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Abstract: Space-time event detection is one of major tasks in wireless sensor network. The event always 
represents the complex space-time relationship. Despite there are great progress in this area, most of the existing 
works on event detection are restricted to inference and study in the spatial or the temporal field separately, the 
accuracy of event detection is not so high. Based on the description a space-time event, a space-time model 
based on dynamic conditional random field is given and an algorithm for space-time event detecting is presented 
based on belief propagation in this paper. Simulation results show that the presented algorithm is better than the 
algorithm in performance based on Markov random field and dynamic Bayesian network on detection accuracy, 
recall rate, and F1 score, the proposed algorithm is suited for wireless sensor network with short time-
consuming. Copyright © 2013 IFSA. 
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1. Introduction 
 

The emergence of wireless sensor network 
promotes the applications of event detection in many 
important field, such as dangerous gas monitoring, 
including the coal mine gas and fire, debris flow 
monitoring, etc. [1]. In practical applications, the 
event detection of wireless sensor network (WSN) 
mainly faces the following two challenges: 

Detection accuracy: due to the effect of 
environmental noise and the stability of the sensor 
node equipment itself, a single wireless sensor node 
often gives the wrong test results; in general fault 
tolerant detection algorithm must be used. 

Energy efficiency: the wireless sensor node is 
usually powered by batteries, adopting the incident 
detection algorithm with the energy efficiency must 
be considered. 

Therefore, event detection method in wireless 
sensor network is got an unprecedented attention. At 

present, the method of event detection in wireless 
sensor networks can be roughly divided into three 
categories: (1) The threshold detection method [2], 
that is if the sensor data exceeds a certain threshold, 
then the judgment is made about this event 
happening. (2) The model testing method [1], that is, 
according to the sensor data, the method of pattern 
recognition is adopted, and making a decision for the 
event happened. (3) Reasoning testing method [3], 
that is, through the temporal or spatial correlation 
model of the sensor data, to make an inference about 
the possibility of the event happened. 

In these three kinds of detection method, the 
sensor data is relevant on time or space, using the 
correlation can eliminate the uncertainty of the 
inherent sensor data, and reduces the false alarm 
probability of the event detection, thus the event 
detection method of reasoning is very promising. In 
this kind of approach, the method of probabilistic 
graph model [4], such as Markov Random Fields 
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(MRF) [3] and Dynamic Bayesian Networks (DBN) 
[4], they are used frequently. However, these 
methods are narrowly assuming that the observations 
are independent with each other; the purpose of this 
assumption is to ensure that reasoning can be 
calculated. In addition, these methods are 
respectively limited to reasoning and learning in time 
or space domain, the combination of reasoning and 
learning on time and space is rarely mentioned. And 
in the real world, the sensors are distributed in a 
certain space layout, sensor data is collected in a 
certain time period, therefore, sensor data has showed 
strong temporal and spatial correlation. Such a space-
time relationship is critical to the accuracy of the 
event detection. Therefore, from a global point of 
view, the reasoning and learning integrated with time 
and space domain are in favor of to improve the 
detection accuracy of complex events. 

To realize complex space-time event detection, 
the model should meet the following characteristics: 
at different scales of space and time, model can 
access to related characteristics of long-distance 
observation; the model can self study according to 
the given data; the model has the capability of nearly 
real-time events forecast and reasoning. Contrast with 
MRF, DBN algorithms it needs to assume 
independent observations, the Dynamic Conditional 
Random Field (DCRF) [5] method broadens the 
hypothesis of independent observation with each 
other, but on the implicit state of observation to 
directly implement conditional distribution modeling, 
which is expected to get better reasoning and learning 
results. Therefore, based on space-time event model, 
this article proposes a dynamic conditional random 
field (DCRF) and Belief Propagation (BP) space-time 
event detection method in wireless sensor network, 
and the computer simulation result is given. 
 
 
2. Literature Review 
 

Event detection algorithm is usually divided into 
the centralized and the distributed, the centralized 
event detection algorithm is simpler, but it needs to 
consume large amounts of node energy and wastes of 
communication bandwidth, which is not suitable for 
the sensor network with constrained energy and 
limited bandwidth. Distributed event detection 
method can effectively reduce the data amount in the 
network, thereby to reduce the energy consumption 
of nodes. In the event detection algorithm of wireless 
sensor network a distributed event detection 
algorithm is more widely used with less  
energy consumption. 

At present, about the event detection of wireless 
sensor network, the distributed fault tolerant 
algorithm mainly includes: the distributed Bayesian 
fault tolerant algorithm [6], mobile-based median 
algorithm [8], mobile-based average algorithm[8], 
and an improved algorithm based on distributed 
Bayesian [7], etc., in which the distributed Bayesian 
fault tolerant event detection is most typical. 

In order to improve the fault-tolerant performance 
of incident detection algorithm, Bhaskar 
Krishnamachari and Sitharama Iyengar recently 
proposed a distributed Bayesian fault tolerant event 
detection algorithm [6], the basic principle of 
algorithm is using the redundant information that 
adjacent nodes monitoring the spatial correlation of 
environment to do error correction to event’s 
detection results. For distributed Bayesian fault 
tolerant event detection algorithm is sensitive to 
environmental noise is the fact that the Min Dong put 
forward new distributed events and event boundary 
detection method [8]. 

In order to further using space redundant 
information, the mobile-based median event 
detection algorithm is made changes; 32 bit real data 
is used to represent the nodes of detection 
information. This method based on median 
estimation can use space redundant information more 
largely to improve the detection accuracy, but its 
energy consumption is 32 times of the distributed 
Bayesian fault tolerant event detection algorithm, 
even more; this is not an option for energy-limited 
sensor networks. Therefore, in the event detection 
algorithms the fault-tolerant performance and energy 
efficiency aspect should get a reasonable 
compromise, not only to find optimal method in fault 
tolerance performance. 

In order to better balance the energy consumption 
and test precision of event detection, Guang Jin et al. 
proposed a called NED (An Efficient Noise and 
Event Tolerant Boundary Detection Algorithm) 
compromise algorithm [9], which is through a 
variable length coding mechanism to balance the 
energy consumption and accuracy in the events 
detection. Xunwen Luo et al. mathematically proved 
that [7], the detect errors caused by sensor errors and 
environmental noise, appears exponential decline 
with the increase of adjacent nodes. 

Although Xuwen Luo et al. brought improvement 
to the distributed fault-tolerant events detection 
algorithm, but the improved algorithm can't 
overcome the confliction between fault tolerance 
performances are poor at network borders and 
adjacent nodes information are mutual contradiction 
at event boundaries. 
 
 
3. Space-Time Event Modeling 
 
3.1. Space-time Event 
 

First event space is defined as the set of time and 
space patterns, these patterns include the target 
movement, or the combination of other limited entity 
space. Each entity E can be represented as random 
sensor data x(E, s, t), in which t is the time slice, s is 
the spatial coordinates of sensor nodes. As a result, 
the so-called event detection is based on the 
observation of x(E, s, t), to make a decision if event E 
happens in a specific spatial location s and particular 
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moment t. Space-time events can be divided into two 
categories, diffusion and moving events. Diffusion 
events take event source as a starting point, and make 
a directional diffusion in spatial domain, as shown in 
Fig. 1. But mobile events appear in a specific region, 
and move with time along a certain direction, as 
shown in Fig. 2. 
 
 

 
 

Fig. 1. Diffusion events. 
 
 

 
 

Fig. 2. Moving events. 
 
 
3.2. A Space-Time Event Model Based  

on Dynamic Conditional Random Field 
 

Dynamic Conditional Random Field (DCRF) is 
one of the undirected graph in probability graph 
model, to a given characteristics set, this kind of 
DCRF undirected graph can finish the coding of the 
conditional probability distribution, that is, to the 
random observation sequence x, the conditional 
probability of state sequence y can be represented as: 

 

1( | ) ( , )
( ) c c

c C

p y x y x
z x

φ
∈

= ∏
 

(1) 

 

In the expression, { }y yt= , { }x xt= , 1t = , 
T, y is the sign of the observation sequence x. C is 
the clique of graph G, G is the graphical 

representation of conditional random field model,φ  
is the negative potential function defined on C, Z(x) 
is the normalized constant. Usually, the potential 

function ,( )c cy xφ
 can be represented as multiplied 

expression by characteristic function { kf }: 

( , ) exp[ ( , )]c c k k c c
k

y x f y xφ λ= ∑
 

(2) 

 
In order to modeling the random space-time 

events, it needs to get spatial relationship of sensor 
nodes of each time slice, as well as the temporal 
relationship among adjacent sensors. Here a kind of 
comprehensive method based on DCRF modeling 
method is adopted; integrated method modeling 
based on DCRF is in fact obtained by extending the 
conditional random field (CRF) model in the spatial 
domain to the time domain. Thus, similar with 
discrete Bayesian network [8], DCRF model can use 
a template to determine, this template includes 
graphic structure, the characteristic function, and 
weighted value of two time slices, etc. Here 

{ ( , , )}k tcF f y x t= is the feature function set, 
{ }kλ∧ = is the weighted coefficient set for real 

value. In this way, DCRF may be defined as: 
 

,
1( | ) exp[ ( , , )]
( ) k k t c

kt c C

p y x f y x t
Z x

λ
∈
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In the expression, 1 2{ , ,..., }Ty y y y=  is the 

sequence of random vectors 1{ ,..., }i i iny y y= , iy  

is the state vector of moment i, ijy
 is the value of 

variable j at moment i. Fig. 3 shows an example of 
DCRF probability graph model. 
 
 

 
 

Fig. 3. DCRF Space-time event model. 
 

In Fig. 3, the dark color nodes represent observed 
value x, light color nodes represent the hidden tags y 
about the event, the value y is concluded by 
reasoning to observing value x. In the model 
structure, the solid line shows the space relationship 
among sensor nodes in the same time slice, the dotted 
line represents the conditional transfer among 
different time sensor data under time series). 

These relationships can be defined as the 
characteristic function of DCRF model: 

 
2

, , 1 , , 1 , , 1( , , , ) [ || || ]i t j t i t j t i t j tf y y x x x xδ ε+ + += − ≤
 (4) 
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In the expression, D(X) is the indicator function, 
and when it meets the condition X, the value is 1; 
when it does not meet the condition X, its value is 0. 
Using this characteristic function, the consistency of 

implicit nodes ,i ty
 and , 1j ty + corresponding to two 

adjacent sensor nodes is and js
can be viewed. In 

other words, if sensor node is  at time t detects an 

event, and at the next moment sensor node js
 is 

observed the reading ,i tx
, if it is similar with the 

reading , 1j tx +  observed by sensor node is  at 
moment t, then this event can spread to adjacent  

node js
. 

 
 
4. Space-Time Event Detection Method 
 

Space-time event detection involves the 
estimation and inference of the weighting coefficient. 
 
 
4.1. Estimate of weighting coefficient 
 

The purpose of estimating the weighting 
coefficient is in a given study data set to determine 
the weighting coefficient set of characteristic 

function: { }kλ∧ = , to make the logarithmic 
likelihood maximum of the tagged weighting 
coefficient set conditions, that is: 

 
( ) ( ) ( ) ( )( ) log ( | ) ( | )i i i i

i
L p y x p y x∧∧ =∑    (4) 

 
To solve the partial derivatives about kλ , 
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It is easy to see likelihood function of conditional 

logarithmic is convex function about kλ , therefore, 
adopting sampling value gradient algorithm can make 
it optimal. But this kind of iterative algorithm, due to 
the large amount of calculation, is not suitable for the 
large network or the network with many nodes. 
 
 
4.2. The Reasoning Method Based on DCRF 
 

To a given observation sequence x and weighting 
coefficient∧ , the reasoning method in DCRF model 

is composed of two steps: first, for all group set ,t cy
, 

to calculate the edge probability ,( | , )t cp y x ∧
 of 

status, make tag optimal again, that is: 
 

* arg max ( | , )yy p y x= ∧                  (6) 
 

Due to sensor network has many nodes, it is 
estimated that the event status computation increases 
exponentially, the precise inference is very difficult. 
Therefore, to large-scale sensor networks, the 
approximate reasoning method can be used to reduce 
load of calculation. Here, the belief propagation 
algorithm is used [10]. In this algorithm, each round 
of belief propagation is referred to as the messaging 
process. Messaging methods are different, which 
might influence the convergence of reasoning 
(learning) process.  

To avoid this problem, the following three types 
of belief propagation methods can be used, (1) the 
random method. This approach means that you can 
send messages across the edges of the original graph 
model in random order; (2) the tree-based method. 
This solution means that you can span the original 
graph model tree along a cut set to send messages; 
(3) the residual belief propagation method. This 
method was put forward in 2006. To a graph with V 
nodes and E sides, the tree-based scheme needs to 
pass O(V) messages in each iteration, whereas 
random scheme needs to pass O(E) messages. 
Residual belief propagation method is a kind of 
dynamic transmission scheme; the message value 
during reasoning can confirm the next update. The 
convergence of residual belief transmission solution 
is better than the other two schemes, which can 
calculate the upper bound of the message’s error. 
Therefore, this paper uses residual belief propagation 
method. 

Belief propagation aims to complete the iterative 

update of message vector ( ( ))u vm m x= between 

vertexes ux  and vx  in the model of probability 

graph, which is updated from ux to vx : 
 

( ( )) ( , ) ( )
u t v

u v u v t u
x x x

m m x x x m xφ
≠

= ←∑ ∏
 

(7) 

 

In the expression, ,( )u vx xϕ =
 is the potential 

function along the edge ,( )u vx x
. To a given message 

vector m, the approximate probability can be 
calculated as: 
 

,( ) ( , ) ( ) ( )
t v t u

u v u v t u t v
x x x x

p x x k x x m x m xφ
≠ ≠
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(8) 

 
In the expression, J is a normalized constant. The 

method of belief propagation can be applied to 
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calculate the approximate edge probability. Similarly, 
based on Viterbi algorithm, the method of belief 
propagation method can also be adopted to compute 
the optimal tag y*. The corresponding update 
algorithm is defined as follows: 

 

( ) max ( , ) ( )
u

t v

u v x u v t u
x x

m x x x m xφ
≠

← ∏
 

(9) 

 
 
4.3. Algorithms 
 

Through the above two sectors, reasoning 
algorithm is obtained as follows: 

Algorithm inference based on DCRF 

(1) Train a DCRF on logp(
( ) ( )|i iy x  off line, 

yielding weights ∧  

(2) Compute Viterbi labeling *y on line 

1 1* arg max ( ,..., | ,..., ; )y t k t t k ty p y y x x− + − += ∧
 

For each training instance i. 
 
 

5. Experiments and Simulation Results 
 

For the convenience, MRF algorithm [10], DBN 
algorithm, and the proposed algorithm are compared 
here. 

Experiment and simulation are completed on the 
PC and Zigbee development system with the 
frequency of 2113 GHZ, dual-core 6400, 2 GB 
memory. 
 
 
5.1. Evaluation Indicators 
 

Testing effect evaluation indicators includes 
accuracy, recall rate, and F1 score, respectively 
which are defined as follows: 

 
/accuracy A C= , 

/ recall rate A B= ,
2  1

+  
accuracy recall rateF

accuracy recall rate
× ×

= , 

 
In the expressions, the number of sensor nodes 

detecting an event is C, A is the number of sensor 
nodes to perceive the event actually in set C, B is the 
number of all sensor nodes to perceive the event. 
Therefore, the recall rate is used to evaluate all the 
ability of perceiving events, and the accuracy is used 
to evaluate the accurate ability of system to perceive 
events, both of them supply with each other, and 
from two different sides more comprehensively 
reflect the performance of the system. F1 value is an 
indicator of combining accuracy and recall rate. 
Energy of WSN is limited at the same time, the 
longer the nodes process data, more energy they 
consume, thus the evaluation indicators also include 
the time-consume of each time slice’s reasoning. 

5.2. The Experiment Results 
 

Experimental environment is in the office area 
there is a wireless sensor network with the 
deployment of 30 light intensity sensor nodes (mote), 
the acquisition frequency of the light intensity data is 
2 times/minute. Light intensity data is transferring to 
the gathering node in s-band and 2405 MHZ 
frequency, the gathering node through U port 
transfers the gathered data to the computer of data 
processing. Choosing this kind of experiment 
environment is simple, the ordinary paper cup 
covering the light intensity sensor node can control 
the light intensity, which is easy to simulate space-
time changeable environment. 

Fig. 4 shows the experimental environment with 
different color paper cups to cover a set of light 
intensity sensor nodes.  
 
 

 
 

Fig. 4. Space-time diffusion events with the paper cups 
covering the sensor nodes. 

 
 

In Fig. 4, at moment t1, firstly a white paper cup 
is used to cover two sensor nodes. Then at moment t2 
and t3 respectively a yellow and a green paper cups 
are used to cover sensor nodes, it is actual simulation 
of spread event. We can notice that the sensor node 
covered by white paper cup at moment t1 is no longer 
affected by yellow and green paper cups at moment 
t2 and t3 to cover sensor node, the sensor node 
covered by yellow paper cup at moment t2 is also no 
longer affected by green paper cup covering the 
sensor nodes at moment t3, and so on. Finally, a 
complex space-time diffusion event model can be 
obtained. 

Table 1 shows the comparison results of three 
algorithms in the experiment environment. 
 
 
5.3. The Results of Simulation 
 

The simulation environment is that 500 random 
sensor nodes are deployed within the area of 
100×100 square meters, and observed data fulfills 
gauss [11] measurement error model, which is a 
mobile space-time event. For two sensors to perceive 
events, the observation data parameter means are set 
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to L1=2 and L2 =8 respectively, the mean square 
error is R2=0.5. The rest Gaussian average of sensor 
node is L=5, the noise error is R2=0.5. Length of the 
training data is 1000. 

Table 2 is the comparison in time consuming 
among random algorithm, tree-based algorithm and 
RBP algorithm [12]. 
 
 
Table 1. Comparisons of experiment accuracy, recall rate, 

and F1 score. 
 

Algorithm Accuracy Recall rate F1 score 

Proposed 
algorithm 89.6 % 92.1 % 91.8 % 

MRF 
algorithm 82.2 % 90.6 % 86.2 % 

DBN 
algorithm 47.4 % 56.3 % 77.8 % 

 
 

Table 2. Comparisons of time consuming. 
 

Algorithm Time consuming for each 
time slice 

Random algorithm 37.2 

Tree-based algorithm 8.9 

RBF algorithm 2.8 

 
 

From Table 1, the algorithm accuracy, recall rate, 
and the F1 score indicators are higher than these in 
MRF algorithm. From Table 2, using RBF belief 
propagation algorithm can make time-consuming 
reach to 218 seconds for the reasoning of each time 
slice. The results show that the proposed algorithm 
can be used in space-time event detection for stronger 
real-time wireless sensor network.  
 
 
6. Conclusion 
 

With the development of wireless sensor network 
technology, the application potential of space-time 
event detection based on wireless sensor network will 
be huge. This paper discusses space-time event 
model, based on dynamic conditional random field 
(DCRF) and belief propagation algorithm, and 
proposes a space-time event detection method. 
Simulation shows that this method is better than 

event detection method based on MRF or DBN in 
performance, has better real-time detection effect.  
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