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ABSTRACT: Slippery runways represent a significant risk to aircrafts especially during the winter season. In
order to apply the appropriate braking action, the pilots need reliable information about the runway conditions.
Unfortunately the accuracy of runway reports can sometimes be unsatisfactory. In order to obtain more precise
and up-to-date information about the current conditions, a warning system based on various types of weather
data was suggested by Huseby & Rabbe (2012). See also Huseby & Rabbe (2008) and Huseby et al. (2010).
The system is based on a set of scenarios known to cause slippery conditions. By monitoring meteorological
parameters like air and ground temperature, humidity, visibility and precipitation, and comparing these to the
given scenarios, the system can issue warnings to the ground personnel. This system is currently being used
on 16 Norwegian airports. In the present paper this warning system is reviewed. Ideally, the warning system
should issue warnings whenever the estimated runway conditions are medium or worse. At the same time the
system should not issue warnings when the runway conditions are good. Thus, there are two types of errors
we need to take into consideration. Type 1 errors occur when the system does not issue a warning even though
the conditions are medium or worse, while Type 2 errors occur if a warning is issued when the conditions are
good. When designing the system, we need to find the optimal balance between these types of errors taking into
account that a Type 1 error to a certain degree is considered to be worse than a Type 2 error. The paper describes
how the system can be optimized using a combination of weather data and flight data.

1 INTRODUCTION

Slippery runways represent a significant risk to air-
crafts especially during the winter season. Accidents,
such as the Southwest Airlines jet skidding off a run-
way at Chicago Midway Airport in December 2005,
as well as the similar accident with the Delta Con-
nection flight at the Cleveland Hopkins International
Airport in Ohio in February 2007, show that this is
indeed a serious problem. More recently, an aircraft
skidded off the runway at Oslo Airport in May 2015
due to wet conditions. Fortunately this accident only
caused minor damages.

In order to apply the appropriate braking action,
the pilots need reliable information about the run-
way conditions. Unfortunately the accuracy of run-
way reports can sometimes be unsatisfactory. Dur-
ing the Southwest Airlines accident the pilots based
their landing on an assumption that conditions were
fair. However, computer calculations after the crash
showed that the actual conditions were in fact worse
than poor. Given the correct information about the
landing conditions, including a significant tailwind of
8-9 kt, the flight should in fact have been diverted. For

more details about this accident see Rosenker et al.
(2007). For a discussion of the effect of contaminated
runways on aircraft braking performance see Gies-
man (2005).

Having reliable methods for identifying slippery
runway conditions is very important. However, mea-
suring the runway friction with a satisfactory preci-
sion is very difficult. There are two main reasons for
these problems. Firstly, measuring the runway friction
with a satisfactory precision is very difficult. While
many different measurement devices have been de-
veloped, it is hard to find equipment that produces
stable and consistent results. The second problem is
that in order to measure friction, the runway needs to
be closed for traffic. Thus, in order to avoid severe de-
lays, such measurements cannot be carried out too fre-
quently. As a result the runway reports are not as use-
ful as one could hope. This is especially true during
heavy snowfalls, or when the temperature suddenly
drops below the freezing point, where the conditions
change very rapidly.

Rosenker et al. (2007) discusses the difficulties
with assessing runway condition, and notes that no
standardized and universally accepted correlation ex-



ists to define the relationship between the runway sur-
face condition, using any of the available runway sur-
face assessment methods, and an airplane’s braking
ability.

In Haugen et al. (2002) an alternative approach to
this problem was developed. Contaminated runways
were characterised in terms of a function of local
weather parameters. The main idea was that this func-
tion would be easier to update compared to friction
measurements which are based on the last runway re-
port. Thus, by using weather data one could bridge
the gaps between the runway reports.

Based on a large-scale study of runway conditions
carried out during two winter seasons at two Nor-
wegian airports the ideas suggested in Haugen et al.
(2002) were developed further. A complete report
from this project, referred to as the SWOP-project,
is given in Aarrestad et al. (2007). The study was
carried out by Avinor1 with contributions from the
three airlines SAS, Norwegian and Widerøe. As in
Haugen et al. (2002) the main goal was developing
methodology for predicting runway conditions uti-
lizing weather data in addition to runway reports.
Throughout the two seasons various kinds of weather
data were collected, such as air and surface tempera-
ture, humidity, precipitation, visibility and wind. Us-
ing these data a scenario based weather model for
slippery conditions was developed. At a given point
of time, the weather model compares the current con-
ditions to a set of different scenarios. If the conditions
match any of these scenarios, the model classifies the
runway conditions as potentially slippery.

Using the experiences from the SWOP-project, an
integrated runway information system, called IRIS,
has been developed. This system is now implemented
on 16 Norwegian airports. For a description of this
system see Søderholm et al. (2009). This system con-
sists of three parts: a weather model, a runway model
and a development model. The weather model uses
a scenario approach to identify slippery conditions.
A description of an early version of this model can
be found in Huseby & Rabbe (2008), while a revised
version is presented Huseby & Rabbe (2012). The
weather model currently in use is yet another revi-
sion based on more recent data. The runway model
uses mainly runway report data and assesses runway
conditions on a five level scale ranging from poor to
good. This model is discussed in Huseby et al. (2010).
See also Klein-Paste et al. (2012). The development
model combines runway report data and precipitaion
and temperature data in order to issue warnings when
the runway conditions appear to be deteriorating.

In the present paper we focus on the weather model
and show how this model can be optimized. In order
to analyze and optimize the model, a large data set
including weather data, runway report data and flight

1Avinor is a state owned limited company that operates most
of the civil airports in Norway

data has been collected. The full data set consists of
data from 16 Norwegian airports. In the present pa-
per, however, we only consider data from the airports
at Oslo and Tromsø. For both airports we have obser-
vations from 9 winter seasons starting at the winter
2008/2009. The weather observations are sampled ev-
ery minute starting at midnight November 1 and end-
ing at midnight April 30. The flight data sets are pro-
vided by Scandinavian Airlines Services (SAS) and
Norwegian Air Shuttle AS. In this paper, however,
only the flight data sets from SAS are used. At Oslo
airport there are two runways, West and East. In the
analysis these runways are treated separately.

2 FRICTION LIMITED LANDINGS

In order to optimize the weather model, flight data
was obtained from the Quick Access Recorder of
Boeing 737-600/700/800 NG airplanes. The data was
provided with approval of the Pilots Associations of
the cooperating airlines. Starting at the time of touch-
down, a 60 seconds record was taken including among
others the following main parameters:

• Airplane weight

• Longitudinal acceleration

• Airspeed

• Ground speed

• Flaps settings

• Spoiler settings

• Engine rotational speed

• Brake pressures

• Auto brake settings

• Longitude and latitude positions

The flight data was analyzed using the Boeing Air-
plane Performance model which is based on general
equations of motion for airplane, along the length di-
rection of the runway. The model gives an airplane
braking coefficient, denoted by µB. This parameter is
used to represent the contribution of the wheel brakes
to stopping the airplane. The coefficient µB is the ratio
of the stopping force contribution of the wheel brakes
to the average airplane weight on wheels. In general
µB will include both the wheel braking and the effect
of contaminant drag force.

A key concept when analysing flight data is the
notion of friction limited landings. Unless the pilot
challenges the runway friction during the landing, the
maximum friction available will not be utilized. In
this case µB reflects the amount of tire-pavement fric-
tion that was used. When wheel brakes are applied



fully or to a high degree on a slippery runway, the
maximum attainable friction from the runway is used
during the stop. In this case the airplanes decelera-
tion and stopping capability is limited by the friction
available from the runway. The obtained µB will then
reflect the amount of tire-pavement friction that was
available. It is therefore crucial to determine whether
or not the stop was limited by the friction available
from the runway. A landing where this is the case, is
said to be friction limited. For more details about the
Boeing Airplane Performance model see Klein-Paste
et al. (2012).

Given the airplane braking coefficient µB it is pos-
sible to obtain the socalled runway braking action
(BA) associated with the landing. This is a simplified
measure given according to a five level scale randing
from poor to good. The relation between µB and BA
is given Table 1.

Table 1: The relation between µB and runway braking action
(BA)

µB BA-level BA
[0.000,0.050] 0 NIL
(0.050,0.075] 1 Poor
(0.075,0.100] 2 Medium to poor
(0.100,0.150] 3 Medium
(0.150,0.200] 4 Medium to good
(0.200, ·] 5 Good

In the validation of the weather model only the fric-
tion limited landings are used. In Table 2, Table 3 and
Table 4 the total number landings as well as the num-
ber of friction limited landings for the three runways
are listed. In the same tables we have also included
the number of landings with braking action level less
than or equal to 3 (i.e., medium).

Table 2: Number of friction limited landings at Oslo West

Count Percentage
Total number of landings 57324 100.0%

Friction limited landings 997 1.7%

Landings with BA ≤ 3 845 1.5%

Table 3: Number of friction limited landings at Oslo East

Count Percentage
Total number of landings 54794 100.0%

Friction limited landings 981 1.8%

Landings with BA ≤ 3 764 1.4%

Table 4: Number of friction limited landings at Tromsø

Count Percentage
Total number of landings 12362 100.0%

Friction limited landings 2214 17.9%

Landings with BA ≤ 3 1866 15.1%

3 THE WEATHER MODEL

In this section we review briefly the scenario based
weather model which is a central part of the run-
way condition prediction methodology. This model
is based on the work in Rabbe (1974), and includes
eight different scenarios which are known to cause
slippery runway conditions. In this context we will
not describe all these scenarios in detail. Instead we
refer to Huseby & Rabbe (2012) for a more complete
description.

All scenario evaluations are typically done relative
to a given point of time T representing the touchdown
point of time for a given flight. In order to describe
the weather conditions and check whether or not any
of the scenarios has occurred at T , weather data from
two time intervals [T −S2, T −S1] and [T −S1, T ] is
used. In our study S1 = 1 hour, while S2 = 4 hours.
The length of the first interval is (T − S1) − (T −
S2) = S2− S1 = 3 hours, while the length of the sec-
ond and most recent interval is T − (T −S1) = S1 = 1
hour. Thus, the two intervals represent a total of 4
hours of observations. Throughout this period the dif-
ferent weather parameters are ideally sampled once
every minute, so given the four hours of observations,
each weather parameter is sampled 180 times during
the first interval and 60 times during the last inter-
val. In real life, the number of observations is typi-
cally slightly less than this, but still there is more than
enough of data for the model calculations. We assume
that all the data are indexed, and let I1 and I2 denote
the index sets corresponding to the first and second
interval respectively. Moreover, for i ∈ I1 ∪ I2 we in-
troduce:

• pi = the ith precipitation type,

• tai = the ith air temperature,

• tri = the ith runway temperature,

• hi = the ith relative humidity,

• vi = the ith horizontal visibility,

The scenarios are divided into two groups, where
the first group includes three scenarios with precipi-
tation, while the second contains the remaining three
scenarios with no precipitation.



3.1 Scenarios with precipitation

The following five scenarios are all characterized by
the presence of some sort of precipitation.

SCENARIO 1. Dry snow
Dry snow is usually not so dangerous as wet snow.
However, if this condition persists over some time,
the runway may become polished by the snowflakes,
which can result in slippery conditions.

SCENARIO 2. Snow
Snowfalls can have dramatic effects on braking per-
formance. Falling snow is typically a mixture of ice
crystals and water with a temperature close to 0◦C.
Dry snow containing less water is less slippery than
snow with a higher water content. This scenario is de-
fined to occur when the air temperature is between
−6◦C and +2◦C. Severe conditions occur with heavy
snowfalls, temperatures close to the freezing point,
and relative humidity close to 100%.

SCENARIO 3. Freezing rain/drizzle
Freezing rain or freezing drizzle occurs when warm
air tries to replace cold air from above. If rain or driz-
zle falls from the warm layer through the cold layer, it
will be supercooled on its way down. When these su-
percooled drops hit the frozen ground, they will freeze
immediately, and as a result the runway becomes ex-
tremely slippery. The weather sensor can sometimes
identify this condition as a specific type of precipi-
tation. However, in our scenario definition, we also
include another set of conditions based on the precip-
itation type rain.

SCENARIO 4. Freezing fog
When temperatures at ground level drop to or be-
low freezing, the water droplets making up fog of-
ten freeze on contact. This condition is called freez-
ing fog. The result can be black ice, which makes the
runway very slippery and dangerous.

SCENARIO 5. Rain or drizzle on ice-coated or super-
cooled runway
When rain or drizzle falls on an ice-coated or super-
cooled runway, some of it will start freezing. As a re-
sult the braking actions will be reduced to a minimum.

3.2 Scenarios without precipitation

The scenarios included in this subsection does not in-
volve precipitation, at least not during the most recent
interval, [T − S1, T ].

SCENARIO 6. Wet runway, clearing sky
This scenario occurs when the weather is clearing af-
ter overcast and rain. Due to the outgoing radiation,
the temperature both in the air and in the runway sur-
face gradually drop below zero. The water left on the
runway, will then start to freeze, and the friction coef-
ficient may drop quickly.

SCENARIO 7. Stratus/fog, air temperature below 0◦C
When a low stratus cloud or a fog layer at freezing

temperatures flows into the airport, small drops will
settle on the cold runway surface and partially freeze.
As a result the runway becomes slippery.

SCENARIO 8. Rime, sublimation, ice crystals
In clear autumn and winter nights the temperature
in the air and on the ground can fall below zero. At
the same time the humidity increases towards 100%.
Sometimes this results in fog, while other times mois-
ture may settle on the runway as rime. When water va-
por sublimates on solid objects, the result is ice crys-
tals. Some of this may melt under the wheels of the
aircrafts, and create a slippery ice-coat on the runway.

In the analysis the weather model is calculated each
minute throughout the 9 winter seasons based on the
data from these seasons. As as result we have as many
as 2348640 realizations of this model for the three
runways in our data set. Figure 1, Figure 2 and Fig-
ure 3 show the rates of occurences of the eight sce-
narios (denoted S1, . . . , S8 in the diagrams). We have
also included the null-scenario (denoted S0 in the di-
agrams) representing the fraction of the realizations
with no identified scenarios. Note that the scenari-
odefintions allow several scenarios to occur at the
same time. Thus, the sum of the rates of occurences
(including the null-scenario) is greater than 100%.
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Figure 1: Rates of occurences of the weather scenarios at Oslo
West

We observe that the two dominating scenarios are
S2 (snow) and S8 (Rime, sublimation, ice crystals).
Scenario S2 is relatively easy to identify. Thus, we
will not discuss this scenario further here. Scenario
S8, on the other hand, is much more difficult to iden-
tify. The scenario defintion depends on several param-
eters which need to be finetuned in order to optimize
the results. In the next section we show how this prob-
lem can be attacked.

4 OPTIMIZING THE RIME SCENARIO

In this section we show how to optimize the rime sce-
nario, i.e. scenario S8. We say that this scenario has
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Figure 2: Rates of occurences of the weather scenarios at Oslo
East

60 %

50 %

40 %

30 %

20 %

10 %

0 %
S0 S1 S2 S3 S4 S5 S6 S7 S8

Figure 3: Rates of occurences of the weather scenarios at Tromsø

occurred if the following conditions hold:

• The number of minutes with precipitation2 dur-
ing the last 4 hours should not exceed 10.

• The air temperature is decreasing during the last
4 hours, and last value is less than or equal to
α◦C,

OR

The air temperature is less than or equal to 0◦C
during the last hour

• The runway temperature is less than or equal to
0◦C during the last hour

• The relative humidity is in the interval
[β%,100%] at least half of the time during
the last four hours

The quantities α and β mentioned in the conditions,
are parameters which will be subject to simultaneous
optimization. Based on meteorological insight, how-
ever, it was decided that the parameters should be

2In this context mist is not considered as precipitation

chosen within the following intervals: α ∈ [0,3] and
β ∈ [70,85]. As a base case we let α = 2 and β = 75.
In the optimization only the parameters α and β will
be considered here. However, as scenario S8 is only
one out of eight scenarios, the contributions of the
other scenarios need to be taken into account as well.

One of the difficulties with optimizing the weather
model is the lack of precision with respect to the re-
sponse. Even when the runway is very slippery, this
does not need to be reflected in the flight data if the
pilot does not challenge the runway friction during the
landing. On the other hand even when no weather sce-
nario is identified, the flight data might indicate slip-
pery conditions if this is due to the presence of older
contamination on the runway. Thus, when the weather
model is applied, a substantial number of both Type 1
and 2 errors are to be expected. Still, finding the best
balance between the two types of errors is important.

We now consider an arbitrary point of time t, and
introduce the following events:

A = A scenario is identified at time t

B = The true BA-value is 3 or less at time t

A Type 1 error corresponds to the event Ac ∩ B,
while a Type 2 error corresponds to the event A∩Bc.
In order to balance the two types of errors, we intro-
duce a loss function L defined as follows:

L =


K1 if Ac ∩B occurs
K2 if A∩Bc occurs
0 otherwise

The expected loss is then given by:

E[L] = K1 P(Ac ∩B) +K2 P(A∩Bc)

The constantsK1 andK2 are relative numbers chosen
in order to reflect that a Type 1 error is usually much
worse than a Type 2 error. In the analysis we have
chosen to let K1 = 25 and K2 = 1.

The probabilites P(Ac ∩B) and P(A∩Bc) are eas-
ily estimated based on the available data, and depend
on the values of the parameters α and β. In particular
the event A is identified using the weather data, while
the event B is identified using flight data.

In particular, by using the data in Table 2, Table 3
and Table 4 we get the following estimated probabili-
ties for the event B:

P(B) =


845

57324
= 1.47% at Oslo West

764
54794

= 1.39% at Oslo East
1866
12362

= 15.09% at Tromsø

It is easy to see that P(A) is increasing in α and
decreasing in β. Hence, the Type 1 error probability,
P(Ac ∩ B), is decreasing in α and increasing in β,



while the Type 2 error probability, P(A ∩ Bc) is in-
creasing in α and decreasing in β. Moreover, for the
base case where α = 2 and β = 75, we get the error
probabilities and expected losses listed in Table 5.

Table 5: Type 1 and Type 2 error probabilities and expected
losses

Runway P(Ac ∩B) P(A∩Bc) E[L]
Oslo West 0.23% 31.01% 0.367

Oslo East 0.29% 44.70% 0.520

Tromsø 3.37% 28.87% 1.132

In order to optimize the weather model we run it
for all the relevant combinations of the parameters
α and β. The resulting expected losses are shown in
Table 6, Table 7 and Table 8. The parameter combi-
nations yielding the minimum losses are indicated in
bold face.

For Oslo West and East we observe that the optimal
values are α = 0 and β = 85. This is the most restric-
tive combination which implies that the probability of
a Type 1 error is at its maximum while the probabil-
ity of a Type 2 error is at its minimum. From a me-
teorological perspective, these parameter values are
hardly realistic. The reason why this combination still
comes out as the best, is due to the fact that Oslo Air-
port has a fairly proactive runway maintenance strat-
egy which prevents the different scenarios from caus-
ing problems. As a result P (B) is relatively small for
this airport. Thus, if we use α = 0 and β = 85 instead
of the base case values α = 2 and β = 75, the Type
1 error probability increases slightly from 0.23% to
0.24%, while the Type 2 error probability decreases
significantly from 31.01% to 26.06%.

For Tromsø we have the opposite situation where
the optimal values are α = 3 and β = 70. This is the
least restrictive combination which implies that the
probability of a Type 1 error is at its minimum while
the probability of a Type 2 error is at its maximum. At
this airport it is more common to have a contaminated
runway during parts of the winter season. As a result
avoiding Type 1 errors are more important.

Table 6: Expected losses for various combinations of α and β at
Oslo West. Optimal combination is indicated in bold face.

β = 70 β = 75 β = 80 β = 85

α = 0 0.3685 0.3586 0.3431 0.3204

α = 1 0.3741 0.3634 0.3477 0.3245

α = 2 0.3782 0.3668 0.3508 0.3265

α = 3 0.3792 0.3674 0.3513 0.3268

It should be noted that the optimal parameter values
depend on the choice of the loss factors K1 and K2

also. If more less weight is put on Type 1 errors, i.e.,
if K1 is reduced, the optimal parameter values will

Table 7: Expected losses for various combinations of α and β at
Oslo East. Optimal combination is indicated in bold face.

β = 70 β = 75 β = 80 β = 85

α = 0 0.5310 0.5155 0.4973 0.4716

α = 1 0.5351 0.5188 0.5004 0.4742

α = 2 0.5362 0.5195 0.5007 0.4748

α = 3 0.5370 0.5203 0.5012 0.4752

Table 8: Expected losses for various combinations of α and β at
Tromsø. Optimal combination is indicated in bold face.

β = 70 β = 75 β = 80 β = 85

α = 0 1.1044 1.1446 1.2399 1.4198

α = 1 1.0980 1.1370 1.2369 1.4185

α = 2 1.0929 1.1320 1.2369 1.4175

α = 3 1.0857 1.1264 1.2330 1.4175

Table 9: Expected losses for various combinations of α and β at
Tromsø given that K1 = 10. Optimal combination is indicated
in bold face.

β = 70 β = 75 β = 80 β = 85

α = 0 0.6312 0.6265 0.6405 0.6906

α = 1 0.6320 0.6262 0.6412 0.6916

α = 2 0.6330 0.6260 0.6423 0.6919

α = 3 0.6306 0.6240 0.6408 0.6919

change accordingly. As an illustration we have com-
puted the expected losses for Tromsø airport given
that K1 is reduced to 10. The results are shown in Ta-
ble 9. In this case the optimal parameter combination
is α = 3 and β = 75.

5 CONCLUSIONS AND FUTURE WORK

In the present paper we have reviewed the weather
model used in the integrated runway information sys-
tem IRIS. We have shown how the model can be op-
timized by using a combination of weather data and
flight data. The methodology is demonstrated on a
simplified problem with only two parameters. In a full
scale analysis, a multidimensional optimization must
be carried out. Furthermore, the model needs to be
finetuned in order to work in combination with the
other models in the system. In order to carry out such
a complex optimization it is important to screen the
parameters and choose the relevant ranges carefully.
Moreover, in order to handle the enormous amount of
data, an efficient database structure must be applied.

This work is just a small part of a much larger study
which includes all the weather scenarios, the use of all
available flight data as well as separate analysis for all
16 airports where the IRIS system is installed. A more
extensive report from this analysis will be available



later.
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