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Abstract: Image classification is a sub-domain of Image detection; several methods are now proposed to
detect particular sectors of an image. In these methods, Image classification is a supervised method to detect
some peculiar parts of the image. Basically in a detection part you train a system to catch one or many class of
objects (for instance, faces) according to the requirement and the approach would be easily found using
supervised methods.

Classification itself is a vast term which includes training of data, testing of data , supervised as well as
unsupervised learning. Also, concepts of Machine Learning and Deep Learning plays a vital role in classifying
an image. Suppose that you can train your system to sort your images into different categories for eg, does a
scene refer to a landscape or to an urban scene, to people etc. In that sense, object detection would be a
classification reduced to two classes: the object, not the object.
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I.  Introduction

Gigantic masses of digital visual information are produced nowadays, both automatically and also by
the people with access to easily usable tools for creating personal digital content online. Automatic image
analysis techniques are called to analyse and organise these overwhelming sea of information.Particularly
valuable would be techniques that could consequently examine the semantic substance of pictures and
recordings as it is only the substance that decides the pertinence in a large portion of the images/recording. One
important aspect of image classification is the object composition: the identities and positions of the objects the
images contain. This paper discusses techniques for recognising and locating objects of some particular
semantic class in images when the available test images are passed through some qualifies coding.

Quite often data analysis researchers work with data sets of their own. The problem is that the
individual researchers try to solve or tries to get the effectiveness using their individual data sets. However, due
to different data sets the relative potency of various approaches may be difficult to compare as the outcome may
vary vividly.

Essentially object recognition is kind of quest for finding/identifying objects in an image or a video
string and classifying the detected objects.

Object Detection & Image Classification formally includes:

o Detection- of separate objects
Description— of their geometry and positions in 3D
Classification— as being one of a known class
Identification— of the particular instance
Understanding-of spatial relationships between objects

Il. Foundation Theory
Considerable lot of research demonstrated various approaches to enhance neural neural network based
image classification systems. They initially indicate some new useful image transformations to extend the
effectual size of the training set[1]. These were based on using more of the image to select training crops and
additional color manipulations. They additionally demonstrated useful image transformation for creating testing
predictions. They made expectations at various scales and created forecasts on various perspectives of the
image[1].
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Moreover few outcomes demonstrate that a large, deep convolutional neural network is capable of
achieving record breaking results on a highly challenging dataset utilizing absolutely supervised learning[2]. It
is denoted that their system's execution will scatter if a solitary convolutional layer is removed. For eg, expelling
any of the center layers brings about lost around 2% for the top performance of the system. So the profundity
truly is essential for accomplishing the results.[2]

Besides a framework has proposed a picture obscured image classification & recognition strategy that
can naturally recognize obscured picture and reorders the image without either picture sharpening or part
estimation.[3] They develop another blur metric: particular esteem highlight, and utilize it to distinguish the
blurred part of a picture. They likewise dissect the alpha channel data and order the obscured picture locales into
defocus blur or motion blur, respectively.[3]

Powerful rundown of an accumulation is described by some vital properties that the synopsis ought to
possess[4]. In light of the work included, following properties were discovered much self-evident.

1) Diversityi.e Images in the summary should not be identical to each other by any means.

2) Coveragei.eThe summary should cover all fascinating and critical visual and semantic angles. Visual and
semantic viewpoints with high probability ought to be available in the synopsis.

3) Balancei.eThe optical aspects should be present in a balanced way to avoid any variance. Other than this,
the outline ought to be inadequate in the quantity of images[4].

I11. Various Pre-Trained Models
There are piles of pre-trained detection models available on the COCO Dataset, the Kitti Dataset, and
the Open Images Dataset. These models can be appropriate for intellection inference if you are interested in
categories rendered by COCO (e.g., humans, cars, etc) or in Open Images (e.g., surfboard, jacuzzi, etc). They
are also useful for initializing your models when training on novel datasets.

3.1 COCO

Common Objects In Context i.e MS COCO dataset contains photos of different 91 categories observed
in our day to day life which could be clearly acknowledged by an infant. This data set has over 2 million images
labeled manually. With over 25 lakhs labeled instances of more than 327K[8] images, the making of their
dataset developed upon broad group labors input by means of novel Uls for class recognition, case spotting and
occasion segmentation[8].

MModelName Speed(ms) Mean Average Cnuatput
Precision

ssd_mobilenet_vl_coco 30 21 Boxes
ssd_mobilenet_v2_coco 31 22 Boxes
ssd_inception_v2_coco 42 24 Boxes
faster ronn_inception v2_coco 58 28 Boxes
faster rcnn resmet50_coco 29 30 Boxes
faster renn resnet50 lowproposals_coco 64 Boxes
rfen resnetl01 _coco o2 30 Boxes
faster renn resmet1 01 coco 106 32 Boxes
faster renn resnet1 01 lowproposals coco 82 Boxes
faster renn inception resnet v2_atrous_coco 620 37 Boxes
faster renn inception_resnet_v2_atrous_lowproposal | 241 Boxes
S_coco

mask rcon inception resnet_v2_atrous coco 771 25 Boxes
mask rcnn inception v2_coco o 33 Maszks
mask rcon resnetl0l_atrous_coco 470 33 Mazks
mask rcnn resnet50_atrous _coco 343 29 Masks
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3.2 Kitti
MlodelName Speed{ms) Miean Onatpuat
Average
Precizion
faster romn resnetl01_kitd T 37 Boxes

3.3 Open Images

The Open Images data set has been released by Google containing millions of annotated images which
you can now use to train your own machine learning models using the same data Google has access to to train
its own models.

ModelName Speed(ms) | Mean Cutput
Awverage
Precision
faster_ronn _inception resnet_v2_atrous_oid 727 37 Boxes
faster renn inception resnet v2 atrous lowproposal | 347 Boxes
oid

IV. Experimental Results
In here using different types of datasets which runs over a code in python in the SPYDER IDE, various
outputs have been measured and the difference between the Accuracy and the Number of objects detected have
been captured to provide a sure short comparative analysis of the used Data Sets.

4.1 Datasets & Class Labels

Distinct 4 types of datasets have been chosen particularly to point out the difference found in 1)Time
Taken for Execution 2) Accuracy and 3) Number of objects detected, over the selected Test Images Set.
Those DataSetsare :-

1) SSD MOBILENET VERSION 1 COCO

2) SSD INCEPTION VERSION 2 COCO

3) FASTER RCNN INCEPTION VERSION 2 COCO

4)MASK RCNN INCEPTION RESNET VERSION 2 ATROUS COCO

Here the Class Labels used are labelled on the bases of 80 object categories and 91 stuff categories observed in
our routine life i.e animals, motorcycle, plants, furniture, vehicles, household items etc.

4.2 Result
Using the above mentioned datasets one by one over couple of randomly generated test images
following results and differences were observed.

4.2.1 Figure 1

ThnE T R B on T 29 DO AT SR Time Taken For Execution = 298.23816467285156 seconds

[

100

200

300

Fig. 1.1 ssd_mobilenet_v1_cocoFig. 1.2 ssd_inception_v2_coco
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Time Taken For Execution = 420.71517968177795 seconds

Time Taken For Execution = 6008.002460479736 seconds

Fig. 1.3 faster_rcnn_inception_v2_cocoFig. 1.4 mask_rcnn_inception_resnet_v2_atrous

Observing the following images, one can easily classify the difference between those images.
Furthermore to make it effortless, have a glance at the Table below.

Disclaimer:The Time Taken For Execution column here shows the time taken by the dataset to provide the
output classification of the entire Test Images consisting of 27 Images.

Model Name Time Taken for Execution | Highest No. of objects
(sec) Accuracy | detected

ssd_mobilenet v1_coco 219.58 4% 2

szd_inception v2_coco 20522 7% 2

faster renn inception v2_coco 420.71 004 3

mask_rcnn inception resnet v2_atrous Go0g.02 99% 5
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4.2.2 Figure 2

0

0

Fig. 2.3 faster_rcnn_inception_v2_coco ‘ ception_resnet_v2_atrous

Model Name No. of objects detected
ssd mobilenet vl coco 1
ssd_inception w2 _coco 1
faster_rcnn_inception_v2_coco 5
mask rcnon inception resnet v2 atrous 3
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4.2.3 Figure3

Fig. 3.4 mask_rcnn_inceptin
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No. of objects detected

faster rcnn_inception w2 coco

Model Name

ssd_mobilenet v1_coco 3

ssd_inception_v2_ coco 3
[

mask_rcnn_inception_resnet_wv2_atrous
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4.2.4 Figure 4
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Fig. 4.3 faster_rcnn_inception_v2_coco Fig. 4.4 mask_rcnn_inception_resnet_v2_atrous
Model Name No. of objects detected
ssd_mobilenet_v1_coco 3
ssd_inception_v2_coco 3
faster rcnn_inception_v2_ coco 10
mask rcon inception resnet v2_atrous 11

V. Conclusion
All the projects that have been working on image classification and object recognition have just used
the coco dataset i.e.ssd_mobilenet_v1 coco and no proceedings and findings were made about how many
different datasets can also be used to find the discrete variance in the output of the images regarding Time of
Execution, Accuracy and No. of Objects detected. Here we have used 4 distinct models out of all the above
mentioned datasets and provided the findings.
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