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Abstract—The emergence of containers dramatically simplifies
and facilitates the development and deployment of applications.
More and more enterprises deploy their applications on the
container cloud platform. For cloud service providers, an effective
container workload prediction method is a must to achieve effi-
cient utilization of cloud resources. However, the existing methods
are either rarely based on container load characteristics or cannot
make accurate real-time predictions. In this paper, we propose a
Docker container workload proactive prediction method using a
hybrid model combining triple exponential smoothing and long
short-term memory (LSTM), which not only can capture both
short-term and long-term dependencies in container resource
time series but also smooth the container resource utilization
data. In order to improve the prediction accuracy of the hybrid
model, those two single models are combined using the mean
absolute percentage error (MAPE) method. Besides, we design
a real-time Docker workload prediction system for the hybrid
model. Our experiments show that the mean absolute percentage
error of the hybrid model is decreased by an average of
3.24%,12.18%, 13.42%, 43.45%, and 50.69 % compared with the
LSTM, the triple exponential smoothing, ES-ARIMA, Bayesian
Ridge Regression and BiLSTM with an acceptable time and
computational cost overhead.

Index Terms—Docker, Workload prediction, LSTM, Triple
exponential smoothing

I. INTRODUCTION

HE lightweight Docker containers greatly simplify and
facilitate the development and deployment of applications
[1], and the elastic scalability and pay-as-you-use features of
the cloud platform can reduce the economic burden of users.
The need for virtualization of the popular microservices makes
containers increasingly popular [2]. IoT and edge/fog comput-
ing systems also need containers to architect [3]. Therefore,
more and more companies deploy their applications on the
container cloud platform.
To ensure the normal running of Docker containers, we must
allocate sufficient resources properly. However, the character-
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istics of the Docker container, such as poor resource isola-
tion, short running period, and elastic scaling, pose a greater
challenge and a higher requirement for accurate resource pre-
diction and provisioning. There are some studies on container
performance [4]-[8] and container resource management [9]—
[11]. A good load prediction method can effectively improve
resource management capabilities and ensure container perfor-
mance. For cloud service providers, an accurate load prediction
method is a must to improve resource utilization, achieve
efficient elastic scaling, and ensure pay-as-you-go service.

The resource provisioning methods can be classified into
two categories: reactive and proactive. The former is to
allocate resources after the resource demands arrive, while
the latter allocates resources in advance [12]. The proactive
method allocates resources in advance by predicting the com-
ing resources. Therefore, the proactive method can provide
resources much faster than the reactive method when massive
resource requirements come, which also puts forward higher
requirements and more significant challenges for the proactive
method. In the proactive container load prediction scenario,
we must consider the following factors. First, the resource
provisioning should be as close to the actual resource demands
as possible. Second, applications in container environments
have fluctuating resource demands resulting in complex behav-
ior in resource utilization [13]. Third, the workload patterns
generated by different types of applications are different,
which poses a considerable challenge for accurate proactive
workload prediction.

To improve the accuracy of container workload prediction,
it is vital to analyze the characteristics of the container load.
We observe the container resource utilization for different
container workloads as shown in Figure 1. The data patterns
of the container resource utilization generated by different
types of containers are different. Some have short-term and
long-term repetitive patterns, while some do not. According to
the observation results, the prediction method should consider
both the repetitive load characteristics and the variation trend
of non-repetitive loads and be able to adjust dynamically
according to the load changes.

Whether it is a virtual machine or a container, there will be
repetitive patterns in its workload [16], [17]. In comparison to
virtual machines, the granularity of container resource alloca-
tion is finer, and the startup and destruction costs are smaller
[18], resulting in container load fluctuating more randomly and
the amount of training data collected being smaller. In this
case, many methods [19]-[22] used for VM load prediction
may not apply to container load prediction.
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Fig. 1: Autocorrelation graphs for randomly selected container data from Alibaba dataset [14] as shown in Figure (a) and
Figure (b). Autocorrelation, called serial correlation, is the correlation of a signal with its delayed copy [15]. Every time lag
is 5 minutes in the datasets and we enlarge the short-term and long-term repetitive patterns of Figure (a) as shown in Figure
(c) and Figure (d). The short-term pattern in Figure (c) has a repetitive pattern in about 288 time lags (a day) as indicated
by the red two-way arrow. And we can also observe a long-term repetitive pattern in about 1950 time lags (about a week) as
indicated by the blue two-way arrow in Figure (d). In Figure (b), there are no short-term and long-term repetitive patterns.

So far, there are only a few related researches on Docker
workload prediction from the perspective of container work-
load data patterns. Xie et al. [23] proposed a hybrid model
combining the ARIMA model and triple exponential smooth-
ing model. It can capture both linear and nonlinear rela-
tionships in the container resource load sequence. But it
cannot dig other relationships. Chen et al. [24] presented a
container workload prediction approach called PSL which uses
LSTM to conduct prediction. But the prediction process is too
complicated to predict in real-time. Moreover, offline LSTM
fails to adjust in real-time based on load data and eliminate
fluctuations in container load.

To fully exploit the characteristics of container workload
and achieve accurate real-time container workload predic-
tion, we propose a novel hybrid Docker container workload
prediction method combining triple exponential smoothing
and LSTM. LSTM can exploit the short-term and long-term
patterns in workload data by using the gate mechanism to reset
its state [25]. Triple exponential smoothing [26] can capture
the trends in data and smooth the container load fluctuations by
allocating different weights to the historical data. We combine
the two models using the mean absolute percentage error
(MAPE) [27] method. Besides, we design and implement a
real-time container workload prediction system that can collect
and calculate resource utilization from containers.

The contributions of this paper are as follows:

o We design a Docker container workload proactive predic-
tion method using a hybrid approach of triple exponential
smoothing and LSTM. We design the hybrid model as
an online update model by dynamically computing the
historical error of each single model and setting their
weights.

We design a real-time Docker container workload predic-
tion system for the hybrid model which can effectively
collect the Docker performance metrics and perform an
accurate prediction.

We evaluate the hybrid model using both a simulated
cloud environment and real public datasets. The results
of the experiment demonstrate the good prediction per-
formance of the hybrid model with the acceptable time
and computational cost overhead.
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II. BACKGROUND AND MOTIVATION

We elaborate on triple exponential smoothing and LSTM
and explain the motivation behind them.

A. Triple exponential smoothing

The triple exponential smoothing [26] is a common method
for predicting time series. It uses a weight that falls off
exponentially as the historical data gets older [28].

The prediction process of the triple exponential smoothing
is divided into three steps. Firstly, according to the current real
value and the smoothed values for the foregone time, calculate
the smoothed values for the current time. The formulas for
calculating the smoothing values are as follows:

St = ax¢ + (1 - OZ)St,1 (1)
Rt = OéSt + (1 — a)Rtfl (2)
Gt = OéRt + (1 — 06>th1 (3)

« refers to the smoothing factor, x; represents the real value
of the present time, and S¢, R;, and G, are the smoothed value,
quadratic exponential smoothed value, and triple exponential
smoothed value. Secondly, the coefficients are calculated ac-
cording to the smoothed values. The formulas are as follows:

Ty = 3St — 3Rt + Gt (4)

Y = (ﬁ)[m-%&&—2(5—404)Rt+(4—3a)Gt] )
042

2t = (m)[& — 2R + Gt] (6)

Finally, the prediction value can be obtained as shown in
Formula 7. m is the m-th time to be predicted from the present
time.

? (7

It can be seen from the above expressions that the triple
exponential smoothing uses exponentially weighted processing
of historical data, which allows it to smooth load data well
and capture the load data trends. When the triple exponential
smoothing is used for the time series of container performance

Fiym =2 +yim +zym
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metrics, it only needs to store the smoothed values for the
foregone time and predict container performance metrics at
the next time with the current actual value of the container
performance metrics. So it has a minimal time overhead for
time series prediction, and it is easy to be implemented as an
online update prediction model.

B. Long short-term memory

The LSTM neural network model [29] can predict the
complex long-term dependence and advanced seasonal depen-
dence in time series. The network structure of LSTM has
special memory cell units. LSTM unit comprises a cell, input
gate, output gate, and forget gate, as shown in Figure 2. x;
represents the time series data of the input layer at the time ¢,
hi—1 and Cy_; represent the hidden state and cell state of the
LSTM unit at the foregone time, respectively. There are two
outputs of the LSTM unit: one is the LSTM cellular state C}
at the current moment, and the other is the hidden state h; at
the current moment.

C 7N e

we | [ ]

b | [hea,x:] | he % B

Xt

Fig. 2: LSTM unit structure graph. The LSTM comprises
memory cell units that enable the exploitation of short-term
and long-term temporary dependencies in time series.

The update formulas of the LSTM unit are as follows:

fo=0W;y - [hi—1, ] + by) (®)
iv = (W - [ha—1, 2] + bi) 9)
Cy = tanh(W, - [hy_1, 4] + be) (10)
Ci=Ci 1 fr4ii-Cy (11)

ot =Wy - [he—1,2¢] + bo) (12)
hi = 0y - tanh(C}) (13)

iy represents the input gate. W;, W,., b;, b. respectively
represent the weight coefficients and biases of each part of
the input gate. W, b,, Wy, by represent the weight coefficient
and bias of the output gate and forget gate respectively.

We use LSTM to exploit short-term and long-term temporal
dependencies in container resource data. Furthermore, when
containers have been running for some time, the running state
may continuously change with time. The trained LSTM model
can no longer accurately predict the current running state. It is
necessary to use the newly collected real-time data to update
the model to adapt to the current running state of containers.
Only by this can the LSTM model constantly adapt to the
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Fig. 3: Schematic diagram of our proposed dynamically up-
dated LSTM network.

dynamic changes of data and ensure a superior prediction
accuracy of the model.

III. DESIGN OF THE PREDICTION METHOD

In this section, we first describe the reason for combining
LSTM and triple exponential smoothing. Then we detail the
design of the hybrid model.

A. The reason for combining LSTM and triple exponential
smoothing

Firstly, from the perspective of container load characteris-
tics, LSTM can store short-term and long-term data character-
istics and predict complex short-term and long-term temporal
dependencies in container load data. However, LSTM cannot
handle container load fluctuations resulting in the predictions
being unstable. Triple exponential smoothing can smooth
fluctuations well in the container environment by exponentially
weighting the historical data. By combining these two models,
the hybrid model can deal with more load patterns and achieve
higher prediction accuracy.

Secondly, from the perspective of the prediction period,
LSTM is a neural network model that requires a large amount
of load data for training. When the amount of data is relatively
small, triple exponential smoothing can compensate for the
low prediction accuracy caused by LSTM due to less training
data. As the data volume increases, the prediction accuracy of
LSTM will become higher. In this way, the hybrid model can
have good prediction performance in the case of both small
and large data volumes.

B. Long short-term memory network

The network of LSTM we use is shown in Figure 3. The
input layer of the network is {x+—pn, Zt—pn41, ..., Tt—1} at time
t whose size is n. To reduce the model’s overhead, we use only
six LSTM units to build the LSTM layer. The output layer is
a fully connected layer with a unit to output the prediction
result.

When the data pattern of the resource utilization changes,
using the trained LSTM to perform prediction will result in
a decrease in prediction accuracy. Therefore, LSTM needs to
be updated online in real-time to improve prediction accuracy.
We use Stochastic Gradient Descent (SGD) [30] to update
LSTM. The latest data point of resource utilization is used to
update the LSTM weights W, to minimize the loss function.
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The input features of LSTM is {Z¢—p, Tt—pnt1,...,Tt—1} at
time ¢, the prediction value at the next moment is z; =
9(Ti—n, Ti—pt1, -, Ti—1; Wi—1). The LSTM weights are up-
dated using the SGD and the formulas are as follows:

Wy =Wi1 —nVQ(Wi_1)

Qt(Wtfl) = %(% - Et)2

VQ:(Wi—1) = —(xt = Zt)Vg(Tt—ns Tt —nt1y s Te—1; Wio1)

(16)
Where 7 is the learning rate of the model. Q:;(W;_1) is
the loss function which is the mean square error function.
VQ:(W;_1) is the gradient of the loss function. The stochastic
gradient descent method can achieve the online update process
of LSTM.

(14)

5)

C. Prediction using the hybrid model

1) The MAPE combination method: The MAPE method
[27] is defined as follows: let the data of a time series data
be {x1, 2,23, ..., 2y}, m single prediction models are used
to predict the sequence, and the prediction value of the k-th
prediction model at time ¢ is Zx;. Then the prediction error of
the k-th prediction model is ex; = (2 — Tgt). The prediction
accuracy Ay of the k-th prediction model at time ¢ is:

_ | €kt , €kt < 1
A= o L (17
0, =1
The mean prediction accuracy dy, of the k-th model is:
1 n
di=—  Aw (18)
t=1

The combination method of two models determines whether
the hybrid model can fully exploit the strengths of both
models. We use the MAPE method to combine those two
models and set the initial weight to 0.5. Then we dynamically
calculate and update subsequent weight as shown in Algorithm
1.

In Algorithm 1, sum_tes and sum_Ilstm are the sum
of the prediction accuracy of triple exponential smoothing
and LSTM, respectively. acc_lstm,; and acc_tes; are the
prediction accuracy at time t calculated by the Formula 17.
Since the number of time points predicted by the two models
is the same, the ratio of the mean prediction accuracy of the
two models to the sum of the prediction accuracy is the same.
So we use the sum of prediction accuracy instead of the mean
prediction accuracy to calculate the weights.

2) Prediction process of the hybrid model: Real-time work-
load prediction first collects a small part of data from the
system in advance as pre-training data, then continuously
collects load from the system at intervals of seconds and feeds
back the predicted results to the system. The real-time hybrid
model prediction process contains the four steps below and
the detail is shown in Figure 4.

1) Triple exponential smoothing and LSTM are imple-
mented as online learning prediction models. We use
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Algorithm 1 get_weight

Input: Predict_lstmy, Predict_tesy, xy /I Predict_lstmy
refers to the prediction result of LSTM at current time point,
Predict_tes; refers to the prediction result of triple exponen-
tial smoothing at current time point. x; refers to the current
real value.

Output: weight_tes, weight_lstm /I weight_tes refers to
the weight factor of the triple exponential smoothing next time
and weight_lstm refers to the weight factor of the LSTM next
time.

I: acc_lstmy < Api(Predict_lstmy, xy)

acc_tesy < Ayt (Predict_tesy, xy)

sum_lstm < sum_Ilstm + acc_lstmy

sum_tes <— sum_tes + acc_tes;

weight_tes < sum_tes/(sum_tes + sum_lstm)
weight_lstm < sum_lstm/(sum_tes + sum_lstm)
return weight_tes, weight_lstm

NN R RN

v v
LSTM model Triple exponential
smoothing
I I
2 predict
v

Prediction result of LSTM
model and triple exponential
smoothing

3 combine

Calculate weight
coefficient

1 update

2

The hybrid model
prediction

4 collect

1 update A 4

Collect next-state container
resource usage data

1 update
v

Calculate the MAPE of LSTM model
and triple exponential smoothing

Fig. 4: Hybrid model prediction process.

the MAPE method to combine these two models into a
hybrid model. We use the real load value to update the
LSTM model and triple exponential smoothing. Then
we calculate the mean absolute percentage error of the
single model and set the weight factor of the single
model.

2) Prediction result of the LSTM model and triple expo-

nential smoothing for the next point is generated.

3) Use the weight factor and prediction result of two

models to generate the hybrid model prediction value.

4) Obtain the real value of the container load utilization

the next time and return step 1 to update the model and
weight factor.

The hybrid model combination process is shown in Algo-
rithm 2. Predict_tesy;+1 and Predict_lstmyy; refer to the
prediction result of the triple smoothing and LSTM the next
time. weight_tes and weight_lstm refer to the weight factor
of the LSTM and triple exponential smoothing, respectively.
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Algorithm 2 Hybrid model prediction process

Input: x; // z; refers to current real value.

Output: Predict_result // The prediction result of the hybrid
model.

1. (weight_tes, weight_lstm) < get_weight
(Predict_lstmy, Predict_tes, x)
2: Predict_lstmyq1 < LSTM.predict()
3: Predict_tes;1 < TripleExpSmoothing.predict()
4: Predict_result < Predict_lstm;y1 X weight_lstm +
Predict_tes;+1 X weight_tes
5: return Predict_result

IV. PREDICTION SYSTEM FOR HYBRID MODEL

We introduce the design and implementation of the real-time
Docker container workload prediction system for the hybrid
model.

A. Architecture

The Docker container workload prediction system is com-
posed of four modules as shown in Figure 5.

1) Container load collection module uses the Docker API
to obtain information about all running containers on
the machine and their resource utilization and transmits
them to container load data storage module.

2) Container load data storage module first performs data
cleaning on each resource utilization data to delete
duplicate values and fill in loss values of the data and
then stores the load data into the database. The data is
also sent to container load prediction module for further
analysis.

3) Container load prediction module encapsulates the hy-
brid model of triple exponential smoothing and LSTM.
Before the module makes predictions, the hybrid model
is pre-trained using the data obtained from the container
load data storage module. After pre-training, it performs
online prediction and then obtains the real value. The
prediction value is sent to container load scheduling
module. In the end, the hybrid model is updated based
on the real value.

4) Container load scheduling module dynamically sched-
ules container resource utilization through the predicted
value sent by the container load prediction module.

B. Container load collection

Container load collection module needs to perceive infor-
mation such as the start and stop of the containers, so as
to correctly collect resource utilization data. The module is
divided into the following three components.

1) Container information management: Container infor-
mation management component obtains the container states
through the Docker API and obtains container information
on the host by analyzing its start event and stop event.
Container information includes container ID, process number,
and task information. The component maintains a container
list ContainerInfoList as shown in Table L.
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TABLE I: Element definition of the ContainerInfoList

Field name  Type of data Description
ContainerID char[64] Container ID
ProcessNumber unsigned int ~ Container process number
ContainerTask  char[256] Container startup task
Containers Prediction System
collect | container | send Container
collection data
@ API storage
send l
schedule | Container send | container
load - load
scheduling prediction

Fig. 5: System design architecture.

2) Data collection control: We consider container workload
prediction from the perspective of time series prediction and
process the collected resource utilization data as time-series
data. Therefore, a fixed time interval is required to monitor
the containers, that is, the monitoring cycle of the container.
We use the fixed monitoring cycle for all containers. The com-
ponent selects the container to be collected by monitoring data
collection component according to the next data collection
time. We use a priority queue to implement container selection.
The data item with the earliest next collection time is placed at
the head of the priority queue. The data items in this queue are
referred to as the Collectltem structure as shown in Table II.

TABLE II: Collectltem structure

Variable Type of data Description
ContainerID char[64] Container ID
ProcessNumber unsigned int Container process

number
Next_time time.Time The next data

collection time

3) Monitoring data collection: We collect the resource
utilization data by reading the cgroups file and the /proc virtual
file system. We can also use glances [31] for collection, which
supports a direct collection of container resource utilization
and provides an interface for storage to the database. Re-
garding the interval of capturing load, we recommend setting
seconds as the intervals for collection, storage, prediction, and
scheduling to achieve accurate real-time load prediction. The
experimental results prove that hybrid model can meet the real-
time prediction with the interval in seconds. The calculation
method of resource utilization is as follows:

1) CPU utilization: According to the amount of CPU
time slice used in the last monitoring cycle of the container
(CPU_used) and the total amount of time slice used in the last
monitoring cycle of the host (CPU_total), we can get CPU
utilization of the container. The total amount of CPU time
slice consumed by the host since startup can be obtained in the
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host’s /proc/stat directory and the CPU time slice consumed
by the container since startup can be found in the host’s
/sys/fs/cgroup  /cpuacct/docker/$containerID/cpuacct.usage
file. Besides, when the host machine has a multi-core
processor, we need to multiply the number of cores as shown
in Formula 19.

CPU_used
CPU_total
2) Memory utilization: The memory utilization can be
computed by using Memory_used to divide by Memory_limit
as shown in Formula 20. Memory_used is stored in the
/sys/fs/cgroup/memory/docker/$containerID/memory.usage_in_
bytes file, and Memory_limit is recorded in the sys/fs/cgroup/
memory/docker/$containerID/memory.limit.in_bytes file.

Ucpy = cores X x 100% (19)

Memory_used

x 100% (20)

U = i 1
MEmeTy " Memory_limit

TABLE III: Dirty data types and description

Type description

Loss data

The data monitored at a certain
moment is null

The same value appears multiple

times at the same time in a row

Duplicate data

C. Container load storage

1) Data cleaning: Many containers that need to be moni-
tored on the host machine, and there may be multiple contain-
ers starting and stopping at the same time. The problems of
data loss and data duplication are inevitable. Therefore, before
storing in the database, the collected resource utilization data
need to be cleaned to remove dirty data. The types of dirty
data are shown in Table III.

The duplicate data in the resource utilization data will have
an impact on the update of container load prediction module,
resulting in a sharp decrease in the prediction accuracy of the
prediction model. If the collected data has the same container
ID and the same timestamp, we only keep one of them.
Besides, severe data loss will also have a significant impact
on the update of the prediction model. This is because the lost
data will cause the loss of continuity of the collected resource
utilization data, resulting in the update of the prediction model
deviating from the normal mode. Especially when the state
of the container changes, loss data will cause the prediction
model to fail to adapt to the new data distribution in time,
resulting in a large number of false alarms. If the data loss is
too serious, the data currently collected should be discarded
and should be collected again. However, if the data loss is
relatively minor, multi-level Lagrangian interpolation is used
to interpolate to fill in the loss data S;. The formula is:

o SISt Y S
! ny + no

2y

where n; and ny represent the length of time before and after
the present time point respectively.
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2) Database storage: After the resource utilization data are
cleaned, we store them in the database. We store the data
instead of directly sending it to container load prediction mod-
ule. As the pre-training part of the prediction model requires
sufficient offline data to train the prediction model, we import
the offline dataset into the database and perform the prediction.
We use InfluxDB [32] for storage. This database is an open-
source distributed time series, event, and indicator database
that meets the storage requirements of resource utilization data.
There are two types of tables in the database, the container
information control table, and the container monitoring data
table.

We create a container monitoring data table for each moni-
tored container which stores the resource utilization data and
uses the container ID as the table name. The table stores
the timestamps of the collection time, the container’s CPU
utilization, and memory utilization, and uses the timestamps
as the primary key and sorts by timestamps. The container
information control table stores container information data.
The information includes the container ID, the time when the
container is last updated, and the number of data the container
has collected. Through this table, we can quickly query the
data collected.

D. Container load prediction

Obtain load value from the
Container load storage module

Has enough load
data been collected?

Has the model
been trained?

Train model

| Update model |

\
| Predict |

'

Send the prediction result to
Container load scheduling module

Fig. 6: Container load prediction module prediction process.

Container load prediction module encapsulates the hybrid
model based on LSTM and triple exponential smoothing.
The resource utilization data sent from container load data
storage module are processed into a certain format, and then
a part of offline data is used to pre-train the hybrid model.
After pre-training, we perform online prediction and then
obtain the real value. When a new container is started, a
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new thread will be responsible for load prediction for the
container until the container is closed. The prediction process
is shown in Figure 6. The characteristics and resource metrics
of different loads are different, so we need different prediction
parameters for different resource types. If we want to predict
two resources at the same time, we need to open two threads
at the same time.

Before the hybrid model is used to predict, it needs to
collect resource utilization data for a while for offline pre-
training of the hybrid model, which allows the hybrid model to
learn container-generated data patterns’ characteristics. After
pre-training, triple exponential smoothing and LSTM perform
prediction, respectively, and the MAPE method is used to
obtain the weights of the two models. The predicted value of
the hybrid model is sent to container load scheduling module.
Ultimately, this module implements the online update of the
triple exponential smoothing and LSTM model.

Regarding the amount of data to be used for training,
choosing too little data may result in a poor prediction effect at
the beginning of the model. Choosing too much will result in
a long time to produce prediction results. According to our
experiments’ results and experience, we believe it is more
appropriate to use the load data of about one hundred time
points as the pre-training data.

The resource utilization data sent by container load data
storage module can be directly used to update triple expo-
nential smoothing. However, LSTM is a supervised learning
model as a neural network model. Moreover, the resource
utilization data must be processed into a data format suitable
for LSTM. LSTM generally needs to normalize the data to
(0,1). However, our proposed prediction algorithm is an online
algorithm, which cannot accurately obtain the maximum and
minimum for data preprocessing. We can pre-estimate the
maximum and minimum from the max and min values of
the training data. Since the load may vary within a range,
the pre-estimated maximum and minimum may be inaccurate.
So we do not perform data preprocessing. The experimental
results show that the prediction accuracy of the hybrid model
is acceptable without data preprocessing during real-time
prediction.

E. Container load scheduling

The purpose of hybrid model prediction is to improve the
utilization rate of resources, so it is necessary to use the
prediction result as a resource reference to schedule con-
tainer resources. Container load scheduling module receives
the predicted value sent by the container load prediction
module and dynamically schedules and allocates container
resources. Although the prediction accuracy is relatively high,
the predicted value cannot be used directly as the container
resource usage. This is because there is still an error between
the predicted and actual values. Assigning the predicted value
directly as the resource limit will affect the performance of
the container. We use the range of load resources (M ax(x:)
- Min(zy)) as a possible prediction error. The resource limit
value can be calculated as follow:

Limit = prediction + (M ax(z) — Min(x)) (22)

X i © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Huazhong University of Science and Technology. Downloaded on March 02,2023 at 14:52:22 UTC from IEE

Where prediction is the prediction result sent by container
load prediction, Limit is the value allocated to container
resource limit, and x; is the container workload for prediction.

For CPU resource allocation, when the Limit of CPU
utilization is calculated, we can set the CPU utilization of
the container by executing the docker update --cpu-shares
cpu_share containerID, where - -cpu-shares is the relative
weight of CPU shares. We also can execute the docker update
- -cpu-quota cpu_quota - -cpu-period cpu_period containerlD
to set an absolute limit on CPU utilization, where - -cpu-period
refers to the CPU CFS scheduler period of the container and
- -cpu-period refers to the CPU CFS quota of the container.

The maximum allocation value can be set by the cgroups file
when a container is created for memory resource allocation.
We can execute the docker update - -memory memory_limit
containerID to dynamically limit the memory utilization,
where - -memory is the limit of memory.

V. EXPERIMENT

In this section, we first introduce the experiment environ-
ment. Then we present how to determine the parameters of
the hybrid model and compare the prediction accuracy of
the hybrid model with several workload prediction methods.
Finally, we analyze the time overhead, computational cost
overhead, and scalability of the hybrid model.

A. Experimental environment

We not only perform experiments in a simulated cloud envi-
ronment but also use the public real dataset that is collected in
the real cloud experiment. For the simulated environment, we
collect the resource utilization of three popular containers. For
the public real dataset, we use the Alibaba cluster-trace-v2018
[14] to represent container load in the real cloud environment.

TABLE IV: Configuration detail of the simulated environment

Platform Hardware Application
Intel 17-7700 Redis 6.2.6
Ubuntu20.04.3 .
Docker20.10.9 CPU @3.60GHz Nglnx 1.18.0
4Cores, 8GB RAM Mysql 5.7.35

The configuration of the simulated environment is shown in
Table IV. The simulated container cloud platform has 4 CPU
cores and 8 GB RAM, running Ubuntu 20.04.3 and Docker
20.10.9. We select three popular application containers to
collect container workload data. The first application container
is Redis [33], an open source key-value pair storage database
that supports network, memory-based, and distribution. In our
experiment, Redis acts as a cache service.

The second is Nginx [34], which is a lightweight web
server and reverse proxy server with high performance. In our
experiment, Nginx acts as a web server.

The third is Mysql [35], which is a popular cross-platform
and efficient relational database. In our experiment, Mysql acts
as a database service.

We use an open-source website project [36] to build a
website using these three application containers. The access to

Xplore. Restrictions apply.



This article has been accepted for publication in IEEE Transactions on Network and Service Management. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TNSM.2023.3248803

IEEE TRANSACTIONS ON NETWORK AND SERVICE MANAGEMENT, VOL. *, NO. *, FEBRUARY 2023 8

21.000 21.000

19.000 19.000
17.000 17.000
15.000

13.000

15.000
13.000

MAPE
MAPE

11.354

11.000 -9.5369.442 9.446 9902 9732 9810 9.905

9.000

11.000
9.000

7.000 7.000

0.2

03 0.4 0.5

alpha

0.6 0.7 0.8 0.9

0.4

@~ triple es =~ hybrid model

(a) Redis CPU load

11.000 5.500
5.000
4.500
4.000
3.500
3.000
2.500
2.000
1.500

10.180

10.000

9.000

7.989 7724

8.000 7.354 7322 7332 7.351

MAPE
MAPE

7.000
2112068 2202

6.000

5.000

0.2

03 0.4 0.5

alpha

0.6 0.7 0.8 0.9 0.1

0.2

03 04

@~ triple es = hybrid model

10.475

@~ triple es == hybrid model

(b) Nginx CPU load

2429

@~ triple es = hybrid model

16.728

16.000

14.000

11.385
9.786

12.000

MAPE

10.000 8.667

7.849 8100 8210
8.000

6.000

0.5 0.1

alpha

0.6 0.7 0.9

0.2

03 0.4 0.5

alpha

0.6 0.7 0.8 0.9

@~ triple es = hybrid model

(c) Mysqgl CPU load

0.070
0.065
0.060
0.055
0.050
0.045
0.040
0.035
0.030
0.025
0.020

5.153

4192

3.576
3121
2.737

MAPE

05
alpha

0.6 0.7 0.8 0.9

=@~ triple es —&— hybrid model

(d) Redis Memory load
Fig. 7: The MAPE values of the hybrid model and triple

the website will trigger the containers to collect data and we
can also capture the interaction between the containers. This is
close to the real cloud platform. We use the HTTP stress tool
http_load [37] to simulate multiple user access and use glances
[31] to collect the resource utilization of containers. We
execute the command glances -t I - -export csv - -export-csv-
file docker_workload.csv, which collects container workload
information every second and save it to docker_workload.csv
in csv format. CPU and memory are the two most common
resources, so here we use the CPU and memory utilization of
three applications for the experiment.

In addition, we also use the Alibaba cluster-trace-v2018 [14]
to further evaluate the hybrid model. Alibaba cluster-trace-
v2018 dataset records the load of about 4000 machines in a
period of 8 days. The cluster-trace-v2018 consists of machine
usage, machine meta, container meta, container usage, batch
task, and batch instance [38]. For container usage data, every
container corresponds to a machine, so the machine usage is
consistent with container usage. Because we study the load
of the container, we use all of the container workload usage
data. As a lot of data is not equally spaced in the Alibaba
cluster-trace-v2018, we resample the trace data into 10-minute
intervals and use interpolation to complete the missing values.

B. Parameters of the hybrid model

The parameter of triple exponential smoothing: for triple
exponential smoothing, the value of the smoothing factor « is
crucial to the triple exponential smoothing prediction accuracy.
The smoothing factor decides the proportion of new data and
original prediction data. The smaller the smoothing factor, the
lesser the proportion of new data. The experiment takes the
smoothing factor o as 0.1 ~ 0.9 respectively and determines
the optimal value of the smoothing factor according to the
mean absolute percentage error (MAPE). The smaller the
MAPE value, the higher the prediction accuracy of the triple
exponential smoothing.
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(e) Nginx Memory load

(f) Mysql Memory load
exponential smoothing under diverse smoothing factors.

As can be seen from Figure 7, for triple exponential smooth-
ing, the optimal smoothing factors of Mysql CPU load and
Nginx CPU load are both 0.1, while the optimal smoothing
factor of Redis CPU load is 0.2. The optimal smoothing factors
of Mysql memory load and Nginx memory load are both 0.2,
while the optimal smoothing factor of Redis memory load is
0.4. This is because their load is relatively stable, and there
is no long-term change trend. Since Redis is used as a cache
service that supports higher-speed data read and write, its load
has a clear short-term trend. So the optimal smoothing factor
of Redis is larger than the other two application containers. We
only compare the smoothing factors of different applications
of the same load type.

The hybrid model is usually the best when the triple
exponential smoothing is not optimal. This is because the
smoothing factor does not affect LSTM, and we combine
two models using the mean absolute percentage error(MAPE)
method. Triple exponential smoothing has advantages when
the amount of data is small. With more and more data,
the advantages of LSTM become more evident. Because we
consider the average MAPE of all previous predicted data,
the optimal smoothing factor of the hybrid model is different
from the optimal smoothing factor of the triple exponential
smoothing.

The parameters of LSTM: for LSTM, we need to specify
its feature, timestamp, and learning rate 1. The dimension
of the input data determines the feature of LSTM. Since the
input of the prediction model is only the previous load which
is one-dimensional data, we set the feature to 1. Timestamp
determines the number of historical values to predict the next
value. Through many experiments, we find that the timestamp
does not affect the accuracy of LSTM, so we set the timestamp
to 1. For learning rate n, we set it to the default value of 0.01 as
in Keras [39]. After conducting many experiments, the optimal
training epoch we choose is 100.
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(a1) BRR prediction (a2) BiLSTM prediction (a3) ES-ARIMA prediction  (ay4) Hybrid model prediction
(b1) BRR prediction (b2) BiLSTM prediction (bs) ES-ARIMA prediction  (by) Hybrid model prediction
(c1) BRR prediction (c2) BiLSTM prediction (c3) ES-ARIMA prediction  (cq) Hybrid model prediction
(d1) BRR prediction (d2) BiLSTM prediction (d3) ES-ARIMA prediction  (d4) Hybrid model prediction
(e1) BRR prediction (e2) BiLSTM prediction (e3) ES-ARIMA prediction  (e4) Hybrid model prediction
(f1) BRR prediction (f2) BILSTM prediction (f3) ES-ARIMA prediction  (f4) Hybrid model prediction

Fig. 8: The prediction effectiveness chart of four models under diverse application container workloads in the simulated
environment. (a; — a4) shows the prediction effectiveness of Redis CPU load, (b; — b4) shows the prediction effectiveness of
Nginx CPU load, (c; — c4) shows the prediction effectiveness of Mysql CPU load. (d; — d4) shows the prediction effectiveness
of Redis memory load, (e; — e4) shows the prediction effectiveness of Nginx memory load, (f; — f4) shows the prediction
effectiveness of Mysql memory load. The blue line displays the actual CPU utilization or memory utilization and the orange
line displays the load prediction result of the diverse prediction models. BRR stands for Bayesian Ridge Regression.
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TABLE V: Prediction result in the simulated environment

Load type Prediction model MAPE MAE
LSTM 8.863% 2.326
triple exponential smoothing 9.441% 2.498
Redis CPU load hybrid model 8.006% 2.117
ES-ARIMA 9.486% 2.506
Bayesian Ridge Regression 8.913% 2.496
BILSTM 8.867% 2.529
LSTM 9.015% 2.324
triple exponential smoothing 9.809% 2.552
Nginx CPU load hybrid model 8.292% 2.157
ES-ARIMA 9.868% 2.574
Bayesian Ridge Regression 8.700% 2.444
BILSTM 9.496% 2.789
LSTM 7.318% 2.366
triple exponential smoothing 8.099% 2.617
Mysql CPU load hybrid model 6.923% 2.230
ES-ARIMA 8.081% 2.588
Bayesian Ridge Regression 8.185% 2.682
BIiLSTM 7.425% 2.457
LSTM 5.565% 0.462
triple exponential smoothing 7.322% 0.615
Redis memory load hybrid model 5.140% 0.411
ES-ARIMA 7.811% 0.678
Bayesian Ridge Regression 5.403% 0.504
BILSTM 5.419% 0.512
LSTM 2.032% 0.081
triple exponential smoothing 2.111% 0.084
Nginx memory load hybrid model 1.885% 0.075
ES-ARIMA 1.939% 0.077
Bayesian Ridge Regression 3.577% 0.146
BILSTM 2.026% 0.080
LSTM 0.030% 0.00078
triple exponential smoothing 0.024% 0.00062
Mysql memory load hybrid model 0.021% 0.00054
ES-ARIMA 0.023% 0.00100
Bayesian Ridge Regression 0.096% 0.00240
BIiLSTM 0.084% 0.00210

C. Prediction accuracy comparison

To compare the prediction accuracy, six diverse prediction
methods are used. They are triple exponential smoothing
model, LSTM model, the hybrid model, a workload prediction

lute error (MAE) to assess the method prediction performance.
The smaller the MAPE and MAE, the higher the prediction
accuracy of the method. Their formulas are shown below:

model using triple exponential smoothing and autoregressive n vV,
integrated moving average algorithm [23] which we call ES- MAPE = 102% Z Xi X, Y (23)
ARIMA model, Bayesian Ridge Regression [21] and a Bidi- i=1 ’
rectional LSTM model [40] which we call BiLSTM model. 1 <&
Since CPU and memory are the two most commonly used MAE = n Z |Xi — Y (24)
i=1

resources in elastic scaling and pay-as-you-go service, we use
CPU and memory load to verify the prediction accuracy. We
use mean absolute percentage error (MAPE) and mean abso-
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Where X; refers to the real value and Y; refers to the prediction
value.
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TABLE VI: Prediction result of the Alibaba cluster-trace-v2018. “MAPE reduction rate” represents the MAPE reduction rate
of the hybrid model compared to other models. “MAE reduction rate” represents the MAE reduction rate of the hybrid model

compared to other models.

Prediction model MAPE MAE MAPE reduction rate MAE reduction rate
triple exponential smoothing 20.647% 1.544 11.08% 9.326%
LSTM 18.587% 1.484 1.226% 5.660%
ES-ARIMA 20.830% 1.544 11.862% 9.326%
Bayesian Ridge Regression 35.579% 2.235 48.399% 37.36%
BiLSTM 41.908% 2.324 56.192% 39.759%
hybrid model 18.359% 1.400 0% 0%

1) Experiment in the simulated environment: We compare
the prediction results of the six models under diverse ap-
plication container loads in the simulated environment. The
prediction results are shown in Table V. LSTM and triple
exponential smoothing have lower prediction accuracy than
the hybrid model. This is because the hybrid model uses the
mean absolute percentage error (MAPE) method to combine
those two models and plays to the strengths of both models
at the same time. In comparison to the ES-ARIMA model,
the prediction accuracy of the hybrid model is higher because
LSTM can better capture the workload characteristics than
ARIMA. ARIMA is a model that mines the linear relationship
between load data items, while LSTM can exploit short-
term and long-term temporal dependencies in the time series.
The hybrid model also performs better than Bayesian Ridge
Regression and BiLSTM because the hybrid model is an online
update model and can timely capture load change trends.

Figure 8 further shows the original data and the predicted
values of the four models under diverse application container
loads in the simulated cloud environment. Each load data
contains 1500 seconds of load. In Figure 8, the prediction
begins at the 226th point. This is because we set fifteen percent
of load data as the model’s pre-training data, and the remaining
1,275 seconds of load is used as the prediction target. Among
the three application workloads, Mysql has the highest average
CPU and memory usage, while Redis has the lowest average
CPU usage. This is because a small amount of data is read and
written from the cache, and most of the data is read and written
from the database. Nginx has the lowest average memory
usage. This is because Nginx processes HTTP requests and
static resource requests, occupying less memory. Since Redis
is a cache service that supports higher-speed data read and
write, the CPU and memory usage have the largest range and
short-term trend.

In Table V, the CPU load prediction performance of ES-
ARIMA is worse than BiLSTM and Bayesian Ridge Regres-
sion, which is a little different from the results in the Figure 8.
This is because the CPU load changes sharply, resulting in a
lag in ES-ARIMA prediction. As the prediction effectiveness
chart contains load data for 1,500 time points, the prediction
lag is not visible in Figure 8.

2) Experiment using the Alibaba cluster-trace-v2018: We
conduct the experiment using the six models to measure all
container usage in Alibaba-cluster-data-v2018 and calculate
the average prediction result of the diverse six models. The
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prediction result is shown in Table VI. Because the time
interval of cluster-data-v2018 resampled is ten minutes, we set
the smoothing factor of the hybrid model to 0.3 by comparing
the experiment results. The experiment results show that the
prediction accuracy of the hybrid model is the best, which
is consistent with the experimental results in the simulated
environment. This is not only because the simulated environ-
ment we build is closer to the real cloud environment but also
because the hybrid model can capture the characteristics of
more types of container loads.

By analyzing the container usage of Alibaba cluster-data-
v2018, we find that its container load has the following char-
acteristics: 1) periodic, 2) load change rapidly, 3) stability.
To explain the performance of different models under different
characteristics, we select six different typical container loads
to interpret experimental results, which are shown in Table VII
and Figure 9.

periodic: For container c_10104, because it has enough
data and the training data includes a complete cycle of load,
several models perform well. The hybrid model performs
the best. This is because LSTM has advantages in periodic
time series prediction and can capture long-term and short-
term dependencies, and triple exponential smooth can capture
data trends. The hybrid model combines the best of both
models. For c_10044 and c_10042, though the amount of
training data is small and training data does not contain a
complete cycle of load, the hybrid model performs the best
because it can be dynamically updated based on real-time load
data. For c_1020, the load data of this container is periodic
from about the 183rd point. The real-time updated hybrid
model performs the best while Bayesian Ridge Regression
and BiLSTM perform poorly. This is because Bayesian Ridge
Regression and BiLSTM cannot capture the periodicity of
subsequent load data in time.

load changes rapidly: For c_10063, the load of this
container changes rapidly. When the load suddenly rises from
very low to a relatively high level, the predicted value of triple
exponential smoothing will drop for a while, and then rise.
This indicates that triple exponential smoothing has a poor
ability to capture rapid changes. Because of the poor predic-
tion accuracy of triple exponential smoothing, the prediction
accuracy of the hybrid model is slightly lower than that of the
LSTM. However, both the hybrid model and the LSTM model
perform better compared with Bayesian Ridge Regression and
BiLSTM because the LSTM model can capture the long-term
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(a1) BRR prediction (a2) BiLSTM prediction (a3) ES-ARIMA prediction  (ayq) Hybrid model prediction
(b1) BRR prediction (b2) BiLSTM prediction (bs) ES-ARIMA prediction  (by) Hybrid model prediction
(c1) BRR prediction (c2) BiLSTM prediction (c3) ES-ARIMA prediction  (c4) Hybrid model prediction
(d1) BRR prediction (d2) BiLSTM prediction (d3) ES-ARIMA prediction (d4) Hybrid model prediction
(e1) BRR prediction (e2) BiLSTM prediction (e3) ES-ARIMA prediction  (e4) Hybrid model prediction
(f1) BRR prediction (f2) BILSTM prediction (f3) ES-ARIMA prediction  (f4) Hybrid model prediction

Fig. 9: The prediction effectiveness chart of four models under six diverse containers in Alibaba cluster-trace-v2018. (a1 — a4)
shows the prediction effectiveness of container c_10104, (b; — b4) shows the prediction effectiveness of container c_10044,
(c1 — c4) shows the prediction effectiveness of container c_10042, (d; — d4) shows the prediction effectiveness of container
c_1020, (e; — e4) shows the prediction effectiveness of container c¢_10063, (f; — f4) shows the prediction effectiveness of
container ¢_10001. The blue line displays the actual CPU utilization and the orange line displays the prediction result of the
diverse models. BRR stands for Bayesian Ridge Regression.
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TABLE VII: Prediction result using Alibaba cluster data-v2018 typical container workload. “Length” represents how many

time points of load data a container has.

Container ID Characteristics Prediction model MAPE MAE
LSTM 12.114% 1.955

triple exponential smoothing 12.226% 1.964

c_10104 large amount of data (length = hybrid model 11.345% 1.829
999) and periodic ES-ARIMA 11.887% 1.933

Bayesian Ridge Regression 13.998% 1.971

BILSTM 16.447% 2.165

LSTM 11.948% 3.907

triple exponential smoothing 10.268% 3.348

c_10044 little amount of data (length = hybrid model 9.385% 3.037
433) and periodic ES-ARIMA 10.256% 3.327

Bayesian Ridge Regression 25.123% 10.936

BiLSTM 26.124% 11.126

LSTM 12.528% 1.599

triple exponential smoothing 14.137% 1.756

c_10042 periodicity with rapid hybrid model 11.859 % 1.490
change (length = 289) ES-ARIMA 14.445% 1.816

Bayesian Ridge Regression 685.375% 7.937

BIiLSTM 176.122% 7.458

LSTM 10.543% 1.510

triple exponential smoothing 11.312% 1.487

c_1020 partial periodicity hybrid model 10.154 % 1.342
ES-ARIMA 11.024% 1.457

Bayesian Ridge Regression 57.988% 19.623

BiLSTM 30.905% 5.572

LSTM 14.818 % 0.713

triple exponential smoothing 17.172% 0.809

c_10063 load change rapidly hybrid model 14.936% 0.715
ES-ARIMA 15.505% 0.750

Bayesian Ridge Regression 19.714% 0.940

BiLSTM 19.034% 0.903

LSTM 14.218% 0.989

triple exponential smoothing 15.782% 1.073

c_10001 stability hybrid model 13.853% 0.958
ES-ARIMA 14.504% 1.009

Bayesian Ridge Regression 14.165% 0.950

BIiLSTM 13.785% 0.950

and short-term dependencies in such rapid changes of load.

stability: For c_10001, the change range of this load is
small, and there is no obvious long-term and short-term
trend. The prediction accuracy of the hybrid model is better
than other models, second only to BiLSTM. To explain the
reason, we intercept a fragment of the c_10001 prediction
effectiveness chart as shown in the Figure 10. The hybrid
model is relatively accurate in predicting the changing trend
of container load, but its prediction has a lag. When the hybrid
model is about to predict its changing trend, the load changes
again, resulting in the fact that the prediction accuracy of the
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hybrid model is not the highest. Since BiLSTM has a relatively
poor predictive ability, it is not greatly affected by the lag
and has a smaller error than the hybrid model. Compared
with other models except BiLSTM, the hybrid model can be
updated in real-time and thus can adjust from this error faster,
S0 its accuracy is second only to BiLSTM.

To sum up, by comparing the prediction results of different
methods on Alibaba cluster-data-v2018 container usage data,
the hybrid model performs better because it can not only adjust
according to real-time data in time but also can capture long-
term and short-term dependencies and capture data trends at
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Fig. 10: Partial prediction effectiveness chart of the container
c_10001. Although the jitter of container resource usage is
small, we enlarge the chart to see it more clearly.

the same time. Specifically, Table VI shows that the mean
absolute percentage error of the hybrid model is decreased
by an average of 1.226%, 11.08%, 11.862%, 48.399%, and
56.192% compared with the LSTM, the triple exponential
smoothing, ES-ARIMA, BiLSTM and Bayesian Ridge Re-
gression on Alibaba cluster-data-v2018 container usage data,
which indicates the prediction accuracy of the hybrid model
has improved a lot compared with other methods.

3) Comparative analysis of experimental results: The ex-
perimental results show that the prediction performance of the
hybrid model is good in both the simulated cloud environment
and the Alibaba cluster-trace-v2018. In the simulated environ-
ment for different application loads, the prediction effect of the
hybrid model is the best. Under Alibaba cluster-trace-v2018,
the hybrid model performs the best overall.

Compared with the simulated environment, the Alibaba
cluster-trace-v2018 contains more load features, and the
amount of load data varies. It can be seen that there are more
or less repetitive patterns in the load in Figure 9. When there
are few repetitive patterns or less amount of load data, the
hybrid model can also dynamically update to adapt to the load
changes, for which the hybrid model can perform very well.

Unlike the simulated environment, there are a few cases
in the Alibaba cluster-trace-v2018 where the load changes
and fluctuations are more severe than in the simulated cloud
environment. The real cloud environment may have some
abnormal load due to the attack. These situations may lead to
a relatively strong lag in the hybrid model. The hybrid model
can adapt to these situations with the real-time update.

D. Prediction time

For a proactive prediction method, its prediction time must
be short to guarantee that predictions are available before
resource allocation. We record the prediction time of LSTM,
hybrid model, ES-ARIMA, and BiLSTM and show the average
time it takes to predict a value in Figure 11. Figure 11 shows
the prediction time of LSTM accounts for the most prediction
time of the hybrid model. This is because the prediction
value of LSTM needs to be obtained by using more complex
matrix operations while the calculation of triple exponential
smoothing is relatively simple. So the hybrid model has a
comparable prediction time with LSTM.
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Fig. 11: Average prediction time contrast among the LSTM,
the hybrid model, BiLSTM, and ES-ARIMA.
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Fig. 12: Average prediction time for diverse numbers of
containers.

The prediction time of LSTM is longer than BiLSTM. This
is because our LSTM model is an online update model which
needs time to update before prediction. Since the prediction
time of LSTM is longer than BiLSTM, the prediction time
of the hybrid model is longer than BiLSTM. The prediction
time of ES-ARIMA is shorter than the hybrid model. This
is because ES-ARIMA is a computational model while the
hybrid model contains a deep learning model. However, the
hybrid model consumes time only in milliseconds but with
high prediction accuracy. In the prediction system, the collec-
tion, prediction, and scheduling intervals are the same, all in
seconds. From the experimental result, the hybrid model meets
the requirement of the prediction with interval in seconds.

E. Scalability analysis

When the number of containers increases, the load data of
more containers needs to be maintained for resource predic-
tion and resource allocation. This requires more processes to
handle. At the same time, the contention and preemption of
resources between different containers will be more intense,
which may affect the system performance.

We conduct experiments under different numbers of con-
tainers and find the number of containers has no impact on
the prediction accuracy. We record the average prediction time
for different numbers of containers as shown in Figure 12.
When the number of containers increases, the prediction time
also increases linearly and the prediction time is acceptable.
This is because we adopt a multi-threading strategy to run
multiple containers and the model we used is lightweight. The
experimental results show that the hybrid model has very good
scalability.
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TABLE VIII: Summary of related research

Fig. 13: The CPU and memory consumption of diverse models.

Advantages

Limitations

Ref Objective Methods

[23] Container TES-ARIMA

[24] Container SG+LSTM+PSO

[41] Containerized PRP+PRCT

edge computing
[19] Cloud resource Naive Bayesian
[42] Cloud resource Statistical learning+Sliding
window

[20] Cloud resource ARIMA

[13] Cloud resource Bayesian

[43] Cloud resource ARIMA+Autoregressive
Neural Network

[44] Cloud resource SaDE+ANN

[21] Cloud resource PBC & DBC

[22] Cloud resource SVM+BP

[45] Cloud resource pCNN-LSTM

Real-time and high
robustness
automatic hyper-parameter
tuning
Low service latency

High prediction accuracy
Dynamic Adjustment

High prediction accuracy
Good prediction accuracy
Adaptability for resource

Reducing iterations
High prediction accuracy
Hybrid model
High prediction accuracy

Accuracy not high enough

Low accuracy and high
computational complexity
High time complexity

High computational costs
High computational costs

Limited workload scenarios
High complexity
Accuracy not high enough

High computational costs
High computational costs
Low prediction accuracy
High computational costs

FE. CPU and memory overhead

Figure 13 shows the CPU and Memory usage of running
ES-ARIMA, BiLSTM, and the hybrid model using the Alibaba
cluster-trace-v2018. The CPU and Memory utilization are
recorded every 0.05 seconds. The experimental results show
CPU utilization of the hybrid model is lower than the ES-
ARIMA most of the time. This is because the LSTM network
which we use is very lightweight and the parameters of
ARIMA need to be determined through multiple attempts
during the running process of the program. The Memory usage
of the hybrid model is slightly higher than ES-ARIMA. This
is because the hybrid model contains a deep learning model
while ES-ARIMA is equivalent to some calculation formulas.
Due to the bidirectional structure of BiLSTM, its resource
consumption is higher than that of the hybrid model. All in all,
the hybrid model can achieve higher accuracy with a similar
computational cost to ES-ARIMA.

VI. RELATED WORK

In this section, we introduce the related research on the
load prediction method containing the Docker load prediction
method and cloud resource prediction method. We also sum-
marize these research in Table VIII.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

A. Docker load prediction method

There are only a few related studies on Docker container
workload prediction [23], [24], [41]. The characteristics of the
Docker container, such as short running period and elastic
scaling, make container load prediction need to take into
account the short-term prediction and the load with severe
fluctuations. In a container cluster, the number of containers
is large, which requires the prediction algorithm to be scalable.
At the same time, container load prediction faces the problems
of real-time scheduling and dynamic load changes. In order
to feed back the prediction results to the system in time, the
prediction should be in real-time. Moreover, since the changes
in container load cannot be fully predicted in advance, the
prediction method needs to adjust based on the load changes
in time.

Xie et al. [23] proposed a hybrid model of the ARIMA and
triple exponential smoothing, which can capture both linear
and nonlinear relationships in the container workload data.
However, this hybrid model is a simple combination of the
ARIMA and triple exponential smoothing, whose prediction
accuracy is not good enough. Chen et al. [24] presented a
container workload prediction approach called PSL. Hu ez
al. [41] introduced a dynamic resource provisioning approach
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CEC, which contains a workload prediction method and re-
source allocation method in an edge computing environment.
These two methods do not consider the characteristics of the
container load. Moreover, applying these methods to a real-
time prediction scenario is a difficult problem.

B. Cloud resource prediction

There are a few studies on cloud resource prediction, mainly
through traditional time series prediction methods, to predict
load based on time series and cloud resource characteristics.
Calheiros et al. [20] presented a cloud workload prediction
module based on the ARIMA model for SaaS providers.
Ullah et al. [43] proposed an adaptive system for resource
utilization prediction of laaS cloud, which takes real-time
resource utilization and feeds resource utilization data into
several buffers based on the resource type and period size.
ARIMA is an excellent time series prediction method that
can capture the linear relationship in time series. However,
the features that ARIMA can capture are limited. Moreover,
ARIMA requires that the time series must be stationary.
Otherwise, the time series must do difference operation.

Machine learning and deep learning methods have good
feature capture capabilities, so many researchers apply those
methods to load prediction. Bey et al. [19] proposed a method
based on Fuzzy clustering and multiple system workload
predictors controlled through a Naive Bayesian Network. Islam
et al. [42] proposed a prediction framework using statisti-
cal learning algorithms and a sliding window mechanism.
Shyam et al. [13] proposed a Bayesian model to determine
short and long-term virtual cloud resource requirements of
the CPU/memory intensive application. KUMAR et al. [44]
introduced a cloud workload prediction method that uses the
self-adaptive differential evolution algorithm(SaDE) to train
the neural network. Gao et al. [21] introduced a workload pre-
diction idea that clusters all the data into several categories by
clustering and training a workload prediction model for each
workload type, respectively. Sun et al. [22] introduced a cloud
workload prediction method combining SVM and BP neural
networks. Patel et al. [45] presented a novel hybrid workload
prediction model called pCNN-LSTM. These methods have
strong feature capture ability and relatively high prediction
accuracy. However, these methods do not solve the problem
of real-time prediction and usually have a high overhead.

VII. DISCUSSION AND LIMITATIONS

We do not test the performance of the hybrid model on
virtual machine load data because we focus on research on
container load prediction. The applicability of our method in
virtual machine load prediction is as follows. First, both virtual
machine load prediction and container load prediction are
time series prediction, and virtual machine load has periodic
characteristics like container load [16], [17]. Second, the
amount of training data for virtual machine load prediction
is relatively large. This can ensure that our method has better
performance. Third, our method can adapt to the container
environment with more fluctuations in load. We can also adapt
our method to the virtual machine load with less fluctuation
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by adjusting the timestamp and smoothing factor. Considering
the above factors, we believe that our method will also have
a good effect on virtual machine load prediction.

We do not optimize the parameters of LSTM. According to
our experimental results, the current parameters are suitable.
Regarding LSTM parameter optimization ideas, we can use
both a dynamic learning rate strategy and grid search [46] to
optimize the parameters of LSTM automatically.

The limitations of our method are as below:

1) The hybrid model prediction has a lag when the work-
load change range is small and rapid.

2) We mainly predict CPU and memory utilization in this
work. We will try to predict and allocate other resources
in future work.

3) Our allocation strategy uses the range of load resources
(Max(x_t) - Min(x_t)) as the worst prediction error,
which is a little conservative. We will improve and
justify our allocation strategy in future work.

VIII. CONCLUSION

With the increasing popularization of container technology
on cloud platforms, efficient resource management becomes
challenging for cloud service providers. We propose a con-
tainer workload proactive prediction method using a hybrid
model combining triple exponential smoothing and LSTM.
The hybrid model can capture both short-term and long-
term dependencies and smooth the container load data. We
also optimize the hybrid model update to overcome the load
pattern change. For the prediction of resource utilization, the
mean absolute percentage error has decreased by an average
of 3.24%, 12.18%, 13.42%, 43.45%, and 50.69% compared
with the LSTM, the triple exponential smoothing model, ES-
ARIMA algorithm, Bayesian Ridge Regression, and BiLSTM.
What is more, the time and computational cost overhead of
the hybrid model is acceptable.

Our method helps to achieve elastic scaling, improve re-
source utilization, reduce resource waste, and ensure pay-as-
you-go service, which can effectively promote the develop-
ment of container cloud platforms. Cloud service providers
can use the container workload prediction system to perform
container workload prediction on the Docker-based platform
to provide efficient resource prediction and provisioning.
This can greatly improve cloud platform service quality and
improve the user experience of using the container cloud
platform.
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