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Abstract: Three temporal-space features are proposed in this paper on video images 

for smoke detections on the issue of dynamic textures, motion patterns and contour 

variations. Considering that the previous methods for smoke detection provides 

global descriptions on dynamic features, but its illustrations do not well indicate the 

temporal correlation among frames, the novel spatial temporal descriptors among 

neighboring frames are proposed.  Our method combines local and global 

descriptions in the temporal-space domains, where concatenated histograms of LBP 

(local binary pattern) are utilized for dynamic texture descriptors, the 2D mutual 

information for motion disorders and the information entropy for contour variations. 

The experimental results show that the proposed spatial-temporal features could 

effectively discriminate smoke and the non-smoke objects. 

Keywords: spatial-temporal features; concatenated LBP histograms; 2D mutual 

information; contour variations  
1. Introduction 

The early detections of fire smokes are significant for forest safety monitoring. Fire 

smokes on video images appear some dynamic features in particular: motion 

disorders (each pixels with random movements), contour variations (contour changes 

with time) and dynamic textures (changes of gray-intensity patterns).  

In recent years, much of research attention is focused on temporal-space features 

for smoke detections on video images. Some previous descriptions for smoke 

temporal features are mainly on global features with time such as the area 

expansibility and contour irregularity, which haven’t given descriptions on temporal 
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correlation among frames for contour variations and motion patterns
 [1]

. And there is 

some work for motion disorders by using multi-resolution histograms on velocities 

and accelerations of smoke pixels but with huge computations
 [2]

. As for dynamic 

texture concerned, there are some parametric (liner dynamic model) and 

non-parametric models (Bayesian networks) in literatures
 [3]

. These models all need 

huge amount of learning procedures. It is well known that LBP model is a good local 

descriptor for texture feature on space domain but no temporal correlation among 

frames. In this paper temporal-space features on local and global combinations for 

smoke dynamic descriptions are presented with the concatenated histograms of LBP 

for dynamic textures (extension of original LBP), 2D mutual information for motion 

disorders and information entropy for contour variations using video images. 

Experimental results show the effectiveness of the proposed approaches. 

The article is organized in the following: dynamic texture description in section 2, 

descriptors on motion disorders and contour variations are illustrated in section 3. 

Finally they are the experimental results and conclusion. 

2. Temporal-space Model of Dynamic Textures 

Dynamic texture is a key feature for discriminating fire smokes from other objects. 

LBP model is an effective descriptor for object textures based on local intensity 

patterns
 [4]

. The LBP calculation is given in Eq. (1).  

       
P 1

p

P,R c c p c

p = 0

LBP x ,y = s g -g 2


                         （1） 

Where  ,c cx y is a current coordinate of a pixel, and P indicates the number of 

pixels on a circle with radius R .  s x , the impulse function. The pg and
cg indicate 

the gray intensity of a pixel on the circle or at center  ,c cx y respectively
[5]

. The 

procedure of the LBP calculation of any pixel on an image is shown in Fig.1 where in 

a 3x3 neighborhood a pixel would take the value of one if its intensity is larger 

than
cg , otherwise zero instead. Then the binary code is transformed to a decimal 

value called the LBP value of the current point  ,c cx y . 

Suppose a video image sequence , 1,2, ,iG i n  , the LBP descriptions for 

dynamic textures are considered on three orthogonal planes: XY, XT and YT. For any 

pixels at current image , 1,2, ,iG i n  , there are three neighborhoods centered at the 

pixels on XY, XT and YT shown in Fig.2. Based on the Eq.(1), three LBP values are 

produced for the three orthogonal planes for each pixels on the image sequences. The 
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three LBP sequences of the three different planes are called XY-LBP, XT-LBP and 

YT-LBP respectively which describes the textural changes in the spatial and temporal 

domains of video sequences. Fig.2 presents the concatenated histograms of LBPs on 

the three orthogonal planes by which the texture patterns are extracted in 

space-temporal domains.  

   

 

Fig.1 the procedure of LBP coding            Fig.2 concatenated LBP 

histograms on three planes 

 

3. Temporal-space Features for Motion and Contour Variations 

 

Motion and contour variation are significant temporal-space features for smoke 

detections. In this paper, two-dimensional mutual information is utilized for 

measuring the relativity of velocities and orientations of all pixels on candidate 

smoke regions among neighboring frames in terms of temporal-space domains.  

Meanwhile, the entropy of the difference in the angle of contingence for any pixels 

on the contours of the ROI regions of neighboring frames is presented to describe 

the contour variations.   

 

3.1 Temporal-space Feature—Two-dimensional Mutual Information 

 

The two-dimensional mutual information of pixel’ velocities and orientations on the 

candidate smoke regions could measure the motion relativity among sequential 

images in temporal-space domains. In this paper, the method of L-K optical flow is 

firstly used for calculating the optical flow field ( , )TV u v for video images. 
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where u and v are the horizontal and vertical component of a pixel velocity. The 

magnitude of velocity 2 2M u v  is quantified as m in Eq.(2) to reduce 

computational complexity and the orientation of velocity f is quantified into eight 

directions. 

1, M 0.5

m k 1, 2.5k 2 M 2.5k 0.5

8, M 15.5




     
 

　　　　　　　　

　　

　　　　      

  {1 , 2 , 3 , 4 , 5 , 6 }k        

（2） 

For any candidate smoke region, a two-dimensional histogram, called a 

two-dimensional distribution X , is formed on magnitudes of velocities 

1 2{ , ,..., }Sm m m m and orientations
1 2{ , ,..., }Nf f f f  of all pixels in the region, 

where S and N are the maximum value of m and f  respectively. The mutual 

information based on magnitudes and orientations of all pixels could indicate the 

relevancy measure of motion patterns nX and 1nX  on two candidate regions 

either in the nth or the (n+1)th frames. The mutual information of two candidate 

regions on motion disorders in neighboring frames is presented in Eq.(3). 
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     （3） 

where 1( , , )n nI X X n is the two-dimensional mutual information value of the 

candidate smoke region in the nth frame.
nX and 1nX ,the distribution of motion 

magnitudes and directions in the nth and (n+1)th frame.  ,n i jp m f is the 

possibility of (
im ,

jf ) in 
nX  and     1

, , ,
n n

i j k lp m f m f
 , the joint probability of 

nX  and 
+1nX . 

 

3.2 Temporal-space Description for Contour Variations 

 

The entropy measure of the difference in the angle of contingence for any pixels on 

the contours of the candidate regions of neighboring frames is illustrated in this paper 
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for measuring the degree of contour variations with time. The diagram of contour 

variations is given in Fig.3, where P  is the angle between a horizontal direction 

and the line from a contour point M to center point O  ,  0 0 01 ,2 ,...,360P  . 
kQ is 

the angle of contingent of a contour point M in the kth frame, and kQ is the 

difference of Q on contour point M between the (k+1)th and the kth frame with 

equal value of P . In this way, a entropy of the distribution of kQ on contour, 

indicated as )( kQH  in Eq.(4), illustrates the degree of a contour variation in 

neighboring frames. An entropy sequence of },,2,1),Q({ k nkH  shows how 

the shape of a contour changes in temporal-space domain.   

             
(a) a contour in the kth frame         (b)a contour in the (k+1)th 

frame 

Fig. 3 a diagram of smoke contour variations 
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where
kQp is the possibility of kQ ， kQ [-180

0
,180

0
]. 

 

4. Experimental Results 

 

Some video images with smoke or non-smoke objects are first taken in open 

environments and then efficiency of the proposed descriptions is validated in 

platform Matlab. The Experiments are divided into three parts: the temporal-space 

LBP model for dynamic textures; two dimensional mutual information for object 
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motions; object contour variation in time-space field. Some video frames with cars in 

white and passengers wearing white shirts are selected in non-smoke set for 

comparisons.   

For dynamic textures based on LBP, some video frames with smokes or 

non-smokes are firstly segmented and then the histogram distributions of 

temporal-space LBP are extracted in candidate smoke regions where each video 

fragments has length of ten. Experimental results for concatenated histograms of 

XY-LBP, XT-LBP and YT-LBP for different objects mentioned above are shown in 

Fig.4. 

 

(a) LBP histograms for smokes    (b) LBP histograms for cars   (c) LBP histograms for passengers 

Fig.4 concatenated LBP histograms in XY, XT and YT planes 

It is indicated from Fig.4 that histogram distributions in three orthogonal planes 

have different patterns among different objects. The LBP distributions for smokes are 

mainly located in[0,13] of XY plane, [0,7] and [16,23] of XT and YT planes, while 

the LBP histogram distributions of cars and passengers are quite different with that of 

smokes as they mainly located in [0,7] and [24,28] of XT and YT planes. It seems 

that concatenated histograms of XY-LBP, XT-LBP and YT-LBP could be an effective 

descriptor for dynamic textures to discriminate smokes from others. 

The second experiment is about motion features in candidate smoke regions 

based on the 2D mutual information. To reduce computational burden, a smaller 

square region in upper left of the candidate smoke region’s center is selected for the 

computations of the Eq.(3). The experimental results are shown in Fig.5.  The 

optical flow field of an original image of Fig.5 (a) is shown in Fig.5 (b) where ‘*’ 

indicates the center of the candidate smoke region and a square is the small region for 
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calculations of the 2D mutual information. Profiles of the two dimensional 

information for 9 objects are given in Fig.5(c),horizontal line is the sequent number 

of frames, where a full line, dashed line and dashed dot line are for smokes, cars and 

passengers respectively. 

       

(a) An original image       (b) optical flow field         (c) the two dimensional mutual information 

Fig.5 optical flow field and mutual information for motion 

  It is shown from Fig.5(c) that the mutual information of smoke regions takes much 

smaller values than that of cars and passengers as pixels’ movements in smoke 

regions are of randomness while pixels’ movements in cars or passengers have 

consistent directions and orientations.  By using the descriptions of the two 

dimensional mutual information, the smoke objects are clearly separated from 

non-smoke objects. Finally, there is a test for contour variations shown in Fig.6. 

    

 

(a) Original image  (b)the smoke contour  (c)distribution of kQ   (d)entropy plots for many 

objects 

Fig.6 experimental results for contour variations 
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An original image and the extracted contour are shown in Fig.6 (a) and (b). The 

histogram of difference of tangent angles kQ  is given in Fig.6(c), shown that 

distribution of kQ on the contour of a smoke object varies with time. It could be 

seen that three full lines in Fig.6 (d), corresponding to smoke objects, have higher 

entropy values. Meanwhile, dashed dot lines and dashed lines corresponding to 

passengers and cars take lower entropy values. From the Fig.6 (d), entropy of tangent 

angles },,2,1),Q({ k nkH   seems to be a promising temporal-space feature 

to characterize smoke contour variations. 

 

5. Conclusion 

 

As for the descriptions of dynamic features, a novel method is composed of three 

temporal-space descriptors presented in the paper for smoke detections. The three 

descriptors are concatenated histograms of LBPs on the three orthogonal planes for 

dynamic textures, the two dimensional mutual information for motion chaos in a 

region, and entropy of difference of tangent angles on contours for dynamic contour 

variations. Experimental results are given to show the effectiveness of the proposed 

temporal-space features especially for the last two features. As for concatenated 

histograms of LBPs with dimension 256x3, they should be further processed on 

statistical measures to refine the feature descriptions. 
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