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Abstract. To address the problem that the classification and cleaning of garbage in
city streets is always ineffective nowadays, the paper proposes a garbage detection
method based on edge intelligence. The edge intelligence not only reduces the
computational load of the cloud and speeds up the data transmission, but also
greatly reduces the data transmission cost. First, images of city streets are collected
and uploaded to the edge device via mobile devices in various locations in the
city. Then, the edge server is used to temporarily store the image information, and
the PeleeNet model deployed on it is used to identify and classify various kinds
of garbage, and then visualize the information of each street. Finally, the street
garbage information is transmitted to the cloud, which provides a detailed picture
of the city’s garbage situation and facilitates city management.

In this paper, the PeleeNet model is compared with ResNet, DenseNet and
MobileNet models. The results show that the edge devices equipped with PeleeNet
model not only have the fastest computation speed and the highest accuracy, but
also occupy the least memory. It is fully demonstrated that the method studied in
the paper can be applied to the problem of litter detection in urban streets.

Keywords: Edge Intelligence - Waste Classification - Convolutional Neural
Network - Smart City

1 Introduction

With the further development of smart cities, the issue of urban street trash cleaning
has once again come into focus. Traditionally, street cleaning has required manual inter-
vention at various levels [1], and in many cities, garbage is taken by city citizens to
designated garbage collection points and then collected by sanitation workers. There
are also cities that install cameras at street intersections to observe the presence of trash
within this area. However, these are not able to keep the city streets clean for a long
time, and they do not know the status of the city’s garbage in real time. Therefore, some
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scholars have studied an automated system based on edge computing [2], which collects
information from edge devices, stores and simply processes the street image information
using edge servers, transfers the data to a cloud center and then classifies and counts
the garbage using a neural network model in deep learning. However, with the rapid
development of 5G networks, network-dependent and inflexible cloud computing is no
longer able to efficiently process massive amounts of data, and deploying neural network
models to cloud centers for data processing can no longer yield analysis results in a very
short period of time.

Based on this, this paper proposes a garbage classification detection method based
on edge intelligence. It not only reduces the pressure of data transmission between edge
devices and cloud center, improves the accuracy and intelligence of garbage classifi-
cation, reduces the time delay of data transmission, but also protects the privacy and
security of users. Images of city streets are first collected through cameras and portable
mobile devices installed at street intersections. The data is then stored on an edge server,
and the PeleeNet model on which it is based is used to identify and visualize the garbage
images. Finally, the data is transmitted to the cloud center through the city network, and
finally the garbage visualization information of the whole city is obtained. It is conve-
nient for city managers to manage the city, arrange cleaning staff and coordinate waste
management.

The rest of the paper is divided into the following parts: Sect. 2 contains a review of
related work. In Sect. 2.3, the PeleeNet model is described specifically. In Sect. 3, the
experimental approach is described, including the model, the image database, and the
specific methods. In Sect. 4, the results of the experiments are presented. The study is
concluded in Sect. 5.

2 Related Work

2.1 Edge Intelligence Research

Edge Intelligence (EI) [3] refers to the combination of endpoint intelligence, EC and Al.
This new intelligence paradigm is also known as mobile intelligence [4]. Zhang et al.
define edge intelligence as the ability to enable edge devices to execute Al algorithms
[5]. Ken Li et al. define EI as an open platform that incorporates the core capabilities of
networking, computing, storage, and applications [6]. Compared with traditional cloud-
based smart end devices that upload generated data to cloud centers, edge intelligence
processes and analyzes data locally, which can effectively protect user privacy, reduce
response time, and save bandwidth resources [7]. Deploying intelligence on edge devices
can provide intelligent services to users faster and better.

To solve the computational speed problem and resource problem in edge devices and
edge networks, Hu [8] et al. proposed an algorithm that can maximize computational
efficiency and optimize quality allocation. Zeng et al. proposed a resource allocation
algorithm that eliminates cross-layer interference and reduces latency [9], and also pro-
posed a solution on how to maximize the total rate at optimal power [10]. Jiang et al.
proposed a solution to the task offloading and resource allocation problem in mobile
edge computing [11], and to achieve the above results with limited resources, they also
proposed a framework that can improve the energy efficiency of the network [12] and
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a method to guarantee the accuracy [13]. Liu et al. also proposed a covalent organic
framework that can significantly improve the energy efficiency [14] and practical net-
work protocols that can achieve concurrency and low power consumption [15], and also
give very good approaches for transmission stability [16] and how to optimize the data
transmission throughput in the network [17].

For the problem of poor signal in some areas, Zhu et al. proposed how to get accurate
information under noise interference [18]. Hu et al. proposed a method to use radar
signals for data enhancement [19]. In order to optimize the user experience and reduce
the energy consumption at the user side, Qian [20] et al. presented the results of their
study. Finally, in order to count various information, Talal [21] et al. gave very excellent
statistical methods.

Finally, there are many applications that apply the edge intelligence paradigm to real
life, proving the feasibility of edge intelligence. It is applied in various aspects such as
industrial technology [22, 23], precision agriculture [24, 25], smart healthcare [26, 27],
and smart home [28, 29].

2.2 Smart City Research

The term “smart city” has attracted worldwide attention since its emergence, and there is
a boom in the construction of urban information technology with it as the core in China.
However, there has been no research on urban street garbage in the construction of smart
cities, which is an important reason for us to study garbage classification based on edge
intelligence.

The British Standards Institute describes smart cities as “the effective integration of
physical, digital and human systems in the built environment to provide a sustainable,
prosperous and inclusive future for citizens” [30]. In China, there are already success-
ful examples of smart cities as well. Alibaba’s cloud computing project “City Brain”
used data collected from video feeds of traffic signals to alleviate traffic congestion in
Hangzhou, China, where traffic management was 92% accurate in identifying traffic
violations. It helped emergency vehicles reach their destinations 50% faster than before
and increased traffic speeds by 15% [31]. City government leaders and planners can also
use the city brain to overcome other pressing problems, such as alleviating the problem
of diminishing water supplies.

2.3 Convolutional Neural Network Model

With the continuous development of deep learning, garbage classification has gradually
become intelligent, and the use of deep learning to classify garbage has become a key
research direction in academia and industry. As the authoritative network structure in
deep learning, convolutional neural network model has made great achievements in the
field of image processing, so this paper uses convolutional neural network for urban
street garbage classification processing.

The first convolutional neural network was proposed by Wei Zhang and was success-
fully applied in the field of medical image detection [32]. Subsequently, Yann LeCun
proposed LeNet, a model that has made remarkable contributions in the field of computer
vision [33]. Based on this, Yann et al. successfully solved the problem of handwritten
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digit recognition in 1998 [34]. Since then the research area of convolutional neural
networks has become the focus. Medical image classification [35], handwritten digital
image [36], coronary virus detection [37] are all successful applications of convolutional
neural networks. The following is a brief description of each neural network model that
will be used in this paper.

ResNet

With the exploration of the majority of researchers in the field of convolutional neural
networks, we find that improving the performance of the network can increase the depth
of the network. However, many experiments have proved that simply increasing net-
work depth in a certain depth range cannot effectively improve network performance.
If the number of neural network layers is within 20, increasing the number of network
layers will bring improvement of network performance, and the category accuracy will
decrease. This is because the deepening of the network will cause the problem of gradient
explosion and gradient disappearance. In order to make a deeper network training good
results, in 2016, HE [38] and others proposed a 34-layer residual network. The problem.
However, deep neural networks still face the dilemma of gradient disappearance and
degeneration, and network training has become a difficult problem.

DenseNet

To address this problem, the DenseNet model [39] was born. The two main advantages
of the DenseNet model are the implementation of dense connectivity and feature reuse.
These advantages allow DenseNet to achieve better performance with few parameters
and lower cost. DenseNet also has very good generalization performance, which is
especially suitable for training small data set applications. At this time, the performance
of the network has been greatly improved. However, new issues arise, one is whether
the device can successfully store our model, and the other is the time consumption of
the model for computation. Therefore, in order to meet the practical application criteria,
the only options are to optimize the processor performance or to reduce the amount of
computation. Due to the time problem, reducing the amount of computation becomes the
main technical tool. Solving the above problems, neural network models can be widely
used in mobile.

MobileNet

Therefore, Google proposed MobileNet, a lightweight neural network model, in 2017
[40]. Itis mainly deployed on resource-limited mobile and embedded devices. MobileNet
requires fewer parameters, the whole model is very lightweight and computationally fast,
easily meeting the requirements of these portable devices. But it also has a fatal problem
of being very dependent on deep separable convolutions, which prevents it from being
deployed in most frameworks.

PeleeNet

Therefore, researchers from the University of Western Ontario, Canada, have proposed
PeleeNet, which requires only ordinary convolution for real-time operation on mobile
devices [41]. PeleeNet has the same excellent performance as MobileNet and is appli-
cable to almost all frameworks. It has a very good performance in terms of accuracy,



132 R. Zhu et al.

speed, and power consumption. We will also introduce the PeleeNet model in detail in
later sections.
In summary, the PeleeNet model is chosen as the training network in this paper.

3 Experimental Model

The PeleeNet model borrows the cascade model and architecture from the DenseNet
model. On its basis, it solves the problem of limited both storage capacity and compu-
tational power. The following are the main improvement features of PeleeNet and the
general structure of the PeleeNet model.

3.1 Stem Block

The Stem Block structure is the method used for downsampling in PeleeNet. This mod-
ule ensures a good feature representation of the model and reduces a large number of
parameters (Fig. 1).

Fig. 1. The convolution operation is performed by Stem Block to enrich the feature layers and
reduce the number of weight parameters.

The structure first performs a 3 x 3 convolution operation on the input image, the
main purpose of which is to change the number of channels of the feature map. Then the
network structure is divided into two branches, and the feature map is divided into two
parts. One part of the feature map is pooled for maximum value, and the other part of the
feature map is convolved by a 1 x 1 operation to halve the number of channels, followed
by a 3 x 3 convolution with a step size of 2 to achieve the second downsampling. The
outputs of the two branches are stitched together in the channel dimension, and finally
the number of channels is reduced by another 1 x 1 convolution. Compared with the
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original convolution operation, the main operation of Stemblock structure to reduce the
number of parameters is to introduce a bottleneck layer in one branch to reduce the
number of channels before downsampling, and the other branch to pool the original
input to the maximum value before stitching, in order to pass some of the information in
the input and ensure that the final result still has enough semantic information based on
the reduced number of parameters, without excessive loss of information. The purpose
is to pass some of the information in the input to ensure that the final result still has
enough semantic information on the basis of the reduced number of parameters, without
excessive loss of information. In general, the Stem Block not only enriches the feature
layer, but also greatly reduces the number of weight parameters.

3.2 Two-Way Dense Layer

Filter concatenate Filter concatenate

Previous Layer Previous Layer

Fig. 2. The filter is convolved in two ways by Two-Way Dense Layer to achieve the effect of
taking into account the size of the target.

The left (a) diagram above shows the basic module designed in DenseNet, where k
and 4k represent the number of filters. The right (b) figure represents the basic module
designed in PeleeNet, in addition to halving the filter of the original backbone branch
(the perceptual field of the backbone branch is 3 x 3), a new branch is added, in which
two 3 x 3 convolutions are used, and the perceptual field of this branch is 5 x 5. This
ensures that the extracted features are not just single-scale, but can take into account
both Small and large targets.

3.3 Transition Layer Without Compression

In DenseNet, the transition layer is used to reduce the spatial resolution of the feature
map, and the number of channels in the transition layer will be smaller than the number of
channels in the previous layer. However, experiments show that the compression factor
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proposed by DenseNet can damage the feature representation. And setting the number
of channels in the transition layer and the previous layer to the same value in PeleeNet
can solve this problem.

3.4 Dynamic Number of Channels of Bottleneck Layer

In DenseNet, the number of channels in the bottleneck layer of each Dense Block is
fixed, but this causes the number of channels in the bottleneck in some layers at the
beginning of the network to far exceed the number of input channels, resulting in an
increase in computation. In PeleeNet, the dynamic setting of the number of channels in
the bottleneck layer solves this problem.

3.5 Composite Function

Also, to increase the speed, the PeleeNet model uses the combination of conv+bn+relu
(instead of the pre-activation combination (conv+relu+bn) in DenseNet). In post-
activation, all BN layers can be merged with convolutional layers in the inference phase,
which can facilitate model inference speedup. Finally, to compensate for the negative
impact of this change on accuracy, PeleeNet uses a shallower and wider network struc-
ture, i.e., a 1 x 1 convolutional layer is added after the last sense block, as a way to
obtain stronger feature representation. The structure is calculated as follows:

y = XZAVESN | scare+w
VAR 1 ¢
X x SCALE SCALE x VARpy
= VARpw wc T T VARgy ¥e M
Zon = SCALE wAgy = W — SCALE x VARpy @)
VAR VAR ¢

Substituting Eq. (2) into Eq. (1) yields:
Y =7y x X + Ay 3)

X = Zconv * Xconv + Aconv “)
Combining Eq. (3) with ( 2) yields.
Y =ZpN * (Zconv * Xconv + Aconv) + ABN 5)
The final results are as follows:

Weighting : Z = Zpn * Zcony

Offset : A = Zpn * Zcony + ABN

The input X is normalized in the BN layer. AVEgN is the mean of the input, VARpN
is the variance of the input, SCALE is the scaling, W is the displacement, the convolution
kernel size is K, the weight is Zcony, the bias is Acony. And the number of channels is

Bcony.
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3.6 General Structure of the PeleeNet

(See Fig. 3).
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Fig. 3. The structure of each level of the PeleeNet model

4 Process Design

4.1 Method Overview

The architecture of the method model consists of three parts: the first part is the data
collection from the edge devices, the second part is the analysis and processing of the
data by the edge server, and the third part is the cloud server presenting the whole city
garbage information status.

When the garbage images taken by edge devices are transmitted to the edge server,
the edge server uses the PeleeNet model deployed on it to analyze and process the image
data temporarily stored in the server, delete the images with garbage and classify and
count the garbage in them in order to present the city’s street garbage data quickly and
accurately in the cloud server center. In the local management, the edge data center not
only stores and uploads the garbage classification results accurately processed by the
PeleeNet model, but also stores the initial data from the edge servers locally for a long
time, which not only prevents data loss due to the failure of the edge devices, but also
protects user privacy. City administrators can allocate human resources according to the
visualization results of garbage and realize intelligent garbage disposal. Figure 2 shows
the process of building a garbage detection model for city streets (Fig. 4).

4.2 Data Collection

The main source of city street spam information images is from edge devices such as
cameras, sensors, smartphones, etc. spread all over the city, as well as information from
local management centers.

For the information uploaded by edge devices, the edge server needs to set certain
criteria: 1) fixed image resolution; 2) fixed number of photos taken by each edge device;
3) fixed shooting area.

For the local data center, it needs to transmit the garbage classification data to the
city administrator at a fixed time, while the city administrator makes timely responses
through the reports from the data center and arranges the cleaning staff to clean it in
time.
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Fig. 4. Overall framework of edge intelligence-based waste sorting monitoring model

4.3 Mobile Edge Processing

Sometimes, the information uploaded by the edge devices may be useless information.
For example, in one of the pictures collected by an edge device, there are obstacles
such as cars and houses blocking causing incomplete information of garbage in the
captured garbage images, or garbage does not appear in the captured photos. These
photos are obviously useless, and the edge data processing layer is essential in order to
reduce the workload and time consumption of the edge server. This layer accepts the
information of garbage images from the edge devices and filters out the complete photos
containing garbage images before analyzing and processing them. Figure 5 shows the
basic architecture of mobile edge computing, which mainly consists of the following
parts.

Edge devices: Every camera and sensor in the city streets are edge devices that can
collect information, while every resident is able to take pictures of the streets with his
or her own device, and this data is transmitted to the edge server.

Edge server: It is an edge device that can provide a data transmission channel and
establishes a reliable connection with nearby mobile devices. Its role is to process service
requests from mobile devices and store the information uploaded by mobile devices, and
analyze and process the data through the neural network model mounted on it.

Cloud Center: Processes service requests from the edge servers and stores the
information uploaded by the servers, and visualizes the final city street waste information.
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4.4 TImage Detection Based on Pelee Model

The experiments are based on Window 10 environment and simulated using iFogSim, a
virtual simulation platform for edge computing.

Data Preparation

In this training, we collected more than 20,000 garbage images. These images were
divided into four major categories, namely food waste, recyclable waste, hazardous
waste, and other waste. In total, there are forty sub-categories, including scraps of left-
overs, newspapers, shopping paper bags, foam boxes, batteries, pharmaceuticals, etc. A
total of 15,000 images were used as the training set and 5,000 images were used as the
test set with a ratio of (7:3).

Model Construction and Training

First, a convolutional layer is built to perform feature extraction and then normalization.
Next, an activation function is chosen to introduce nonlinearities to enable the model
to solve nonlinear problems. Then the first Stem Block module is built to preserve the
feature representation and reduce the parameters. Then the most critical Two-Way Dense
Layer is built, which makes the model very flexible and can detect both large and small
shapes. Then the Two-Way Dense Layer is repeated to form the Dense Block, and each
Dense Block is directly built with a transition layer for dimensionality reduction. After
repeating these operations, we finally add a classification layer to complete the model
construction.

Evaluation Model

In this paper, we use the following performance metrics to measure the performance
of a model: Computational Cost, Speed, Accuracy, Memory Usage, Computational
Complexity.
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5 Conclusion

Table 1. Various performance comparisons of PeleeNet model with other models

Model Computational | Speed Accuracy | Memory | Computational
Cost (320 x 320) Usage Complexity
ResNet-101 7864M 118.1M 77.5% 818M 50M
ResNet-152 11832M 70M 78.1% 906M 53M
DenseNet-161 | 4145M 60.3M 77.6% 774M 36M
DenseNet-201 | 3680M 58.8M 77.1% 724M 32.3M
MobileNet-vl | 56OM 75.7TM 70.1% 648M 5.3M
MobileNet-v2 | 32IM 68.9M 71.8% 635M 52M
PeleeNet 507" 129.2M 74.3% 362M 2.8M
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Fig. 6. Comparison of speed and accuracy of each model on edge devices

Putting each model on the virtual simulation platform iFogSim (Table 1 and Figs. 6,
7).

From the above tables and charts, we can clearly observe that PeleeNet, with its
lightweight architecture, not only occupies little memory and has low computational
complexity, but also has good accuracy and computational speed. It is well proven that
it is suitable for deployment on edge devices.
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