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ABSTRACT
The economic growth of any airline is largely determined by the optimum

operationalization of the flight schedules. Bad weather and in particular low visibility at the
airport may lead to interruption of the schedule. Low visibility may also lead to delays for
several hours when taking off and holding for some time or diversion. Diversions to nearby

airport lead to large economic losses to the airline.

Visibility forecasts are very critical in flight planning hence considerable interest in
assessing its accuracy, skill and value. The visibility forecasts form part of the Terminal
Aerodrome Forecast (TAF) provided by aerodrome meteorological office. TAF comprises of
forecast for wind speed and direction, visibility, weather and ceiling conditions. In this research
the forecasts for visibility was verified against visibility observation for Ohr and 6hr lead times.
The lowest observed value was used to score against the lowest forecasted value. Visibility was
categorized into ranges of poor covering range between 0-1000m, fair between 2000-4000m and
clear between 5000-9999. The entries were then made into a 3-category contingency table for six
hour lead time. Accuracy at Ohr and 6hr lead time was evaluated using the scatter plot and the
root mean square error for days with determinable visibility both in the forecast and in the
observations, visibility of 9999 were dropped since specific visibility value could not be
determined. Various skill score were then evaluated from the contingency table.

The accuracy and skill scores for visibility forecasts are high for Ohr lead time as
compared to 6hr lead time hence the visibility forecasts should be used immediately after
production and limited to not more than six hours since its accuracy and skill drops drastically.
For flight planning the new and amended forecasts should be treated with urgency since convey

more accurate forecasts.

The verification results should be able to show the strengths and weaknesses attached on
the visibility forecasts thereby acting as a tool to foster further improvement in low visibility
forecasting on the part of the forecasters. The skill scores generated from the contingency table
will assist the management in advancing ways of improving low visibility forecasting by
improving the equipments for observing and forecasting low visibility and also initiating further

training in low visibility forecasting for forecasters.
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CHAPTER ONE

1.0 INTRODUCTION
Visibility forecasts are very critical in flight planning hence a considerable interest in

assessing the accuracy, skill and value. The visibility forecasts are contained in the Terminal
Aerodrome Forecast (TAF) produced by the designated meteorological office. The TAF contains
the precise statement on the expected conditions of wind direction and speed, visibility,
significant weather and ceiling conditions. Visibility is considered most critical to aviation
operations (Mahringer 2008). Low visibility at the airport may lead to delays for several hours
during taking off and holding for some time and consequential diversions to a nearby airport
during the final phase of landing. The delays, holding and diversion actions bear huge economic
impacts on the aviation operators. The impact is considered great due to the abruptness in
occurrence and Rudek et al (2010) elude the challenges in low visibility forecasting to the
difficulty in modeling the conditions and various meteorological processes that lead to the
occurrence of low visibility. Due to the impact of low visibility to the aircraft operations it is of
considerable importance to improve the skill for its forecasting. According to Fabbian et al
(2006), the economic value for aviation forecast for Sydney airport in 1993 was estimated at 6.8

Australian dollars for Quantas airways only.

Low visibility can be caused by fog and/or low clouds, drizzle, heavy rainfall, dust
storms and/or haze and smoke and smog from wild fires. According to Muiruri (2006, 2011) and
Mwebesa (1981), much of the low visibility instances at Jomo Kenyatta International Airport are
mainly associated with fog occurrences compared to other factors.

Verification of the forecast depends entirely on the quality of the observable data. The
bone of contention for concern apart from the quality of data is the treatment of change groups in
the forecast and scores allocation at each time. The TAF employs the use of change groups like
BECMG for transition within a time interval, FM for transition beginning at a specified time,
TEMPO for temporary changes and PROB for changes expected with a certain probability
usually a probability of 30% or 40% is employed in the TAF. The controversy in visibility
forecast verification comes with the use of these change groups. The forecast is not for an

isolated time but a range of time interval hence one cannot directly compare observed conditions
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at a single time with what was forecasted since there is more than one forecast state valid for
many points of time in a TAF. This challenge calls for the use of blocks of time usually six hours
for JKIA as per the nature of the forecast. The low visibility is considered an extreme event
hence the worst observed within the time interval is compared with the worst forecasted within
that time interval. Mahringer (2008) defines the Operational Impact Forecast as the forecast in
effect that is most likely to have a large impact on flight operation hence uses a very complex
approach to verification TEMPO. A forecast is correct as long as the observed value lies within
the range opened by the TEMPO since the forecast in this case is given as a range of possible
conditions within a defined time interval. Considering the forecast as range of possibilities within
a time interval assists in overcoming the problem coming with the idea of point verification.
Averaging the observed value within the time interval introduces more noise since the forecast
on visibility gives the worst expected situation within a time interval and it can occur at any time
within the interval. The accuracy is determined basin on the operationally desired accuracy of

forecasts as contained in the appendix B (ICAO Annex3, 2010).

This project is aimed at establishing the accuracy and skill for forecasting visibility at
Jomo Kenyatta International Airport as a tool for low visibility forecast accuracy improvement
and confidence building.

1.1 STATEMENT OF THE PROBLEM
The low visibility leads to diversions, delays and flight cancellations which have great

economic implications to the aviation operators. The abrupt change of schedules, cancellations,
diversions and delays due to abrupt occurrence of poor visibility calls for verification so as to

assessment of accuracy and skill of the visibility forecast.



1.2 RESEARCH OBJECTIVES
1.2.1 OVERALL OBJECTIVE

The primary objective of this project is carry out the verification of the low visibility
forecasts produced for Jomo Kenyatta International Airport to determine the accuracy and skill

of visibility forecasts.

1.2.2 SPECIFIC OBJECTIVES
I.  Assess the accuracy of visibility forecasts at Jomo Kenyatta International Airport

ii.  Asses the skill for forecasting visibility at Jomo Kenyatta International Airport

1.3 RESEARCH QUESTIONS
a) What is the accuracy of visibility forecast for Jomo Kenyatta International Airport?

b) What is the skill for forecasting visibility at Jomo Kenyatta International Airport?

1.4 HYPOTHESIS
Visibility forecasts produced at Jomo Kenyatta International Airport meets the required

quality.

1.5 JUSTIFICATION OF STUDY
The accurate visibility and more importantly low visibility forecasting can assist greatly

to the safety, efficiency and regularity of the international air navigation. This will ensure proper
and accurate flight planning thus reducing the expenses on fuel due to diversions and also reduce
instances of delays and holding. The International Civil Aviation Organization requires each
aviation meteorological provider to be ISO certified and forecast verification is a crucial
ingredient towards ISO certification (ICAO Annex 3, 2010). Muiruri (2006, 2011) and

Mabhringer (2008) recommended for the assessment of the aviation forecast accuracy.

1.6 STUDY AREA

1.6.1 LOCATION
The study was conducted at the Jomo Kenyatta International Airport situated in Nairobi

the capital city of Kenya. The airport is neighbored by the industrial area to the North. It is
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situated on latitude 01° 19°S and longitude 36° 55°E and has an elevation of 1624m above sea
level with standard pressure of 840MB at 0600Z.

1.6.2 TOPOGRAPHY
The airport is located on a flat land, adjacent to Nairobi is the Ngong hills which has four

peaks and very crucial to aviation operations acting as a beacon for navigation purposes.

1.6.3 CLIMATE
Jomo Kenyatta international airport experiences two rain seasons, the long rain season

during March to May and the short rain season from October to December. The rain seasons in
this region depends entirely on the position and annually movement of the ITCZ. The two rain
seasons occurs during the monsoon transition periods. The area has a mean annual rainfall of

762mm and a mean of 27 thunderstorm days in a year (Muiruri, 2011).



CHAPTER TWO

2.0 LITERATURE REVIEW
Forecast verification is a major tool that can be used to improve the accuracy and

confidence placed on the forecasts hence reducing the expenses incurred on diversions and
delays by the airlines. Muiruri (2010) concurs that forecast accuracy is very vital to the pilot
since it assists not only in planning the flight but even at decision making point whether to land
or not. According to Mahringer (2008) unexpected visibility below minimum threshold affects
the airport operations to a larger extent. Airport operations are adversely affected by adverse
weather and therefore timely information on sudden weather changes is required to guarantee
safety, efficiency and regularity of air transport. According to Muiruri (2010) among the adverse
weather phenomenon affecting airport operations at JKIA low visibility is ranked the highest.
The same fact is supported by Mahringer (2008) he states that ‘the most important parameter in
the numerical guidance is visibility. Poor visibility occurs due to the presence of the suspended
droplets and/or crystals that render an object undistinguishable to a distant observer. The poor
visibility occurs through the reduction in brightness contrast between an object and its
background by particle concentration and size. The size and concentration of the particles can
lead to partial or total atmospheric obscurity. On the other hand the obscurity could be caused by
the scattering of the sun rays due to the presence of the droplets and/or crystals thus causing the
blurring of the objects to the observer. Atmospheric obscurity can be caused by the concentration
of hygroscopic nuclei, small and large water droplets, fine sand and smoke and smog. The
concentration of these particles tends to reduce the distance through which an observer can see

and identify an object situated some distance away from the observer.

Verification of forecasts is very important in operational forecasting. It assists in
establishing the accuracy, skill and value of the forecast. Benedetti (2010) argues that effective
verification scheme can go a long way in enhancing the improvement of skill of forecasting and
consequential usage of the forecast for economic importance. As earlier explained poor visibility
is caused by concentration of particles in the atmosphere, the Jet-carbon exhaust contributes
greatly to the instances of poor visibility (Mcdonald 1962), hence need for its investigation. The
abruptness related to the occurrence of low visibility makes its forecasting difficult and hence it

is a threat to the aviation operations.



Visibility is very important to the pilot intending to land or take off from an aerodrome.
The pilot intending either to take off or land at a particular aerodrome is required to see the
runway markings well enough so as to embark on either of the tasks. One of the adverse weather
having great impact on the aviation industry at Jomo Kenyatta international airport as Muiruri
(2010) agrees is the low visibility. The decision to land or take off by the pilot is not made by
incorporates the views from the traffic controller who directs the pilot on maneuvering either
before take-off or after landing at an airport. From this point of view as much as it is important
for the pilot to be in good visibility consequently it is equally very important for the tower traffic
controller to be in best visibility. With advance in technology some aero planes are now fitted
with instruments to assist in landing. Goteman (2007), shows that even during these instances the
safety depends entirely on the current visibility range over the runway complex, in his work he
describes the use of head up display (HUD) as an instrument for landing in low visibility.
Looking at the San Francisco International Airport Renolds et al (2012) notes that poor visibility
can reduce the arrival traffic by half compared to normal days. The importance of visibility in air
transport has seen the development of visible enhancing tools as Kramer et al (2008) describes to
be used by the pilot especially for landing in low visibility. He further explains that the improved
forecasting of clearance of low visibility can lead tremendously to reduction on arrival delays

thus substantially contributing to the monetary savings to the airlines.

Fog can be defined as clouds forming very close to the ground that reduces visibility to
less than a kilometer. At Jomo Kenyatta international airport Mwebesa (1981) shows that fog
occurs between 2100Z and 0700Z with prevalence between 0200Z and 0500Z. The problem with
fog lies in the technicality of its forecasting as Roquelaure (2008) agrees with the fact that
forecasting phenomenon which is on a meso scale factor is very difficult especially when it
involves short range forecasting, this encompasses fog forecasting. Fog is considered to bear
great effect on the visibility in many parts of the world as Jenamani et al (2011) deduces. The
challenge experienced with reduced visibility owes to challenges faced in forecasting fog.
Gultepe (2009) states that, if fog can be accurately and timely forecasted then the economic
value lost due to sudden occurrence of fog in form of delays and diversions will be reduced. Fog
occurrence poses serious challenges to the air operators. As Gultepe (2007) notes, the financial
and human losses related to fog and low visibility is now comparable to losses from tornadoes

and hurricanes. This prompts the need to improve its forecasting and issuance of early warning
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of its occurrence. The intensity of fog depends entirely on the amount of liquid water droplets
contained in the low level cloud while the vertical and horizontal distribution of cloud water in
the stratiform boundary layer clouds defines the intensity of fog formation (Tjernsrom, 1992).
The injection of moisture into the cloud much closer to the ground can eventually result into
formation of very dense fog. The calm situation or low speed winds reduces the mixing depth

over which fog forms.

Accurate forecasting of visibility can assist the pilot in planning the flight well hence
reducing the cost of fuel on delays and diversions at the airport. The sudden changes in visibility
have proved a challenge towards accurate low visibility forecasting. As Jacobs et al (2004)
asserts various physical processes associated with fog forecasting like humidification are not
available in NWP models thus limiting the ways of visibility estimation. While testing the skill
Mahringer (2008) concludes that it is wise to consider each variable at a time. The problem in
testing the skill is assigning the score to different change groups such as BECMG, TEMPO and
PROB used in the TAF; Mahringer (2008) asserts this, he further advices on the use of the
highest observed value scoring for highest forecast value and worst observed value scoring for
worst forecast value. When constructing an operational verification system most of the workload
IS spent on data management issues especially on data quality (Casati et al, 2008). As Terradellas
(2007) concludes testing of skill will help mitigate inconveniences caused by poor visibility by
increasing the accuracy and confidence placed on the forecast. The verification practice geared
towards improvement of skill improves the confidence of the forecast. As Mason (2008) shows
the verification scores should be used to answer the question, how good is the forecast and can
we be confident that the forecast in not misleading. In assessing the skill for rare events
Stephenson (2008) recommends a simple three parameter model for how hit rate and bias
depends on base rate for vanishing rare event by forecasting on the extreme dependency score.
The skill score are drawn from the contingency table since most events are binary. Forecast
verification builds confidence placed on the forecast and also can be used as a tool for
forecasting skill improvement and Ebert (2008) shows that from the forecast user perspective the
fuzzy verification give important information on the scales and intensities at which the forecasts
should be trusted. The forecast depends entirely on the forecaster’s judgment of the situation
leading to the hedging judgments which defines three related properties of verification measures

which are propriety for forecasts in form of probability distributions and not deterministic
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distributions best fits the expectations for a single forecast. The next is the equitability for a
series of forecasts and lastly the consistency measure (Jolliffe, 2008). The main aim of the
forecast verification is ability to answer the questions how good is the forecast and what
confidence is represented by a given forecast. Mason (2008) answers the question how good and
confidence a forecast is by use of the confidence interval and further shows that the p-value
cannot be applied for similar objective. Verification enables the deep insight into the forecast
weaknesses and strengths with forecast geared towards methods for improving forecast quality
hence management involvement is highly recommended as stressed by Stern (2008) the
involvement of management will cascade the development and implementation of new
prediction techniques and careful succession plan. The quality of the forecast and depends
entirely on the quality of the observational data. The forecast verification is largely affected by
the observation errors by reducing the apparent skill of the forecast (Bowler 2008), this can be
rectified by applying fuzzy verification process (Ebert 2008) this relaxes requirements for exact
matches between forecast and observations by using the spatial window or neighborhood
surrounding the forecast and/or observed points. The problem of point forecast verification
requires a large network of observing stations hence remains a challenge. Due to the problem of
inadequate observing stations in and around Jomo Kenyatta International Airport the research

will concentrate on the point verification.



CHAPTER THREE
3.0 DATA AND METHODOLOGY
This chapter presents the data and methods used to achieve the overall and specific

objectives of this study.

3.1 DATA SOURCES
The data was obtained from the METARs and TAF forecasts obtained from the Jomo

Kenyatta international airport meteorological office. A METAR is a meteorological aerodrome
report if the observations are done at the aerodrome but if the observations are not done at the
aerodrome but used for aviation operations then it becomes meteorological aviation report. The
Terminal Aerodrome Report (TAF) is forecast used for aviation operation. The TAF comprises
of forecast for wind speed and direction, visibility, weather and cloud amount and height of the
base. Jomo Kenyatta International airport being an international airport the TAF cover thirty
hours and is updated after every six hours. The data verified was for a period of one year
beginning April 2012 till March 20113.

3.2 DATA QUALITY CONTROL
Data quality is very critical for inference testing. Most of the meteorological data errors

arise at the point of observation. With the implementation of quality management in all
meteorological aviation weather providers the quality of the data is guaranteed due to
examination for completeness and consistency before transmission and storage for future use
(ICAO Annex3).

3.3 DETERMINATION OF ACCURACY OF FORECAST
To determine the accuracy of forecast the forecasted value for visibility was checked

alongside the observed value. Scatter plots for observations and forecasts were generated at both
Ohr and 6hr lead times. In accuracy calculations, observation and forecast value indicated as
9999 was not considered since the actual value could not be determined, only specific
determined values of forecast coinciding with the specific determined values observed were
considered in accuracy calculations. The accuracy at Ohr and 6hr hour lead times was then
calculated using the Root mean Square Error. The Root Mean Square Error formula is given

below:



1=

FMSE = (F -0

Zl—
[

3.4 SKILL ANALYSIS
The visibility was categorized into the following ranges:

a. Poor visibility between 0-1000m
b. Fair visibility between 1000 and 4000m
c. Clear visibility between 4000 and 9999m.

The ranges are defined basing on the thresholds related to flight operation. The category
for poor represents the fog conditions which lowers the visibility to less than one kilometer.
Occurrence of visibility value in the range indicated by poor may lead to diversions, holding,
delays and flight cancellations, hence affecting the light schedule. The range indicated by fair
shows obscurity to visibility such that the pilot intending to take off from the runway is not able
to see the end of the runway, this can result in delays since plane separation on approach and
landing is increased. The category with clear visibility does not lead to disruption of the

schedule.

The contingency table can be used to draw conclusions about the forecast quality from
the verification algorithm. It is the best way of evaluating the kind of errors being made by the

forecaster. A perfect forecast would produce only the hits and correct negative events only.

The accuracy of the visibility forecast from TAF was checked alongside the observed
visibility values from the METARs and based on the ranges discussed above a 3-category

contingency table created as shown below
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Table 1: Contingency table

OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR a b C M
FAIR d e F N
FORECAST | CLEAR g h I O
TOTAL J K L T

A contingency table is essentially a display format used in the analysis of relationship
between two or more categorical variable sand determining the forecasting skill by calculating
various skill scores. Tartaglione (2010) describes a contingency table as a best way of testing the
skill especially in weather forecasts. The forecasting technique depends entirely on the
distribution of the observing stations and for good data validation as Roebber (2009) notes a
good distribution of observing network is required in forecast verification. In this study the

forecasts were verified with a lead time of zero and six hours.
From the contingency table the following skill score will be calculated

a) Percentage Correct (PC) — this score shows a fraction of the forecasts that is
correct. It ranges from 0-1, with the perfect score being 1. This score can be
misleading since it is heavily influenced by common category, usually no event in

the case of rare events. It is determined by the formula

a+e—+i
PC = T*iﬂﬂ
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b) Probability of detection/ hit rate (POD) — POD shows the fraction of observed

d)

yes events that were correctly forecasted. The score ranges from 0-1, with score
of 1being the perfect score. It is sensitive to hits but ignores false alarm making it
good for rare events. The POD is determined by the following formula below

POD =~
J

BIAS — BIAS the forecast frequency of yes events compare to the observed
frequency of yes events. The score ranges from 0 to oo, with the perfect score
being 1. The BIAS>1 and BIAS<1 indicates over-forecasting and under-
forecasting respectively. BIAS measure ratio of the frequency of forecast events
to the frequency of observed events. The skill score does not measure how well
the forecast corresponds to the observations instead it measure only the relative
frequencies. The skill score can be determined using the formula below

Bras =2
]

False Alarm Ratio (FAR) — FAR shows the percentage of the predicted yes
events that actually did not occur. The FAR skill score ranges from 0-1 with the
perfect score being o. The skill score is sensitive to false alarms, but ignores
misses. It is also very sensitive to the climatological frequency of the event. FAR
skill score can be determined by applying the formula below

a+c

FAR =
M

Heidke skill score (HSS) — HSS skill score indicates the accuracy of the forecast
relative to that of random chance. HSS skill score ranges from - to 1, with the

perfect score being 1. The skill score measures the fraction of correct forecast
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9)

after eliminating those forecasts which would be correct due purely to random

chance. The HSS skill score can be determined by applying the formula below

ﬂ+€+i_m+f{;\r+m
HS5S = M+ RN+10
e

Pierces skill score/ Hanssen and Kuipers discriminant (HK) — HK skill score
shows how well the forecast separate the yes events from the no events. The score
ranges from -1 to 1, with the perfect score being 1. The score does not depend on
climatological event frequency. For rare events the score is unduly weighted
hence more useful for more frequent events. This skill score is determined by the

following formula

HE = a b+c
~ ] K+L

Critical success index /threat score (CSI/TS) — CSI skill score shows how the
forecast yes events corresponded to the observed yes events. The score ranges
from 0-1, with the perfect score being 1. The score measures the fraction of
observed and/or forecast events that were correctly forecasted. The score is
sensitive to hits and penalizes both misses and false alarms. The score can be
determined by the formula below

@
C5lorTS = —
or Jili
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CHAPTER FOUR

4.0 RESULTS AND DISCUSSIONS
This chapter presents and discusses the results obtained from the methods described in

chapter three to achieve the objectives outlined in section 1.3.

4.1 Temporal Distribution of Visibility Observations at Jomo Kenyatta International
Airport

The temporal variability of visibility observed at Jomo Kenyatta International Airport
was plotted using graphs as shown below
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Figure 1: Visibility observations between 00Z and 06Z
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Figure 3: Visibility observations between 12Z and 18Z
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Figure 4: Visibility observations between 18Z and 24Z

From graphs the high frequency of poor visibility occurence was obsserved between 00Z
and 06Z. The high frequency is attributed to fog occurence at the airport. The poor visibility is
frequently observed during the months of June to August and again December to January. Poor
visibility is again observed from 12Z to 18Z during the long rain season. The poor visibility

during this period is brought about by heavy rainfall emanating from deep convective clouds.

4.2 Accuracy of visibility forecasts
The visibility forecast values and observed values were plotted on a scatter plot to show

the relationship between the forecasted and the observed values. The scatter plot was generated
for forecasts and observations between 0000Z and 0600Z since this is the range with many

instances of poor visibility as shown in part 4.1 above. The graphs are shown below:
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Figure 5: Scatter plot at Ohr lead time
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Figure 6: Scatter plot for 6hr lead time
From the scatter plots the higher margins represents the visibility of 9999 which indicates

visibility of ten kilometers and above. The scatter plot for Ohr lead time shows that most of the
cases visibility was correctly forecasted as compared that for 6hr lead time, implying that at Ohr
lead time the forecasts were correct compared to the forecasts at 6hr lead time.

17



While calculating the accuracy of visibility forecasts, the observations and forecasts with
visibility indicating 9999 were dropped from calculations since the actual value could not be
determined. Only days with specific observed value coinciding with specific forecasted value
were considered in this case. The accuracy calculations using the Root Mean Square Error was
determined for Ohr and 6hr hour lead times respectively. The results are as shown in the table

below

Table2: Root Mean Square Error

Lead time RMSE
Zero hour 1.730
Six hour 4.414

The RMSE for a zero hour lead time is very low compared to the RMSE for a six hour
lead time. From the results the visibility forecasts should be used just immediately after being
produced by the forecast since they are more accurate as compared to the same forecast six hours
after being produced by the forecast. From the results the visibility forecast accuracy deteriorates
with increase in lead time. The accuracy deterioration could be due to the abrupt occurrence of
phenomenon interfering with visibility and lack of adequate forecasting tools to forecast such

phenomena.

4.3.0 Contingency Tables
By considering visibility forecast range discussed in methodology a 3- category

contingency table was developed for zero and six hour lead time. The contingency tables were
first categorized depending on the time of the day at which the forecasts were generated i.e 0000-
0600, 0600-1200, and 1200-1800, and later a general contingency tables constructed for zero and

six hour lead time incorporating the above time intervals.
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4.3.1 Contingency tables analysis for 0000Z to 0600Z forecasts

The contingency table for forecasts generated at 0000Z were developed both for zero
hour and six hour lead times as shown in the tables below:

Table 3: Ohr lead time

OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 11 3 2 16
FAIR 4 13 3 20
FORECAST | CLEAR 4 22 303 329
TOTAL 19 38 308 365
Table 4: 6hr lead time
OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 1 1 3 5
FAIR 1 13 19 33
FORECAST | CLEAR 17 24 286 327
TOTAL 19 38 308 365

The Ohr lead time shows higher number of correct forecasts for poor visibility as
compared to forecasts at 6hr lead time. From the two tables skill scores were calculated for the

two lead times as shown in the table and graphed as shown below
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Table 5: Skill scores for 00Z-06Z forecasts

Ohr Lead time | 6hr lead time
PC  |0.89% 0.822
FAR |0.125 0.600
HSS | 0550 0.239
HK | 0564 0.041
1.2 .
Skill scores for 0000Z forecasts 06
0.9¢
! 0.9 . 0.9
0.8
2
E 0.6 B PA
2 WPOD
0.4 - W BIAS
| CS|
0.2 -

Fair

Ohrlead time 6hrlead time
Visibility Ranges

Figure 7: Forecast skill scores for 00Z to 06Z
From the results above, generally the scores are very high for Ohr lead time as compared

to the 6hr lead time. The skill scores for poor visibility range were higher for Ohr lead time as
compared to 6hr lead time. The skill scores for the clear range are very high since there is no
technicality involved in forecasting clear visibility. In all the cases the probability of detection is
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very high due to high frequency of occurrence of clear weather. The FAR for Ohr lead time is

much lower as compared the same at 6hr lead time.

4.3.2 Contingency tables analysis for 06Z-12Z, 12Z-18Z and 18Z-24Z forecasts

4.3.2.1 Contingency table analysis for 06Z-12Z

Table 6: Ohr lead time

OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 0 0 0 0
FAIR 0 4 3 7
FORECAST | CLEAR 0 2 356 358
TOTAL 0 6 359 365
Table 7: 6hr lead time
OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 0 0 0 0
FAIR 0 0 3 3
FORECAST | CLEAR 0 6 356 362
TOTAL 0 6 359 365

From the tables above, during the study period no instance of poor visibility was
encountered either in the forecast or in observations between 06 and 12Z. However there were
few instances of fair visibility which were correctly forecasted at Ohr lead time as compared to

6hr lead time.
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4.3.2.2Contingency tables analysis for 1200Z-1800Z

Table 8: Ohr lead time

OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 1 0 0 1
FAIR 0 8 1 9
FORECAST | CLEAR 1 6 348 355
TOTAL 2 14 349 365
Table 9: 6hr lead time
OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 0 0 0 0
FAIR 0 0 0 0
FORECAST | CLEAR 2 14 350 365
TOTAL 2 14 350 365

From the tables above there were few instances of poor visibility with Ohr lead time
showing hits while at 6hr lead time the same was missed. The instances of fair visibility from the

tables above could only be correctly forecasted at Ohr lead time.
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4.3.2.3 Contingency tables analysis for 1800Z-2400Z

Table 10: Ohr lead time

OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 0 0 0 0
FAIR 0 7 0 7
FORECAST | CLEAR 1 7 350 358
TOTAL 1 14 350 365
Table 11: 6hr lead time
OBSERVED
POOR | FAIR | CLEAR | TOTAL
POOR 0 0 0 0
FAIR 0 0 0 0
FORECAST | CLEAR 1 14 350 365
TOTAL 1 14 350 365

From the above contingency tables the occurrence of poor visibility is very low thus
increasing the number of correct forecast due to high frequency of clear weather which is much
easier to forecast through persistency. The percentage correct for each table is given in the table

below
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Table 12: Percentage correct for 06-12Z, 12-18Z, and 18-24Z forecasts

Time Ohr lead time 6hr lead time
0600-1200 0.9863 0.9753
1200-1800 0.9781 0.9562
1800-2400 0.9781 0.9587

Although the score are higher both for zero hour and six hour lead time, zero hour lead
time shows a higher percentage correct as compared to the six hour lead time. This is due to the
fact that there were more correct forecasts for 0 hr lead time than for 6 hr lead time.

4.3.2.4 Generalized contingency table analysis

Table 13: 0 hr lead time

OBSERVED
POOR | FAIR | CLEAR TOTAL
POOR 12 3 2 17
FAIR 4 32 7 43
FORECAST | CLEAR 6 37 1357 1400
TOTAL 22 72 1366 1460
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Table 14: 6 hr lead time

OBSERVED
POOR FAIR | CLEAR | TOTAL
POOR 1 1 3 5
FAIR 1 13 22 36
FORECAST | CLEAR 20 58 1341 1419
TOTAL 22 72 1366 1460

the same at 6 hr lead time. The instances of poor visibility were in most instances correctly
forecasted at O hr lead time than at 6 hr lead time. From the generalized contingency tables the
following skill score were calculated and represented in the graph and table below.

Table 15: Skill scores from generalized contingency table

Ohr Lead time

6hr lead time

P.C 0.9596 0.9281
FAR 0.2941 0.80
HSS 0.60 0.20
HK 0.54 0.04

lead time. The Ohr lead time shows a low FAR as compared to the 6hr lead time which high.

There were more correct forecasts at O hr lead time than at 6 hr lead time hence the higher score

for P.C, HSS and HK and lower scores for FAR.
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Figure 8: General forecasting skill scores

From the graph above the skill scores like P.C, HSS, HK, PA, POD and CSI related to O
hr lead time are higher as compared to the same for 6 hr lead time. The FAR at 0 hr lead time is
lower as compared to that for 6 hr lead time. The scores related to instances of poor visibility are
lower as opposed to those with clear visibility; this is an indication that the forecasters are
challenged when it comes to forecasting visibility interference as opposed to forecasting clear
visibility instances. It is easier to forecast clear visibility through persistence evidenced by high
scores for clear visibility forecasts. The number of correct forecasts at 0 hr lead time is higher as

compared to the same at 6 hr lead time.
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CHAPTER FIVE

5.0 SUMMARY, CONCLUSIONS AND RECOMMENDATIONS

This chapter presents the study summary, main conclusions and recommendations for
further study have also been suggested.

5.1 Summary of the study
The main objective of this study was to verify the visibility forecasts generated at Jomo

Kenyatta International Airport, so as to ascertain accuracy and forecasting skill. The data for the
study was obtained from METARs and TAFs generated at Jomo Kenyatta International Airport
for a period running from April 2012 till March 2013. Visibility was categorized into three
ranges poor, fair and clear visibility ranges. The forecast and observed values were compared to
determine the accuracy by using scatter plot and the root mean square error method for Ohr and
6hr lead times. Visibility forecasts were checked alongside visibility observations considering
Ohr and 6hr lead times. A 3-category contingency table was developed for each lead time and
analyzed for skill scores. Both the accuracy and skill for visibility forecast was found to be high

for Ohr lead time as opposed to 6hr lead time.

5.2 Conclusions of the study
The visibility forecast contained in the TAF contains a range of forecast rather than a

single state. This is specifically achieved by use of change groups like TEMPO, BECMG and
PROB. These change groups are not considered while carrying out verification in this study. To
determine the accuracy for Ohr and 6hr lead times, METAR s corresponding to the forecast
period were checked alongside the forecast for visibility and root mean square error determined
for forecast coinciding with observed values which could be determined. Visibility was divided
into three threshold ranges i.e. poor, fair and clear and a 3-category contingency table general
from which the skill scores were calculated. From analysis both accuracy and skill scores were
higher when the Ohr lead time was considered, but with 6hr lead time the accuracy and skill had
dropped drastically. From the analysis the visibility forecast should be utilized immediately after
their production and amendments and updates to the forecast should be considered with utmost

urgency for flight operations. The ICAO requires that each TAF should be updated after every
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six hours for 24hr and 30hr TAFs and amendments issued promptly whenever need arises, this

need is evidenced from the results since the accuracy and skill drastically falls after six hours.

5.3 Recommendations
TAF provides forecast for wind speed and direction visibility, weather and ceiling

conditions. Apart from fog, precipitation, smoke and sand dust, ceiling can significantly affect
the visibility especially when vertical visibility is considered. This study concentrated only on
verification of visibility forecast however all the parameters covered in the TAF should be
verified separately to determine accuracy and skill of the forecast. Verification of the Take-off
and landing forecasts is recommended to establish the accuracy and skill for each forecast since
this will go a long way in judgmental decision making in the aviation operations.

The accuracy and skill at Ohr lead time is very high thus recommended for use in flight
planning, but it drastically falls for the six hour lead time. To address the drop the management
should consider improvement of the equipment for observing and forecasting visibility at the
airport since it was noted that the RVR boards are not functional at Jomo Kenyatta international
airport and the radar is also not in use. The forecasters should be considered for training in long

range poor visibility forecasting so as to improve the accuracy and skill for 6hr lead time.

The verification results should be presented to customers and feedback obtained from the

customers. This will assist in determine the value of aviation weather forecasts to the customers.
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