
 

 

Modified HOG based on-road vehicle detection method 

 
Yehia Zakaria1, Hossam E. Abd El Munim2, M Ghoneima1, Sherif Hammad2 

1Department of Mechatronics, Faculty of Engineering, Ain Shams University 

Email: {yehia.zakaria,maged_ghoneima}@eng.asu.edu.eg 
2Department of Computer and Systems, Faculty of Engineering, Ain Shams University 

Email: {hossameldin.hassan,sherif.hammad}@eng.asu.edu.eg 

 

Abstract 
   A new vehicle detection method based on modified histogram of oriented gradient (HOG) is 

introduced. Three variants of the modified HOG based feature are used to train linear and nonlinear 

support vector machine (SVM) classifiers. A comparison between classifiers based on proposed HOG 

variants and the conventional one is done. The classifiers are trained and tested on samples extracted 

from KITTI dataset. The comparison between the results show that the proposed method increased the 

discriminative power and improved the detection rates. Finally, the best performing classifiers in the 

comparison are used in detection of vehicles in image frames provided by KITTI dataset. 
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1.Introduction  
In the last few years, making driving safer has been a target for automotive industry. While it was 

reported that most of the road crashes are due to human factors [1], manufacturers are keen to provide 

advanced driver assistance systems (ADAS) (i.e. collision alert, lane departure assistant, driver alertness 

check, ...) to decrease the probability or human error and a more long-term target is to replace the human 

driver with automated one that will make the roads secure and save more lives. A main module in any 

ADAS or autopilot is the perception module that provides the vehicle driver (human or computer) with 

information about the surrounding environment, depending on sensors like cameras, radars and lidars. 

A whole picture of the vehicle surrounding is provided for the vehicle driver to take proper actions 

according to the changes in environment. One core function in the perception module is the vehicle 

detection, as surrounding vehicles are one of the dynamic obstacles which represent a prospective 

collision threat that needs to be taken care of. Cameras as a passive sensor are widely used in the 

perception module of vehicles. A lot of research efforts were done to develop methods for vehicle 

detection using either stereo or monocular cameras. The method introduced in this paper depends on 

data from monocular camera. Vehicles are visually different objects that have a lot of variations in 

colour, size and shape. In on-road vehicle detection unlike in surveillance cameras, the camera scene is 

always changing which makes the vehicles background to be visually complex, besides the challenges 

of detection based on visual information such as illumination variation and occlusion. All the mentioned 

reasons make vehicle detection from camera information a non-trivial task such that a lot research effort 

was paid to approach this problem. Vehicle detection using monocular camera can be classified into 

two main approaches, the first is motion-based at which sequence of images are used in detection 

process and the second is appearance-based at which only one image can be used to detect vehicles. 

One of the motion-based techniques used in vehicle detection is optical flow which is used in [2] for 

detection of overtaking vehicle to use this information in lane changing decision. Also in [3] optical, 

flow is used along with hidden Markov model (HMM) in vehicle detection in different lighting 

conditions. Other motion based techniques such as dynamic scene modelling was used in [4] along with 

hypothesis testing and robust information fusion to detect overtaking vehicles. Dynamic background 

modelling based on sparse optical flow was used in [5] to detect overtaking vehicles. Appearance-based 

vehicle detection is a two-stage process which includes feature extraction and classification [6]. A lot 

of features were used in vehicle detection. Symmetry feature of vehicles was used in their detection [7]. 

In [8], the shadow underneath the vehicle was used as a feature for vehicle detection in traffic scene. In 

[9], a fusion of both symmetry and shadow features was used in vehicle detection. Edge-based constraint 

filter was used in [10] to segment vehicle from background as a step in vehicle detection and tracking. 

Combination of features (symmetry, vertical edges, taillight and shadow) was used in [11] to detect 
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vehicles in different weather and lighting conditions. Haar like features which were used in the well 

know Viola-Jones face detector [12], were used in vehicle detection in [13]–[15]. Also it was used to 

detect independent vehicle parts in [16] full review of the methods used in vehicle detection can be 

found in [17] and [16]. 

The following parts of this paper is organized as follow: Related work is described in Sec. 2. The 

proposed HOG variant along with experiments done and results of the comparison between the 

proposed HOG with the original one are described in Sec. 3. Discussions of the results and conclusions 

are in Sec. 4. 
 

2. Related Works  
One of the features that is widely used in object detection is the histogram of oriented gradient (HOG). 

The HOG feature is firstly introduced by Dalal and Triggs [18] with application on pedestrian detection 

but it had been used in various object detection applications including vehicle detection [19], [20], and 

[21]. Since then efforts had been made to improve the discriminative power of HOG introducing 

different changes on Dalal and Triggs HOG version. In [22], Zhang et al. introduced the local structured 

HOG (LSHOG) fused with local structured Local Binary Pattern (LSLBP) and applied it for object 

detection. In [23], Cheon et al. made use of the symmetry in HOG feature vector for symmetric objects 

such as vehicles and introduced a new HOG variant called symmetric HOG. In [24], Kim et al. 

concatenated position and intensity data for the original HOG to form a position and intensity HOG 

(𝜋HOG). Recently Kassani el at. [25], introduced the soft HOG (sHOG) that depends on random 

selection of cells position with symmetric features and applied it on traffic sign detection. However, all 

the mentioned efforts maintained the same gradient calculation method as in conventional HOG. The 

goal of this paper is to introduce a new HOG variant using compass gradient mask in the calculation of 

HOG that is proved to increase the discriminative power of the original HOG on vehicle detection. The 

classification part is done using the support vector machines (SVM) [26] which is widely used in 

literature in combination with the HOG feature [23], [27]. 

 

3. Proposed work  

3.1 Overview on HOG calculation 
The original HOG computation is done in five steps as described in [18]. First the image goes through 

colour normalization and gamma correction. Then the image is divided as a grid of cells. The cells are 

grouped into larger overlapping blocks at which the cells can belong to more than one block. Figure 1 

shows an example for dividing an image into cells of size 16x16 at which each cell has 256 pixels and 

blocks of size 2x2 which means that each block contains 2 cells in each direction. The blocks in the 

figure have overlapping ratio of 50% at which half of the block cells are shared with the neighbour 

block. Cell size and block size are parameters to be determined by the user according to the image size 

and amount of details needed to be captured. 

 
Figure 1: The image is divided into cells (outlined in yellow), the figure shows cells of cell size is 16x16, cells are grouped in 

overlapping blocks (outlined in green and red), the block size shown in the figure is 2x2 at which the block has 2 cells in each 

direction the overlap ratio between blocks is equals to 50 % where 2 cells (cell2 and cell5) contribute in the result of both 

highlighted blocks. 
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The second step which is the main concern in this paper is computing the image gradient. It was 

mentioned in [18] that various gradient masks were compared but a combination of different gradient 

masks, which is proposed by this paper is not mentioned. In [18], the approach was used with 

application on pedestrians which are visually very different from vehicles. After calculating the 

gradient, a histogram of the orientation of the gradient is done. Number of bins in the histogram is also 

a user parameter. The Third step is calculating weighted vote using tri-linear interpolation method at 

which each pixel not only contributes in the results of the cell where it's located but also to the nearby 

cells and nearby bins in the histogram. The weight of contribution is determined according to the spatial 

location of the cell as well as the gradient value. As shown in Fig. 2, the center pixels denoted by 

(x0, y0), (x0, y1), (x1, y0), (x1, y1)  have contribution in one another results according to their location, 

and also they contribute in the results of nearby orientation bins according to their gradient orientation 

values. The fourth step is the normalization of results over overlapping spatial blocks and the last step 

is to collect the HOG's of the detection window to form the feature vector representing this window. 

 

3.2 Compass HOG 
In the conventional HOG, the gradient of the image calculated using the intensity change in two 

directions only (vertical and horizontal). This will result in losing data from the image and make the 

feature less discriminative because it ignores the intensity diagonal changes. On the other side, the 

proposed compass HOG uses gradient calculated from the change in all compass eight directions, which 

make it more descriptive for the image and hence more discriminative feature. Compass gradient is 

used to create three different HOG variants, the first one is calculated by concatenating the HOG 

features calculated using the four-compass gradient.  

𝑐𝑜𝑚𝑝𝐻𝑂𝐺 = [𝐻𝑂𝐺1 𝐻𝑂𝐺2 𝐻𝑂𝐺3 𝐻𝑂𝐺4] 
At which 𝐻𝑂𝐺1, 𝐻𝑂𝐺2, 𝐻𝑂𝐺3, and 𝐻𝑂𝐺4 are the HOG features calculated using the gradient in four 

directions described in Fig. 3. The feature vector in this HOG variant is four times the length on the 

conventional HOG. Other HOG variant is formed by averaging the gradients in four compass directions. 

The third HOG variant is formed by taking the direction of the gradient that has the maximum 

magnitude. The latter two HOG variants have the same vector length of the conventional HOG. 

 
Figure 2: White points represent the cells center contributes in the tri-linear interpolation, Z is the dimension of orientation 

bins, the pixels contributes to the results of each cell according to its spatial location and gradient value. 
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3.3 Experiments 

3.3.1 KITTI Vision Benchmark [28] 
In experimental work the KITTI dataset was used in training and testing. Introduced by Geiger et al. 

[29] in 2012 KITTI dataset aimed to bridge the gap between lab produced datasets and real life problem. 

KITTI dataset contains realistic data collected by driving around a city, so it has most of the challenging 

problems addressed by autonomous driving vision system. KITTI data acquisition setup is a car 

equipped with two sets of high resolution stereo cameras (Color set and grayscale set) and a GPS/IMU 

system that is used for accurate vehicle localization. 

The dataset contains a visual odometry sequence of length 39.2 Km also it has 7481 stereo pairs for 

training with and 7518 stereo pairs for testing. The training images come with around 200 thousand 

labeled objects of different classes such as cars, vans, pedestrians and cyclists. The dataset could be 

used in a lot of application such as stereo matching, optical flow estimation, 3D visual odometry and 

2D/3D object detection and pose estimation. That makes KITTI dataset one of the main datasets for 

testing state-of-the-art work related to vision systems for autonomous vehicles. The vehicles in the 

dataset are classified according to their detection difficulty into three levels, the vehicle detection 

difficulty is determined based on the size of the vehicle in the frame, the occlusion percentage and the 

truncation from the frame. The proposed approach is tested on the fully visible sedan vehicles. 

 

3.3.2 Samples preparation 
To test the proposed method, the training frames provided by the KITTI dataset is divided equally into 

two groups, one for training and the other for testing. Using the ground truth of the dataset, fully visible 

sedan vehicles extracted from the training and testing groups to be used as positive training and 

verification samples respectively. Negative samples are extracted randomly from the frame parts that 

have zero overlap with all vehicles in the frame. Fig. 4 shows positive samples.  

                

3.3.3 Feature extraction 
The extracted samples are then preprocessed before feature extraction. The sample is resized so that its 

height becomes one of the fixed heights which are 32, 64 and 128 pixels. The height is chosen based on 

the original size of the sample, the width is then determined so that the sample maintain the average 

aspect ratio. The next step is calculating the different HOG feature variations for each sample, the cell 

size is changed for each sample size so that all the samples have the same feature vector length. 

  

Figure 3: Filters used in calculating gradient in four directions 
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3.3.4 SVM classifier training 
Linear SVM and nonlinear SVM classifiers are trained for car detection. Gaussian kernel was used as 

a kernel for the nonlinear SVM. The numbers of samples used are 2382 and 10226 for positive and 

negative samples respectively. 

 

3.3.5 Testing using patches 
Linear and nonlinear SVM classifiers based on different HOG variants are trained for detecting vehicle 

rear view and tested using 1657 positive test sample and 10113 negative samples. ROC curve is used 

to compare the performance of classifiers; the curve was plotted by choosing different thresholds for 

the classifiers confidence level. As shown in the ROC curve (Figure 5) both classifiers show similar 

relative behavior between the different HOG variants however all the nonlinear classifiers outperform 

their corresponding linear classifiers. All classifiers based on compass HOG performance exceeds that 

of the convenient HOG, the compass HOG classifier shows the best performance followed by the 

compass HOG with maximum gradient selection. The best performance achieved by nonlinear SVM 

based on compass HOG classifier shows a true positive rate of 89.56 % and true negative rate of 92.55 

% with AUC equals to 0.9814. 

 

 

  

Figure 5: ROC curve for compared classifiers in the vehicle back class Linear SVM (Left), Nonlinear SVM (Right) 

Figure 4: Positive samples for vehicles (above) and their HOG representation (below) 
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3.3.6 Vehicle detection 
In this section, the classifiers which give the best performance in each class are used together to apply 

vehicle detection on frames provided by KITTI dataset. The exhaustive search technique is used to 

provide vehicle candidate for the classifiers, a sliding window with different sizes scan the image frame, 

the sliding windows height used in detection range from 40 to 180 with average step of 20 pixel, the 

window width is calculated according to aspect ratio associated with each classifier. The next step is to 

calculate compass HOG feature vector and provide it as an input for SVM classifiers which check if the 

window has a vehicle or not. The dimensions and locations of the detected vehicles from the three 

classifiers are then recorded. A non-maximum suppression process is done to reduce overlapping 

detected windows to only one window, the suppression process is done according to the confidence 

level of the classifier at each window, the window with the maximum confidence level is left while 

other windows that overlap with it with an overlap percentage higher than certain threshold are 

suppressed. 

Samples for vehicle detection are shown in figure 6, the results show that the detection algorithm is 

effective in detecting vehicles with near and medium distance range which is the range covered by the 

sliding windows used in detection, also the detector shows robustness in vehicle detection of different 

shapes, colors and at different lighting conditions. 

 

4.Conclusion and Future Direction 
We have presented a new HOG based vehicle detection approach. We modified the feature by adding 

the derivatives from the diagonal direction. A SVM classifier was involved to detect vehicles in 

different video frames. We demonstrated an exhaustive results and validation section. The experiments 

showed the success of the proposed compass HOG approach against the conventional one. In the future, 

we will consider GPU implementation of the proposed technique as well as involving an object tracking 

approach to achieve real time performance. 

 

 

 
Figure 6: Results for vehicle detection tested on KITTI image frames, true positive detection (Green), false positive 

detection (Red) 
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