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Abstract 
This paper describes the application of a visualization and analysis software tool, 
TrajPlot. for analyzing and displaying trajectories travelled by parcels of air in 
the atmosphere. Presented is an introduction to, and a justification for, this type 
of analysis. We also describe the sources of error in trajectory analysis, give some 
examples and illustrate the use of a clustering tool which attempts to group 
trajectories which share common sources, pathways, or chemistries. 
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1 INTRODUCTION AND BACKGROUND 

The atmosphere transports substances about the Earth. The transport mechanisms 
are highly complicated. Atmosphere scientists are not only concerned about 
dynamics and circulation, but also about the physical and chemical interaction of 
substances in the atmosphere. These scientists study the atmosphere by making 
measurements of atmospheric circulation and chemistry using instrumented 
balloons, surface stations, airplanes and satellites. 
The study of the atmospheric pathways of chemicals has led to development of 
techniques for tracing the origin of air reaching a measurement location. A 
trajectory is an estimate of the pathway of an air parcel through the atmosphere 

Envirunmental Software Systems Vol.2 R. Denzer, D.A. Swayne & G. Schimak (Eds.) 
© IFIP 1997 Published by Chapman & Hall 



Hierarchical clustering algorithms for atmospheric back-trajectories 30 l 

made using observed winds. Winds are measured by the global meteorological 
network and routinely extrapolated to a 3-D grid. The gridded data include at 
each point and time: the direction of the wind, wind speed, temperature and 
pressure. (i.e. a measure of altitude). One of the questions often asked by 
atmospheric scientists is: "what are the most favored three dimensional pathways 
of air to a measurement site." Atmospheric chemists wish to know the origin of 
air pollution. Trajectory analysis and this associated software tool (TrajPlot) can 
be used to answer these questions. TrajPlot and clustering methodology are 
discussed in detail hy MacNeil (1996). 

2 TRAJECTORY CALCULATION AND USE 

The process of trajectory calculation is as follows: a point in the earth's 
atmosphere is chosen as a starting location at a given time. The wind speed and 
wind direction data for this point in space-time are found from the data source 
(usually a very large database of horizontal and vertical velocity components). 
The velocity vector for the hypothetical air parcel is calculated and the next 
position of the trajectory detennined by multiplying it by the time interval (A 
time). At this point. wind data is accessed again and the sequence of calculations 
repeated. 

The Atmospheric Environment Service (AES), Environment Canada, uses all 
the physical data of the atmosphere available to them from the global 
meteorological network of the World Meteorological Organization. A fluid 
dynamic model of the atmosphere is used to interpolate observations to a unifonn 
grid that spans the atmosphere. 
The trajectory can be a "back-trajectory", which means that we are following the 
air back in time. or a "forward-trajectory", which means that we follow the air 
forward in time. 

:1 CLUSTERING 

Given that there is considerable day-to-day variation in trajectories to a location 
it is desirable to simplify the results of analyzing many trajectories that impinge 
on a weather station. The basic idea of clustering is to organize a data set and 
thereby find something meaningful from the reduction of infonnation. For 
atmospheric trajectories. it yields the major pathways of air to or from a site. 
Also. if air pollution data collected at a site is clustered along with the 
trajectories. the most probable location of a pollution source can be found. What 
follows is a brief introduction to some clustering techniques and some 
applications with regard to trajectories and pollutant source detection. 

The clustering scheme applies a number of techniques. The clustering scheme 
is: choose your distance metric then choose your clustering technique then 
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evaluate the groupings by a metric and finally the human must evaluate the 
clusterings. Any one distance metric can be used to calculate distance between 
trajectories and trajectory clusters used in the clustering algorithm. Once the 
clustering algorithm has run, one can then use a test to indicate the optimal 
number of clusters to use. Once this has been done, human evaluation is 
necessary to analyze the results. 

3.1 MAHALANOBIS DISTANCE 

In order to provide some regularity in distance measure, we have adopted the 
Mahalanobis distance for computing the distance between trajectories. The 
Mahalanobis distance allows for inter-relatedness of variables (Van de Geer, 
1971 ). This measurement first involves calculating the variance-covariance 
matrix V of the data; where X is the set of vectors, x is the average vector and n 
is the number of vectors in the set X. 

v = ( X'.Yn)- .v·x (1) 

Then the Mahalanohis distance, between pairs of vectors is defined as follows: 

( ' )y, 
d,, = (x, - x,) v-•(x, - x,) (2) 

Note that if V = I (where I is the identity matrix) (read: the variables are not 
correlated at all) then this reduces to the Euclidean distance measure. The 
Mahalanobis distance transforms coordinates of vectors from one coordinate 
system to another by rotating the points along the axis of correlation and then 
transforms the bounding ellipse of the points into a bounding circle of unity. By 
nonnalizing horizontal and vertical coordinates the calculation of the distance is 
insensitive to units. 

3.2 HIERARCHICAL CLUSTERING 

Hierarchical clustering methods can be divided into two groups: agglomerative 
methods and divisive methods (Everitt, 1980). The divisive methods begin by 
putting all the vectors of information into one group and then subdividing this 
group into smaller and smaller groups. Agglomerative methods initially put all 
vectors of information into their own group of one. The agglomerative algorithm 
begins to combine the groups. The agglomerative method is used here since the 
divisive algorithm is computationally too expensive for practical application. 
There are many kinds of agglomerative methods: nearest neighbour (single link), 
furthest neighbour (complete linkage), centroid cluster, median cluster, group 
average and Ward's method. For each of these methods, a distance matrix needs 
to be calculated. What this involves is finding the Mahalanobis distance between 
every pair of vectors in the set. 
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All of the algorithms fuse two groups that have the closest distance. The 
difference between the algorithms is that they define the distance between the 
two groups differently. The Ward's method is used here. 

3.2.1 Ward's Method 
The Ward's method proposes that at any stage of an analysis the loss of 
infonnation which results from the grouping of individuals into clusters can be 
measured by the total sum of squared deviations of every point from the mean of 
the cluster (ESS) to which it belongs. At each step in the analysis, union of every 
possible pair of clusters is considered and the two clusters whose fusion results in 
the minimum increase in the ESS are combined. ESS is given as follows: 

ESS = "'[.x,' - Y.( "'[.x, ) ' (3) 

3.3 K-Means 

The K-Mcans algorithm is a widely used clustering algorithm (Everitt. 1980). K 
is the number of groups to be grouped. The 'Means' in K-Means represents the 
averages of the groups that are used to represent a whole group. The steps to the 
K-Mcans algorithm are as follows: 
l. Seed (initialize with random data or randomly chosen vectors) the K groups 

with the data that is to be used in the analysis. This seeding can be done 
with: another algorithm, simple random seeding, choose the K vectors that 
arc furthest apart or base the seeding on prior knowledge. 

2. Calculate the means of each group. The distance measure can be any 
measure one chooses. for example one can use Euclidean distance. 

3. Calculate the total error. The total error is the sum of all root-mean-square
deviations of the vectors from their means. 

4. Now check to see if there will be any improvement (reduction in the total 
error) by moving one vector from one group to another group. This can be 
checked with the following equation: 
R = n(l) x D(i,/)2 n(k) x D(i,k)' (4) 

n(/)+1 n(k)-I 

where R is the reduction in the total error, vector i is moving from group k to 
group l n(l) is the number of vectors in the group in which the vector 
currently resides. n(k) is the number of vectors in the group that the vector 
may be moved to. D(i. (k or 1)) is the distance between the vector and the 
mean of one of the groups. This equation tests whether there will be an 
increase or decrease in the total error when a vector is moved from one group 
to another. It estimates the difference in error before and after the move. If 
there is an improvement, move the vector. 

5. After movement of a vector. the group means must be recalculated, then go 
back to step four. If there is no longer any improvement by moving one 
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vector from one group to another group, (the R is greater than zero) then the 
K-Means analysis is done. 

3.4 Variable Ratio Criterion (VRC) 

The VRC is used as guidance in selecting the number of groups (k) in a cluster 
analysis. It is defined as follows (Calinski and Harabasz, 1974): 

trace%8) 
g-l 

VRC = trace(W) 
N-g 

(5) 

where g is the number of groups, N is the total number of vectors in the set, B is 
the between-groups sums of squares matrix and W is the within-groups sums of 
squares matrix. The VRC is summing the between group distances for the groups 
and summing the within group distances for the groups and then dividing the 
between distance by the within distance. Therefore, the higher the VRC, the 
better the grouping. 

The VRC has been used as an F-Test for data sets. The process involved in the 
VRC is to perfonn a run of many groups for the algorithm of choice. Next, the 
VRC for a particular grouping is calculated and the number of groups where VRC 
shows a local maximum is sought. One chooses the group number whose VRC 
value was the highest as a qualitative indication of best grouping. 

4 TRAJPLOT SOFI'W ARE 

A Windows based trajectory mapping and clustering software applying the above 
techniques has been developed (MacNeil, 1996). Using our Trajplot software, we 
are trying to define the major pathways of air into a site to detennine the 
usefulness of the various clustering strategies. We have been applying the 
software to datasets of trajectories. We first use a sorting analysis of most 
common pathways of air into the Canadian Baseline Observatory at Alert. This 
analysis is useful in interpreting measurements of greenhouse gases and arctic 
haze pollution. We have applied the sorting technique to five years of data at 
Alert. sorted into seasonal periods. Daily 5 day back-trajectories were used 
(generated by AES). 

The simplest description of long range transport pathways is with 3 groups, but 
the interpretation goal varies with choice of more groups. A larger number of 
trajectory groups would result in more coherent groups. We have considered 
pathways on a seasonal basis. Daily 5 day back-trajectories at the pressure level 
of 925mb (-150m altitude) and time of day OOGMT, were used (generated by 
AES Canada). The trajectories were split into the seasons: summer (June, July, 
August). fall (September, October, November), winter (December. January. 
February); spring (March, April, May). Groupings were done using a Ward's 
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hierarchical clustering technique followed by a K-Means clustering technique. 
MacNeil(l996) found this to be the most effective approach. The Ward's 
technique produced 19 groupings, of 2 through 20. These groups were used for 
the seeds for the K-Mcans clustering. The K-Means groups are examined. The 
results of the K-Means groupings were run through VRC, to determine the 
optimal number of groups to choose for analysis. It shows a ratio of the between 
groups to the within group distance. We examined the results from the VRC 
looking for local maxima (Figure 1). 
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Figure 1 VRC's for summer. winter, spring, fall for Alert, Canada at 925 hPa 
after clustered by the K-Means technique. 

3 groups were indicated for spring, fall and winter because of local maxima, and 
6 for summer. After looking at the groupings (human evaluation) trajectories of 
groupings 6 were looked at in more detail. Two figures for the summer grouping 
are given. The "a" figure is a map showing the horizontal projection of the 3-D 
trajectory path on the Earth's surface. The median trajectory for each group if 
plotted. The "b" figure shows the vertical motion of the median trajectory for 
each group. 

Table 1 Number of trajectories per group (percentage of trajectories in brackets) 
for six groups 

Group I Group 2 Group3 Group4 Group5 Group 6 

Summer 114 90 68 118 5 65 
(24.8%) (19.6%) (14.8%) (25.7%) (1.1%) (14%) 

Fall 2 36 71 12 122 114 
(21.8%) (7.9%) (15.6%) (2.6%) (26.9%) (25.2%) 

Winter 55 92 116 113 10 55 
(12.5%) (20.9%) (26.3%) (25.6%) (2.3%) (12.4%) 

Spring 149 98 81 15 48 8 
p7.3%~ ~24.6%} ~20.3%1 p.8%1 ~12%1 ~2%1 
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4.1 Six Groups 

Figure 2a Summer, Alert 925hPa, 6 groups 
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Figure 2b Summer. Alert 925hPa, 6 groups, meters above ground vs. time 
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5 SUMMARY AND CONCLUSIONS 

This paper deals with the sorting analysis of the most common pathway of air 
into the Canadian baseline observatory at Alert. These are useful in interpreting 
measurements of greenhouse gases and arctic haze pollution. TrajPlot, a software 
tool was developed to cluster atmospheric air trajectories. TrajPlot can display 
trajectories and trajectory groups. 5 years of data at Alert was sorted into seasonal 
periods. 3-D trajectories reaching the site at the 925hPa pressure level were used. 
Trajectories were sorted using Ward's hierarchical clustering technique followed 
by a K-Means clustering technique. The VRC was used to determine a suitable 
number of groups to choose for analysis. TrajPlot was used to display the 
trajectories groupings. Three and six groups were chosen because of local 
maxima reported by the VRC. 

Looking at Figure 2ab Summer, Alert 925hPa, 6 groups we can see a good 
separation of the groups. Also note the separation of the groups running across 
the northern part of Greenland, they may share a similar direction, but their 
height above ground are quite different. The trajectories that run across 
Greenland have significantly higher elevation; this is due to the fact that there is a 
sharp change in altitude at the edge of Greenland that is approximately 2-3 km in 
altitude. For this particular season, 6 groups is a good grouping. The VRC also 
indicated this (Figure 1 ). 

When looking at a trajectory or trajectory group, they can be classified into two 
groups: (i) groups of strong transport (long lines) and (ii) weak transport (short 
lines). Strong transport implies a good degree of confidence that the trajectory or 
trajectory group is accurate, where as one with weak transport implies less 
confidence in a direction. 

The software TrajPlot is a good tool for analyzing trajectory data. It allows one 
to reduce a large amount of trajectory to something a little more orderly and 
comprehensible. 
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