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Abstract: 
 
Location Analytics is one of the fastest emerging fields in 
the broad area of Business Intelligence/Data Science. By 
some industry estimates, almost 80% of all data has a 
location dimension to it. Consequently, identification of 
trends and patterns in spatially distributed information has 
far reaching applications ranging from urban planning, to 
logistics and supply chain management, location based 
marketing, sales territory planning and retail store location. 
In view of this, we present an approach based on Fractal 
Analysis (FA) of highly granular geo-spatial data. 
Specifically, we use proprietary data available at 
approximately1 square km level for New Delhi, India 
provided by Indicus Analytics (India’s leading economic 
data analytics firm based in New Delhi). We compare and 
contrast the patterns and insights generated using the FA 
approach with other more traditional approaches such as 
spatial to correlation and structural similarity indices. 
Preliminary results indicate that there are indeed “self-
similar” local patterns that are completely missed by spatial 
correlation that are accurately captured by the more 
sophisticated FA approach. These patterns provide deep 
insights into the underlying socio-economic and 
demographic processes and can be used to predict the 
spatial distribution of these variables in the future. For 
example, questions such as what are the pockets of 
population growth in a city and how will businesses and 
government respond to that growth can be answered using 
the proposed approach. 
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Introduction: 
 

All business operations occur within a context defined by their location [1]. Broadly, decision making requires triangulation 
between (1) internal operational and usage data (2) data on competing or synergistic options and (3) a precise idea on the scale 
and character of economic activity/ demography of the area. However, information for many locations across India (and the 
world) is either missing, flawed or simply not comparable due to any number of reasons. Consequently, most decision-making 
processes end up being based on imperfect/inadequate information that rely heavily of norms/thumb rules and/or gut instinct. 
Thus, most decisions dependent upon location information are constrained and suboptimal. To address this challenge, this paper 
describes a novel Fractal Analysis (FA) based approach for analyzing highly granular geo-spatial data for generating deep 
location-based insights by leveraging a number of key functionalities of ESRI’s technology platform. 

Previously, Lee De Cola [2] presented use of fractal analysis for classification of remotely sensed images. In [3] Pierre 
Frankhauser presented fractals as a tool for urban data analysis and also remarked the need of supplementary measures for the 
complete analysis. Keersmaecker et al. [4] presented comparison of fractal-based parameters calculated by different fractal 
methods for characterizing intra-urban diversity. Myint [5] provided a comparative study of various approaches for texture 
analysis and classification of remotely sensed data. A similar study of various spatial methods was carried out by Dale et al. [6] to 
conclude that no single method can reveal all the important characteristics of spatial data and the results of different analyses 
are not expected to be completely independent of each other. In this paper, we build on these and other research as described 
next. 
 
Data and Study Area: 
 

Six quantities measured at different geographical locations of 1 sq. km area of Delhi city are used as data under consideration. 
Each “grid cell” is identified by the latitude & longitude of its centroid. Overall, data was taken at 1602 different locations of 
Delhi. Specifically, we use proprietary data provided by Indicus Analytics for the following 6 variables/indices: (i) Population,      
(ii) Night-time light intensity, (iii) Points-of-Interest (POI), (iv) Road Length, (v) Index of telecom call intensity and (vi) Index of 
property tax collections. Table I lists these variables and the acronyms used in this paper. These are chosen as a sample set from 
the set of 5000+ socio-economic and demographic variables available with Indicus. Inverse distance weighted interpolation 
method [7,8] is employed for the interpolation as it is the preferred choice for geographical data interpolation. In this method, 
nearby points contribute more to the interpolation as opposed to the distant ones. Interpolated values are the weighted sum of 
the known values and the weight is inversely proportional to the distance between the interpolated values and the known ones. 
The simplest form of the Inverse distance weighting method is used in the present work known as Shepard method [7,8] with the 
weight function 
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where p is an arbitrary positive real number called the power parameter ( p  is taken 2 in the present work) and ih is Euclidean 
distance given by 

2 2( ) ( ) ...(2)i i ih x x y y     

where ( , )x y are the coordinates of the interpolation point and ( , )i ix y are the coordinates of each dispersion point. The weight 

 

Table I 
Quantities Under Consideration 

Quantity Acronyms 
Population POP 

Night-time light intensity RAD 
Index of telecom call intensity CALLS 

Index of number of Points-of-Interest POI 
Index of road length ROADS 
Index of property tax  TAX 
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function decays from unity to zero as the distance to the dispersion point increase. The weight functions are normalized to 
ensure that the weights sum to one. The interpolated point ( , )P x y  is then calculated as a weighted sum as  

0
( , ) ( , ) ...(3)

n

i i ii
P x y w P x y


  

No extrapolation was used for the points outside the boundary of Delhi and these points were taken to be zero. 
All the data extraction and processing is carried out using ESRI ArcGIS technology. For example, the night-time lights raster 

image is processed using the ‘Zonal Statistics’ and ‘Zonal statistics as table’ tools under the ‘Spatial Analyst’ toolset of ArcGIS. 
The ‘Georeferencing’ tools provided in ArcGIS were used for all georeferencing issues. The ‘Extract values to points’ under the 
‘Spatial Analyst’ toolset was used for extracting values of individual cells in a raster. 
 
Analysis Methodology: 
 
(a) Spatial Correlation Coefficient 

Spatial correlation coefficient is a common parameter by which one can comment on the similarity between the two signals 
globally. The correlation coefficient computed is given by 

( )( )
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where X and Y are the 2-D signals with means X and Y respectively. x  and y are the standard deviation of X and Y
respectively given by 
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and 
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(b) Fractal Characteristic & Fractal Dimension 

A quantity is called fractal if its fractal dimension is non-integer [9,10]. Fractal is a mathematical object that is both self-similar 
and chaotic. Self-similar refers that the object looks same at different scales and chaotic refers that the object is complex too 
[9,10]. More formally a continuous function f is said to be self-similar [9,10] if there exists a disjoint subsets 1 2, , , kS S S  such 
that the function f on each kS is an affine transformation of f i.e. there exists a scale 1il  ,a translation ir , a constant ic and a 
weight iw such that 

( ) ( ( )) ...(7)i i i i if t c w f l t r t S      
The fractal dimension of a point is zero, of a line segment is one, a square is two, and of a cube is three. In general, the fractal 

dimension is not an integer, but a fractional dimensional. To determine the fractal characteristics of a function, its fractal 
dimension can be calculated. There are several definitions of fractal dimension in the literature, the most famous measure is 
known as the box counting dimension [10]. The expression for the fractal dimension is 
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where ( )N  is the minimum number of boxes of size needed to entirely enclose the object. 
In practice the box size can’t be zero, but one can go to the pixel level i.e. in practice the smallest size that can be imagine is 

the pixel of the image itself. In the present work the data sets are the images of 64×64. Hence if the size of the 64×64 box is 
taken unity, the size of the pixel would be 1/64. The data given is converted to the binary image by employing thresholding [11] 
and then the box counting algorithm [10] is employed. 

 
(c) The Hausdorff Metric 

Fractals are defined over Hausdorff metric space [12]. There is a notion of the Hausdorff distance between the two fractal sets. 
A metric is a function which measures distance on a space. The standard Euclidean distance between x  and y in nR is denoted 
as ( , )Ed x y . The Hausdorff metric is defined below (See Fig. 1), 
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If nx R , the “distance” between x  to B is 
 ( , ) min ( , ) ...(9)Eb B

d x B d x b


  

The “distance” from A to B  is 
  ( , ) max ( , ) ...(10)Ex A

d A B d x B


  

It can be noted that d  is not metric, since d  is not symmetric i.e. ( , ) ( , )d A B d B A  (See Fig. 2). The Hausdorff distance, 
( , )h A B  between A and B  is then given by 

 ( , ) max ( , ), ( , ) ...(11)h A B d A B d B A  
 
(d) Structural Similarity Index 

Zhou et al. [13] proposed an algorithm for image quality assessment. They developed a parameter called structural similarity 
index by which one can make comment on the structural similarity between two images locally. Similarity measure between two 
images has the form 

      ( , ) ( , ) ( , ) ( , ) ...(12)SSIM x y l x y c x y s x y    

where ( , )l x y , ( , )c x y and ( , )s x y  are luminance, contrast and structure comparison of images and 0  , 0  , 0   are 
parameters used to adjust the relative importance of the three components. Given two local image patches x  and y of the two 
images, respectively, the luminance, contrast and structural similarities between them are evaluated as 
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where 1C , 2C and 3C are small stabilizing constants and x , x  and xy represent the mean, standard deviation and cross-
correlation evaluations over a local window, respectively. 

The simplified expression with 1      and 3 2 / 2C C  has the form 

1 2
2 2 2 2

1 2
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The quality map so produced, exhibits the local isotropic properties of the image under comparison with the values ranging 
between 0  (indicating dis-similarities) and 1  (indicating similarity). The overall quality measure is obtained by calculating mean 
SSIM (MSSIM) index. In the present study we have used a 8×8 window with 1 2 0.01C C  . 

 

 

 
Fig. 1 –Distance between a point x  and 

element (set) B  
Fig. 2 –Distance between two sets A  and B  
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(a) RAD-POP (b) RAD-CALLS (c) RAD-POI 

  

 

(d) RAD-ROADS (e) RAD-TAX  
Fig. 3 –SSIM Maps when paired with RAD 

 

   
(a) POI-POP (b) POI-RAD (c) POI-CALLS 

  

 

(d) POI-ROADS (e) POI-TAX  
Fig. 4 –SSIM Maps when paired with POI 
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Results and Discussion: 
 
Spatial correlation coefficient, Hausdorff distance and mean SSIM values for different pairs of data are calculated and are 

presented in Table II, III and IV respectively. All these results are normalized in the range of 0 to 1. For spatial correlation 
coefficient and mean SSIM higher value indicate similarity whereas for Hausdorff distance lower value indicates similarity. In 
each table, 3 most similar scores are marked with Red color whereas 3 most dis-similar scores are marked with Blue color. Table 
V gives Fractal dimension of different quantities.  

Spatial correlation coefficient and Hausdorff distance helps in global evaluation of the quantities. Table II and III indicates that 
both these parameters produce quite identical results. In both the cases, quantities are most correlated when paired with RAD 
and are least correlated when paired with POI. Quantities like POP, CALLS and ROADS also exhibit good amount of correlation 
when paired with other quantities. 

Structural similarity helps in a global as well as local evaluation of the quantities. Mean SSIM gives the global trend whereas 
SSIM map gives the local trend of the quantities under consideration. The mean SSIM values in Table IV are found to be very 
close to unity. This is an indication that all these quantities are highly structurally similar in a global sense. To analyze the local 
trend one need to compare SSIM maps of different pairs. Fig. 3 and Fig. 4 show SSIM maps for different pairs when paired with 
RAD and POI respectively. Fig. 3 exhibits that SSIM maps when paired with RAD produce a similar image pattern. This does not 
hold true for SSIM maps when paired with POI as in Fig. 4. The patterns generated in this case are quite different for different 
pairs. This indicates that RAD will have good correlation in local sense and POI will have less correlation in local sense with the 
other quantities under consideration. Also a similarity trend is observed for quantities when paired with POP, CALLS, ROADS. 
These results are again similar to the results for spatial correlation coefficient and Hausdorff distance. 

Fractal dimension is an indication of self-similarity from a global to local sense and vice-versa. According to Table V, TAX 
exhibits the highest self-similarity followed by RAD and ROADS where as POI exhibits the least self-similarity. 

The mean and the standard deviation of the fractal dimension of the six quantities are 1.55 and 0.22 respectively. As a result, 
the quantities with fractal dimension in the range 1.33 to 1.77 will be correlated as oppose to the one outside this range. 
Accordingly, POP, RAD, CALLS and ROADS form a set of quantities which are correlated and POI and TAX form the set of outliers. 
This is again similar to the earlier results. 

There is another interpretation of fractal dimension i.e. fractal dimension tells about the space occupancy. If fractal dimension 
of a 2-D function is 2, it means that the function is occupying whole the 2-D space. If the fractal dimension is less than 2, it infers 
that it is occupying somewhat less space. For the comparison, the fractal dimension of the Delhi map generated from latitudes-

 
Table II 

Spatial Correlation Coefficient 

 POP RAD CALLS POI ROADS TAX 

POP 1 0.8 0.75 0.58 0.74 0.58 

RAD 0.8 1 0.77 0.56 0.85 0.77 

CALLS 0.75 0.77 1 0.66 0.75 0.6 

POI 0.58 0.56 0.66 1 0.62 0.39 

ROADS 0.74 0.85 0.75 0.62 1 0.7 

TAX 0.58 0.77 0.6 0.39 0.7 1 
 

Table III 
Hausdorff Distance 

 POP RAD CALLS POI ROADS TAX 

POP 0 0.44 0.52 0.92 0.53 0.55 

RAD 0.44 0 0.49 1 0.35 0.39 

CALLS 0.52 0.49 0 0.87 0.51 0.56 

POI 0.92 1 0.87 0 0.96 1 

ROADS 0.53 0.35 0.51 0.96 0 0.44 

TAX 0.55 0.39 0.56 1 0.44 0 
 

Table IV 
Mean SSIM 

 
POP RAD CALLS POI ROADS TAX 

POP 1 0.9925 0.9987 0.9976 0.9981 0.9911 

RAD 0.9925 1 0.9909 0.9863 0.9948 0.9953 

CALLS 0.9987 0.9909 1 0.9987 0.9980 0.9905 

POI 0.9976 0.9863 0.9987 1 0.9964 0.9869 

ROADS 0.9981 0.9948 0.9980 0.9964 1 0.9939 

TAX 0.9911 0.9953 0.9905 0.9869 0.9939 1 
 

Table V 
Fractal Dimension 

Quantity F.D. 
POP 1.50 
RAD 1.67 

CALLS 1.50 
POI 1.18 

ROADS 1.63 
TAX 1.82 

Delhi Map 1.84 
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longitudes combinations of the measurements is also calculated and is found to be 1.84 and is given in the last row of Table V. 
Fractal dimension of TAX is 1.82, i.e. we can say that tax is been collected from almost all Delhi space having fractal dimension 
1.84. For POI, fractal dimension is 1.18, indicating that POI does not follow a uniform distribution among the space of Delhi and 
are distributed unevenly in this space. This is the extra information that fractal dimension brings in the analysis which is not 
captured by other parameters. 
 
Conclusion: 
 

In this work, we took the first steps of analyzing highly granular geo-spatial data using fractal analysis techniques. Since the 
data is available at 1-sq. km level, we are able to generate much deeper insights compared to coarser data at the state or district 
or even sub-district level. Another key feature of the work is the integration of data from multiple sources that helps to create a 
more complete and dynamic picture of the evolving socio-economic processes. The geo-spatial analytical capabilities of ESRI’s 
ArcGIS platform were critical in this work both from a data extraction/processing as well as visualization perspective. Currently 
we are working on extending the analysis to predict how the given variables will evolve in the future over various timeframes. 
This information would be critical for making key strategic and tactical level decisions for both businesses and government 
entities. 
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