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Abstract- The importance of artificial intelligence manifests in all of our life’s aspects, robotics, self-driving, surveillance, 

agriculture, transportation, medicine, space, and military. Deep learning is the paramount core for AI applications; especially 

object detection, localization, and tracking. The convolutional neural networks make momentum regarding the 

aforementioned topics. The architecture in this field varied from the fine-grained to the real-time models. Meanwhile, the fine 

grained models produce the maximum possible accuracy; it consumes time on the other side, real-time models are featured 

with speed, but it provides less accuracy.In this paper, we will review start-of-the-art models being used for near real-time 

object detection and tracking, then introduce our approach; an accurate real-time object detector and tracker. 
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I.INTRODUCTION 
 

The demand for real-time embedded systems increased in 

many applications including, industry, medicine, and 
avionics. Suppose the on-board computing unit in an 

autonomous military airplane receives the images from the 

camera; the software running in the CPU must perform all 

required operations to detect and track the target (besides 

the guidance and control) in real-time. 

 

The state-of-art real-time embedded hardware was 

developed to meet the requirements; Sabir Hossain and 

Deok-jin Lee[1] mentioned two categories of real-time 

embedded modules; they tested object detection and 

tracking over different modules using many deep learning-
based algorithms.They concluded with YOLOv2 (you look 

only once) [2] is faster and accurate, but the detecting 

algorithm is limited by 20 m.  

 

 
Fig 1. YOLOv2 performance comparison with other 

models trained on PASCAL VOC 2007. 

 

This model provides 76.8 mAP [3] trained on 544x544 

images with 40 FPS, which assessed fast enough, but the 

accuracy 76.8% is not enough. YOLOv2 attained better 

performance regarding other models, especially with 

higher frame rates. 

 

Faster R-CNN [4] and SSD512 [5] made improvements in 

deep learning-based object detection in the last decade 

while YOLOv2 represents a leap for real-time system 

object detection and tracking in speed and accuracy; this 
paper answers the two main questions: 

 

 What makes YOLOv2 so effective and efficient in both 

accuracy and speed? 

 How can we improve the accuracy in this model for a 

specific frame rate? 

 

II. FASTER R-CNN ARCHITECTURE 

 
This model was represented in 2015 and considered 

famous deep learning-based object detector, consisting of 

three main parts [6]: 

 Convolution Neural Network (CNN). 

 Region Proposal Network (RPN). 

 Class Detection Bounding Boxes prediction. 

 

While the CNN generates the feature map from the input 

image, RPN predicates whether an object existed, or not 

then a bounding box for this object is created; in the end, 

there is a classifier (detects class of object) and regressor 

(creates a bounding box of the object). 
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Fig 2.R-CNN Architecture. 

 

CNN part in this model use basically the VGG16 pre-

trained model [7], we can consider the RPN network is 

designed especially to generate bounding boxes, while the 

final network is a fully connected network. 
 

 
Fig 3.VGG16 Architecture. 

 
Faster R-CNNmodel is 2 stages object detector (features 

map extracting and regions proposals generations), 

producing 71% mAP at 10FPS. 

 

The loos function for an image in this model [8]: 

 
Where: 

i= index of an anchor in a mini batch, 

p_i= predicted probability of anchor i being an object 

p_i^*=  ground truth label,is 1 if the anchor is positive,and 

is 0 if the anchor is negative 

t_i= is a vector representing the coordinates of the 

predicted bounding box 

t_i^*=  ground truth box associated with a positive anchor 
L_cls=classification loss ,logloss over two classes 

(object vs.not object) 

L_cls = regression loss,function (smooth L1) 

N_cls=  mini batch size , 

N_reg= number of anchor locations, 
λ= balancing parameter 

 

III. SSD ARCHITECTURE 

 
SSD single shot detector [10] is a single stage object 

detector, using only features map from the CNN block 

makes this model faster than 2-stages detectors, although 

SSD gained the fast performance; the model cannot detect 

small objects. 

Fig 4.SSD Architecture. 

 

This model is more efficient than Faster R-CNN due to 

feature maps are extracted through the convolutional 

network, not only at the end of the network.  
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Fig 5.SSD Main Blocks. 

 

New proposals came to exist to achieve more accuracy; 

using deconvolution and prediction modules helps the 

SSD to perform more accurately. But even by these final 
upgrades, the results didn’t even close to YOLOv2 

ones.SSD model offers a 74.3% mAP at 59 FPS. 

 

The loose function [11]: 

 

𝑳 𝒙, 𝒄, 𝒍,𝒈 =
𝟏

𝑵
(𝑳𝒄𝒐𝒏𝒇 𝒙, 𝒄 + 𝜶𝑳𝒍𝒐𝒄 𝒙, 𝒍,𝒈 ) 

 

Where, 

L_conf (x,c)∶confidence loss is the loss in making a class 

prediction. 

L_loc (x,l,g): localization loss is the mismatch between the 

ground truth box and the predicted boundary box. 

N: is the number of positive match and α is the weight for 

the localization loss. 

 

IV. YOLOV2 ARCHITECTURE 

 
This model provide 78.6% mAP at 40FPS; the network 
can work for higher rate such 70 FPS; let’s review the 

main techniques [12] used in this model which made that 

leap in speed and accuracy, making YOLOv2 is state-of-

the-art real-time object detection model: 

 

1.Batch Normalization:Normalize outputs of hidden 

layers making the learning process faster. 

2.High-Resolution Classifier: Using the 448*448 

classifier increases the accuracy of the model. 

3.Use Anchor Boxes For Bounding Boxes:Build 

bounding boxes is implemented in C++ and smart 
technique depending on the object shape, which improves 

the speed and accuracy. 

4. Darknet Deep Learning Neural Network:Fully 

convolutional neural network written in C++,making the 
model faster. 

5. Direct Location Prediction Method:Making the 

network more stable. 

6. No Fully Connected Layers.  

 

Fig 6.YOLOv2 Main Architecture. 

 

The DarkNet is the backbone for the YOLOv2 model; it 

depends on an astonishing method of extracting features 

from the source image; as we go deeper in the net, the 
more convolutional layers so the number of layers is 

varying from one to five.  

 

Table 1.DarkNet architecture removing last three layers.

 
 

The block between DarkNet and the classifier is called 
Neck [14]; its purpose, to extract different feature maps of 

different stages (features fusion) of the DarkNet, the thing 

which increases the accuracy of YOLO. 

 

The loose function [15] for the YOLOv2 model is more 

complex than the previous functions for SSD and Faster 

RCNN;it includes classification, localization, and 

confidence losses functions. 

 

Although YOLOv3 and v4[16] improve the performance 

in speed, the accuracy is decreased. 
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V. APPROACH TO NEAR ACCURATE 

REAL-TIME OBJECT DETECTION 

 
We will introduce an approach which upgrades the 

YOLOv2 model to be more accurate and even faster to 

work at frame rates like 100 FPS; there are three main 

points we can work on to adopt the model to be better: 

 

1. Selection of Anchor Boxes: 

In the YOLOv2, a traditional Euclidean distance function 

[17] is applied, which is used to find the nearest centroid 
to the ground-truth bounding box; it generates an error for 

large boxes. We can use k-means++ algorithm [18] to 

analyze size of bounding boxes and use the following 

metric [19]: 

 

𝒅 𝒃𝒐𝒙,𝒄𝒆𝒏𝒕𝒓𝒐𝒊𝒅 = 𝟏 − 𝑰𝑶𝑼 𝒃𝒐𝒙,𝒄𝒆𝒏𝒕𝒓𝒐𝒊𝒅  
 

𝑰𝑶𝑼 =
𝑨𝒓𝒆𝒂 𝒐𝒇 𝑶𝒗𝒆𝒓𝒍𝒂𝒑

𝑨𝒓𝒆𝒂 𝒐𝒇 𝒖𝒏𝒊𝒐𝒏
 

 
 

Fig 7.An Example of Predicted Bounding Box and 

Calculation of Metric. 

 

This method will improve the position accuracy and 
increase mAP. 

 

2. Improvement Of Loose Function: 

We shall use the normalization batch technique in the 

whole network, not only at the start, which means after 

each convolutional block, we have a normalization 

process; that manage us to have dynamic bounding boxes 

to the objects as they move in the image.  

 

 
Fig 8.Comparison of the Same Object with Different 

Distances. 

 

The loose calculation will be improved and increase the 
mAP by about 2%. 

 

3. Network Design: 

We can improve the design of YOLOv2 network by two 

steps: 

 

3.1 Removing the repeated convolutional layers in each 

block; Instead of using 5 layers in the last blocks, we 

can use 3 in each block: 

The main point here is developing a dynamic design based 

on YOLOv2; detecting large objects like humans, cars, 

and houses doesn’t need that number of convolutional 
layers at the high block; it makes the model more complex 

only. We will have a faster model in the result; the thing 

allows us to do the next step. 

 

3. 2 Upgrade features fusion: 

In YOLOv2, there is only one line for features fusion; we 

can develop the design since we’ve managed to get free 

time-space from the first step, making the second line of 

features fusion extracting the data from the lower layer 

will enhance the model and improve the accuracy.  

Figure 9:  Modified network for YOLOv2 model. 
 

VI. CONCLUSION 

 
In this paper, we reviewed three models considered as 

state-of-the-art object detection, comparing the three 

models in architecture and lose function, explaining the 

techniques being used in YOLOv2, which make this 

model faster and more accurate than Faster-RCNN and 

SSD models.We presented many ways to develop the 

YOLOv2 model, trying to improve the accuracy and speed 

of processing. 

 

Taking into consideration, developing the perfect real-time 

model cannot be achieved in the same hardware, we must 
think of upgrading the proceeding units, especially in the 

case of offline training and testing. 
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