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Abstract—Wireless communications for real-time control is an
emerging field. There are many advantages gained by replacing
a wired link with wireless; however, wireless brings unique
challenges. Applications may need to be designed with wireless
communications in mind, so they adapt in real-time to the state
of the radio frequency (RF) channel. We present a real-time
robotic use case that extrapolates end-effector poses by using
wireless network quality indicators. We acquired the wireless
channel state information (CSI) by polling the Received Signal
Strength Indicator (RSSI) at a rate of 250 Hz. We demonstrate
improvements to physical robot performance from the unique
advantage of implementing a wireless co-design use case. The
use case consists of two industrial robotic arms, the Leader
and Follower robots, which coordinate to lift a metrology bar.
The Follower senses when RSSI falls below a set threshold and
extrapolates the next target pose. We conducted experiments
with a dynamic, non-line-of-sight, multipath wireless channel by
placing the station antennas and the access point inside a shielded
and highly RF reflective reverberation chamber to emulate an
industrial environment. We highlight the need for wireless control
co-design to improve operational performance when presented
with a challenging RF channel. Adopting wireless co-design may
alleviate the strict communications reliability requirements often
cited for industrial wireless networks and lead to greater adoption
of the technology.

Index Terms—Industrial wireless, factory communications,
wireless co-design, adaptive control, WLAN

I. INTRODUCTION

Wireless communications offer many advantages: ease of
installation, increased mobility, and quick network recon-
figuration compared to wired alternatives. The increasing
desire to transmit control information remotely is creating
pressure to find solutions to address reliability concerns of
wireless networks. Many mobile robotic platforms perform
their computations locally for real-time motion control. This
may be too costly and impractical due to the computing
power required. Remote real-time control opens the door to
many use cases in Industry 4.0 and 5.0 [1]. However, current
wireless communications pose reliability and latency concerns.
Industrial environments are typically highly complex with
metallic surfaces that block and reflect radio frequency (RF)
signals. Due to the complex RF environment, deep fading may
also occur, leading to bit errors or connection loss. In addition
to reliability concerns from the harsh RF channel, interference
in the form of co-existing wireless traffic may increase latency
due to contention. Increased latencies in communications may
violate traffic deadlines, decreasing application reliability.

In a previous work, we have shown methods to increase de-
terminism in Wi-Fi. We implemented software-based schedul-

ing techniques for wireless time-sensitive networking (WTSN)
to protect time-critical traffic from co-channel interference, as
described in [2] and [3]. We then extended our work in WTSN
to utilize redundant dual-frequency bands at 2.4 and 5 GHz,
which reduced latency and increased reliability when faced
with interference [4]. However, these works focused on RF
interference. In this paper, we turn our attention to significant
reductions in received signal strength due to deep fading in the
RF channel. We explore how signal degradation impacts the
performance in our dual-lift robotic use case, and we provide a
channel-aware algorithm to extrapolate control data, improving
the tracking performance of the Follower robot.

To address deep fading conditions, we implemented an ex-
trapolation control algorithm for our real-time control robotic
application called the “Dual-Lift Robotic Use Case.” The
algorithm extrapolates positional data when 1) the received
signal strength indicator (RSSI) falls below a threshold, or 2)
multiple data packets are missed consecutively. We discovered
that using the combination of a data timeout and RSSI thresh-
old, in tandem, yielded improved robot tracking performance.
The use case monitors RSSI in real-time to respond to poor
channel conditions. We chose RSSI to represent the channel
conditions because it was the only real-time metric exposed
by the chipset. In Section V, we recommend that several other
channel state information metrics be exposed by the chipset.

A. Real-Time Control Over Wireless

Real-time control signaling over wireless is an essen-
tial component of untethered industrial automation including
robotics and autonomous vehicles. Wireless enables sensing,
actuation, and control without the constraints of cabling [5].
A primary challenge for wireless is to ensure reliability and
latency determinism. The wireless channel is prone to inter-
ference and path loss, and both pose a significant challenge
for untethered real-time control. In our past work on wireless
requirements for the factory workcell, we determined that
a typical reliability target for closed-loop regulatory (real-
time) control would be no greater than a single failure in
ten million transmissions, or 10-7 [6]. Failure was defined
as two or more consecutive data transmission losses. Strict
reliability and latency requirements may be overly demand-
ing for many real-time control applications as mentioned in
[7] for an autonomous guided vehicle (AGV). The AVNU
Alliance [8] has a working group dedicated to WTSN, with
the aim of achieving deterministic wireless communications.
Despite these efforts to overcome the challenges of the wire-



less medium, physical phenomena that cause degraded signal
quality still persist such as path loss (range), obstructions, or
severe multipath. Control systems may overcome an unreliable
wireless link by being more resilient to errors. We propose
that applications with channel-aware control may significantly
loosen the strict reliability requirement of 10-7.

B. Deep Fading in Wireless Communications

Deep fading refers to a phenomenon in which severe re-
ductions in signal strength occur due to physical barriers and
multipath effects. Deep fading can cause connectivity prob-
lems such as data loss, delays, or even station disconnection.
These problems arise as the deep fades cause consecutive
packet errors leading to long control signal gaps. Industrial
environment models have been shown to underestimate the
occurrence of deep fading by a factor of ten [9]. In addition,
when the receiver moves out of the working range of an
access point (AP), it may hand over connectivity to another AP
with a stronger signal power. If the hand-off is not performed
seamlessly, significant losses in communications may occur.
Devices could remedy this by using redundant frequency
bands leveraging the IEEE 802.11CB standard [10]. Despite
efforts to overcome deep fading in the wireless domain,
wireless performance can still be unpredictable, and control
systems implementers should consider the wireless channel
state information (CSI) in their designs.

C. Contributions and Paper Organization

We build upon the work outlined in Section II to create an
RSSI-aware real-time control algorithm that improves perfor-
mance in a realistic industrial use case. In an independently
identical distribution (IID) channel, errors occur randomly and
independently (i.e., no burst error periods). However, for the
cases of co-channel interference, blockage, shadowing, and
severe multi-path fading, many consecutive packet losses will
occur. When the channel impact is so severe that bursty errors
occur, we implement a target pose extrapolation algorithm
using real-time RSSI information at the receiving station.
This algorithm extrapolates future points that fill in the data
gaps in the control signal by monitoring the RSSI level,
thereby improving the tracking error of the Follower robot.
The contributions of this paper are as follows:

1) We demonstrate the benefit of CSI-aware real-time con-
trol approaches for industrial use cases;

2) We provide a practical example of CSI-aware co-design
that mitigates the physical impacts on robot tracking
error from burst errors associated with deep fades; and

3) We recommend other CSI metrics exposed by the wire-
less chipset to further enhance the CSI-aware co-design
process.

Section II presents related work on CSI-based co-design.
In Section III, we present our CSI-based co-design algorithm.
The experimental methodology is then presented in Section IV.
The results are presented in Section V which highlight the
performance gains using our RSSI-aware approach. Lastly, we
discuss our conclusions in Section VI.

II. RELATED WORK

In previous works, researchers explored approaches to in-
tegrate wireless quality-of-service (QoS) information to aid
real-time control applications. Recent studies have made incre-
mental improvements to the connection between RSSI-based
prediction and reliable control strategies for robotic systems.

Ravichandran et al. created an online Kalman filter to
predict RSSI along the paths of a mobile robot [11]. This
work demonstrated a method to detect connectivity issues
early using neural networks. Similarly, Bogas et al. showed a
strong link between robot movement, RSSI drops, and packet
loss in IoT systems [12]. They confirmed the idea that RSSI
thresholds can serve as event triggers for backup control
algorithms. Ghosh et al. introduced ARREST, a mobile robot
that used RSSI with Kalman filters to follow a target, despite
poor signal conditions [13]. This work emphasized the use-
fulness of RSSI for guiding robot movement. An RSSI-based
method for handovers was described in [14]. The method used
hysteresis and spatial triggers to hand-off between different
access points for indoor robots ahead of dropouts, focusing
on proactive actions driven by localized RSSI measurements.
In a co-design framework, Eisen et al. presented a method
for industrial robotic conveyors by modifying control through
edge computing for joint improvement [15].

Together, these studies show methods for RSSI prediction,
connectivity-aware movement, and improvements to reliable
control. To complement these works, our approach combines
the use of real-time CSI, specifically local RSSI information,
to preemptively generate new trajectories to extrapolate gaps
in data of a real-time position update stream. This method
ensures smoother robotic tracking, despite bursty errors from
deep fading. This combination of anticipating connectivity
issues using current RSSI information to improve the physical
performance of a robotic use case sets our method apart from
previous works.

III. CSI-AWARE CONTROL ADAPTATION

This section describes the Dual-lift Robotic Use Case,
enhancements to the use case’s messaging, and the RSSI-aware
extrapolation algorithm implemented by the Follower node.

A. Description of the Dual-Lift Robotic Use Case

NIST’s Dual-Lift Robotic use case operates with two six-
jointed robot arms, labeled the Leader and Follower. There are
three nodes running the Robot Operating System (ROS): the
Leader, Follower, and Supervisor. ROS is a middleware used
to program, coordinate, and interface between ROS nodes and
robot controllers. Fig. 1 shows the Leader and Follower robots
holding the metrology bar with their electromagnetic grippers.
The supervisor coordinates with the Leader and Follower to
grip and lift the bar and begin the tracking sequences. The
Leader robot traces a predefined path, and the Follower tracks
poses sent by the Leader node by using a velocity controller.
The Leader sends its ”desired pose” message at 125 Hz, or
every 8 ms. For the experiments in this paper, the Leader
traced a circular path which the Follower mirrored. A circular



Fig. 1: The Dual Lift Robotic Use Case. Here, the Leader and
Follower industrial robot arms are picking up the metrology
bar on the NIST industrial wireless testbed. Their positions
are captured using an overhead, infrared 3D tracking system.

shape was chosen such that the steady-state error between the
Leader and Follower’s path is, in theory, a constant value.
Perturbations in the Leader-Follower Cartesian error metric
correlate with increased latency or packet losses in the wireless
communications link [3]. We updated the control program to
transmit a desired pose using the User Datagram Protocol
(UDP). ROS uses the Transmission Control Protocol (TCP)
by default, and UDP is more appropriate for streaming time-
critical data that expires quickly.

Algorithm 1 Follower’s Extrapolation Algorithm

1: L← 40 ▷ History length set to 40 elements
2: while true do
3: Sp ← GETPREVIOUSSEQNUM
4: Pd, Sd ← GETTARGETPOSEMSG
5: if Sd − Sp == 0 then ▷ No new message
6: τc ← GETCURRENTTIME
7: ∆τp = τc − τp
8: ψ ← GETRSSI
9: if ∆τp > τo ∨ ψ < ψo then ▷ Timeout or low

RSSI level
10: if length(H) >= L then
11: (ẋ, ẏ, ż) of H
12: ∆τnew = τc − τh
13: Pd ← Ph + (ẋ, ẏ, ż) ∗∆τnew
14: end if
15: Probot ← GETFOLLOWERPOSE
16: E = Probot − Pd

17: end if
18: else ▷ New message received
19: τc, τp ← GETCURRENTTIME
20: Probot ← GETFOLLOWERPOSE
21: E = Probot − Pd

22: end if
23: τh, Ph ← τh, Ph ∪ τc, Pd ▷ Add desired pose to the

history only if unique
24: if length(H) > L then
25: POPFRONT(H) ▷ Prune oldest element
26: end if
27: ν ← UPDATEJOINTVELOCITIES(E)
28: PUBLISHJOINTVELOCITIES(ν)
29: end while

B. Enhancements to Messaging

In our previous work, the Leader-Follower positional update
stream was sent over a ROS topic, which was constrained
to TCP. However, our previous experiments using the dual-
lift use case revealed fluctuations in the Leader to Follower
transmission rate using TCP. These fluctuations stemmed from
the acknowledgment mechanism inherent to TCP. Maintaining
a steady transmission rate is critical as our real-time control
algorithm assumes a constant update rate. To address this,
we implemented a UDP client/server socket that bypasses the
ROS middleware. Each UDP message contains a desired target
pose for the Follower. In the message, there are seven floats
(decimals) representing the Cartesian position, the quaternion
rotational values, and one integer representing the sequence
number; the total is 32 bytes of information.

C. The Follower’s Extrapolation Algorithm

This subsection involves several key variables in the Fol-
lower’s extrapolation algorithm, shown in Algorithm 1. The
loop runs at 125 Hz until the Leader signals the Follower to
exit, and the exact details of this are outside of the scope
of this paper. Also, we assume that before the start of the
while loop, the necessary initializations are performed and the
desired pose message is received and added to the history.
Note that this loop must run until the pose history is filled
with 40 prior poses before extrapolation can be triggered.

The sequence numbers Sp and Sc track the previously
received and current desired poses, while Pd and Probot

represent the desired target pose and the Follower’s current
position, respectively. The pose history, H , stores recent pose
data used for extrapolation, and E quantifies the error between
the Follower’s current position and the desired pose. Time-
related variables include the current time τc, the timestamp
of the last received pose τp, and the extrapolation time offset
∆τnew. Signal strength is monitored with the current RSSI
value, ψ. The RSSI threshold, ψo, and the timeout threshold,
τo, trigger extrapolation. These variables are explained further
as they appear in the description of the algorithm.

Before checking to see if a new packet arrived, the previous
desired pose’s sequence number, Sp, is retrieved, then Pd and
Sc are retrieved from the Leader’s last received UDP message
via GETTARGETPOSEMSG. After that, line 5 describes the
condition used to determine if a new packet has arrived by
comparing the current and previous sequence numbers.

The Follower extrapolates a future point when it detects
significant gaps in the received data or when the instantaneous
signal strength drops below a set threshold, shown in line 9.
Extrapolation can only occur when the difference between the
current time, τc, and the time of the last pose successfully sent
by the Leader, τp, exceeds the timeout threshold τo, or when
the current RSSI value, ψ, falls below the RSSI threshold ψo.
Note that τp is updated only if there is a new message. Then,
ψ value is updated by GETRSSI in a separate monitoring
thread running at 250 Hz, which extracts the RSSI from
the output of the Linux command: iw dev (interface
name) link. The extrapolation timeout parameter is needed



to handle situations where severe multipath causes consecu-
tive packet errors while ψ remains above ψo. Another case
where the timeout threshold would be useful is when channel
contention increases transmission latency beyond τo.

If the extrapolation conditions are triggered, Pd is extrap-
olated from the previous pose, Ph, in H using the time-
weighted average of the slopes between consecutive x, y, and
z coordinates. The Follower’s error, E, is calculated using its
current position, Probot, and the last desired pose (extrapolated
or not). Then, the history H is updated by appending the pose
and time, only if the position is unique. If the length of H
is greater than L, the oldest pose, H0, is popped. Finally, the
joint velocities are computed and sent to the Follower robot’s
controller. This loop continues until the Leader signals the
Follower to exit.

IV. EXPERIMENTAL METHODOLOGY

This section describes the devices, network configuration,
and physical setup used in the experiments. We performed
our experiments using the following hardware:

1) Two UR3s from Universal Robots
2) Two Onlogic MC610-50 industrial computers with 35-

Watt Intel 8700T processors and Intel AX211 Wi-Fi
cards for the ROS nodes

3) An ASUS RT-AX82U AP
4) Two log-periodic broadband antennas placed in the

reverb chamber for the Leader and Follower ROS nodes
5) A MiniCircuits RC8DAT-8G-95 programmable 8-port

mesh attenuator with MiniCircuits flexible Precision test
cables throughout

6) A Bluetest RTS25 reverbation chamber with RF and
Ethernet passthroughs

7) A Keysight P5006A vector network analyzer (VNA)
8) Four Optitrack Prime 13W infrared tracking cameras

We measured the transmission coefficients of the channel
using the VNA. This was needed to characterize the channel
response of the reverberation chamber over a range of chamber
configurations. We recorded the transmission coefficients for
line-of-sight (LOS) and non-line-of-sight (NLOS) chamber
configurations.

To capture network-related metrics such as latency and
the packet error rate, we captured packets on the Leader
and Follower nodes using the Linux utility Tcpdump. We
recorded the RSSI values at the Follower node by using a
custom Python script for a posteriori analysis. We confirmed
that the processing overhead of our local packet captures
and RSSI measurement systems did not negatively impact
the physical performance of the robots. Finally, we recorded
the positions of the robots using a calibrated Optitrack 3D
tracking measurement system, which is described in more
detail in [16]. The positional measurement system has an
expanded uncertainty of ±0.027 mm with a 99% confidence
interval for the Leader-Follower Cartesian error metric that we
use in this paper.

Fig. 2: The Reverberation chamber and the mesh attenuator
with a rotating table for the wireless AP and an RF mixer
overhead. The movement in the chamber creates a dynamic
NLOS multipath environment between the AP and the Leader,
“Ldr,” and Follower, “Flr,” nodes.

A. Network Description

The Leader and Follower ROS nodes transmitted informa-
tion over wireless links through the AP. Both Leader and
Follower antennas in the chamber were connected to their Wi-
Fi cards with coaxial cables. These connections were routed to
the programmable mesh attenuator. The antennas of the ROS
nodes were placed behind an RF shield, as seen in Fig. 2.
During experiments, the AP was placed on a turn table while
the RF mixer rotated overhead. The motion in the chamber
resulted in momentary deep fading, and each instance occurred
for less than a second. This configuration induced transmission
errors between the AP and Follower ROS node. We manually
tuned the attenuation levels in the mesh attenuator to create
a propagation environment such that the stations maintained
their connections to the AP while experiencing bursts of
packet errors. The IEEE 802.11ax-capable AP was configured
to use channel 11 in the 2.4 GHz band with a 40 MHz
bandwidth. The AP was connected to an Ethernet network
to enable connectivity between the wired Supervisor node and
the wireless Leader and Follower nodes.

B. Calibration and Initial Measurements

We performed LOS measurements using a static chamber
configuration to assess the RF channel over a range of attenua-
tion settings. RF absorbing foam was placed at set positions in
the chamber to dampen reverberations. We recorded the trans-
mission coefficients of the channel using the VNA. To ensure
our results focused on the impact of the wireless channel, we
calibrated the VNA by using precision test coaxial cables that
were routed inside the chamber. For VNA measurements, on



one end, we used the same log periodic antenna as was used
during the operational experiments. This antenna was mounted
on the side wall of the chamber to bypass the RF shield. On
the other end, we used a reference dipole antenna positioned
close to the intended location of the AP antennas.

For the NLOS RF propagation measurements, we relocated
the log-periodic antenna from the side of the chamber to
behind the RF shield. We performed twenty static measure-
ments of RF propagation coefficients at different positions of
the turn table and stirrer in the chamber. Each measurement,
offset 18 degrees from the last, led to a significant change
in the channel. The NLOS chamber configurations resulted in
some measurements with significant frequency-selective deep
fades. This effect is shown in Fig. 3, and is discussed later in
Section V.

We began the experimental study by determining the atten-
uation level that would result in station disconnection. This
attenuation level was determined to be 53 dB. Therefore,
backing off by 1 dB, our NLOS conditions were conducted
with an attenuation of 52 dB resulting in strong attenuation and
frequency-selective multipath conditions. It should be noted
that these conditions are not the norm for most industrial use
cases but represent possible outlier conditions that must be
handled for mission-critical control systems.

The RSSI threshold, ψo was chosen as the intersection of
increased latency and the measured RSSI values. This was
determined visually to be approximately -81 dBm as shown
in Fig. 4. The extrapolation timeout threshold, τo, was chosen
experimentally from Cartesian error results. These results are
explained in Section V.

C. Experiments Performed

We measured the positions of the robots using the infrared
camera tracking system during a circular pattern, for which
the robots completed 100 revolutions of a circle at a speed
of 150 mm/s, with each experiment lasting approximately
six minutes. The robotic movements were performed in a
vertical plane. To assess the performance of the extrapolation
algorithm, we conducted tests with relatively high and low
received signal power at the Follower node. We chose to set
the Leader’s attenuation level at the mesh attenuator to 0 dB
allowing the Leader to maintain a stable link with the AP. Fur-
thermore, we varied the Follower’s attenuation level to analyze
the impact of poor signal quality at the Follower’s ROS node,
which is where the extrapolation algorithm was utilized. Since
we could only measure RSSI values locally (in our case, at
the Follower ROS node), if the Leader experienced poor signal
quality, we could not directly acquire this information at the
Follower. Thus, we tuned the RF channel for the Follower by
attenuating the path between the AP and Follower’s antenna.

We recorded the respective environmental configurations,
performed the experiments, and measured the Leader-Follower
Cartesian error metric for the following NLOS channel sce-
narios with a dynamic chamber (i.e., a chamber configuration
in motion):

Fig. 3: S21 transmission coefficient plots at Channel 11 in
the 2.4 GHz band. LOS and NLOS measurements were taken
for different chamber configurations. The NOS traces show
examples of three static RF mixer and turn table orientations.

Fig. 4: Time domain plot for 3 seconds of RSSI and latency
overlapped, showing the correlation between RSSI and latency.
The -81 dBm RSSI threshold, ψo, is marked as the dashed and
dotted line.

1) Extrapolation OFF, Attenuation [0, 49, 50, 51, and 52]
dB.

2) Extrapolation ON, 52 dB attenuation.
a) RSSI threshold, ψo, set to -99 dB with the extrap-

olation timeout, τo, set to 16, 24, 32, and 40 ms.
b) ψo set to -81 dB and τo set to 16, 24, 32, and 40

ms.

V. RESULTS

This section discusses data collected from the experiments
described in Section IV-C. We explain the channel characteris-
tics based on the RF transmission coefficients captured during
chamber calibration. We then present a correlation between
RSSI and latency. Finally, we demonstrate the impact of the
CSI-aware algorithm on the Leader-Follower Cartesian error
performance metric.

For the propagation coefficient results shown in Fig. 3,
the LOS channel is significantly more consistent across the
40 MHz channel compared with the various NLOS channels
presented. NLOS Position 2 and 3 are examples of frequency-
selective deep fades between 2475 to 2477 MHz and 2482 to



(a) CDF of Cartesian error with increasing levels of attenuation
in a dynamic multipath environment without the extrapolation
algorithm. 52 dB of attenuation was chosen for future experi-
mentation.

(b) CDF of Cartesian error with 52 dB of attenuation in a
dynamic multipath environment without the RSSI compo-
nent (ψo = −99 dBm) of the extrapolation algorithm. τo
varies from 16-40 ms here.

(c) CDF of Cartesian error with 52 dB of attenuation in a
dynamic multipath environment. The best performers from
(b) and (d), with τo = 24 ms, are compared against
benchmark scenarios.

(d) CDF of Cartesian error with 52 dB of attenuation in a
dynamic multipath environment with the ψo = 81 dBm. τo
varies from 16-40 ms with an extra case where τo is set to
1 s.

Fig. 5: CDF plots of the leader-follower cartesian error. The experimental methodology is described in section IV-C. The
horizontal dashed and dotted lines represent 95th percentile of error. Plot (a) shows the error performance without the
extrapolation algorithm, (b) shows performance gains with the extrapolation algorithm using exclusively the timeout threshold,
τo, and (d) shows extrapolation performance gains using various τo values and ψo set to -81 dBm. Lastly, (c) compares the
two of the best performers with τo = 24 ms from (b) and (d) along with other benchmark tests.

2483 MHz respectively. Frequency-selective fading generally
causes inter-symbol interference leading to symbol errors,
retransmissions, and increased delay. Since our work uses
RSSI alone to be aware of the channel, the metric is not sen-
sitive to frequency-selective fading (i.e., fading that occurs in
bandwidths smaller than the modulation bandwidth). RSSI is
calculated per packet, typically using the output of a matched-
filter detector. There is an opportunity to use the detector
output and output from other parts of the receiver to improve
CSI-awareness at the application layer. With this knowledge

of the channel, we proceeded to conduct experiments under
the specified chamber conditions.

Fig. 4 shows a time series capture of RSSI values from
the Follower node. The RSSI values were polled and recorded
at 250 Hz, with 3 seconds of run time presented to show
the correlation between RSSI dips and latency spikes. In this
six minute long experiment, the maximum recorded RSSI
value was -68 dBm, and the minimum was -87 dBm. This 19
dB range aligns with the industrial environment RF sounding
measurement results that was discussed in [17]. We observed



significant packet latency when the Follower’s reported RSSI
level fell below the -81 dBm threshold. Instead of the packets
being lost, error correction mechanisms such as retransmis-
sion, caused increased latency which can be correlated to the
RSSI values dipping below -81 dBm.

Fig. 5a shows the results of the experiment at various at-
tenuation levels without the extrapolation, we observed severe
degradation in performance at 52 dB of attenuation. We chose
to use 52 dB of attenuation for subsequent experiments to
demonstrate test our extrapolation algorithm with non-ideal
signal quality conditions. Fig. 5b shows the CDF plot of
the Leader-Follower Cartesian error, with the RSSI threshold,
ψo, set to -99 dBm, effectively bypassing the RSSI-based
extrapolation condition in our algorithm. We chose CDFs to
represent the Cartesian error since the robots move in a circular
plane, as the ideal tracking performance of the Follower would
be a vertical line on the CDF. However, when bursts of
latency are introduced, the Follower lags behind the Leader,
extending the tail in the Cartesian error CDF plot. With a
stable wireless communications link, the Cartesian error metric
ranged between 1.7 and 4.2 mm, shown within the sub-figures
in Fig. 5 with the black traces. The orange trace is also
without the extrapolation method, with 52 dB of attenuation
to show the worst-case performance curve. Note that the 95th
percentile of the baseline is 3.0 mm, whereas the orange
trace is 5.5 mm. The extrapolation cases generally improve
performance (curves shifted to the left) to varying degrees,
compared with the “No extrapolation, 52 dB attenuation” case,
particularly when τo was set to 24 ms. This case, in green,
shows improved performance, with a 95th percentile of 3.9
mm. Using τo alone without ψo causes the Follower’s tracking
performance to degrade with our control loop. Unless τo is
optimally tuned, there are increases in the Leader-Follower
Cartesian error.

The experiments that incorporate the RSSI threshold, ψo,
are shown in Fig. 5d. For these experiments, ψo was set to -81
dBm. Note that the extrapolation curves all performed simi-
larly, except when τo was set to 1 second, effectively bypassing
the stale packet timeout condition. Thus, we observed that with
both the timeout and RSSI threshold conditions acting jointly,
Cartesian error improved the most. These results demonstrate
the positive impact of a CSI-aware control application. Al-
though in this paper we manually tuned ψo, this value could
be optimized.

Fig. 5c shows a comparison between the best performing
experimental runs from b and d. Specifically, the green trace,
where τo = 24 ms and ψo = -81 dBm, shows marginally
better performance at the earlier portion of the curve compared
to the blue trace; however, at the tail portions of the curves
after the 95th percentile, the blue trace with ψo = -99 dBm
outperforms the green trace. This likely stems from the specific
implementation and tuning of our extrapolation algorithm.

VI. CONCLUSIONS AND FUTURE WORK

We have presented and demonstrated a practical algorithm
co-designed with near-real-time RSSI measurements to adapt

and improve the operational performance of a real-time con-
trol robotic application. Currently, control applications are
limited in their access to actionable real-time CSI metrics
(beyond RSSI) during operation. In this work, we were able
to utilize the RSSI measurements to improve the control
algorithm. As seen from the transmission coefficient results
in Fig. 3, frequency-selective fading was observed to occur.
RSSI measurements are useful but contain little information
regarding the fading characteristics of the channel. Indeed, a
high RSSI value indicates a strong signal, but it does not
provide sufficient information to predict receivable channel
quality. Therefore, an opportunity exists for applications to
have greater access to more useful metrics for predicting future
packet errors if wireless chip sets measure and expose such
metrics.

A logical next step for future work is to improve upon
deep-learning–based prediction models similar to those dis-
cussed by Formis et al. [18]. Instead of the control system
reacting after RSSI falls below a preset limit, models such as
Long Short-Term Memory or convolutional neural networks
can forecast packet errors by learning from historical RSSI and
wireless performance patterns. This predictive approach could
enable improved robot control reducing abrupt motions and
improving application-level reliability. Furthermore, Formis
suggests that convolutional neural network-based predictors
are suitable and lightweight enough for real-time control loops
using onboard embedded processors.

Moreover, other metrics would benefit a control system
that uses wireless as its principal mode of communications.
For example, a chipset that senses interference from adjacent
or co-existing networks would allow the control system to
preemptively estimate delayed or lost frames. Additionally, the
channel impulse response provided by the receivers matched
filter detector could be leveraged to compute channel quality
metrics, which would be fed into a previously trained inference
engine to predict channel quality drops before significant
packet losses or latencies occur. We believe these are valuable
future research opportunities that merit further investigation.

DISCLAIMER

Certain equipment, instruments, software, or materials are
identified in this paper in order to specify the experimental
procedure adequately. Such identification is not intended to
imply recommendation or endorsement of any product or
service by NIST, nor is it intended to imply that the materials
or equipment identified are necessarily the best available for
the purpose.
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