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1.
Introduction

Regular hexagons have three planes whereas squares have two.  The neighbours of regular hexagons are equidistant and all adjoining hexagons are neighbours.  For squares some decision about neighbourhood must be made concerning the squares adjoining at corners.  If they are part of the immediate neighbourhood of a square then they are not equidistant to other neighbours.

Supposing we are iteratively attempting to populate a space with values where there are some cells with values and some cells with nodata values.  What is wanted is to replace cell values with sums of neighbours nodata values with values of neighbours  fill spacetryinThe hierarchy of hexagons at different scales 

At a resolution of 20m in general there are more cells that contain road lines in the Ordnance Survey Meridian road (OSROAD) data that also have counts of personal injury road accidents (PIRA) in the Stats 19 data for the period 1992 to 2001, than there are cells that do not contain OSROAD but have counts of PIRA in the Stats 19 data for the period 1992 to 2001.  As resolution increases there becomes a greater chance that cells may contain counts of PIRA from Stats 19 and not contain road lines from OSROAD data.

It is strange for PIRA to be recorded far away from where there is OSROAD data, however this may reasonably occur.  Neither the Stats 19 PIRA data nor the OSROAD data is perfect.  PIRA data may be imprecise or poorly recorded in Stats 19 and the OSROAD data is generalised and updated ad hoc.  There are various forms of data pre-processing that can be useful for preparing and exploring data so that further processing generates more interesting results.  For example, one can make a cleaner version of PIRA data surfaces by ignoring Stats 19 records for PIRA that do not fall within a certain distance of a road line in the OSROAD data.  As well as this the density surfaces can be smoothed so that although the analysis can be undertaken at a high level of resolution, the results are less sensitive to the initial rasterisation.  These forms of pre-processing are relevant, but the focus of this paper is slightly different.  
One way to compare surfaces of Stats 19 PIRA for different time periods, and compare these with road density or junction density surfaces at a high resolution is to use special sorts of Geographically Weighted Statistics (GWS).  The focus of this paper is on different treatments of cells in the generation of various GWS.  If a cell has zero road density and zero PIRA density at the initial grid resolution, then should it be treated differently than a cell which has non-zero road density but zero PIRA density?

The two sets of analysis that I am doing for my PhD are based on:

1. Estimating PIRA densities using auxiliary geographical information; and,

2. Comparing PIRA densities over time.  

Both sets of analysis are based on the use of GWS.  These statistics are neither whole map statistics nor are they calculated on a discrete cell by cell basis.  They are statistics which are generated for regions but at the resolution of the initial data.  GWS tend to use a kernel for weighting purposes so that more account is taken of nearby cell values in the generation of the statistics.
One of the potentially important influences on GWS are cells which contain no value.  The two main ways of treating these cells are to either treat them as zero or treat them as if they were not there (a value which is not counted, or one which is counted to no effect).  Values treated to no effect are referred to here as nodata values. For example consider the following questions and answers:

1. What is the average of the two numbers 10 and 0, and what is the average of 10 and nodata?

· The answers are 5 and 10, or 5 and nodata respectively.
2. What is the sum of the two numbers 10 and 0, and what is the sum of 10 and nodata? 

· The answers are 10 and 10, or 10 and nodata respectively.

This paper illustrates the effects of three different treatments of zero valued cells on GWS of surfaces of PIRA and road density.  Section 2 specifies the aim.  Section 3 describes GWS.  Section 4 presents and discusses outputs.  Section 5 concludes and suggests further research.
2.
Aim

Explore GWS of Stats 19 PIRA and OSROAD density surfaces.  In particular, compare the following different three treatments of cells:

1. All cells with zero density are treated as zero;

2. All cells with zero density are treated as nodata;

3. For a PIRA density surface, all cells with zero density are treated as nodata except those for which PIRA density for all accidents from 1992 to 2001 is greater than zero [or OSROAD density is greater than zero (in which case cells are treated as zero)]. And, for the OSROAD density surface, all cells with zero density are treated as nodata except those for which PIRA density for all accidents from 1992 to 2001 is greater than zero (in which case cells are treated as zero).
NB. There are two options for treatment 3; one with the restriction in [], and one without.

3.
Method
As mentioned in the introduction, GWS do not produce single values for the entire map (whole map statistics).  They are also not produced using values at individual cell locations.  GWS outputs are partitioned as the input data, in other words, they are surfaces at the same level of resolution.  GWS are calculated for localised geographical regions and in this study, these regions are given in terms of cell distances or map units and are approximately circular.  Distance weighting is done using a kernel, such that, nearby cells are taken into account more than those further away.  This paper is not concerned with the effects of the kernel size and shape.  For all the results displayed in Section 3, a kernel with a bandwidth (B) of 20 cell widths is used with a central weight (CW) of 1 and a weight factor (WF) of 1.  For each cell the weight is given by the Equation 3.1 below.  Distance is the measure from a point to the kernel centre.  For CW = 1, MW = 1 and WF = 1 Equation 3.1 can be simplified as Equation 3.2.  Figure 3.1 shows half the cross-sectional profiles of different kernels for different weight factors for a bandwidth of 20.  There are many other different forms of kernel that can be used, but as mentioned previously, the shape of the kernel used is not an important concern in this paper.  

Equation 3.1
Weight = ( ( 1 – ( D 2 / B 2 ) ) WF ) * MW
Equation 3.1
Weight = ( 1 – ( D 2 / B 2 )
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There are various ways of calculating univariate and bivariate GWS.  As more variables are involved and as the complexity of the statistic increases then there are more options.  Additionally, if some cells in the region for which a statistic is being calculated are nodata then there is additional complication.  If different variables have different nodata mappings then multivariate GWS can be very difficult, and the bias caused by nodata distributions cannot be entirely removed.

The following types of univariate GWS are shown in Section 4:

· Sum, mean, standard deviation, density, z-score

The following types of bivariate GWS are shown in Section 4:

· Difference of univariate GWS, difference, z-score difference, correlation 

Insert details of how these are calculated?
There are no available GWS tools for which the internal workings can be closely examined to interpret how nodata is handled in the statistical calculations.  For this and other reasons an Exploratory Grid-based GWS-tool (EGG) was developed for generating GWS from 2D square celled grid data.
4.
Results

In this section a large number of maps are presented.  The main thrust of comparing these is not to make inferences concerning the nature of PIRA patterns, but to examine the effects of different nodata space on the GWS produced.  These effects will be used to consider what (if any) particular treatment of zero density cells is most appropriate.  In all the GWS there are edge effects.  In some images this is more obvious than others

Figure 4.1.1 shows PIRA count/density for 2001 in three different ways.  In all three images white represents nodata.  Figure 4.1.1a is predominantly nodata with non-nodata cells showing accident counts.  Figure 4.1.1b is predominantly made up of zero values with non-zero cells shown in darker shades.  In Figure 4.1.1c cells where there has been not been an accident previously and where there the cell does not intersect a road line from the OSROAD data - the value is nodata, otherwise the value is road accident count (zero permitted).

Figures 4.1.2 to 4.1.6 show the sum, mean, standard deviation, density and z-score univariate GWS respectively.  These are ordered as Figure 4.1.1.  All the images in Figure 4.1.2, the sum GWS, have a similar pattern.  For the means shown in Figure 4.1.3, images b and c are similar, but as should be expected a is much different.  This has less of a knock on effect as might be expected for the standard deviation shown in Figure 4.1.4 where all three images are again very similar.  As with sum and standard deviation, density shown in Figure 4.1.5 is also similar in all three images.  In Figure 4.1.6 image a, the z-score does appear to have been effected by the mean value somewhat.  Images b and c are more similar but there are some interesting differences.

Figures 4.2.1 to 4.2.6 are for 2000 data and are organised as Figures 4.1.1 to 4.1.6.  There are some interesting differences generally.  The most stark differences in the patterns are between the mean and z-score images.

Figures 4.3.1 to 4.3.5 show the differences between the respective univariate GWS from 2001 and 2000.  Figure 4.3.1 shows the differences in the sums.  Red areas show where there were more PIRA in 2001 than in 2000, green areas show where there were less PIRA in 2001 than in 2000.  Only a well trained geographical eye would discern this pattern by comparing Figure 4.1.2 and Figure 4.2.2.  The patterns in images b and c of Figure 4.3.2 (the differences in the means) are very similar, image a is in places similar, but as might be expected, highlights areas with small numbers of cells with PIRA in either time period.  All the images of the difference in standard deviations and densities, shown in Figures 4.3.3 and 4.3.4 respectively, have very similar patterns.  As might be expected from the means shown in Figure 4.3.2, the pattern of difference in the z-scores shown in Figure 4.3.5 for images b and c are similar and image a is somewhat different.

Figures 4.3.6 to 4.3.8 contain images of bivariate GWS.  These compare values of accident count/density shown in Figures 4.1.1 and 4.1.2 directly.  In order to make a reasonable comparison, a limit of cell pairs was set at 20.  This means that a GWS values were output for a cell if there were more than 20 cells within the kernel for which there were non-nodata cells for both 2000 and 2001 surfaces.  As can be seen in images a of Figures 4.3.6 to 4.3.8 there were only a small number of central locations which satisfied this criteria.  The pattern in images b and c of Figure 4.3.6 are both similar and indeed these patterns for a bivariate difference GWS are very similar to the differences in the univariate GWS shown in Figures 4.3.1 to 4.3.4.  As might be expected, the correlation between PIRA count surfaces is generally positive as shown in Figure 4.3.7, where the patterns between images b and c are broadly similar although there are some interesting differences.  The 2001 – 2000 bivariate z‑score differences are shown in Figure 4.3.8, where there is a stark difference between the images.  Image b is very noisy, and although hard to describe, there appears to be some patterning.  Is image c indicating where there are relatively large increases and decreases in the number of accidents?  Either way, image c is coherent and the reason why is almost certainly down to the treatment of nodata.
So far in the comparative analysis, the two variables being compared have very similar ranges.  In the next part of the analysis we consider comparing road density with accident density for one of the time periods.  In some way and at some scale, the density of roads is correlated with the density of accidents.  The extent to which the remaining figures show this is somewhat irrelevant.  Again what is being sought is some understanding of the GWS being used and the different treatments of zero density cells.

Figure 4.4.1 shows three different road density surfaces produced in a similar fashion to the surfaces shown in Figures 4.1.1 and 4.2.1.  One thing to not here is the similarity of images a and c.  This similarity is drawn out in the GWS shown in Figures 4.4.2 to 4.4.6.

Figure 4.5.1 shows the correlation GWS between PIRA count/density shown in Figure 4.1.1 and road density as shown in Figure 4.4.1.  Again an arbitrary cut off of 20 pairs has been used as a filter.  Image a identifies regions where there is both lots of accidents and lots of road more than the values shown can be readily interpreted.  As yet no interpretation as to the difference in the pattern in images b and c is attempted.  Arguably what is more important here is that the correlations are somewhat in the reverse.  Figure 4.5.1 shows the differences in the z‑scores as shown in Figures 4.1.6 and 4.4.6.  As might be expected images b and c are quite similar, though it is difficult this time to interpret what the patterns and extreme values reveal compared with the similar GWS shown in Figure 4.3.5.  Figure 4.5.2 shows the z‑score difference like that shown in Figure 4.3.8.  Image b shows a large edge effect, also the intensity of the cells is higher in regions where there is more road as shown in Figure 4.4.1 and 4.4.2.  Image c is coherent but as yet, what the results are showing is difficult to decipher.
5.
Conclusion and recommendations for further work

There are considerable differences in GWS for different treatments of zero density cells in comparing road accident and road density (accident proxy) surfaces.

Work is needed on the effects of kernel size.

Work is needed on interpreting the GWS output.

