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Editorial

Mirjana Ivanović1 and Miloš Radovanović1

University of Novi Sad, Faculty of Sciences
Novi Sad, Serbia

{mira,radacha}@dmi.uns.ac.rs

At the start of 2021, this first issue of Volume 18 of Computer Science and Information
Systems contains 13 regular papers and 4 articles in the Special Section: Invited Papers
of Distinguished Top Cited ComSIS Authors in last 10 years. We invited 10 authors of
the most cited papers in the last 10 years to prepare new articles for our journal, and we
are happy that four of them accepted our invitation. Accordingly, we are very thankful
to those most cited authors who were willing to accept our invitation and prepare new
papers for our journal, and we hope that their new articles will also be highly cited in the
future. Last but not least, acknowledge the diligence and hard work of all our authors and
reviewers, without whom the current issue, and journal publication in general, would not
be possible.

The regular paper section starts with “Throughput Prediction based on ExtraTree for
Stream Processing Tasks” by Zheng Chu et al, where the problem of large volumes of
streaming data is tackled by proposing a volatility detection algorithm, a selection algo-
rithm, and a throughput prediction method based on the ExtraTree ensemble learning al-
gorithm. Experimental results demonstrate good accuracy and efficiency of the proposed
approach.

The second article, “Multi-Objective Optimization of Container-Based Microservice
Scheduling in Edge Computing” by Guisheng Fan el al. formulates container-based mi-
croservice scheduling as a multi-objective optimization problem, and proposes a latency,
reliability and load balancing aware scheduling (LRLBAS) algorithm to determine the
container-based microservice deployment in edge computing, based on particle swarm
optimization. Simulation experiments showcase the effectiveness and efficiency of the
proposed algorithm.

“PureEdgeSim: A Simulation Framework for Performance Evaluation of Cloud, Edge
and Mist Computing Environments” by Charafeddine Mechalikh et al. presents PureEd-
geSim, a simulation toolkit that enables the simulation of cloud, edge, and mist computing
environments and the evaluation of the adopted resources management strategies, in terms
of delays, energy consumption, resources utilization, and tasks success rate. Evaluation
on the introduced case study demonstrates the effectiveness of the proposed framework
modeling complex and dynamic environments.

In the article entitled “DroidClone: Attack of the Android Malware Clones - A Step
Towards Stopping Them,” Shahid Alam and Ibrahim Sogukpinar propose DroidClone, an
approach for detection of code clones (segments of code that are similar) in Android ap-
plications to help detect malware. DroidClone uses control flow patterns for reducing the
effect of obfuscations and detecting clones that are syntactically different but semantically
similar enough, and is independent of the underlying programming language. Evaluation
incorporating real malware demonstrated good accuracy, as well as a reasonable degree
of resistance to obfuscations.
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Masoud Reyhani Hamedani et al., in “TrustRec: An Effective Approach to Exploit
Implicit Trust and Distrust Relationships along with Explicit ones for Accurate Rec-
ommendations,” present TrustRec, an approach based on matrix factorization that pro-
vides a solution to three identified problems of existing trust-aware recommendation ap-
proaches, incorporating them all into a single matrix factorization model. Experimental
results demonstrate that TrustRec outperforms existing approaches in terms of effective-
ness and efficiency.

“A Dual Hybrid Recommender System based on SCoR and the Random Forest,” au-
thored by Costas Panagiotakis et al. uses the synthetic coordinate recommendation system
(SCoR) and the random forest machine learning model to construct a dual hybrid rec-
ommender system by proposing a dual training approach resulting in two recommender
systems that are subsequently combined. Experimental results demonstrate the high per-
formance of the proposed system on the Movielens datasets.

The article “A Method of Assessing Rework for Implementing Software Requirements
Changes,” by Shalinka Jayatilleke and Richard Lai present a definition for rework and
describe a method of assessing rework for implementing software requirements changes.
The method consists of three stages: (1) change identification; (2) change analysis and (3)
rework assessment. A running example is used to explain the concepts.

“Double-Layer Affective Visual Question Answering Network” by Zihan Guo et al.
proposes a network architecture (DAVQAN) that divides the task of generating emotional
answers in visual question answering into two simpler subtasks: the generation of non-
emotional responses and the production of mood labels, with two independent network
layers used to tackle these subtasks. The article also introduces a more advanced word
embedding method and more fine-grained image feature extractor to further improve ac-
curacy.

Muhammad Ahmad Rathore and JongWon Kim in their article “Spatio-temporal Sum-
marized Visualization of SmartX Multi-View Visibility in Cloud-native Edge Boxes” ex-
plore a family of data summaries that take advantage of the multiple layers i.e. physi-
cal/virtual resources with temporal and spatial correlation among distributed edge boxes.
The authors present the idea of maintaining summarized spatio-temporal data and verify
it through visualization of gathered operational data.

In “A QPSO Algorithm Based on Hierarchical Weight and Its Application in Cloud
Computing Task Scheduling,” Guolong Yu et al. propose a modification of the quantum
behaved particle swarm optimization (QPSO) algorithm called hierarchical weight QPSO
(HWQPSO) in which the higher the fitness value of a particle, the higher the level of the
particle, and the greater the weight. The effectiveness of the approach is demonstrated
on the task scheduling problem for cloud computing platforms, exhibiting faster conver-
gence, shortest time consumption and the most balanced computing resource load.

The article “Convexity of Hesitant Fuzzy Sets Based on Aggregation Functions” by
Pedro Huidobro et al. mathematically extends the notion of convexity for hesitant fuzzy
sets in order to fulfill some necessary properties, namely being compatible with the inter-
section operation and fulfilling the cutworthy property.

“Spoken Notifications in Smart Environments Using Croatian Language” by Renato
Šoić et al. proposes a model for natural language generation and speech synthesis in a
smart environment using the Croatian language. Evaluation of user experience quality
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demonstrates that most users perceive grammatically correct spoken texts as being of the
highest quality.

Concluding the regular paper section, “Students’ Preferences in Selection of Com-
puter Science and Informatics Studies – A Comprehensive Empirical Case Study” by
Miloš Savić et al. presents a survey-based empirical study with the goal of determining
the main motivating factors directing students to select computer science, informatics or
similar study programs. The survey was conducted on a sample of more than 1500 stu-
dents from five well established faculties of computer science and informatics at three
largest university cities in Serbia, showing that while the majority of students are primar-
ily interested in that topic, there was also a significant number of students who wanted to
study something else, but selected computer science and informatics due to more possi-
bilities for employment and higher salaries.

The Special Section: Invited Papers of Distinguished Top Cited ComSIS Authors
begins with “Hypothetical Tensor-based Multi-criteria Recommender System for New
Users with Partial Preferences,” where Minsung Hong and Jason J. Jung propose a hy-
pothetical tensor model (HTM) to leverage auxiliary data complemented through three
intuitive rules dealing with user’s unfamiliarity with item domains. The approach has
three phases: (1) four patterns of partial preferences are found that are caused by users’
unfamiliarity, (2) rules are defined by considering relationships between multi-criteria,
and (3) complemented preferences are modeled by a tensor to maintain an inherent struc-
ture of and correlations between the multi-criteria. Experiments on a TripAdvisor dataset
showed that the approach offers a considerable performance boost compared to the base-
line methods.

The second article in the special section, “Metaphor Research in the 21st Century: A
Bibliographic Analysis” by Dongyu Zhang et al. examines the advancements in metaphor
research from 2000 to 2017 using data retrieved from Microsoft Academic Graph and
Web of Science. The article presents a macro analysis of metaphor research and expounds
the underlying patterns of its development, revealing the evolution of research topics and
the inherent relationships among them and providing insights into the current state of the
art of metaphor research as well as future trends in this field.

Next article, “Incorporating Privacy by Design in Body Sensor Networks for Medi-
cal Applications: A Privacy and Data Protection Framework” by Christos Kalloniatis et
al. proposes a privacy and data protection framework that provides the appropriate steps
to undertake proper technical, organizational and procedural measures in an eHealth/M-
Health system. The framework supports the combination of privacy with the newly in-
troduced General Data Protection Regulation (GDPR) requirements in order to create a
strong elicitation process for deriving the set of the technical security and privacy require-
ments that should be addressed.

Finally, Sašo Sršen and Marjan Mernik, in “A JSSP Solution for Production Planning
Optimization Combining Industrial Engineering and Evolutionary Algorithms” tackle the
job shop scheduling problem (JSSP), where p processes and n jobs should be processed
on m machines so that the total completion time is minimal. In this article, the production
times are integrated into an evolutionary algorithm to solve real-world JSSP problems,
proposing an Internet of Things (IoT) architecture as a possible solution.

We hope that this issue brings diverse and very interesting papers that cover a range of
contemporary research topics and that scientific community and readers will enjoy read-
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ing them. Also, we believe that the presented research could be attractive and represent a
good starting point and/or motivation for other authors to extend the presented scientific
achievements and continue with similar research efforts.
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Throughput Prediction based on ExtraTree for Stream
Processing Tasks

Zheng Chu1, Jiong Yu1, and Askar Hamdulla1

School of Information Science and Engineering, Xinjiang University, Urumqi 830046, PR China
chuzheng@stu.xju.edu.cn,{yujiong,askar}@xju.edu.cn

Abstract. In the era of big data, as the amount of streaming data continues to in-
crease, stream processing tasks (SPTs) face serious challenges in real-time process-
ing scenarios with low latency and high throughput. However, much of the current
literature on the performance of SPTs pays attention to the reactive approach, which
cannot well avoid the problem of system crashes due to the inherent performance
volatility. In this paper, a novel throughput prediction method based on ExtraTree
for SPTs is presented to address these challenges. A volatility detection algorithm
was proposed to obtain the reasonable metric values after the performance volatility
of SPTs was studied. Moreover, a selection algorithm of regression function was
proposed to output the performance values of SPTs under a relative stead state.
Furthermore, a ExtraTree-based algorithm was proposed to predict the throughput
of SPTs. The experimental results from two open-source benchmarks running on
Apache Flink, a popular stream processing system (SPS), indicated that the average
of the accuracy and efficiency of the proposed method could achieve 90.535% and
0.835 s/10,000 samples, which proved the effectiveness of the proposed method on
the task of predicting the throughput of SPTs.

Keywords: streaming data, stream processing tasks, performance prediction, en-
semble learning, ExtraTree.

1. Introduction

The emergence of big data processing systems enables organizations to store and process
high-dimension, diverse, and high-speed data [17]. Data processing approaches are usu-
ally divided into batch processing and stream processing. The former is generally used for
static data, and the latter is used for streaming data. For dynamically changing data, most
of the systems based on the Map-reduce [6] computing algorithm use the batch process-
ing approach to process and analyze the data. Products in the ecosystem include HDFS
[2], HBase [25], and Hive [27]. Accordingly, popular stream processing systems (SPSs)
include Apache Flink [4], Twitter Heron [16], and Apache Storm [26], etc. These systems
mainly use stream processing approach to process and analyze data.

With the rapid development of social media [8], news sources, and the Internet of
Things (IoT) [14], large-scale streaming data from various sensor devices [20], mobile
devices [15], and smart devices [13] generated and streamlined by the SPS in real time.
Due to the streaming data with the characteristics of large scale, rapid change, and contin-
uous generation, SPSs and SPTs must ensure low latency and high throughput as much as
possible. To achieve the dual goals of low latency and high throughput, current research
efforts are focusing on task scheduling [29], load balancing [18], elastic computing [11],
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etc. In these studies, all strategies are triggered after streaming data occurs a burst and
the performance of SPT cannot meet the requirements of users, i.e., reactive approach.
This approach may render the system unavailable for a certain period. If the streaming
data continues to fluctuate or oscillate, the above-mentioned reactive approach will cause
the system to enter a continuous adjustment process, which will cause the continuous
adjustment time exceed the available time, and even cause the system to crash.

A reasonable approach is to predict the throughput of SPTs under different conditions,
i.e., different streaming data rates. If the current throughput can be predicted in advance,
system crashes can be better prevented. To avoid this situation that SPTs cannot cope
with the rapid increase in the amount of streaming data due to its limited processing
capacity, the study of this paper aims to predict the maximum throughput of SPTs with
latency guarantees. This issue is also an important research in load management, query
scheduling, permission control, schedule monitoring, system scale customization, etc.,
and these studies will not be described here.

To predict the maximum throughput of SPTs with latency guarantees, we analyzed
the performance volatility of SPTs and proposed a detection algorithm for performance
volatility. Moreover, a polynomial regression algorithm was applied to the performance
volatility analysis to accurately estimate the throughput at a specific data rate. Further-
more, the throughput of SPTs in a relatively stable state was output using a volatility
regression algorithm. Finally, an ExtraTree-based algorithm was used for predicting the
throughput of SPTs.

The main contributions of this paper are as follows:
(1) A volatility algorithm was proposed to detection the performance volatility of

SPTs after the volatility was studied.
(2) A polynomial regression algorithm was proposed to apply to the performance

volatility to evaluate the performance of SPTs in a relatively stable state by configuring
different regression items and selecting the appropriate regression function automatically.

(3) An ExtraTree-based algorithm was proposed to predict the throughput of SPTs. In
particular, we first predict the maximum throughput of SPTs in this paper;

(4) The experimental results from two open-source benchmarks running on Apache
Flink, a popular SPS, indicated that the average of the accuracy and efficiency of the
proposed method could reach 90.535% and 0.835 s/10,000 samples, which proved the ef-
fectiveness of the proposed method. More importantly, the proposed method outperforms
other ensemble learning algorithms in term of accuracy and efficiency.

The structure of this paper is organized as follows: Section 2 gives an overview of the
related work. Section 3 describes the performance volatility phenomenon and volatility
detection algorithm in detail. The performance evaluation method for SPTs are described
in Section 4. Section 5 elaborates on the performance prediction algorithm. In Section 6,
we evaluate the effect of the ExtraTree-based throughput prediction algorithm on SPTs
through experiments and analysis. Section 7 concludes the paper with a summary and
suggestions for future works.

2. Related Work

At present, related works have achieved good results in many fields, e.g., natural language
processing [30], speech recognition [7], image processing [21], autopilot [1], etc., using
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machine learning algorithms, while there are relatively few works on traditional computer
systems, especially SPSs. In this section, we will describe related works, mainly involving
SPSs, ensemble learning, and performance prediction for SPTs.

Stream processing systems: A stream processing system is a kind of system that
continuously processes, aggregates, and analyzes streaming data. Unlike Hive and HBase,
it is a software system based on a stream computing framework. The processing latency
of a SPS is measured in seconds or even milliseconds level. Such a system typically
uses a Directed Acyclic Graph (DAG) computation algorithm to process streaming data
on the nodes within the graph and pass the streaming data on the edges between the
nodes. In [26], the authors proposed a stream processing system, named Apache Storm,
which is a distributed, reliable, and fault-tolerant SPS. Study [4] proposed a SPS, named
Apache Flink that is used for computing unbounded and bounded streaming data using
a stateful computing framework and a distributed processing engine. In [16], the authors
proposed a SPS, named Twitter Heron that is a real-time, distributed, and fault-tolerant
stream processing engine. An SPT is a DAG task written by users and running in a specific
SPS.

Ensemble learning: Study [5] first proposed the concept of ensemble learning. In
[23], the authors used Boosting algorithm to combine multiple weak classifiers into a
strong classifier. This algorithm makes ensemble learning to become an important re-
search area. Study [9] proposed AdaBoost ensemble learning algorithm that is efficient
and widely used in many fields. In [3], the authors proposed random forest algorithm that
has achieved good results in many fields, so it is regarded as one of the best algorithms
in machine learning. The authors proposed the integration of Gradient Boosting Decision
Tree (GBDT) algorithm in [10]. GBDT is also a member of the Boosting family. In [12],
the authors proposed the ExtraTree algorithm that can construct a completely randomized
tree in extreme cases and its structure is independent of the output value of the learning
sample.

Performance evaluation and prediction for SPSs: Most current performance evalu-
ations for SPSs are based on experience methods [22] [24]. These methods first deployed
SPTs in a specific SPS, and then collected performance metrics for task feedback, e.g.,
latency, throughput, etc. The performance prediction for SPSs is also like performance
evaluation [28]. The above two types of performance evaluation and prediction research
mainly focused on the impact of hardware resource on the performance.

In an actual production environment, once a SPT is deployed, changes in the task
will affect the execution of SPT. The best way is to predict performance in advance and
prevent it from happening this situation. The most direct impact on the performance is the
data rate of the SPT. In this paper, with the latency guarantees, the performance volatility
of SPTs was analyzed and the ExtraTree algorithm was used to predict the throughput of
SPTs under different data rates to avoid the situation of unavailable services.

3. Performance Volatility

In this section, we mainly describe the performance volatility of SPTs during execution.
To obtain the performance of the task under a relatively stable state, a volatility detection
algorithm was proposed and analyzed.



4 Zheng Chu, Jiong Yu, and Askar Hamdulla

(a) Performance volatility on WordCount.

(b) Performance volatility on Iteration.

Fig. 1. Performance volatility on WordCount and Iteration.

3.1. Phenomenon of Performance Volatility

Performance volatility is a common phenomenon in which an SPT exhibits unstable per-
formance over time under normal operating conditions, as shown in Fig.1 (data sets and
experimental environment are described in Section 6).

The horizontal axis of Fig 1(a) represents the running time of an SPT, and the vertical
axis represents the standard deviation of the latency metric. It can be clearly seen from
the Fig 1(a) that the standard deviation reaches more than 250 in the initial stage. After
40 s, standard deviation stays around 20 and keeps relatively stable.
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The results of Fig 1(b) are similar to that of Fig 1(a) and shows the phenomenon that
the latency metric fluctuates over time. After 40 s, the standard deviation of the latency
metric is kept at about 5. The performance of SPTs has the following characteristics: (1)
the performance of SPTs fluctuates over time; (2) performance volatility tend to decline
over time and eventually tend to be relatively stable.

3.2. Volatility Detection

Generally, the metrics for volatility detection of samples have extreme values, variances,
and standard deviations. These metrics are formulated as follows:

Xrange = max(X)−min(X) (1)

σ2 =
1

N

N∑
i=1

(
xi − X̄

)2
(2)

σ =

√√√√ 1

N

N∑
i=1

(
xi − X̄

)2
(3)

In Equation 1, the extreme value Xrange is obtained by subtracting the minimum
value from the maximum value in the sample set. In Equation 2, the variance metric σ2 is
the average X̄ of the squared value of the difference between the average of each sample
value xi and the total sample size. In Equation 3, the standard deviation σ is the square
root of the variance σ2.

The extreme metric is very susceptible to noise from the samples. The variance metric
is used to measure the volatility of a group of samples, that is, the deviation of a group of
samples from the mean of samples. Similarly, the standard deviation can also reflect the
degree of deviation among samples. However, the value of the variance is the square of
the difference between the sample and the mean, which is greatly affected by the sample
data. Therefore, it is more reasonable to use the standard deviation as a measure of the
performance volatility for SPTs. The performance volatility detection algorithm uses the
standard deviation to measure volatility.

By executing the volatility detection algorithm, the performance volatility values of
SPTs are easily and efficiently calculated at a certain moment, but we do not know
whether the volatility values are in a relatively stable state. In Section 4, we will eval-
uate stable states and output performance.

4. Performance Evaluation

In this section, we first perform a regression algorithm on the volatility values described
in the previous section, and then elaborate on the choice of regression functions. Finally,
the algorithm outputs the performance values in a relatively stable state, that is, evaluates
the relative steady-state performance of SPTs.
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4.1. Volatility Regression

To reduce the burden on humans to observe performance volatility, it is necessary to
intelligently identify performance when an SPT is in a relatively stable state. Through
the description of the performance volatility described in Section 3.1, the volatility will
decrease and become relatively stable over time. To do this, we first perform a polynomial
regression on the performance volatility, as shown in follows:

ŷ(w, σ) = w0σ
0
0 + w1σ

1
1 + · · ·+ wmσ

m
m + ξ(σ) (4)

where wi denotes the weight, and σi
i denotes the performance volatility value. If σ0 = 1,

Equation 4 is formulated as follows:

ŷ(w, σ) = σ ·W + ξ(σ) (5)

where σ represents an n× (M + 1) matrix, and W represents a (M + 1)× 1 matrix. In
Equation 4 and 5, ξ(σ) represents the error function and it is formulated as follows:

ξ(σ) = min
{
‖σ ·W − y‖2 + α‖w‖2

}
(6)

Regression task is performed by minimizing the sum of squared errors, and α is used
for controlling the amount of expansion and contraction of the coefficients. Thus, the
regression function of the performance volatility of SPTs is obtained by polynomial re-
gression, and the derivative ŷ′(w, σ) of the regression function was obtained. The problem
of determining whether an SPT is in a relatively stable state is converted into a problem
of calculating derivative value of regression function, i.e., ŷ′(w, σ). However, this method
will lead to another problem in selecting regression functions, because configuring differ-
ent regression items will obtain different regression functions.

Some regression functions are capable of solving the volatility selection problem well,
but others will bring unsatisfactory results. This phenomenon is shown in the experiment
in Section 5. Ideally, ŷ′(w, σ) close to 1 or -1 means that the performance of an SPT is
more unstable, and close to 0 proves that the performance is stable.

4.2. Regression Selection

The R-squared valueR2, called the coefficient of determination, reflects the proportion of
all variation of the dependent variable that can be interpreted by the independent variable
through the regression relationship. The higher the value, the better the algorithm. The
maximum value is 1, and R2 is formulated as follows:

R2 = 1−
∑m

i=1 (σi − σ̂)
2∑m

i=1 (σi − σ̄)
2 (7)

By calculating the R2 of the corresponding function of multiple regression terms, the
function with the largest R2 is selected. This function is the best choice among candidate
functions, and the algorithm is briefly described in Algorithm 1.

Regarding the time complexity of Algorithm 1, the complexity of the loop in step 1
is O(m), the loop in step 2 is O(l), the loop in step 3 is O(l), the loop in step 4 is O(l).
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Algorithm 1: RIS (Regression Item Selection)
Input: Performance volatility set F = {σ1, σ2, . . . , σm}, regression item set

D = {d1, d2, . . . , dl}.
Output: Regression function ŷmax.
begin

(1) Calculate the mean of samples σ in F :
for i← 0 to m-1 do

σ ← σ + σi;
end
σ ← σ

m
;

(2) Calculate regression set Y = {ŷ1, ŷ2, . . . , ŷl} using regression item set
D = {d1, d2, . . . , dl}:

for i← 0 to l-1 do
ŷi ← Regression(di);

end 3
Calculate R-squared set R2 = {r2

1, r
2
2, . . . , r

2
l } using regression function set

Y = {ŷ1, ŷ2, . . . , ŷl} (refer Equation 7):
for i← 0 to l-1 do

R[i]← 1−
∑m

i=1(σi−σ̂)2∑m
i=1(σi−σ̄)2

;

end 4
Select the maximum r2

max in R2 = {r2
1, r

2
2, . . . , r

2
l }:

r2
max ← 0;

for i← 0 to l-1 do
if r2

i > r2
max then

r2
max ← r2

i

end
end
(5) Calculate the function ŷmax in Y using r2

max:
for i← 0 to l-1 do

if r2
i = r2

max then
ŷmax ← ŷi;

end
end
return ŷmax;

end

In step 5, the loop is also O(l). Therefore, the final time complexity of Algorithm 1 is
O(m+ 4l).

Also, regarding the spatial complexity of Algorithm 1, the complexity of σ in step 1
is O(1). The set Y in step 2 is O(l). The loop R-square set in step 3 is O(l), and r2max

in step 4 is O(1). The ŷmaxl in step 5 is O(1). Therefore, the final spatial complexity of
Algorithm 1 is O(2l + 3), i.e., O(l).

4.3. Performance Output under A Steady State

The optimal regression function is obtained through the regression term selection algo-
rithm, i.e., Algorithm 1. When the value of the derivative function of the regression func-
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Algorithm 2: POA (Performance Output Algorithm)
Input: Volatility regression function ŷmax, performance metric set

X = {x1, x2, . . . , xn}.
Output: Performance metric xi.
begin

(1) Calculate the derivative ŷ
′
max using ŷmax;

(2) Calculate each derivative ŷ
′
max(xi) in X = {x1, x2, . . . , xn}:

Y [i]← Null;
for i← 0 to n-1 do

Y [i]← ŷ
′
max(xi);

end 3
Output performance xi when the derivative value is equal to 0:
for i← 0 to l-1 do

if Y [i] == 0 then
return xi;

end
end

end

tion is 0, an SPT enters a relatively stable state. At this time, the performance value is
output through the performance output algorithm, i.e., Algorithm 2.

Algorithm 2 is relatively simple, so no specific analysis is performed here. The time
complexity of the algorithm is O(n), and the spatial complexity is O(1).

5. Performance Prediction

In Section 4, the performance output algorithm outputs the throughput of an SPT in a
relatively stable state, so the ExtraTree algorithm is used for predicting performance at
different data rates. In this section, this algorithm is described.

5.1. ExtraTree Introduction

ExtraTree is a novel tree-based ensemble learning algorithm for supervising classification
and regression problems. It mainly emphasizes on randomness and selection for segment
point when splitting tree nodes. In extreme cases, it is constructed completely randomly.
The structure of the tree is independent of the output values of the learning samples.
Compared with the random forest algorithm, this algorithm has higher computational ef-
ficiency and higher accuracy. The ExtraTree algorithm is very similar to the random forest
algorithm. Although they are composed of multiple decision trees, the ExtraTree and the
random forest have two differences: (1) the random forest uses the Bagging algorithm,
that is to say, the training samples for each weak learner are not all, but the ExtraTree
uses all training samples to train every weak learner. In addition, ExtraTree adopts a ran-
dom selection strategy to select features, so its results are better than random forests; (2)
the random forest obtains the best bifurcation attribute in a random subset, but the Extra-
Tree obtains the bifurcation value completely and randomly to implement the bifurcation
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Fig. 2. The structure of ensemble learning.

of the decision tree. Ensemble learning forms a strong ensemble learning algorithm by
constructing and combining multiple weak learners to complete specific learning tasks.

Fig 2 shows a general structure of ensemble learning that combines a group of weak
learners through a specific strategy. Weak learners are usually trained by existing learn-
ing algorithms, such as C4.5 decision tree algorithm, BP neural network algorithm, etc.
One of the most important advantages of ensemble learning is that the algorithm achieves
superior excellent generalization than a single learner by combining multiple weak learn-
ers. In general, it combines non-optimal learners into one piece and gets the best learner.
Therefore, the combination strategy for weak learners is particularly important. Assuming
that ensemble learning includes T weak learners h1, h1, . . . , hT , where the output of hi
on x is hi(x). Average, and voting strategy are formulated as follows:

H(x) =
1

T

T∑
i=1

hi(x) (8)

H(x) =
1

T

T∑
i=1

wihi(x) (9)

where wi is the weight of the weak learner hi. To be noted, wi ≥ 0 and
∑T

i=1 wi = 1 are
required.

5.2. Algorithm Construction

Fig 3 shows a schematic diagram of the ExtraTree structure. The ExtraTree algorithm con-
tains multiple decision trees, each of which contains a tree-like decision node sequence.
Based on this sequence, the tree splits into various branches until it reaches the end of the
tree (the leaf node). The prediction result of each decision tree is output through the leaf
nodes, and the final outputs of the multiple decision trees are combined for prediction.

For the throughput prediction algorithm of SPTs, assuming that data set is D =
{(x1, y1) , (x2, y2) , . . . , (xN , yN )}, where N denotes the sample size, xi denotes the
sample data, and yN denotes the throughput of an SPT. When generating each decision
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Fig. 3. The structure of ExtraTree.

Algorithm 3: EBA (ExtraTree Building Algorithm)
Input: Data set D, the number of trees Nt.
Output: ExtraTree Ftree.
begin

for i← 0 to Nt − 1 do
(1) Calculate the optimal feature j and the point s to split current node:
minj,s[

∑
xi∈R1(j,s) (yi − ĉ1)

2 +
∑
xi∈R2(j,s) (yi − ĉ2)

2];
(2) Calculate output value ĉm using min(j, s) in the current node:
ĉm ← 1

Nm

∑
xi∈Rm(j,s) yi,

where R1(j, s) =
{
x|x(j) ≤ s

}
, R2(j, s) =

{
x|x(j) > s

}
;

(3) Repeat (1) and (2) using R1(j, s) and R2(j, s);
(4) Divide input space into m nodes R1, R2, . . . , Rm and generate decision tree
fi(x):
fi(x)←

∑M
m=1 ĉmI (x ∈ Rm).

where I =

{
1 if (x ∈ Rm)
0 if (x /∈ Rm)

;

(5) Add current decision tree fi(x) into Ftree:
Ftree[i]← fi(x);

end
return Ftree

end

tree, the algorithm calculates the best features j and output value s, as shown in follows:

min
j,s

 ∑
xi∈R1(j,s)

(yi − ĉ1)
2

+
∑

xi∈R2(j,s)

(yi − ĉ2)
2

 (10)

where R1(j, s) =
{
x|x(j) ≤ s

}
and R2(j, s) =

{
x|x(j) > s

}
are two regions divided by

j and s. ĉ1 and ĉ2 are the throughput output values. In addition, (yi − ĉ1)
2 and (yi − ĉ2)

2

are the mean square error (MSE). The algorithm repeats the above steps until all features
are segmented, and the construction process is shown in Algorithm 3.

For algorithm 3, it is assumed that the number of features is k, steps 1-2 need to be re-
peated k times. Moreover, a total of cycles is required Nt. Therefore, the time complexity
of Algorithm 3 is O(kNt).
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Algorithm 4: TPA (Throughput Prediction Algorithm)
Input: ExtraTree Ftree, Sample x.
Output: The predicted throughput p.
begin

psum ← 0;
for i← 0 to Nt − 1 do

Predict throughput p and add it to psum:
psum ← psum + fi(x);

end
Calculate the mean predicted throughput:
p← psum

Nt
;

return psum;
end

5.3. Throughput Prediction

The output of Algorithm 3 during the prediction phase is the mean of the output values of
multiple decision trees and it is formulated as follows:

f(x) =
1

Nt

Nt∑
i=1

fi(x) (11)

where Nt is the number of decision trees, fi(x) is the predicted throughput value, and the
prediction process is shown in Algorithm 4.

Algorithm 4 is relatively simple, giving the time complexity of the algorithm isO(Nt),
and the space complexity is O(1).

6. Experimental Evaluation

In this section, we describe the methodology, experimental environment, evaluation met-
rics, volatility regression, comparison of errors, comparison of accuracy and efficiency,
and the impact of different sample ratio on errors in detail.

6.1. Methodology

In the experiments, the proposed methodology and the proposed prediction model are
applied on an evolving data stream. The overall work principal is shown in Fig. 4.

As shown in Fig. 4, the experimental methodology consists of two components: (1)
Online prediction, and (2) Offline learning. The first component firstly detects volatility
(Section 3), and then evaluates performance (Section 4) in a real-time fashion. When the
performance in steady state is evaluated, the output performance is used to predict the
throughput in a real-time style. In addition, an copy of the output is used for training the
proposed model in a offline style. During the offline learning phase, the model continu-
ously optimizes itself.

Two open-source benchmarks, i.e., WordCount (WC), and Iteration (ITE) were used
to evaluate the effectiveness of the proposed method. An external server was built outside
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Fig. 4. The experimental methodology.

an SPS cluster that includes one JobManager and three TaskManagers. The external server
undertaken the task of collecting throughout of SPTs in real time, and executed real-time
throughput prediction for SPTs.

In these benchmarks, WC sent English sentences to an SPT by configuring different
sending rates. The SPT first segmented the received English sentences, and then continu-
ously counted the number of occurrences of each word. ITE continuously sent values to
an SPT, and then the SPT iteratively calculated the values. Table 1 summarized all data
sets from two benchmarks.

Table 1. The description of data sets.
Benchmarks Total sample size Training sample size Predicting sample size

WC 99,980 79,984 19,996
ITE 100,002 80,002 20,000

During the performance prediction phase, three ensemble learning algorithms were
used to compare the proposed algorithm.

AdaBoost (Adaptive Boosting), a typical Boosting algorithm, belongs to the Boosting
algorithm family. The core of the algorithm is the process of promoting weak learner
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to a strong learner. The working mechanism is as follows: (1) a weak learner is trained
from the initial training set; (2) the training sample distribution is adjusted according to
the performance of the weak learner, so that the training samples of the previous weak
learner’s errors receive more attention on the subsequent training process; (3) train the
next weak learner based on the adjusted sample distribution. Repeat these processes until
the number of weak learners reaches T , and finally combine the weights of all weak
learners. The AdaBoost algorithm is a linear combination based on the weak learners,
and it is formulated as follows:

H(x) =

T∑
t=1

αtht(x) (12)

where αt is the proportion of weak learners to a strong learner, which is different from
the weighted average method.

GBDT is also a member of the Boosting family. When training a single weak learner,
the algorithm considers the loss function of the previous weak learners. In addition, GBDT
also uses an iterative approach through a forward-distributed algorithm. Note that weak
learners in this algorithm can only use the CART regression tree algorithm.

Random Forest (RF), an extension of Bagging, is based on the ensemble learning
of Bagging with decision tree learners, and adds the characteristics of random attribute
selection. The Bagging randomly selects training data, and then constructs multiple weak
learners. Finally, it combines multiple decision trees to improve the overall performance.
In short, a random forest is obtained by constructing multiple decision trees and merging
all the decision trees together to achieve accurate and stable prediction results. It has the
advantages of simplicity, easy implementation, and low computational cost. Therefore,
this algorithm is one of the comparison algorithms in this paper.

Additionally, to fairly evaluate the performance of different algorithms, the param-
eter values for each algorithm used in the experimental study is set to the same. Main
parameter configurations are summarized in Table 2.

Table 2. Main parameter configurations of different algorithms.
Parameters Values Description

n estimators 50 The number of trees in the forest.
max depth 30 The maximum depth of the tree.

min samples split 2 The minimum number of samples required to split an internal node.
min samples leaf 1 The minimum number of samples required to be at a leaf node.

Other parameter configurations use the default values in scikit-learn packages [19].

6.2. Experimental Environment

There are many popular SPSs, such as Apache Flink, Twitter Heron, Apache Storm,
Apache Spark, etc. Apache Spark simulates real-world stream processing using a micro-
batch processing approach. Twitter Heron is an enhanced version of Apache Storm. Be-
cause Apache Flink has strong state support and high performance for streaming data, it
was used as the carrier for all experiments.
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Apache Flink is built in a local cluster consisting of four servers. One server is the
JobManager (Master) and others are TaskManagers (Slaves). The JobManager server
is mainly responsible for the distribution and coordination of tasks, and TaskManager
servers are mainly responsible for executing specific SPTs, i.e., WC, and ITE. The four
servers in the cluster have the same hardware configuration as the external server. CPU is
”Intel(R) Core(TM) i7-4790 CPU 3.60GHz”, memory is 8 GB, hard disk is 500 G, and
operating system is CentOS-6.5.

6.3. Evaluation Metrics

To evaluate the performance of the proposed method for the throughput prediction of
SPTs, six metrics were used to compare different algorithms.

(1) Explain variance (EV ) is a measure of the ability of a regression equation to
explain the degree of change in the dependent variable or the degree to which the equation
fits a sample. The closer the EV is to 1, the better the algorithm, and the lower the value,
the worse the algorithm. EV is formulated as follows:

EV = 1− Var (yi − ŷ)

Var (yi)
(13)

(2) The R-squared value (R2) is the degree to which the regression equation character-
izes the dependent variables. The R-squared of the best algorithm is 1, and the difference
is smaller. This metric is formulated as follows:

R2 = 1−
∑m

i=1 (yi − ŷ)
2∑m

i=1 (yi − ȳ)
2 (14)

(3) The mean absolute error (MAE) is the average difference between the predicted
value and the true value, and it is formulated as follows:

MAE =
1

n

n∑
i=1

|fi − yi| =
1

n

n∑
i=1

|ei| (15)

(4) The mean square error (MSE) is the expected value of the square of the difference
between the predicted value and the true value. It is recorded as a convenient method
to measure the average error. It was used to evaluate how much the data has changed.
The smaller the value, the better the prediction algorithm will describe the data in the
experiments. This metric formulated as follows:

MSE =
1

n

n∑
i=1

(fi − yi)2 (16)

(5) The root mean square error (RMSE) is the arithmetic square root of the mean
square error, and it is formulated as follows:

RMSE =

√√√√ 1

n

n∑
i=1

(fi − yi)2 =
√
MSE (17)
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(6) The median absolute error (MediaAE) is formulated as follows:

MediaAE = media (‖yi − ŷi|, . . . , |yn − ŷn|) (18)

From Equation 13 to Equation 18, fi is the predicted throughput value, yi is the real
throughput value, ei = |fi − yi| is the absolute error. n is the sample size, y is the mean
of throughput.

6.4. Volatility Regression

In Section 3, polynomial regression was introduced and performed on performance volatil-
ity values. In this experiment, by configuring different regression termsD = {d1, d2, · · · ,
dl}, Equation 3 was used to calculate the corresponding regression function set. Regres-
sion items were set to 2, 3, 4, and 5, respectively. The experimental results were shown in
5.

In Fig 5, there was a clear trend of increasing prediction performance as terms in-
creased. For example, the regression function and the performance volatility values were
very different when the regression term was set to 2. In contrast, when the regression term
was set to 5, the function could well regress the performance volatility values. The results
of Fig 5 showed that the tangent of regression function on WC was -1 when the time
was about 30 s, but the corresponding performance volatility scatter plot did not reach a
relative stable state, which explained the necessity of regression term selection, i.e., Al-
gorithm 1, in Section 4. The results from other benchmarks, i.e., ITE, showed the similar
trend as shown in Fig 5. If the algorithm output the throughput of an SPT at this time,
meaning that it was not in a relatively stable performance. When the regression term be-
came larger, e.g., 5, the output of performance was more representative of the throughput
in a relatively stable state, as shown in Fig 5(d), and Fig 5(h). To evaluate the performance
of regression item selection algorithm in more detail, the R-squared valuesR2 of different
regression items were shown in Table 3.

Table 3. R2 of different regression items.
Benchmarks Item-2 Item-3 Item-4 Item-5

WC 0.87 0.95 0.98 0.98
ITE 0.84 0.90 0.93 0.96

In Table 3, R2 gradually approached 1 as the regression term on WC, and ITE in-
creased, which also indicated that the selection of regression terms was necessary in the
performance volatility regression process. Therefore, the regression algorithm based on
excellent performance was more accurate to judge a relatively stable state, and the output
was more reasonable.

6.5. Comparison of errors

The purpose of this experiment was to compare the prediction errors of different ensemble
learning algorithms under a steady state at different data rates. The experimental results
were shown in Fig 6.
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Table 4. The errors of different ensemble learning algorithms.

Benchmarks
MAE MSE MediaAE

A E G R A E G R A E G R

WC 0.21 0.15 0.19 0.23 0.15 0.04 0.14 0.08 0.09 0.07 0.12 0.13
ITE 0.12 0.05 0.10 0.09 0.09 0.03 0.10 0.12 0.05 0.02 0.13 0.10

AVG 0.165 0.10 0.145 0.16 0.12 0.035 0.12 0.10 0.07 0.045 0.125 0.115
Note: (A) AdaBoost; (E) ExtraTree; (G) GBDT; (R) Random Forest; (AVG) Average.

As shown in Fig 6, there were differences between the four ensemble learning algo-
rithms, and ExtraTree had lower errors compared with other algorithms, i.e., AdaBoost,
GBDT, and Random Forest. Table 4 summarized the detailed results.

As shown in Table 4, MAE, MSE, and MediaAE of ExtraTree on all benchmarks
were lower than that of other algorithms. For instance, MAE of ExtraTree, AdaBoost,
GBDT, and Random Forest on the benchmark WC were 0.15, 0.21, 0.19, and 0.23, re-
spectively, which showed that the ExtraTree had the lowest error. On the benchmark ITE,
MSE and MediaAE of all algorithms showed the same results. Moreover, the average
of MAE, MSE, and MediaAE of the ExtraTree were 0.10, 0.035, 0.045, respectively,
which indicated the ExtraTree had the lowest errors compared with other algorithms.

6.6. Comparison of Accuracy and Efficiency

The purpose of this experiment was to compare the accuracy and efficiency of differ-
ent ensemble learning algorithms for the throughput prediction of SPTs. Accuracy and
execution time are formulated as follows:

Accuracy =

(
100− 1

n

n∑
i=1

∣∣∣∣fi − yiyi

∣∣∣∣
)
× 100% (19)

where, n is the number of samples, fi is the predicted throughput value, yi is the actual
throughput value.

ET =
10000

n

n∑
i=1

ti (20)

where, n is also the number of samples, and ti is the prediction execution time for one
sample. Since the execution time to predict one sample is short and not good for compari-
son, the constant coefficient 10,000 in Equation 20 is used to estimate the prediction time
for per 10,000 samples. Table 5 summarized the experimental results from the benchmark
WC, and ITE.

From Table 5, it was apparent that ExtraTree on all the benchmarks resulted in the
highest values of accuracy and efficiency. For example, the accuracy of ExtraTree on all
the benchmarks had the highest rates with 91.13%, and 89.94%. The ExtraTree had the
lowest execution time with 0.82, and 0.85 s/10,000 samples. These results indicated that
the ExtraTree had the highest accuracy and the highest efficiency compared with other
algorithms on all benchmarks.
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Table 5. Accuracy and efficiency of different algorithms.

Benchmarks
Accuracy (%) ET (s/10,000 samples)

A E G R A E G R

WC 68.36 91.13 75.59 67.84 0.96 0.82 0.85 0.82
ITE 70.61 89.94 77.55 69.71 0.95 0.85 0.86 0.86

AVG 69.485 90.535 76.57 68.775 0.955 0.835 0.855 0.84
Note: (A) AdaBoost; (E) ExtraTree; (G) GBDT; (R) Random Forest; (AVG) Average.

6.7. The Impact of Different Sample Ratio on Errors

To verify the generalization ability of the proposed method, the prediction errors of dif-
ferent training sample ratios were used. The experimental results were shown in Fig 7.

As shown in Fig 7, as the proportion of training samples increased, EV of all ensem-
ble learning algorithms gradually approached 1, and MAE, MSE and MediaAE also
gradually approached zero. In addition, all ensemble learning algorithms was stable in
terms of EV . Moreover, all algorithms showed a clear trend of decreasing errors. These
results indicated that the generalization ability of ExtraTree was stable, and it had lower
errors compared with other ensemble learning algorithms.

7. Conclusion

In this paper, the performance volatility of SPTs were studied and the corresponding
volatility detection algorithm was proposed to accurately output the throughput of SPTs
under a relatively stable state. In the throughput prediction phase, an ExtraTree-based
algorithm was used for predicting the throughput. In the experiments, the prediction per-
formance (i.e., errors, accuracy, and efficiency) of different ensemble learning algorithms
on two benchmarks were compared. The results illustrated that the proposed algorithm
had low error rates and high accuracy rates with a relatively high efficiency. Based on the
research results, our future work will focus on performance prediction in heterogeneous
environments, which requires a deeper study of the internal details of SPTs.
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(a) WC (Item=2). (b) WC (Item=3).

(c) WC (Item=4). (d) WC (Item=5).

(e) ITE (Item=2). (f) ITE (Item=3).

(g) ITE (Item=4). (h) ITE (Item=5).

Fig. 5. Performance volatility regression using different regression Item. Note that
STDDEV denotes the standard deviation of performance volatility.
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(a) AdaBoost (WC). (b) ExtraTree (WC).

(c) GBDT (WC). (d) Random Forest (WC).

(e) AdaBoost (ITE). (f) ExtraTree (ITE).

(g) GBDT (ITE). (h) Random Forest (ITE).

Fig. 6. Throughput regression using different ensemble learning algorithms.
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(a) EV (WC). (b) MAE (WC).

(c) MSE (WC). (d) MediaAE (WC).

(e) EV (ITE). (f) MAE (ITE).

(g) MSE (ITE). (h) MediaAE (ITE).

Fig. 7. Errors using different ensemble learning algorithms at different training data ratio.
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Abstract. Edge computing provides physical resources closer to end users, be-
coming a good complement to cloud computing. With the rapid development of
container technology and microservice architecture, container orchestration has be-
come a hot issue. However, the container-based microservice scheduling problem
in edge computing is still urgent to be solved. In this paper, we first formulate the
container-based microservice scheduling as a multi-objective optimization problem,
aiming to optimize network latency among microservices, reliability of microser-
vice applications and load balancing of the cluster. We further propose a latency,
reliability and load balancing aware scheduling (LRLBAS) algorithm to determine
the container-based microservice deployment in edge computing. Our proposed al-
gorithm is based on particle swarm optimization (PSO). In addition, we give a han-
dling strategy to separate the fitness function from constraints, so that each particle
has two fitness values. In the proposed algorithm, a new particle comparison cri-
terion is introduced and a certain proportion of infeasible particles are reserved
adaptively. Extensive simulation experiments are conducted to demonstrate the ef-
fectiveness and efficiency of the proposed algorithm compared with other related
algorithms.

Keywords: edge computing, microservice, container orchestration, multi-objective
optimization, particle swarm optimization.

1. Introduction

Recently, the emerging edge computing paradigm is seen as an effective solution to the
problem of big data, which brings the processing to the edge of the network [1]. It has the
advantage of shorter response time and can save bandwidth and energy required for data
transmission in cloud computing [2, 3]. At the same time, microservice architecture [4]
has become increasingly popular in the process of application design and development,
which is commonly used to develop cloud native applications. However, there are few
researches on microservice scheduling in edge computing.

As a lightweight virtualization technology, container is the perfect tool to encapsu-
late and deploy microservices. With the development of container technology and the
widespread use of microservice architecture, some practical container scheduling strate-
gies have been proposed. However, there are still some important problems to be solved
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in container-based microservice scheduling in edge computing. Current container clus-
ter management tools, including Docker Swarm, Apache Mesos, and Google Kuber-
netes, only implement simple strategies of assigning containers to physical nodes. These
strategies only consider physical resources usages [5], without implementing optimiza-
tion strategies for the reliability of applications, network transmission latency, etc. It is
possible for researchers to obtain better results in terms of network transmission latency,
reliability of microservice applications and load balancing of the cluster.

Container scheduling in edge computing is a typical NP-hard problem. Such problems
must be addressed using heuristic algorithms. Particle swarm optimization (PSO) is one of
the most common heuristic algorithms. Many researchers have adopted PSO to solve the
problem of task scheduling or scientific workflow scheduling in distributed computing.
Thus, we propose a method to implement a container resource scheduling strategy by
using PSO algorithm.

In order to tackle the container-based microservice scheduling problem in edge com-
puting, we first formulate it as a multi-objective optimization problem, in which network
transmission latency among microservices, reliability of microservice applications and
load balancing of the cluster can be optimized. Then we propose a latency, reliability and
load balancing aware scheduling algorithm for microservice scheduling system to deter-
mine the deployment of container-based microservices. The main contributions of this
paper are as follows:

- We mathematically model the container-based microservice scheduling problem in
edge computing to reduce network transmission latency among microservices, im-
prove reliability of microservice applications and balance the cluster load, the re-
source capacity constraints of edge nodes are also considered.

- An LRLBAS algorithm based on particle swarm optimization (PSO) is proposed
to solve the multi-objective optimization problem for container-based microservice
scheduling. It can be used to separate the fitness function from constraints, so that
each particle has two fitness values. The new comparison criterion for particles is
introduced and a certain proportion of the infeasible particles are reserved adaptively.

- Several experiments are done to evaluate the proposed algorithm. The experiment
results demonstrate that our algorithm generally outperforms the other two methods
in terms of objectives, fitness value and optimization speed when the number of user
requests is large. And it can obtain optimization results with relatively little running
overhead when the number of user requests is small.

The remainder of this paper is organized as follows. Section 2 introduces the related
work. Section 3 describes the system architecture and analytical models. Section 4 pro-
vides the problem formulation. Section 5 presents the implementation of our LRLBAS
algorithm. Section 6 illustrates the experimental settings and the experimental results.
Section 7 summarizes this paper and raises the future work.

2. Related Work

Resource management optimization is a hot research topic in the field of distributed com-
puting. In this paper, the related research is presented in three main parts: container or-
chestration, multi-objective optimization in resource management and scheduling meth-
ods based on particle swarm optimization (PSO) algorithm.
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First, some related works on container orchestration are showed here. Adam et al. [6]
present Two-stage Stochastic Programming Resource Allocator (2SPRA). It optimizes
resource provisioning for containerized n-tier web services in accordance with fluctua-
tions of incoming workload to accommodate predefined service-level objectives (SLOs)
on response latency and reduces resource over-provisioning. Li et al. [7] propose an op-
timal minimum migration algorithm (OMNM) which reduces the unnecessary migration
of containers. By fitting the growth rate of Docker containers in the source server, the
model can estimate the growth trend of each Docker container and determine which con-
tainer needs to be migrated. The algorithm aims to reduce the number of the migration
and improve the utilization ratio of the resource, while ensuring the load balancing of
the cluster. Kaewkasi and Chuenmuneewong [8] present a container scheduling algorithm
based on Ant Colony Optimization (ACO), aiming to balance the resource usages and fi-
nally lead to the better performance of applications. Their approach is compared with the
results obtained with a greedy algorithm. Guerrero et al. [9] propose a genetic algorithm
approach, using the Non-dominated Sorting Genetic Algorithm-II (NSGA-II) to optimize
container allocation and elasticity management. Their approach is compared with the con-
tainer management policies implemented in Google Kubernetes. Tao et al. [10] introduce
a schedule algorithm based on fuzzy inference system (FIS), for global container resource
allocation by evaluating nodes’ statuses using FIS. The algorithm aims to derive optimal
resource configurations and improve the performance of the cluster. However, only the
paper [9] considers the use of microservice architecture, but Guerrero et al. do not include
the network transmission latency among container-based microservices in their models.

Second, in the research of resource management optimization in distributed comput-
ing, there may exist multiple conflicting objectives, and researchers need to optimize these
objectives simultaneously. Therefore, there have been many researches on multi-objective
optimization methods in this field. Guerrero et al. [11] present an approach based on
NSGA-II to optimize the deployment of microservice applications using containers in
multi-cloud architectures. The optimization objectives are three: cloud service cost, net-
work latency among microservices, and time to start a new microservice when a provider
becomes unavailable. Azimzadeh and Biabani [12] present a multi-objective optimiza-
tion method for resource management and task assignment based on genetic algorithm, in
order to reduce execution time and enhance reliability of service. Langhnoja and Joshi-
yara [13] propose a novel scheduling algorithm called multi-objective based Integrated
Task scheduling which aims to solve task scheduling problem of cloud computing, con-
sidering three optimization objectives: execution time, execution cost and load balancing.
Mireslami et al. [14] propose a multi-objective resource allocation model when deploying
a Web application in cloud, considering deployment cost and quality of service (QoS)
simultaneously. The algorithm aims to minimize cost, maximize QoS and get a balanced
trade-off between the two conflicting objectives. Zhang et al. [15] introduce an adaptive
container scheduler based on integer linear programming, which considers three factors:
the container host energy conservation, the container image pulling costs from the im-
age registry to the container hosts, and the workload network transition costs from the
clients to the container hosts. Lin et al. [16] establish a multi-objective optimization model
for the container-based microservice scheduling, and propose an ant colony algorithm to
solve the scheduling problem. The algorithm aims to optimize cluster service reliability,
cluster load balancing, and network transmission overhead. However, all of these work
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above focus on resource management in cloud, rather than the emerging edge computing
paradigm. The work of Lin et al. [16] is the most similar one to our approach, but they
do not provide a rigorous mathematical representation of the data transmission latency
among microservices.

Third, as an intelligent algorithm, particle swarm optimization (PSO) is one of the
most commonly used scheduling algorithms in the field of resource scheduling. Zhang
and Yang [17] propose a task scheduling algorithm based on an improved PSO, which
can schedule efficiently, shorten the task completion time and improve the utilization of
resources in cloud computing. Pan and Chen [18] establish a resource-task allocation
model and propose an improved PSO algorithm to achieve resource load balancing in the
cloud environment. Chou et al. [19] propose the dynamic power-saving resource alloca-
tion (DPRA) mechanism based on a particle swarm optimization algorithm, aiming to im-
prove energy efficiency for cloud data centers. Verma et al. [20] propose a hybrid PSO al-
gorithm based on non-dominance sort for handling the workflow scheduling problem with
multiple objectives in the cloud. Li et al. [21] propose a security and cost aware scheduling
(SCAS) algorithm based on PSO for heterogeneous tasks of scientific workflow in cloud,
aiming to minimize the total workflow execution cost while meeting the deadline and
risk rate constraints. Li et al. [22] propose a PSO-based container scheduling algorithm
of Docker platform, which aims to solve the problem of insufficient resource utilization
and load imbalance. The algorithm distributed application containers on Docker hosts,
balance resource usage, and ultimately improve application performance. However, only
the paper [22] focuses on container scheduling, the paper [17], [18], [19], [20], [21] focus
on task scheduling or workflow scheduling. Moreover, when solving constrained opti-
mization problems, only the paper [21] separates the fitness function from constraints and
adopts a novel comparison criterion of particles.

Despite a large number of solutions and implementations mentioned above, researches
on container-based microservice scheduling in edge computing environment are still very
limited. In this paper, we describe it as a multi-objective optimization problem and an
LRLBAS algorithm based on PSO is implemented to solve it. This paper aims to optimize
the network transmission latency among microservices, the reliability of microservice
applications and the load balancing of the cluster simultaneously.

3. System Architecture and Analytical Models

As shown in Fig. 1, the system is mainly divided into two layers. The User Layer is used
to send service requests to microservice applications. The Edge Cloud Layer consists of
physical resources that are used to process requests from users. Users send their requests
to microservice applications deployed on Edge Cloud. Then, the physical resources are
allocated to related microservices encapsulated in containers by microservice scheduling
system (MSM).

Container-based microservice scheduling in edge computing can be characterized by
properties from three components, i.e., application model, network model, and computa-
tion model. The application model refers to the container-based microservice application
being scheduled, the network model describes the infrastructure used to execute the mi-
croservice application, and the computation model corresponds to what we attempt to
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Fig. 1. System architecture

optimize. For convenience of reference, we summarize and tabulate the parameters and
their descriptions used in the models in Table 1.

3.1. Application Model

We consider an application A developed by microservice architecture. A is modeled as a
directed graph Ga = 〈ms set,ms relation〉, where ms set = {ms1,ms2, . . . ,msm}
is the set of microservices of application A; ms relation is the set of dependencies
among the microservices. When the execution of microservice msi requires the result
generated by another microservice msk, the dependency between them is established,
denoted by (msi,msk) ∈ ms relation.

Microservice msi is characterized as a tuple 〈calc needi, str needi,max linki〉,
where calc needi represents the computing resources required by one request for mi-
croservice msi; str needi is the storage resources required by one request for microser-
vice msi; max linki is the maximum number of requests for one instance of microser-
vice msi. In addition, pre seti is the preceeding set of microservices that provide data
for microservice msi to execute, and when a microservice msk ∈ pre seti, there exists
(msi,msk) ∈ ms relation.

Application A receives service requests from users. User requests for microservice
msk is mainly divided into two parts. One is the direct requests from users, denoted by
direct reqstk; the other is the indirect requests from other microservices. The number
of indirect requests from microservice msi to msk is denoted by link(msi,msk), so the
total number of requests for microservice msk is calculated as linkk = direct reqstk +
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∑m
i=1∧msk∈pre seti

link(msi,msk); trans(msi,msk) denotes the size of data transmit-
ted in a request between microservice msi and msk. We do not consider the network
transmission latency associated with direct requests from users to microservices. In addi-
tion, scalek is the number of instances of microservice msk in the cluster. According to
the number of requests for microservice msk and the maximum number of requests for
one instance of microservice msk, scalek can be calculated as d linkk

max linkk
e.

3.2. Network Model

The underlying edge computing environment for running microservice applications is
modeled as a fully-connected directed graphGe = 〈node set, link set〉, where node set
= {node1, node2, . . . , noden} is the set of edge nodes; link set represents the set of
directed links between edge nodes. Each communication link li,j between nodei and
nodej is related to bandwidth bi,j and network distance di,j .

Edge node nodej is characterized as a tuple 〈calcj , strj , failj〉, where calcj is the
computing resource capacity of edge node nodej ; strj indicates the storage resource
capacity of edge node nodej ; failj represents the failure rate of edge node nodej .

3.3. Computation Model

Network Transmission Latency among Microservices. The network transmission la-
tency among microservices is related to four key factors: the number of requests between
two interoperable microservice instances, the size of data transmission in a request be-
tween the two microservice instances, the bandwidth and the network distance between
the edge nodes where the two microservice instances are allocated. Considering that both
consumer microservices and provider microservices may have multiple container-based
instances, we allocate the requests between the two microservices evenly among their
instance pairs. This is formalized in Equation (1):

trans latency =

m∑
k=1

n∑
q=1

yk,q

m∑
i=1∧msk∈pre seti

n∑
p=1

yi,p ∗ lc(i, k, p, q), (1)

where:

lc(i, k, p, q) =
link(msi,msk)

scalei × scalek
× (

trans(msi,msk)

bq,p
+
dq,p
c

). (2)

Here, lc(i, k, p, q) represents the network transmission latency between one instance
pair of microservice msi and msk deployed on edge node nodep and nodeq respectively,
yi,p denotes the number of instances of microservice msi deployed on edge node nodep,
and c is the propagation rate of the electromagnetic wave over the channel, approximately
3× 108m/s.

Average Number of Failures for Microservice Requests. The average number of fail-
ures for microservice requests measures the reliability of microservice applications, which
is related to two key factors: the number of requests for microservices and the failure rates
of edge nodes. Considering that edge nodes in the cluster may break down for some rea-
son, microservices deployed on these edge nodes will not available and user requests will
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fail. This is mathematically modeled in Equation (4), which is used in [15]:

fail reqst =

n∑
j=1

m∑
i=1

yi,j × failj
linki
scalei

. (3)

where yi,j denotes the number of instances of microservice msi deployed on edge node
nodej .

Imbalance Degree of Resource Usages of Edge Nodes. The imbalance degree of re-
source usages of edge nodes measures the load balancing of the cluster. In this paper,
we consider the computing resources and storage resources simultaneously, so balancing
cluster resource load is a Multi-Resource Load Balancing (MRLB) problem. To deal with
the load balancing of the cluster, the standard deviations of utilization rate of physical re-
sources in edge nodes are calculated, and then used as coefficient value for the utilization
rate of corresponding resource in each node [15]. The maximum value of resource utiliza-
tion rate with coefficient among edge nodes reflects the worst case about load blancing
of the cluster. So, the imbalance degree of resource usages of edge nodes is formalized in
Equation (4):

imbalance =
Max(util1, util2, . . . , utilj , . . . , utiln)

σcalc + σstr
1 ≤ j ≤ n, (4)

where:
utilj =Max(σcalc × calc usagej , σstr × str usagej), (5)

calc usagej =

m∑
i=1

yi,j
linki × calc needi
scalei × calcj

, (6)

str usagej =

m∑
i=1

yi,j
linki × str needi
scalei × strj

. (7)

Here,σcalc, σstr represents the standard deviation values of utilization rate of comput-
ing resources and storage resources of edge nodes in the cluster respectively; utilj is the
bigger value of resource utilization rate with coefficient of edge node nodej ; calc usagej ,
str usagej are the utilization rate values of computing resources and storage resources
of edge node nodej .

4. Problem Formulation

4.1. Multi-Objective Optimization Model

According to the three objective functions mentioned in Section 3.3, we establish the
following multi-objective optimization model of container-based microservice scheduling
in edge computing.

min trans latency, (8)

min fail reqst, (9)
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min imbalance, (10)

subject to :
m∑
i=1

yi,j
linki
scalei

calc needi − calcj ≤ 0 ∀nodej , (11)

m∑
i=1

yi,j
linki
scalei

str needi − strj ≤ 0 ∀nodej . (12)

Equation (8)-(10) represent the three optimization objectives respectively: minimizing
the network transmission latency among microservices, minimizing the average number
of failing requests for microservices and minimizing the imbalance degree of resource
usages of edge nodes. Equation (11)-(12) represent the computing and storage resource
constraints of edge nodes respectively.

Table 1. Summary of parameters and their descriptions

Parameters Descriptions
Ga = 〈ms set,ms relation〉 microservice application
m the number of microservices in the application
msi microservice with id. i
(msi,msk) ∈ ms relation dependency link from microservice msi to msk
calc needi computing resources required by one request for mi-

croservice msi
str needi storage resources required by one request for microser-

vice msi
max linki the maximum number of requests for one instance of

microservice msi
pre seti preceeding set of microservices of microservice msi
direct reqsti the number of direct requests for microservice msi

from users
link(msi,msk) the number of indirect requests from microservice msi

to msk
linki the total number of requests for microservice msi
trans(msi,msk) size of data transmitted between microservice msk and

msi
scalei the number of instances of microservice msi
Ge = 〈node set, link set〉 edge computing environment
n the number of edge nodes in the cluster
nodej edge node with id. j
calcj computing resource capacity of edge node nodej
strj storage resource capacity of edge node nodej
failj failure rate of edge node nodej
li,j communication link between edge node nodei and

nodej
bi,j bandwidth of link li,j
di,j network distance of link li,j
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4.2. Fitness Function

Based on the aforementioned multi-objective optimization model, we use linear weighted
sum method to modify the multi-objective optimization problem into a single-objective
optimization problem and construct the fitness function of this paper as follows:
f(X) = w1 × ϕ(trans latency) + w2 × ϕ(fail reqst) + w3 × ϕ(imbalance). (13)

where X is a scheduling scheme that maps microservices to edge nodes; w1, w2, w3 ≥ 0
and w1 + w2 + w3 = 1. For the weight coefficients of optimization objectives, the most
important objective generally has the maximum weight coefficient value according to the
user preferences. ϕ(l) is a normalized function for optimization objectives, defined as:

ϕ(l) =
l − lmin

lmax − lmin
. (14)

In this paper, we repeatly do experiments on the three optimization objectives for 30
times, and replace the maximum and minimum values of the three objectives with their
corresponding empirical constant values.

According to the analysis above, we formally define a container-based microservice
scheduling problem in edge computing environment: given a directed graph structured mi-
croservice application Ga = 〈ms set,ms relation〉, a fully-connected edge computing
environment Ge = 〈node set, link set〉, we wish to find a schedule X: msi → nodej ,
∀msi ∈ ms set, ∃nodej ∈ node set, such that minimizes the fitness function under
the resource capacity of edge nodes. The problem can be formally described by Equation
(15): 

find X = {x1, x2, . . . , xD} ,
which min(f(X)),

subject to :

m∑
i=1

yi,j
linki
scalei

calc needi − calcj ≤ 0 ∀nodej ,

m∑
i=1

yi,j
linki
scalei

str needi − strj ≤ 0 ∀nodej .

(15)

where D is the dimension of the schedule scheme X .

5. LRLBAS Algorithm Implementation

The above defined problem is a typical NP-hard problem. So, we consider using heuris-
tic algorithms to obtain its near-optimal solution. Particle swarm optimization (PSO) is a
frequently used heuristic algorithm, which is developed by Kennedy and Eberhart [23].
In this work, our latency, reliability and load balancing aware scheduling (LRLBAS) al-
gorithm is based on PSO.

The basic idea of PSO is to search the optimal solution through the cooperation and
information sharing among individuals in a population. Suppose that one population has
N particles and the searching space is D dimensional. For a particle Pi(i = 1, 2, . . . , N),
it has three typical parameters that are the position Xi = (xi1, xi2, . . . , xiD), velocity
Vi = (vi1, vi2, . . . , viD) and its optimal position pbesti = (pi1, pi2, . . . , piD). In the kth
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iteration of PSO, the velocity and position of particle Pi will be updated by the following
two equations:

V k
i = wk · V k−1

i + c1 · r1 · (pbesti −Xk−1
i ) + c2 · r2 · (gbest−Xk−1

i ). (16)

Xk
i = Xk−1

i + V k
i . (17)

where c1 and c2 denote learning factors, r1 and r2 are random numbers from the range of
[0,1], wk is called inertia weight that influences search capability of particles, gbest is the
current global optimal position.

Shi and Eberhart [24] define the inertia weight w as a decreasing function, that is

wk = wstart − (wstart − wend) ·
k

M
. (18)

where wstart and wend are the initial value and ending value of inertia weight w, M
indicates the maximum number of iterations in PSO.

5.1. Non-linear Inertia Weight

To better balance the global and local search abilities of particles, a novel method for
updating the inertia weight w is used [25], as shown in Equation (19):

wk = wend + (wstart − wend) · sin(
π

2

√
(1− k

M
)3). (19)

Compared with the linear inertia weight in Equation (18), the non-linear inertia weight
in Equation (19) is larger at the beginning period, which can promote global search in
the early stage of the optimization process. When the number of iterations gradually ap-
proaches the maximum value M , the non-linear inertia weight is smaller than the linear
inertia weight, which can improve local search in the late stage of the optimization pro-
cess.

5.2. Constraints Handing

To deal with the constraints, we adopt a strategy similar to that in [20]. Our constraint
handling strategy separates the fitness function from constraints, so that each particle has
two fitness values. In addition, a new comparison criterion for particles is introduced and
a certain proportion of the infeasible particles are reserved adaptively.

In this paper, the general form of our problem is expressed in Equation (20):
min f(X) s.t. gj(X) ≤ 0 j = 1, 2, . . . , q (20)

After separating the fitness function from constraints, the original problem can be
transformed into Equation (21):

fitness(i) = f(X), violation(i) =

q∑
j=1

max(0, gj(x)) i = 1, 2, . . . , N (21)

Here, the former formula represents the fitness value of particle Pi in a certain itera-
tion, namely the first fitness value; the latter is the constraint violation value of particle
Pi, that is, the second fitness value. The constraint violation value of a feasible solution is
0.
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Then, we use the following comparison criteria for particles: firstly, a constant β is
given. (1) Between two feasible particlesPi andPj , compare their fitness values fitness(i)
and fitness(j), the smaller one is better; (2) between two infeasible particles Pi and Pj ,
compare their constraint violation values violation(i) and violation(j), the smaller one
is better; (3) between the feasible particle Pi and the infeasible particle Pj , if violation(j)
is smaller than β , then compare their fitness values fitness(i) and fitness(j), the
smaller one is better; otherwise, particle Pi is better.

During the optimization process, the proportion of infeasible solutions changes dy-
namically. If the proportion becomes too large, most particles will move towards infea-
sible solutions. If the proportion becomes too small, our algorithm will not work very
well and the optimization efficiency will be compromised. So, we hope the proportion of
infeasible solutions can fluctuate around a fixed value p. Based on the above comparison
criteria, we can know that the larger the value of constant β, the larger the proportion of
infeasible solutions is likely to be. To keep the proportion around p, the following adaptive
adjustment strategy for β is used: (1) when the proportion is smaller than p, β = 1.5β;
(2) when the proportion is larger than p, β = 0.5β; (3) when the proportion is equal to p,
the value of β does not change.

5.3. Algorithm Implementation

Based on implementation steps mentioned above, we design the LRLBAS algorithm
based on PSO for microservice applications. The implementation of our algorithm is
shown as the pseudo-code of Algorithm 1.

This algorithm first initializes position (i.e., the scheduling scheme), velocity of all
particles and other necessary parameters (see lines 1-7). Next, update velocity, position,
inertia weight and the value of β (see lines 10-14). Then, evaluate the fitness value and
constraint violation value of each particle according to constraints handling, update the
optimal solution of each particle and select the global optimal solution (see lines 16-19).
Finally, the algorithm returns the near-optimal scheduling scheme (see line 21).

6. Performance Evaluation

6.1. Experimental Setup

In this paper, the test data set is shown in Table 2 and Table 3. The microservice applica-
tion in this test data set is composed of 17 microservices.

Table 2 shows the number of requests and the amount of data transmission among mi-
croservices when the microservice application receives a unit of user service requests (rep-
resented as 1.0reqs). Here, (-,msi) represents users consume microservice msi directly.
For convenience, we use linki,k and transi,k to denote link(msi,msk) and
trans(msi,msk), respectively. Table 3 shows the parameters of microservices in the
application; linki represents the number of requests for microservice msi when the mi-
croservice application receives 1.0reqs; scalei is the number of instances of microservice
msi in the cluster.

Some details about the experimental setup are shown in Table 4. Table 4(a) presents
parameters of our LRLBAS algorithm. Parameter settings for the edge node cluster are
described in Table 4(b).
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Algorithm 1 LRLBAS algorithm based on PSO
Input: related information about the microservice application, a set of edge nodes, maximum

number of iteration M , size of particle swarm N .
Output: the near-optimal scheduling solution Xbest.
1: for i = 1 to N do
2: Randomize the initialization of scheduling Xi, search velocity Vi and some other necessary

parameters;
3: end for
4: for i = 1 to N do
5: Set current position of scheduling Xi as pbesti;
6: end for
7: Select the best near-optimal scheduling plan of minimum fitness from N scheduling plans as

gbest;
8: for j = 1 to M do
9: for i = 1 to N do

10: Update the velocity of particle Vi by Equation (16);
11: Update the position of particle Xi by Equation (17);
12: end for
13: Update the inertia weight wk by Equation (19);
14: Compute the ratio of infeasible solutions and update;
15: for i = 1 to N do
16: Evaluate the fitness value and the violation value of scheduling plan Xi according to

constraints handling;
17: Compare the current particles fitness evaluation with pbesti. If current value is better

than pbesti, then update pbesti;
18: end for
19: Select the best near-optimal scheduling plan of minimum fitness from N scheduling plans

as gbest;
20: end for
21: return Xbest

In addition, this paper assume that three objectives are equally important, so their
weight coefficients w1, w2, w3 are all set as 1/3.

6.2. The Comparison of both Objectives and Fitness Value

In this paper, we compare the LRLBAS algorithm with other scheduling algorithms in-
cluding the original PSO (OPSO) based scheduling algorithm and the directional and
non-local-convergent PSO (DNCPSO) based scheduling algorithm proposed in [25]. The
main principles and steps of the two algorithms are shown below.

(1) Original PSO (OPSO). The original PSO has been described in Section 4 and proved
to be a useful intelligent heuristic algorithm. It searches the optimal solution through
the cooperation and information sharing among individuals in a population.

(2) Directional and non-local-convergent PSO (DNCPSO). The authors in [25] propose
a directional and non-local-convergent particle swarm optimization algorithm to per-
form workflow scheduling in cloud-edge environment. This algorithm firstly uses
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Table 2. Number of requests and amount of data transmission under 1.0reqs

(msi,msk) linki,k transi,k(MB) (msi,msk) linki,k transi,k(MB)
(-,ms1) 25 0 (ms7,ms14) 5 2.1
(-,ms3) 35 0 (ms8,ms14) 8 2.1
(-,ms6) 4 0 (ms9,ms5) 10 1.8
(-,ms7) 15 0 (ms9,ms11) 10 2.4
(-,ms10) 50 0 (ms10,ms5) 10 1.7
(-,ms13) 15 0 (ms10,ms9) 13 2.2
(ms1,ms2) 10 2.3 (ms10,ms11) 10 2.5
(ms1,ms4) 5 1.6 (ms11,ms2) 10 1.6
(ms1,ms9) 10 2.0 (ms12,ms8) 23 3.2
(ms2,ms4) 5 1.8 (ms13,ms2) 10 2.3
(ms2,ms12) 8 3.0 (ms13,ms8) 23 3.1
(ms3,ms13) 30 0.9 (ms13,ms16) 4 2.8
(ms4,ms15) 15 2.8 (ms13,ms17) 15 1.2
(ms4,ms16) 4 2.9 (ms15,ms16) 4 2.6
(ms5,ms15) 15 2.7 (ms16,ms14) 8 2.2
(ms7,ms2) 10 2.4 (ms17,ms12) 8 3.1

Table 3. Microservices in the application

msi pre seti calc needi str needi max linki linki scalei
ms1 {ms2,ms4,ms9} 2.1 1.4 10 25 3
ms2 {ms4,ms12} 0.5 3.2 8 40 5
ms3 {ms13} 3.1 1.6 8 35 5
ms4 {ms15,ms16} 4.7 0.2 5 10 2
ms5 {ms15} 1.8 3.1 8 20 3
ms6 {} 2.5 5.1 4 4 1
ms7 {ms2,ms14} 6.2 0.6 4 15 4
ms8 {ms14} 0.8 6.2 4 45 12
ms9 {ms5,ms11} 3.9 2.3 5 23 5
ms10 {ms5,ms9,ms11} 0.2 4.8 4 50 13
ms11 {ms2} 2.8 2.6 8 20 3
ms12 {ms8} 5.3 0.9 4 15 4
ms13 {ms2,ms8,ms16,ms17} 0.6 4.8 5 45 9
ms14 {} 6.1 2.5 4 20 5
ms15 {ms16} 1.2 4.2 5 30 6
ms16 {ms14} 5.4 1.6 4 12 3
ms17 {ms12} 3.7 2.2 6 15 3

Table 4. Parameter settings

(a) Parameters of the LRLBAS algorithm

Parameter Value
Population size 50
Maximum number of iterations 300
wstart 0.9
wend 0.4
c1, c2 2
r1, r2 [0,1]
β 10
p 0.2

(b) Parameters of the edge node cluster

Parameter Value
Number of edge nodes 120
calci {100, 200, 400}
stri {100, 200, 400}
faili {0.01, 0.02, 0.03}
bi,j (Mbps) {200, 400}
di,j (km) [30,300]
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non-linear inertia weight to better balance the global and local search abilities of par-
ticles. Then, it replace random search with directional search which can improve the
optimization speed of the algorithm. Finally, selection and mutation operations are
integrated into this algorithm, which is conducive to jump out of local optimum. So,
this algorithm can get better near-optimal solution in a faster speed.

In this subsection,the performance comparisons of the three algorithms are performed
in four aspects: network transmission latency, reliability of the microservice application,
cluster load balancing and fitness value. We present the experimental results of three al-
gorithms in the above four aspects under five experimental configurations. The number of
user requests of the five experimental configurations varies between 1.0reqs and 3.0reqs,
with an interval of 0.5reqs.

As shown in Fig. 2, the values have been normalized between 0.0 and 1.0. We can
see that LRLBAS algorithm achieves better performance (smaller objective values) than
OPSO in four aspects under five experimental configurations, and obtains better optimiza-
tion results than DNCPSO in 12 of the total 20 scenarios.

In detail, as shown in Fig. 2(d-e), LRLBAS algorithm performs better than DNCPSO
in all four aspects under 2.5reqs and 3.0reqs. However, in Fig. 2(a-c), LRLBAS algorithm
obtains objective values that are slightly higher than DNCPSO in 7 scenarios. Because
the proportion of infeasible solutions in the population is small when the number of user
requests is small. So the infeasible solutions are not enough for LRLBAS algorithm to
find better solutions.

6.3. The Comparison of Optimization Process for Fitness Value

In this subsection, we compare the LRLBAS algorithm with other algorithms by the it-
erative trend of fitness value under five experimental configurations. The iterative trend
of each algorithm for searching results includes two aspects, namely searching speed and
nearest optimal solution. The searching speed indicates the fewest number of iterations
that is required to find the near-optimal solution. The nearest optimal solution indicates
the minimum fitness value that the algorithms can reach.

As shown in Fig. 3, LRLBAS algorithm can obtain smaller fitness values than the
other two algorithms in most cases. Among the three algorithms, OPSO performs worst
under five experimental configurations.

In detailed comparison, as shown in Fig. 3(c), the fitness value in DNCPSO declines
significantly faster than that in our LRLBAS algorithm, indicating that DNCPSO can
obtain the near-optimal solution with fewer iterations than LRLBAS algorithm. Moreover,
DNCPSO obtains a smaller fitness value at the end of the iteration process. So DNCPSO
performs better than LRLBAS algorithm under 2.0reqs. In addition, as shown in Fig.
3(d-e), LRLBAS algorithm performs better than DNCPSO in terms of searching speed
and nearest optimal solution. The experimental results in Fig. 3 are consistent with the
optimization results of fitness value in Fig. 2.

6.4. The Comparison of Sensitivity

As shown in Fig. 4, the values have been normalized between 0.0 and 1.0. We can see
that our LRLBAS algorithm is the least sensitive algorithm as its curve slope has the
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(a) 1.0reqs (b) 1.5reqs

(c) 2.0reqs (d) 2.5reqs

(e) 3.0reqs

Fig. 2. Normalized objective and fitness values obtained with three algorithms

least obvious change in terms of both objectives and fitness value as the number of user
requests increases, which has more adaptability to the situation that the number of user
requests increases. Also, LRLBAS can obtain smaller objective and fitness values in most
cases, which is consistent with the experimental results in Fig. 2.
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(a) 1.0reqs (b) 1.5reqs

(c) 2.0reqs (d) 2.5reqs

(e) 3.0reqs

Fig. 3. The changing process of fitness value under different iterations

6.5. The Comparison of Running Overhead for Fitness Value

In this paper, the running time required to perform a optimization process for fitness value
is used as the evaluation metric of algorithms running overhead. Here, The final result of
the running time is calculated by running an average of 30 times. We compare our LRL-
BAS algorithm with other algorithms by the running overhead under five experimental
configurations.
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(a) latency (b) fail reqst

(c) imbalance (d) fitness

Fig. 4. The comparison of sensitivity among three algorithms

Fig. 5. Running overhead under different number of user requests

As shown in Fig. 5, we can see that the running overhead of the LRLBAS algorithm
is nearly equal to that of OPSO, while the running overhead of DNCPSO is much higher
than that of OPSO. As mentioned above, DNCPSO performs significantly better than our
LRLBAS algorithm under 2.0reqs, but it costs significant running overhead.
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Through the above several groups of experiments, it can demonstrate that LRLBAS
algorithm achieves better optimization results than the other two algorithms in terms of
objectives, fitness value and optimization speed when the number of user requests is
large. When the number of user requests is small, although LRLBAS algorithm performs
worse than DNCPSO in some cases, it consumes significantly less running overhead than
DNCPSO. Therefore, it can be proved that the LRLBAS algorithm for container-based
microservice scheduling in edge computing proposed in this paper is effective and effi-
cient.

7. Conclusion

In this paper, container-based microservice scheduling in edge computing is described as a
multi-objective optimization problem, aiming to reduce the network transmission latency
among microservices, improve the reliability of microservice applications and balance
the cluster load. We propose a latency, reliability and load balancing aware scheduling
algorithm for microservice applications in edge computing. Our proposed algorithm is
based on the PSO. Extensive experiments demonstrate the effectiveness and efficiency of
our algorithm for microservice scheduling in edge computing.

In the future, we plan to take other optimization objectives into account. In addition,
more scheduling algorithms can be added for performance comparison. Finally, we can
study the results of our microservice scheduling algorithm in a real edge computing con-
tainer cluster.
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Abstract. Edge and Mist Computing are two emerging paradigms that aim to 

reduce latency and the Cloud workload by bringing its applications close to the 

Internet of Things (IoT) devices. In such complex environments, simulation 

makes it possible to evaluate the adopted strategies before their deployment on a 

real distributed system. However, despite the research advancement in this area, 

simulation tools are lacking, especially in the case of Mist Computing [11], where 

heterogeneous and constrained devices cooperate and share their resources. 

Motivated by this, in this paper, we present PureEdgeSim, a simulation toolkit 

that enables the simulation of Cloud, Edge, and Mist Computing environments 

and the evaluation of the adopted resources management strategies, in terms of 

delays, energy consumption, resources utilization, and tasks success rate. To show 

its capabilities, we introduce a case study, in which we evaluate the different 

architectures, orchestration algorithms, and the impact of offloading criteria. The 

simulation results show the effectiveness of PureEdgeSim in modeling such 

complex and dynamic environments.  

Keywords: Simulation, modeling, tasks orchestration, load balancing, Mist 

Computing, Edge Computing.  

1. Introduction 

With the emergence of IoT, connected devices are gradually invading our daily lives 

with increasingly broad fields of application: personal health equipment, smart 

buildings, smart grids, connected vehicles, etc. A recent study estimates that the number 

of connected devices will exceed 38.6 billion by 2025, with economic benefits in the 

health, energy, transportation, and construction sectors [1]. However, due to this growth, 

Cloud Computing has faced many challenges. Not only has it become unable to support 

the growing number of IoT devices and the data they continually generate, but it is also 

unable, due to its remote location, to meet their quality of service requirements such as 

low latency. To face this, a new paradigm is needed. The latter must provide computing, 

storage, and services like the conventional Cloud and meet the quality of service 

requirements of IoT applications such as low latency, high scalability, and mobility. 
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This need for a new computing paradigm gave birth to Edge and Mist Computing. 

While Edge Computing covers a wide range of applications such as Fog Computing, 

Mobile Edge Computing, and Cloudlets all of which extend the Cloud by providing 

resources in the network layer of the IoT architecture [10, 16], Mist Computing allows 

resources to be harvested through the computation and communication capabilities 

offered in the perception layer [11]. As a result, most of the data generated by these 

devices can be processed locally, which reduces the latency, increases scalability, and 

minimizes energy consumption by saving the energy that would have been used to 

transfer data. However, in these complex and distributed environments, many issues 

need to be solved (e.g., load balancing, application placement, and resource discovery) 

and experimenting on a real distributed environment or testbeds [24] is not practical due 

to the cost and limited scalability.  

The simulation makes it possible to evaluate the performance of the proposed 

approaches in a repeatable and controllable manner before their actual deployment in a 

real distributed system. Nevertheless, due to their heterogeneous, dynamic, and 

distributed nature, the simulation of Edge and Mist Computing environments is not such 

a simple task. Each IoT application (smart cities, connected vehicles, etc.) uses a 

heterogeneous mix of sensing and actuation devices. These devices, connected to 

telecommunication networks, can interact with one another or with computing 

infrastructures in order to compute their tasks. Simulating such environments will, 

therefore, require modeling the network, computation resources, the heterogeneity of 

devices, their behaviors, and the data they generate. Fig. 1 presents the aspects of 

modeling of Edge Computing environments. To model the virtualized resources (e.g., 

CPU, memory, storage), many existing solutions have extended and exploited Cloud 

Computing simulators such as CloudSim [3], which is a rich and highly extensible 

framework that enables the simulation of Cloud resources (virtual machines, hosts, data 

centers) and services. However, since transmission delays are directly proportional to 

the network workload, the use of fixed transmission delays as in these existing 

simulators is not practical, especially when evaluating the scalability of the system. On 

the other hand, the use of network simulators, such as OMNET++ [20] and NS-3 [7], 

allows efficient network modeling. However, users have to define all the other aspects of 

the simulation (Fig. 1) such as load generation, tasks orchestration, mobility model, and 

resources utilization models in order to assess the performance of their solutions, which 

takes a lot of time and effort.  

Motivated by this, in this paper, we present PureEdgeSim, a simulation framework 

that enables the evaluation of resources management strategies and the performance 

evaluation of Cloud, Edge, and Mist Computing environments [11]. It covers all the 

modeling and simulation aspects of Edge Computing that are given in Fig. 1. 

PureEdgeSim offers a modular architecture where each of its modules deals with a 

specific part of the simulation. The Network Module, for example, is responsible for 

data transfer and bandwidth allocation. The Location Manager module deals with the 

geo-distribution of devices and their mobility. The Data Centers Manager module takes 

care of the generation of devices and their heterogeneity. Finally, the Orchestrator 

module, which is responsible for tasks offloading decisions. These modules also provide 

a default implementation and a set of adjustable parameters in order to ease 

experimentation and prototyping. As a result, researchers can quickly implement their 

solutions without wasting time on the specification of low-level details. To demonstrate 
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its capabilities, a case study is introduced, in which we propose a simulation scenario 

that mimics a smart university campus. During this case study, we propose a multi-tier 

architecture that takes advantage of smart edge devices that have sufficient computing 

capacity. To support their heterogeneity and meet the QoS, we present a tasks 

orchestration algorithm that is based on the Fuzzy Decision Tree. The simulation results 

show the effectiveness of PureEdgeSim in modeling such complex, heterogeneous, and 

dynamic environments. They also highlight the advantages of adopting Mist Computing 

and the effectiveness of the proposed algorithm that outperformed the competitor 

algorithms in every aspect of the comparison. 

This paper is organized as follows: In section 2, the related work is presented. 

Section 3 describes PureEdgeSim architecture. In section 4, a use case scenario is 

proposed. The simulation results are assessed in section 5. Finally, section 6 concludes 

the paper and highlights future directions. 

 

Fig. 1. The aspects of modeling Edge and Mist Computing environments 

2. Related Work 

In traditional Cloud Computing, devices at the edge of the network offload their tasks to 

the Cloud for processing them. This task offloading may be necessary for several 

reasons: some devices offload their tasks because of their low computing capabilities, 

devices with capacity-limited batteries must offload their tasks to extend their life, and 

so on.  

Edge and Mist Computing use the same offloading process. Tasks offloading allows 

edge nodes to work cooperatively in order to increase system throughput [18]. In [12], 

the authors proposed a mechanism that offloads tasks between mobile devices to balance 

their power consumption. This mechanism has extended network life by 400%. A 

related system has been developed in [25] called Serendipity. It allows mobile devices to 
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remotely access the resources of other devices to run their applications, which resulted 

in minimizing the local power consumption while reducing the overall tasks completion 

time by 6.6 times. A. Mukherjee et al. [15] have introduced a framework that takes 

advantage of smart devices available at the network edge in order to perform data 

analytics in IoT. To do so, capacity-based partitioning was introduced, where data is 

partitioned according to the capacities of those devices. Although performance has 

decreased when using those devices, the workload of the Cloud has also been reduced, 

which can solve the Cloud scalability challenge. In [22], an energy-sensitive tasks 

offloading algorithm has been proposed. It allows mobile devices to dynamically choose 

the Cloud or the Fog to offload their tasks according to their delay tolerance and power 

consumption. The results show that this approach outperforms Cloud-only and Fog-only 

strategies. In [24], the authors have proposed a platform that orchestrates tasks between 

IoT gateways, Fog servers, and the Cloud, depending on the availability of resources. In 

[14], V. Chamola et al. focused on reducing latency in Mobile Edge Computing, by 

searching for the best Fog node to execute tasks when the nearest node is overloaded. 

This algorithm has achieved a very low latency compared to the traditional scheme that 

only uses the closest Fog node. Always in Mobile Edge Computing, a Fuzzy Logic 

based orchestration algorithm was introduced in [28]. The results show the effectiveness 

of adopting Fuzzy Logic. However, fuzzy logic is not applicable to unknown systems 

that lack information, and setting exact fuzzy rules is a complicated task. Consequently, 

the results may not always be correct and are perceived on the basis of assumptions. 

With the advancement of research in this field, simulation began raising much 

interest, leading to the development of many simulation frameworks such as iFogSim. 

iFogSim is a CloudSim-based simulation framework designed to simulate Fog 

Computing environments [4]. It allows several types of components (sensors, actuators, 

gateways, etc.) to be added and linked to form a topology. Nevertheless, this topology 

remains static, making it lacks mobility support, which is one of the main reasons for 

adopting Fog Computing. Also, simulating large-scale scenarios that involve hundreds 

(if not thousands) of devices will require adding and linking them one by one, which is 

inconvenient, involves a lot of effort, and time-consuming. Moreover, a fixed delay is 

assigned to each link, ignoring the effect of the network load on the transmission delays.  

IoTSim [21] is another simulator that is based on CloudSim. It simulates batch-

oriented IoT applications where data is sent in large amounts to a processing system, 

using a MapReduce large data processing model. SimIoT [9] is a toolkit that simulates 

the communication between IoT devices and the remote Cloud. It allows the 

experimentation of multi-user submission dynamically in the IoT environment. 

Nevertheless, it does not consider the heterogeneity of IoT devices, and their energy 

consumption is ignored. IoT will count more than 38.6 billion devices by 2025 [1]; all of 

them generate data continuously, making energy consumption a major concern. EmuFog 

[6] is an emulation framework for Fog Computing environments. It allows the 

simulation of Docker-based applications. Since EmuFog is based on MaxiNet [8], the 

events of each node (including CPU and memory utilization) are saved in a log. 

However, because it lacks a generic interface, it cannot deal with global metrics, such as 

response delay.  

Finally, EdgeCloudSim [13] is another CloudSim-based simulator for Mobile Edge 

Computing that addresses some iFogSim limitations. It automatically generates the 

required number of edge devices, making it more scalable. It supports mobility to a 
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certain extent, and the network model is more realistic. However, its mobility model is 

over-simplified. It also lacks modeling the power consumption of edge devices, their 

remaining energy, and their death on simulation runtime (i.e., when they run out of 

energy). It cannot execute tasks locally on these devices or offload them to other edge 

devices, limiting its use to Mobile Edge Computing scenarios.  

Although Mist Computing has attracted a lot of interest [12, 15, 22, 25], simulation 

tools are still lacking. To the best of our knowledge, there is no simulator capable of 

modeling Mist Computing environments (Fig. 2), which involves processing data on 

edge devices, modeling their heterogeneity, measuring their energy consumption and 

their resources utilization, etc. Motivated by this, we introduce PureEdgeSim, a 

simulation toolkit that is designed to simulate Cloud, Edge, and Mist Computing 

environments. Thus, enabling the simulation of a multitude of scenarios such as Mobile 

Devices Clouds [12, 25], Mobile Edge Computing [13, 14], and multi-level scenarios 

where different computing paradigms are used simultaneously (such as Foggy [24]).  

 

Fig. 2. The role of Mist Computing on the internet of things [26] 

3. PureEdgeSim Architecture and Design  

PureEdgeSim takes advantage of CloudSim Plus features [2], including the native 

support for the discrete events simulation, that is used during the communication 

between its components. It also leverages its rich and very extensible library that covers 

all the aspects of Cloud Computing from resources (i.e., data centers, hosts, etc.) to 

services (i.e., virtual machine allocation policies, CPU schedulers, etc.) enabling it to 

model computational tasks effectively (the middle layer of Fig. 1). Hence, only a few 

classes were added to model Edge and Mist Computing environments. Therefore, the 
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CloudSim Plus layer is responsible for providing key components that are extended by 

PureEdgeSim (Fig. 3), and it is also behind the interactions of its components.  

3.1. PureEdgeSim Modular Design 

The simulation of Edge and Mist Computing environments allows evaluating the 

adopted resources management strategies before their actual deployment. However, the 

heterogeneity of possible scenarios complicates the task, especially when using a 

simulator such as Omnet++ or NS-3 where the user has to define all the aspects of the 

simulation from the specification of resources, networking, energy,  mobility, etc. which 

requires a lot of time and effort. To cope with it, PureEdgeSim follows a modular 

architecture that consists of seven modules, where each one of them deals with a specific 

Edge Computing modeling issue. To facilitate prototyping and experimentation, each 

module offers a default implementation with a ready to use set of adjustable parameters. 

These modules are: 

  

Fig. 3. PureEdgeSim layered architecture 

Simulation Manager. This module is responsible for initiating and managing the 

simulation environment, scheduling events, and generating the output files. It contains 

three essential classes, the Simulation Manager class, which initializes the simulation 

environment, starts the simulation, and schedules its end. The second class is the 

Simulation Logger. It is responsible for generating the simulation output; it calculates 

the results, shows them at the end of every iteration, and saves them to a comma-

separated value (CSV) format to easily exploit them later. Finally, the Real-Time 

Display class that displays real-time information such as the simulation map and other 

charts (network utilization, CPU utilization, and tasks failure rate). This helps to 

understand the course of the simulation better, and above all, to analyze the proposed 

solution in real-time, especially the mobility model. 
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Data Centers Manager Module. It consists of three classes (Fig. 4): (i) The Edge 

Data Center class that extends the Data Center Simple class of CloudSim Plus to model 

the heterogeneity of edge devices, (ii) the Server Manager that generates the required 

data centers and edge devices, their hosts, and their virtual machines according to the 

configuration files, and finally, (iii) the Energy Model class which is responsible for 

updating their energy consumption.  

 

Fig. 4. The Data Centers Manager classes 

Tasks Generator. PureEdgeSim supports the generally used applications models: the 

sense-process-actuate and the stream-processing models. In the first one, the data 

collected by sensors is sent to computing nodes for processing. The results of the 

processing are then sent back to the actuator to take the necessary actions. The second 

model involves a network of application modules that continuously process the data 

streams generated by sensors. The extracted information is stored for large-scale and 

long-term analysis [4]. 

In PureEdgeSim, the data emitted from sensors and edge devices are modeled as 

tasks. By default, the tasks generator assigns an application such as e-health, 

infotainment, and augmented reality (which can be defined in the applications XML file) 

to edge devices, where each application has its specific characteristics (i.e., data size, 

CPU utilization, latency-sensitivity, etc.). After that, it will generate the tasks of every 

device according to the assigned application type. This module consists of two main 

classes (Fig. 5): The first one is the Task class, which is inherited from the Cloudlet 

Simple class of CloudSim Plus, and the second is the Task Generator. The latter 

generates the tasks that will be offloaded during the simulation.    
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Fig. 5. The Tasks Generator classes 

Location Manager. Geographical distribution and mobility are the main attributes of 

Edge and Mist Computing. Thanks to the geographical distribution of their computing 

nodes [5], they can continue serving mobile devices during their mobility while 

providing the lowest latency. This has spawned a new generation of latency-sensitive 

applications such as connected vehicles. To support such scenarios, this module assigns 

an initial location to each device, and realistically manages their mobility. It contains 

two main classes (Fig. 6): The Location class, which represents the X and Y coordinate 

of the device, and the Mobility class that generates the next location for each mobile 

device.  

 

Fig. 6. The Mobility Manager classes 

The Task Orchestration Module. The generation, capture, and analysis of data will 

be in volumes, variety, and orders of magnitude larger than before. Effective 

implementation of the infrastructure requires several key decisions: mainly how the data 

will be collected and how it will be processed. These decisions are influenced by two 

competing pressures: the use of the infrastructure and the Quality of Service required by 

the end-user [19]. Hence, the simulators must allow the implementation of custom 

resources management techniques in order to enable their wider applicability [17]. 
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Fig. 7. The Tasks Orchestrator classes 

PureEdgeSim allows this through the Tasks Orchestration Module. It consists mainly 

of the Orchestrator (Fig. 7), which represents the decision-maker. Depending on the 

used policy, it decides whether to offload the task or execute it locally and where to 

offload it. Users can quickly implement their orchestration policies (i.e., the tasks 

orchestration algorithm) by extending the Orchestrator class. 

The Network Module. This module addresses the networking layer presented in Fig. 

1. It primarily consists of the Network Model (Fig. 8). Unlike in CloudSim Plus (same 

for CloudSim), where the bandwidth allocated to each virtual machine remains static, 

this network model takes into account the network load at each instant of the simulation. 

When transferring data, at each instant of the transfer (i.e., from the beginning until the 

end), its allocated bandwidth will vary based on the network load at that moment. This 

network model also takes into consideration the bandwidth limit caused by WAN or 

WLAN congestion. As a result, if multiple devices connect to the same WLAN access 

point, the bandwidth allocated to each device decreases. If this allocated bandwidth is 

below that of the WAN, the transfer speed of the data sent to (or received from) the 

Cloud will be limited by the low bandwidth of the WLAN and not by that of the WAN.  

 

Fig. 8. The Network Model classes 

The Scenario Manager Module. Each use case requires a heterogeneous 

combination of devices. The heterogeneity involves the devices mobility, energy source, 

computing capacity, the heterogeneity of applications, and their requirements (e.g., 

latency). Therefore, the simulation framework must be able to support the diversity of 

devices and their different Quality of Service requirements [17, 19]. Besides, Edge 

Computing simulators need to be easily extended with new types of devices and 

applications without modifying their internals [17]. The Scenario Manager module 

guarantees this by loading the simulation parameters and the user scenario from the 

input files. It contains two principal classes, the Simulation Parameters class, which acts 
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as a placeholder for the different parameters, and the Files Parser that loads the user 

scenario and settings from specific configuration files representing the input method. 

3.2.  The Simulation Duration and Realism  

As mentioned previously, PureEdgeSim relies on CloudSim Plus, one of the commonly 

used Cloud Computing simulators that provides a reliable code base for modeling 

computational tasks. To fulfill the remaining simulation requirements (Fig. 1), 

PureEdgeSim offers the most realistic network, energy, and mobility models as 

compared to existing solutions. However, since it is a discrete event simulator, the 

simulation time complexity will depend on the number of events generated at runtime, as 

seen in Fig. 9, where there is a clear correlation between the number of events and the 

duration of the simulation. To reduce simulation time, PureEdgeSim offers a quick and 

full control of the simulation environment through its set of parameters, where users can 

trade-off between simulation realism and duration. Hence, the realism will depend on 

the user settings, especially the update intervals (Table 3). The shorter these intervals, 

the more accurate and realistic the simulation will be, but also, the longer it will take 

(Fig. 9).  

 

Fig. 9. The impact of update interval on the number of generated events and the simulation 

duration 

3.3. Ease of Use and Extensibility 

Simulators can be used to compare the performance of different configurations in order 

to determine the factors that affect performance the most, e.g., the network settings, the 

number of entities used in the simulation, the amount of resources, etc. Treating all these 

variables programmatically is a challenge. To reduce time and effort, each module 
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provides a default implementation (e.g., the Default Edge Data Center class in the Data 

Centers Manager (Fig. 4), the Default Mobility Model (Fig. 6), etc.). These ready-to-use 

models also offer a fully customizable environment through a multitude of parameters 

and configuration files, allowing users to customize the components behavior without 

changing the original code.  

Extensibility is another essential feature of PureEdgeSim. Even though 

PureEdgeSim uses its pre-built models by default, users can always create and integrate 

their custom models when building their simulation scenarios if any of these default 

implementations do not meet their needs, without having to modify the PureEdgeSim 

code base. 

As a result, the simulation scenario can be quickly built by following these simple 

steps:  

a) The implementation of custom models, if needed.   

b) The definition of Cloud and Edge resources and the application characteristics: 

This can be done by editing the following configuration files that are located 

under the settings/ folder: 

 The Cloud data centers file: In this file, the user defines the Cloud data centers, 

their power consumption rate, describes their hosts (CPU, storage, ram), and 

the virtual machines of each of these hosts. 

 The Edge data centers (i.e., Cloudlets, servers) file: Like the Cloud data centers 

file, this file defines the edge data centers, their specifications, their locations, 

and their energy consumption rates.  

 The edge devices file: Instead of defining the devices one by one (which takes a 

considerable amount of time and effort due to the large number of devices), in 

PureEdgeSim, the user will only define the types of devices and the 

percentage of each one of them. Then, according to this percentage and the 

total number of devices (which is set in the simulation parameters file), the 

Data Centers Manager will generate the devices of each type. To support the 

heterogeneity of devices, PureEdgeSim offers endless possibilities, varying 

from simple sensors (i.e., without any computing capacity) to smartphones, 

laptops, as well as sophisticated servers that run hundreds of virtual machines. 

It can be done by specifying the mobility of the device (i.e., whether the 

devices of this type are mobile), the power source (i.e., if they are battery-

powered), the capacity of the battery in watt-hour if it is battery-powered, the 

power consumption rates in watt-Hour, and the computing capacity in MIPS 

(Million Instructions Per Second). Fig. 10 gives an example of a device type 

(see the laptop type in Table 1).  

 The applications file: This file defines the set of IoT applications that are 

needed by the Tasks Generator (see Table 2). Each application is defined by: 

the usage percentage that represents the proportion of devices running that 

application, the generation rate which is the number of tasks generated per 

minute, its delay tolerance in seconds, the task length which refers to the 

number of its instructions in MI (Million Instructions) and determines its 

execution time, the size in Kbytes of the offloading request, the container 

image, and the returned results. 
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Fig. 10. The edge devices XML file 

c) Setting the simulation parameters: To ease the implementation of simulation 

scenarios, each of the previous modules provides a set of adjustable 

parameters (Table 3), that can be found in the 

simulation_parameters.properties file.  

To demonstrate the capabilities of PureEdgeSim, especially when it comes to the 

simulation of Edge Computing environments and its support for the heterogeneity of 

both edge devices and scenarios, in the next section, we propose a case study. 

4. Application and Case Study 

As proof of concept, in this section, we propose a simulation scenario. We will focus on 

aspects that can only be modeled by PureEdgeSim, such as the support for Mist 

Computing scenarios, network utilization, mobility of devices, and their energy 

consumption. First, we will introduce a tasks orchestration platform. We also propose a 

tasks orchestration algorithm that is based on Fuzzy Decision Tree. Finally, a simulation 

scenario is given by which we evaluate their performance.  

<?xml version="1.0"?> 

<edge_devices>  

      </device> 

  <mobility>false</mobility>  

<speed>0</speed> 

  <battery>true</battery>   

  <percentage>20</percentage>   

  <batteryCapacity>56.2</ batteryCapacity >   

  <idleConsumption>1.7</idleConsumption>  

  <maxConsumption>23.6</maxConsumption>  

  <generateTasks >false</generateTasks >   

  <hosts> 

   <host> 

    <core>8</core> 

    <mips>110000</mips> 

    <ram>8192</ram> 

    <storage>1048576</storage> 

    <VMs> 

     <VM> 

      <core>8</core> 

      <mips>110000</mips> 

      <ram>8192</ram> 

      <storage>1048576</storage> 

     </VM> 

    </VMs> 

   </host> 

  </hosts> 

      </device>  

         ... 

</edge_devices>     
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Fig. 11. The proposed architecture 

4.1. The Tasks Orchestration Platform 

We introduce a multi-tier architecture (Fig. 11). It consists of: The IoT sensors layer, 

that represents the source of data, the smart edge devices layer, the Fog layer, and the 

Cloud one. By relying on close devices equipped with enough computing capacity (PCs, 

smartphones, tablets, smart TVs, etc.), it enables QoS compliance and better scalability. 

While these devices may offer low computing capabilities compared to the Fog or the 

Cloud, their potential lies in their ever-growing number, which is expected to exceed 10 

billion by 2025 (excluding IoT sensors) [1]. Additionally, they can deliver the lowest 

latency and support mobility to some extent, given their massive geographical 

distribution and location (i.e., a hope away from each other). Hence, latency-sensitive 

applications can be placed in these devices, while computationally intensive ones can be 

placed on the Cloud or Fog servers based on their delay tolerance. 

 

Fig. 12. The task offloading flow and the role of the orchestrator 

It consists of the following entities (Fig. 12):  

a) IoT sensors, which are resource-limited devices. They must offload their tasks 

elsewhere for processing. For this purpose, a task offloading request will be sent 
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to the orchestrator. The request provides information about the status of the 

device and its requirements, e. g. application ID (i.e., container ID), data to be 

processed, task latency sensitivity, that are necessary to find the best offloading 

destination. 

b) The application: A piece of software hosted on a container (e.g., Node.js script).  
c) The registry: The repository from where the required application will be pulled.  
d) The resource: The potential destination of the task, where it will be executed.  
e) The orchestrator (i.e., the decision-maker): decides where the task will be 

executed, using a specific orchestration algorithm. This algorithm will also be 
hosted on a container, to facilitate its download, execution, and update.  

f) The inventory (i.e., the list of available resources): When a device joins the 
network, it communicates its meta-data (Fig. 11), including its resources and its 
remaining energy, to the orchestrator. The orchestrator will add this device to its 
inventory. Then, when receiving a task offloading request, it will classify the 
resources (its inventory) to find the one that best suits this task.  

To minimize energy consumption and delays, a decentralized orchestration strategy 

will be used, in which, the orchestrators will be selected using a cluster head selection.  

4.2. The Orchestration Algorithm 

The proposed architecture can guarantee a high quality of service. However, managing 

these heterogeneous resources is not an easy task. Several factors, such as the remaining 

power, resource utilization, and network condition, should be taken into account. These 

dynamic factors can vary unexpectedly. Traditional multi-constraint optimization cannot 

be applied due to insufficient information about the nature of the tasks and arrival times, 

which necessitates an online solution that can adapt to this ever-changing environment. 

To guarantee this, we present a tasks orchestration algorithm that is based on the fuzzy 

decision tree. Fuzzy decision trees combine the advantages of fuzzy logic and decision 

tree, among which are:  it can handle uncertainties without requiring a complex 

mathematical model and support multi-criteria decision processes, its computing 

complexity is low, which is essential for an online decision algorithm, and it requires 

less preparation effort. This algorithm is based on Yuan et al. [29] fuzzy decision tree 

approach, and consists of two stages (Algorithm 1): 

a) The first stage: During this stage, the tasks are classified into Cloud, Fog, or Mist 

tasks based on the following criteria: (i) the task latency-sensitivity: the reason for 

adopting Edge and Mist computing; if a task is tolerant to delay it will be sent to 

the Cloud, otherwise to the Fog or edge devices depending on Fog utilization and 

the device mobility. (ii) Fog resources utilization: Fog servers are not supposed to 

be as powerful as the Cloud; for this reason, they may be overloaded. This may 

lead to high delays, causing the failure of many tasks. In this case, the Cloud can be 

a good alternative if the WAN bandwidth is high enough. (iii) Device mobility: if 

the device offloading the task is mobile, edge devices should be avoided. (iv) 

WAN bandwidth: if it is below a certain threshold, the Cloud should be avoided. 

b) The second stage: If the Cloud or the Fog has been chosen in the first stage, the 

task will be directly offloaded. However, if the choice has been made on edge 

devices, the algorithm will classify them during the second stage to find the most 
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