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Abstract—Machine learning has been increasingly prevailing
all over the world, especially in the computer vision field. This
paper mainly focused on the performance of MobileNetV2 model
for image classification. To verify the advanced performance of
MobileNetV2 model better, this paper adopted MobileNetV1
model as the control group and introduced an experiment of
identifying images in a variety of datasets extracted from
TensorFlow. With the T-SNE visualization tool, the conclusion can
be generated by comparing the accuracy and effectiveness of these
two models. The experimental results demonstrated that the
proficiency of MobileNetV2 model achieved higher accuracy rates
compared to MobileNetV1l model. In order to enhance the
performance of MobileNetV2, extensive experiments are
performed.
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SNE

L.

With the application of machine learning and especially
convolutional neural networks (CNNs), image classification
has shown great potential in disease verification [1], face
recognition [2], and vehicle detection [3]. The ability and
advantages of pre-trained CNN models are mainly due to the

INTRODUCTION

parameters, which are trained on the dataset with larger samples.

Compared with training a new model from scratch, the
computational costs can be decreased by using pre-trained
models. In the previous works, Howard et al. [4] verified that
the MobileNets model is efficient for mobile, embedded vision,
and other applications. However, Howard has not adequately
demonstrated the performance of the MobileNets model in
image classification. To remedy this issue, we tested and
analyzed MobileNetV2 model on two datasets from
TensorFlow (Colorectal _histology and Eurosat [5]). The results
demonstrated that MobileNetV2 model achieved higher
accuracy and shorter training duration than other models, such
as MobileNetV1, Xception [6], Inception-ResNetV2, and
ResNet152.

Taken together, the key contributions of this paper can be
summarized as follows:
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(1) This paper compared the performance of different
models on two datasets and utilized saliency maps to visualize
the outputs.

(2) The experimental result demonstrated that the highest
accuracy of training datasets is achieved by MobileNetV2
model when performing image classification missions.

(3) After analyzing the experimental result, MobileNetV2
model provides assistance in future applications of the image
classification field.

The rest of this paper is organized as follows: Section 2
reviewes related techniques used in the paper. Section 3
describes and analyzes two convolutional neural network
models, MobileNetV1 and its improved version MobileNetV2.
Section 4 reports the experimental steps we took in comparing
and contrasting the performance of MobilNetV2 and other
models when handling image classification. Finally, section 5
summarizes the experiment’s results and proposes future
directions for contemporary researchers.

II. RELATED WORK

T-distributed stochastic neighbor embedding (t-SNE) is
non-linear technique for dimensionality reduction, and this
technique can be used to visualize high-dimensional data
successfully. T-SNE can map the multi-dimensional data to a
relatively low dimensional space. The algorithm for T-SNE can
be mainly divided into two steps. First of all, researchers need
to create a probability distribution demonstrating relationships
between neighboring points. Then, they recreate a lower-
dimensional space based on the probability distribution
generated from higher dimensions. The recent studies
demonstrated that T-SNE is able to handle crowding problems
in a great performance, which basically comes from the curse
of dimensionality.

Another conception related to this article is the
Convolutional Neural Network (CNN). CNN is a typical class
of deep neural networks, which is supervised learning and
trained through backpropagation algorithms. CNNs are
commonly used for computer vision by learning spatial
hierarchies of features. CNNs are generally composed of
following layers: convolution layers, pooling layers, and fully



connected layers. Convolution layers use filters that can
perform convolution operations to scan the input images.
Pooling layers are commonly used to preserve detected features
or downsample feature maps. In the end, fully connected layers
collect results from previous layers and classify images with
labels based on those results.

III. MOBILENET MODELS

A. MobileNet V1

As a small and low latency model with efficient network
architecture and hyper-parameters, Mobilenet vl was proposed
by A. G. Howard et al. in 2017 [7]. Instead of only focusing on
size, Mobilenet v1 is primarily based on depthwise separable
convolutions and a set of two hyper-parameters. As a class of
lightweight networks, MobileNetV1 allows people to
specifically choose a small network for individual applications
matching the resource restrictions (latency and size). Mobilenet
v1 is often used in monitoring systems [8], image classification
[9], and augmented reality [10].

Depthwise separable convolutions were first proposed in
image classification problems [11]. The depthwise separable
convolutions were subsequently utilized in Inception models
[12] to reduce computation cost. Besides, there are many other
networks that employ similar structures to optimize the network
structure and reduce the amount of computation. Shrinking,
decomposing, or compressing pre-trained networks is another
way to obtain small networks, i.e., compression based on
product quantization [13] and hash I [14], pruning, vector
quantization and Huffman coding [15], distillation [16], etc.

This approach utilizes larger networks to train smaller networks.

The calculation of depthwise separable convolutions can be
summarized as follows:

1)  Depthwise Convolution. Depthwise
convolution refers to convolution that does not cross
channels, which means each channel of the feature map has an
independent convolution kernel only acting on. The calculation
/N

cost of the depthwise convolution also can be of the
traditional convolution:
Dy Dy -W Dy - Dy @)

2)  Pointwise convolution.

Although the operation of depthwise convolution is very
efficient, the depthwise convolution is only equivalent to
applying a filter to a channel of the current FeatureMap, instead
of merging several features to generate new features. As the
FeatureMap is the output of Depthwise convolution, the number
of channels is equal to the number of channels input to
FeatureMap. The ability of Depthwise convolution cannot
increase or reduce the dimensionality.

In order to solve these problems, Pointwise convolution was
introduced in MobileNetV1 for feature merging and dimension
alternating. Naturally, using  convolution to complete this
function can be considered. The number of parameters of
Pointwise is , and the amount of calculation can be denoted as:

477

3)  Depthwise Separable Convolution.

Depthwise Separable convolution is a set of operations
obtained by combining a 3 X 3 Depthwise convolution and a
Pointwise convolution. Compared with a 3 X 3 convolution,
the parameter amount and calculation cost of MobileNetV1 are

about the 18 of ordinary convolution.

4) Hyper-parameters.
Width multiplier and resolution multiplier are two hyper-
parameters utilized in MobileNetV1. The role of the width

multiplier & s to thin a network uniformly at each layer.

Resolution multiplier P s applied to the input image, while
the internal representation of each layer is subsequently reduced
by the same multiplier. The computational cost for the core
layer of MobileNetV1 can be expressed as the following form:

Dy Dy -aM - pDg - pDr +aM - aN - pDr - pDp 3)

The structure of Mobilenet v1 is established on depthwise
separable convolutions except for the first layer, which is a full
convolution. For a MobileNetV1 with 28 layers, all layers are
followed by a batchnorm and ReLU non-linearity with the
exception of the final fully connected layer, which is followed
by no non-linearity and feeds into a softmax layer for
classification [7].

Although MobileNetV1 could achieve certain promising
performance, it still has some problems, such as the vanishing
gradient problem. To solve this problem, MobileNetV2 was
discussed in detail in the subsequent section.

B. MobileNet V2

This work employed the MobileNetV2 model for image
classification and focused on the model’s portability. The main
structure of MobileNetV2 is based on its previous version --
MobileNetV1. MobileNetV2 applies the technique of
Depthwise Separable Convolutions (DSC) for portability and
not only improved the problem of information destroying in
non-linear layers in convolution blocks by using Linear
Bottlenecks, but also introduced a new structure named
Inverted residuals to preserve the information.

1)  Depthwise Separable Convolutions.

The Depthwise Separable Convolutions used in
MobileNetV1 have also been applied in MobileNetV2.
Combining with the Depthwise convolution and the Pointwise
convolution, the total number of parameters and computational
cost can be reduced to about 18 of the ordinary convolution.

2) Linear Bottlenecks.

There are two properties that inspire the idea of Linear
Bottlenecks. On the one hand, it is clear that if a result of a layer
has the form of ReLU (Bx) and the result remains non-zero, the
corresponding part of input space (x) is limited to a linear
transformation (Bx). In other words, the ability of the deep
networks is limited to a linear classifier on the non-zero volume
part of the output domain. On the other hand, when ReLU
collapses a channel, it inevitably loses information in that
channel. However, if there are lots of channels, and there is a
structure in the set of activation functions in which information
can still be preserved in other channels. Here this kind of
structure turns out to be a layer that can embed the input into a



lower-dimensional subspace of the activation space. The
discussions above seem to show that if the input space can be
embedded into low-dimensional when using ReLU as an
activation function, a linear transformation is enough to hold all
the useful information. To this end, linear bottleneck layers can
be inserted into the convolution blocks.

BOTTLENECK RESIDUAL BLOCK TRANSFORMING FROM K TO
K’ CHANNELS, WITH STRIDES, AND EXPANSION FACTOR T

TABLE L.

Input
hxwxk

Operator

1x1 conv2d , ReLU6

Output
h xw x (tk)

hxw x tk 3x3 dwise s=s, ReLU6  hs x ws x (tk)

hs x ws x (tk)  linear 1x1 conv2d hs x ws x k’

3) Inverted Residuals.

The bottleneck blocks are similar to residual blocks, where
each block contains an input followed by several bottlenecks
and then followed by expansion [17]. The shortcuts can be
added between different bottlenecks to improve the gradient
propagate ability in multiplier layers is mainly due to the two
factors/aspects: (1) The bottlenecks consist of almost all the
information. (2) The expansion layer can be regarded as an
implementation detail with a non-linear transformation of the
tensor. And using the inverted design (Inverted Residual) is
more memory efficient compared to the traditional structure.

4)  Model Architecture.

The basic building block is a bottleneck depthwise
separable convolution with residuals. The detailed structure of
a sample DSC block is shown in Figure 1. By taking advantage
of transfer learning, MobileNetV2 can be deemed the head, and
some layers follow behind for specific classification tasks. Here
the project employs the version of MobileNetV2 whose input is
160 x 160 RGB picture. The model first expands the low-
dimensional compressed representation of the input to high
dimension and filters it with a lightweight depthwise
convolution. Features are subsequently projected back to a low-
dimensional representation with a linear convolution. This kind
of structure in the model can preserve the information, solve the
inflexible number of filters in MobileNetV 1, and keep the block
lightweight simultaneously.

(a) Regular (b) Separable

Separable Convalution Block

(d) Bottleneck with ex-
pansion layer

Regular Convolution

(c) Separable with linear
bottleneck

o

Figure 1.  Evolution of separable convolution blocks. The diagonally
hatched texture indicates layers that do not contain non-linearities. The last
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(lightly colored) layer indicates the beginning of the next block. Note: 2d and
2c are equivalent blocks when stacked.

Conv 1x1,
Linear

Dwise 3x3
stride=2, Relu6
A

Conv 1x1,
Relu6
A

Input

Stride=2 block

Input —

Stride=1 block

Figure 2.  The convolutional blocks in MobileNetV2.

IV. EXPERIMENT RESULT

The datasets utilized in this work come from the
TensorFlow datasets. Colorectal_histology is a classification of
textures in colorectal cancer histology. Each example is
composed of a 150 x 150 x 3 RGB image of one of 8 classes
(see Figure 3.a). And eurosat is based on Sentinel-2 satellite
images covering 13 spectral bands and consisting of 10 classes
with 27000 labeled and geo-referenced samples (see Figure 3.b).
The detailed information is in Table 2.

TABLE II. THE DATASETS USED IN THE EXPERIMENT
Name Samples Classes Size
colorectal_histology 5000 8 150x150%3
eurosat/rgb 27000 10

64x64x3

)’

stroma (1)

S
-

h

A
adipose (6)

adipose (6)

empty (7)

complex (2) complex (2)

(@)

tumor (0)



HerbaceousVegetation (2) SeaLake (9)

Industrial (4)

Pasture (5)

SeaLake (9)

HerbaceousVegetation (2)

(b)

Figure 3. (a) Examples of colorectal histology dataset. (b) Examples of

eurosat dataset.

In the experiment, the accuracy of the validation set is used
for the evaluation of the performance of a model. To specify the
advantage of MobileNets, a CNN with a typical and traditional
structure built manually is applied as a comparison, and it is
trained for more epochs to narrow the gap between untrained
and pretrained parameters. The information about the networks
in the experiment can be found in Table 3. Also, to make the
result more direct and clear, the training process and the change
of the loss and accuracy during training are plotted in Figure 4
and Figure 5.

TABLE IIL. . INFORMATION AND FEATURES OF THE NEURAL NETWORKS
IN THE EXPERIMENTS

Name Total Parameters Trainable Parameters Epoch
Simple CNN 670,056 670,056 50
MobileNetVl 3,369,738 140,490 10
MobileNetV2 2,431,496 173,128 10

TABLE IV. THE COMPARISON OF PERFORMANCE ON COLORECTAL

CANCER

Name Performance (Test Set Accuracy) Training time
Simple_ CNN 82.88 % 400s
MobileNetV1 88.60 % 72s
MobileNetV2 89.00 % 75s

V. CONCLUSION

This article discusses the experiment implementing the
MobielNetV1 model and MobileNetv2 model with multiple
datasets for image classification and corresponding results. By
comparing and analyzing the experimental data, it can be found
that the MobileNetV2 model achieves a higher accuracy rate
than the MobileNetV1 model. Therefore, MobileNetV2 is able
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to be considered as an appropriate technique to address image
classification problems.

In the future, image classification can be improved based on
the current work by expanding the dataset. The larger dataset
can eliminate errors to the largest extent because the majority
of possibilities will be tested based on the large dataset, which
could help researchers develop a more competitive model. In
addition, implementing some derivative functions might
enhance the performance of the MobileNetV2 model for image
classification, for example, segmentation algorithm and object
detection.
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