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Wireless body area networks

Many studies have investigated machine learning algorithms to improve the performance of wireless body area
networks (WBANSs). However, it was difficult to evaluate algorithms in a network simulator because of missing
interfaces between the simulators and machine learning libraries. To solve the problem of compatibility,
some researchers have attempted to interconnect existing network simulators and artificial intelligence (AI)
frameworks. For example, ns3-gym is a simple interface between ns-3 (in C++) and the AI model (in Python)
based on message queues and sockets. However, the most essential part is the implementation of an integrated
event scheduler, which is left to the user. In this study, we aim to develop a new integrated event scheduler.
We present BANSIM, a discrete-event network simulator for WBAN in standard Python that supports deep
reinforcement learning (DRL). BANSIM provides an intuitive and simple DRL development environment with
basic packet communication and BAN-specific components, such as the human mobility model and on-body
channel model. Using BANSIM, users can easily build a WBAN environment, design a DRL-based protocol, and
evaluate its performance. We experimentally demonstrated that BANSIM captured a wide range of interactions
that occurred in the network. Finally, we verified the completeness and applicability of BANSIM by comparing
it with an existing network simulator.

1. Introduction dynamic network environments; however, they encounter difficulties

in evaluating their ML algorithms in existing network simulators owing

A wireless body area network (WBAN) is a specialized network that
supports on-body communication between medical sensors. In a WBAN,
each node collects physical data and forwards them to the coordinator.
The IEEE 802.15.6 task group established the following technical re-
quirements for WBAN applications [1]: (1) A WBAN should support a
link throughput of up to tens of kilobytes per second. (2) Reliability,
latency, and jitter should be guaranteed for each node according to the
application type. (3) The application lifetime should range from 24 h
to several years of autonomous operation. However, frequent changes
in the on-body channel and different quality-of-service (QoS) require-
ments of medical sensors make it difficult to satisfy these technical
requirements.

To achieve such requirements, adaptive resource management
schemes employing machine learning (ML) have been proposed. As
a striking feature of these schemes, the coordinator can learn the
optimal scheduling policy through trial and error in a dynamic WBAN
environment. Many researchers have demonstrated that DRL-based
prediction models can jointly improve the performance metrics in
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to a lack of interfaces for interworking with ML libraries.

For example, conventional network simulators such as OPNET,
OMNeT++, and QualNet provide diverse standard communication
models; however, they do not support WBAN-specific reference models.
Although these simulators provide a high scalability, it is not easy
for individual researchers to implement a new communication model,
owing to the complexity of the source code. To solve this problem,
the Castalia framework was proposed, which is an extended simula-
tor based on the OMNeT++ platform providing a WBAN simulation
environment. However, these network simulators are implemented in
C/C++; thus, they cannot directly use the ML libraries in Python.
Although tensorflow C++ exists, conventional network simulators
have poor scalability with external programs, which causes complex
binding problems. Moreover, users cannot use wrapper libraries such
as Keras or Pytorch in C/C++ development environments.

The ns-3 network simulator provides an IEEE 802.15.4-based WBAN
simulation environment. Although Python bindings in ns-3 provide
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support for importing ns-3 models as Python modules, they are limited
to running ns-3 models in Python instead of providing a real-time
interaction between ns-3 models and Python modules. Specifically, the
DRL technique requires a real-time interaction between the agent in
Python and the WBAN environment in ns-3. However, it is impossible
to control the event flow between two separate files through Python
bindings.

To overcome the limitations of Python bindings, several frame-
works [2-4] have been proposed for real-time interworking with ex-
isting network simulators and Python libraries. These frameworks in-
terconnect network simulators (in C++) and ML libraries (in Python)
through text files or message queues. Specifically, they translate sim-
ulation events or ML function calls into messages and transfer them
through inter-process communication. This approach can build a DRL
environment in existing network simulators through real-time interac-
tions between two separate modules. However, owing to the lack of
an integrated approach between two separate event schedulers, it is
difficult to configure an integrated simulation environment. In addition,
interprocess communication increases the overhead and complexity of
the simulator.

For this reason, most DRL-based studies [5-11] on WBANSs have
built a simulation environment in Python instead of using existing
network simulators. However, they did not cover the details of diverse
events in the network. In addition to WBANs, although most DRL-
based network protocols [12-17] in other research fields use Python
for a performance evaluation, they also omit the details of the network
simulation program. The lack of details in the simulation program can
degrade the reliability of the simulation results. Hence, it is impor-
tant to develop an integrated simulation program to help researchers
conducted accurate performance evaluations using Python.

Motivated by this problem, in this study, we aimed to develop
a lightweight simulation program in Python. Specifically, we present
BANSIM, which is a DRL-enabled discrete-event network simulator for
WBANSs. Because BANSIM is implemented in Python, it provides users
with a simple and intuitive DRL development environment. BANSIM
not only supports basic packet communication, it also provides BAN-
specific components, such as a human mobility model and an on-body
channel model.

Compared with existing well-known network simulators, as a unique
advantage of BANSIM, it is suitable for evaluating the conceptual de-
sign of ML models for resource optimization in WBANs. Using BANSIM,
researchers no longer need to worry about the compatibility between
existing network simulators and machine-learning libraries. We also
enable users to extend BANSIM to other networks by providing essential
lower-layer components and design strategies for translating packet
streams into discrete simulation events.

The main contributions of this study are summarized as follows:

We use the SimPy component model [18] to develop a discrete-
event network simulator in Python. We provide an example code
for using SimPy and translate packet streams into discrete simu-
lation events (code repository: https://bitbucket.org/bumsoul0/
bansim).

We implement basic network models for packet communication
and BAN-specific components, such as the human mobility model
and on-body channel model. We experimentally demonstrate that
BANSIM can capture a wide range of interactions that occur in the
network.

To improve the reliability of our system, BANSIM is modeled us-
ing the network architecture of ns-3. We evaluate the applicability
and accuracy of BANSIM by comparing it with ns-3.

To evaluate whether BANSIM can support DRL-based protocol
modeling and simulation, we present an example of deep Q-
network (DQN) training. The simulation results prove that users
can easily build a DQN environment and accurately evaluate
performance using BANSIM.

Although BANSIM is designed for WBAN environments, it sup-
ports fine-grained scalability by providing inter-layer interaction
and frame transaction models.
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2. Background and motivation

Popular network simulators such as OPNET, QualNet, OMNeT++
(Castalia Framework), and ns-3 allow researchers to build a simula-
tion environment for WBANs. However, it is difficult to evaluate DRL
algorithms in existing C/C++ network simulators because researchers
cannot directly import machine-learning libraries available for Python.
Although tensorflow C++ already exists, researchers have encoun-
tered various build errors when running tensorflow C++ on existing
network simulators because of compatibility problems.

Several frameworks have been proposed to improve compatibility of
existing network simulators with machine learning tools. For example,
OMNeT++ (in C++) and Keras (in Python) have been integrated by
implementing a method [2] that allows them to communicate using text
files. The simulation program periodically generates files that describe
the current state of simulation. Upon receiving the simulation data,
the DRL program generates a text file that describes the action to be
executed in the simulator. However, both programs should implement
a new character-based format to read and write text files. In addition,
this mechanism is highly dependent on the logic of the user program
and has a significant overhead.

ns3-gym [3] and ns3-ai [4] are examples of middleware that in-
terconnects ns-3 (in C++) and an Al framework (in Python). These
programs are responsible for transferring the current state of the sim-
ulation program and the resulting action of the reinforcement learning
(RL) agent. Specifically, ns3-gym translates the simulation events or
RL function calls into messages and transfers them through the ZMQ
socket. Similarly, ns3-ai supports process communication based on
shared memory. However, internal process communication increases
the overhead and complexity of the simulator. Moreover, the difficulty
of implementing the simulation program is significantly increased.

For these reasons, researchers have started to implement their DRL
algorithms in Python to avoid interoperability and compatibility prob-
lems. Performance of most DRL-based methods for WBANSs [5-11] was
evaluated in Python. However, these studies focused on the condi-
tions for building a DRL environment and did not provide a detailed
description of the network simulator. Similarly, performance of most
DRL-based network protocols [12-17] in other research fields was
also evaluated in Python, but details of the simulation program were
omitted; in some cases, it was simply mentioned that SimPy had been
used.

As a network simulator implemented in Python has not yet been
proposed, we should determine the specifications and capabilities of
the network simulation program. The lack of details may reduce the
reliability of the simulation results. Therefore, the right simulation
program is essential to help researchers accurately evaluate their DRL
algorithms in Python. In this study, we developed a discrete-event
network simulator for a WBAN using SimPy. SimPy is a process-based
discrete-event simulation framework for Python. To the best of our
knowledge, this is the first study to develop a discrete-event network
simulator using SimPy.

3. SimPy

SimPy is a process-based discrete-event simulation framework for
Python. The SimPy component model allows the design of a network
protocol stack and a series of frame transactions. As shown in Fig. 1, we
can create events and execute them using SimPy. We can set the priority
and delay for each event using the env.schedule () method, and
these options inspired us to develop a discrete-event network simulator.

Most simulation frameworks, including SimPy, are based on single-
threaded deterministic libraries. A single-threaded simulation system
works as follows: if concurrent tasks are not handled as events, all
tasks on other nodes are not performed until the current task has been
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import simpy

def example(event)
print(‘Hello world”)

env = simpy.Environment()

event = env.event()

event._ok = True
event.callbacks.append(example)
env.schedule(event, priority, delay)
env.run(until)

# Create event queue

# Generate an event

# Activate the event

# Define event action

# Register the event in the event queue

# Execute the contents of the event queue

Fig. 1. Event registration code using SimPy.
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Fig. 2. BANSIM architecture.

completed. Therefore, all tasks that can be executed simultaneously
should be treated as events.

For example, events in the real world (e.g., wireless LAN) occur at
slightly different times but may appear to occur simultaneously in the
simulation system. In SimPy, if events are scheduled at the same time,
they are processed sequentially according to the reservation order or
priorities of events. In addition, the start time of events registered in
the event queue is based on the delay option set for each event, not
the system clock time. Similarly, the simulation time passes between
sequential events.

4. BANSIM

BANSIM is a DRL-enabled discrete-event network simulator for
WBANSs implemented in Python 3.7. The simulator allows us to simulate
network models, run custom protocol stacks, and communicate by send-
ing packets over a wireless link. BANSIM is a simple and lightweight
simulation program that implements minimal network functions but
provides a useful test environment. The main advantage of BANSIM
is that it does not require a framework or middleware to interact with
a DRL development environment.

Fig. 2 shows the architecture of BANSIM. It consists of four network
models (i.e., APP, SSCS, MAC, and PHY) and four supplementary
components (i.e., DQN trainer, channel model, mobility model, and
packet model). The role of each component is described in the following
subsections.

In BANSIM, network protocols are designed using a class model.
Each class defines its functional operation and provides interface meth-
ods for communicating with the adjacent layers. For interaction be-
tween two protocols, for example, an upper-layer protocol
(e.g., medium access control (MAC) layer) directly calls an interface
method of a lower-layer protocol (e.g., physical (PHY) layer) or a
lower-layer protocol (e.g., PHY) calls back an interface method of
an upper-layer protocol (e.g., MAC). To implement a hierarchical
communication structure, BANSIM adopts a call-by-reference structure.
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Fig. 3. List of events during packet transmission.

The root class (i.e., node or agent) creates instances of each protocol
model and passes them to each instance so that they can directly call
the interface methods defined in other class models.

4.1. Event list

In BANSIM, all concurrent tasks are handled as events. Thus, the
simulation time does not pass until all events scheduled at the same
time have been processed. In addition, we can generate events to reflect
network delays, such as transmission and propagation delays, in the
simulation time. As shown in Fig. 3, BANSIM translates the packet
streams into discrete simulator events.

The list of events generated by each component is as follows:

- Data generation and packet queuing: Nodes belonging to the
same BAN generate data packets according to their sampling
rates and store the packets in the data queue using SSCS. These
procedures are concurrent tasks and, therefore, are treated as
events.

Packet transmission: Each node accesses a wireless channel
based on time division multiple access (TDMA). In the node, MAC
checks the data queue in the scheduled allocation interval for
each beacon period. If there is a packet in the data queue, MAC
creates an event for sending the packet.

Transmission and reception delays: Transmission delay is the
time until a packet is completely sent from the network interface
to the wireless channel, which depends on the packet size and
data rate. PHY creates an event for sending a packet over a
wireless channel (i.e., PHY creates an event that calls the interface
method of the channel model), and then it sets the transmission
delay to the delay option of the event. Reception delay is the
time required for a packet to be completely sent from the wireless
channel to the network interface. The channel model generates an
event to call the interface method of the receiver PHY and sets the
reception delay to the delay option of the event.

Propagation delay: Propagation delay is the time a packet leaves
the network interface on the sender-side and arrives at the net-
work interface on the receiver-side, which depends on the dis-
tance between devices and the speed of the medium. The channel
model generates an event to call the interface method of receiver
PHY and sets the propagation delay to the delay option of the
event.

4.2. Overview of BANSIM

BANSIM can build a WBAN environment with one agent (i.e., coor-
dinator) and n sensor nodes. The agent and nodes are interconnected
in a one-hop star topology. Users can configure the BAN environment
without any limit on the number of nodes and determine the sam-
pling rate of each node. BANSIM supports TDMA as a channel access
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Fig. 4. DQN training procedure between SSCS and the DQN trainer in the agent.

mechanism, and users can customize the beacon structure and beacon
period.

BANSIM supports three types of frames: management, control, and
data frames. Users can customize the frame header and frame body
according to the type of frame. BANSIM provides a beacon frame as
a management frame and an ACK frame as a control frame.

BANSIM provides three types of human mobility models: standing,
sitting, and walking. Users can obtain a body-shadowing factor and
path loss according to their body movements. BANSIM assumes an
error-free channel but a constant noise value. The receiver calculates
the reception power using the transmission power, path loss, and noise
value. If the reception power is lower than the reception sensitivity, the
packet is discarded.

In addition, users can establish a DRL-based resource allocation
policy using the DQN trainer. In the agent, users can define the state,
action, and reward using spectral parameters, such as transmission
power, reception power, and path loss. Although BANSIM is designed
for WBAN environments, it has fine-grained scalability. Components of
BANSIM are described in the following subsections.

4.3. SSCS

In the agent, a service-specific convergence sublayer (SSCS) pro-
vides a service access point between the DQN trainer and MAC. As
shown in Fig. 4, SSCS serves as an environment from the perspective
of the DQN trainer. Specifically, SSCS queries the DQN trainer for the
resource allocation policy suitable for the current state, and the DQN
trainer returns an optimal action. Thus, SSCS can learn a resource
allocation policy by itself by interacting with the DQN trainer.

SSCS allows users to customize two types of resource allocation
algorithms: uplink scheduling and transmission power control (TPC).
Users can easily implement their ideas in SSCS. The assignment infor-
mation is passed to MAC and encapsulated in the form of a
management-type frame (i.e., beacon frame). In summary, users can
develop algorithms to address the following two major problems in
WBANSs.

+ Uplink scheduling: In BANSIM, the agent provides assignment
information on the number of time slots, slot duration, and trans-
mission power level to nodes using a beacon frame. In WBAN,
to prevent transmission failure or retransmission owing to body
movements [19], the agent should dynamically determine the
appropriate number of time slots and slot duration in every
beacon period. In SSCS, users can devise scheduling parameters
and develop adaptive uplink scheduling algorithms.

TPC: Transmission power required for successful transmission
depends on the current body posture. To increase reliability, it is
important to determine the appropriate transmission power level.
In addition, energy efficiency can be improved if the optimal
transmission power is calculated by considering the path loss and
body shadowing. In SSCS, users can develop appropriate TPC
algorithms and verify their performance.

Journal of Systems Architecture 126 (2022) 102489
4.4. DQN trainer

Deep Q-network (DQN) is one of the most widely used DRL algo-
rithms. As shown in Fig. 4, DQN components are implemented in the
DQN trainer, and users can customize the DQN environment. Because
BANSIM runs in Python, users can easily import Python packages for
machine learning, such as NumPy, Keras, and Pytorch.

4.4.1. Basic operations

In the agent, the DQN trainer interacts with the SSCS to determine
the optimal resource allocation policy. The DQN trainer returns an
action to the environment (i.e., SSCS) on an on-demand basis by
observing the reward and new state from the SSCS. To interact with
the SSCS, the DQN trainer provides the following interface methods:
get_action() and set_observation(). In addition, the DQN
trainer defines internal methods for DQN training: create_model (),
train(), and update_replay_memory ().

The experiences are tuples of [s,,a,,r,,s,,1,done], which maintain
the transitions obtained from the environment. For example, when
the SSCS requests an action from the DQN trainer (i.e., SSCS calls
get_action() in the DQN trainer), the DQN trainer observes the
current state s, from the SSCS and returns immediate action g, based
on the epsilon-greedy algorithm.

SSCS allocates radio resources to node i based on the received
action. If the SSCS receives a data packet from node i, the reward r,
and new state s,,; are updated by the DQN trainer (i.e., the SSCS calls
set_observation() in the DQN trainer). If the SSCS allocates radio
resources to node i, but does not receive any response from node i until
an acknowledgment (ACK) timeout occurs, the done flag is enabled.

Each node constituting the BAN has different link conditions and
properties. To improve the policy = in various cases, the DQN trainer
should not assign the same action to each node. To avoid such as-
signment, the SSCS should maintain a status block b; = [s,,a,,r, 5,1,
donesteps);cy for each node. For example, when the SSCS requests an
action for node i from the DQN trainer, it passes the status block »; to
the DQN trainer, which returns the immediate action g, for the current
state s, of b;. When a data packet arrives from node i, the SSCS updates
75 5,41, done, and steps of b;, and creates a transition tuple for node i. If
the done flag is enabled or the value of stzeps in b; exceeds the threshold,
the current training episode for node i ends. All nodes share the same
number of episodes, and users can modify the maximum number of
training episodes. If the number of training episodes is exceeded, the
DON trainer always returns the best action.

The DQN trainer uses replay memory for training the DQN, which
stores the transitions observed by SSCS in replay memory
(i.e., update_replay_memory ()) and reuses these data later. The
transitions that constitute a batch are decorrelated by randomly sam-
pling the transitions from replay memory. This task stabilizes and
improves the DQN training process. The DQN trainer has two types
of neural network, i.e., the target network and the main network.
These neural networks have the same structure but different weights.
For a stable convergence of the predicted Q-value, the target network
is periodically updated with the weights of the main network as the
training episode progresses.

4.4.2. Hyperparameter tuning

In the DQN trainer, users can simply create a neural network using
the sequential model or configure a complex neural network (e.g., feed-
forward neural network (FFNN)) using the functional application pro-
gramming interface (API) (e.g., Input, Dense, and Model) provided
by Keras. For beginners, BANSIM provides the sample code and tem-
plates in the DQN trainer (i.e., create_model () and train()) to
configure the two types of neural network models. In addition, users
can tune the hyperparameters, such as the number of epochs, batch
size, learning rate, and number of hidden layers in the built-in neural
network model.
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4.5. MAC

IEEE 802.15.6 supports three types of communication modes: (1)
beacon mode with superframes, (2) nonbeacon mode with superframes,
and (3) nonbeacon mode without superframes. In BANSIM, a beacon
mode with superframes was implemented. In this mode, the coordinator
transmits beacon frames in the active superframes. The superframe
structure is divided into a random access phase (RAP) and managed
access phase (MAP). Users can customize the superframe structures.

BANSIM provides three key functions of MAC layer: radio
transceiver control, flow control, and event tracing. For radio
transceiver control, BANSIM supports two types of transmission modes:
TDMA and carrier-sense multiple access with collision avoidance
(CSMA/CA).

4.5.1. TDMA

As illustrated in Fig. 5, MAC is responsible for changing the state
of the radio transceiver. After the node is initialized, the state becomes
RX_ON. When the node starts to receive the beacon frame, the state is
set to BUSY_RX. A collision may occur when a new packet arrives when
the state is BUSY_RX. If MAC successfully receives the beacon frame,
it checks the assignment information included in the beacon frame.
The assignment information contains scheduled uplink information
(i.e., interval start and interval end) and the transmission power level.

Upon receiving the beacon frame, MAC generates an event that calls
check_queue (), a private method that sends packets from the data
queue, and it sets the interval start to the delay option of the event. PHY
attributes (i.e., transmission power level) are passed from MAC to PHY
by calling set_phy_attribute_request (), which is an interface
method of PHY. In check_queue (), the state of the radio transceiver
is changed to TX_ON by calling set_phy_trx_state_request ().
Then, the state of the radio transceiver is set to BUSY_TX until PHY has
completely forwarded the packet over the wireless channel.

After MAC successfully transmits the packet, it registers an ACK
timeout event and changes the state of the radio transceiver to
ACK_PENDING until an ACK frame arrives at the receiver. When an
ACK timeout occurs or an ACK frame is successfully received, MAC
prepares for the next transmission by calling the check_queue ().
If the remaining time slot is less than the expected transmission time,
MAC abandons the next transmission; otherwise, it transmits the next
packet by changing the state of the radio transceiver to TX_ON. If the
allocated time slot is over, MAC changes the state to RX_ON.

4.5.2. CSMA/CA

BANSIM provides a contention-free channel access mechanism
based on TDMA. To increase the scalability of BANSIM, we also
support the CSMA/CA mechanism. Users can set a RAP in the su-
perframe, and then nodes acquire a channel based on CSMA/CA. To
support CSMA/CA, we implement two interface methods in the PHY
model: clear channel assessment (CCA) and energy detection (ED). The
CSMA/CA model uses these methods to check whether the channel
is busy or idle, and it attempts to access the channel based on the
exponential backoff algorithm. MAC receives channel information from
the CSMA/CA model through a callback function and generates an
event that calls check_queue () when the channel is idle.

4.6. PHY

IEEE 802.15.6 supports three types of PHYs, i.e., ultra-wideband
(UWB), human body communications (HBC), and narrowband (NB)
PHYs. In BANSIM, the NB PHY is implemented and is responsible for
the following functions: (1) radio transceiver control, (2) CCA, and (3)
data transmission and reception.

As shown in Table 1, PHY supports three types of modulation
schemes according to the frequency bands. The data and symbol rate
are determined based on the type of modulation. Users can add new
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Fig. 5. Example of radio transceiver control.

Table 1
Frequency bands and modulation schemes supported by PHY.

Frequency band  Modulation  Data rate ~ Symbol rate ~ Number of symbols
868 MHz BPSK 20 Kbps 20 Ksps (32, 8, 8)

915 MHz BPSK 40 Kbps 40 Ksps (32, 8, 8)

868 MHz ASK 250 Kbps  12.5 Ksps 2,1, 04

915 MHz ASK 250 Kbps 50 Ksps 6, 1, 1.6)

868 MHz QPSK 100 Kbps 25 Ksps 8, 2,2)

915 MHz QPSK 250 Kbps  62.5 Ksps 8, 2,2

2.4 GHz QPSK 250 Kbps  62.5 Ksps 8, 2,2

PHY attributes, such as the frequency band, modulation, data rate,
and symbol rate. PHY supports four types of radio transceiver options:
TX_ON, RX_ON, BUSY_TX, and BUSY_RX. PHY provides an interface
method that allows MAC to control the radio transceiver.

PHY interacts with the channel model to handle the packet trans-
mission and reception. Upon receiving a packet (i.e., PSDU) from MAC,
PHY forwards the packet to the channel model. At this time, instead of
adding the PLCP header to the packet, the transmission overhead of the
PLCP header is added to the transmission delay.

For example, PHY generates an event that calls start_tx(), an
interface method of the channel model, to load a packet into the
wireless channel. The delay of this event is the transmission delay,
which is set as the packet size divided by the data rate. The channel
model maintains a list of PHY instances belonging to the same BAN.
If the channel model receives a packet, it generates an event that calls
an interface method (i.e., start_rx()) for all PHY instances in the
list. The delay of this event is the propagation delay, which is set as
the distance between the sender and the receiver divided by the speed
of the medium (i.e., light).

4.7. Channel model

In BANSIM, the channel model serves as an interface for commu-
nication between the sender and receiver. In this model, users can
implement various types of propagation loss models. BANSIM supports
two types of such models: the Friis free-space propagation model and
the BAN-specific path-loss model.

The Friis free-space propagation model is used to predict the re-
ception power when the line-of-sight (LOS) between the sender and
receiver is guaranteed. In this model, the reception power is calcu-
lated using the transmission power, antenna gain, wavelength, and dis-
tance between the sender and receiver. However, frequent body move-
ments in WBANs cause non-line-of-sight (NLOS) propagation. There-
fore, the propagation loss model should consider the body-shadowing
factor according to body movements to build a realistic WBAN channel
environment.

The BAN-specific path-loss model predicts the reception power us-
ing the loss function extracted from the real-WBAN testbed. Based on
the distance between the sender and receiver, several path-loss models
were tested in [20,21]. As a result, a BAN-specific path-loss model was
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Fig. 6. Movement of position vectors over time in the walking model.

extracted and showed the best fit with the measurement data. This
model can be expressed as follows:

PL(d) = PL(dy) + 10nlog,(d/dy) + S, @

where d denotes the distance between the sender and receiver. PL(d,)
is the path loss at a reference distance d,, and n is the path-loss
exponent. S denotes the body-shadowing factor. If the LOS between
the sender and receiver is guaranteed, the body-shadowing factor is not
considered when calculating the path loss. The LOS or NLOS between
the sender and receiver can be calculated using the mobility model.

4.8. Mobility model

BANSIM provides three types of human mobility models: standing,
sitting, and walking. Standing and sitting models are static positions,
whereas the walking model is dynamic.

The mobility model has 15 position vectors for describing body
movements. As illustrated in Fig. 6, each position vector represents a
part of the human body (e.g., torso, knee, and wrist), which periodically
moves or rotates according to the human mobility model. For example,
the rotation of a position vector in a walking model can be expressed
as follows:

vector, = random(0, 1), (@3]
vector, = cos(—DegreesToRadians(D)) X C, 3)
vector, = sin(—DegreesToRadians(D)) X C, 4)

where vector, denotes the direction of movement, and random()
generates a random integer within a given range (i.e., 0 indicates the
direction toward the left and 1 indicates the direction toward the right).
In addition, vector, and vector, are the coordinates representing the
rotation of the position. Here, D denotes the current degree and C is
a constant value. Based on the above equations, the mobility model
implements a rotation of the arms and legs.

Specifically, we designated the joints where the arms and legs con-
nect as anchor points. To implement the walking model, we represent
each body part as a node and connect the arms and legs to each anchor
point. For example, the node at the anchor point is the root node, and
the child nodes (i.e., arms and legs) rotate based on the position of the
parent node. To implement the standing and sitting model, we used the
relative distance between the coordinator and nodes configured in the
actual WBAN testbed [21] as a reference model.

The mobility model generates a random seed by using the NumPy
package to create a movement pattern. This ensures different perfor-
mance results each time the user runs a simulation. In addition, the
mobility model provides utility methods for calculating the distance or
LOS/NLOS between position vectors. The PHY contains an instance of
the mobility model and refers to the position vector corresponding to
the desired body position. Furthermore, the channel model calculates
the path loss between the sender and receiver using the mobility model.
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| Time | Event log |

Send a beacon frame in the agent (NID:10) |
| Time: 0.25551 | Transmission confirm: (NID:10), result: BanDataConfirmStatus.IEEE_802_15_6_SUCCESS |
| Time: 0.25551 | Send a packet at the physical layer (NID:10) |
| Time: 0.25602 | Received a packet (NID:4) from (NID:10) |
| Time: 0.25602 | Received a packet (NID:7) from (NID:10 |
| Time: 0.25602 | Received a packet (NID:2) from (NID:10 |
| Time: 0.25602 | Received a packet (NID:5) from (NID:10, |
| Time: 0.25602 | Received a packet (NID:3) from (NID:10; |
| Time: 0.25602 | Received a packet (NID:1) from (NID:10 |
| Time: 0.25602 | Received a packet (NID:8) from (NID:10 |
| Time: 0.25602 | Received a packet (NID:6) from (NID:10) |
|
|
|
|
|
|
|
|
|

)
)
)
)
)
)

| Time: 0.26445 | Send a packet at the physical layer (NID:1)

| Time: 0.2817 | Transmission confirm: (NID:1), result: BanDataConfirmStatus.IEEE_802_15_6_NO_ACK

| Time: 0.28545 | Send a packet at the physical layer (NID:2)

| Time: 0.2938 | Received a packet (NID:10) from (NID:2)

| Time: 0.29439 | Transmission confirm: (NID:10), result: BanDataConfirmStatus.IEEE 802 15 6 SUCCESS
| Time: 0.29439 | Send a packet at the physical layer (NID:10)

| Time: 0.2949 | Received a packet (NID:2) from (NID:10)

| Time: 0.2949 | Transmission confirm: (NID:2), result: BanDataConfirmStatus IEEE 802 15 _6_SUCCESS

| ... execution continues

Fig. 7. Sample execution.

4.9. Packet model

The packet model defines the MAC header and MAC frame body
specified in the IEEE 802.15.6 standard. When SSCS creates a packet
and determines its purpose, MAC adds the MAC header and MAC frame
body to the packet using the packet model. As previously described, the
PLCP header is not added to the packet, but the transmission overhead
of the PLCP header is calculated in PHY. To simplify the interface of
the simulation program, the packet model contains additional infor-
mation (e.g., spectral parameters). For example, a packet contains the
following information:

» Packet size: Users can determine the packet size (i.e., MSDU
length) when generating a packet in SSCS. It is used to calculate
transmission delay and throughput.

MAC header: A packet includes the MAC header specified in
the IEEE 802.15.6 standard. The MAC header contains the fol-
lowing fields: frame control, BAN ID, sender ID, and recipient
ID. The frame control field includes various control information
such as frame-type, frame-subtype, ACK policy, and sequence
number. The packet model defines three types of frame structures:
management-type frame, control-type frame, and data frame.
Users can define a new MAC header or modify the existing frame
structure.

MAC frame body: The MAC frame body is initialized according
to the frame-subtype field. The packet model provides three types
of MAC frame bodies: beacon frame, ACK frame, and data frame.
Users can define a new MAC frame body or modify the existing
frame structure.

Spectral parameters: A packet contains spectral parameters such
as transmission power, reception power, and path loss. This infor-
mation is initialized or updated as the packet passes through each
layer. Users can easily access the spectral parameters without any
additional interface or storage space.

4.10. Sample execution

Fig. 7 shows a sample execution that demonstrates the operation of
BANSIM. In the sample execution, a BAN consists of one agent and eight
nodes, and the agent (node ID (NID): 10) broadcasts a beacon frame
every 255 ms (time: 0.255). When the agent successfully transmits the
beacon frame, the status information is printed (time: 0.25551). Each
node simultaneously receives the beacon frame (time: 25602) and then
sends data packets to the agent in the scheduled allocation interval.

For example, if a packet sent by the node (NID: 1) is lost owing
to body shadowing, an ACK timeout occurs (time: 0.2817). If the
agent successfully receives the packet sent from the node (NID: 2), it
returns an ACK frame (time: 0.29439), after which the transmission is
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Table 2
Simulation parameters.

Parameter

Value

Frequency band
Modulation

Transmission power
Reception sensitivity

Rx energy

Channel access mechanism
Access mode

Beacon period

Packet size

ACK policy
pAllocationSlotLength
pAllocationSlotResolution
pAllocationSlotMin
pExtralFS/ pMIFS/ pSIFS
Mobility model

868 MHz/915 MHz
ASK/QPSK

0 dBm

—82 dBm

4.5 mA

TDMA

Beacon with superframes
255 ms

50-250 bytes
I-ACK

20

500 us

500 us

10 us/20 us/75 us
Walking model

completed successfully (time: 0.2949). This sample execution demon-
strates that BANSIM supports basic packet communication, and users
can easily implement their ideas without in-depth code analysis.

4.11. Extension of BANSIM

A wireless network based on a one-hop star topology, such as a
WBAN, assumes that all nodes are connected to a coordinator. This
assumption makes the network configuration easier by eliminating
the exchange of control messages required for network maintenance.
However, a network whose topology changes frequently, such as a
mobile ad hoc network (MANET), requires reliable topology control at
the routing layer. To extend BANSIM to other networks, we provide
users with an abstract class to define a new upper layer and service
primitives to interwork with a lower layer.

4.11.1. Interface for new upper layers

Users who wish to extend BANSIM to other networks can configure
an 802.11-based communication environment by setting CSMA/CA as
the default channel access model in the MAC. In addition, users can
construct a routing table by defining a new upper layer (i.e., routing
layer) using an abstract class (i.e., UpperLayer). Specifically, users
must add topology information to the payload of the packet model and
then define a set of transaction models to process control packets.

4.11.2. Two-hop star topology extension

The IEEE 802.15.6 standard supports a two-hop star topology exten-
sion. Basically, although BANSIM is implemented based on a one-hop
star topology, users who want to extend the two-hop star topology
can define a new frame transaction model in the SSCS. Specifically,
BANSIM supports the three types of frame structures specified in the
IEEE 802.15.6 standard; however, detailed operations according to the
bit fields of each frame header have yet to be implemented. Hence,
users who want to extend the two-hop star topology must implement
core functions of the IEEE 802.15.6 standard, such as an association
and two-hop star topology extension.

5. Experiment

To validate the reliability of our system, BANSIM should show
similar performance as existing network simulators in the same net-
work environment. BANSIM is modeled based on the network ar-
chitecture of ns-3; therefore, we first evaluate the applicability and
accuracy of BANSIM by comparing it with ns-3. We compare BANSIM
with the IEEE 802.15.6 standard program developed in our previ-
ous study [22]. The simulator code is publicly available at https://
bitbucket.org/bumsoul0/bansim.
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Table 3

Node specifications.
NID Priority Sampling rate Position
N1 0 < 2.5 Kbps Left elbow
N2 0 < 2.5 Kbps Left wrist
N3 0 < 2.5 Kbps Right elbow
N4 0 < 2.5 Kbps Right wrist
N5 0 < 2.5 Kbps Left knee
N6 0 < 2.5 Kbps Left ankle
N7 0 < 2.5 Kbps Right knee
N8 0 < 2.5 Kbps Right ankle

NS-3 (868 MHz-ASK) 81 [[C_JNs-3 (868 MHz-ASK)
o/ I BANSIM (868 MHz-ASK) S BANSIM (868 MHz-ASK)

Average Delay (ms)

Average Throughput (Kbps)

50 100 150 200 250 50 100 150 200 250
Packet Size (Bytes) Packet Size (Bytes)

(a) Average delay (868 MHz-ASK) (b) Average throughput (868 MHz-
ASK)

[_]Ns-3 (915 MHz-QPSK) u| NS-3 (915 MHz-QPSK)
BANSIM (915 MHz-QPSK) BANSIM (915 MHz-QPSK)

Average Delay (ms)

Average Throughput (Kbps)
o o a

50 100 150 200 250 50 100 150 200 250

Packet Size (Bytes) Packet Size (Bytes)

(c) Average delay (915 MHz-QPSK) (d) Average throughput (915 MHz-
QPSK)

Fig. 8. Comparison of ns-3 and BANSIM: average delay and throughput.

Table 4

Comparison of ns-3 and BANSIM: system performance.
Parameter ns-3 BANSIM
CPU 18% 14%
Memory 180 MB 130 MB
Build time 10 s 2s
Simulation time 30s 25 s

5.1. Simulation setup

The test network consists of one agent and eight nodes, which are
interconnected based on a one-hop star topology. The agent broadcasts
a beacon frame every 255 ms. The beacon frame includes the scheduled
link information (i.e., each node is assigned 20 time slots, and the
slot duration is 1 ms) and transmission power level. Each node moves
periodically according to the walking model, and the channel model
causes a packet loss based on the link quality between the sender
and receiver. After receiving the beacon frame, each node sends data
packets in the scheduled allocation interval and outputs a transmission
result. Tables 2 and 3 list the common simulation parameters and node
specifications, respectively. We conducted the simulation 50times with
a 95% confidence interval.

5.2. Comparison with ns-3
Table 4 shows the system performance of ns-3 and BANSIM under

the same simulation scenario. The biggest difference between them is
the build time, the reason for which is that BANSIM builds only the


https://bitbucket.org/bumsou10/bansim
https://bitbucket.org/bumsou10/bansim
https://bitbucket.org/bumsou10/bansim

B.-S. Kim et al.

4000 NS-3
BANSIM

60000

BANSIM

50000

40000

30000

20000
1000

10000

Average Number of Dropped Packets

Average Number of Generated Events

od
1000 1500 2000 2500 3000 3500 4000 4500 5000 1000 1500 2000 2500 3000 3500 4000 4500 5000

Simulation Time (Seconds) Simulation Time (Seconds)

(a) Average number of generated (b) Average number of dropped
events packets

Fig. 9. Comparison of ns-3 and BANSIM: average numbers of generated events and
dropped packets.

essential models for configuring the WBAN environment; by contrast,
ns-3 must build even unused source files owing to the dependency
between communication models. These results prove that BANSIM
can provide a lightweight simulation environment compared to ns-3.
System variables used in this experiment can be found in the code
repository.

As shown in Fig. 8, we derive the transmission delay and throughput
according to the frequency band and modulation scheme. The data rate
and symbol rate for each modulation scheme are listed in Table 1. By
deriving the basic MAC performance parameters from both simulators,
we can prove that they exhibit similar performances in the same
network conditions.

Figs. 8(a) and (b) show the average delay and average throughput
when the ASK modulation scheme is applied in the 868 MHz frequency
band. The delay and throughput depend on the packet size, data rate,
link quality, and distance between the sender and the receiver. Both
simulators have the same protocol architecture, simulation parameters,
and event handling mechanism. As a result, even if the packet size
increases, the difference in performance between both simulators is
less than 10%. The 10% difference is determined by system parame-
ters. Importantly, the performance of both simulators changes at the
same ratio as the packet size increases. These results prove that no
additional dominant factors affect the delay and throughput other than
the simulation parameters covered by BANSIM.

Comparing Figs. 8(c)-(d) with Figs. 8(a)—(b), the performance
slightly increases as a result of changing the PHY attributes (i.e., QPSK
modulation is applied). Similarly, the performance of both simulators
changes at the same ratio as the packet size increases. These results
prove that BANSIM uses the same simulation parameters as ns-3 and
supports the essential components required for packet communication.

In particular, as shown in Figs. 8(b) and (d), the average throughput
when sending a 100 byte packet is the same as the average throughput
when the packet size is set to 200 bytes. The reason is that each
node is allocated a total of 20 ms time slots for each beacon period,
and a 100 byte packet can be sent twice within a given time. That
is, considering the given PHY attributes, each node can only send a
single packet within a given time when it sends a 150 byte packet
or more. This phenomenon occurs in both simulators. These results
show that both simulators have the same PHY attributes and transport
mechanisms.

In addition, we verified that BANSIM could capture a wide range of
interactions that occurred in the network by comparing the number of
events generated by MAC and PHY. Fig. 9(a) shows that the number
of events generated by both simulators is the same because both sim-
ulators have the same event-handling mechanism (i.e., both simulators
translate packet streams into discrete simulator events).

To evaluate the accuracy of the channel model, we compared the
number of packets lost in the PHYs of both simulators under the
condition that used the same walking model. As shown in Fig. 9(b),
the number of packets lost in both simulators differs by less than 10%.
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Table 5
DQN hyperparameters.

Hyperparameter Value

Neural network model Sequential model

Number of layers 2
Number of neurons per layer 24
Input dimension 2
Activation function ReLU
Optimizer RMSProp
Maximum number of episodes 4000
Maximum number of steps 300
Minimum epsilon/epsilon 0.1/1.0
Exploration ratio 0.5
Minimum replay memory size 1000
Replay memory size 100000
Update frequency of target-net 5
Reward discount factor 0.99
Batch size 64

Notably, the number of lost packets over the simulation time increased
at the same rate in both simulators. Therefore, we demonstrated that
the channel model provided by BANSIM performed the same operation
as ns-3 without additional factors.

5.3. Use case: DQN training for TPC

To evaluate whether BANSIM supports DRL-based protocol mod-
eling and simulation, we present an example of a DQN training. In
this example, we created a DQN model for TPC optimization. This
example used the network parameters listed in Table 2 and assumed
the same network environment and scenario as specified in the previous
subsection. The packet size was fixed at 250 bytes.

In the agent, the DQN trainer interacts with SSCS to determine the
optimal TPC policy z. SSCS requests an action (i.e., transmission power
level) for node i from DQN trainer with the status block b;. DQN trainer
returns the immediate action a, for current state s, of b, based on the
epsilon-greedy algorithm. Then, SSCS notifies node i of the transmission
power level by sending a beacon frame.

If the agent receives a data packet from node i, SSCS updates s,,
. a5, S;41, done, and steps of b;, and it creates a transition tuple for
node i. DQN trainer stores the transition tuple observed from SSCS in
the replay memory. If the size of the replay memory is larger than the
minimum size, the DQN trainer trains the DQN model by sampling the
transition tuples. Here, we define the state, action set, and reward as
follows:

« State: The state is defined as s = [P,,, d]. Here, P, indicates
the signal strength when the agent receives a data packet from
a node, and d denotes the distance between the agent and node.
The agent is expected to find the optimal TPC policy according to
the reception power and distance.

Action set: The action set is defined as A = [-25, —24, —23, —22,
-21, -20, -18, -16, —14, -12, -10, -8, —6, —4, —2], where each
value represents the transmission power level (dBm).

Reward: Sending a packet with a low transmission power can
save energy. The agent can earn from 1 to 15 points as a re-
ward for the action. For example, if a node successfully sends
a packet with the lowest transmission power (i.e., —25 dBm),
the agent receives 15 points as a reward. In contrast, if a node
successfully sends a packet with the highest transmission power
(i.e., —2 dBm), the agent receives 1 point. If the transmission fails,
the agent receives —1 points and activates the done flag.

If the done flag is enabled or the value of steps exceeds the maximum
number of steps, the current training episode ends. Moreover, when the
current number of training episodes exceeds the maximum number of
episodes, the DQN training procedure is completed. The DQN trainer
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always returns the best action with the highest Q-value. The details on
DON hyperparameters are listed in Table 5.

Given s,, the agent randomly selects a4, from A or selects a, with
the highest Q-value. The exploration rate was relatively high at the
beginning of the training. Thus, the agent attempts to find the optimal
policy z by trial and error. As a result, as shown in Fig. 10(a), the
fluctuation of the average packet delivery ratio is the highest at the
beginning of the training (i.e., the episode number is 1500). This
phenomenon can also be observed in Fig. 10(b). The fluctuation in the
average throughput was the highest at the beginning of the training. In
addition, Fig. 10(c) shows that the average power consumption ratio is
the lowest because the agent randomly selects the transmission power
level at the beginning of the training.

However, as the training episode progresses, the exploration rate
decreases. Hence, the probability of selecting the transmission power
level suitable for the current state gradually increases over time rather
than finding a new TPC policy by selecting various actions. As a result,
according to Figs. 10(a), (b), and (c), the variation in performance
gradually decreases as the episode progresses.

As shown in Figs. 10(a) and (b), at the end of the training (i.e., the
episode number is 4001), each node shows an average packet delivery
ratio close to 100% and the maximum average throughput achievable
for a given bandwidth. In addition, each node sends a data packet
with a minimum transmission power. Thus, the agent has learned the
optimal TPC policy for the current state, which is composed of the
reception power and the distance between the sender and receiver.
Specifically, the agent finds the TPC policy optimized for the current
mobility pattern. Therefore, the simulation results prove that BANSIM
is capable of DRL-based network modeling and simulation. Users can
easily build a DQN environment using the given DQN example code.

6. Conclusion

In this study, we developed BANSIM, a simple and intuitive DRL-
based simulation environment in Python. BANSIM supports basic net-
work models for packet communication and BAN-specific components.
As a result, researchers can use BANSIM to address major research
problems in WBAN, such as uplink scheduling or TPC. The sample
execution demonstrated that BANSIM can capture a wide range of
interactions that occur in networks. Using the DQN training example,
we proved that BANSIM could support DRL-based network modeling
and simulation. In future work, we plan to add supplementary features
to BANSIM, such as multi-channel model and ETSI SmartBAN [23]. We
hope that BANSIM becomes a useful WBAN simulation environment.
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