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In this paper, a novel visual image real-time detection LSE-Yolo neural network is presented, which is in artificial intelligence-
based Internet of Things for smart cites and smart homes. Despite the great achievements that have been acquired in image
detection, the issue of visual image real-time detection combined with privacy data protection to serve for smart cities and
smart homes has been overlooked. The technique we applied in our study is referred to as visual object detection, which can
contribute to more healthy and comfortable life. When several studies have been carried out to test the validity, it is suggested
that our proposed LSE-Yolo neural network has better performance in image real-time detection based on AIoT for smart
cities and smart homes. And it is similar to state-of-the-art. The fruitful work has made great contributions to our present
understanding of the visual image detection serving for smart cities and smart homes.

1. Introduction

Recently, with the improvement of residents’ living stan-
dards and consumption power, the traditional life has been
changed to the life with science and technology, which can
make it more healthy, fast, convenient, and comfortable.
To meet the needs of modern smart cities and homes, visual
system in computer vision applied in smart cities and smart
homes has become a hot topic in artificial intelligence and
Internet of Things (AIoT). Therefore, image detection in
AIoT has attracted much attention from the academia,
which can serve for smart cities and smart homes. There
have been several studies highlighting object detection for
smart cities and smart homes [1–8] in recent years. And
object detection plays an important role in the visual system
application in AI-based for smart cities and homes. The
common object detection algorithms can be classified into
two categories: one is traditional detectors and the other is
deep learning-based detectors. One of the typical traditional

detectors is HOG detector, which can be can be regarded as
an important improvement over scale-invariant feature
transform and shape context, and it was firstly proposed
by Dalal et al. in 2005. And DPM proposed by Felzenszwalb
et al. [9] in 2008 was the culmination of traditional target
detection methods. In deep learning-based detectors, there
are two major classes: one-stage detectors [10–12] and
two-stage detectors [13, 14], respectively. In one-stage detec-
tors, features from the network to predict object classifica-
tion and location directly. While in two-stage detectors, a
proposal is required; that is, a preselection box containing
the objects to be detected, and then, fine-grained object
detection is carried out. In recent years, it has become a
trend that object detection algorithms served for smart cities
and homes. In literature, Khan et al. [3] in 2017 presented
the detection of people through computer vision in the
Internet of Things scenarios to improve the security in smart
cities, smart towns, and smart homes. In 2019, Garcia et al.
[1] proposed to perform object detection mechanism based
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on deep learning algorithm using embedded IoT devices for
smart home appliance control in CoT. Mehmood et al. [2] in
2021 proposed deep learning-based hybrid approach for the
development of an IoT-based intelligent home security and
appliance control system in the smart cities. Park J et al.
[4] in 2018 presented to use deep neural networks for activ-
ity recognition with multisensor data in a smart home.
Meanwhile, Hu and Ni [7] proposed IoT-driven automated
object detection algorithm for urban surveillance systems
in smart cities. In 2019, Nayak et al. [5] proposed to use deep
learning video-based real-time intrusion detection system
for smart city applications. Then in 2020, Wang et al. [6]
presented the algorithm for target detection in smart city
combined with depth learning and feature extraction. Xu
et al. in 2021 [8] presented feature-enhanced occlusion per-
ception object detection for smart cities. Wang et al. [15] in

2019 proposed an end-to-end three-dimensional (3D) object
detection method based on sparse convolution neural net-
work and feature fusion for autonomous driving in smart
cities. In 2020, Mettupally and Menon [16] presented a
smart ecosystem for parking detection using deep learning
and big data analytics for smart city. Great progress has been
made in the object detection algorithm applied in smart cit-
ies and homes; some limitations are the following: (1) lack of
sufficient data; it is hard to obtain a sound object detection
model served for smart cities and smart homes. (2) Due to
the limitation in common deep neural networks, it is difficult
to be deployed in the mobile device and real-time detection
carried out to contribute to smart cities and smart homes.
(3) Neglecting the privacy data protection of the users, it is
tough to realize the smart city- and smart home-based AIoT.
In order to overcome the problems and limitations stated
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Figure 1: The architecture of our LSE-Yolo visual image real-time detection for smart cities and smart home.
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Figure 2: The architecture of darknet53.
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above, in our work, a new neural network for visual image
system-based AIoT is presented to serve for smart cities
and smart homes to perform real-time detection. To solve
the problem of the insufficient data, supervised data aug-
mentation is adopted in our network including single-
sample data augmentation and multiple data augmentation,
in which the data can be enlarged on the basis of existing
data. And more lightweight neural network is proposed in
our study, which can be installed easily and no dependen-
cies. So it can be deployed on the mobile device to carry
out real-time detection-based AIoT for the smart cities and
smart homes. In addition, to protect the privacy data, edge
computing data are collected and calculated locally or on
edge nodes without being uploaded to the cloud, and impor-
tant and sensitive information does not need to be transmit-
ted through the network, thus effectively avoiding the
problem of privacy leakage. Therefore, the proposed LSE-
Yolo neural network can realize the smart city- and smart
home-based AIoT. The contributions in our study are the
following:

(1) A new neural network for visual image systems-
based AIoT is presented to serve for smart cities
and smart homes to perform real-time detection

(2) Supervised data augmentation is adopted in our net-
work to address the problem of the insufficient data

(3) To protect the privacy data, edge computing is used
to classify the data into public data and private data
to avoid the privacy leakage

This paper is divided into 4 sections as follows: Section 2
introduces the materials and methods, that is, the architec-
ture of our LSE-Yolo neural network. The results and discus-
sion of our work are shown in Section 3. Finally, Section 4
summed up this paper.

2. Materials and Methods

Figure 1 shows the architecture of the novel LSE-Yolo neural
network for visual image systems to perform detection-
based AIoT to serve for smart cities and smart homes. In
the image input, it would be conveyed to the model to per-
form the operation. The input image is the sofa in a home
which is sampled by the mobile device randomly. Firstly, it
would go through the backbone network, that is, the dar-
knet53, which contains 53 convolutional layers to extract
the features and the information. And the Squeeze-and-
Excitation module is added after each residual layer to per-
form the Squeeze part and Excitation operation, which can
solve the loss problem caused by different importance of dif-
ferent channels of feature map in the process of convolu-
tional pooling. Then in the FPN module, it would be
carried out by upsampling by high-level features and top-
down linking by low-level features, and predictions are made
for each layer. Finally, the output of the image which be
detected and taken as the sofa will proceed to the database
to perform edge computing to be classified the public data
or the private data for the smart cities and smart homes.
And the classified public data can be transferred to the
model to improve the performance of the model, while
important and sensitive private data does not need to be
transmitted through the network, thus effectively avoiding
the problem of privacy leakage. Therefore, it is seen that
our LSE-Yolo visual image system for smart cities and smart
home is considerable, which can make people’s life more
convenient and comfortable. To sum up, the proposed neu-
ral network can perform real-time detection along with pri-
vacy data protection and sufficient data.

2.1. Network Architecture. In our LSE-Yolo neural network,
the darknet53 is used as our backbone network as shown
in Figure 2, which is the basic unit of our network. There
are several advantages of darknet53. Firstly, it can be
installed easily and just take a few minutes to finish instal-
ling. Secondly, it has no dependencies and does not rely on
any libraries. Thirdly, its structure is clear, and the source
code of the backbone network is easy to view and modify.
Finally, it has python interface and is easy to transplant.
The architecture of the darknet53 is shown in Table 1, which
is mainly composed of a series of 1 × 1 and 3 × 3 convolution
layers. It is seen that 53 convolution layers are contained in
the darknet53, where the fully connected layer is regraded as
convolution layer but the residual layer is not taken as

Table 1: The structure of darknet53.

Type Filters Size Output

Convolutional 32 3 × 3 512 × 512
Convolutional 64 3 × 3/2 128 × 128
Convolutional 32 1 × 1

1× Convolutional 64 3 × 3
Residual 128 × 128

Convolutional 128 3 × 3/2 64 × 64
Convolutional 64 1 × 1

2× Convolutional 128 3 × 3
Residual 64 × 64

Convolutional 256 3 × 3/2 32 × 32
Convolutional 128 1 × 1

8× Convolutional 256 3 × 3
Residual 32 × 32

Convolutional 512 3 × 3/2 16 × 16
Convolutional 256 1 × 1

8× Convolutional 512 3 × 3
Residual 16 × 16

Convolutional 1024 3 × 3/2 8 × 8
Convolutional 512 1 × 1

4× Convolutional 1024 3 × 3
Residual 8 × 8
Avgpool Global

Connected 1000

Softmax

3Wireless Communications and Mobile Computing



convolution layer. It is found that there is a residual layer
after two convolution carried out, in which the original
information is retained and the extracted features are inte-
grated by adding residuals.

As shown in Figure 3(a), each convolutional layer is
followed by a normalization layer and an activation layer.
In Figure 3(b), it is demonstrated that in the residual part,
1 × 1 + 3 × 3 is used to deepen the network depth to enhance
feature sampling. Therefore, in Figure 3(c), it can be
regarded as residual block when two convolutional module
and a residual module are included. Moreover, each residual
block is preceded by a zero padding.

If we train a normal network using a standard optimiza-
tion algorithm with no residuals, no shortcuts or jump con-
nections, say gradient descent, or some other popular
optimization algorithm, it is found that with the deepening
of network depth, training errors will first decrease and then
increase. In theory, as the network deepens, the performance
of the network should be more sound. While in fact, for a
normal network with no residual modules, as the network
deepens, there are more and more training errors. Therefore,
darknet53 has benefited from the residual module; it can
help solve the problem of gradient vanishing and gradient
explosion, allowing to train deeper networks while maintain-
ing good performance. In our network, to address the loss
problem, the Squeeze-and-Excitation module is added after
each residual layer. Also, the FPN module is added to fuse
the high-level features and low-level features. Meanwhile,
supervised data augmentation is adopted in our network to
address the problem of the insufficient data and edge com-
puting to protect the privacy data.

2.2. Attention Mechanism SE Module. Visual attention
mechanism is a special brain signal processing mechanism
of human vision, which can quickly scan the global image

to obtain the target area that needs to be focused on and
greatly improves the efficiency and accuracy of visual infor-
mation processing. And the attentional mechanism in deep
learning is essentially similar to the human-selective visual
attention mechanism. Its goal is also to select from the infor-
mation that is more critical to the current task and goal. In
our work, the Squeeze-and-Excitation (SE) module is
adopted in our LSE-YOLO neural network, to solve the loss
problem caused by different importance of different chan-
nels of feature map in the process of convolutional pooling.
In Figure 4, the SE module is explained, where Squeeze part
and Excitation part are contained. In the module, W and H
represent the width and height of the feature map and C rep-
resents the number of channels. Therefore, the size of the
input feature map is W ×H × C. In the Squeeze part, the
squeeze operation can be regarded as a global average pool-
ing, where the feature map can be compressed into 1 × 1 × C
vector. Then in the Excitation part, it consisted of two fully
connected layers to perform Excitation operation, where
SERatio is a scaling parameter that is intended to reduce
the number of channels and thus the computation effort.
In the first fully connected layer, there are C ∗ SERatio of
neurons, where the input is 1 × 1 × C and the output is 1 ×
1 × C × SERadio. In the second fully connected layer, the
input is 1 × 1 × C × SERadio, and the output is 1 × 1 × C.
Finally, the scale operation was carried out to multiply the
channel weights. The output of the parameters number
and the calculated quantity is 2 × C × C × SERatio.

2.3. Neck Network FPN. In our work, the feature pyramid
network (FPN) is added in the Neck part of LSE-Yolo to
solve the multiscale problem in object detection, in which
the performance of small object detection is greatly
improved without increasing the calculation amount of the
original model through simple network connection changes.
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Figure 3: The structure of residual block.
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In Figure 5, the structure of FPN is demonstrated, upsam-
pling by high-level features and top-down linking by low-
level features, and predictions are made for each layer. In
the bottom-up process, it is the common forward propaga-
tion process of neural network, and the feature map is usu-
ally smaller after the convolution kernel calculation. When
in the top-down process, it is to carry out upsampling of
more abstract and semantic high-level feature maps. And
in horizontal connection, the result of upsampling is merged
with the feature map of the same size generated from the
bottom-up. The features of the two layers connected hori-
zontally are the same in spatial dimensions to underlie posi-
tion details. In addition, the horizontal connection can
reduce the number of feature maps. In a word, the FPN
added in the Neck part of our network can utilize both high
resolution of low-level features and high semantic informa-

tion of high-level features. And the prediction results can
be achieved and performed separately at each fused feature
layer through combining the features of these different
layers.

2.4. Loss Function. In our work, the loss function in predic-
tion box used is IOU loss and GIOU loss when BCE_loss is
used in object loss and class loss.

As shown in Formula (1), it is explained that the IoU loss
function and Bgt represent the target box when B is the pre-
diction box. It can be used in regression tasks of bounding
box due to the characteristic of nonnegative scale invariance,
identity, symmetry, and triangle inequality.

LIoU = 1 − B ∩ Bgt
�
�

�
�

B ∪ Bgt
�
�

�
�
: ð1Þ

The GIoU loss function is shown in Formula (2), where
C represents the minimum bounding box for B and Bgt . It
aims to solve the problem that the value of IoU loss is unified
as 1 when there is no overlapping area between the detection
box and the ground truth.

LGIoU = 1 − IoU + C − B ∩ Bgt
�
�

�
�

Cj j : ð2Þ

When the calculation of mutual information is taken
into account, BCE_loss which is suitable for classification
is used in object loss and class loss as shown in Formula
(3), which represents the loss corresponding to the N sam-
ple. ω is the super parameter and y is the actual label.

LossXiyi = ‐ωi yi log xi + 1 − yið Þ log 1 − xið Þ½ �: ð3Þ

2.5. Data Augmentation. In our work, data augmentation is
used to reduce the overfitting of the network, and the train-
ing samples of MS COCO dataset are shown in Figure 6. By
transforming the training images, a network with stronger
generalization ability can be obtained, which can better
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Figure 4: The architecture of SE module.
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adapt to the application scenarios. It can be divided into
supervised data augmentation and unsupervised data aug-
mentation methods. In supervised data augmentation, it
can be fall into single sample data augmentation and multi-
ple data augmentation methods, while unsupervised data
augmentation can be divided into two directions: generating
new data and learning augmentation strategies. In our net-
work, supervised data augmentation is adopted including

single sample data augmentation and multiple data augmen-
tation, in which the data can be enlarged on the basis of
existing data. In single sample data augmentation, that is,
when enhancing a sample, all operations are carried out
around the sample itself, including geometric transforma-
tion classes and color transformation classes. Also, there
are several common approaches to transform the image geo-
metrically including flipping, rotation, clipping, deforma-
tion, scaling, and other operations. In addition, Mosaic and
Mixup are also used as multiple data augmentation in our
network, which contribute to the effect of the small object
detection, the robustness, and the stability of the model.

2.6. Data Privacy Protection. In our work, the edge comput-
ing is added to protect the data privacy for smart cities and
smart homes in Figure 7. It can be taken as an operation per-
formed by using the edge strip near the data source, and the
efficiency can be improved, namely, proximity computing.
The cloud computing model that relies on a single central-
ized processing mode for the construction of smart cities
or smart homes cannot cope with all the problems, and it
needs the integration of multiple computing modes to solve
the problems. There are several advantages of edge comput-
ing compared with other traditional cloud computing.
Firstly, it can protect the localized data. The data in the
Internet of Things is so vital to the users’ lives that uploading
it to a cloud computing center increases the risk of exposing
users’ private data. As shown in Figure 7, edge computing
data are collected and calculated locally or on edge nodes
without being uploaded to the cloud, and important and
sensitive information does not need to be transmitted
through the network, thus effectively avoiding the problem
of privacy leakage. Secondly, it can reduce the cloud data
to transfer and energy consumption. Thirdly, it can realize
real-time computing.
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Table 2: The comparison of AP and parameters (state-of-the-art)
of different models for MSCOCO.

Methods AP Parameters

Yolov3+NMS 41.7 67.27M

Yolov3 baseline 38.5 63.00M

Yolov4 baseline 43 31M

Yolov5 baseline 44.5 21.4M

Ours 45.2 26.3M
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3. Results and Discussion

In Table 2, the results obtained from the studies of the pro-
posed neural network and other common neural network
are shown. The experiment is based on Tesla p100, and the
dataset is MSCOCO dataset. It is found that our proposed
LSE-Yolo neural network in artificial intelligence-based
Internet of Things for smart cities and smart homes has bet-
ter performance than other common neural networks. In
our work, the AP is 45.2, which is higher compared to the
neural network, and the parameters is 26.3M, which is lower

than Yolov5. And the line chart can be shown in Figure 8. In
Figure 9, the training and the validation loss are demon-
strated. In a word, the comprehensive of the proposed
LSE-Yolo is highly consistent with the prediction of the the-
oretical model, which is suitable for smart cities and smart
homes. Despite the great advantages mentioned above, there
are still some problems which have not been addressed in
our proposed models. It counts that the tradeoff between
the accuracy and the speed when applied in smart cities
and homes is still a challenge. Therefore, it deserved to be
further studied to solve the above problems.
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Figure 8: The line chart of the comparison of AP and parameters of different models.
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4. Conclusions

In conclusion, it is stated that our proposed LSE-Yolo neural
network in artificial intelligence-based internet of things for
smart cities and smart homes is fruitful. It can not only bring
us more healthy and comfortable life but also make great
contributions to meeting the needs of the modern smart cit-
ies and smart homes. However, there are still some limita-
tions in our study, which is how to realize the tradeoff
between the accuracy and the speed of the model. In addi-
tion, it should be noted that the data for smart cities and
smart homes is still a challenge. And 3D object deep detec-
tion method which should be developed and combined with
augmented reality for smart cities and smart homes is still
the problem to be solved. Therefore, the limitations above
remain to be solved in the future study, which aims to make
it more convenient and fast for the smart cities and smart
homes.

Data Availability

The data we used is available and can be accessed to perform
image detection system using neural network in artificial
intelligence-based Internet of Things for smart cities and
smart homes study. And part of them are available to you
from the corresponding author upon request (zfq@mju.edu
.cn).
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