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ABSTRACT: Feature extraction is an important process in computer vision. A good feature can distinguish the shape of one object from another. It will increase the classification and detection accuracy. There are many method to build the object’s feature. One of them using convolutio process. Nowadays, convolution neural network (CNN) is widely uased for object classification and detection. The convolution stage is used for feature extraction. In this paper, researcher will build and observe the real time 2-D convolution layer for feature extraction. The effect of types and size of filter kernel will be observed in this experiment.
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INTRODUCTION
Nowadays, computer vision is widely used in many field areas for automatic system. The most common uses are for object classification, detection and recognition. In this system, the machine is expected to be able to distinguish and recognize objects captured by a camera. After the object is captured by camera, the next stage is pre-processing. The pre-processing consists of image enhancement and feature extraction. 
Feature extraction stage is required to show the different points of object classes and to reduce the computation time. One of the interest platform for object detection and classification is CNN based. In CNN consists of several layer of convolution process to extract feature.
The distinctive object will increase the classification accuracy. This property is often difficult to obtain because the light intensity on an object is not uniform. Sometimes the objects get enough light, sometimes not enough light. One way to overcome this lack of light is to process histogram images, namely histogram equalization. Histogram equalization stretches the histogram distribution so that it does not accumulate at certain light intensities. One of these histogram equalization methods is CLAHE.
Object’s feature can be obtained from the convolution process of the input image with a filter. Usually the output of this convolution process is the detection of edges of an object in certain directions according to the filter used. So that a filter corresponds to certain directions. These particular directions can be obtained by increasing the amplitude of the desired direction and suppressing the amplitude of the undesired direction.
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METHODS
In this section, we briefly explain the proposed method to study the effect of image format and filter images in convolution process. The method is shown in Figure 1.
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Figure 1. The proposed method of this study

In Figure 1, the input image from static image from a file and real time frame captured by a camera. Then the RGB image converts into grayscale image. This grayscale image, then convert into CLAHE image for contrast enhancement with histogram equalization. Convolution process requires two images, this is done by an input image in CLAHE format and a filter kernel. The result of convolution process can be shown in output image.
 
2.1. Contrast Limited Adaptive Histogram Equalization (CLAHE)
Adaptive histogram equalization (AHE) is an image pre-processing technique used to improve contrast in images. It computes several histograms, each corresponding to a distinct section of the image, and uses them to redistribute the luminance values of the image. It is therefore suitable for improving the local contrast and enhancing the definitions of edges in each region of an image. However, AHE has a tendency to over amplify noise in relatively homogeneous regions of an image. A variant of adaptive histogram equalization called contrast-limited adaptive histogram equalization (CLAHE) prevents this effect by limiting the amplification.
Ordinary AHE tends to overamplify the contrast in near-constant regions of the image, since the histogram in such regions is highly concentrated. As a result, AHE may cause noise to be amplified in near-constant regions. Contrast Limited AHE (CLAHE) is a variant of adaptive histogram equalization in which the contrast amplification is limited, so as to reduce this problem of noise amplification [SM Pizer].
In CLAHE, the contrast amplification in the vicinity of a given pixel value is given by the slope of the transformation function. This is proportional to the slope of the neighborhood cumulative distribution function (CDF) and therefore to the value of the histogram at that pixel value. CLAHE limits the amplification by clipping the histogram at a predefined value before computing the CDF. This limits the slope of the CDF and therefore of the transformation function. The value at which the histogram is clipped, the so-called clip limit, depends on the normalization of the histogram and thereby on the size of the neighborhood region. Common values limit the resulting amplification to between 3 and 4.
It is advantageous not to discard the part of the histogram that exceeds the clip limit but to redistribute it equally among all histogram bins [SM Pizer].
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Figure 2. The histogram distribution in CLAHE [SM Pizer]

The redistribution will push some bins over the clip limit again (region shaded green in the Figure 2), resulting in an effective clip limit that is larger than the prescribed limit and the exact value of which depends on the image. If this is undesirable, the redistribution procedure can be repeated recursively until the excess is negligible.
The CLAHE algorithm has three major parts: tile generation, histogram equalization, and bilinear interpolation. The input image is first divided into sections. Each section is called a tile. Histogram equalization is then performed on each tile using a pre-defined clip limit. Histogram equalization consists of five steps: histogram computation, excess calculation, excess distribution, excess redistribution, and scaling and mapping using a cumulative distribution function (CDF). The histogram is computed as a set of bins for each tile. Histogram bin values higher than the clip limit are accumulated and distributed into other bins. CDF is then calculated for the histogram values. CDF values of each tile are scaled and mapped using the input image pixel values. The resulting tiles are stitched together using bilinear interpolation, to generate an output image with improved contrast.
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Figure 3. Steps followed in CLAHE algorithm [Venkatesh].

To increase image contrast, use the CLAHE algorithm as below. Grayscale and color photos can both be processed using this approach. CLAHE algorithm steps are as follows [Venkatesh]:
Step 1: Input image
Step 2: Segment input images into tiles
Step 3: Compute histogram for each tiles
Step 4: Apply TFM to compute clip limit
Step 5: Limit the contrast based on computed clip limit
Step 6: Check for enhanced image
Step 7: Enhanced image

Figure 3 illustrates the steps to be followed in the CLAHE algorithm. Prior to creating a histogram for each context region, a given input image is first separated into context regions. So that various portions of the image may be easily linked, a mapping function is used to produce an image mapping. The image noise is subsequently reduced using an interpolation approach. This enables us to lessen the noise in particular regions of the image. Although the method denoises the image, it does not do so fully.

2.2. Filter Kernel. 
A filter, or kernel, in a CNN is a small matrix of weights that slides over the input data (such as an image), performs element-wise multiplication with the part of the input it is currently on, and then sums up all the results into a single output pixel. This process is known as convolution.
Filters are at the heart of what makes CNNs work. They are the primary component that helps the model extract useful features from the input data.
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Figure 4. Types of filter 3×3 used in this experiment. 
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Figure 5. Filter kernel 3×3 and 5×5 (a) Sobel filter horizontal (b) Prewitt filter vertical
2.3. 2D Convolution Operation
Convolution is a technique widely used in image processing. Convolution is a mathematical operation on two functions that produces a third function expressing how the shape of one is modified by the other.
Many image processing results come from a modification of one pixel with respect to its neighbors. When this modification is similar in the entire image 𝑔, it can be mathematically defined using a second image ℎ which defines the neighbor relationships. This results in a third image 𝑓. This is the so-called convolution [Jähne 2005, section 4] and it is denoted with ∗:
	[image: ]					(1)
Intuitively, the convolution “spreads” each pixel (𝑚,) in 𝑔 following ℎ and proportionally to the intensity 𝑔(𝑚,𝑛). Figure 6 gives an example of the computing of a particular pixel.
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Figure 6. Example for computing the pixel (2,2) of 𝑓 [].

RESULTS
In this section, the experimental procedure and result are briefly explain. This experiment is performed using programming language C++ and openCV library.  
The programming code to convert the RGB input image into grayscale is:

cvtColor(imgOriginal,imgGrey,COLOR_BGR2GRAY);

The programming code to convert the grayscale image into CLAHE image with clip limit 4, are:

Ptr<CLAHE> clahe = createCLAHE();
clahe->setClipLimit(4);
clahe->apply(imgGrey,imgClahe);

To create the filter kernel 3×3 is as follows:

kernelPFH = (Mat_<int>(3,3) << -1, 0, 1, -1, 0, 1, -1, 0, 1);        	//Prewitt filter horizontal
kernelPFV = (Mat_<int>(3,3) << 1, 1, 1, 0, 0, 0, -1, -1, -1);	//Prewitt filter vertical

Then the convolution process is performed in filter2D(src,dst,ddepth,kernel,anchor,delta,BORDER_DEFAULT) as:
	        filter2D(imgClahe,output, -1 , kernel, Point(-1, -1), 0, 4);

where the arguments denote:
· src : source image.
· dst : destination image.
· ddepth : the depth of dst. A negative value (such as -1) indicates that the depth is same as the source.
· kernel : the kernel to be scanned through the image.
· anchor : the position of the anchor relative to its kernel. The location Point(-1,-1) indicates the center by default.
· delta : a value to be added to each pixel during the correlation. By default it is 0.
· BORDER_DEFAULT : we let this value by default.

The result images are depicted in Figure 7 and 8. Figure 7, the experiment is performed at light and no light condition. It is shown that the CLAHE image can improve the contrast image and affecting to the convolution result.  
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Figure 7. Processing real time video, (top) at light condition, (bottom) no light condition, (a) original frame (b) grayscale frame (c) CLAHE frame (d) convolved frame.
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[bookmark: _GoBack]Figure 8. The original and convolved image, (a) original image, (b) CLAHE image, (c) result of Prewitt filter 3×3 (d) 5×5 (e) result of Sobel filter 3×3 (f) 5×5.


CONCLUSIONS

From the above study, the implementation of CLAHE image improves the image contrast then increase the texture pattern of convolution output. This texture pattern is almost same at light and no light condition. This output becomes a feature for the next classifier stage. The distinctive pattern will become the feature of the object. The effect of filter size is the difference texture pattern.
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