stochastic motion around an
equilibrium. The amplitude of line sway RS can be calculated
based on [32]. Then the width of discharge area is approxi-
mately 2(RC +RS). For a small length ∆y of conductor, the
expected number of trees in its sway area is 2(RC +RS)∆yρ.
For each tree, the probability that discharge does not occur
during time [t, t+ ∆t] is 1− pT (hL(Tc, y)−RC)vh∆t, then
the probability that discharge does not occur for the ∆y line
is (1 − pT (hL(Tc, y) − RC)vh∆t)2(RC+RS)∆xρ. Therefore,
denote the probability that discharge does not occur on the
entire line segment at time t as N(t), then
N(t+ ∆t)

N(t)
=
∏
i

(1− pT (hL(Tc(t), yi)−RC)vh(Tc(t), yi)∆t)
2(RC+RS)∆yρ

≈ 1−

(∑
i

2pT (hL(Tc(t), yi)−RC)vh(Tc(t), yi)(RC +RS)ρ∆y

)
∆t

(17)

With the definition of Poisson process and ∆y → 0, the outage
rate of a line span l is

λSag,l =

∫ yL

0

2p(hL(Tc(t), y)−RC)vh(Tc(t), y)(RC +RS)ρdy (18)

and the outage rate of the entire line is

λSag =
∑
l

λSag,l (19)

C. Failure rate due to mechanical failure

The failure rate of a conductor related to the tension
overload depends on the following factors:

1) The aging of the conductor. The aging of a conductor
is a very long process lasting throughout the lifetime. The
aging permanently reduces the tensile, and the ratio of residual
tensile strength αL can be obtained from the history of
conductor segments [33]. Residual tensile strength HL

α,T0 is

HL
α,T0 = αLH

L
0,T0 (20)

where HL
0,T0 is the tensile strength of new conductor. HL

α,T0

and HL
0,T0 are at standard testing temperature (e.g. 15◦C).

2) The tensile strength decrease at high temperature. [34]
shows the recoverable tensile strength decrease as the tem-
perature rises. Given the material tensile strength at room
temperature HL

α,T0, the tensile strength at elevated operating
temperature can be given by

HL
α (Tc) = β(Tc)H

L
α,T0 (21)
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3) The average tension on the conductor at temperature Tc.
The tension H(Tc) depends on the thermal elongation of the
conductor, and it can be calculated following [31].

4) The dynamic tension variation due to external forces.
The wind exerts periodic force on the conductor and causes
line sway. Given the tower structure, the terrain and wind
characteristics, the response of lines can be quantified [32]. In
a short period, the tension can be regarded as the superposition
of a mean value H and the variation ht.

H(t) = H + ht (22)

Here H = H(Tc). The variation of conductor tension
caused by wind can be modeled as a band-limited stochastic
process [35].

Assume that ht is a low-pass Gaussian process with a mean
value of 0, and denote the standard deviation of ht as σh. The
criteria of power line mechanical damage/failure is H(t) ≥
HL
α (Tc), i.e. ht ≥ HL

α (Tc)−H(Tc). For normally-maintained
power lines, the event of tension reaching the tensile strength
is rare, which means ah =

HLα (Tc)−H(Tc)
σh

� 1. According to
[36], the average interval of line mechanical damage/failure is

τh =
2π(1− erfc(ah))eah

2/2

ωe
(23)

where the function erfc(·) is defined as erfc(x) =
2√
π

∫ +∞
x

e−u
2

du. The equivalent angular frequency ωe is
derived based on [32].

The time to power line damage τh approximately satisfies
the exponential distribution

p(τh) =
1

τh
e−τh/τh (24)

Eq. (24) indicates that the occurrence of power line damage
event can be viewed as a Poisson process. So the occurrence
rate of line mechanical failure over a line span l is

λMech,l = 1/τh (25)

and the outage rate of the entire line is

λMech =
∑
l

λMech,l (26)

D. Rate of non-temperature-related outages

Ref. [37] proposed a method for inferring the weather-
related outage rates λ(e) from historical records. There-
fore, with the forecast of weather conditions from numerical
weather prediction, the outage rates of lines in the system over
a period can be estimated. It should be noted that the outages
related to trees and mechanical failures should be excluded
because they have been modeled in details.

IV. DATA ACQUISITION AND PARAMETER SETTING

Reliable resources of weather and environmental data are
necessary for risk assessment. In this paper, the weather data
is acquired from the High-Resolution Rapid Refresh (HRRR)
mode of NWP, which covers contiguous US and the southern
part of Canada. The current version of HRRR service provides

18-hour (and will be upgraded to 36 hours in mid-2018)
forecast with 15-min time interval and 3km spatial resolution.
The vegetation type data are from the US land cover database
2011 (www.mrlc.gov/nlcd2011.php) and Canada forestry layer
database (http://tree.pfc.forestry.ca/). The vegetation density
data is from [38]. The tree height and grow speed informa-
tion is from the USDA plant database (plants.usda.gov/java/)
and USDA fire effects information system (https://www.feis-
crs.org/feis/). The NPCC 140-bus system model is used for the
case study. Since we do not have exact geographical position
of lines and the information of line corridors, in this paper
the lines are assumed to go through straight lines between
buses, and the conductors use the same configuration as in
[17]. In practice, the utilities can use their own geographical,
vegetation and conductor data.

Fig. 7. Tree density in NPCC system area (km−2) [38].

V. NUMERICAL TEST ON A LINE SEGMENT

This section studies the influence of weather and environ-
mental factors on the line outage rate. The tested line segment
uses a single Drake ACSR conductor, with a 120m span, and
the hanging point is 13m above the ground. Assume the height
of the short trees under the conductors satisfy N(µTS , σ

2
TS),

where µTS = 5m and σTS = 1.5m. The tall trees beside
the corridor is xLmin = 10m away. Assume the height of the
tall trees to follow N(µTH , σ

2
TH), where µTH = 12m and

σTH = 3m, and the maximum tree height hTmax = 20m.
The test is at 12:00PM on July, 1st at 30◦ north, and weather
is sunny. The direction of the line is east-west. Assume in
the base case, the wind is 3m/s and perpendicular to the line,
the ambient temperature is 30◦C, and the line temperature is
40◦C. The current on the conductor is I = 400A. Assume
λ(e) = 2× 10−9s−1. The line conductor is new, with tensile
strength of 15kN, and the line tension is set as 3kN at 15◦C.

The line current is directly linked to the system power flow
pattern, and the line current significantly affects λSag. As
Table. III shows, the higher the current, the faster the line
sag increases, and the higher λSag is. Also the vegetation
height has significant influence on the line outage rate. At
usual tree growing speed of 0.2-0.5m/yr, and the outage rate
can be tens of times higher in only 2-3 years (Table. IV). As
a common practice, removing the tall trees below conductors
or replacing them with shrubs will effectively eliminate the
outage rate caused by tree growth. As Table. V shows, high
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wind speed in stormy weather can increase the line outage
rate by thousands of times, and the falling trees becomes the
dominant outage cause in such a weather condition.

TABLE III
OUTAGE RATES UNDER DIFFERENT CURRENTS

I(A) Outage rates (s−1)
λ(e) λTF λSag λMech λ

200

2× 10−9

2.4×10−10 0 0 2.2× 10−9

400 2.4×10−10 0 0 2.2× 10−9

600 2.4×10−10 1.7×10−9 0 3.9× 10−9

800 2.4×10−10 8.9×10−9 0 1.1× 10−8

1000 2.4×10−10 1.8×10−8 0 2.0× 10−8

TABLE IV
OUTAGE RATES UNDER DIFFERENT TREE HEIGHTS BELOW LINE

µTS (m) Outage rates (s−1)
λ(e) λTF λSag λMech λ

4

2× 10−9

2.4×10−10 7.6×10−11 0 2.3× 10−9

5 2.4×10−10 1.7× 10−9 0 3.9× 10−9

6 2.4×10−10 2.4× 10−8 0 2.6× 10−8

7 2.4×10−10 2.3× 10−7 0 2.3× 10−7

TABLE V
OUTAGE RATES UNDER DIFFERENT WIND SPEEDS

Vw(m/s) Outage rates (s−1)
λ(e) λTF λSag λMech λ

0

2× 10−9

2.4×10−10 1.0× 10−8 0 1.3× 10−8

1 2.4×10−10 6.9× 10−9 0 9.2× 10−9

3 2.4×10−10 1.7× 10−9 0 3.9× 10−9

10 8.0×10−10 0 0 2.8× 10−9

20 8.1× 10−9 0 0 1.0× 10−0

30 2.2× 10−7 0 0 2.2× 10−7

40 1.5× 10−5 0 0 1.5× 10−5

The above tests on a line segment verifies the influence of
environmental factors on line outage rates. Also such a test
can be utilized to calibrate the proposed model in practice.

It should be noted that an important parameter influencing
the estimated outage rates is the distribution of tree height.
To study the influence of distribution of tree heights, we use
the forest structure data in [39], in which the mean height
µT = 4.01m, standard deviation σT = 1.11m, skewness
µ̃3T = −0.01 and kurtosis µ̃4T = 2.87. To generally match
with the parameter of the example line segment in Section V,
the mean height and the standard deviation is amplified by the
same ratio as µT = 10.83m, σT = 3.0m. Use the Pearson’s
distribution to generate 10000 samples, which is to simulate
actual forest height data with a more complex distribution.
The samples are used for fitting four commonly-used tree
height distributions: Gaussian distribution, Weibull distribu-
tion, Gamma distribution and Log-normal distribution. And the
candidate distributions are examined with the Kormogorov-
Smirnov test (K-S test). Results show that the sample set
can be considered as Gaussian distribution (p = 0.374) or
Weibull distribution (p = 0.126), and the Gaussian distribution
is a slightly better estimation of the distribution in terms

of the p-value. On the contrary, hypotheses of the Gamma
distribution (p = 1.37 × 10−6) and Log-normal distribution
(p = 4.68 × 10−18) are rejected by the K-S tests. The four
candidate distributions are then utilized to estimate λTF under
different wind speeds. As shown in Table. VI, the distributions
accepted by the K-S test (i.e. Gaussian and Weibull) derive
quite close outage rates, while the rejected distributions have
more different results. From the above discussion, the follow-
ing remarks can be drawn:

TABLE VI
PARAMETERS OF DISTRIBUTIONS FROM TREE HEIGHT SAMPLES

Vw λTF under different distributions (s−1)
(m/s)Gaussian (X) Weibull (X) Gamma (×) Log-norm(×)

3 2.26×10−10 1.97×10−10 5.26×10−10 7.02×10−10

10 8.42×10−10 7.47×10−10 1.72× 10−9 2.28× 10−9

20 7.57× 10−9 6.60× 10−9 1.75× 10−8 2.33× 10−8

30 2.02× 10−7 1.77× 10−7 4.68× 10−7 6.23× 10−7

40 1.42× 10−5 1.24× 10−5 3.28× 10−5 4.37× 10−5

(1). In this specific sample data set, it is a reasonable
assumption that the tree height satisfies Gaussian distribution,
and the Gaussian distribution is the best approximation among
the four candidate distributions.

(2). The distribution of tree height depends on the actual
forest structure, and the estimation of a certain distribution
should be examined by the K-S test.

(3). The proposed approach for estimating the tree-related
outage rates can be flexibly applied to any probabilistic
distribution. And the results of estimated outage rates under
different distributions infer that the distributions that are ac-
cepted by the K-S test derive quite close outage rates. That
is to say, the estimated outage rate does not depend on the
specific formulation of tree height-distribution, as long as a
probabilistic distribution well reflects the forest structure, the
outage rate result is considered as reasonable.

VI. TESTS ON NPCC 140-BUS SYSTEM

A. Parameters of non-temperature-related outages

The λ(e) is determined using the method proposed in
[37]. The weather conditions include ambient temperature,
lightning, and rain. The outage rate parameters are the same
as in Sections V.A and V.B in [37], which estimates a credible
interval of outage rates. In this paper we use the median value
of the interval as the estimated outage rate.

B. Winter scenario

In this section, we test the proposed method on the NPCC
140-bus system [40], [41]. Select the weather conditions at
12:00 EDT (Eastern Daylight Time) on March 14-16, 2017,
and implement risk assessments respectively. During March
13-15, the winter storm “Stella” swept from southwest to
northeast through the NPCC system. The storm reached at
its maximum on Mar. 14, and then diminished and nearly
completely moved out of the area on 16th. Use the proposed
approach to assess risk on those three days. The initial system
states on the three days are the same, and the only difference
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is in their weather conditions. The result (in Table VII) verifies
that weather has significant influence on the outage risk.

(a) (b)

(c)

Fig. 8. Wind speed (m/s) 12:00 EDT on Mar. 14-16, 2017 in (a)-(c).

TABLE VII
COMPARISON OF BLACKOUT RISK (WINTER SCENARIO)

March 14 March 15 March 16

Risk(MW) 1.86 0.66 0.14

Take the outage path with highest risk (path A) on Mar. 14.
Table VIII lists the outage rates of each branch outage. The
short-timescale outages are listed in the parenthesis and the
data in bold is the highest outage rate among the three days.
The outage probabilities on Mar. 14 is significantly higher than
those on Mar. 15 and 16 for most branches.

TABLE VIII
OUTAGE RATES BY LEVELS IN OUTAGE PATH A

Level Outages Outage probability
March 14 March 15 March 16

1 17 7.0× 10−3 6.5× 10−4 3.3× 10−4

2 19 9.7× 10−3 7.8× 10−4 3.7× 10−4

3 148 3.2× 10−4 4.2× 10−5 4.7× 10−5

4 206 6.6× 10−3 1.0× 10−3 8.4× 10−4

5 7 5.1× 10−3 9.1× 10−4 4.5× 10−4

6 202 1.3× 10−2 1.0× 10−3 2.1× 10−3

7 105 2.2× 10−3 2.7× 10−4 1.4× 10−4

8 79 3.1× 10−5 5.2× 10−5 4.3× 10−5

9 38 7.3× 10−4 2.6× 10−4 1.3× 10−4

10 64 (42) 1.8× 10−4 5.8× 10−4 2.8× 10−4

Risk of path A(MW) 2.8× 10−1 2.6× 10−2 1.3× 10−2

Fig. 9 shows the geographical positions of the lines that
are tripped (red) in the outage path A, as well as the weather
condition of Mar. 14. The significantly higher outage prob-
abilities as shown in Table VIII correspond to geographical
regions with the most severe snowstorm on Mar. 14.

Ref. [9] observes that in stormy weather, the average outage
rate is 7.36 times of that in normal weather. Similarly, we
compared the outage probabilities on Mar. 14 and 16 along the
storm path (Atlantic coast area), the average outage probability

Fig. 9. Cascading outage path A and wind speed overlay on Mar. 14, 2017.

in this area on Mar. 14 is 8.63 times of that on Mar. 16,
which is close to the result in [9]. While the average outage
probability outside the storm area on Mar. 14 is only 1.03 times
of that on Mar. 16. These results also verify the necessity of
analyzing stormy weather for power systems.

C. Summer scenario

The hottest weather in NPCC area in 2016 occurred on
Aug. 11, which was a sunny, hot and low-wind day and might
contribute to high conductor temperature of transmission lines.
We also choose Oct. 22, a much colder and more windy day
for comparison. In this scenario we assume some plants under
the conductors. The ambient temperature and wind speed at
8:00AM on these two days are demonstrated in Fig. 10. Line
150 tripping is the initial outage. To analyze the joint influence
of system state and weather condition on the outages, two
loading conditions are tested: one assumes the system initial
loading as 125% of base case, and the other only sets the
initial loading to 105%. The load grows 12% per hour.

(a) (b)

(c) (d)

Fig. 10. Ambient temperature and wind speed at 08:00 EDT, Aug. 11 and
Oct. 22, 2016. (a) and (b) are air temperature (◦C) on these two days, while
(c) and (d) show wind speed (m/s).

As attributed to the hot and low-wind weather, the outage
risk of the system on Aug. 11 is much higher (see Table IX).
Also, by comparing different loading levels, it can be seen
that the higher loading of the system in hot and low-wind
weather amplifies the outage risk. This is because such a con-
dition brings more significant conductor temperature increase
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caused by power flow redistribution, and thus magnifies the
dependencies among outages.

TABLE IX
COMPARISON OF CASCADING OUTAGE RISK (SUMMER SCENARIO)

Risk(MW) Aug. 11 Oct. 22

125% load 45.17 12.42
105% load 4.90 3.72

On Aug. 11, some outage paths with conductor overheat
events stand out with much higher risk than on Oct. 22. We
take one typical outage path (namely path B) as an example,
as shown in Fig. 11 and Tables. X and XI. It can be seen that
for all outages, the outage rates on August 11 are higher than
those on Oct. 22. The risk is mostly contributed by the first
two outages caused by the lines 153 and 159 overheat. The
higher the loading, the more severe overheat becomes, and the
more significantly the risk increases.

Fig. 11. Cascading outage path with temperature overlay on Aug. 11, 2016.

TABLE X
OUTAGE RATES IN OUTAGE PATH B (125% LOADING)

Outage Aug. 11 Oct. 22
Tcmax(◦C) Probability Tcmax(◦C) Probability

150 (initial) – – – –
153 123.3 0.557 60.5 1.7× 10−3

159 160.9 0.823 58.6 2.0× 10−3

180 37.4 7.1× 10−4 13.3 6.5× 10−4

6 35.4 3.0× 10−5 22.6 2.4× 10−5

171 36.2 2.8× 10−4 8.8 2.6× 10−4

107 39.6 1.1× 10−4 16.5 9.6× 10−5

58 31.0 2.2× 10−5 14.0 2.0× 10−5

201 46.8 1.2× 10−3 21.8 8.7× 10−4

Risk (MW) 33.34 9.27× 10−2

With the approximate analytical solution of TLTE as a
function of transmission line current in [17], the sensitivity
of outage probability to system states can also be estimated,
which could facilitate the derivation of strategies for reducing
outage risk [42], [43] and mitigation [44], [45].

VII. CONCLUSION

This paper proposes a method for the risk assessment of
weather-related outages in power systems. First according to
the outage mechanisms, a generic outage rate model of power

TABLE XI
OUTAGE RATES IN OUTAGE PATH B (105% LOADING)

Outage Aug. 11 Oct. 22
Tcmax(◦C) Probability Tcmax(◦C) Probability

150 (initial) – – – –
153 95.9 0.087 45.5 3.1× 10−4

159 116.1 0.153 41.1 3.2× 10−4

180 37.4 3.00× 10−4 13.3 2.8× 10−4

6 34.0 2.6× 10−5 21.9 2.4× 10−5

171 36.2 2.9× 10−4 8.8 2.6× 10−4

107 38.7 1.1× 10−4 16.0 9.5× 10−5

58 30.3 2.3× 10−5 13.3 2.0× 10−5

201 43.5 1.2× 10−3 19.7 8.7× 10−4

Risk (MW) 0.97 4.52× 10−2

lines dependent on weather condition and conductor tempera-
ture is proposed, and then based on the polynomial approxima-
tion of outage rate and the analytical solution of transmission
line temperature evolution (TLTE), the analytical expression
of outage probability of the power line is derived, which
facilitates efficient risk assessment of weather-related outages
based on Markovian tree search. Based on the modeling of
major physical outage mechanisms, i.e. outages caused by tree
growth, tree falling, line mechanical failure, and other weather-
induced outages, the outage rates of power lines are estimated
with given environmental data, weather conditions, historical
outage records and conductor specifications. The value of the
model is initially validated with real customer outage data
during some storms in Massachusetts and benchmarked with
mature wind risk management (WRM) tools. The method for
acquisition of necessary data is also elaborated and discussed.

The method is tested on an NPCC 140-bus test system with
geographical positions. The tests and benchmarking on winter
and summer scenarios verify that the proposed method can
reflect the threat of adverse weather conditions.

This paper is the first work in quantifying the real-time
environment-dependent reliability of power grid infrastructure,
which integrates multiple data sources such as operation data,
weather data, land cover, elevation data, asset management
data, etc. This work is expected to enhance the practicality
of the existing research work on cascading outages. The
enhancement of data quality, the further benchmarking and
validation of the model constitute our future work.
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