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INTRODUCTION

Convolutional Neural Networks (CNNs) are the go-to method in computer vision problems, particularly since AlexNet won the
2012 ImageNet Competition, which really saw a lot of interest come their way for deep convolutional architectures. Ever since,
the general trend has been going deeper and more complex neural architectures to deliver higher accuracy and lesser prediction
errors. Though the outstanding accuracy provided by CNNs is undeniable, they are endowed with some huge drawbacks. High-
performing CNN models like AlexNet contain billions of parameters, which when retained in floating-point precision require a
lot of memory. In addition, existing CNN models have continued to grow in depth, necessitated by the size of larger training sets
and the need for higher accuracy—e.g., residual networks (ResNets) tend to have hundreds or even thousands of layers. Timely
and effective computation has thus become extremely critical, particularly with the limitations faced by mobile computing
environments.

A number of practical issues highlight the necessity for smaller, more efficient neural network structures. First, most real-world
use cases, including image classification or retrieval on mobile phones, demand CNNs to operate on the device itself. Running
big models, taking tens or hundreds of megabytes of storage, is generally impossible on mobile phones. Second, it is now
impossible to train very deep neural networks on a single piece of computing hardware because of limits in memory and
computational capacity. Finally, low-power hardware deployments of deep neural networks necessarily require more efficient,
lighter-weight network architectures.

In order to solve these problems, the depthwise separable convolutional neural network model, the prime example of which is
MobileNet, was proposed. MobileNet is a leaner version of standard CNN architectures that significantly reduces the
computational cost and results in a small neural model ideal for mobile or low-resource devices with hardly any accuracy
compromise.

The rest of this paper is organized as follows: Section 2 outlines related literature and existing work on neural network
architectures. Section 3 outlines specifications of the neural network models considered in this research. Section 4 is where
experimental results and comparisons of the two architectures are given. Section 5 offers insights into a sketch-based
recognition game employed in testing, and lastly, Section 6 presents key findings and conclusions.

OBJECTIVES

The system needs to identify what the user intends to draw through their freehand sketch. The main objective involves teaching
machines to recognize abstract human ideas expressed through sketches just as humans do when interpreting such visuals.

The system utilizes this understanding to develop interactive applications such as sketch-based games which require real-time
interpretation of sketches to support gameplay that depends on abstract representation recognition.
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permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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The game basically is a set of this sketch tasks that a user needs to be completed in time and the neural network tries to guess the
sketch. If it finds it to be true, user is rewarded with points based on what & how the sketch is drawn.

LITERATURE SURVEY

The researcher discusses sketch classification with Convolutional Neural Networks (CNNs) in [1] which remains an
understudied field in its area of study. Traditional techniques based on edge detection and feature extraction and machine
learning algorithms including SVMs and random forests were used extensively in previous research. The paper introduces a
new deep CNN structure which is designed to classify sketches. The proposed architecture includes convolutional layers to
extract features from the sketch and a pooling layer to reduce data dimensions and a fully connected layer for classification
purposes. A massive dataset of labeled hand-drawn sketches is used for training which applies backpropagation to minimize a
loss function that evaluates classification accuracy. The implemented methodology outperforms current sketch classification
approaches when tested on the benchmark TU-Berlin dataset thus validating CNNs as a promising direction for future research.

In this paper, the authors discuss the particular issues of sketch recognition, which is considered as a domain with a lot of
diversity in hand-drawn sketches. They come up with a new deep CNNs architecture that is tailored for sketch processing. The
framework includes a modified ResNet architecture that has incorporated residual connections and batch normalization to
enhance the training process. Network adaptations involve reducing the sizes of the filters and the use of global average pooling
in order to account for the low resolution of the sketches. Dropout layers have also been added in a manner that will ensure they
do not cause overfitting.

The authors validate their approach with several different CNN architectures including AlexNet and VGG-16, and apply a large
publicly available dataset of sketches to compare them. The author's rigorous methodology not only presents a new DCNN
architecture, but also established a benchmark for future research in this topic and enable the exploration of other deep
learning architectures for the recognition of sketches. The paper [5] transformed the trajectory of the computer vision by
introducing deep learning and most importantly Convolutional Neural Networks (CNNs) to large-scale image classification on
the ImageNet dataset.

The authors presented a deep convolutional neural network architecture which was subsequently known as AlexNet, consisting
of five convolutional layers, max-pooling layers, and three fully connected layers. In order to solve the vanishing gradient
problem, the authors[6] utilized rectified linear units (ReLUs) as activation functions, and for preventing overfitting, they
incorporated dropout layers. The deep network was trained on the huge ImageNet dataset containing more than 1.2 million
images to 1000 classes, which was computationally expensive, but the authors had access to fast GPU implementations and data
augmentation. The proposed architecture performed well, with the top-1 error rate at 37.5% and the top-5 error rate at 17.0%,
which outperformed all state-of-the-art approaches at the time. In research paper [10], a new deep learning framework for
sketch classification has greatly contributed to the field by addressing problems such as inherent vagueness, low-quality data,
and shallow learning.

The approach employs web images, learns from a large number of web images for each of the sketch categories, and features a
dual stream architecture that extracts disparate types of information. It also involves multimodal fusion, wherein features of
both streams are merged to depict the semantic concepts between images and sketches. SketchNet also includes a sketch-
specific loss function that forces the model to focus on discriminative sketch-specific features [7]. TU-Berlin and Quick Draw
datasets are employed in this study, and SketchNet consists of a sketch encoder, a web image encoder, a multimodal fusion
layer, and a classifier. Results are shown that SketchNet has been surpassed by earlier work and it is possible to use external
data. The research also demonstrates the importance of multimodal fusion and domain specific loss functions, which will find
applications in future work on sketch understanding and applications such as sketch retrieval and sketch-based image
generation. Other research directions are incorporating additional modalities to reach a better comprehensive understanding,
researching more sophisticated deep learning architectures to reach higher precision and interpretability, and exploring domain
adaptation methods for transferring SketchNet to novel sketch domains with little or no data. The research paper [8]
introduced Sketch-a-Net: a deep neural network approach to address free-hand sketch recognition. It addresses the unique
features of sketches, such as the multi-level of abstraction and sequentiality. The method has three distinctive features: a model
structure and learning parameter selection for addressing the iconic and abstract nature of the sketches, a multi-channel
architecture for representing the sequential ordering of strokes in a sketch, and a multi-scale network ensemble for addresssing
variability in abstraction and sparsity. The article contrasts Sketch-a-Net with the best current alternatives and concludes that it
outperforms all of them, even human beings, in sketch recognition. The system also proposes a multi-scale ensemble of
networks to tackle abstraction level variability. In research paper [9] introduces a new solution for sketch classification, which
normally is challenging due to its vagueness and lack of details relative to photographs.

The paper solves the limitations of conventional solutions, including shallow data, shallow learning, and intrinsic vagueness.
Sketch-a-Net employs a new Deep Convolutional Neural Network (CNN) architecture, e.g., a two-stream architecture, web
image pre-training, multimodal fusion, and sketch-specific loss function. The new model performs better than existing methods
on two benchmark datasets, even beating human performance on the Quick Draw dataset. The paper also emphasizes the



650 J INFORM SYSTEMS ENG, 10(31s)

significance of web images, multimodal fusion, and sketch-specific loss functions in enhancing classification accuracy. Sketch-a-
Net has significantly impacted the research community for sketch recognition by showing the power of pre-training on web
images and deep learning in the classification of sketches, showing the efficacy of multimodal fusion and domain-adapted loss
functions, and outlining the direction of future work on sketch understanding and applications such as retrieval and generation.
Directions for the future are to include more modalities, investigate deeper architectures, and research domain adaptation
methods for extending Sketch-a-Net to new sketch domains with limited data.

The research paper [11] presents a challenging task in computer vision where hand-drawn sketches are utilized for various tasks.
Fei-Fei Li et al.'s 2005 article presents a novel method that makes use of local features and global shape cues. Local features are
extracted using Gabor filters, and global shape cues are extracted using the moment of inertia shape descriptor. The local
features and global shape cues are learned and classified using the support vector machine (SVM). The authors evaluated their
method on 25,000 sketches from 250 object classes and obtained an accuracy of 66.7%, which is significantly higher than the
previous methods. This paper is significant as it was the first to utilize both local features and global shape cues in the sketch-
based object recognition task.

In research paper [7] have reported impressive results on image classification tasks, particularly using the AlexNet architecture.
Nonetheless, conventional CNNs are hindered by vanishing gradients, computational expense, and inflexibility for various input
sizes. One suggested approach is an Inception module, comprising convolutional filters of different sizes used in parallel on the
same input. This method has enhanced gradient flow, reduced computational cost, and the capacity to capture multi-scale
features. The network architecture employs stacked modules with increasing filter sizes and depth, global average pooling for
dimensionality reduction, use of auxiliary classifiers for regularization, and normalization of activations for improved
convergence. This architecture has been a starting point for state-of-the-art CNN architectures and inspired follow-up work on
network design, hyperparameter search, and training algorithms.

Research paper [4] explain how Deep CNNs have been effective in computer vision applications but were too costly in terms of
time and memory to be utilized in mobile and embedded systems. Deepwise separable convolutions achieve substantial
parameter and operation reduction over regular convolutions. The efficient architecture design utilizes depthwise separable
convolutions, linear bottleneck layers, average pooling, and global average pooling for classification. Two hyperparameters at
the global level (a and ) control network width and depth, enabling easy model scaling under different resource budgets. The
method achieved state-of-the-art ImageNet classification accuracy and demonstrated significant speed and memory footprint
savings over popular architectures like VGG16 and Inception v3. MobileNets have made MobileNets a successful mobile and
embedded vision architecture, which motivated further research into lightweight and efficient CNN designs. Future research
directions involve investigating knowledge distillation, evolving to new hardware platforms, and examining applications in edge
computing and augmented reality.

Paper [2] introduce their work on Convolutional Neural Networks (CNNs) and their worth for computer vision tasks in the
paper (2015). Authors introduce CNN model results in image recognition through their analysis of AlexNet OverFeat
GoogLeNet and He et al. CNNs are general-purpose feature extraction tools that the authors particularly study using feature
maps. The authors show that feature maps learned by CNNs work better than initial CNN models when applied to classification
tasks using suboptimal models. The authors demonstrate that using lower-layer features produces better results in classification
tasks. The authors describe their upcoming research which involves studying different CNN architectures and datasets and
investigating pre-trained models of AlexNet and GoogLeNet as well as implementing convolutional layers for classification and
model replication of their work. This paper delivers a detailed analysis of CNN features together with their possible uses in
computer vision applications.

This white paper written by [3] delivers extensive knowledge about Convolutional Neural Networks (CNNs) together with their
applications in image recognition. This work examines CNN architecture together with its different layers as well as embedded
system implementation issues and obstacles. The authors explore both specific implementations of traffic sign recognition and
they discuss potential future applications of CNNs. The research investigates both the benefits and difficulties of applying CNNs
to image recognition problems and general problems. The authors reference several neural network models and studies
including "Face Recognition: A Convolutional Neural Network Approach" alongside "Deep Belief Networks" and "Long Short-
Term Memory" and "Recurrent Neural Networks".

The paper [12] stresses that mobile sketch-based perception models need to be both lightweight and able to perform real-time.
Standard deep learning models have shown high accuracy on well-structured datasets but their reliability in unstructured real-
world environments is questionable. Depthwise separable convolutions (DSCs) are proposed as a potential way to enhance
model efficiency, but the need for further research on compressing sketch recognition models and their effectiveness in mobile
applications, including color, texture, and pressure, is strongly emphasized.

A study [13] presents an energy-efficient DSC accelerator designed for image recognition applications that reaches 413.2 GOPs
throughput and 65.18 GOPs/W energy efficiency through the use of MobileNetV2 architecture. Although the work does not
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focus directly on sketch recognition, it shows that DSCs can greatly decrease network complexity and memory requirements,
which is important for mobile devices with limited resources.

Another contribution [14] presents the Multi-Graph Transformer (MGT) which performs better than Inception V3
and MobileNetV2 in sketch recognition tasks and has faster inference times. The MGT model reaches an accuracy of 72.80%
which is close to the CNN benchmark of 74.22% and benefits from the natural sparsity of sketch data. Its efficiency and
responsiveness make it particularly suitable for real-time sketch recognition on mobile devices.

The evaluation of lightweight CNN models such as EfficientNet-Bo and MobileNet-V3 for mobile human action recognition
demonstrates that these architectures provide performance that is equal to or superior to that of more complex models like
ResNet-50. Although the results are not specifically applied to sketch recognition or DSCs, the results confirm the feasibility of
deploying compact models for mobile inference tasks, which suggests the potential applicability to sketch-based systems as well
[15]

The paper [16] introduces a deep convolutional neural network (DCNN)-based framework for hand-drawn sketch recognition,
based on pre-trained models like VGGNet, ResNet, and Inception-v3. But it does not explore the performance and applicability
of lightweight CNN architectures suitable for real-time sketch detection in miniaturized mobile AI setups. Experimental results
demonstrate that the DCNN approach proposed in this paper can effectively surpass other state-of-the-art methods in both
sketch classification and retrieval tasks, which demonstrates its effectiveness in handling high-level sketch data.

Studies[18 19] investigates a fine-tuned convolutional neural network (CNN) for sketch-based image retrieval with a focus on the
application of deep neural representations for partially colored sketches. The proposed approach employs a good CNN structure,
with training on a sketch-augmented dataset, for learning discriminative neural codes to enhance retrieval precision. The
findings show that this approach is superior to other state-of-the-art methods in large-scale sketch-based image retrieval,
especially on mobile platforms. While the emphasis is not necessarily on lightweight CNNs for real-time detection, the results
present useful insights that can be used to guide the development and assessment of efficient models for mobile applications.

Study [20] describes Random Sketch Learning (Rosler) is an architecture designed to facilitate computationally effective small
artificial intelligence (AI) for edge computing systems. It presents a compressing-while-training framework universally
applicable, whereby models learn succinct representations directly while training, obviating the necessity for explicit
computationally heavy pre-training or post-training compression steps. This method accomplishes considerable savings in
memory—from as much as around 50x to 9ox—and offers more than 180x computation speed-up and about 10x energy
savings. All of these are gains that make Rosler extremely appropriate for learning on-device under resource-scarce situations,
and available for a broad variety of scientific and industrial applications.

METHODS
A. Standard Convolution

A standard convolutional layer takes in a DF X DF X M feature map F and outputs a DG X DG X N feature map G where DF is
the height and width of a square input feature map, M is the number of input channels, DG is the height and width of a square
output feature map and N is the number of outputs.

Convolution of kernel K of size DK X DK X M on input feature map F gave output of size DG X DG X 1. When N such kernels are
convolved on input, it gives an output volume G of size DG X DG X N where DG is width and height of a presumed square
output.

The standard convolutional layer is parameterized by convolution kernel K of size DK X DK X M X N where DK is kernel
dimension assumed to be square. The output feature map for standard convolution assuming stride one and padding is given by:
Standard convolutions computational complexity:

1. single convolution: Dx X Dx X M
2. convolution of 1 kernel over input feature map F: D¢ X D¢ X Dk X Dk X M
3. convolution of N kernels over input feature map F: = N X DG2 X DK2 X M

where the computational cost depends multiplicatively on the number of input channels M, the number of output channels N,
the kernel size DK X DK, the output feature map G size DG X DG.

B. Depth-wise Separable Convolution

Depth-wise Separable Convolution address each standard convolution heavy computational terms and their interactions. First it
uses depth-wise convolutions to break the interaction between the number of output channels and the size of the kernel and
then it uses pointwise convolutions to combine the broken interactions in additive manner resulting in reduced multiplicative
cost of standard convolution.



652 J INFORM SYSTEMS ENG, 10(31s)

Depthwise separable convolution steps:
1. Depthwise convolution:

It takes as input a Dr X Dr X M feature map F where Dr is the width and height of assumed square input feature map.
Convolution on kernel K of shape Dx X Dk X 1 over input feature map F of shape Dr X Dr X M results in output feature map G of
size D¢ X Dg X M where Dr is the width and height of input image, Dg is the width and height of output image and M is the
number of input channels.

2. Pointwise Convolution
It takes input from depthwise convolution’s output feature map as input feature map G of shape D¢ X Dg X M.

The filter used in pointwise convolution is 1 X 1 X M which is basically 1X1 convolution operation over all M layers. If N such
filters are applied on input feature map F, it results output feature map G of shape Dg X Dc X N.

Depthwise convolution computational complexity:

a. Depthwise operation (Filtering)
1.  single convolution: DK X DK
2. convolution of 1 kernel over input feature map F for 1 channel: DG X DG X DK X DK
3. convolution of 1 kernel over input feature map

for M channels: DG X DG X DKX DKXM

b. Pointwise Operation (Combining)

1. single convolution: M
2. convolution of 1 kernel over input feature map for 1 channel: DG X DG X M
3. convolution of N kernels over input feature

map for M channels: N X DG X DG X M

Total Computational Complexity:

MXDGXDGXDKXDK+NXDGXDGXM

where the computational cost depends multiplicatively on the number of input channels M, the number of output channels N,
the kernel size DK X DK, the output feature map G size DG X DG.

M M M
D Dx Dy
D Dy D
N
a. Standard Convolution Filters
1 1 1
Dk D] |J R Dk
Dk Dk Dk
M

< »
« »

b. Depthwise Convolution Filters (Depthwise Separable)
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M M M

c. Pointwise Convolution Filters (Depthwise Separable)
C. Comparison of Standard Convolution and Depthwise Separable Convolution
By expressing convolution as a two-step process of filtering and combining we get a reduction in computation of:

=No. of mulit in depthwise separable convolutionNo. of mult in standard convolution

- MXDg XDk XDeXDg+ DeXDoXMXN
B NXDgXDeXDg XD XM

= 1N+1DK2

MobileNet uses 3 X 3 depthwise separable convolutions which uses between 8 to 9 times less computation than standard
convolutions at only a small reduction in accuracy as seen in Section 4

For e.g. Consider an output feature volume N = 1024 and DK of size = 3, plugging in the values in convolution expression, we
can see

= 1N+1DK2= 11024+ 132
= 10339216=0.112

This indicates that depth separable convolution 8 — 9 times faster with respect to standard convolution in terms of
computational complexity.

D. MobileNet Model (Depthwise separable CNN)

e  Network Architecture and Training Process

The MobileNet architecture uses depthwise separable convolutions for all layers except the first layer which uses a standard
convolutional operation. The total number of layers in MobileNet amounts to 28 when depthwise and pointwise convolutions
operate as separate entities. Standard convolutional layers and MobileNet specialized convolutional layers show their structural
differences in Figure 1. Measuring computational cost through Multiply-Add operations fails to provide a complete picture
because practical implementation and efficient operation of these calculations must also be evaluated.

The training of MobileNet architectures used TensorFlow together with asynchronous gradient descent optimization in the
same way as Inception V3 models. The training of MobileNet models did not include label smoothing or auxiliary classifier
heads as implementation elements. The training process for larger models like Inception received limited image distortion from
restricted aggressive cropping methods.

3 x 3 Depthwise Conv 3 x 3 Depthwise Conv

.
.
L4 L]

Avg. Pool *

Avg. Pool
Fully Connected
Fully Connected

fig. Standard Convolution fig. MobileNet Layers
Layers

Figure 1. Standard Convolution and MobileNet Layers
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e  Width Multipler in MobileNet Model

Although the base MobileNet architecture is already optimized for low latency and compactness, certain applications may still
require even smaller and faster models. To cater to such needs, MobileNet introduces a straightforward parameter known as the
width multiplier (a\alphaa). This hyperparameter effectively reduces the width of the network at each layer in a uniform
manner. The role of the width multiplier is to decrease the number of input and output channels across all layers, thereby
reducing both memory and computation. The formula for computing the cost of a depthwise separable convolution with the
width multiplier a\alphaa is given by:

DK XDK XaM X DF X DF + aM X aM X aN X DF X DF

Here, a\alphaa takes values in the range (0,1), commonly set as 1, 0.75, 0.5, or 0.25. By applying this multiplier, the overall
number of operations and parameters is reduced approximately by a factor of a2, significantly optimizing model performance for
limited-resource environments.

e  Resolution Multipler in MobileNet Model

In addition to controlling the width of the network, MobileNet employs a second hyperparameter known as the resolution
multiplier (p). This parameter is used to reduce the input image resolution, thereby decreasing the spatial dimensions
throughout the network and further lowering the computational load.

The computational cost when both the width multiplier a\alphaa and the resolution multiplier p\rhop are applied is expressed
as:

DK X DK X aM X pDF X pDF + aM X aM X aN X pDF X pDF

Typical values for p are chosen so that the input image resolution becomes 224, 192, 160, or 128. This results in a quadratic
reduction in spatial operations, approximately by a factor of p2.

The following section will explore how adjustments in a\alphaa and p\rhop impact model accuracy versus resource efficiency,
allowing MobileNet to be tailored for diverse deployment scenarios.

1I. PROPOSED SYSTEM (SKETCH BASED RECOGNITION GAME)
A. INTRODUCTION

Sketches provide an instinctive method of communication which people have used since ancient times to effectively convey their
ideas. Sketches present abstract representations which gather multiple concepts and thoughts into one representation.

The system needs to identify what the user intends to draw through their freehand sketch. The main objective involves teaching
machines to recognize abstract human ideas expressed through sketches just as humans do when interpreting such visuals.

The system utilizes this understanding to develop interactive applications such as sketch-based games which require real-time
interpretation of sketches to support gameplay that depends on abstract representation recognition.

The game basically is a set of this sketch tasks that a user needs to be completed in time and the neural network tries to guess the
sketch. If it finds it to be true, user is rewarded with points based on what & how the sketch is drawn.

RESULTS
B. DATASET AND NEURAL NETWORK DETAILS

e DATASET:

We are using QuickDraw dataset open-sourced by google which is a huge collection of free hand human drawn sketches of real
world objects. It contains about 5 million sketch images totalling its size to 3 TB of data but we are using on part of data about
70000 images for projects because of size constraints and low computational resources on Mobile Devices.

The data is categorized in raw-data and preprocessed data. The data is captured in time stamped vector format drawings and is
available in formats - NDJSON, NPY, BIN. The dataset is freely available to be downloaded and used for development purposes.

e PRETRAINED MODEL

We are using MobileNet convolution model to train the images and generate pretrained model. TensorFlow comes packaged
with great tools that you can use to retrain MobileNets without much code to write. The pretrained model uses parametric
arguments to start training the dataset.

a. Model Training Parameters & Time Requirements:



655 J INFORM SYSTEMS ENG, 10(31s)

e training steps = 8000

e architecture = MobileNet_1.0_224
e learning rate = 0.01

e train batch size = 512

e output graph = retrained_graph.pb

Table 1. Time Required for Training

Configuration Time Required

Dual Core i3 CPU, 8GB RAM 28 Min 45 Sec

Quad Core i5 CPU, 20 Min 9 Sec
8 GB RAM, 2GB 940MX GPU

Octa Core Xeon CPU, 10 GB RAM|22 Min 17 Sec

b. Model Accuracy & Size, Comparison with state of art results:

The final training accuracy using MobileNet with 1.0 width multiplier with 224 resolution, learning rate 0.01 was 98 % and
validation accuracy was 84.7 % which is more than The trained frozen graph model size was only 16.5 MB which is very small in
size compared to standard CNN’s frozen graph which was 98.4 MB. The accuracy observed in [17s] is 93.5%.

The trained model is used the application to recognise hand drawn sketches.
", Bicycle 0.862

Motorbike 0.501

Wheel 0215

Tsble 0.078
Bed 0.021

Figure 2. Classification of Sketch
C. GAMEPLAY
A task i.e. a sketch to be drawn is provided to the user that needs to be completed or drawn in the time provided for points.

Based on the what and how image is drawn for a given task, the app calculates a score for the image drawn and based on it and
the level at which user is playing, an overall score is calculated for the task.

The task becomes harder and harder as you proceed through the levels, the harder task you solve, the more points you get.
The recognition threshold increases gradually and looks for more correct depiction of the given task gradually.
The Game provides two modes for playing:

e Normal Mode

e Arcade Mode

e Intime Mode

Normal Mode

In Normal Mode, a set of tasks ranging from easy to hard is provided and based on image drawn points are given as mentioned
below. Once every task has been completed, an overall score is calculated which is additive of set of tasks. As the game
progresses, task becomes harder.
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Arcade Mode

In Arcade Mode, unlike Normal Mode, in this a set of tasks is given and based on drawn a score is given which is same across all
tasks. If a task is not completed, the gameplay stops and the additive score is calculated as total score. Max 30 Points for each
task based on how you draw the image.

In-Time Mode
In In-Time Mode, you have to complete as much tasks as possible in the given time which is 3 minutes.
DISCUSSION

Here we initially explore the impact of depthwise convolutions along with the option of shrinking by decreasing the width of the
network instead of the number of layers. Also comparing Convolution Model Accuracy. Then we illustrate the trade-offs of
shrinking the network according to the two hyper-parameters: width multiplier and resolution multiplier and compare to several
well-known models. Also testing out learning rates for MobileNet and Inception. Android is being used as a testbed for trying
out the experiments by creating pretrained models based on the tuned parameters in the sketch data from quickdraw by Google.

A. MODEL OPTIONS

Firstly, we show results in Figure 3 for MobileNet with depthwise separable convolutions compared to a model built with full
standard convolutions and inception v3 model trained on 32000 28 x 28 images on Quad Core Processor with 8 GB RAM and 2
GB dedicated GPU.

We then provide results comparing with by adjusting width multiplier to less shallow models using fewer layers.
The size, computation, and accuracy tradeoffs of MobileNet architecture shrinkage with respect to the width multiplier a are
indicated in figure 4. The accuracy decays smoothly down until the architecture becomes too tiny at a = 0.25

Figure 5 illustrates the accuracy, computation and size for various resolution multipliers by training MobileNets with lower
input resolutions. Accuracy declines smoothly with resolution.

-

CNN Mode!
MobileNet Mode!

Figure 3. Comparison of CNN Models

Figure 5. Comparison of Resolution Multipler in MobileNet
B. LEARNING RATE:

Next, we tried fiddling with learning rates and found a pretty big difference by adjusting the learning rates in terms of accuracy.
We show the results obtained by adjusting the learning rates of MobileNet and Inception model below in Figure 6.
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Figure 6. Comparison of Learning Rates on CNN Models

C. TRAINED MODEL

The pretrained model obtained by freezing the neural network generally in a protobuf or pb file format is used in mobile devices
to classify images, text etc.

In figure 4, we can see how different convolution models produces frozen graphs (pretrained model) with different sizes.
MobileNet model is the best when it comes to producing pretrained model which are very portable built for mobile devices.

Inception and Standard CNN produces pretrained model which has about 14 times larger than MobileNets pretrained model.
D. DATASET

We also trained Convolution Models on other datasets to analyze the performance effect on different datasets. We used data
from ImageNet Dataset and Face Dataset. ImageNet containing of about 35,500 images of different real-life objects and Face
Dataset containing about 10,000 images. The results indicated that MobileNet was much faster in training with using very less
computational resources and time with minimum effect on accuracy. We got an accuracy of 78.4 % on ImageNet and 75.3 % on
Face Dataset using MobileNet with trained model size of 16.5MB and 82.6 % on ImageNet and 82.3 % on Face Dataset using
Inception V3 Model with 95.3 MB of trained model size.

CONCLUSION

In summary, we have performed both an experimental and theoretical study of the CNN models. Several changes have
been identified and observed when adjusting the parameters of different convolution models. It was observed that there was
a significant change in execution time when transitioning from standard convolution model to MobileNet model which uses
depthwise separable convolution. The experiments suggest that MobileNet model for its portability of trained model, the time of
execution and minimal effect on accuracy is suitable for the low computational resources available in mobile devices. We then
demonstrated the application of MobileNet Model in a sketch recognition game using pretrained model for classifying sketches
on Android and the results we obtained. The experimental results have been successfully interpreted.
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