
IJSRD - International Journal for Scientific Research & Development| Vol. 6, Issue 02, 2018 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 2372 

Real-Time Object Detection and Identification 

Hitesh Kumar1 Moulick Aggarwal2 Nitesh Kumar3 

1,2,3Maharaja Agrasen Institute of Technology, India

Abstract— Machine learning is a field of computer science 

that gives computer systems the ability to "learn" (i.e., 

progressively improve performance on a specific task) with 

data, without being explicitly programmed [1] . In the past 

decade, machine learning has given us self-driving cars, 

practical speech recognition, effective web search, and a 

vastly improved understanding of   the human genome. 

Machine learning is so pervasive today that you probably 

use it dozens of times a day without knowing it. Object 

detection and identification is one of the classic but 

extremely important problems in computer vision. 

Convolution Neural Networks (CNN) is one of the most 

powerful tools for Artificial Intelligence and Machine 

Learning problem. Object recognition is concerned with 

determining the identity    of an object being observed in the 

image from a set of known labels. Oftentimes, it is assumed 

that the object being observed has been detected or there is a 

single object in the image. This project aims to develop 

vision systems that match the cognitive capabilities of 

human beings, systems that can tell the specific identity of 

an object being observed. 
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I. INTRODUCTION 

Objective of this project, Real-Time Object Detection and 

Identification, is to explore present innovations and industry 

practices in Machine Learning. This knowledge would be 

used to create an android application which would detect 

and identify the objects present in an image. This study is 

aimed to implement Machine Learning in real life by 

recognizing the objects in real time which can be further 

extended to determine the dimensions of the object. 

The task of finding objects belonging to classes of 

interest in images has long been a focus of Computer Vision 

research. The ability to localize objects is useful in many 

applications from self-driving cars, where it allows the car 

to detect pedes- trians, bicyclists, road signs, and other 

vehicles, to security, where intruding persons can be 

detected. Though a lot of progress has been made since the 

conception of the field of Computer Vision more than five 

decades ago, as always, there is scope for further 

improvement. This is especially true in the case of object 

detection where a myriad of factors including variation in 

object instances through pose and appearance, along with 

other environmental factors such as the degree of occlusion, 

and lighting tend to cause failures. 

A. Purpose of the Project 

The main objective of this project, Real-Time Object De- 

tection and Identification, is to explore present innovations 

and industry practices in Machine Learning. This knowledge 

would be used to create an android application which would 

detect and identify the objects present in an image. This 

study is aimed to implement Machine Learning in real life     

by recognizing the objects in real time which can be further 

extended to determine the dimensions of the object. 

B. Scope of the Project 

The task of finding objects belonging to classes of interest in 

images has long been a focus of Computer Vision research. 

The ability to localize objects is useful in many applications: 

from self-driving cars, where it allows the car to detect 

pedes-trians, bicyclists, road signs, and other vehicles, to 

security, where intruding persons can be detected. Though a 

lot of progress has been made since the conception of the 

field of Computer Vision more than five decades ago, as 

always, there is scope for further improvement. This is 

especially true in the case of object detection where a 

myriad of factors including variation in object instances 

through pose and appearance, along with other 

environmental factors such as the degree of occlusion, and 

lighting tend to cause failures 

II. CLASSIFICATION FRAMEWORK 

A. Convolutional Neural Networks (CNNs / ConvNets) 

Convolutional Neural Networks are very similar to ordinary 

Neural Networks, they are made up of neurons that have 

learnable weights and biases. Layer recieves some inputs, 

performs a matrix multiplication and optionally follows it 

with a non-linearity. The whole network still expresses a 

single differentiable score function: from the raw image 

pixels on one end to class scores at the other. And they still 

have a    loss function (e.g. SVM/SoftMax) on the last 

(fully-connected) layer and all the tips/tricks we developed 

for learning regular Neural Networks still apply. 

B. Pre-Trained CNN for Feature Descriptor 

To represent target appearances, our tracking algorithm 

employs a CNN, which is pre-trained on a large number of 

images. The pre-trained generic model is useful especially 

for online tracking since it is not straightforward to collect a 

sufficient number of training data. In this paper, RCNN 

(Girshick et al., 2014) is adopted as the pre-trained model, 

but other CNN models can be used alternatively. Out of the 

entire network structure, we take outputs from the first fully- 

connected layer as they tend to capture general 

characteristics of objects and have shown excellent 

generalization perfor- mance in many other domains as 

described in (Donahue et   al.,  2014) [2]. 

1) Overview of our Algorithm:  

Our tracking algorithm employs a pre-trained CNN to 

represent target. In each frame, it first draws samples for 

candidate bounding boxes near the target location in the 

previous frame, takes their image observations, and extracts 

feature descriptors for the samples using the pre-trained 

CNN. We found out that the features from the CNN capture 

semantic information of target effectively and handle 

various geometric and photometric transformations 

successfully as reported in (Oquab et al., 2014; Karayev et   

al., 2014; Donahue et al., 2014). However, it may lose some 

spatial information of the target due to pooling operations in 

CNN, which is not desirable for tracking since the spatial 
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configuration is a useful cue for accurate target localization 

[2]. 

C. Tensorflow Mobile vs Tensorflow Lite 

TensorFlow Lite provides better performance and a small 

binary size on mobile platforms as well as the ability to 

leverage hardware acceleration if available on their 

platforms. In addition, it has many fewer dependencies so it 

can be built and hosted on simpler, more constrained device 

scenarios. TensorFlow Lite also allows targeting 

accelerators through the Neural Networks API. 

TensorFlow Lite currently has coverage for a 

limited set    of operators. While TensorFlow for Mobile 

supports only a constrained set of ops by default, in 

principle if you use an arbitrary operator in TensorFlow, it 

can be customized to build that kernel. Thus use cases which 

are not currently supported by TensorFlow Lite should 

continue to use TensorFlow for Mobile. As TensorFlow 

LiteFigure 1 evolves, it will gain ad- ditional operators, and 

the decision will be easier to make. [3] 

 
Fig. 1: Runtime Enviroment 

D. Model Compression with Quantization 

Apart from redesigning CNN and cut the total number of 

parameters, another way to achieve the goal of accelerating 

inference process and reducing storage of CNN is to cut the 

computation of multiplication in convolution layers. 

Provided that the multiplication of float is much more time 

consuming than integer, an instinct is to transform float 

numbers to 8     bit integers. This could be implemented 

using shrinks by storing the min and max value  of  weights  

for  each  layer, and then compressing each float value to an 

eight-bit integer representing the closest real number in a 

linear set of 256 within the range [4]. This method in theory 

could reduce the model size by 75%. A support package 

recently released by TensorFlow develop team enables the 8 

bit quantization of tensors [5]. 

III. TECHNICAL APPROACH 

In this section we introduce our technical approach to the 

object detection problem. We describe two major parts of 

our solution in the following subsections, including network 

architecture and processing pipeline. 

A. Network Architecture 

The backbone architecture of our system is MobileNets [6], 

a novel deep NN model proposed by Google, designed 

specifically for mobile vision applications. We first 

introduce the intuition behind MobileNets, and then describe 

our model structure. 

B. DSC Layer 

The main thing that makes MobileNets stand out is its use of 

depthwise separable convolution (DSC) layer, as shown 

inFigure  2 . 

The Standard Convolution in models like 

GoogLeNet [7] is replaced by DSC layer with a two-step 

operation: 

1) Depthwise convolution: where each DF xDF filter is 

only in charged of filtering a single depth of the input 

feature map 

2) Pointwise convolution: a simple 1x1 convolution layer 

that is used for combining channel information. DSC 

makes the convolution operation much efficient mean- 

while uses much less parameters. We highlight the 

parameters and computation cost at the following table: 

 
Fig. 2: Depthwise Convolution vs Pointwise Convolution 

C. Model Architecture 

Each Depthwise Separable Convolution module  contains is 

basically a DSC layer, with inserted Rectified Linear 

Unit(RELU) and batch normalization operation between the 

depth-wise and point-wise operations Figure 3 . Note that 

the first layer is just a simple convolution. The last layer is 

an   avg pooling followed by a FC layer. The model is 

similar to VGG-like network. 

1) MobileNets Classifier:  

MobileNets are used to label each proposed image, 

forwarded by the region proposal sys- tem. We preprocess 

the current frame and then feed all the images to the 

classifier to generate labels. Finally, We take the 

classification output and combine them with the bounding 

boxes, overlaying on the original frame Figure 4. 

Readers may be curious about why we do not use 

the cropped bounding box directly as input to the classifier. 

The reason is that the classifier has been trained for fixed 

size images, while in practice small objects appear very 

often. If we up sample the objects, the resulting images will 

have very low resolution to be identified properly. [8] 
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Fig. 3: (a) The structure of a typical DSC module; (b) 

Structure of our MobileNets model 

 
Fig. 4: YOLOv2 with Non-Max Suppression 

IV. DATASET & PREPROCESSING 

Our image data is supplied by MS-COCO detection dataset 

[5]. The dataset consists of 80 classes, including objects 

most commonly captured in traffic cameras like bus, car, 

bicycle, motorcycle and person. The data has been split into 

80% for training/validation and 20% for testing, with the 

distributions of images and objects by class are 

approximately equal across the training/validation and test 

sets. This comes to a training set of 264K images and a 

validation set of 66K images.  We implemented this step by 

first replacing the regions of all objects in a image with 

mean value of the picture for 3224 to 448*448 pixels to 

ensure pictures are of the same size. Table I 

Types Of Models Size on disk Detection mAP 

Yolo2-full 269.9MB 0.125fps 76.8 

Yolo2-tiny 60.5MB 0.487fps 57.1 

Yolo2-full eight-bit 64.4MB 0.153fps 61.3 

Yolo2-tiny eight-bit 15.2MB 0.343fps 49.8 

Table 1: Comparison of Different Models 

V. CONCLUSION 

By analysing the project, we have concluded that this 

project should prove quite beneficial in the real world as it 

can be used in face detection and face recognition. It is also 

used in tracking objects, for example tracking a ball during a 

football match, tracking movement of a cricket bat, tracking 

a person  in  a video. 

Apart from the above-mentioned uses, this project 

can also be modified to be used for people counting, vehicle 

detection, manufacturing industry, classification of online 

images and security purposes as well. 
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