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Abstract. Roadside vegetation classification is an essential task for roadside fire risk assessment and environmental 

surveys. The vegetation such as type of grasses and their biomasses are used to identify the fire risk, however it is 

very difficult to distinguish vegetation, in particular, the type of roadside grasses. The purpose of this study is to 

develop a technique which can distinguish vegetation structure and automatically identify fire risk. This paper 

presents a novel hybrid learning technique for the classification of roadside vegetation with a new feature extraction 

strategy. The hybrid technique is based on texture feature and fusion of three classifiers: Support Vector Machine 

(SVM), Neural Network (NN) and k-Nearest Neighbor (k-NN). The segmented image regions are created from image 

data and texture features are extracted. The three diverse classifiers are trained with extracted features and decisions 

are fused using the majority vote. The proposed hybrid learning technique has been evaluated on roadside data 

obtained from Queensland Transport and Main Roads and results are discussed.   
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1 Introduction 

Recognizing different kinds of vegetation, especially different types of grass regions, is a recurrent and important task 

for roadside fire risk identification. Hence we present a novel idea for roadside vegetation classification. Although a 

variety of vegetation can be found on the roadside, we initially focus distinguishing dense and sparse grasses.  

A designing and implementing automatic image classification algorithm has been an important research field for 

decades. Many approaches to solve the classification problem have been developed using various classifiers such as k-

Nearest Neighbour [1], Adaptive boost [2], Artificial Neural Network [3], Support Vector Machine [4] and Wavelet [5].  

In recent years, the combination of multiple classifiers and fusion of classifiers [6] rather than traditional use of a 

single classifier, has received much more attention due to its effectiveness in classification problems. The aim of this 

paper is to combine the NN, SVM and k-NN together with a novel feature extraction for vegetation classification. 

Considerable research has been conducted on image based object classification such as  fish species classification [7], 

date fruit classification [8], [9], automatic vegetable classification [10], and apple classification [11]. There has been 

little research work dedicated to vegetation classification and most of the literatures is focused on  agricultural 

landscape classification [12], [13].     

A comparison study for vegetation classification with fuzzy clustering is described in [14]. This study concludes with 

an idea that probabilistic C-means (PCM) is robust than noise clustering (NC) and fuzzy C-means (FCM). More 

recently, a complete image analysis system is proposed in [15]. The process starts with the extraction of vegetation 

areas using SVM. The vegetation classification rate for the proposed method was 98.5% and only 87.5% for the 

Normalized Difference Vegetation Index (NDVI) based method. The main drawback with this method lies in the fact 

that training areas have to be defined and the classifier has to be re-trained when data acquisition conditions change. In 

addition, some research concerning classification on different types of potatoes has also been published [16]. An 

automatic sorting system for agro-product is presented in [17]. However, the system produces high misclassification in 

terms of similar shapes and sizes of objects, such as apples and oranges or bananas and carrots. To overcome the 

shortcomings, color feature is added into the system in [18] because of its importance in object classification [19]. The 

feature extraction was included for studying shape of fruit, especially on papaya to check whether it is in original form 

or deformed using wavelet and feature fusion [20]. 

The current state of the art shows that using a single technique, it is impossible to improve the classification 

accuracy. In [8], texture feature and classification strategy for image-based date fruit classification are used. Another 

interesting technique is proposed in [10] for automatic fruit and vegetable classification from images in the super-

market. The major limitation of this work is that when features are not properly preprocessed and normalized, it can 

yield unexpected classification results. Among the reported research works on different types of classification 

performed by the different researchers, it is clear that only few research works exist on vegetation classification. In this 

research, we focus on fusion of classifiers with a novel feature extraction technique to classify dense and sparse grasses.  

The rest of this paper is organized as follows: Section 2 presents the proposed hybrid technique for vegetation 

classification. Section 3 presents experimental results and analysis. Finally, section 4 presents the conclusion and future 

research directions. 
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2 Proposed Hybrid Technique  

The foundation of the proposed hybrid technique is that the vegetation features can be learnt and distinguished by the 

fusion of different base classifiers. The technique consists of 5 stages: data acquisition, preprocessing, feature extraction 

and training of base classifiers and classification with trained base classifiers, fusion of classifier decisions and 

calculation of accuracy. An overview of the proposed hybrid technique is shown in Fig. 1.  

 

 

Fig. 1. Overview of the proposed hybrid technique.   

2.1 Data Acquisition 

The data for this research has been collected from state roads in Central Queensland region. The data has been divided 

into training and tests sets. The data contain 110 images extracted from the images captured by the camera in daylight. 

At the moment, we manually segment the grass region and focus on differentiating between dense and sparse grasses. In 

the future, we will segment the whole region from the video data and identify all objects from the image and finally 

identify the risk region. A sample of dense and sparse grasses is shown below in Fig. 2. 

 

 

Fig. 2. Images of sparse and dense grasses.   

2.2 Image Pre-processing 

The pre-processing steps include standard image filtering and resizing techniques. All images in the training and test 

datasets are processed using matlab functions (medfilt2, imresize) for filtering and resizing before extracting features.    
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2.3 Feature Extraction 

Feature extraction is one of the crucial steps for all classification. The proposed technique used texture feature for 

vegetation classification as dense and sparse grasses can be visually separated by smoothness or the distance between 

the grass stalks. Initially from the gray scale images we will try to calculate the local variability of the intensity value of 

the pixels in an image, and then calculate the covariance of the gray value. The approach is described below. 

 To calculate the intensity value of the image, we partition the image into 3-by-3 image blocks. When calculating the 

new value of the center pixel from the block, first we find the minimum and maximum values around the corresponding 

pixel in the block. The new value of the center pixel is replaced using the difference (maximum value - minimum value) 

and all the values are updated accordingly. Formation of the texture feature at initial stage is illustrated in Fig. 3.  

 
Fig. 3. Determining pixel values for further processing of texture feature. 

To calculate the final feature vector, a gray-level co-occurrence matrix for each image using the updated value 

(shown in Fig. 3) is constructed. Gray-level co-occurrence matrices indicate how often a pixel with gray-level (gray 

intensity) value horizontally adjacent to a pixel with each other. The distance between the pixel of interest and its 

neighbor were observed. Finally, using the numbers of instances of all possible neighborhoods, the co-occurrence 

matrix was constructed. The formation of the gray-level co-occurrence matrix from a sample image is shown in Fig. 4. 

This new matrix is used as the feature vector for training and testing purposes. 

 

Fig. 4. Formation of gray-level co-occurrence matrix for texture feature extraction. The Element (1, 2) in the matrix contains the 

value 2 because there are two instances in the image where two, horizontally adjacent pixels have the values 1 and 2. 

Texture filter functions were chosen before calculating the feature vector as they provide standard statistical 

measurements. We obtain the local variability of the intensity value of the pixels from our target image. If the range of 

the values in the neighborhood around a pixel provides small value, then the area will be areas with smooth texture and 

vice versa, the range will be larger for rough texture. In order to derive texture feature from image grey-level co-

occurrence matrices (GLCM) have been successfully used for many applications [23]. To compute the relationship 

between the pixel values, a spatial co-occurrence matrix is used. In this paper, we use the following GLCM feature 

vector: correlation, entropy and homogeneity. Correlation feature represents the linear dependency of grey-scale of an 

image. If within an image pixel values vary greatly, correlation value becomes small, while the value will be large if all 

the elements in the matrix are equal. If the texture areas of an image are similar in certain direction, the value of 

correlation will be big. Entropy describes the measure of randomness in the neighborhood of current feature. If pixels in 

an image vary greatly in an unexpected way, the entropy value will be high. If the same value is found then the entropy 

will be zero. Homogeneous texture descriptor represents the closeness of the distribution of the elements. It is an 

important visual primitive for searching similar looking patterns within image data. Little variation in image represents 

high homogeneity within image and 1 represents the no variation in image homogeneity. Therefore, a texture that 

contains ideal repetitive structures has high homogeneity, while a big variation in both, texture elements and their 

spatial arrangements has low homogeneity. In grass images we also have to look for the variation of patterns, therefore 

homogeneity is added as a texture feature. 
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2.4 Hybrid Classification  

Once the feature extraction stage is completed, the next procedure involves assigning grasses to classes or categories 

according to their features. Initially, we chose three classifiers as base classifiers.  

 

The reason for choosing the three classifiers lies in the fact that they are diverse classifiers and they can learn different 

patterns. Also all these three classifiers are widely used for broad and narrow weed classification. As our application 

area is novel, there is no existing work for grass classification, but grass classification is similar to weed classification. 

The reason for choosing SVM is adopted from the reference [21], which achieved optimum performance in terms of 

computational complexity and memory requirements. A new method for classification of broadleaf weed images based 

on k-Nearest Neighbor (k-NN) classifier has been presented in [22]. The overall recognition accuracy achieved by the 

proposed method was 93.13% with an average recognition time 1.5s, which was very promising. The reason for 

choosing BP-ANN as a base classifier is its generalisation ability and performance on broad and narrow weed 

classification in [23]. Based on the features obtained using a combination of Gradient Field Distribution (GFD) and 

Grey Level Co-occurrence Matrix (GLCM), ANN was able to classify the weed according to their classes correctly.  

3 Experimental Results and Discussions 

This section provides experimental results and analysis for the classification accuracy and also describes the reason for 

choosing a hybrid technique. The experiments were performed on real dataset of dense and sparse grasses. Three 

classification techniques, namely Support Vector Machine, Neural Network and k-Nearest Neighbor were used for 

training the base classifiers. The experimental results and analysis are presented in Tables 1-4. The filtering technique 

along with feature extraction has been applied for classification of dense and sparse grasses.  

Table 1.   Results using SVM 

Exp Kernel Function Train Accuracy (%) Test Accuracy (%) 

1 'linear' 90 85 

2 'polynomial' 85 80 

3 'rbf' 85 80 

 

 First we started with the SVM classifier and prepared class levels for training. We have arranged labels 1 & 2 for 

our convenience because it is better to label images numerically. The class “1” represents dense grass and “2” 

represents sparse grass. Table 1 shows the result obtained using SVM classifier.  

In the above table, train and test accuracies for different kernel function are listed. It shows that the linear function 

achieves highest accuracies in all cases which are 90% for training and 85% for testing dataset, whereas polynomial and 

linear functions show lower performance. The train accuracy and test accuracy achieved using polynomial were 85% 

and 80% and using rbf were 85% and 80% respectively. 

Table 2.   Results using NN 

Exp 

 

#Hidden 

Unit 
Iterations RMS Error 

Train 

Accuracy (%) 

Test 

Accuracy (%) 

1 6 500 0.0003 80 75 

  1000 0.0004 75 75 

  3500 0.0001 80 75 

2 10 500 0.0005 80 80 

  1000 0.0001 80 80 

  3500 0.0003 85 85 

3 12 500 0.0001 85 80 

  1000 0.0002 85 85 

  3500 0.0001 90 85 

4 15 500 0.0002 85 80 

  1000 0.0003 90 80 

  3500 0.0001 90 80 

5 20 500 0.0004 85 80 

  1000 0.0003 85 80 

  3500 0.0002 85 80 
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The second classifier used in the proposed hybrid technique is a NN classifier which is also popularly used for 

classification.We also observed the results obtained using different parameters of NN listed in Table 2. NN produces the 

highest accuracy with the number of hidden unit=12, iterations=3500, learning rate=0.01, momentum=0.15 and RMS 

error=0.0001. The accuracies for training and testing datasets were 90% and 85% respectively. This indicates that both 

SVM and NN can achieve similar performance if appropriate parameters for NN are chosen. 

The third classifier used in the proposed hybrid technique is k-NN with the closest feature vector, which is known as 

one of the lazy learning algorithms but works well for some data. Table 3 provides classification results obtained using 

k-NN. The train and test accuracies for different values of k were analyzed to choose the best value of k.  

 

The highest accuracies on training and test datasets were obtained using k =7 for k-NN classifier. Though results 

obtained using the k-NN are lower than the other two classifiers. The accuracies for training and test data were 80% and 

85%.  

Table 3.   Results using k-NN  

Exp K Train Accuracy (%) Test Accuracy (%) 

1 5 75 70 

2 7 85 80 

3 9 75 70 

     In order to compare the accuracy of the classification system, the results with different classifiers are summarized in 

Table 4. Results shown in Table 4 indicate that the hybrid technique achieved the highest classification accuracy when 

linear kernel function was chosen for SVM; number of hidden unit and iterations were chosen 12 and 3500 respectively 

for NN and the value of k was chosen as 7 for k-NN. 

Table 4. Results using proposed hybrid technique 

Exp 
SVM 

parameter 

NN 

parameter 

k-NN 

Parameter 

Overall Train 

Accuracy (%) 

Overall Test 

Accuracy (%) 

1 linear 
H.U= 12, Iterations= 

3500 
7 95 90 

 polynomial 
H.U= 10, Iterations= 

3500 
5 85 80 

 rbf 
H.U= 15, Iterations= 

1000 
9 80 75 

2 Linear 
H.U= 10, Iterations= 

3500 
9 85 80 

 polynomial 
H.U= 15, Iterations= 

1000 
5 80 75 

 rbf 
H.U= 12, Iterations= 

3500 
7 85 80 

3 Linear 
H.U= 15, Iterations= 

1000 
5 80 75 

 polynomial 
H.U= 12, Iterations= 

3500 
9 80 80 

 rbf 
H.U= 10, Iterations= 

3500 
7 80 75 

 

Highest training and test accuracies were 95% and 90% respectively. After training of all three classifiers along with 

different image descriptors, they were combined to make the final decision. The majority vote is used to combine the 

three classifiers. The decision of each classifier is collected and the class which has majority wins. So in proposed 

technique we label the class of a test image as dense or sparse class, where any of the two classifiers provide the same 

result. The overall accuracy of the hybrid technique shows the best performance in overall case but some 

misclassifications occurred.  

The analysis shows that SVM and NN outperformed in all cases with the 90% accuracy on training data and 85% 

accuracy on test data. The results using k-NN produce 85% accuracy on train data and 80% accuracy on test data. 

Finally, the highest classification accuracies were obtained by using the proposed hybrid technique, which are 95% on 

training data and 90% on test data. 
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4 Conclusion 

In this paper, a hybrid learning technique for roadside vegetation area classification has been presented. The proposed 

technique incorporates a novel texture feature for grasses and a fusion of multiple classifiers in order to improve the 

classification accuracy.  

A set of experiments on a vegetation dataset were conducted. The obtained results for individual classifiers and 

proposed hybrid technique are presented. A comparison of results showed performance improvement by the proposed 

hybrid technique which achieved over 90% accuracy on training and test data.  

The experiments were conducted on dense and sparse grasses which are the most important factor in identifying 

roadside fire. In addition to grasses, roadside vegetation contains many other types of vegetation like trees and shrubs. 

In our future research, more base classifiers will be added and optimized using evolutionary algorithms. The optimized 

hybrid technique will be evaluated on large vegetation data.    
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