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Abstract 
 
Spatiotemporal helixes constitute a novel method we developed for modeling changes in an object over 
time.  Changes in both an object’s trajectory and its outline can be represented with these helixes.  In 
addition, spatiotemporal helixes can be compared to determine whether multiple objects have undergone 
similar changes.  In this paper, we present a method by which these helixes may be compared, and then 
discuss possible actions to take after results have been obtained.  Helixes of objects with similar behaviors 
may be generalized into a single helix that represents the behavior of the group of objects.  In addition, 
helixes of objects that stop behaving in a similar manner over time can be split into discrete helixes.  
These aspects of helix definition and behavior are potentially useful to digital government related 
activities involving large geospatial datasets including objects moving or phenomena evolving over time. 
 
 
1. Introduction 
 
In the image processing community, it is becoming increasingly important to store only that data which is 
absolutely essential to the application at hand.  This is especially true when dealing with large datasets of 
multiple images collected over time.  Storing all of the data that is collected by a sensor would be cost-
prohibitive.  In object-tracking applications, there is thus a need for modeling methods that extract only 
the most important information about an object’s movement.  Spatiotemporal helixes are one such method 
of spatiotemporal modeling that was introduced in [1, 2] and which has been useful in isolating specific 
information about an object’s movements and deformations over time. 
 
The concept of spatiotemporal helix can be potentially quite useful for a variety of applications, including 
digital government related activities that deal with geospatial data. For instance, while not originally 
developed with this purpose in mind, helixes have been of interest to researchers at NASA, who are 
looking for a way to model the movement of invasive plant species throughout the Colorado Plateau.  
Species like cheatgrass, Canada thistle, and tamarisk, that are not native to the area, have for a number of 
years been taking over the habitat of endemic species like cottonwood.  The challenge currently faced by 
the Invasive Species Forecasting System team (http://bp.gsfc.nasa.gov/index.html) is to come up with a 
way of tracking species movements and making predictions about future areas of infestation.  Helixes are 
useful for this effort as they model relevant object information extracted from satellite imagery. 
 
While there are already methods for tracking and representing objects’ behaviors over time, such as 
lifelines [3, 4] and video summarization programs [5, 6], spatiotemporal helixes contribute in a different 
manner.  They are integrated models of an object’s centroid trajectory and its outline’s expansion/ 
contraction over time. Helixes are not simply a visualization mechanism, but also incorporate database 
and data storage issues in order to allow the user to query for particular object behaviors of interest. 
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The members of the Invasive Species Forecasting System have been interested in helixes because they 
offer the potential to model species movements in a more detailed and helpful manner than is currently 
possible with available technologies.  The most interesting aspect of the helixes for many of these 
researchers is that they are able to model splitting and merging of polygons that represent a given species.  
This helps them see when behaviors are similar enough that conclusions can be drawn about a group of 
objects instead of a single entity.  These behaviors can then be modeled in a more detailed fashion using 
linear regression and kriging techniques [7].  There is potential for other government agencies to use these 
helixes as well if they wish to model any events over time, such as the spread of crime events over a 
geographic area or the epidemiology of a disease. 
 
In order to demonstrate the effectiveness of helixes for this purpose and other similar endeavors, this 
paper first details the spatiotemporal helix itself. It discusses how the components that are extracted can 
be useful in generalizing detail for storage in a database system.  Once the helixes have been discussed, 
metrics for comparing multiple helixes are presented.  The helixes that have been compared are then 
looked at in a group to see whether aggregation or splitting is recommended.  Finally, new experiments 
are presented in order to demonstrate the effectiveness of the process, and recommendations are made for 
future work. 
 
 
2. The Spatiotemporal Helix 
 
The spatiotemporal helix model is constructed in a four-step process: 1) find the center of mass for the 
object at each time instance, 2) detect changes in the object’s outline in each cardinality quadrant, 3) 
construct a self-organizing map (SOM) that follows the trajectory of the object while picking out only 
those nodes which are necessary to generalize the object’s behavior and forming a “spine” for the helix, 
and 4) add information about outline changes to the spine with  “prongs” that show expansion or 
contraction.  The remainder of this section will detail the performance of these tasks. 
 
As an example, the following dataset has been used, consisting of five polygons that have been created 
synthetically on a 400x400 pixel grid.  This dataset is representative of the kind of data acquired by the 
satellite sensors that NASA uses in its Invasive Species project, and spatiotemporal data that other 
governmental agencies may obtain for their GIS applications (Figure 1).  The polygons in these five 
frames represent temporal snapshots in the spatial evolution of an object or a phenomenon over time.  In 
our example, this would give the user an idea of the size and shape of a tamarisk polygon in each frame.  
The sensor data would need to undergo an object extraction process before the polygons could be used as 
input for our process, but this is outside the scope of the current paper.  For more information on our 
relevant activities in automated object extraction, the reader is referred to [8-10]. 
 

 
Figure 1: Five sample frames used for input in spatiotemporal helix extraction 

 
 
 



In the first stage of helix construction, the object’s center of mass is extracted in each frame and plotted 
on a three-dimensional grid.  Each asterisk stands for the location of the object at a given time instance.  
For example, assume that each of the frames used in this example was taken after a ten-minute delay.  
The first frame is linked to time t=10 and the fifth frame is linked to t=50.  In this stage, a rudimentary 
trajectory is also constructed by linking the centers of mass for each frame (Figure 2).  This gives us a 
detailed view of the positions of the tamarisk polygon at each time instance as well as its trajectory. 
 
 

 
 

Figure 2:  Object’s center of mass and rough trajectory 
 

The second stage divides the object into four quadrants, based roughly on the cardinal directions of north, 
south, east, and west.  This is done at each time instance, and the center of mass found in the first step is 
used as the origin for each division (Figure 3).  Once this has been accomplished, the object is then 
compared to itself in order to discover whether there has been an expansion or contraction during each 
time interval.  For instance, the object grows significantly between frames 2 and 3, and this leads to an 
increase in area for all four quadrants.  This may occur in our example if the tamarisk polygon encounters 
additional resources that it needs for growth and thus expands in all directions.  This change will be 
quantified in the final step of helix construction, which will be discussed later in this section. 
 

 
 

Figure 3:  Object divided into cardinality quadrants in each frame 
 
The third stage is concerned with construction of a Self-Organizing Map (SOM) that generalizes the 
trajectory or “spine” of the helix by picking out specific (x, y, t) locations where changes such as rapid 
acceleration, deceleration, or rotation occur and marking them with nodes.  A SOM is a neural network 
solution that organizes nodes into an ordered sequence through competitive learning [11].  In this 
example, the object is moving at a fairly uniform pace, so it does not experience much acceleration or 
deceleration.  The major change is in rotation, which happens most notably at frame 3, the apex of the 
object’s trajectory.   
 
 



When we ask for a generalized picture of the spine with 4 nodes we can see that the nodes for frames 1 
and 2 from Figure 2 are merged into a single node to save space (Figure 4).  When we ask for 3 nodes, 
only frame 3 retains its original node.  This step decreases the number of nodes used to define the 
tamarisk polygon’s location within the time interval of interest, and consequently leads to a reduction in 
the amount of space needed to store this data while maintaining the most important characteristics of the 
object’s spatiotemporal behavior.  For more detailed information on our relevant work on SOMs please 
see [10]. 
 
 

 
 

Figure 4:  SOMs constructed with 4 (L) and 3 (R) nodes 
 

The final stage in helix construction is to move each extracted node to the closest position recorded in the 
frames.  For example, when four nodes are extracted in the SOM process, three of the nodes are located at 
the object’s position in frames 3, 4, and 5.  The fourth node is located between the object’s positions in 
frames 1 and 2, but is closer to frame 2 (Figure 4).  Thus, when constructing the helix, our algorithm 
places the final nodes in frames 2, 3, 4, and 5 (Figure 5).  When examining the SOM of 3 nodes, we end 
up with final node placement in frames 1, 3, and 5.  In our example, this would select specific frames 
from the original dataset, and use only them to define the placement of the tamarisk polygon over time.  It 
is more accurate than using the node placements from the third step, because it does not create 
interpolated positions of the polygon, but uses locations that were already part of the dataset. 
 
 

 
 

Figure 5:  Complete helixes for 4(L) and 3(R) nodes with spines and prongs 
 
 
 



In addition to selecting the most important object instances that should be recorded in our database, the 
fourth stage in our helix construction process also examines the changes in expansion or contraction that 
were recorded between frames and compares them to a user-defined threshold.  In this example, the 
threshold has been set at 20%.  The largest change that was found in our example dataset occurs between 
frames 3 and 4, where there is a large reduction of area in the west quadrant and a slightly smaller 
reduction in the east quadrant.  This is represented in our helixes by a long line emerging from the “west” 
side of the node at frame 4 and a shorter line on the “east” side of the same node.  This would indicate 
that the tamarisk polygon has undergone the most significant change in outline between these two frames. 
 
In our spatiotemporal helix model the lines that are added in this stage are represented as “prongs,” which 
are indicated as arrows either pointing out of the helix spine (for expansion) or into it (for contraction) as 
can be seen in Figure 6.  Each prong has its own time stamp, which enables cross-referencing in the 
database to determine its spatial location.  This allows for storage of a single variable (t) instead of a set 
of variables (x, y, t) and reduces the amount of space needed in the database.  A single time instance can 
have more than one prong attached to it, as expansion and/or contraction may occur in each of the four 
quadrants of interest. 
 
Once the derivation of helixes is complete, the next step is to compare them to each other in order to 
determine similarities or differences that exist between them and which refer to the behavior of the 
objects or phenomena they represent.  Similarity metrics have been developed for this purpose, and they 
look at both the nodes and prongs within the helix in order to draw conclusions. 
 
 
3. Similarity Metrics  
 
There are two types of similarity metrics that can be used to compare helixes.  The first of these is an 
abstract method, in which presence or absence of specific node and prong qualifiers is compared.  Two 
helixes are compared at each node in order to determine whether both are exhibiting similar behaviors.  If 
both are accelerating or decelerating at a given instant, then a value of 0 is given to that pair.  If one is 
accelerating and the other is decelerating, a value of 2 is assigned (Table 1).  In this way, helixes with 
many dissimilar pairs will have a higher final comparison value, and two helixes that are exactly alike 
will have a value of zero for their comparison.  The same holds true for comparisons of rotation 
(clockwise v. counterclockwise) and prong types (expansion v. contraction). 
 

Helix 1 ↓                Helix 2 → Accelerate Constant Decelerate 

Acceleration 0 1 2 
Constant 1 0 1 
Deceleration 2 1 0 

 
Table 1:  MST Cost metrics for comparing qualifier attributes of acceleration and deceleration 

 
The other type of comparison is quantitative in nature, with specific differences computed between nodes 
and prongs.  In this case, instead of a somewhat arbitrary value of “2” assigned to a pair of dissimilar 
nodes, the angle of acceleration and the angle of deceleration are compared by taking the absolute value 
of the difference between the two angles.  Similar differences are found between angles of rotation and 
the magnitudes of expansion or contraction.  In this case, the following equation is utilized: 
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We normalize all quantities by dividing their actual values by their range, so that in this case, a value of 1 
is assigned to the most dissimilar helix pairs and a value of 0 is given to pairs that are exactly the same.  
Once a degree of similarity has been determined, whether by abstract or quantitative methods, we can 
decide whether these helixes belong in a group or should be kept separate.  Work related to similarity that 
may be of interest includes [12-14]. 
 
 
4. Grouping Helixes 
 
If the helixes in question are sufficiently similar, then it may be useful to group them together into a 
single entity and to express the behavior of their component objects with an “aggregate helix.”  This could 
be useful in our invasive species scenario if several polygons of tamarisk are evolving in a similar manner 
and we want to draw more general conclusions about their overall behavior.  The aggregate helix that is 
created could then be used for predictions about the future behavior of all tamarisk polygons that begin in 
a similar way to the first few nodes and prongs of the aggregate (Figure 6).  The user selects the level of 
similarity that must be reached in order to justify this decision, with more detailed applications needing 
helixes with comparison values approaching zero.   
 

 
 

Figure 6:  Aggregate helix as formed from individual helixes 
 
When low enough values are found, corresponding node and prong locations of the individual helixes can 
be averaged so that the new aggregate helix is a composite of the original helixes.  Attributes that are 
associated with each node and prong can be calculated in a variety of ways, including simply taking the 



average of all values for each instance, looking for the minimum or maximum value, or using categorical 
rules in order to choose the best value for a given application.  For instance, when making predictions 
about future growth of tamarisk, the user might want to take the maximum values of expansion and 
contraction so that there is no underestimation of overall growth rates.  On the other hand, the minimum 
values for acceleration might be desired, in order to specify at least how far downriver the tamarisk 
groves will be likely to move in any given year.  This could be useful for conservation planning purposes. 
 
Helixes may not always need to be grouped together in order to get the most information out of a dataset.  
There may be occasions in which the helixes start out in a similar fashion, thus making it useful to 
construct an aggregate helix in order to express their common traits.  However, over time they may 
diverge in value enough to merit individual treatment once again.  This could happen in our tamarisk 
example if one part of the larger polygon crosses a sandbar in a river and moves to the opposite shore.  
This new polygon would be an offshoot of the previous instance and would retain some characteristics, 
but would be better expressed by a new helix that splits off from the aggregate.  Key instances in which 
splitting should occur can be calculated by comparing the deviation of node and prong values from the 
aggregate average and splitting when a user specified threshold is crossed. 
 
 
5. Additional Considerations and Current Work 
 
Another factor that we are currently exploring and which would be useful in deciding whether to merge or 
split helixes is visualization of the node and prong values with colors, various levels of shading, 
fuzziness, or other overlays.  This information would be intended to supplement the quantitative values of 
the helix components, and could be useful for quick decision making with regards to helix activities.  For 
instance, if one wanted to be visually alerted to nodes where acceleration was occurring at a very fast rate, 
these nodes could be colored with red or another bright color.  This might help conservationists see which 
polygons of tamarisk are moving the fastest and concentrate their attention and efforts in that location in 
order to stop the rapid spread of the invasive species.  If metadata about accuracy is present, this could be 
expressed in the relative crispness or fuzziness of the node and prong representations [15]. 
 
In addition to visual representations of helixes, we are also working on utilizing aggregation and splitting 
techniques when dealing with text and other data formats that may be associated with the helixes.  These 
different types of data can complement and enhance the helix capabilities.  As an example, we might have 
metadata about accuracy, such as that mentioned in our discussion of visualization.  The level of metadata 
that deals with specific horizontal and vertical accuracies of angles is quite detailed.  The FGDC lists a set 
of standard metadata that is set up in a hierarchical fashion.  By exploiting this construction we can 
gradually zoom in to the level of detail that is required, both within the data itself and within the 
corresponding metadata [16, 17].  Thus, the user would not need to see metadata on accuracy or fuzzy 
visualizations until a very detailed view of the helix itself is desired.   
 
 
6. Experiments 
 
In order to test our spatiotemporal helix approach and its usefulness for applications like NASA’s 
invasive species project, we have performed experiments on helix generation, similarity metrics, and 
aggregation of helixes.  These experiments have yielded results that confirm that our system can be 
beneficial to the broader digital government community.  For helix generation, we have constructed 
datasets of 700 frames in addition to the sample dataset of five frames that was presented earlier, and have 
used differing thresholds to determine the number of nodes and prongs that define the helix.  Figure 7 



shows two helixes that were constructed during this phase.  Both have 17 nodes, but helix “a” has more 
prongs than helix “b.”  Their respective prong thresholds are 10% and 20%. 
 
 

   
 

Figure 7: Helixes constructed from differing thresholds 
 

One of the most interesting experiments that we performed was to use the prong information that we had 
gathered to reconstruct the boundaries of an object as it should appear at t=700 sec.  We used only the 
image of the object at t=0 sec, and the expansions and contractions as indicated by the prong magnitudes 
and angles, and then compared these results to the actual object boundaries in frame 700.  We found that 
with our dataset, we were able to reconstruct the object with 83% accuracy when using a prong threshold 
of 20% and with 94% accuracy when using any prong threshold below 15%.  There seems to be a definite 
level of prong definition beyond which no additional benefit is gained in storing the extra information.  
See [14] for a more detailed discussion of this topic. 
 
Another type of experiment that we have conducted involves the computation of similarity indices using 
the metrics discussed earlier.  When comparing two helixes, we have one reference helix and one 
candidate helix (Figure 8).  When examining a node on the reference helix, we do not simply look for a 
match at the same time instance on the candidate helix, but expand our time window to account for 
variations that may have occurred while obtaining the dataset.  Thus we are not looking solely at time t2 
for a match, but anywhere between t1 and t3. 
 
With this in mind, we created a dataset of 100 helixes, consisting of an average of 19 nodes and 7 prongs 
each, and used both the abstract and quantitative metrics to compare reference helixes to a pool of 
candidate helixes.  We noted the time that it took to run each of these queries, and found that on average, 
the abstract query took 2 seconds, while the more mathematically intensive quantitative query took 4 
seconds.  These are very encouraging results as digital government applications in the geospatial realm 
are often large-scale efforts where computational times matter, and we anticipate working with even 
larger helixes in the invasive species project. 
 
 
 



 
 

Figure 8:  Comparison of reference helix (right) to candidate (left) 
 
 
Finally, the aggregation and splitting of helixes is our current focus, and we are developing an 
environment that calculates average node and prong values and notifies the user when an aggregation or 
split may be beneficial for representing the behavior of objects of interest.  At this point we have 
developed a way for two objects to be extracted from a sequence of images and their helixes computed 
separately.  The database of nodes and prongs that is developed in this step can then be queried for 
similarity of attributes and if the similarity values are lower than a threshold of the user’s choice, then 
these helixes can be combined into a single helix with a combination of attributes.  This stage of the 
research is still in development. 
 
 
7. Conclusions 
 
Spatiotemporal helixes represent a new and promising theory that we have developed for modeling and 
analyzing change in geospatial applications and other large-scale data-intensive projects in various fields 
like epidemiology and biodiversity informatics.  These projects all share a need to condense the amount 
of significant data being maintained in their databases and facilitate the tracking, detection of similarities, 
and/or discovery of behavioral patterns in the evolution of seeming unrelated phenomena. The 
spatiotemporal helix enables the accomplishment of these goals, and helix construction and 
generalization, as well as similarity comparisons, and aggregation or splitting are all key aspects of the 
process as presented in this paper.   
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