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ABSTRACT During the process of smart city construction, city managers always spend a lot of energy and
money for cleaning street garbage due to the random appearances of street garbage. Consequently, visual
street cleanliness assessment is particularly important. However, the existing assessment approaches have
some clear disadvantages, such as the collection of street garbage information is not automated and street
cleanliness information is not real-time. To address these disadvantages, this paper proposes a novel urban
street cleanliness assessment approach using mobile edge computing and deep learning. First, the high-
resolution cameras installed on vehicles collect the street images. Mobile edge servers are used to store
and extract street image information temporarily. Second, these processed street data is transmitted to the
cloud data center for analysis through city networks. At the same time, Faster Region-Convolutional Neural
Network (Faster R-CNN) is used to identify the street garbage categories and count the number of garbage.
Finally, the results are incorporated into the street cleanliness calculation framework to ultimately visualize
the street cleanliness levels, which provides convenience for city managers to arrange clean-up personnel
effectively. The overall approach is illustrated and visualized using the street images of Jiangning District in

Nanjing, China. The practical application shows the feasibility and usability of the approach.

INDEX TERMS Smart cities, street cleaning, garbage detection, deep learning, mobile edge computing.

I. INTRODUCTION

A smart city [12] is an urban area that uses state-of-the-
art technologies such as the Internet of Things (IoT) [30],
Cloud computing [2] and other information technologies to
manage and assess the resources and environment of a city in
an efficient way [8]. The smart city concept integrates infor-
mation and communication technology, and various physical
devices connected to the network to optimize the efficiency
of city operations and services [7], [17], [26]. However, due
to the rapid development of a smart city, city managers are
facing huge challenges in how to develop and maintain urban
infrastructure. Street cleanliness [29] represents the spiritual

The associate editor coordinating the review of this manuscript and
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outlook and humanistic atmosphere of a city. Keeping the
streets clean is good for the development of modern cities.
Currently, many major cities regard urban street cleanliness
as one of the primary tasks of urban civilization [27]. If the
urban street cleanliness level does not pass the pre-defined
standard, it will have a serious effect on citizen’s satisfac-
tion and also affect the overall reputation of the city. The
European city cleaning network summit also points out that
cleaning streets timely is an effective way to improve city
cleanliness [6].

At present, the large number of streets make the amount
of garbage on streets uncontrollable. Meanwhile, the process
of garbage detection on streets is not automated and always
requires human intervention at almost every level [4]. Cit-
izens check the location of garbage manually and submit
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reports to city administrators, then city administrators arrange
nearby city personnel to sweep garbage. Some cities even
set up cameras at the crossroads of the streets to see if there
is any garbage in the area. However, these manual solutions
cannot grasp garbage cleanliness of all the streets of the city in
time. For this reason, researchers [21], [23] around the world
are studying automated approaches, using a cleaning vehicle
with cameras to capture the streets regularly and collect street
information, such as street pictures, geographical location,
date and time. Besides, existing object detection algorithms
are used to detect images in the remote cloud platform.
Finally, the detection results are sent to the city managers for
decision making.

Towards this research direction, this paper proposes a novel
urban street cleanliness assessment model using mobile edge
computing [24] and deep learning [20]. The high-resolution
cameras installed on the vehicle collect street images. Mean-
while, the edge servers located at the edge of the network
are used to store and process the street image information
temporarily, and then these processed data is transferred to
the remote cloud center through city network. Faster R-CNN
(Faster Region-Convolutional Neural Network [28]) is used
to identify street garbage categories and count the number of
garbage. The results are sent to the street cleanliness level
assessment model for evaluation. Finally, the approach visu-
alizes street cleanliness level, which provides convenience for
city managers to arrange cleaners in time.

In summary, the main contributions of this paper are
described as follows:

+ We describe a novel edge computing framework. There
is an edge layer between cloud servers and mobile ter-
minals. We configure edge servers (micro-data centers)
to handle a part of services from mobile devices at the
edge layer. It can also store data resources temporarily
and transmit data resources in time.

o Faster R-CNN is used to identify street garbage cate-
gories and count the number of garbage. A multi-layer
assessment model across different layers is used. The
whole city is divided into 5 layers: city, area, block,
street, point. Every layer will carry out street cleanliness
calculation.

o We provide a public garbage data set! collected by our-
selves, which can be used as a benchmark for evaluating
street garbage detection and street cleaning. Further-
more, we use the data set to give a visual street clean-
ing map for Jiangning District, Nanjing, China. The
application validates the feasibility and usability of the
proposed approach. The results are useful for improving
and optimizing city street cleanliness.

The rest of this paper is organized as follows: Exist-
ing work and their limitations are discussed in Section II.
Section III provides some preliminary knowledge including
mobile edge computing, multi-layer assessment model, and
deep network. Urban street garbage detection and cleanliness

1https://pam.baidu.com/s/ 1aVQ8ILA4AmRBF1Sga_etWg
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assessment approach is provided in Section IV. In Section V,
we use street images collected from Jiangning District to val-
idate our approach. Finally, Section VI concludes the paper
and looks into future work.

Il. RELATED WORK

A. SMART CITIES

Smart city construction has become the focus of the whole
society. Smart cities use intelligent methods to sense and han-
dle urban activities through the Internet of Things, cloud com-
puting and other technologies, which can improve the quality
of service in all aspects of society and economy [1], [3], [14].
Meanwhile, smart cities can also achieve the purpose of
reducing costs and resource consumption. Currently, many
scholars in the world have done many researches related to
smart cities. Zygiaris et al. [33] proposed a planning frame-
work called “Smart City Reference Model”. Urban plan-
ners can use the framework to define the smart city concept
and apply an urban layout to green, interconnected, open,
integrated, smart, and innovative concepts. The framework
provides an idea for realizing sustainable development of a
smart city. The recent practical application is to analyze smart
city planning in big cities such as Barcelona, Amsterdam, and
Edinburgh. Hefnawy [13] et al. combined a smart city and life
cycle concept to create a suitable information and knowledge
sharing platform in a smart city. It aims to solve the problem
of unreasonable arrangement, lacking planning and internal
coordination of large activities in the city, which can achieve
the goal of organizational consistency and efficiency.

In addition, Large companies also attempt to put into the
research of the smart city. China Telecommunication carried
out the development plan of smart city, focusing on 12 theme
applications including smart community, smart transporta-
tion, smart energy, smart medical services and etc. IBM [10]
launched the Watson “Big Data and Analysis Platform” to
help solve smart city problems such as smart transportation
and air pollution. Microsoft [10] launched the “Future City”
plan to solve challenges such as environmental deterioration
and traffic congestion by acquiring, integrating and analyzing
multiple heterogeneous big data in the city.

However, to the best of our knowledge, there is no specific
research topic on urban cleanliness for the construction of a
smart city.

B. STREET GARBAGE DETECTION AND

STREET GARBAGE DETECTION

Mittal et al. [25] launched a street garbage project that
aims to segment a pile of garbage roughly in the images.
They label these images and divide two parts of images
that contain garbage or do not contain garbage, then they
use CNN (Convolutional Neural Network) to segment the
area containing garbage in the image. Besides, they use the
Bing Image Search API to create their data set and get an
accuracy of 87.69%, a sensitivity of 83.96% and a specificity
of 90.06%. Their method focuses on the segmentation of a
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pile of garbage, but there are many errors in segmentation
judgment and they do not provide details of the garbage type.
Rad et al. [27] proposed a fully automated computer vision
application based on garbage quantification, They collect
different types of garbage images from streets and sidewalks
through a data acquisition system established on the top of
a vehicle. Then they use classification detection algorithm
OverFeat-GoogLeNet which is based on deep CNN to train
different types of garbage that they label, and finally, they can
detect the garbage that appears on the street accurately. How-
ever, at present, they are only able to detect street garbage,
and they have not carried out an urban street cleanliness
assessment.

Also, researchers are thinking about how to use technology
to achieve urban cleaning and urban street cleanliness assess-
ment. Borozdukhin et al. [5] proposed a method to solve the
optimization of garbage disposal in big cities. The method
searches for the time-optimized dynamic route for garbage
collection trucks by establishing a mathematical model of
dynamic optimal paths, which can make the garbage collec-
tion trucks spend shorter time from the garbage collection
area to the landfill area. However, the system only considers
the route selection of garbage collection trucks and it does
not consider the urban cleanliness assessment. Clean Street
LA [19] is an initiative by the London city Mayor and the
system uses ESRI and GIS tool to map and plot the street
cleanliness status block by block. Multiple layers and grids
are created to reflect different parts of the city. Cleanliness
information on the streets with a cleanliness score is visu-
alized on a map. This information is used to decide on the
area that requires attention. However, the limitation of the
system is that the monitoring is limited to garbage bins and
cannot be extended to monitor the streets. In [23], a mobile
app was developed to evaluate street cleanliness and waste
collection. This app is based on a plan of indicators that can
be used to evaluate the street cleanliness and waste collection
service of Santander municipality. Specific methodologies
for calculating and evaluating 59 indicators have been devel-
oped to obtain information regarding the status of the differ-
ent elements of the service. Pearson correlation coefficient
results suggest that an inverse relationship between the street
cleanliness index values and the frequency street cleanliness
services/population density ratio exists.

In short, although researchers are concerned about street
cleanliness, they have not yet applied mobile edge computing,
cloud computing, and deep learning to assess street cleanli-
ness in time.

Ill. PRELIMINARIES

A. MOBILE EDGE COMPUTING

With the rapid construction of smart cities, the Internet gen-
erates a large amount of data. Traditional cloud computing
requires that data must be transmitted to the cloud center
for centralized processing. Remote cloud is a smart brain for
processing big data [31]. Since the cloud center is usually
far away from end users, it is largely unable to provide low
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latency. In order to solve this problem, mobile edge com-
puting has been proposed to deploy computing resources to
devices close to the terminal. The European Telecommuni-
cations Standards Institute (ETSI) [9] defines mobile edge
computing (MEC) as a distributed mobile cloud comput-
ing (MCC) system. The computing resources are close to
mobile devices, and functions such as computing, storage,
and processing are added to the wireless network side. In fact,
mobile edge computing is based on cloud computing. It only
calculates a small part of service. It is especially important
for big data analysis. For example, when a user uploads a
video or makes a comment, he/she can send it to a remote
server through an edge virtual server. The edge virtual server
can extract the video content and estimate the possibility that
other people want to watch the video. If the probability is
high, the edge server will cache this video locally so that
anyone interested in this video can get the video directly from
its cache instead of receiving it from a remote server, which
saves transmission resources and reduces latency. In this
paper, we use mobile edge computing to process street images
in advance and filter out pictures that meet our needs, which
has a good effect on recognition efficiency.
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FIGURE 1. Multi-level assessment model based on Nanjing.

B. MULTI-LEVEL ASSESSMENT MODEL

To measure the cleanliness of the urban streets, our street
cleanliness assessment approach provides a multi-level
assessment model across different layers. This model can be
divided into five layers as shown in Fig. 1. Layer 1 is the
first layer, it is defined as the city area and sets the scope of
assessment. Layer 1 covers all the streets in the city. Layer 2 is
the second layer where a city is divided into multiple areas
and each region is an administrative area. Layer 3 is the third
layer where each area is divided into multiple blocks accord-
ing to the sub-administrative area. Each block is uniquely
identified by a combination on administrative area and block
name. Layer 4 is the fourth Layer where each block has
several streets. Layer 5 is the bottom layer where each street
has several data collection points.

C. DEEP NETWORK

Deep learning originates in artificial neural networks.
By establishing multiple hidden layers and training large
amounts of data, useful features can be learned to achieve the
expected classification effect. In recent years, deep learning
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FIGURE 2. Urban street garbage detection and cleanliness assessment.

has become a hot topic in the field of Object Detection.
Girshick er al. [28] designed a deep learning object detection
algorithm called Faster R-CNN based on region proposal.
The algorithm has two main modules: the Region Proposal
Network (RPN) proposal box extraction module and the Fast
R-CNN detector module [11]. RPN is a fully convolutional
neural network [22]. Its function is to find the possible object
proposals in the map and extract the proposal box. Fast
R-CNN is a proposal detector based on RPN extraction and it
identifies the object of the proposal box. RPN shares the same
convolutional layers by using a convolutional neural network
based on object detection and a convolutional neural network
that generates a suggestion window.

o The image is input to the convolutional neural network,
and spread to the shared convolutional layer to get the
feature map;

o The feature map extracted by the shared convolutional
layer generates a suggestion window through RPN net-
work, and gives region suggestions and region scores;

o The feature map of the first step is input to the pooling
layer in Fast R-CNN to extract area features. Combined
with region suggestions and region scores, classification
probabilities and bounding box regression are trained,
the classification scores of the region are output, and the
results are finally tested.

Faster R-CNN is considered as one of the most precise
image detection approaches. It has high detection accu-
racy and speed. Consequently, the street garbage detection
approach in this paper adopts Faster R-CNN (Regional-
Convolutional Neural Network) as the underlying model to
detect the type and quantity of street garbage.

IV. URBAN STREET GARBAGE DETECTION AND
CLEANLINESS ASSESSMENT APPROACH

In this section, we first give a general overview of our
approach in Section 4.1. Second, data collection and mobile
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edge processing are introduced in Section 4.2. Third, the deep
learning algorithm description of the approach is presented in
Section 4.3. Finally, Section 4.4 offers multi-level cleanliness
assessment of our approach.

A. APPROACH OVERVIEW

Edge computing can reduce latency and resources. Compared
with traditional cloud computing, the main difference is that
some services are processed on the edge in advance when a
large amount of data is generated. R-CNN is also widely used
in image recognition. Based on the above work, we design a
novel urban street garbage detection and cleanliness assess-
ment approach. The approach combines mobile edge comput-
ing and R-CNN to detect urban street garbage. Based on the
above detection results, we use the street cleaning standard to
calculate street cleanliness. Fig. 2 shows the main process of
our assessment approach. The approach is mainly composed
of three parts, as described in the following:

o The first step is data collection and scheduling feed-
back in the local management. The city administrators
control the mobile station to collect the street garbage
image data and respond to the level of street cleanliness
presented by cloud center in real time. Then municipal
cleaning personnel is arranged nearby.

o The second step is called data preprocessing. During
this step, we use the edge server to store the image data
captured by the mobile station temporarily and carry out
road judgment of the images from the mobile station in
advance. Then, the edge server filters out the images
containing road areas. We use linear normalization to
get the same size images and these images are sent to
the cloud center for garbage detection.

o The third step is the model establishment and cleanliness
calculation. During this step, the cloud server provides
an object detection algorithm. Then a model is trained by
selecting appropriate parameters and iterations to detect
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garbage on the street. In the garbage detection stage,
we design a counting function to count the quantities
of garbage detected. Finally, based on the results of
the above detection, street cleanliness level is calculated
with respect to different levels.

B. DATA COLLECTION AND MOBILE EDGE PROCESSING
1) DATA COLLECTION

During the data collection stage, the main task is to col-
lect garbage and street images needed by the assessment
approach. When a vehicle equipped with a high-resolution
camera is in a city street environment, the information col-
lected includes mainly two parts: street image information
and local management information. For street image infor-
mation, the cleaning vehicle equipped with a high-resolution
camera is shot on each street according to the administra-
tor’s assignment. The distance between adjacent shooting
points is set by the administrator, and the cleaning vehicle
takes pictures at each shooting point according to the four
directions including left, front, right and back. The shooting
range is 150 — 300m>. For mobile stations, the following
rules are set: 1) fixed image resolution; 2) vehicle speed is
approximately 25 kilometers per hour; 3) shooting points are
a fixed distance; 4) there are 4 pictures in each shooting
points. For local management information, the mobile station
needs to report the location to the city manager regularly. The
administrator responds in time and arranges cleaning staff to
clean.

Mobile device Edge server Cloud

FIGURE 3. Street image data preprocessing in the edge environment.

2) MOBILE EDGE PROCESSING

We use edge servers to complete two tasks. The first task
is to improve the performance of the entire system. During
this stage, when object detection is performed, image data
collected is first input into the CNN network and then the
size of pictures is modified to the suitable size. We believe
that if image data is preprocessed in the edge server, it can
reduce the overall time of the entire system. We design an
algorithm to modify the size of images automatically in the
edge server when image data is transmitted to the edge server.
Fig. 3 shows street image data preprocessing in mobile edge
environment. Edge server j receives street image data from
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mobile device i. We define 7;_; as the time street image data
transferred from mobile device i to edge server j. fj_. is the
time from edge server j to cloud c. f.44 is described as the
time picture processed in the edge server. Total time of mobile
edge processing is calculated using the following formulae:

T = ti—j + Tedge + ti—c (D

The second task is to filter out valuable data in advance
through edge servers. Sometimes, the data collected by a
mobile station may be useless. For example, there are some
problematic pictures that include house, car or camera shoot-
ing angle causes the street blocked in 4 pictures collected
at a certain shooting site. For the whole garbage detection
system, pictures without full street images are obviously
useless. In order to reduce the consumption of resource and
time, we design the edge data processing layer. When the
layer receives street images from mobile stations, street image
information is temporarily saved for road detection. Image
data that contains city roads is filtered and passed to the
cloud center for street cleanliness assessment. The idea is
actually “computation migration” and it is the key idea of
edge computing. Fig. 4 shows main architecture based on
mobile edge computing, and it includes the following main
parts:

Cloud
Edge
Network
Edge servers mstalled Edge servars installed Edge ervers
at mte%cuom on buses
,> .
Mobile
Devices

%

FIGURE 4. Street image data acquisition architecture based on mobile
edge computing.

Mobile station. There is a specific garbage collection vehi-
cle in the city. We install cameras with high resolution, high
pixel and network transmission capabilities on the top of the
garbage collection vehicle. The camera faces the ground and
covers the front 50 meters. The garbage collection vehicle
takes photos regularly in city streets every day according to a
specific line and these data is transmitted into edge servers in
time. At the same time, urban citizens can also act as garbage
collection vehicles. They can collect street garbage data with
their own mobile devices and transmit the collected data to
edge servers.

Edge server. Edge server is at the edge of the network.
It directly connects to nearby mobile devices through a wire-
less data link to handle a portion of service requested from
mobile devices. It also has the ability to temporarily store data
from mobile devices. These edge servers are placed on street
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intersections and highly mobile buses, which can work better
within the mobile device network.

Cloud. This layer is used to create training models and
perform street garbage detection tasks. Meanwhile, the cloud
server presents urban street cleanliness level in time and
feedback relevant information to city managers.

C. IMAGE DETECTION USING NEURAL NETWORK (R-CNN)
In Section 3.3, we have already introduced that our street
garbage detection is based on the Faster R-CNN algorithm.
Below, we describe the detection algorithm in detail from
three parts: network design, network training, and street
garbage detection.

1) NETWORK STRUCTURE

The main task of this part is to select and design the network
structure. We first input any size pictures to the CNN network
to prepare for getting feature map. The CNN network we
choose is the ZF-Net proposed by Zeiler and Fergus [32]. The
input layer is a 224 x 224 3-channel RGB image, and the first
layer contains 96 convolution kernels. In order to avoid the
first layer convolution kernels mixing high-frequency, low-
frequency information and there is no intermediate frequency
information. The filter size is set to 7 x 7 in the first layer.
Then the maximum pooling operation is performed, the stride
is set to 2. The normalized operations are compared, and
96 different feature templates produced are 55 x 55 size.
Layer 2, 3, 4 and 5 have similar operations. The layer outputs
256 feature maps of size 6 x 6. Layer 6 and layer 7 are
fully connection layers. Finally, the layer 5’s result sample
is input to the classifier and the bounding box regression.
The classifier gives the category of the region proposal, and
the bounding box regression gives the position information of
the region proposal.

2) NETWORK TRAINING

After we design the garbage detection network, it is obviously
necessary to train the network to learn the characteristics of
the street garbage. The specific network training process for
our application is divided into four steps:

o RPN pre-training is performed. The RPN is initialized
by using ImageNet [18] to train network parameters.
The Gaussian distribution with a standard deviation
of 0.01 and a mean of O are used to initialize the addi-
tional layers. Then the end-to-end fine-tuning task is
used for the region proposal.

o Fast R-CNN pre-training is performed and using the
proposals obtained by the step 1 to perform end-to-end
fine-tune training of Fast R-CNN, and the ImageNet
model is used to initialize network parameters.

o Re-initialize the RPN training with the network fine-
tuned by Fast R-CNN in step 2 and fix the shared con-
volutional layers. That is, the learning rate is set to 0.

o The shared convolutional layer is fixed in step 3, and
using the region proposal obtained in step 3 to fine-tune
the fully connection layer of Fast R-CNN.

VOLUME 7, 2019

3) STREET GARBAGE DETECTION

In this stage, we use the trained model to detect garbage
on the street. These street images are input to the CNN,
and then the CNN reflects the features of images to the
feature map by calculating. Each proposal region network
can calculate a proposal region corresponding to each other.
The input images generate 300 region proposal boxes. Then
the classification layer and the regression layer display the
region proposal box where the garbage is located. Here,
we set a counting function. As shown in formulae 2, every
time, a region proposal box is generated, and the bounding
box is automatically counted once. That is, the value of the
count function is incremented by one and finally, we count
the categories and quantities that are detected in the region
proposal box.

C(f; D) =Y T(f(x;) = y)) )

i=1

C is a counting function for generating a proposal box, that is,
the number of garbage detected. f is a result function detected
by the garbage model, D is a test sample set, x is a test sample,
and y is a real garbage label.

D. MULTI-LEVEL CLEANLINESS ASSESSMENT MODEL
Based on the layered model, the cleanliness values of the city
streets are evaluated in five levels below.

Definition 1: City ={City, Area, Block, Street, Point}

where

« Cityis the geographical area of a city. A city corresponds
to one map.

e Area is an internal part of a city. Usually, a city map is
divided into many areas.

o Block is a part of an area. Usually, an area is divided into
many blocks.

o Street is composed of roads divided into several blocks
in the city. Each street belongs to one corresponding
block, and each street has a number of grid points.

o Point is a collection of shooting points on a street, and it
is the most basic scope of assessment.

Fig. 5 shows the hierarchical view of City Nanjing. From
the figure, we can see that Nanjing is divided into 13 dif-
ferent areas. Every area has a corresponding number and
these numbers represent how many areas divided there are.
For example, there are 13 administrative regions in Nanjing.
Consequently, this city has 13 numbers. Jiangning District is
numbered 1 and Qinhuai District is numbered 13. Similarly,
every area is divided into different blocks. The number of sub-
administrative regions determines the number of blocks. For
example, there are 10 sub-administrative regions in Jiangning
District. Consequently, this area has 10 corresponding num-
bers. Following this way, other layers are also numbered
similarly. Color represents the cleanliness level of every layer.
Area Value (AV) below is indicated with an average of results
from each block within the area.
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Definition 2: Grid. Formally, a grid of a city is hierar-
chically defined as a Quad (PicturePoint, GridPoint, INode,
SNode), where

e PicturePoint. Multiple Images are captured in each
direction (Front, Back, Left, Right) at some point on the
street and sent to Cloud along with location data.
GridPoint. GridPoint represents logical radius to assess
the urban street. It can have one or more Picture Points
collectively produce the cleanliness level across the
street. Normally, a GridPoint has two picture points
and each picture point captures images in four direction
(Front, Back, Left, Right).

INode. 1t is used to represent intersections between dif-
ferent streets. There are several picture points between
nodes.

SNode. Often INode is not enough to divide two streets.
SNode representing sub intersection is used to divide the
area between two streets into more Grid Points.

Fig. 6 shows a grid architecture. In this figure, all blocks
are divided into several Grid Point and INodes. Then INodes
are also divided into subsections with SNodes. Each grid point
has at most two picture points and the radius of each grid point
is 50m.

Directed Graph (DG) is used to represent the entire city
and each road has a direction. Fig. 7 shows the correlation of
graph block with actual city block. The definition of Graph is
shown in the following:
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3st Street(Edge)

FIGURE 7. Graph mapping to block.

Intersection(Node) Intersection(Node)

FIGURE 8. Point shooting.

Definition 3: A graph is defined as G = (N, E), where N
is the set of nodes and E is the set of edges. Each edge would
have a starting node and ending node represented as below.

3

Each grid point has a value from the machine learning
system represented by PV (shown as Point Shooting in Fig. 8)
between ngy,+ and neng. Once PV is calculated, the grid point
value (GV) (shown as circle in Fig. 8) using:

e = (Myrart, Nend)

GV (nstarr — Nend) = PV 4

where GV is a grid point value, PV is a photo point value in
a grid point.

In general, the urban cleanliness assessment model is
divided into multiple area assessments, further divided into
block assessments, and finally focuses on the assessment of
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each street. Below we define the detail assessment approach
of each level.

1) STREET LAYER ASSESSMENT

The street layer assessment is the basis of the level assessment
model and it plays a key role in the entire assessment system.
At this layer, each street has several photo points, and at least
four photos are taken at each point. The distance between the
two photo points is determined by City administrators. Fig. 8
shows a street layer assessment. Each photo point is shot in
Front, Back, Left, and Right directions. If there is garbage in
the photos, street layer cleanliness can be assessed through
these pictures. As we can see from Fig. 6, a street passes
through multiple grid points. The assessment value of each
street is the average value of grid points. Here, the assessment
value of each street is obtained by formulae 5.

l n
sV = 21: GV; 5)
1=

where SV (Street Value) is the assessment value of a street,
GV is the assessment value of each grid, and n is the total
number of grids.

2) BLOCK LAYER ASSESSMENT

The Block layer assessment is based on street layer assess-
ment. There are many streets in a block. The assessment value
of each block is the average value of all street assessments.
Here, the assessment value of each block is obtained by
formulae 6.

1 n
BV = - Z;SV,» (6)
=

where BV (Block Value) is the assessment value of a block,
SV is the assessment value of each street, and n is the total
number of streets in the block. Fig. 9 (a) shows a block layer
assessment where the different colors in the block represent
different assessment values of each block.

(@) (b)

FIGURE 9. Level assessment. (a) Block level assessment. (b) Area level
assessment.

3) AREA LAYER ASSESSMENT
After the block layer analysis, an area layer assessment is
performed. There are multiple blocks in one area. Here, the
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assessment value of each area is obtained by formulae 7.
l n
AV = ;Bvi @)
=

where AV (Area Value) is the assessment value of an area,
BV is the assessment value of each block, and 7 is the total
number of blocks in the area. Fig. 9 (b) shows an area layer
assessment where the different colors in the area represent
different assessment values of each area.

4) CITY LAYER ASSESSMENT

A city has multiple areas. Based on the above three levels
of assessment, the assessment value of a city is obtained by
formulae 8.

1 n
CV ==Y av ®)
n
i=1

where CV (City Value) is the assessment value of a city,
AV is the assessment value of each region in the city, and
n is the total number of areas in the city. Finally, through
the level assessment, the city cleanliness can be measured
comprehensively and accurately.

5) CLEANLINESS ASSESSMENT CALCULATION
Jang et al. [15] pointed out that urban street garbage mainly
includes plastic packaging, leaves, peels, cans, plastic bot-
tles, animal hair, and etc. They are usually scattered in any
corner of the street. The key factor affecting the city street
cleanliness is street garbage. Consequently, researchers have
been discussing how to measure the cleanliness level of urban
streets according to the amount of street garbage. We select
a random sampling method and take some streets from all
streets of the city as samples, which can eliminate subjectivity
and minimize the impact on accuracy results. The goal of
the sampling design is to determine the minimum number of
streets surveyed, formulae 9 represents the minimum street
sample size.
k2-p-qg-N
n—=

- (N—1)+k>p-gq
where n is the minimum sample size and k is the sampling
interval. To ensure a 95% confidence interval, we set k
as 1.96, and p represents the probability that an event will
take place. g isequalto 1 — p, p = g = 0.5, N is the total
number of city streets, and e is the estimation error, where
e=0.1.

The paper in [23] provides a method for calculating the
urban street cleanliness. This method was determined by the
Spanish Federation of Municipalities and Provinces to be able
to measure different street cleaning services. Formulae 10 is
the calculation method of the urban street cleanliness index.
Once we obtain the cleanliness index value, each street can
be classified according to this value(SV') calculated by For-
mulae 4, 5. As shown in Table 3, the lower the SV value,

&)
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TABLE 1. Garbage classification and weighting values.

Litter classification Weighting values
Small 1
Inorganic Medium size 2
Large 4
Small 2
Organic Medium size 4
Large 6
with litter 3
Trash Empty 0
Tree basins Uncleaned 6
Clean 0
Uncollected sweeping waste 6
Tree leaves 1
Animal droppings 3
Sticky residue on the pavement 2

TABLE 2. Values of correction factor A.

Wind and rain

Type of pavement Conservation Low Medium High

Good 1 0.8 0.6
Asphalt Bad 0.9 0.7 05
Sand 0.8 0.6 0.5
the cleaner the streets.
AxC
PV = x 100 (10)
n x

where S is the observation area, it is the angle of view taken
by the camera installed on the top of the garbage collection
vehicle and it is set to § = 150m?. and n and A are correction
factors. There are many factors that affect the cleanliness
index, such as weather conditions, the type of street pave-
ment. C is the weighted quantity of litter in the street, and
the classification in Table 1 is considered. The quantity of
litter of each type was multiplied by a weighting coefficient
that depends on the litter classification, in which inorganic
and organic litters correspond to three subcategories: small,
medium and large. Here, the subcategories are measured by
quantities. small represents that the number of garbage in
the image are between 1 and 4, medium represents that the
number of garbage in the image between 5 and 10, large
represents that the number of garbage in the image is more
than 10. Table 2 shows the values of the correction factor
A in various situations. For example, when the street is an
asphalt road, the road surface is flat and the weather is fine,
the correction factor A is 1. n represents the change in the
quantity of garbage in special circumstances, and it is often
between 1 and 2. For example, the existence of a bus stop
increases the quantity of garbage. This factor can have a value
between 1 and 2. The shooting scene does not include factors
such as at the bus stop, and 7 is set to 1.

V. EXPERIMENTAL EVALUATION

A. RESEARCH QUESTIONS

In this section, we conduct a set of experiments to vali-
date the proposed approach using street image data collected
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TABLE 3. Street cleanliness level classification.

Cleanliness Index Cleanliness level Level Color

SV <70 Very high
100 < SV < 150 Medium
150 < SV < 200 Low
o veyioo

by ourselves. The experiments are designed to investigate the
following three main research questions:

RQ1: Is the time reduced after adding mobile edge layer?

RQ2: Is Faster R-CNN able to detect street garbage?

RQ3: Is the street level cleanliness assessment model
useful?

Our approach is used to provide street cleanliness real-time
information for city managers. Consequently, for real-time,
we design RQ! to investigate whether will the processing
time of our approach be reduced after the mobile edge layer
is added, compared to cloud computing. We design RQ2 to
investigate whether this algorithm can detect urban street
garbage. RQ3 is designed to investigate whether street level
cleanliness assessment model can provide visual street clean-
liness information for city managers

B. EXPERIMENTAL DESIGN

1) EXPERIMENTAL ENVIRONMENT

The experimental environment is a Lenovo PC with Inter
Core i5-7500 CPU 16G RAM. The operating system is
Ubuntu16.04. Our experiment selects the popular deep learn-
ing framework CAFFE [16] and builds a Faster R-CNN. The
ConvNet is trained on a single NVIDIA GeForce GTX 1050ti
GPU with 4 GB of memory.

2) DATA SET
The experimental data include garbage model training data
and street detection data. First, to train a garbage model,
we take garbage pictures from lots of streets in Nanjing
to make training data set. Due to the diversity of urban
street garbage types, we classify common street garbage
into the following nine categories: waste paper, plastic bag,
plastic bottle, peel, cigarette butts, waste cloth, cigarette
case, leaves, and cans, and these basically contain common
garbage types in the streets. Next, we label and classify every
image with garbage according to the format of the VOC2007
data set. A total of 681 image data are collected, and the size
of an image is 420 x 400 pixels. We then divide collected data
into 3 parts, 321 images are the training set, 260 images are
the test set, and 100 images are used as the verification set.
According to the multi-level assessment model, the entire
Nanjing City is the first layer. Then according to the admin-
istrative division, we divide the entire Nanjing into 13 areas.
We randomly select Jiangning District as the second layer of
the study from 13 administrative areas. There are 10 adminis-
trative streets in Jiangning District. Based on these, we divide
Jiangning District into 10 blocks. The 10 administrative
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blocks are the third layer of this study. The fourth layer is
a number of streets in the block. We set up a shooting point
every 50 meters on the street and a grid point is composed
of two shooting points. The street is captured in four direc-
tions: front, back, left and right at every shooting point. The
shooting angle is about 150 m?. Therefore, we randomly
stipulate that we set a sample of 1 km for each street, That
is, garbage collection vehicles takes 80 Street images on each
street. We learn that there are approximate 3,875 streets in
the Jiangning District from the Jiangning street Management
Office. Based on formulae 9, we conclude that minimum
number of street sample is 96. Finally, we choose 100 streets
as our experimental sample data.

The street detection data mainly comes from 9 admin-
istrative regions in Jiangning District. We collect about
8,000 street images. Since city staff may clean street garbage
every day in the morning, this may impact the results of street
cleanliness calculation. To avoid this effect, we collect street
images from 11 am to 16 pm every day. The experimental
data can be obtained through Baidu Cloud.?

TABLE 4. The time consumption comparison between the mobile edge
and the cloud environment.

Counts of pictures Environment Processing time
8000 Cloud server 379.206s
Mobile edge server 3.686s

C. EXPERIMENTAL RESULTS

1) MOBILE EDGE PROCESSING

To address RQ1, we select NAS network memory as the
edge server of the edge data processing layer. NAS network
memory has the advantages of faster response speed, higher
data bandwidth, high sharing, and support for Internet con-
nectivity. First, in our experiments, we place 100 edge servers
in the 100 streets and each street has an edge server. Every
edge server process 80 street pictures, it’s like distributed
processing. Table 4 shows the time consumption comparison
between the mobile edge and the cloud environment. When
8000 street pictures are preprocessed in the edge environ-
ment, the consumed time is only 3.686s. However, when these
street pictures are transmitted into the remote Cloud server,
the cloud server will use ZF network to process the pictures.
This process takes about 379.206s. Finally, we find that com-
pared to the traditional cloud server processing 8000 pictures
centrally, 100 edge servers processing 8000 pictures simulta-
neously take less time (3.686s vs 379.206s). Second, the city
administrators can check the pictures preprocessed by the
NAS network memory through the network, filter out the
pictures that the street is obscured. Table 5 shows the results
of street pictures preprocessed. We can find that 80 pictures
are taken on each street and a total of 7503 pictures containing
road are found at 100 streets by manual screening.

2https://pam.baidu.com/ s/1aVQSILA4AmRBF1Sga_etWg
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TABLE 5. Quantities of pictures preprocessed at the edge.

Street name Quantities of Quantities of pictures

pictures containing road
Shangyuan Street 80 72
Danyang Street 80 77
Lize Street 80 68
Yunlong Street 80 80
Focheng East Street 80 80
Focheng West Street 80 71
Baoshuiyuan Street 80 74
Xincheng Street 80 77
Guanghua Street 80 72
Liyuan North Street 80 76
Liyuan South Street 80 74
Qiancao Street 80 80
Beiyan Street 80 73
Nanwanying Street 80 80
Shuanglong Street 80 79
Jiyin Street 80 75
Tongxia Street 80 65
Wuge Street 80 78
Total 8000 7503
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FIGURE 10. Results of all kinds of garbage detection accuracy.

2) IMAGE DETECTION RESULTS

To address RQ2, we optimize the model iterative through
three stages of training and select ZF network to extract
garbage image features. Since our training data is small,
and in order to avoid over-fitting, we use ImageNet pre-
trained model weights as the initial input value of the garbage
detection model. After 50000 times of iterations, the final
model parameters are described as follows. Training impulse
is 0.9, weight attenuation parameter is 0.0005 and training
rate is 0.001.

Fig. 10 shows the different categories of garbage detection
accuracy. The Y axis shows the percent of correctly recog-
nized images from tested images. The X axis shows the cate-
gories of garbage. From the figures, we can see that the accu-
racy of plastic bag, cigarette butts, waste paper, plastic bottle
and cans can reach 81% and 93%. Because these objects have
a regular shape and their texture is clear, which can be easily
identified. Other categories have lower accuracy because of
their limited properties and relatively fewer image sets. The
test result shows that the model can reach 82% detection accu-
racy. Besides, to describe the performance of garbage model
trained in detail, Fig. 11 shows the Precision and Recall of
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FIGURE 11. Precision and recall of different garbage categories: (a) Class: Waste cloth, (b) Class: Cans, (c) Class: Leaves, (d) Class: Peel,
(e) Class: Waste paper, (f) Class: Plastic bag, (g) Class: Cigarette butts, (h) Class: Plastic bottle, (i) Class: Cigarette case.

FIGURE 12. Garbage image detection result.

different garbage categories. Consequently, our model meets
the basic requirements of street garbage detection.

We send road images collected on every street to the
Faster R-CNN classifier and use the trained garbage model
to detect the garbage on the street. As shown in Fig. 12,
the garbage objects identified are marked in rectangular boxes
and the value on the rectangle represents a probability of
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determining whether the object is a garbage category. We find
that the recognition rate of leaves is 0.998, the recognition
rate of cigarette butt is 0.995, and the recognition rate of
peel is 0.988. For a better calculation of the street cleanliness,
when a rectangular box is generated, we automatically count
the number of rectangular boxes. Finally, the number of
rectangular boxes is the amount of garbage detected by the
classifier. Fig. 13 shows the results of garbage detection based
on the 1km street of Focheng West Road in Jiangning District,
Nanjing, China.

3) CLEANLINESS ASSESSMENT AND EXHIBITION
To address RQ3, we classify waste paper, plastic bag, plastic
bottle, cigarette case, and cans into inorganic garbage cate-
gory, and peel, cigarette butts, and waste cloth into organic
garbage category. According to the garbage categories and
weights in the Table, we begin to look for weighting factors
that correspond to the garbage categories detected by the
classifier.

Through the calculation, we can obtain the total weighting
of garbage in every street. Table 6 shows the weighted amount
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FIGURE 13. Garbage classification and testing counts based on fochengxi

road.

TABLE 6. Total amount of garbage weighted.

Garbage classification =~ Weighting  Counting Total
coefficient results  amount
Small 1 47 47
Inorganic ~ Medium 2 0 0
Large 4 0 0
Small 2 8 16
Organic Medium 4 0 0
Large 6 0 0
Tree leaves 1 24 24
Total 87

FIGURE 14. Exhibition of street level cleanliness assessment based on
jiangning.

of garbage in Focheng West Road and we can see 79 street
garbage in this road. At this time, according to the specific
environment of Focheng west Road, we set C = 87, § = 150,
A = 1,n = 1. The final cleanliness value of the Focheng west
Road is 58 (shown as in formulae 11). According to Table 3,
the cleanliness level of the Focheng west Road is the highest
at this time, which means that this street is very clean.

_ (Ix87)
T (x50

In a similar way, we calculate the cleanliness value
of 100 streets in Jiangning District one by one based on
the image of the city streets collected. Then, we provide
a visual street cleanliness road map. This map can shows
some information of street cleanliness clearly. The results are
shown in Fig. 14. There are 5 different colored lines. The blue

58 (11)
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lines represent that the value of SV is less than 70, and street
cleanliness level is very high. The green lines represent that
the value of SV is between 70 and 100, and the street clean-
liness level is high. The yellow lines represent that the value
of SV is between 100 and 150, and the street cleanliness level
is medium. The orange lines represent that the value of SV is
between 150 and 200, and the street cleanliness level is low.
The red lines indicate that the value of SV is greater than 200,
and the street cleanliness level is very low. Therefore, the red
lines and the orange lines show that there is a large amount
of garbage in the street, and the city administrators should
arrange for cleaning personnel immediately.

Jia
(] SV<70
B Lukou B 70=sv<i00
[ 100=sv<150

FIGURE 15. Exhibition of block level cleanliness assessment based on
jiangning district.

After we assess the street cleanliness layer, we start block
layer analysis based on the multi-level assessment model. The
Block layer assessment is based on street layer assessment.
We divide Jiangning district into 9 blocks according to sub-
administrative areas. Every block has several streets. Here,
the cleanliness of a block is determined by the street cleanli-
ness in this block. By referring to Equation 6, the cleanliness
assessment values of 9 blocks can be calculated. Different
colors represent different street cleanliness values. As shown
in Fig. 15, the green and the blue blocks represent a lower
cleanliness value and the pavement in the blocks is clean.
The yellow blocks represent that cleanliness is medium and
there is garbage on the local roads. For example, the value
of Moling street cleanliness belonging to the block layer is
119 and the cleanliness level is medium. Consequently, this
block needs the attention of city administrators.

Finally, city administrators can perform different levels
of cleanliness assessment according to their own needs and
obtain city cleanliness values based on various levels in
time, which can help them to reasonably arrange cleaning
personnel.

VI. CONCLUSIONS AND SUGGESTIONS

FOR FUTURE WORK

The development of novel technologies has driven a num-
ber of cities into the way to smart cities. Street cleanliness
is one of the concerns for smart cities. Consequently, this
paper proposes a novel urban street cleanliness assessment
approach using mobile edge computing and deep learning.
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A visual street cleanliness road diagram is presented, such an
automated system can help city administrators to know the
cleaning state of the street easily.

Several directions for future work are possible. These
directions are described as follows:

o We plan to develop a solution that can automatically

implement image filtering preprocessing at the mobile
edge because manual filtering greatly affects the real-
time transmission and wastes time.

Our model contains common street garbage data.
However, the model does not play a great role in the
uncommon garbage data. Thus, the training data needs
to be further expanded to improve the accuracy of
the model.

Our model is always used on sunny days, and the
cleanliness on rainy days is also worth studying in the
future.
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