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Abstract—Through researching and analyzing adaptive 
strategy and fuzzy C-means (FCM) clustering algorithm, we 
put them together to form an adaptive FCM clustering 
algorithm. It is a good solution to the problem of local 
optimum as well as sensitivity to the initial value for the 
traditional FCM clustering algorithm. Finally, the new 
algorithm has been used in the divided region of police 
patrols in a city. In the division of the region, it has been 
proved by experiments that the sum of distance between a 
police vehicle and each possible accident scene can achieve 
the minimum value, which shows a significant effect of 
police patrols. And through the improved dijkstra 
algorithm to calculate shortest path length between a police 
vehicle and an accident scene, it proves that a police vehicle 
in the division of the region arrives at an accident scene 
within three minutes after accepting the warnings, whose 
proportion is 90.2%. On the base of the divided region, we 
put parameter adaptive thinking and MMAS together to 
form adaptive MMAS, which is used to calculate optimal 
patrol circuit in the divided region. It proves in the 
experiment that algorithm efficiency in adaptive max-min 
ant system increases by 26.34% more than non-adaptive 
max-min ant system under the same condition and has a 
good prospect for the optimal circuit of police patrols. 
 
Index Terms—fcm, adaptive, mmas, regional division 
 

I.  INTRODUCTION 

Fuzzy clustering analysis is one of the main techniques 
of unsupervised machine learning [3]. It is also a critical 
data analysis and modeling method in fuzzy theory. It 
establishes the uncertainty description of sample generic, 
which can more objectively reflect the real world. It has 
been effectively applied in large-scale data analysis, data 
mining, vector quantization, image segmentation, pattern 
recognition and other fields [1]. So it has important 
theoretical and practical value. With the in-depth 

development of application, the study on fuzzy clustering 
algorithm will continuously enrich. 

Among fuzzy clustering algorithms, fuzzy C-means 
(FCM) clustering algorithm is the most widely used and 
its application is also more successful. It optimizes the 
objective function to get membership degree for each 
sample point compared to all the cluster centers, then 
determines the generic of sample points, and finally 
achieves the purpose of automatic classification for data 
samples. Regional division of police patrols also makes 
use of FCM clustering algorithm. To be able to 
dynamically generate clustering center depending on the 
patrol case, we use the adaptive strategy to improve the 
algorithm. The improved dijkstra algorithm proves that 
the final results are very good. 

Max-min ant system (MMAS) has the best 
performance for the entire ant colony optimization 
algorithm, but it has some shortcomings, for example, its 
convergence time is too fast, and parameter settings are 
sensitive to the algorithm [11]. We study and analyze 
MMAS, and then make use of parameter adaptive 
thinking to form adaptive MMAS. As a result, 
shortcomings of MMAS have been effectively controlled. 
And finally we make use of it to calculate the optimal 
circuit of police patrols. Experiment proves that the 
problem of police patrols is well solved. 

II.  DESCRIPTIONS AND ANALYSIS OF THE PROBLEM 

A.  Description of the Problem 
Police vehicles cruise in the street, not only are able to 

deter criminals and reduce crime, but also can increase 
the public's sense of security, and simultaneously 
accelerate response alarm time. It also improves response 
timeliness and provides a strong guarantee for social 
harmony. 
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Considering an area within a city, it is shown in Fig. 1. 
To simplify the problem, we assume that all the accident 
scenes are on the road, the red dots are possible accident 
scenes, the blue part is water, and the road between two 
adjacent intersections is approximatively considered to be 
a straight line. 

 
Figure 1.  City map of a city 

A city intends to increase some police vehicles which 
are equipped with GPS satellite positioning systems and 
advanced communications equipment. The average speed 
of police patrols is set to 20km/h, and the average speed 
after accepting the warnings is set to 40km/h. Police 
configuration and patrol program meet the following 
requirements as far as possible.  

• D1. A police vehicle arrives at the accident scene 
within three minutes after accepting the 
warnings, whose proportion is not less than 90%.  

• D2. To make patrol effectiveness more 
conspicuous.  

• D3. Laws for police patrols should be hidden as 
far as possible. 

If the region only Configures 10 police vehicles, it 
should be how to develop patrol program to make D1 and 
D2 met as far as possible. 

B.  Analysis of the Problem 
By analyzing data relations in Fig. 1 as well as 

requirements for police configuration and patrol program, 
if it satisfies the condition D1, police vehicle can go 2000 
meters for three minutes. Police vehicles drive on the 
road, which has the deterrent effect. Therefore, if it 
satisfies the condition D2, police vehicles should be able 
to traverse all the roads as soon as possible. That is to 
say, the sum of distance between a police vehicle and all 
the possible accident scenes achieves the minimum value. 
In addition, accidents are random and dynamic, the 
location of police vehicles is also dynamic, and the area 
in a city is fixed. 

Therefore, FCM clustering algorithm is used to divide 
city subdivision into ten small pieces. If the shape of 
divided region is more concentrated, rather than long and 
narrow, D1 and D2 can be satisfied as far as possible. It is 
proved that the algorithm can be the probability 
arbitrarily close to 1 to converge to the optimal solution 
and have randomness. Therefore, we use MMAS to solve 

the problem of police patrols, which can make D3 be 
satisfied as far as possible. 

In order to make clustering effect better, FCM 
clustering algorithm has two improvements:  

• Considering that the location of police vehicles 
and accidents are random, it need adaptively 
generate a more accurate clustering center, so 
FCM clustering algorithm should be improved by 
an adaptive strategy.  

• According to Fig. 1, sometimes a very long way 
has not a node, which will affect the effect of 
clustering algorithm. The solution to this problem 
is to find the shortest path(108m) in Fig. 1, then 
add a node by 110m as a step in the road, which 
will get more than 2000 nodes in this way, finally 
use adaptive FCM clustering algorithm for 
clustering.  

III.  ADAPTIVE FCM ALGORITHM AND IMPROVED 
DIJKSTRA ALGORITHM 

A.  Fuzzy C-means Clustering Algorithm 
FCM clustering [2] is a clustering algorithm that is 

based on the degree of membership to determine each 
sample point to belong to the extent of a cluster domain, 
an improvement for early hard C-means (HCM) 
clustering algorithm, and the most classic fuzzy 
clustering algorithms. FCM clustering divides n vectors 

xi
 ( ni ,,2,1= ) into p fuzzy groups, then finds the 

cluster center of each group, and finally makes non-
similarity index value function achieve the minimum 
value. It can be simply expressed as the following 
mathematical programming problem [2]. 
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Where xxx n
X ,,,

21
= is multi-dimensional 

Euclidean sample space for the data set, n is the number 
of a given data set, the fuzzy partition matrix U is 
composed by the membership degree of sample x j

 in 

fuzzy group i, C is the collection of cluster center, p is the 
number of cluster center or fuzzy group, fuzzy factor 

[ ]∞∈ ,1m  is a weighting coefficient, [ ]1,0∈uij
 is 

membership degree of the data set, xj
 is clustering 

object j, and ci
 is the cluster center of fuzzy group i. 

Through the fuzzy partition, FCM allows each sample 
point be given by a membership degree ranging from 0 to 
1 to determine whether it belongs to a group. The smaller 
membership degree is, the closer distance between a 
sample point and a cluster center is. Through normalized 
number set, the sum of membership degree [2] is equal to 
1. Namely: 
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The definition [2] of FCM objective function is as 
follows. 
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Where xcd jiij −=  is Euclidean distance 

between cluster center ci
 and sample point xj  . 

To seek necessary condition to achieve the minimum 
value for (3), a new objective function (4) is constructed 
by Lagrange multiplier method. 
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Equation (4) is adjusted into (5). 
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Where λ j
 ( nj ,,2,1= ) is Lagrange multiplier of 

the n constraint-type in (2). All the input parameters in 
(5) calculate derivation to get necessary condition (6) and 
(7) to achieve the minimum value for (3). 
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According to necessary condition (6) and (7), FCM 
clustering is a simple iterative process. FCM runs in 
batch mode to determine cluster center ci

 and 
membership matrix U, whose steps is as follows. 

• Step 1: The membership matrix U is initialized to 
random number in [0, 1] and satisfies constraints 
in (2). Then iteration number t is initialized to 0 
and its maximum iteration number is set to T. 
Finally, threshold is set toε .  

• Step 2: According to (6), it calculates p cluster 
center ci

 ( pi ,,2,1= ).  

• Step 3: According to (3), it calculates the 
objective function. If the result is less than 
threshold ε , or relative change to the previous 
value function is less than thresholdε , then the 
algorithm stops.  

• Step 4: According to (7), it calculates the new 
matrix U, then back to Step 2. 

FCM clustering algorithm needs parameter p and 
parameter m. Parameter p is usually much smaller than 
the total number of cluster sample and more than 1 at the 
same time [2]. Parameter m is a flexible coefficient to 
control algorithm. If m is too large, then the clustering 
results are poor. And if m is too small, then the algorithm 
is close to HCM clustering algorithm [2]. According to 
[5], if m is equal to 2, the algorithm can achieve fairly 
good results. 

B.  Adaptive Strategy 
FCM clustering algorithm can be viewed as the 

mapping from initial cluster centers to clustering results. 
After initial value is definite, clustering results are 
uniquely determined. Therefore, the study on the 
selection of FCM initial value has a great significance 
impact on clustering results. The location of police 
vehicles and accident scenes have been changing at all 
times and the new data have constantly been added, so 
the previous cluster center need be continuously changed. 
Then the algorithm needs to re-iterate sample space in 
order to get more precise cluster center. Finally, 
clustering results are more effective. 

In order to achieve the effect of adaptive, sample 
matrix M [4] of each cluster is separated from the above 
fuzzy matrix U. 

[ ]0,mij
M =                                                             (8) 

Where mij  [4] indicates sample point xi
 to belong 

to fuzzy group j, the remaining points in fuzzy group j are 
filled with 0. 
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The formula (9) indicates that mij  takes the 

minimum value of each column in fuzzy matrix. Namely, 
sample point xj

 that is the smallest different from fuzzy 

group i is most likely to belong to the group, and then is 
placed by row i and column j in the matrix M. In 
addition, the mapping function for matrix M is A [4]. 

),( aA iiA =                                                          (10) 
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Where Ai  is cluster center in fuzzy group i, ai
 is 

Euclidean distance between cluster center Ai  and 

sample point xi
. 

AAd kiij
−=                                                    (12) 
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According to (12) and (13), the algorithm circulates to 
calculate dij

 andlij
. If δ 1

<dij
 and δ 2

<lij
, row i 

and row j in matrix M are merged into a row and delete 
the other rows. After merging similar groups, then it 
randomly generates several new cluster centers and re-
iterative clustering algorithm. Therefore, fuzzy C-means 
clustering algorithm can get an adaptive clustering center, 
which makes clustering results more accurate. 

C.  Dijkstra Algorithm 
Dijkstra algorithm is the best algorithm currently 

accepted to seek the shortest path. Its basic idea is to 
generate the shortest path based on the order of gradually 
increasing path length. If weighted graph ( )WEVG ,,=  
(G is undirected graph or directed 
graph) ( )vvv nV 110 ,,,

−
= , and W is weight 

collection on edge collection E, dijkstra algorithm 
calculates shortest path between a vertex to other vertices, 
whose algorithm steps are as follows. 

• Step 1: Initialize shortest path collection S and 
shortest path length collection 
D. { }vS 0= , [ ] [ ][ ]iWiD 0= , 1,,1,0 −= ni . 

• Step 2: Select v j
 to make { }v j

SS ∪= and 

[ ] [ ]{ }SViDjD vi −∈= |min . 

• Step 3: Modify shortest path length from v0
 to 

vk
( SVvk

−∈ ). If [ ] [ ][ ] [ ]kDkjWjD <+ , 

then [ ] [ ] [ ][ ]kjWjDkD += . 

• Step 4: Step 2 and Step 3 are re-run by n-1 times, 
which can obtain shortest path length from v0

 to 

other vertex vj  ( 1,,2,1 −= nj ). 

D.  Improved Dijkstra Algorithm 
Dijkstra algorithm can find a shortest path from a 

vertex to other vertices. The solution to this problem only 
requires a shortest path between two fixed vertices, so 
Dijkstra algorithm needs to be improved to calculate 
shortest path length between two fixed vertices. The 
improved algorithm steps are as follows. 

• Step 1: Step 1—Step 4 in dijkstra algorithm are 
introduced to calculate shortest path length from 
a vertex to other vertices, which is a sequence of 
shortest path length. 

• Step 2: According to the starting vertex and end 
vertex to search the sequence of shortest path 

length, the result is shortest path length between 
two fixed vertices. 

E.  Adaptive MMAS 
1) Parameter adaptive thinking 
The parameter ( ) [ ]ααα maxmin ,∈t  is adaptive in 

accordance with (14) [12] and the parameter 
( ) [ ]βββ

maxmin
,∈t  is adaptive in accordance with 

(15) [3]. 
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After the end of each loop and according to obtained 
solution, g (t) begins to adjust parameters α  and β . 

[ ]ggtg
maxmin

,)( ∈   is adaptive in accordance with 

(16) [12]. 
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2) MMAS 
Each ant in the colony is located at a point on a 

random. The probability that point j is selected to be 
visited for ant k which was located on point i can be 
written in a formula as follows [9]: 
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Whereτ ij
 and Dij are respectively the intensity of 

pheromone and the direct distance between point i and 
point j.  While η ij

is the visibility of point j from point i, 

Dijij
1=η . The parameters α  and β  means the 

weighting factor of the intensity of pheromone and the 
visibility of point j form point i. The intensity of 
pheromone is modified under the following rules [9]: 

τττ ρ
ijijij

∆+×=                                               (18) 
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Where 10 << ρ  is volatility coefficient of 

pheromone. τ k

ij
∆  Means the increments of the 

pheromone between point i and point j which is induced 
by ant k in this round. Pheromone q0

is just a constant. 

Rk  Is a route which the ant k visited and Lk is the total 

length of the route Rk . 
In MMAS, its peculiarity is the inclusion of upper and 

lower bounds to the pheromone level (τ max
andτ min

), 
thus helping to avoid stagnation. In [10], the upper bound 
is usually chosen to be (21), and the lower bound is set to 
(23). 

Fbest

1
1

1
max ×

−
=

ρτ                                            (21) 

n2maxmin ττ =                                                      (22) 

Where Fbest  is the best solution so far, and parameter n 

is the number of point s in the division of the region. 
3) adaptive MMAS implementation steps 
• Step 1: t=0, ncnc max0 ≤≤ , ( ) constttij

= , 

( ) 00 =∆tij
. The value of const is a constant. 

Pheromone q0
is initialized. The m ants are 

placed in the collection C composed of n point s. 

• Step 2: nc = nc+1, and Taboo table index number 
k=1. 

• Step 3: k=k+1; 

• Step4: According to (17), select point j to make 
{ }tabuk
Cj −∈  and taboo table 

tabuk shows the ant k has currently traversed 
a point. 

• Step 5: Modify the taboo table pointer to make 
the ant move to a new point. At the same time, 
the point moves into the taboo table of the ant.  

• Step 6: If k<m, go to Step 3, else go to Step 7. 

• Step 7: According to (14), (15), (16), (18), (19), 
and (20), update the pheromone on each path. 

• Step 8: If ncnc
max

≥ , loop ends and the 
algorithm outputs results, else the algorithm 
clears up taboo table and goes to Step 2. 

IV.  EXPERIMENTAL RESULTS AND ANALYSIS 

Experimental data are coordinates of all possible 
accident scenes and paths between all possible accident 
scenes in Fig. 1, which can be seen as a 307 vertices and 
458 edges undirected graph. In order to make the problem 
simple, we suppose when the accident occurred, police 
vehicles are just patrolling to a possible accident scene, 
so a complex issue is simplified into a graph theory 
problem between point and point. 

In order to verify the effectiveness of adaptive FCM 
clustering algorithm and MMAS to solve the problem of 
police patrol, we prepare three-part experiment. The first 
part of the experiment is used to solve the divided region 
of police patrols. The second part of the experiment 
simulates an accident scene, which is used to test and 
analyze the effectiveness of the adaptive FCM clustering 
algorithm to solve the divided region of police patrols. 
The third part of the experiments is based on the first part 
of the experiment. It is used to test that adaptive MMAS 
calculates the optimal patrol circuit. 

A.  Experimental Results 
In the first part of the experiment, according to Fig. 1 

and coordinates for all possible accident scenes, we get 
scatter for accident scene, which is showed in Fig. 2. 

 
Figure 2.  Scatter for accident scene 

Then, we use adaptive FCM clustering algorithm to 
deal with the relationship between the vertices in Fig. 2. 
In the initialization, parameter m is set to 2, parameter p 
is set to 10, and cluster centers are dynamically generated 
by adaptive strategy. The result is that a city in Fig. 2 is 
divided into 10 patrol areas, which are showed in Fig. 3. 
A police vehicle patrols a divided region. Points that are 
marked by Arabic numerals in Fig. 3 are cluster centers 
generated with an adaptive strategy, and they are also the 
location of police patrols. The other points in Fig. 3 are 
the scene that an accident may occur. When there is no 
accident, each vehicle can only patrol in the divided 
region. When accidents occur, according to adaptive 
strategy, FCM clustering algorithm re-divides each 
regional, and then the police vehicle within the same 
region rushes to the accident scene. 
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Figure 3.  Zoning map for police patrols 

The second part of the experiment is based on 
experimental results in the first part of the experiment. In 
the experiment, cluster center is seen as the location of 
police vehicle, then a point in each region is randomly 
selected as an accident scene, finally, improved dijkstra 
algorithm calculates the shortest distance between the 
location of police vehicle and an accident scene. If the 
shortest distance is less than or equal to 2000 meters, 
police vehicle can arrive at the accident scene within 3 
minutes. If the shortest distance is more than 2000 
meters, police vehicle can not arrive at the accident scene 
within 3 minutes. The experiment is done by 100 times in 
each region, that is to say, the experiment in the whole 
region has been done by 1000 times. The experimental 
results are showed in table Ⅰ. 

TABLE I.   
T EST RESULTS FOR POLICE PATROLS 

Divided 
Region 

Experiment 
Number 

Success 
Number 

Success 
Percentage 

Region 1 100 82 82%
Region 2 100 98 98%
Region 3 100 95 95%
Region 4 100 87 87%
Region 5 100 85 85%
Region 6 100 94 94%
Region 7 100 97 97%
Region 8 100 92 92%
Region 9 100 91 91%

Region 10 100 81 81%
In the third part of the experiment, possible accident 

scene in divided region 1 is marked by Arabic number, 
which is showed in Fig. 4. 

 
Figure 4.  Number of possible accident scenes in divided region 1 

According to Fig. 4 as well as [11], we set optimal 
parameters for adaptive MMAS. The parameter m is set 
to 10, q0

 is set to 0.9, and ρ  is set to 0.7. As a result, 

Fig. 5 is MMAS iterative course for police vehicle 1 in 
Fig. 4. Fig. 7 is the optimal circuit diagram for police 
vehicle 1. 

According to Fig. 4 and [11], we set optimal 
parameters for non-adaptive MMAS. The parameter m is 
set to 10, q0

 is set to 0.9, α  is set to 1，β  is set to 5, 

and ρ  is set to 0.7. As a result, Fig. 6 is non-adaptive 
MMAS iterative course for police vehicle 1 in Fig. 4. Fig. 
7 is the optimal circuit diagram for police vehicle 1. 

 

 
Figure 5.  Iterative course in adaptive max-min ant system  

 
Figure 6.  Iterative course in non-adaptive max-min ant system  

 
Figure 7.  Optimal circuit diagram for police vehicle 1 

According to Fig. 5, iterative best cost for police 
vehicle 1 is 329.7s in adaptive MMAS. According to Fig. 
6, iterative best cost for police vehicle 1 is 447.6s in non-
adaptive MMAS. According to Fig. 7, the optimal circuit 
for police vehicle 1 in adaptive and non-adaptive MMAS 
is 9->14->32->36->43->67->66->71->94->92->111-
>128->130->109->131->113->102->97->95->89->73-
>62->46->38->33->26->12->9. Similarly, we can get 
other iterative courses and optimal circuits in other 
regions. 
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B.  Experimental Analysis 
In the first part of the experiment, according to Fig. 3, 

each divided region is close to circular, rather than long 
and narrow shape, and cluster center is located in the 
center of the region. So the sum of distance between a 
cluster center and the other points achieves the minimum 
value. Therefore, effect of police patrols is significant, 
which satisfies the condition D2. 

In the second part of the experiment, according to table 
Ⅰ and Fig. 3, each divided region is different, and the 
length of the path within the region is also different. So 
the proportion that a police vehicle rushes to an accident 
scene within three minutes after accepting the warnings is 
different. Experiments prove that the proportion in the 
divided region is 98% at the best circumstances, and is 
81% at the worst circumstances. However, according to 
(18), the proportion that a police vehicle rushes to an 
accident scene within three minutes after accepting the 
warnings is 90.2% for the whole city. This is to say, the 
adaptive FCM clustering algorithm achieves an overall 
optimum through the local optimum, and finally makes 
the proportion that a police vehicle rushes to an accident 
scene within three minutes after accepting the warnings 
be not less than 90%, which satisfies the condition D1. 

%100×=
N
NF

Total

Suc
Suc                                        

(23) 
Note: 

• F Suc : The percentage of success. 

• N Suc : The number of successful experiments. 

• NTotal : The total number of experiments. 

In the third part of the experiment, according to Fig. 5 
and Fig. 7, the parameter α  reflects the relative 
importance of pheromone level in the state transition 
probability. The higher its value is, the greater the 
possibility that ants select previously traversed path is, 
but the less search randomness is. The parameter β  
reflects the intensity of priori factors in the process of the 
optimal solution. If its value is too high, convergence is 
faster, but convergence performance shows signs of 
deterioration. If its value is too low, MMAS algorithm is 
in a purely random search. When the algorithm starts to 
run, α  is set to the minimum value and β  is set to the 
maximum value. Because the pheromone of the entire 
path is the same level at the beginning, ants at a local 
point are more likely to choose local shortest path. 
Therefore, when the algorithm finds a more optimal 
solution, it increases the value of α  and gradually 
reduces the magnitude that α  increases. Finally, α  
increases to α max

 and stops to increase, but β  
maintains the maximum value when the algorithm runs.  
When the algorithm is likely to fall into local optimum, it 

reduces α  and β  at the same magnitude and gradually 
increases the magnitude that α  and β  reduces. Finally, 

they may respectively stop in α min
andβ min

. Because 

α  is reduced, which can weaken positive feedback in the 
local optimum path, and β  is reduced, which can 
enhance the randomness in the search process, eventually, 
the algorithm can escape from the local optimum. After 
the algorithm escapes from the local optimum, it 
gradually recovers the values of α  and β , finally, 
convergence performance is also recovered. As a result, 
shortcomings of MMAS have been effectively solved, 
that is to say, adaptive MMAS is able to ensure a 
balanced patrolling path and randomness. In addition, 
according to Fig. 5 and Fig. 6, iterative best cost for 
police vehicle 1 is 329.7s in adaptive MMAS and 
iterative best cost for police vehicle 1 is 447.6s in non-
adaptive MMAS. Thai is to say, algorithm efficiency in 
adaptive max-min ant system increases by 26.34% more 
than non-adaptive max-min ant system under the same 
condition. Thus, adaptive MMAS make D3 be met as far 
as possible. 

V.  Conclusions 
Fuzzy C-means clustering algorithm is essentially a 

local search optimization method. It achieves an overall 
optimum through the local optimum. However, it is very 
sensitive to the initial value, and is easy to fall into local 
minimum value, which affects the overall optimum. So 
we make use of an adaptive strategy to improve it and 
form a new algorithm, which is a good solution to the 
problem. Then the algorithm is applied to regional 
division of police patrols in a city. Finally, the improved 
Dijkstra algorithm proves that adaptive fuzzy C-means 
clustering algorithm solves the application problem very 
perfectly. In all ant colony optimization algorithms, max-
min ant system has the optimal performance, and it is 
proved that the algorithm can be the probability 
arbitrarily close to 1 to converge to the optimal solution. 
But it is vulnerable to the impact of convergence time and 
parameters. We make use of parameter adaptive thinking 
to form adaptive MMAS, which is a good solution to the 
problem. Finally, we use adaptive FCM clustering 
algorithm, and adaptive MMAS to solve the problem of 
police patrols. Experiments prove that the problem has 
been well solved. 
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