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Abstract—In this paper, using the time-series throughput data
generated from a simulated factory scenario, we study through-
put prediction using convolutional neural network (CNN). Differ-
ent with image or numerical recognition using CNN, in which the
distribution of the prediction target during training stage usually
has the similar level, the distribution of the throughput data
concentrates only on several values. This centralized distribution
may degrade the prediction accuracy. Therefore, we will propose
a new CNN prediction method employing target vectorization
which can mitigate the centralization of distribution. This method
makes training process of CNN hold more possibility and
improves the prediction accuracy of the throughput.

I. INTRODUCTION

The era of Internet of things (IoT) and machine learning
is coming which will be a boom for increasing smart usage
in manufacturing sites such as factories and warehouses [1].
However, due to the special environment such as existence
of many metal machines or mobile robots, the quality of a
wireless communication link dynamically changes and some
unexpected troubles on wireless communication occur which
severely degrade the productivity of a factory. To maintain
the reliability of wireless communication and avoid the un-
expected loss from a bad wireless link, it is important and
beneficial to predict future quality of service (QoS) of a
wireless link such as throughput and latency to avoid serious
damage to the productivity.

In addition, the correct prediction of wireless communica-
tion quality can also benefit the scheduling of MAC-layer and
power control in the physical layer. For some scenarios such
as in factories, many robots such as automated guided vehicle
(AGV) and stacker crane move along the predetermined route
[2]. These moving robots are usually connected and controlled
via wireless communication because it is impractical to use a
wired link. Nowadays, these robots are becoming prevalent in
the factory environment, and thus the prediction of wireless
communication quality such as throughput of these robots is
highly important.

For QoS prediction, some tutorial papers [3, 4] have sum-
marized most of the existing methods for the optimization
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of wireless resource allocation. In addition, during the past
decade, many researches try to use machine learning (ML)
for the QoS prediction and many ML-based algorithms have
been proposed and compared [5], such as using support vector
regression for the prediction of TCP throughput [6] and
using (F)ARIMA model for the prediction of HTTP traffic in
[7]. We recently predicted the future received signal strength
(RSS) variation using a probabilistic neural network (PNN) in
[8]. Generally, ML-based methods can predict future events
accurately when the input pattern is similar to the pattern that
has been already observed in the past. However, the prediction
accuracy of the ML-based methods usually degrades for some
rare/untrained inputs.

In factories and warehouses, many robots move along the
predetermined route. Therefore, their RSS data usually appears
some periodic patterns for learning and prediction. Compared
with RSS prediction, throughput prediction is more important
and changeable for real-time application processed at IoT
devices or robots such as monitoring video camera, audio or
file upload service. In factories and warehouses, although there
is a demand for wireless connection between the IoT devices
or robots to networks, radio interference and RSS variation
due to movement of robots and/or obstacles in a multi-path
environment make a wireless communication link unstable.
In such case, the correct throughput prediction will benefit
to secure the important wireless application from serious
damages to the productivity.

The time-series data prediction can be operated using differ-
ent ML-based methods. Convolutional neural network (CNN)
is largely used for the time-series data prediction which can
process data before training to find major patterns of time-
series data. CNN has become favorable for extracting features
from time series signals, and therefore for detection, predic-
tion, and classification. The essential part of this approach is
that data cleaning is not required, and the feature extraction
and prediction do not need to be explicitly defined [9].

In this paper, using the time-series throughput generated
from a simulated factory scenario, we study the throughput
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Fig. 1. Simulated factory environment.

prediction using CNN to show its prediction performance.
Different with image or numerical recognition using CNN, in
which the distribution of the target value during training stage
usually has a similar level, the distribution of the throughput
data concentrates only on several values. This centralized
distribution may degrade the prediction accuracy because the
weights of the neural network are mainly decided by several
values with major distribution as targets during the training
stage. Therefore, we will propose to introduce vectorization
of the prediction target. This can reduce the centralization of
the distribution. The simulated results confirm that the propose
method can improve the prediction accuracy.

II. THE SIMULATION SETUP FOR TIME-SERIES
THROUGHPUT DATA AND EXPLANATION OF
CONVOLUTIONAL NEURAL NETWORK (CNN)

A. Generation of time-series throughput data

To get the time-series throughput data for throughput pre-
diction, we simulated a 51m-by-51m factory scenario with
two moving stations (STAs). The simulated scenario is shown
in Fig. 1. The two mobile STAs are assumed to be high-
resolution monitoring cameras which capture the real-time
data and send it to the access point (AP) side. The moving
routes for both STAs are clockwise with a speed at 1 m/s. The
distance between two STAs is about 90 m. The moving route
includes route error within about £0.25 m. When moving STA
deviates the main route to +0.25 m, the moving direction will
be changed to other side. The simulation parameters are listed
in Table I. We employ a ray-trace channel model [11] to get
the channel variation and then RSS values. The simulation
sets 10 constant scattered points to generate the reflected
paths between the AP and each location of STA1 and STAZ2.
The channel response is calculated using the distances of the
reflected paths and the LOS path.

We run 8-hour simulation and the RSS of links between
each STA and AP has been recorded for further simulation
to get the throughput results. Each RSS value is obtained by
averaging all RSS samples during one second. After obtaining
the RSS values of two links, we calculate the SNR values of
both links between AP and two STAs with the assumption
that noise floor is about -90 dBm for a 20 MHz wireless LAN
channel. Then the respective modulation and coding scheme
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TABLE I
SIMULATION PARAMETERS FOR RAY-TRACING CHANNEL MODEL.

[ Item | Value
Location of AP (0 m, 0 m)
Start point (STA1 STA2) (3 m, 3 m), (48 m, 48 m)
Moving speed (STA1, STA2) 1 m/s, 1 m/s
Transmit power (STA1, STA2) 0 dBm, 0 dBm
Center frequency (GHz) 24
Moving route error below 0.5 m/s
Number of scattered positions 10

Scattered positions X-axis (meter) 5, 11, 22, 25, 33, 37, 30, 42, 58, 59

Scattered positions Y-axis (meter) 25, 37, 34, 28, 51, 12, 45, 26, 35, 45

Path loss model (dB) 18.710og10(d)+46.8+20log10(fc/5 GHz)

Noise floor (20MHz) -90 dBm
RSS samples per second 32
TABLE II

THE RELATIONSHIP BETWEEN SNR RANGE AND DATA RATE.

SNR range [dB] >40 35-40 | 30-35 | 25-30
Data rate [Mbps] | 54 48 36 24
SNR range [dB] 20-25 | 15-20 | 10-15 | <10
Data rate [Mbps] 18 12 9 6

(MCS) index or data rate is determined from the SNR value
for each second with the relationship shown in Table II. After
obtained the MCS regime, we can use a theoretical throughput
model [12] to generate the theoretical throughput of the two
links with considering different requirements of traffic for
different applications.

To get the time-series throughput of each link, we assume
that both STA1 and STA2 have 4 cameras which face different
directions and each camera requires 510 kbps throughput at
STA1 and 760 kbps throughput at STA2 for video transmis-
sion, respectively. Therefore, the total required link throughput
between AP and STA1, STA2 are about 2 Mbps and 3 Mbps,
respectively.

The throughput is calculated using the generated MCS value
from the ray-trace model in each second. We have generated
8-hour theoretical throughput data and the 30-min theoretical
throughput of both links are shown in Fig. 2. As shown in
figure, the throughput of both links varies according with time.
The reason is that the moving route error will make the RSS
different even if the route is planned as 45 m each side. The
different RSS changes the throughput between two links, and
it becomes more unpredictable.

Threughput {bps)

00 900 T iz00 1500 1800
Time [second], STA1

Throughput {bps)
o

o
o 300 B0 900 1200 1500 1800
Time [second]. STA2

Fig. 2. The generated partial time-series throughput data of two STAs.
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B. Convolutional neural network (CNN)

CNN is a deep learning algorithm and its architecture
is analogous to the connectivity pattern of neurons in the
human brain [14]. Therefore, CNN can be used for image
identification, image classification, and can be utilized to
detect various aspects/objects in the image to differentiate one
from the others [15]. In addition, CNN can also be used for
the prediction of time-series data [16]. Readers can find the
related contents in [16].

Figure 3 shows the fundamental structure of CNN and the
related functions. Generally, CNN includes three major layers:
convolutional layer, pooling layer and fully-connected layer.
The convolutional layer computes the output of neurons that
are connected to local regions in the input matrix. All neurons
compute a dot product between their weights and a small
region through which they are connected to the input matrix.
Such local regions can be defined as a filter with small width
and height to reduce the computational complexity. The output
of each filter is called a “feature map” which shows the effect
of an edge check. Different filters generate a different feature
map which shows the details of input matrix. Then the pooling
layer performs a down-sampling operation along the spatial
dimensions and places the data in a small volume. CNN can
have several convolutional layers and pooling layers to dig the
fundamental elements of image data. It should be noted that
between the convolutional layer and the pooling layer, usually,
there is a rectified linear unit (ReLU) layer which applies
an element-wise activation function, such as the max(0, z)
threshold at zero to remove some unimportant data x to sim-
plify the representation of fundamental elements. Finally, the
fully-connected (FC) layer combines all fundamental elements
of image data to provide the final decision.

From the explanations of CNN structure, we can find that
the data process of CNN is similar to the process in which
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Fig. 5. Prediction performance of three CNNs (H = W = 16).

a human watches objects and then finds the different features
(details) of the objects, and finally recognizes what the human
watches based on these features. For the detail of CNN, readers
can find contents in [15].

The training stage of time-series prediction using PNN is
shown in Fig. 4. For CNN training, the i-th input matrix and
its target are given as M; and 7T;, respectively. The prediction
length is assumed to be N samples. For each input matrix
with width W and height H, K samples are used to form an
input matrix so that K = H x W. Before starting the training,
the target 7; is labeled as L, which represents that the 7;
belongs to the L;-th group which includes real throughput data
of training target. The training process is to find the optimal
weight of CNN as (W;,b;) for each neuron to make the loss
function as small as possible. After the training stage, for each
new input matrix, the respective label is calculated using the
weight of each neuron. Finally, from the decided label, the
value of predicted throughput is determined.

III. THROUGHPUT PREDICTION OF PREDICTION METHOD
USING CNN

To evaluate the prediction performance, we first select the
parameters for CNN. The CNN includes many parameters
such as the numbers of feature maps (FM), the number of
convolutional and pooling layers and fully-connected layers.
When an input matrix includes many details to learn, it is
better to set a large number of feature maps and more layers of
the convolutional, pooling and be fully-connected. In addition,
the size of filters can be set as small as possible to capture
more details. In this paper, the input matrix is formed from
the time-series throughput data which has limited information

ICACT2021 February 07 ~ 10, 2021



International Conference on Advanced Communications Technology(ICACT)

TABLE III

THE PARAMETERS OF THREE CNNS USED FOR THROUGHPUT PREDICTION.

CONV+Pooling Layers FC Layers
CONV Pooling
CNN#L —fter 13613 Mat., Size: 2-5y-2 Node: Num. of labels
Feature Map: 1 Subsamp. Med.: mean Activa. Func.: ReLU
Activa. Func.: ReLU Activa. Func.: ReLU
CONV Pooling
CNN#2 —ifter 7by 7 Mat. Size: 2-5y-2 Node: Num. of labels
Feature Map: 10 Subsamp. Med.: mean Activa. Func.: ReLU
Activa. Func.: ReLU Activa. Func.: ReLU
CNN#3 CONV Pooling CONV Pooling FC1 FC2
~ | Filter: 7-by-7 Mat. Size: 2-by-2 Filter: 13-by-13 Mat. size: 2-by-2 Node: Num. of labels
Feature Map: 10 Subsamp. Med.: mean | Feature Map: 40 Subsamp.Med.: mean | Node: 100 Agti;c/él l;lun;:(')RgL%‘
Activa. Func.: ReLU | Activa. Func.: ReLU Activa. Func.: ReLU | Activa. Func.: ReLU ) "
i —enrail way. Readers can find its detail in [16].
os R From Fig. 1, we can find that each STA can generate 3-
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Fig. 6. Prediction performance of three CNNs (H = W = 34).

for learning. Therefore, we use two simple CNNs to predict
the throughput, and another complicated CNN is also used
for comparison. The parameters of three CNNs are listed in
Table I1I. Here CNN#1 is the simplest one which has only one
convolutional, pooling and FC layers. In addition, it has only
one feature map with a filter size of 13 x 13. Compared with
CNN#1, CNN#2 increases the number of feature maps and
filter size to 10 and 7 x 7 which tries to capture more details
of input data. Finally, CNN#3 is a more complicated one which
has two sets of convolutional, pooling and FC layers and the
number of feature maps is increased to 40. For prediction
length, we set the value of N as 10 samples.

In the training process, all CNNs utilize a forward phase
and backward phase as training weight (W;,b;) to make the
cross-entropy loss as small as possible. The major idea for the
training process is based on gradient descent in an iterative
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minute data after each round. The 8-hour data is separated into
training data and validation data. All throughput data generated
at the odd round is used as training data, and the throughput
data generated at the even round is used as validation data.
The complementary cumulative distribution function (CCDF)
of the prediction error of throughput data using three CNNs
are shown in Fig. 5 with (H = W = 16) and Fig. 6 with
(H = W = 34), respectively. The training process has been
operated over 400 times and makes the cross-entropy loss of
all CNNs smaller than 0.1. All figures show that all the three
CNNs have almost identical prediction accuracy. The results
imply that the throughput data from both STAs are all simple.
Therefore, the simplest structure of CNN (CNN#1) is enough
to fully capture the feature of time-series throughput data. On
the other hand, CNNs with smaller input matrix size have
better prediction accuracy than that of the larger input matrix
size (in Fig. 6). The results imply that using a small size of
input matrix can further capture the data pattern for CNNs.

IV. PREDICTION PERFORMANCE IMPROVEMENT USING
TARGET VECTORIZATION FOR CNN

CNN was firstly used for the recognition from handwriting
image which can achieve over 93% accuracy [17]. After that,
CNN has been widely utilized for many different areas. The
CNN can obtain promising performance especially when the
targets of input data or image have an even distribution. When
target includes a few values which occupy major distribution,
the prediction process is apt to make the predicted value
near to these values after training process. Therefore, some
rare values are neglected which may reduce the prediction
accuracy.

One efficient way to reduce such prediction loss is to make
vectorization of target. Figure 7 shows the idea of target
vectorization. Suppose there is an on-off time-series data,
and it only has two values as on (1) with 70% and off (0)
with 30%, respectively. For the i-th input matrix IM; of the
conventional CNN, the target is usually a scalar (0 or 1) as 7.
Therefore, as shown in Fig. 7, the training process finds the
weight to make the predicted results as 1 or 0 with 70% or
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Fig. 8. Target label distribution of throughput data at both STAs.

30%, respectively. Therefore, even if some rare input matrices
appear, the predicted values are also judged as 1 or O with
70% or 30%, respectively.

Different with a single target (S = 1), target vectorization
can make the target value is not a scalar but a vector as
[T, Tit1, ...y Tirs—1] with label L; for the i-th input matrix
M;. With this simple process, it can improve the prediction
accuracy for the occurrence of some rare input matrices. As an
example with (S = 2) in Fig. 7, two consecutive data are used
as one target for each input matrix. In such case, the target
vector can be four candidates with different probabilities. This
process makes the distribution more even than that of (S = 1).

Figure 8 shows the target label (L) distribution of through-
put data of both STAs for different sizes of the input matrix.
Here the X-axis is label index and Y-axis is the distribution
of the label index. The size of target vector is changed from
S = 1to S = 4. It is shown that the distribution of label
after target vectorization is spread over a wider range as .S
is increased. When S = 1, the throughput data is mainly
concentrated on the first label for throughput data at STAI.
For the throughput data at STA2, two labels are dominant.
The distribution property of STA2 seems to have an impact
on the prediction accuracy because CCDF values also have two
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Fig. 10. Prediction performance of CNN#1 with different S (H = W = 34).

clusters as shown in Fig. 5(b) and Fig. 6(b). When S = 4, more
labels appears which makes the CNN have more options for
its input. Therefore, it benefits the improvement of prediction
accuracy.

Figures 9 and 10 show the prediction performance of
CNN#1 using the proposed target vectorization where the sizes
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of input matrix are (H = W = 16) and (H = W = 34),
respectively. The parameters of CNN#1 and calculation pro-
cess are the same with the previous section. The prediction
accuracy is improved for both the throughput data from
STA1 and STA2. For the throughput data from STAI, the
improvement of prediction accuracy from S = 1to S = 4
is about 8% for the case of (H = W = 16) and 28%
for the case of (H = W = 34), respectively. On the other
hand, for throughput data from STA2, CNN#I using the
proposed method with S = 3 and the size of input matrix
as (H = W = 16) can dramatically improve its prediction
accuracy than that of the original method using S = 1.

V. CONCLUSION

This paper studied the throughput prediction with CNN for
the time-series throughput data generated from a simulated
factory scenario. Different with image or numerical recog-
nition using CNN, the distribution of targets of time-series
throughput data concentrates only on several values. This
centralized distribution may degrade the prediction accuracy.
This paper proposed one method by increasing the size of
target value to reduce the centralization of the distribution.
Then, it was confirmed that the proposed method makes the
options of the output having more variety and improves the
prediction accuracy of CNN.
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