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INTRODUCTION
• Precipitation affect many sectors of the economy 

through its influence on rain fed agriculture, 
hydroelectric
power generation, irrigation, fisheries among 
others

• Currently, daily rainfall forecasts in Kenya are 
mainly based on surface and upper air pressure 
analysis forecasters then subjectively interpret the 
analyses.

• However,only spatial distribution of rainfall forecast 
is possible using this method. 

• In order to perform quantitative predictions, NWP 
models are utilized.

• There is need for verification



What is forecast verification?
• Forecast verification is the process of assessing 

the accuracy and skill of a forecasting system. 
The forecast is verified against a corresponding 
observation of what actually occurred.

• Verification gives an insight into weaknesses 
and strengths of forecasting systems, thus 
allowing a more complete use of the information 
contained in the forecasts (Anna Ghelli and 
Francois, 2001).

• The three most important reasons to verify 
forecasts are:



WHY VERIFY?

• To monitor forecast quality - how accurate are 
the forecasts and are they improving
over time?

• To improve forecast quality - the first step toward 
getting better is discovering what
you're doing wrong.

• To compare the quality of different forecast 
systems i.e. to what extent does one system give 
better forecasts than another



OBJECTIVES OF THE STUDY

• The main objective of the study is to perform a 
comparative verification of skills of three NWP at 
predicting precipitation.

• These models are: UKMO (Unified model), 
NCEP(GFS), NCMRWF

• Specific objectives:
• Assessing the skill of the models using various 

skill scores
• Comparing the accuracy and skills of the various 

forecasting models



JUSTIFICATION OF THE STUDY

• Various NWP models are used at KMD
• However, comparative verification studies 

have not been carried out to determine the 
skill of these forecast models. 

• This study seeks to fill this gap in 
knowledge. This will be helpful in 
identifying the models which simulate 
rainfall more skillfully over the country.



BACKGROUND OF 
VERIFICATION METHODS

• Visual -look at the forecast and 
observations side by side and use human 
judgment to discern the forecast errors.

• However, the visual method is not 
quantitative, and it is very prone to 
individual, subjective biases of 
interpretation

• good if only a few forecasts are being 
considered.



• Stanski et al. (1989), Harolds (1996), 
Jerome (2003) have described some of 
the standard verification methods and 
scores in use. These include scores 
derived from contingency tables for 
dichotomous forecasts.

• A dichotomous forecast says, “Yes”, an 
event will happen, or “no”, the event will 
not happen. Rain is a common example of 
yes/no forecasts.

• A threshold is usually specified to
• separate "yes" and "no", for example, 

rainfall greater than one millimeter.



Observed

yes No Total

Forecast Yes Hits (H) FalseAlarms(F
A)

Forecast Yes

No Misses(M) Correct 
negatives(CN)

Forecast No

Total Observed Yes Observed No Total(T)

Two way contingency table

•A perfect forecast system would produce only hits and correct   
negatives, and no misses or false alarms.



DATA AND METHODOLOGY
• Rainfall observations for twenty two stations for a period 

of one year were collected from November 2004-October 
2005.

• One year’s output from November 2004-October 2005 
for the UKMO model, Nine months daily output from the 
NCMRWF model (Jan2005-September 2005) and six 
months from the
NCEP model (March2005-September 2005).

• The NCMRWF model’s horizontal resolution was 1.4° x 
1.4°, UKMO model’s resolution was 0.5° x 0.8° and 
NCEP model’s resolution was 1° x 1° .



Stations and Gridpoint positions 
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FORMULATION OF A SCORING METHODOLOGY
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• BIAS SCORE =   (H+FA)/(H+M)

The bias score is a measure of the relative frequency 
of rain forecasts compared with observations.

• PROBABILITY OF DETECTION

Probability detection = MH
HPOD
+

=

It gives a simple measure of proportion of rain 
events successfully forecast by the model.



• FALSE ALARM RATIO

FAH
FAFAR
+

=

It gives a simple proportional measure of the model’s tendency to 
forecast rain where none was observed.
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• HANSEN-KUIPERS SCORE (HK)

Thus HK= accuracy for events (POD) +accuracy for nonevents

The HK score gives equal emphasis to the ability of 
the forecast model to correctly predict
events and non events.

The bias score, false alarm ratio, probability of detection, Hansen-Kuipers
score (HK) will be developed for different thresholds of rainfall (i.e. 0.1, 0.2, 
0.5, 1, 2, 5, 10, 15, 20, 25 mm/day). 



Bias score POD FAR HK

Range 0-∞ 0-1 0-1 -1 to 1

Perfect 
score

1 1 0 1



RESULTS AND DISCUSSION

ROOT MEAN SQUARE ERROR RESULTS

Monthly RMSE averaged over Kenya 
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• show significant monthly variations of root 
mean square error values of rainfall in 
millimeters per day 

• error is largest during the rainy season of 
March-May 

• The error is relatively low for the drier 
months 

• NCMRWF model has slightly lower RMSE 
than the other two models 



The results indicate that the bias is  above one at low thresholds and  below one 
at higher thresholds.  This means that the models overestimate the frequency of 
rainfall for light rainfall while underestimating the same for heavy rainfall. On 
average UKMO model had the greatest bias compared with the other two 
models.

BIAS SCORE RESULTS

Space and time average values of bias score over Kenya  as a 
function of rain threshold
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PROBABILITY OF DETECTION

POD values were very high especially for the UKMO model for rainfall up to 
about a threshold of 5mm.  This model detects more than 80% of rain 
occurrences at a threshold of 2mm/day. Thereafter the POD values drop 
rapidly as a function of threshold. This means that it is much more difficult 
for the models to detect heavy rainfall than light rainfall. Averaged over all 
the stations, the UKMO model could detect rainfall better than the other two 
models followed by NCEP model. 

Time and space average values of POD over Kenya as a function 
of rain threshold
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Monthly values of POD

Monthly average POD values over Kenya
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FALSE ALARM RATIO

• The false alarm ratios are lower for low thresholds of rainfall and increases 
with threshold. 

• This probably means that if a model predicts heavy rainfall it is much more 
likely to be a false alarm than if it predicted light rainfall.

• False alarm ratios for the NCMRWF model were slightly lower than the 
other models

Time and space average values of FAR over Kenya as a function of rain 
threshold 
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Monthly average FAR

Monthly average FAR values over Kenya
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HANSEN- KUIPERS SCORE
• On this score UKMO and NCMRWF models show greater skill in forecasting 

rainfall than the NCEP model over most parts of the country.

Time and space average values of HK score over Kenya  as a function of 
rain threshold
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SUMMARY AND CONCLUSIONS
• The results showed significant monthly variations of RMSE. For all 

the models the RMSE was largest during the rainy season of MAM. 
However the RMSE was found to be low for the drier months. The 
RMSE was particularly high on occasions of heavy precipitation 
which all the models failed to simulate 

• The models overestimate the frequency of rainfall for light rainfall 
while underestimating the same for heavy rainfall.

• The probabilities of detection values were found to be very high
especially for the UKMO model 

• This model detected more than 80% of rain occurrences 
at a threshold of 2mm/day. Thereafter the Probability of 
detection values dropped rapidly as a function of 
threshold. A probable conclusion here is that it is much 
more difficult for the models to detect heavy rainfall than 
light rainfall.  NCEP model generally had the lowest POD 
values.



• Model skill as measured by Hansen-Kuipers(HK) score indicated that 
UKMO and NCMRWF models had greater skill in forecasting rainfall than 
the NCEP model over most parts of the country 

• On the overall, no single model was better than the others in all aspects of 
accuracy and skill. The UKMO tended to have higher values of bias than the 
other models. It also overestimated amounts of rainfall. However it was able to 
detect presence of rainfall better than the other models and its Hansen-Kuipers
score was higher. On the other hand NCMRWF model tended to have lower 
values of bias. Its false alarm ratio scores were also lower.  Its Hansen -Kuipers
values were also higher than the other models especially over western Kenya. 
On the whole NCEP model seemed to perform poorly in most of the skill scores 
than the other two models.



SUGGESTIONS FOR FURTHER WORK

• In order to produce better inter-comparison, it may be necessary to 
transform the gridded rainfall to a standard grid size, i.e 1°latitude-
longitude. Observations of rainfall may also need to be analyzed and 
put on a similar grid. 

• Efforts should also be made to acquire precipitation products from 
other global operational models such as ECMWF and Meteo-France 
models.  The study should also be expanded to cover a larger region 
i.e. the whole of East Africa where these models are used to forecast 
daily rainfall.

• A longer period of study is necessary in order to be able to generalize the 
results. Collaboration efforts between the modeling centers and the 
Department should be sort in order to make it easier for acquisition of model 
output data for verification purposes. 

• Other measures of skill should also be incorporated in the study in order to 
make the investigation as broad and exhaustive as possible. These are; threat 
score, equitable threat score, probability of false detection and Heidke skill 
score. Verification of other weather parameters such as wind speed and 
direction, humidity and temperature should also be done in order to get an 
overall picture of the performance of the models
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• THANK YOU
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