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Abstract: Fire is one of the most catastrophic hazards that can cause serious damage to human life, health and property. The initial 

sign of fire is a smoke and the detection of smoke using surveillance cameras is a key to provide early alarm in open space 

environments. False alarms can be reduced by discriminating smoke texture from smoke-like textures. In this paper, a new texture 

descriptor is developed in RGB color space to characterize the diverse manifestations of smoke which is a combination of Local 

Gradient Pattern (LGP) and gray level co-occurrence matrix (GLCM). This feature descriptor which is named as CoLGP, inherits 

the attributes of both LGP and GLCM. First LGPs of pixels are obtained in three planes and then using GLCM in four directions, co-

relations between pixel pairs are calculated as features. The major benefit of the proposed feature descriptor is the ability to 

incorporate local and global texture properties of smoke along with color information. This property enables the detection of smoke in 

complex environments and provides insensitivity to illumination changes. For validation, performance of the proposed method is 

compared with other LBP variants and Grey-level co-occurrence matrix (GLCM). 

 

Keywords: Local Gradient Pattern(LGP), Gray Level Co-occurrence Matrix(GLCM), similarity measure, feature extraction, texture 

classification 

1. INTRODUCTION: 

Traditional smoke detection sensors which are cheap and simple to use, detect the presence of smoke, 

heat or radiation by sampling smoke particles, atmospheric temperature and relative humidity. However, 

these sensors suffer from the propagation delay of the smoke particles as they trigger when sufficient 

amounts of smoke particles reach near the sensors. Hence, smoke sensors demand conditions like 

proximity to fires as well as good operating conditions. Further, they are not suitable for application in 

open space environments. Furthermore, these types of point sensors cannot provide the actual position and 

size of the fires. In contrast, video cameras can be used to overcome the aforementioned limitations by 

monitoring the volumes of fire with information about their size and growth rate. Hence, video 

surveillance cameras, which are widely used in security applications, can be used in fire monitoring 

systems for open spaces. For open spaces, initially smoke might appear in the surveillance cameras as fire 

is obstructed by the foliage in forests and infrastructures in built-up areas. Therefore, detecting smoke can 

give an early warning for fire hazards. 

Many approaches have been proposed in recent years with the aim of efficient detection of smoke in 

video sequences so that it can be applicable for real time applications. One of the main challenges of 

video-based smoke detection is to extract smoke features as it presents diversely with quite chaotic 

variations in color, shade, motion and density. Cetin et al [1] summarized the existing smoke and fire 

detection techniques based on video surveillance cameras and computer vision methods. The authors 

provided a comprehensive overview about color, motion, flicker, dynamic texture and spatio-temporal 

descriptor features which are currently available in the state-of-the-art works. 

[2] presented QuickBlaze, a vision sensor based smoke and flame detection technique that can be 

applicable for open or closed indoor and outdoor environments. Rule based thresholding was applied to 

calculate features like turbulence, growth and flow rate for detecting smoke and fire. Jia et al. [3] also used 

color and motion features for saliency map calculation in order to detect smoke. Lee et al. [4] and Tao et 

al. [5] used convolutional neural networks for image based smoke detection. A deep domain based method 
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was proposed by Xu et al. which extracted powerful learned features to detect smoke from videos 

comprised of synthetic and real images [6]. However, convolutional neural networks require a large 

amount of data which makes it computationally expensive in both space and time. Limited application of 

static texture features for video-based smoke and fire detection has been reported so far in the literature. 

Prema et al. [7] utilized static texture features along with dynamic features for video-based fire detection. 

Static features are extracted by a hybrid method combining LBP, GLCM and DWT. Additionally, both 

static and dynamic texture features were also combined for video-based smoke detection in [8] which 

suffered from a substantial false alarm rate. It should be noted here that, both [7] and [8] have utilized 

dynamic features along with the static features to achieve good detection accuracy. This shows the 

limitation of single use of static features in videobased smoke and fire detection. Dynamic textures, 

defined by textures with motion, play an important role in video-based smoke detection as smoke is a 

moving object. Grey Level Co-Occurrence Matrices (GLCM) were used in [9] to extract texture features 

for smoke detection. Prema et al. [9] evaluated the performance of smoke detection using surveillance 

CCTV cameras by incorporating color, spatio-temporal and GLCM texture features.  

Yuan et al. [10] proposed an extension of Local Ternary Patterns (LTP) by encoding high order 

directional derivatives at each pixel of grayscale image. This computationally complex algorithm was 

applied for image-based smoke detection and image classification. However, LTP is sensitive to noise and 

can be easily affected by intensity changes.Nguyen et al. [15] also used GLCM features for optical smoke 

detection. Local Binary Patterns (LBP) and their variants are one of the powerful texture descriptors, 

which are widely used in the field of image and video processing, as it is insensitive to image rotation and 

illumination variations and is cheap to compute. 

Motivated by the higher accuracy for the combination of the co-occurrence with LBPs, this work 

proposes a new feature extraction technique by computing the co-occurrence of LGP for RGB color space. 

In addition, the spatial co-occurrence of two LGPs can provide both local and global information of the 

image regions that helps to detect subtle textural changes of the smoke regions. Furthermore, when color 

information is added with the co-occurrence of LGP features, it provides details of spatial information for 

a complex image texture. 

The main contributions of this paper can be summarized as 1. Obtain the Local Gradient Patterns (LGP) 

of smoke image texture in RGB color space, that helps to detect complex structures of smoke.2. Measure 

the co-occurrence of the adjacent LGPs for each channel and compute the co-occurrence features. 

3.Concatenate the features obtained in each channel to get the feature vectors along with color. 

 

II.  TEXTURE DESCRIPTION TECHNIQUES 

Local Binary Pattern (LBP) provides a transformed output image that is invariant to the global intensity 

variations. However, LBP is sensitive to local variations. As such, several extensions of LBP have been 

proposed with an aim to increase its robustness and discriminative power. Jun et al.[12] proposed a novel 

image representation method called local gradient patterns (LGP) generates constant patterns irrespective 

of local intensity variations.The proposed feature extraction method for smoke texture analysis combines 

Local Gradient Patterns (LGPs) and Gray Level Co-occurrence Matrix (GLCM) in order to achieve high 

performance. The proposed features have been applied on smoke and smoke-like texture and co-

occurrence of adjacent local patterns has been calculated using LGP and GLCM.  

 

2.1 Local Gradient Pattern (LGP)  

Local Gradient Pattern (LGP) generally finds the gradient values of the eight neighbouring pixels for a 

specified pixel, which are calculated as the absolute values of intensity differences between the specified 

pixel and its eight neighbouring pixels. Then, the average of the gradient values of the eight neighbours is 
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allocated to the specified pixel and is used as a threshold value for LGP encoding as follows. A pixel is 

assigned a value of 1 if the gradient value of its neighbour is higher than the threshold; otherwise it is 

assigned a value of 0. The LGP code for the specified pixel is then obtained by the concatenation of the 

binary 1s and 0s into a binary code. Calculation of LGP for the input image is depicted in figure1.  If ‘P’ is 

the number of neighbouring pixels on the circle with radius ‘R’ centered on a specified pixel, then the 

𝐿𝐺𝑃 𝑃,𝑅 descriptor is defined as  

𝐿𝐺𝑃𝑃,𝑅 = ∑ 𝑠(𝑔𝑛 −𝑃−1
𝑛=0 �̅�)2𝑛,   𝑠(𝑥) = {

0  ,           𝑥 < 0
  1  ,          𝑥 ≥ 0     

………..(1) 

where, the gradient value between the centre pixel and the neighbouring pixel is given by 

𝑔𝑛 = |𝑥𝑛 − 𝑥𝑐| 
The average of the ‘P’ gradient value is given as  

�̅� =
1

𝑃
∑ 𝑔𝑛

𝑃−1

𝑛=0

 

 
Figure1: Calculation of Local Gradient Pattern (LGP) 

2.2 Gray level Co-occurrence Matrix (GLCM) 

Gray level co-occurrence matrix is a matrix that is defined over an image to be distribution of co-

occurring of gray level values at a given offset. The co-occurrences are calculated with respect to a 

specific distance and in a given direction. For an image the GLCM is calculated using Eq.(2) 

𝐺(𝛥𝑥,𝛥𝑦)(𝑖, 𝑗) = ∑ ∑ 1{𝐼(𝑝, 𝑞) = 𝑖}𝑎𝑛𝑑 1{𝐼(𝑝 + 𝛥𝑥, 𝑞 + 𝛥𝑦) = 𝑗}𝑁
𝑞=1

𝑀
𝑝=1  ……………….(2) 

 In the equation, 𝐼(𝑝, 𝑞)is the gray value of pixel at p’s row and q’s column, i and j are gray values 

which co-occurrence for them are calculated. Δx and Δy are positional offsets in x and y directions and 

depend on the distance and direction which the co-relations are calculated with respect to them. In the 

above equations, M and N indicate number of rows and columns of the given image. An example of 

GLCM calculation is shown in Figure. 2, in which first matrix is image matrix and the second one is the 

gray level co-occurrence matrix. The different combinations of distances and directions are demonstrated 

in Figure 3. 

 

Figure2 : Calculation of GLCM of an image with Ɵ=0° and d=1 
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Figure3 : Calculation of GLCM for different distances along four different directions 

2.3 Feature extraction  

The existing literature confirms the important role of color information in detecting smoke. Furthermore, 

combination of different texture features (local and global) is expected to bring together complementary 

information to increase the discriminability leading to higher accuracies in complex scenarios. Motivated 

by the high accuracy of texture-based feature combination, this work proposes a Co-occurrence of Local 

Gradient Patterns based on the RGB color space by fusing LGP with Co-occurrence features.The proposed 

method has the following steps for feature extraction 

 Get the given input image.  

 Extract R,G and B channels from the input MXN image 

 For each channel, calculate the LGP for each pixels by considering P=8 and R=1. This results 

(M-2) X (N-2) LGP coded image. This (P,R) ensures maximum localization within the 

neighbourhood. 

 Calculate the co-occurrence between two adjacent LGP codes for d=1 and Ɵ=0°, 45 °, 90° and 

135° within (M-2) X (N-2) matrix which results in twelve 8 X 8 co-occurrence matrixes (four for 

each channel).  

 Extract four texture features (Contrast, Correlation, Energy and Homogeneity) from each co-

occurrence matrix. Totally 4x12=48 features. 

 Concatenate vectors into a single feature vector. 

 

Figure 4 illustrates, the extraction of features using CoLGP feature descriptor. 

 

Figure 4: Flow chart of proposed feature extraction method 
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2. Classification by K-NN Classifier 

K-nearest neighbours (KNN), a supervised machine learning algorithm, can be efficiently used to solve 

classification problems. The KNN was introduced in 1951and then recasted in 1967. The KNN is a non-

parametric classifier known as one of the simplest and laziest algorithms. That is, there is no need to create 

a learning model in this classification method. In the prediction process, the class to which a new 

observation data belongs is determined by calculating the shortest distance between the observation 

sample and its K-nearest neighbours samples. There are some recent studies to improve the performance of 

the KNN. To decrease the sensitivity of the neighbourhood size of k and improve voting strategy in the 

region of neighbourhoods, Gou et al. [13] proposed two k-nearest neighbour rules, which are the weighted 

representation-based k-nearest neighbour rule and the weighted local mean representation-based k-nearest 

neighbour rule. Their experimental results demonstrate that the proposed methods have a lower 

sensitiveness to k. Gou et al. [14] proposed another study to improve the selection of the neighbourhood 

size of k by introducing the generalized mean distance-based KNN classifier. They stated that the 

proposed method is less sensitive to k over the KNN-based classifier. 

III.RESULTS 

Performance Validation: 

Smoke detection is a binary classification problem. True Positive (TP) is the number of smoke images 

which are correctly classified as smoke, True Negative (TN) is the number of non-smoke images which 

are correctly classified as non-smoke, False Positive (FP) is the number of non-smoke images which are 

incorrectly classified as smoke, and False Negative (FN) is the number of smoke images which are 

incorrectly classified as non-smoke. Accuracy is computed by dividing the total number of true cases by 

all cases and it is indicated in Eq.  

Accuracy =
TP + TN

TP + FP + TN + FN
 

 

    

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 

Figure5 :CoLGP image description of B channel (a) Input image (b) B Channel of input image(c) LGP of B channel (d) Surface graph of CoLGP for B channel 

 

Figure 5 shows the CoLGP texture description of B channel and it is observed that the smoke and the 

smoke-like texture exhibits different CoLGP characteristics. In this work, distances of 1 with four different 

directions (0◦, 45◦, 90◦, 135◦) has been used for GLCM calculation, so we have obtained 4 co-occurrence 
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matrices at the end. From all the four matrices the features namely contrast, correlation, energy and 

homogeneity are calculated and have been converted into vectors. These vectors have been concatenated 

in a single vector which comprises the final feature vector.Figure 6 shows, the accuracy obtained for 

different texture descriptors. To visualize the performance of proposed CoLGP texture descriptor for the 

analysis of smoke texture, the proposed method is compared with other texture descriptors with different 

distances. From the result , it is concluded that, the CoLGP texture descriptor outperforms other 

descriptors and achieves maximum accuracy of 99.1% for ‘Chi-Square’ distance.As a result, the proposed 

approach can not only capture the local and global information, but also measure statistical texture 

information that helps to describe the complex structure of smoke. 

 

 

 

 

Figure 6:Performance of proposed CoLGP texture descriptor with K-NN classifier 

 

IV. CONCLUSION 

 Common methods which are used for texture analysis is to consider the frequency of local patterns. 

In this paper GLCM is used instead of simple histogram which is combined with LGP. After applying LGP 

image on the three different channels of input RGB image,GLCM is applied in all the four directions. The 

results are four co-occurrence matrices for each channel of the input image. Finally, these matrices are 

vectorized and concatenated into a final feature vector. Instead of using histogram,GLCM gives more 

information related to frequency and co-relations of pixels and local patterns. The proposed descriptor has 

been tested smoke texture databases and the results show its effectiveness by comparing other local 

patterns and texture descriptors for smoke texture description. 
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