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Abstract — In order to improve the accuracy and efficiency of predictive analysis on landslide geological disaster, a method based 
on Ant Colony Optimization, Back propagation ACO-BP neural network is proposed. Firstly, we describe the general situation of 
the study area and introduce the process for extraction of evaluation factors in the slope unit that impacts occurrence probability 
of the landslide geological disaster. Secondly, we improve the parameter learning process of BP neural network by using ACO, and 
determine the optimization of BP neural network parameters. Finally, we verify the effectiveness of the method through a 
simulation comparison of the landslide geological disaster dataset in this area. 
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I. INTRODUCTION 

As one of the common natural disasters, landslide poses a 
great threat to human life and property. In some countries 
suffering from more severe landslide disasters, such as 
Japan, France and America, researches on analysis and 
prediction of landslide disaster have appeared in the 1970s. 
In recent years, economic losses caused by landslide disaster 
in these countries have been on a downward trend, while in 
our country, the landslide disaster, on an upward trend, has 
brought about huge economic losses to us. Hence, in order to 
minimize the losses caused by landslide disaster, great 
significance should be attached to spatial predictive analysis 
on landslide. Based on a systematic research and analysis on 
the rule of occurrence and development of regional landslide 
geological disasters, the frequency of landslide disasters 
should be controlled from a macroscopic view, and effective 
governance and remedial measures from a microcosmic view 
should be carried out. Such governance and measures are of 
great practical significance to prevention and treatment of 
landslide disasters. 

Since the 1990s, GIS technology has been used for risk 
evaluation and analysis on landslide disaster inland. Such 
technology application not only took full advantage of the 
functional characteristics of GIS, including visual mapping, 
DEM analysis, spatial analysis, and attribute management, 
but also help successively put forward the quality index 
model, fuzzy comprehensive evaluation and aggregative 
indicator method, with certain effect in division of landslide 
disasters. 

This paper mainly adopts the ACO and BP neural 
network algorithm to create the early warning analysis model 
for landslide disaster, and, through experiment comparison 
analysis, verify the effectiveness of the method put forward. 

II. DESCRIPTION OF THE RESEARCH AREA 

A.  General Situation of the Research Area 

There are 39 landslides distributed in a research area 
inland, as is shown in Fig. 1, including 50% as ancient 
landslides and 1/4 as modern reactivation landslides, which 
are caused by rainfall or irrigation, with relatively small scale. 
Average gradient of the slope formed by the landslide shall 
be 25°, with a maximum gradient of 45° for the landslide 
(group), mainly gathered in the confluence of Liujiahe 
tributary. Influencing factors of the slope mainly include the 
gradient and contact of loess and bedrock. 

 
Figure 1. General situation of the research area 

The research area belongs to the warm temperate zone 
with semi-humid continental monsoon climate, with four 
distinctive seasons and east wind all year round. The annual 
average temperature is 13.2 o C , with an average annual 
precipitation of 675.7 mm, maximum annual precipitation of 
951.0 mm (in 1981) and minimum annual precipitation of 
378.2mm (in 1995). Rainfall in the research area is 
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dominated by continuous overcast rain and rainstorm, 
generally gathered in the period from June to September, 
accounting 60%~70% of the annual precipitation. For each 
year, there are about 21.8 days of rainstorm weather with a 
daily precipitation greater than 25 mm, while at most 16 days 
are covered by continuous overcast rain, with a frequency of 
3.3 to 3.8 times. It indicates that rainstorm and continuous 
overcast rain serve as the main factors to landslide and debris 
flow disasters in the research area. 

Seismic intensity in the research area is generally 
between 6° and 7°, mostly 7°, and acceleration of seismic 
peak value ranges from 0.lg to 0.2g. Through an analysis on 
the relationship between seism and fault activity in an area 
inland, it is not hard to find that most faults in the research 
area are active faults. Seismic data for the research area over 
the years indicate that the area has never suffered from any 
intense seism, and the seismic effects are mainly from 
seismic wave in the eastern and western seismic areas. 

B.  Extraction of evaluation factor in the slope unit 

(1)Gradient: obtain the average gradient in each natural 
slope unit by using the Mean Function provided by 
divisional statistic analysis functions in the GIS spatial 
analysis model, and use such average gradient as the gradient 
of macroscopic natural slope unit, as is shown in Fig. 2a. 

 
(a)Gradient extraction                 (b)Slope height extraction 

 
(c)Slope aspect extraction           (d)Slope shape extraction 

Figure 2. Extraction of evaluation factor in natural slope unit 

(2)Slope height: respectively extract the maximum and 
minimum elevations in the natural slope unit by using the 
Max and Min Function provided by divisional statistic 
analysis functions in the GIS spatial analysis model, and use 
the difference value as the slope height of macroscopic 
natural slope unit, as is shown in Fig. 2b. 

(3)Slope aspect: extract the slope aspect in each slope 
unit by using the Majority Function provided by divisional 
statistic analysis functions in the GIS spatial analysis model, 
thus obtaining the slope aspect map for a certain area, as is 
shown in Fig. 2c. 

(4)Slope shape: obtain the rough slope shape in each 
natural slope unit by using the Majority Function provided 
by divisional statistic analysis functions in the GIS spatial 
analysis model, thus obtaining the slope shape graph for a 
certain area inland, as is shown in Fig. 2d. 

(5)Quantization of impact factors for hydro-geological 
conditions takes the river in the research area as the datum 
line for buffer analysis, with an interval of 50m; the buffer is 
towards both sides, with participation in the evaluation. 

III. OPTIMIZATION OF BP NEURAL NETWORK 

PARAMETER BY ACO 

A.  ACO 

ACO is initially put forward as an intelligent algorithm 
for  discrete optimization problem. Based on the fact that BP 
neural network parameter is a problem of continuous 
optimization, corresponding improvement should be made in 
ACO [31]. Provided that the following continuous 
optimization problem is taken into account: 

1 2min ( ), ( , , , )dy f x X x x x                (1) 

Pheromone of Ant in ACO is reflected in the path of each 
discrete point. With regard to ACO in this research, Ant 
Colony selects the next advancing mode in accordance with 
the pheromone in a certain zone. The pheromone is attached 
on individuals of the colony, which indicates the attraction 
degree of the individual to the ant. The ant shall, after 
leading the individual to seek optimization, release 
pheromone on the individual. 

B. Optimization of BP neural parameter correlation setting 
by ACO 

Take i i, j( , )knot x y  as a knot, xi as the x-coordinate of 

Line Li, and i, jy  as the y-coordinate of knot j in Line Li; set 

i i, j( , , )x y t  as the pheromone remaining in knot 

i i, j( , )knot x y  of the moment t, and at the initial time, 

pheromone in each knot is equal, namely that 

i i, j( , , )x y t   (   is a constant); the increment of 

pheromone at initial time is zero, namely that 

i i, j( , , ) 0x y t  . ij  indicates the expectation degree from 

i-1 i-1, j( , )knot x y  to i i, j( , )knot x y , and it can, through 
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heuristic algorithm and practical situation of the problem, 
confirm that the value is related to the objective function in 

last circulation. Set  k i i,, j, ,P x y t  as the probability for an 

ant creeping from i-1 i-1, j( , )knot x y  to i i, j( , )knot x y , the 

following formula can be achieved: 
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Provided that t=0 at the initial time, all ants are in O, the 
origin of coordinates, and after n units of time, all the ants 
creep from the starting point to the end, the amount of 
information in each path can be adjusted in accordance with 
the following formula: 

     i i, j i i, j i i, j, , , , ,x y t n x y t x y            (3) 

   i i, j i i, j
1

, ,
m

k
k

x y x y 


                  (4) 

  i i,jnot(x ,y )
i i, j

,
,

0 ,



  


kk

Q

Ex y

otherwise

             (5) 

In the formula, Q is a constant, and kE  is the error value 

of cross validation. 

C. Steps for optimization of BP neural network parameter 
by ACO 

(1) Set m as the number of ants, and define each ant k 
(k=1~m) with a one-dimensional array pathk with n elements; 
save in pathk the y-coordinate of node n passed by ant k, 
which can be taken as the creeping path for ant k, with n as 
the total valid bit of the optimized parameter. 

(2) Provided that the cycle index N=0 and the time 
counter t=0; set the maximum cycle index Nmax and value 
  of information amount i i, j( , , 0)x y  in each knot at the 

initial time; make i i, j( , )x y =0, and put all the ants in O, 

the starting point. 
(3) Set the variable i=1. 
(4) Calculate the probability of these ants creeping to 

each knot in Line Li by using the formula (15); through the 
method of roulette wheel selection, select a knot for each ant 
k (k=1~m) in Line Li, put ant k in its corresponding knot, and, 
at the same time, save the y-coordinate of the knot in the ith 
element of pathk. 

(5) Set i=i+1. If i≤n, turn to Step (4); if not, turn to Step 
(6). 

(6) In accordance with the paths passed by ant k, namely 
the array pathk, calculate the BP neural network parameter 
corresponding to the path. 

(7) Averagely divide the training samples into k mutually 
exclusive subset S1, S2,…, Sk. 

(8) Train the BP neural network and calculate the k−fold 
cross validation error by using the calculated parameter. 

①Initialize i=1. 
②Save subset Si as the testing set, and the remaining 

subset as training set for BP neural network. 
③ Calculate the generalization error 

2( )ii ie mean s s   of the ith subset; make i=i+1, and 

repeat the Step ② until i=k+1. 
④Calculate the average generalization error for k times, 

and obtain the k−fold cross validation error. 
(9) Record the optimal path of the circulation this time 

with the k−fold cross validation error as the adaptive value. 
(10) Make t=t+n and N=N+1, update the information on 

each knot and reset all the elements in pathk in accordance 
with the formula (16). 

(11) If N＜Nmax, and the whole ant colony is not in the 
same path, relocate all the ants in O, the starting point and 
turn to Step (3); if N＜Nmax, and the whole ant colony is in 
the same path, terminate the algorithm, output the optimal 
path and calculate the corresponding BP neural network 
parameter. 

 

Figure 3. Network intrusion testing model for ACO-BP neural network 
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IV. EXPERIMENTAL ANALYSIS 

The research area has been, through positive and negative 
DEM, divided into 216 natural landslide units, including 123 
completed landslide units and 93 uncompleted landslide 
units. In order to conduct an evaluation on risk of the 
uncompleted landslide units and verify the prediction results, 
80 completed landslide units and 40 uncompleted landslide 
units have been selected as the training samples, while the 43 
completed landslide units and 53 uncompleted landslide 
units remaining as the prediction samples. 

Through 488 times of research on the network, the Error 
Square Sum Curve (Fig. 4), Adaption Curve (Fig. 5) and 
ACO-BP Process Error Curve (Fig. 6) can be obtained. Final 
comparison in network error and computing time is shown in 
Table 1; comparing algorithm adopts the standard BP 
algorithm and GA-BP algorithm. 

 

Figure 4. Error square sum curve 

 

Figure 5. Adaption curve 

 

Figure 6. ACO-BP process error curve 

TABLE 1. CONVERGENCE COMPARISON 

Indicator ACO-BP
algorithm BP algorithm GA-BP

algorithm
Convergence 

precision 9.99501 e-008 8.66589 e-005 7.52512 e-006 

Computing time 
(s) 5.6 9.7 13.8 

As is shown by comparison data in Table 1, as for 
convergence precision, the precision of landslide prediction 
by ACO-BP algorithm is 9.99501 e-008, while the precision 
of landslide prediction by BP algorithm is 8.66589 e-005 and 
GA-BP algorithm 7.52512 e-006; ACO-BP algorithm has the 
highest precision. With regard to computing time, the ACO-
BP algorithm, with a computing time of 5.6s, is also superior 
to the comparing algorithm selected. 

V. CONCLUSION 

This paper has put forward an analytical method for 
prediction of landslide geological disaster based on ACO-BP 
neural network; the specific method content is to extract the 
evaluation factors in the slope unit for occurrence probability 
of landslide geological disaster, and then approach the 
landslide geological disaster prediction model through the 
ACO-BP neural network; the experimental results verify the 
effectiveness of the model designed. 
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