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ABSTRACT 

In this paper we present a comparative approach between the Histogram of oriented gradients (HOG) feature 

extraction method with Linear SVM classifier and a Multibox SSD convolutional neural network model. OpenCV 

library has been used for detecting pedestrians by HOG-SVM and the TensorFlow framework has been utilized for 

computing the ConvNet. Based on calculations, we conclude that the latter outperforms the former by a rate of 

20% accuracy. 
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1 INTRODUCTION 

With the recent progress in computer vision, the area of pedestrian detection has been able to grab a significant 

attention of many researchers and technocrats. For research works, pedestrian detection includes a wide variety of 

challenges— change in illumination, occlusion, intra class appearance variability, non-rigid deformation. For 

application purposes, pedestrian detection has various applications such as safety on roads, video surveillance, 

robotics, and assistive technology for visually impaired people, advanced interfacing of human-computer. 

Pedestrian detection is a very essential problem that remains a widespread domain of research due to its diverse 

applications. The results we get from detecting pedestrians can be used as important cues to assist many other 

human oriented tasks [1], for instance, people tracking [2] and human gait recognition [3], [4]. Recently, various 

works have been carried out in the field of pedestrian detection [5], [6], [7], [8], [9], [10].   

It is worth mentioning that Convolutional neural networks (ConvNets) have found a special attention towards 

pedestrian detection.  ConvNets have achieved great success in classification and detection on the available MS 

COCO datasets [11]. Most of the top performing methods are based on ConvNets, as their high-level 

representations are powerful for classification. However, the excellent quality comes at a price of training more 

data and higher computational costs. 

Pedestrian detection is challenging in crowded scenario. An important trend of intelligent video surveillance 

technology to aid security workforces found as well as dealt with, without the necessity of anyone around the clock 

to monitor abnormal behaviour, if any is the key role of pedestrian detection. 

In this paper, we are going to discuss about performing pedestrian detection using OpenCV and TensorFlow. For 
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implementing our project, we have used python as the programming language.  

2 PROPOSED WORK 

This paper follows an approach known as Single shot detection introduced in [12]. This procedure helps in 

solving the problem of classifying objects in an image or a video by doing detection on an array of bounding boxes. 

This paper explains the method to train the pedestrian detection problem using the TensorFlow deep learning 

framework as well as OpenCV. 

2.1 Using OpenCV 

In this part we are using OpenCV open source Database for designing and implementing a system that can detect 

pedestrians on roads in order to minimize accidents from happening. 

We have used a handful of the functions from the OpenCV library for our purpose of detecting pedestrians. Size of 

the default people detector is 64x128, so the pedestrians we would want to detect have to be at least 64x128. While 

implementing, at the very outset, we imported all the necessary packages in python. Then we have given path to the 

directory that contains the  image list or, the videos we perform the pedestrian detection on. After that we have 

initialized our pedestrian detector. Then we have called the HOGDescriptor() function, initializing the Histogram 

of Oriented Gradients descriptor. The size of the HOG descriptor is 7 blocks across x 15 blocks high x 4 cells per 

block x 9 bins per histogram =3780. After that we call the setSVMDetector function to set the Support Vector 

Machine in order to pre-train the pedestrian detector, loaded using the 

cv2.HOGDescriptor_getDefaultPeopleDetector()  function. Another important function used is the 

detectMultiScale(). This function performs the detection phenomenon with a multi-scale window[13].  

 

The parameters of this function include- 

2.1.1 img – Source image. 

2.1.2 found_locations – Detected objects boundaries. 

2.1.3 hit_threshold – Threshold for calculating the distance between features and the plane on which SVM 

classifies. 

2.1.4 win_stride – Window stride for sliding window. It is a multiple of block stride (4*4 in our case) 

2.1.5 padding – a parameter to keep CPU interface compatibility (8*8 in our case) 

2.1.6 scale –Scale factor. Coefficient of the detection window increase. 

The parameter scale is a major parameter for tuning a pedestrian detector. A larger scale size evaluates fewer 

layers in the image pyramid, which can accelerate the algorithm. However, having a larger scale can lead to missed 

detection. Similarly, having a smaller scale size increases the number of image pyramid layers we need to be 

evaluate. Group_threshold – It is a Coefficient which regulates the similarity threshold. If detected, then some 

objects might be covered by some rectangles. 0 means not to perform grouping. 

Finally we use non-maxima suppression to filter out unwanted bounding boxes. This function is called from the 

imutils package that we have already imported along with the other packages at the very beginning. 
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While using the HOG descriptor and a Linear SVM for classifying objects we usually detect multiple bounding 

boxes surrounding the object of interest. Therefore, instead of returning all the evaluated bounding boxes, we have 

first applied non-maximum suppression to ignore bounding boxes that significantly overlap each other. 

Accuracy is calculated using the formula: 

Accuracy = (TP+TN)/(TP+TN+FP+FN) ; 

where, TP = true positive, TN = true negative, FP = false positive, FN = false negative 

 

The calculated accuracy using this method is 74%. 

 

 

Fig. 1 output using hog-svm (189th frame of the video) 

 

 

Fig. 2 output using hog-svm (209th frame of the video) 
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2.2 Using TensorFlow 

In this paper, we take the help of some recent work done in Convolutional Neural Network. Particularly we will be 

discussing the use of the Multibox Single shot detection (SSD) using Convolutional Neural Networks (ConvNets). 

Finally, we train our neural network model to classify whether an object is a pedestrian or background.  

A transfer learning approach has been used here by using our frozen inference graph designed during training the 

object detector from the SSD model trained on COCO dataset.  

The whole process of training our model is briefly summarized as follows- A dataset containing our images of 

pedestrians is taken. We have taken 3000 images with varying postures of humans and lighting conditions. Then we 

have used a software named LabelImage to annotate each image for further processing. The output we get by 

annotating our images using LabelImage is in .xml format. Then using function, we convert these xml files to csv 

format. Csv stands for comma separated values. It helps us to represent tabular values in plain text. A single csv file 

stores each individual xml file we created using LabelImage. Then we split the csv file into two separate files: one 

with the training samples (train.csv) and the other with the test samples (test.csv). Next step is the necessity to 

convert these csv files to tfRecord, a TensorFlow standard format. The TensorFlow Object Detection API accepts 

inputs in the TFRecord file format. So we write a tfRecord file using the function tf.python_io.TFRecordWriter for 

the train.csv file. Similarly, we write a tfRecord file for the test.csv file. Then to read from the tfRecord, we use a 

function tf.TFRecordReader(). For that we first need to load the data from the train data in batches of an arbitrary 

size. Based on the specifications of our system, we have taken the batch size to be 2 for further computation. After 

that we need to create a labelmap using- 

item { 

  id: class id 

  name: class name 

} 

After that we have used an available network model trained on the COCO dataset. The following step is to 

configure the training pipeline. For this step we need to install the protobuf package to carry out the training and 

evaluation process. The config file is split into five parts- 

 model configuration- it will define which type of model we want to train (SSD model used in our case) 

 train_config- this step decides the parameters which needed to train the model parameters 

 test_config- it determines the set of metrics required for evaluation 

 train_input_config- it defines the dataset on which the model should be trained on 

 test_input_config- this defines the dataset on which the model will be tested on.  

Then we have assigned the number of classes for our project as one.  

Accuracy is calculated using the formula- 

Accuracy = (TP+TN)/(TP+TN+FP+FN); 

where, TP = true positive, TN = true negative, FP = false positive, FN = false negative 

The calculated accuracy using this method is 94.77%. 
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Fig. 3 output using ssd model (387th frame of the video) 

 

 

Fig. 4 output using ssd model (421st frame of the video) 

3 CONCLUSION  

Our basic aim was to compare the performance of the traditional state-of-the-art method with a neural network 

model. It has been observed that due to drawbacks like tuning of parameters, false detections, high missed rates, 

pedestrian detection using HOG feature extraction and Linear SVM classifier has got almost 20% less accuracy 

than the Multibox SSD model. On the other hand, it is quite evident that there has been almost no false detection in 

case of the neural network model using TensorFlow making it better. 
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4 FUTURE SCOPE 

The main drawback of the work presented in this paper was the lack of GPU support for running the models. 

Therefore, we will be trying to speed up the processing time without compromising accuracy. In addition, the next 

step of this paper will be to test this system on cars to check whether it can provide support and early warning for 

drivers, to minimize accidents. 
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