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Introduction to Geospatial Data
Morais says that “80% of data is geospatial”, although this point is arguable it 
identifies the prominence of geospatial data in our world.

Geospatial data is used in many contexts today: in disease tracking, climate change 
analysis, disaster response and transportation developments.

Geospatial big data is being used more often everyday, older algorithms are not 
equipped to handle this data and its unique challenges to process and analyze it. New 
techniques need to be developed to handle these new problems.



Geospatial Data Challenges

Big data has 5 V’s that 
can categorize the 

major difficulties when 
dealing with large 

datasets. 

Volume Variety

Velocity Veracity Visualization



Fuzzy C-Means Clustering
Algorithm

1. Select initial c centroids randomly, or using distance-based probabilities

2. Build a matrix that stores the membership value of each data point in association to each 
centroid

3. Recompute the means for each cluster using the weighted values of each data point

4.  Repeat steps 2 and 3 until each mean converges to a point 

5. Assign data points to clusters where their weight is the highest



K-Medoid Clustering
Algorithm

1.  Select the initial k medoids from the data set. One way is using the greedy algorithm to choose 
the k data points so that the points are more likely to belong to separate clusters

2.  Build a matrix of each data points membership value to each cluster center.

3. Swap the cluster centers with all other data points and compute the distances produced by the 
new configuration. Keep the medoids that produce the smallest sum distance  

4. The model can be represented as the following function



Distributed k-Fuzzy Medoid Algorithm



Local Clustering 
The local clustering algorithm is an entropy-based variation of the fuzzy k-medoid algorithm.

This algorithm is used to reduce the dependency on initial k values and accounts for outliers and 
noisier data.

1. Select the initial k medoids

2.  Cluster all data instances to the medoid with the minimum distance

3. Recalculate the medoids using the formulas:

4. Repeat steps 2 and 3 until convergence or maximum iterations is complete



Sampling the Clusters
Before the local clusters can be merged, the clusters are sampled to reduce the time complexity in 
the global clustering step. This process reduces the cost of comparing clusters from different 
nodes while maintaining the integrity of the cluster shape.

Types of data reduction: sampling, data compression, data discretization.

This algorithm uses a context aware reduction procedure that creates new cluster groups 
consisting of the medoid and the boundary points of the cluster. To find the boundary points the 
program iterates through all the points in a cluster, if a point is within a selected distance of any 
point in the cluster, then it is removed from the boundary group.



Global Clustering
The global clustering phase merges the local cluster groups into global clusters. This step is 
achieved by using a tree structure to merge the nodes together. 

Starting at the lowest level, the program merges D Nodes together by selecting a leader node to be 
the processing unit and receive the information of all other nodes.

The leader node then merges overlapping clusters together to form new cluster groups.

The selection of a leader node is repeated with the information transmitted to the new leader and 
clustered by merging the clusters until a global clustering is built. 



Improvements
In the paper proposing the distributed fuzzy-k algorithm, the cluster error, convergence time, and 
accuracy were tested against standard clustering techniques.

Cluster Error: The sum of all the distance between the objects in a cluster to the medoid for every 
cluster.

Clustering Accuracy: The percentage of data points that are correctly assigned to a cluster

Convergence Time: The convergence time is the number of time steps it takes to reach a global 
clustering of new data.



Challenges and Next Steps
The next steps to advance this algorithm is by reducing the time complexity. This can be done by 
determining the initial number of nodes needed in the distributed system to maximize 
productivity or by applying different soft clustering methods in the local clustering step to reduce 
the computing time.

Moving forward the next challenges faced with clustering big geospatial data is being able to build 
an algorithm that can analyze a stream of geospatial data for real time updates and queries. 
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