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Abstract: We propose here a new error correction algorithm for GPS (Global positioning system) receivers 
called SKMW, which processes GPS coordinates with smoothing, k-means, mean, and weighted average in turn. 
We also propose values for parameters to be used with the algorithm, and analyze their performance in field 
tests. Our analysis has shown that SKMW can effective improve the accuracy of GPS applications. Copyright © 
2014 IFSA Publishing, S. L. 
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1. Introduction 

 

Global positioning system (GPS) as a technology 
uses receiving equipment to determine the 
coordinates of fixed points [1], but receiving 
equipment is one of the main sources of error in GPS 
applications [2-4]. Current commercial GPS 
positioning and navigation equipment usually are 
accurate within 10 meters [5-6] and the precision of 
GPS apps on mobile phones ranges from a few 
meters to tens of meters [7]. Accuracy can be 
improved by real-time or batch post-processing of 
GPS measurement data [1, 8], and an important 
method for doing so is by classifying or grouping 
spatial data with clustering [9]. Flaws of using k-
means algorithm for clustering spatial data have been 
reported [10-13], and the performance and 
complexity of the algorithm are also controversial 
[14-15]. However, it is suitable for classifying large 
amounts of data; it can effectively process dense data 
in classes, by considering proximities of distances, 
by initializing centers of masses and by limiting the 

maximum number of iterations [16]. K-means is also 
suitable for data sets consisting of mostly similar 
entries, and a lot of data sets to be processed by GPS 
applications contain massive amounts of data but 
only very few outliers coordinates. Therefore, it is 
feasible to use the clustering characteristics of k-
means algorithm to classify, according to position, 
data in such applications. 

Methods that apply k-means to GPS data 
processing are not common. For applications in 
detecting road lanes automatically, Kiri Wagsta et al. 
[17] proposed constrained k-means clustering, which 
significantly improved the performance of traditional 
k-means algorithms. Dong Lingxun [18] improved 
positioning accuracy range from 5 meters to 2 meters 
by using handheld device based on GPS-OEM 
receiver plate for gathering GPS data, and by 
processing the data with Locally Weighted Scatter-
plot Smoothing (LoWeSS), k-means, and arithmetic 
mean. Jalil Kianfar et al. [19] applied k-means to 
real-time measurements of moving GPS positions 
and improved accuracy by cooperative inter-vehicle 
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distance measurement. Li Wei [20] showed that 
using k-means can both improve accuracy 
 and reduce complexity of algorithms for  
positioning applications. 

Based on our study on k-means algorithm, we 
propose a method for improving the accuracy of 
positional data in GPS applications. It is suitable for 
environments with a lot of obstructions, such as trees, 
mountains and high-rise buildings, as well as those 
with stronger GPS signal in the open, such as 
highways and suburban or rural areas. Our field tests 
have demonstrated the feasibility and validity of our 
method as a way of both reducing error in data and 
increasing accuracy of measurements. 
 

 

2. SKMW Based on k-means 
 

2.1. Principle of SKMW 
 
The SKMW method constructs its process of 

filtering GPS positions according to the distributions 
of data samples. It deals with raw data as spatial 
samplings by smoothing, and classifies those using k-
means. It then collects the average of each class and 
calculates weighted averages to achieve more 
accurate positioning. Fig. 1 below shows the  
overall process. 

 
 

 
 

Fig. 1. Flow diagram of SKMW method. 
 
 
Smoothing changes the quality of aggregate data. 

The smoothing filter applied in this study is called a 
recursive average filter, also known as a moving 
average filter. Because GPS receiving devices 
operate in complex environment influenced by 
fluctuations in light, temperature and 
electromagnetism, the acquired data often present 
drifts or large deviations. Smoothing counteracts 
these influences to prevent classification error of the 
k-means algorithm from breaking up similar data and 
aggregating divergent ones. Thus, smoothing the data 
before processing them with k-means algorithm is 
very meaningful. Classifying a large amount of data 
by k-means tends to keep too much detail in the data. 
We therefore treat the classified data with mean 
filtering, also known as linear filtering. The SKMW 
method replaces the original value of each data point 
in each class with the average value of all data in that 
class. This arithmetic mean filter decreases the 
number of useless data, reduces the level of details in 
the data set, and emphasizes useful data. Mean 
filtering also reduces the amount of data, making the 
processing of data by weighting easier. The purpose 
of using a weighted processing method in SKMW is 
for increasing the importance of valid data and 
reducing that of invalid data, resulting in improved 
accuracy and robustness of SKMW. The weights 

used by SKMW are not fixed. They are calculated 
according to the amount of data obtained by 
experiments and according to the number of data 
points in each class found by k-means classification. 
So, the weights used in each experiment are uniquely 
suited for each actual test case. 

 
 

2.2. Implementation of SKMW 
 
2.2.1. Smoothing Data 
 

Assuming m pairs of latitude and longitude data 
(x, y) has been acquired, D~((x1, y1), (x2, y2), …,  
(xm, ym)) is then the set of acquired data. By 
continuing to queue samplings of the acquired data 
indexed from 1 to n into a queue Q1~((x1, y1),  
(x2, y2), …, (xn, yn)) whose length is n, and by 
keeping the length of the queue unchanged by 
deleting the first piece of data in the queue as soon as 
each piece of new data enters into the tail of the 
queue, we got a total of m-n+1 queues  
Qm-n+1~((xm-n+1, ym-n+1), (xm-n+2, ym-n+2), …, (xm, ym)) 
as we put new samples into the queue in a first-in-
first-out manner. It is defined as equation (1). 
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The total count of arithmetic means is m-n+1, and 

DAVG~((DAVGx1, DAVGy1), (DAVGx2, 
DAVGy2), …, (DAVGxm-n+1, DAVGym-n+1)) is the 
data set operated by smoothing process. 
 
 

2.2.2. Classify Data 
 

K-means algorithm was proposed respectively 
and independently in different areas of studies by 
Steinhaus in 1955, Lloyd in 1957, Ball & Hall in 
1965 and McQueen in 1967 [11] respectively. The 
specific definition of the function of mean variance is 
defined by equation (2) [20]: E is the sum of mean 
variance of the study objects; p represents the data 
objects as the point of the space, and mi is the mean 
of cluster C. 
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From the set DAVG, we randomly selected k 
pieces of data to be centers of clusters  
DB~((bx1, by1), (bx2, by2), …, (bxk,byk)), with k<m-
n+1. The rest of data besides the centers of clusters in 
DAVG is DAVG’. We separate m-n+1 groups of data 
in DAVG’ into k classes, and initialize each class by 
assigning those data points with the smallest Euclid 
Distance d to the center of a class to that class. 
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i=1,2,…,m-n+1; j=1,2,…,k, 
(3)

 
We assumed that Kk~((kx1, ky1), (kx2, ky2), …, 

(kxs, kys)) is the kth cluster, while s≤m-n+1, meaning 
there are s pairs of data in the initial state of the kth 
cluster Kk, defined as K~(K1, K2, …, Kk).  
P~(p1, p2, …, pk) is the sample sizes of k clusters, 
with pi=s, i≤k. Assuming that  
M~((mx1, my1), (mx2, my2), …, (mxk, myk)) is the set 
constituted by the mean of Kk and that (mxk, myk) is 
the new center of clusters, the set of these new 
centers of clusters would be DB’. Several iterations 
will go on until (mxk, myk) didn’t change. Then,  
J~(J1, J2, …, Jk) is the result of the k-means 
operation, with Jk as the kth cluster. 

 
 

2.2.3. Mean Data 
 

We calculated the arithmetic mean of k clusters 
respectively and defined Jk~((Jkx1, Jky1), (Jkx2, 
Jky2), …, (Jkxs, Jkys)) to represent the set of the kth 
cluster. There are k clusters with sample size s. The 
arithmetic mean of x value and y value of the kth 
cluster are defined by equation (4): 
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(Jkx, Jky) is the coordinates of the kth cluster, 

JM~((J1x, J1y), (J2x, J2y), …, (Jkx, Jky)) is the 
coordinates set of k clusters. 

 
 

2.2.4. Weighted Data 
 
We assumed that the data are divided into k 

clusters by k-means. There are a few clusters with a 
larger or smaller sample size p in k clusters. Under 
the condition that the quantity of samplings is large 
enough, the selection principles is to reduce the 
influence of divergent point to the final result and 
increase the influence of focal point for the final 
result. We defined the weight coefficient of smaller 
clusters as 0 to get rid of them, and defined the 
weight coefficient of bigger clusters as a. a is the 
percentage of smaller clusters in all samples. The 
sum of weight coefficients of bigger clusters is 1-a 
Assigning weight coefficient in such a way can 
reduce the influence of smaller clusters and increase 
the influence of bigger clusters. We dealt with 
JM~((J1x, J1y), (J2x, J2y), …, (Jkx, Jky) and the 
improved GPS positioning coordinate will be 
calculated by equation (5). There are z clusters 
whose weight coefficients are 0, and the sum of 

weight coefficients of bigger clusters is 1. W(wx, wy) 
is defined as the GPS positioning coordinate. 
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3. Abbreviations and Acronyms 
 
We tested the proposed SKMW method on the 

campus of Beijing Forestry University, and used a 
mobile device running Android 4.1.1 operating 
system as the equipment for getting data. The version 
of the firmware is MIUI-JLB10.0 and the build 
number is JRO03L; the configuration of GPS is 
GPS+GLONASS AGPS and the accuracy of 
samplings is 10-8. 

In this experiment, we obtained one pair of data 
once per second. There are 3828 pairs of data we had 
obtained in 63.8 minutes. We used the data from the 
101th to the 3828th as the effective initial data in order 
to avoid error and instability caused by GPS 
receiving device for validating SKMW method. In 
Fig. 2, the top 100 data are marked in blue, and the 
rest are marked in red. The red data shows  
that there is a non-uniform distribution caused by the 
drift of equipment, but a lot of data sets contain 
massive amounts of data and only very few  
outliers coordinates. It is suitable for using  
k-means algorithm. 

 
 

3.1. Distribution under Different Count  
of Smoothing and Different Length  
of Queue 

 
Both smoothing counts and queue lengths are 

parameters very important to the result of the 
smoothing process. In order to research the effects 
caused by both parameters changing, we assumed 
one of them was a fixed value, while another 
parameter was selected to be a bigger values or a 
smaller values. Fig. 3 (a) and Fig. 3 (b) show the 
distribution while the length of queue is 5, and the 
count of smoothing is 16 or 128. Fig. 3 (c) and 
Fig. 3 (d) shows the distribution while the count of 
smoothing is 16, and the length of queue is 5 or 50. 
The results proved that when the length of queue is a 
fixed value, more smooth and convergent result will 
be caused by the bigger count of smoothing. On the 
contrary, when the count of smoothing is a fixed 
value, smoother and more convergent will result 
from longer queues. However, if the length value of 
queue is too large, as shown in Fig. 3 (d), it will 
caused an obvious distortion. Thus, we chose 
reasonable parameters here, based on the quantity of 
samplings in our experiment. 
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Fig. 2. The initial distribution of the error data and the effective data. 
 

 
3.2. Determination of k Value 

 

In this study, the clusters count k directly affects 
the weighted average processing of the SKMW 
method. Generally speaking, larger k, more means 
and more weighted coefficients result in better 
accuracy. On the contrary, smaller k, fewer means 
and fewer weighted coefficients gives worse result. 
However, [22-25] had shown the heuristic rule that 

mk max , in which the maximum k is far less 

than the quantity of samplings m. Therefore, our 
optimal k should be maximized, but kept far less than 
m. Choosing the optimal k in general would require a 
lot of experiments that show the distributions of 
different values of k. The practical implementation 
for finding this general solution thus would be more 
difficult, but theoretically speaking, the optimal k 
should minimize the distance within the class and 
maximize the distance between classes [20]. 

 

3.3. Computation of the Arithmetic Mean 
and Weighted Coefficient 

 
We computed the arithmetic mean of k clusters by 

equation (4). Fig. 4 shows the computed result with 
k=7, while the count of smoothing is 16 and the 
length of queue is 5. Black squares are the arithmetic 
means of each cluster. 

Our statistics showed that the quantities of seven 
clusters are 399, 276, 628, 276, 128, 530, and 128. 
Depended on the purposed rule of weighted 
coefficient, we computed respectively and the result 
is shown as Table 1. The weighted coefficient of 957 
is 957÷3728=0.2567, and the sum of the rest clusters 
is 1 - 0.2567=0.7433. We also computed the latitude 
and the longitude by equation (5), it respectively is 
40.00134199920772 and 116.3400133212098. 
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Fig. 3 (a). The distribution while length of queue is 5 and count of smoothing is 16. 
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(b) The distribution while length of queue is 5 and count of smoothing is 128. 
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(c) The distribution while count of smoothing is 16 and length of queue is 5. 
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(d) The distribution while count of smoothing is 16 and length of queue is 50. 
 

Fig. 3 (b, c, d). Distribution under different count of smoothing and different length of queue. 
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Fig. 4. The distribution with k=7. 
 
 

Table 1. Cluster Number, Sample Quantities and its 
Weighted Coefficients. 

 

Cluster 
Number 

Sample Quantities 
Weighting 

Coefficients 

1, 2, 3, 4, 6 399, 276, 628, 810, 530 0.7433 

5 128 0 

7 957 0.2567 
 
 

3.4. Comparison of SKMW, Mean and 
Simple Positioning 

 

In this experiment, we compared the accuracy of 
the latitude and longitude values obtained by 
SKMW, Mean and Simple positioning methods, in 
order to test the effectiveness of SKMW in GPS 
applications. The results of comparing these three 
methods are shown in Table 2. GPSspg points are 
GPS/Google satellite data obtained from GPSspg 
website by averaging repeated queries for avoiding 
error. The mean points were computed from  
3,728 sets of valid raw data. Simple positions A, B, C 
and D in Table 2 were obtained randomly from GPS 
receiving equipment as raw data without SKMW 
processing. 

We converted the unit into meter as shown in 
Table 2. The SKMW point is only 0.760317 meters 
away from the GPSspg point, while the distance 
between mean method point and GPSspg point is 
1.90079 meters. The difference of 1.140473 meters 
implies that SKMW is better than mean method. We 
also found that, between simple position point and 
GPSspg point, the maximum distance is  
13.508 meters, and the minimum distance is  
1.62959 meters, so the error even larger there. In our 
experiment, the proposed SKMW reduced error from 
ten meters to less than one, more accurate than the 
error reduction from 5 meters to 2 meters found in 
literature [18]. Therefore, SKMW method was shown 
to effectively improve accuracy in GPS applications. 

Table 2. The result of Comparing by SKMW,  
Mean and Simple position. 

 

Method 
Latitude 

°N 
Longitude 

°E 

Distance 
comparing 

with 
GPSspg 

point (m) 

GPSspg 
40.00134 
9103727 

116.34001 
3078469 

0 

Mean 
40.00132 
954947425 

116.34001 
24505016 

1.90079 

A 
40.00126 
227 

116.34001 
668 

9.50396 

B 
40.00146 
718 

116.33998 
958 

13.508 

C 
40.0014 
5191 

116.34000 
549 

11.8423 

D 
40.00126 
926 

116.34002 
225 

8.74364 

SKMW 
40.00134 
199920772 

116.34001 
33212098 

0.760317 

 
 

4. Conclusions 
 
The contributions of this study for improving 

GPS' accuracy are:  
1) An algorithm (SKMW method) consisting of 

smooth filtering, mean and weighted average, 
previous unused in related applications.  

2) Parameters important for this method, and 
analysis of the effect of parameters on the accuracy 
of outcomes – other algorithms and optimal values 
for them have been reported, but not with detailed 
explanations for parameter choices.  

3) Grounding experiments by selecting GPS data 
from large data sets of 3,828 coordinates – previous 
studies rely on mostly city simulation data.  

4) Reducing error in positioning to within one 
meter – again, commercial products nowadays are 
usually accurate within ten meters. 
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The performance of SKMW depends on the 
amount of and accuracy of raw data. According to 
the actual situation of SKMW's usage, its parts can 
be replaced or combined with other algorithms. Still 
in its infancy, SKMW will need further studies in its 
algorithmic efficiency and effectiveness. 
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