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best matching node is then modified so as to reduce the difference between input vectors 

and the learning rate. A second, longer training, with a smaller radius and slower learning 

rate fine tunes the distribution of the patterns. Patterns that are similar to one another are 

close together and patterns that are most different will be placed on opposite sides of the 

SOM space.  

 

The data is arranged in n-dimensional data space, where n is the number of inputs. A 

Sammon map (figure 2.2) is generated, showing a 2D approximation of the relative 

Euclidean distances between nodes in the data space. A reasonable Sammon map has a 

relatively uniform distribution such as in figure 2.2, with all nodes almost equidistant from 

one another. Unsuitable trainings will have folds in the Sammon maps which would indicate 

that the same area of data space has been oversampled, leading to too much influence 

given to a small set of nodes in a certain area and neglect of other areas. 

 

 

Figure 2.2: Example of a 7x5 SOMs Sammon map with well spaced nodes 

 

Each data entry (in this case a daily average) is assigned to the node that most accurately 

matches that entry or has the closest reference vectors. The relative frequency (i.e. how 

many dates were assigned to a node) will show which synoptic states are most common. All 

frequencies are expressed as percentages of the total data file so that data files of different 

sizes can be compared. Another valuable statistic produced by the SOM is the error (i.e. 

how closely the node represents each date mapping to that node on average), which is the 
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Euclidean distance of each data entry from the reference vectors of the node it is assigned 

to. Both the frequency and error values will be used in Chapter 3 to determine biases.  

 

Using the node assignment for each date, other variables that were not inputs to the SOM 

can be analysed. The node assignment for each time step is taken for a new variable and 

new nodes are generated by averaging all the dates that are assigned to a particular node 

for this new variable. For example, a mean temperature map can be generated for each 

node by averaging temperature for all the dates that map to that node. The same technique 

can be used for any other variable. The results of the diagnostic approach to determine 

model bias will be further scrutinised in Chapter Three.  

 

2.3.2 Applying GCM data to the SOM 

The GCM control and future data for the same fields are then run through the master SOM 

structure. The SOM field is still based on the observed values of NCEP, the model merely 

maps its own data entries to the node which most closely represents that date. From the 

basic statistics of error and frequency, one can compare the differences between the NCEP 

‘observed reality’ and the models simulation of current (control) and future climate. Deviation 

in frequency will indicate what the model is failing to capture or its ‘bias’. A mindmap of the 

data processing is shown in figure 2.3 below.  

 

NCEP data: 

standardised uwnd, 

vwnd, shum

Master SOM
Circulation fields

GCM data: 

standardised

uwnd, vwnd, shum

Freq/error/mean fields: NCEP and GCM

Weighting/bias: GCMUnstandardised

temp and precip

Bias corrected map mean

and multi model map mean 

of temp and precip for 

control and future

Variable bias

per node

Bias corrected 

climate change 

projection

 

Figure 2.3: Mind map of data processing to weight model outputs 

 

The frequency difference between the GCM control run and the NCEP data is calculated for 

each node. This statistic can be used to weight the models on the premise that those 
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models with greater similarity in frequency to the observations are most accurate and that 

they should be weighted higher than those models with less similarity. Each node map, 

which represents a synoptic state, is then weighted according to its accuracy in representing 

the correct frequency of that state.  

 

The same technique is then applied to the future data, using the same weight (model control 

– NCEP difference over 100). The benefit of using the control weight is that it keeps the 

climate change signal (difference between control and future) undisturbed while correcting 

for the frequency bias inherent in the control. The weighting function is described in more 

detail in section 2.4.  

 

2.4 MULTI-MODEL SOLUTIONS 

The weighting of models requires the user to understand the data that is being weighted, in 

order for the accurate determination of the corrections needed. In Chapter 3, the basic 

statistics of error and frequency and the sequencing of synoptic states helps to determine 

how the observed and modelled systems differ from one another. In Chapter 4, the internal 

dynamics within the node are examined to determine the magnitude and position of the 

corrections that need to be made. This provides the context for the correction techniques 

demonstrated in Chapters 5 and 6.  

 

In Chapter 5.1, a first order frequency correction is demonstrated for individual models. A 

summated mean of each node is produced by taking the observed frequency of NCEP for 

each node and multiplying this by the mean node value for each model. This simple 

technique allows for the exploration of how the model means behave given an observed 

frequency and helps to establish how large an impact frequency differences have on the 

weighting. 

 

2.4.1 Creating model weights 

The second attempt at weighting uses the difference between observed and model 

frequency as a metric of accuracy. The rationale is that if the models are simply depicting 

patterns at the wrong frequency (e.g. model has too many cold fronts) then the adjusted 

control projection should match the observed patterns. For each model, the frequency 

anomaly between the GCM’s control frequency (Cf) and NCEP’s frequency (Nf) is made 

into an absolute value and divided by 100 (to insure that the number is smaller than 1), 

thereby creating a weight (W) for each node (i) with a value between 0 and 1, shown in 

Equation 1. If using a SOM of a very large number of nodes (not recommended as it would 

be difficult to interpret synoptic characterisation) the denominator might need to be 

increased. 
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 (E.1) 
100

||
1

NfiCfi
Wi

−
−=  per model, per node 

 

This is done to eliminate problems with multiplying and dividing by negative weights and 

allows for the summation of weight totals. Each model will have a different node weight and 

these can be compared to see which dynamics are well resolved in different models and if 

there are certain dynamics that are universally well/poorly represented. 

 

In Chapter 5.2, weighting is done on an aggregated level, therefore each of the node 

frequency anomalies are summated first and then differenced from 1 to determine a single 

weight (Wm) for the whole model, shown in Equation 2. This technique should help identify 

overall stronger or weaker models.  
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Each grid cell of the average mean GCM control data for a variable is then multiplied by the 

model weight. The summation of the models is divided by the summated weights to 

produces a single map average, shown in Equation 3. The same can be done for the future 

average (Pave). In this work the variables used are temperature and precipitation. 
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To further correct for the systematic bias, in addition to the frequency bias, the difference 

between future and control map averages for each model are weighted using the model 

weight (Wm). These are then summated for all three models and divided by the summated 

model weights. This produces a weighted climate change anomaly (correcting for frequency 

bias) and is added to the NCEP baseline (thereby correcting for systematic bias) as 

illustrated in Equation 4. 
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2.4.2 Weighting individual synoptic states  

In Chapter 6, similar equations are used to produce node specific multi-model solutions. The 

benefit of this is that the performance of each node is determined and the strongest model 

for that synoptic pattern is used instead of assuming that the model has equal skill for all 
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processes as in above. Node specific weights from Equation 5 are used to weight node 

average fields for each model. The weight is expressed as a proportion of the summated 

weights from all models thereby making a new weight (Wi’) which conveys the amount of 

“correctness” contributed by that model.  

 (E.5)  
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Once all model node averages are weighted the three models are summated for each node 

and divided by the summated model weights for that node. The weighted multi-model 

solution (MultiM) is shown in Equation 6. 
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Finally, to create a future weighted node specific multi-model solution (Mfutr), the difference 

between future and control node averages for each model are weighted using the node 

specific model weight (Wi) and divided by the summated weights for the three model for that 

node. The NCEP mean for that node (Ni) is added to the weighted climate change anomaly 

to produce a node specific weighted future projection, as shown in Equation 7.  
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In comparing the average mean with the multi-model mean, an improvement in the skill of 

the mode is shown in section 6.2. The temperature range is reduced slightly and the 

positioning of the warming is better understood. Comparison by node shows a great deal of 

variation even with the weighting of nodes within each model. The use of the NCEP 

baseline to correct for error is one approach, which assumes that models biases have the 

same magnitude and spatial location under future conditions (i.e. stationarity). However, it is 

defensible to work on this assumption given the absence of knowledge of how these 

relationships might change. These outputs will be fully discussed in Chapter 5 and Chapter 

6, regarding future corrected projections. 
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CHAPTER THREE 

Bias Identification 

 

In this chapter the results of the SOM technique’s characterisation of the data are explored. 

The large scale characterization sets the scene for the rest of the analysis. To determine 

which models are performing well and for which processes, we compare the model control 

(current climate) values to the observed values for each node. Bias is the quantification of 

how closely the model matches the observed data and can be measured in different ways. 

The first order model biases in this analysis are determined in terms of: 

• the average error (how alike each daily entry is to the node) for each synoptic state;  

• the frequency at which each model simulates certain synoptic states; 

• the rate and direction of transitions between states (i.e. the evolution of synoptic 

systems). 

 

Each of these metrics is used to evaluate the SOM and determine the bias each model has 

for each process in terms of whether the processes in the model are similar to the 

observations, how often the model depicts a process, and the rate and direction of transitions 

between states. This allows for the identification of the processes that are simulated well by 

the models and those features which are not well represented. All three metrics could 

potentially be used to create a weighting function. However, the frequency bias has much 

greater variability than the other two metrics and becomes the focus of the weighting function 

in subsequent chapters. These components form a discussion on the diagnostic components 

of the experiment.   

 

Each master SOMs is generated from NCEP data in the process described in Chapter 2, 

using the full annual data set to produce an annual training that will be discussed first (to 

provide an overall context) and monthly subsets for January, April, July and October 

representing the four seasons (to provide greater intra-annual detail).   

 

3.1 SOUTHERN AFRICAN CIRCULATION DYNAMICS  

To provide some context for the analysis, the baseline climate of the region is described 

briefly in this section. Southern African climate is driven by a few large scale features that are 

present in all months but have different influences and predominance in each season. The 

subtropical anticyclones (high pressure cells) are always dominant features. The two 

dominant cells are named after the oceans they are located over: the South Atlantic High 

Pressure (SAHP) and South Indian High Pressure (SIHP). These high pressure cells move 

northwards in winter in response to the seasonal shift in maximum sunlight which moves the 

inter tropical convergence zone north and all associated large scale features with it. When 
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anticyclones ridge in over the continent from the Atlantic Ocean, it results in stable conditions 

as the high pressure hinder uplift and convection. The increased intensity of these features in 

winter explains why most of Southern Africa experiences little winter rainfall.  

 

The exception to this is the Cape south coast which has winter rains associated with the cold 

sector of frontal systems that are attached to the westerly wave. In the winter the subtropical 

anticyclones move further north allowing for the westerly wave to shift north too and results in 

the frontal systems moving over the southern coast. The pressure gradients are much 

stronger in the winter, which has steeper gradients than in any other month in the analysis. 

As winds are driven by strong pressure gradients, this also explains the gale strength winds 

common to the Cape in winter.  Cut-off lows result in intense precipitation events over the 

southern coast and are experienced a few times a year, often resulting in much flooding and 

damage. 

 

Summer dynamics are more commonly driven by tropical troughs extending down from the 

tropics and bringing moist air further south. These troughs are at times connected to the 

westerly wave to form squall lines that bring intense precipitation. Due to the summer heat 

over the continent, heat lows are easy to form, which result in much thunderstorm activity 

over the eastern highlands. All of these features result in heavy summer rains over the 

eastern half of the continent. The subtropical highs are less dominant and weaker in summer 

and are also further south, blocking most westerly wave fronts and resulting in a dry south 

coast.      

 

In both spring and autumn the subtropical anticyclones are dominant, bringing stable 

conditions to most of the southern continent. Weak troughs form over the continent in both 

seasons, sometimes linked to the westerly wave. These features extend from the tropics and 

are fuelled by the moist air originating there.     

 

3.1.1 Circulation characterization by NCEP 

All SOM trainings in this experiment used normalised NCEP data to derive 15 synoptic 

archetypes (5 in the x-axis and 3 in the y-axis). The numbering of the nodes is shown in 

figure 3.1 and this numbering will be used throughout the analysis. The input data, as 

described in Chapter 2, comprises of lower troposphere winds at the surface and 700 hPa 

and specific humidity at 700 hPa, to describe large-scale tropospheric circulation dynamics. 

The reason for choosing fields depicting large scale feature is that the GCMs tend to be most 

skilful at this scale (Randall et al., 2007).  
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Figure 3.1: Layout reference guide for 15 node SOM, nodes depicting annual SOM sea level pressure from NCEP 

(1979-2000). 

 

The trained annual SOM has a range of synoptic states, from states with a strong westerly jet 

to states with dominant ridging high pressure cells over the continent. Figure 3.2 provides a 

rough guide to the dominant circulation types in the SOM, using the terminology from Tyson 

and Preston-Whyte (2000). The classification was based on the large scale synoptics of 

average sea level pressure fields (which was not a direct input in the SOM training but an 

average derived for each node based upon the average of the data entries mapping to that 

node), together with the wind fields which are further described in Chapter 4.  

 

The two outer columns of the annual SOM (figure 3.2) depict typically winter states, with 

strong anticyclones and in the bottom left and right corner cold front systems. The three 

middle columns depict typically summer states including ridging anticyclones, heat lows and 

troughs.    
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Localized heat low over interior 

with dominant  subtropical highs

Ridging 

Anticyclone

from Atlantic

Cold front 

Ridging 

Anticyclone
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Ridging anticyclone with interior heat low

Cold front Summer trough

 

Figure 3.2: SOM mean composite of NCEP (1979-2000) annual sea level pressure, describing the synoptic 

characteristics in colour textboxes  

 

In figure 3.3 the 700hPa winds are displayed as vector arrows and the colour of the arrows 

indicates the 700hPa winds multiplied by specific humidity to show moisture transport 

(red/orange for high moisture, purple/blue for low moisture). Tropical moisture sources play a 

dominant role in specific humidity characterization, as air from the south is generally cool and 

dry in comparison to more humid tropical air.  

 

 

Figure 3.3: NCEP input data for annual SOM training for 700hPa level winds depicted by vector direction and 

arrow length, moisture transport is represented by colour of the arrow (blue low moisture, red high moisture 

content) 
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To provide an understanding of the inter-annual variation in bias and to unpack the annual 

signals, monthly subsets from the annual data were trained into SOM distributions. Four 

months were chosen to depict each of the seasons: January (summer), April (autumn), July 

(winter) and October (spring). Each month was subsetted from the annual data to produce 

monthly data series for NCEP and each of the GCMs. Each NCEP monthly data series was 

then trained in a separate SOM to describe that months (season) dynamics. This provides a 

snapshot of the different mechanisms working at different times of the year, without having to 

make large datasets for each season which are then more difficult to get detailed information 

from, due to the effects of averaging. Below is a brief description of each month’s circulation 

dynamics in terms of the positioning of the monthly SOM distribution, to allow for easy 

referencing in following chapters. These descriptions will help to identify in future sections 

and chapters what circulation characteristics have biases that are persistent between all 

subsets and those that are specific to a certain process or time of the year. 

 

January: Figure 3.4 shows the observed SLP composites obtained from the SOM patterns. 

Most of the circulation patterns have strong anticyclones ridging in over the east (left side of 

SOM) or west (right side of SOM) coast, with tropical troughs extending down from the 

equator. On the right side there are tropical lows that are connected to the westerly wave. 

Figure 3.4 provides a visual orientation to the January circulation fields. 

 

Ridging 

anticyclone SAIP

Connected tropical low

Ridging anticyclone SAHP

and easterly low

Interior heat low

 

Figure 3.4: SOM composite of NCEP January (1979-2000) of sea level pressure, describing the synoptic 

characteristics in colour textboxes 

 

April: As seen in figure 3.5, ridging anticyclones dominate the left side of the SOM space with 

dominant South Indian High Pressures in the top row and strong and ridging South Atlantic 
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High Pressure cells in the bottom two rows. Weak trough features are on the right side of the 

SOM with the bottom right two nodes depicting the westerly wave connecting up with a weak 

interior trough.   

 

Strong anticyclone SIHP

Ridging anticyclone SAHP

Weak trough

Westerly wave connected 

to weak interior trough

Transition 

states

 

Figure 3.5: SOM composite of NCEP April (1979-2000) of sea level pressure, describing the synoptic 

characteristics in colour textboxes 

 

July: The dominant circulation types in July (figure 3.6) are strong ridging highs from the 

Atlantic Ocean (top two rows) and strong high pressure over the Indian Ocean (bottom row) 

on the left side of the SOM. In contrast, the strong westerly wave with associated frontal 

systems dominates the right side of the SOM.    
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