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Abstract

Advancement and enhancement in object detection was possible due to 
the growth and development of Convolutional Neural Networks(CNNs). 
When compared to classification problems, the object detection problems 
are more intensive and complex. Cross-platform object detection tasks 
are tedious and tortuous and so tackling problems involving salient 
object detection requires a novel and better approach. Here, various 
techniques in Object Detection using CNN are analysed which include 
R-CNN, Fast-CNN, YOLOv2 and MobileNetV2 SSD CNNs focusing 
primarily on the last two CNN architectures and compare their 
accuracies, speed, and various other factors. 

Keywords: CNN,R-CNN,YOLOv2,SSD,MAdd,mAP,VGG,ResNet,SV
M,RoI,CHW,RELU,VOC, COCO-SSD

Introduction

The ability of machine or computer to detect the objects in the physical world with 
image processing and classifying techniques or Object Detection, is done in order to gather 
and use the information in the virtual world for a wide variety of purposes ranging from 
alert and control systems to the development of autonomous robotic systems and futuristic 
machines. 
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Needless to say, after 2012, the era of deep learning began and as discussed in 
[29], the advancements in deep neural networks and information processing helped CNNs 
to break all the benchmarks set by existing algorithms and became the gold standard for 
image processing, object localization and detection.

Though it is impractical to compare every object detection model, the goal of this 
paper is to compare the performance of R-CNN, Fast-CNN, YOLOv2 and MobileNetV2  
SSD and how they stand when tested against some famous common data sets and analyze 
the tabulated results in the previous papers to compare their performance statistics and 
architectures. 

 Convolutional Neural Network

This field of study deals mostly with CNN based deep learning models which are 
pre-trained on an enormous ImageNet dataset which consists of 1.2 million images to train 
the model. ImageNet dataset generally acts as a standard model when it comes to classify 
images at large scale. To compare the existing models, the number of MAdd operations 
and mAP were computed.

Now, we discuss the models based on the differences in their architecture , 
parameters and number of operations involved within the different layers of the neural 
network.

A. VGG: This model was named so because it was developed by the Visual Graphics 
Group research team at oxford university. As proposed in [12], [15] the architecture 
consists of  3 X 3 convolutions which are stacked in sequence followed by max-
pooling layers in between. To serve the purpose of feature extraction, these layers 
are followed by fully connected layers. The VGG models range from 13 layers 
to 19 layers. We have  drawn the comparison between the models by using the 
VGG-19 consisting of approximately 140 million parameters and 19.5G MAdd 
operations .

B. ResNet: This architecture implements the idea of “Identity shortcut connection” 
which is also called Skip Connections. As mentioned in [12],[15],  in this model, 
the input feature map is allowed to skip a few layers and the input feature map is 
passed as reference to the final layers. We have chosen ResNet-50 for the purpose 
of comparison. This model consists of 23.5M parameters with about 4G MAdd 
operations.



179Nikunj Dhingra, Utkarsh Kumar, Abhishek Mittal and Sarita Yadav   

C. R-CNN: As discussed in [19], to bypass the problem of selecting a huge number 
of regions, Ross Girshick et al. proposed a method where we use selective search 
to extract just 2000 regions from the image and he called them region proposals. 
Therefore, now, instead of trying to classify a huge number of regions, you can 
just work with 2000 regions. These 2000 region proposals are generated using the 
selective search algorithm which is written below.

 Selective Search:

1. Generate initial sub-segmentation,  multiple candidate regions are generated.

2. Use greedy algorithm to recursively combine similar regions into larger 
ones

3. Use the generated regions to produce the final candidate region proposals.

 These 2000 candidate region proposals are warped into a square and fed into a 
convolutional neural network that produces a 4096-dimensional feature vector as 
output. The CNN acts as a feature extractor and the output dense layer consists 
of the features extracted from the image and the extracted features are fed into an 
SVM to classify the presence of the object within that candidate region proposal. 
In addition to predicting the presence of an object within the region proposals, the 
algorithm also predicts four values which are offset values to increase the precision 
of the bounding box.

D. Fast-CNN: In [21], the author discussed the approach which is similar to the 
R-CNN algorithm. But, instead of feeding the region proposals to the CNN, the 
input image is fed into the CNN to generate a convolutional feature map. From the 
convolutional feature map, the regions of proposals are identified and warp them 
into squares and by using a RoI pooling layer, they are reshaped into a fixed size 
so that it can be fed into a fully connected layer. From the RoI feature vector, a 
softmax layer is used to predict the class of the proposed region and also the offset 
values for the bounding box.

 The reason “Fast R-CNN” is faster than R-CNN is because you don’t have to 
feed 2000 region proposals to the convolutional neural network every time, as 
mentioned in [12],[21]. Instead, the convolution operation is done only once per 
image and a feature map is generated from it.
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E. MobileNetV2 SSD CNN: As mentioned in [12],[15],[20],[22] , this architecture 
comprises depth-wise separable 3X3 convolutions in contrast with inverted ResNet 
architecture. One of the major differences between MobileNet and ResNet is that in 
ResNet the 3 X 3 convolutions are performed on reduced channels while in case of 
ResNet the       3 X 3 convolutions are completely replaced by depth-wise separable 
3 X 3 convolutions along with an increase in the number of channels. 

 The ResNet architecture extracts features at 3 X 3 convolution on half of the input 
feature channel but in case of MobileNet, there is an increase in number of feature 
channels by an expansion factor ‘t’, which can be found in [20],[22].

Figure 1. R-CNN

Figure 2. FAST CNN
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Figure 3. VGG-19

 
Figure 4. ResNet-50
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Related Work

The existing research in the domain of Object Detection using CNN involves 
algorithms and techniques like SVMs, SSD, YOLO which can be found in [1], [4], [6], 
[8], [11] and [13]. In the SVM approach in [13], support vector machines were used as the 
algorithm to inspect the data for image classification and analysis. The SVM maps the data 
by analyzing and differentiating the features that can be compared, with the gap to be made 
as wide as possible. Then the classification can be either linear or nonlinear based on the 
kernel. The methods that are used in kernels can be used to analyze the patterns in images. 
Unsupervised models are needed for clustering the data into groups and when the data sets 
aren’t labelled. These groups that are formed are the ones on which the data is mapped. 
The main drawback of this approach in [13], is the presence of residual points in the dataset 
while dividing similar points, and its computation speed as discussed in [13], [14].

The YOLO approach suggested in [1], [6] involves the application of a single 
neural network to the full image, which is then divided into regions and predicts bounding 
boxes and probabilities for each region with a predefined threshold to be considered as an 
object. As each grid cell can predict only a few bounding boxes and can only have one 
class, there exists strong spatial constraint on bounding boxes as discussed in [17] and [18]. 
So this may lead to incorrect localizations and therefore, YOLO being a fast approach, has 
its accuracy as a flaw which is quite notable  for small objects.

SSD approach as proposed and discussed in [11] and [20], discretizes the output 
space of bounding boxes into a set of default boxes over different aspect ratios and scales 
per feature map location [11].

The Single Shot Detector(SSD) overcomes the flaws of YOLO by doing the tasks 
of localization and classification in a single forward pass of the network. SSD being easy to 
train can incorporate  tweaks like fixing priors and location loss improved the performance 
of SSD manifolds by making it highly accurate  and precise.

Comparison

A. Design & Architecture

1. YOLOv2



183Nikunj Dhingra, Utkarsh Kumar, Abhishek Mittal and Sarita Yadav   

Figure 5. YOLOv2

The architecture for the YOLOv2 can be visualized in the figure above. The 
details of each block in the visualization can be seen by hovering over the block. As 
mentioned in [24],[25], each Convolution block has the Batch Norm normalization and 
then Leaky Relu activation except for the last Convolution block. The Reorg layer after 
the Conv13_512 (refer above diagram) is a reorganization layer. If the input image has 
dimension 3x416x416 (CHW), then Conv13_512 would have an output size of 512x26x26 
(CHW). The reorganization layer takes every alternate pixel and puts that into a different 
channel. Let us take an example of a single channel with 4x4 pixels as shown below. 
The reorganization layer reduces the size to half and creates 4 channels with adjacent 
pixels in different channels. Hence, the output of the Reorg layer from Conv13_512 
will be 2048x13x13.Particularly in YOLOv2, the shape of output is 13x13xD, where D 
varies depending on the number of classes to be detected (D=5 for single class). The 
first 2-dimensional array (13x13) is called grid cells. So, there are 169 grid cells in total. 
One grid cell is ‘responsible’ for detecting 5 bounding boxes, that is up to 5 boxes can be 
detected on a grid cell. This means that the network can detect up to 169 x 5 = 845 boxes 
at once. This number of bounding boxes a grid cell can detect is actually the number of 
Anchor-Boxes that are prepared, and this number can be changed as per the requirements.
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2. MobileNet V2 CNN

Figure 6. MobileNet V2 CNN table

As mentioned in [15],[20],[22], the basic building block of the MobileNet V2 CNN 
is a bottleneck with depth-wise separable convolutions along with inverted residuals.

Each line describes a sequence of 1 or more identical (modulo stride) layers, 
repeated n times. All layers in the same sequence have the same number c of output 
channels. The first layer of each sequence has a stride s and all others use stride 1. All 
spatial convolutions use 3 × 3 kernels.

The expansion factor ‘t’ is always applied to the input size as described in Table 
below:

Figure 7. Application of expansion factor

(Bottleneck residual block transforming from k to k 0 channels, with stride s, and 
expansion factor t)

The architecture consists of initial fully convolutional layers with 32 filters followed 
by 19 residual bottleneck layers. RELU6 is used due to its robustness in case of low-
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precision computation. 3 X 3 kernels is used as a standard size for the CNN. Apart from 
the first layer, the expansion factor is kept constant.

The primary network (width multiplier 1, 224 × 224) has a computational cost 
of 300 million MAdd operations with approximately 3.4 million parameters whereas in 
general, the number of parameters in the model can vary between 1.7M and 6.9M.

B. Performance

The traditional CNN approaches for object detection like Fast CNN, Masked CNN, 
R-CNN, all fell short in terms of both the speed and the accuracy against the more recent 
YOLOv2 and MobileNetV2 SSD CNNs as shown in [1], [11], [20] and [26] which are used 
for cross platform, real time and accurate object detection with less computational cost. So, 
our main focus is to compare the speed and accuracy of the YOLOv2 and MobileNetV2 
SSD CNN.

It wouldn’t be best to be comparing the results from different papers but is suitable 
for a bigger picture on where they stand. So, in [11] and [26] the models were compared 
by testing them on the Pascal VOC 2007,2012 and the MS COCO datasets and tabulated 
them against mAP or the measuring accuracy and FPS.

1. MobileNetV2 SSD

Figure 8.1 Results of Pascal VOC 2007, 2012 and MS COCO

Figure 8.2 Performance comparison
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2. YOLOv2 on Pascal VOC 2007 dataset

Figure 9. YOLOv2 on Pascal VOC 2007

3. YOLOv2 on Pascal VOC 2012 dataset

Figure 10. YOLOv2 on Pascal VOC 2012

4. YOLOv2 on MS COCO dataset

Figure 11. YOLOv2 on MS COCO
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So, from the above results in [11] and [26], it can be concluded that MobileNetV2 
SSD has a very high FPS and accuracy, but its performance dips sharply for smaller objects 
while the YOLOv2 does take less time but its accuracy and precision is slightly lesser than 
that of MobileNetV2 SSD.

C. Feature Extractor

The higher performance on COCO can be correlated with the higher performance 
on classification. This is verified by the author in [12] by investigating the relationship 
between overall mAP of different models and Top-1 Imagenet classification accuracy 
attained by pre-trained feature extractor used to initialize each model. This correlation was 
only significant for YOLOv2 while the performance of SSD appears to be less reliant on its 
feature extractor’s classification accuracy.

Figure 12. Feature extractor accuracy

D. Object Size and Image Resolution 

For large objects, MobileNetV2 SSD can perform pretty well even with a simple 
extractor as discussed in [20] and [12]. SSD can even match other detectors’ accuracies 
using better extractor. But SSD performs much worse on small objects compared to other 
methods.

Through the results in [12] we can easily conclude that the higher the resolution of 
the image, the more the accuracy of detecting the objects, and a higher resolution increases 
the accuracy of detecting smaller objects significantly and accuracy of large objects slightly. 
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When decreasing resolution by a factor of two in both dimensions, accuracy is lowered by 
15.88% on average but the inference time is also reduced by a factor of 27.4% on average.

Conclusion

On examining, assessing and through evaluation of the object detection with CNN 
techniques, and more specifically, the YOLOv2 and MobileNetV2 SSD CNN architectures, 
few comparisons were drawn on the basis of their architectures and design, their number of 
parameters, their ability to incorporate any tweaks and changes, their parameter count, and 
most importantly, its effect on the computational cost of the object detection model, i.e., 
the speed and the precision or accuracy of the model. Based on the comparisons that were 
drawn, MobileNetV2 CNN was found to be a better CNN based on speed and performance. 
The average inference time for MobileNetV2 CNN is less than that for YOLOv2 and since 
the resolution of the input image is a key factor for object detection, MobileNetV2 CNN has 
better performance and accuracy with high resolution images when compared to YOLOv2.
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