
Chapter 4

Effects of ionizing radiation on robotic
trajectory movement and electronic
components

4.1 Overview
This chapter focuses on analyzing the impact of radiation (0.09/0.18/1.5 Gy/s) on various
electronic components, such as microcontrollers, servomotors, and digital temperature sensors,
as well as the movement of a 3-DoF robotic arm over time. In addition, this study examines
the impact of radiation on the trajectories of two robotic arms, examining the durability
and performance of these components, employing different strategies from the literature to
compare radiation effects such as lead shielding and component hardening. Furthermore, the
radiation effects on memory Electronic Non-volatile Computer Memory storage (FLASH),
Electrically Erasable Programmable Read-Only Memory (EEPROM) and Static Random
Access Memory (SRAM) were evaluated. In addition, the robot’s durability and degradation
were evaluated while managing a robotic arm. The findings offer critical insights for the
design and implementation of robotics in hostile environments. The experimental tests
were conducted using a linear particle accelerator at Center for Energy, Environmental, and
Technological Research (CIEMAT) in Spain.

4.2 Methodology
Three different experiments were performed to examine the effects of ionizing radiation on
passive robotic components, including 8-bit and 32-bit RISC microcontrollers [296], digital
temperature sensors, and servomotors as shown in Fig. 4.1. The following microcontrollers were
utilized: Atmega328P (Arduino Uno) featuring a Dual in-line Package (DIP), ATmega64M1
and ATmegaS64M1 Rad-Hard, both housed in a Quad-flat Package (TQFP), and an RP2040
(Raspberry Pico) with a Micro Leadframe or Quad-flat no-leads (MLF/VQFN). For position
control testing, servomotors such as the Parallax Standard Servo 900-00005, micro servo SG90,
and Grove micro servo 316010005 were used. For velocity control testing, the Hitech HS-55
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was used. Furthermore, temperature sensors included the LM35 with a TO-92 package and
an integrated temperature sensor within the Rad-Hard microcontroller.

Figure 4.1: Devices exposed to ionizing radiation with and without shielding. Includes 8-bit and
32-bit RISC microcontrollers, servomotors, and digital temperature sensors.

A trio of experiments was conducted to investigate and understand the impact of ionizing
radiation on robotic components, both passive (e.g., microcontrollers with RISC architecture
[296], digital temperature sensors) and active (e.g., servomotors).

• Experiment #1 Evaluation of two microcontrollers, servomotors, and temperature
sensors incorporating mitigation strategies in ionizing radiation conditions.

• Experiment #2 Analisys of robotic trajectories with a low radiation dose utilizing a
Non-Rad-Hard microcontroller (ATmega64M1).

• Experiment #3 Comparison of robotic trajectories using Non-Rad-Hard Raspberry Pico
(RP2040) and Arduino Uno (ATmega328P) microcontrollers in radiation environments.

• Experiment #4 Comparison of robotic trajectories using Non-Rad-Hard (ATmega64M1)
and Rad-Hard (ATmegaS64M1) microcontrollers in radiation environments.

In the first experiment, two approaches to radiation mitigation were evaluated: using a
radiation-hardened microcontroller and implementing lead shielding. For their cost-efficiency,
general use, and market availability, two Arduino Uno boards (one shielded, the other
unshielded) were chosen. Additionally, a custom Printed Circuit Board (PCB) incorporating
the ATmegaS64M1, a commercially available Rad-Hard microcontroller, served as a benchmark
for radiation resistance up to a Total Ionizing Dose (TID) of 30 Krad. Small Commercial
Off-The-Shelf (COTS) servo motors and the LM35 temperature sensor were selected for their
space-saving design, cost-effectiveness, and precision. In the second and third experiments,
the impact of microcontroller type and radiation dose on the robotic arm’s trajectories was
investigated. The ATmega64M1 was chosen for its similarity to the ATmegaS64M1 (Rad-
Hard) and its cheaper cost; both microcontrollers are available in a thin quad-flat pack format
(TQFP). The custom-designed 3-DoF robotic arms were designed to match the dimensions of
the accelerator target. Concerning radiation exposure, doses were determined based on the
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availability and capabilities of the accelerator facility.

4.2.1 Experiment #1
The experiment #1 investigates the performance of microcontrollers during the generation of
Pulse Width Modulation (PWM) signals to control servomotors and measures environmental
temperature using two digital sensors via the Analog Digital Converter (ADC) ports: the first
one, an external digital temperature sensor and the second one an integrated temperature
sensor in the Rad-Hard microcontroller.

Fig. 4.2 shows a diagram of the main components of this experiment, which are as follows:

• Control room with the master microprocessor and microPC for saving data and the
operator interface.

• Accelerator area with three microcontrollers under different conditions:

– Uc1: ATmega328P (Arduino Uno) configured with a 16 MHz primary clock speed,
5 VDC power source, 5 VDC 10-bit ADC reference voltage operating at 125 kHz,
and 50 Hz PWM ; exposed directly to radiation without any shielding. This
microcontroller operates two servomotors (one without protection and one within
a 2mm PB lead enclosure) and connects to two unshielded external temperature
sensors.

– Uc2: ATmega328P (Arduino Uno), identical set-up to Uc1 but enclosed in a 2
mm PB lead box for radiation shielding. This unit produces PWM signals for two
servomotors (one unshielded and one within a 2mm PB lead enclosure) and links
to two external temperature sensors (one unprotected and one housed within a
2mm PB lead enclosure).

– Uc3: ATmegaS64M1 configured with an 8 MHz main clock speed, 3.3 VDC power
supply, 2.56 VDC 10-bit ADC reference voltage at 125 kHz, and 50 Hz PWM ;
it is a radiation-hardened microcontroller connected to a servomotor without any
shielding and two temperature sensors (one integrated and one external).

4.2.2 Experiment #2
Experiment #2 aims to evaluate the performance of a robot using a Non-Rad-Hard micro-
controller when exposed to radiation. This setup employs a 3-DoF robotic configuration
(position micro servo SG90), controlled via PWM signals generated by the ATmega64M1
microcontroller (8 MHz primary clock frequency, 3.3 VDC main power supply, 2.56 VDC ADC
reference voltage at 125 kHz, and 50 Hz PWM). An integrated temperature sensor reports the
microcontroller temperature in ATmega64M1. Figures 4.3 depict the principal components
of this experiment, which include: The control room housing the master microprocessor
and micro-PC for data storage and operator interface.The accelerator area housing a 3-DoF
robotic arm with a Non-Rad-Hard microcontroller.

To develop the robot’s trajectory, the kinematics of the robot were initially analyzed using
the MATLAB tool created by Peter Corke [297]. This was done to determine the workspace
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Figure 4.2: Setup for Experiment 1. The irradiated section contains the following key components:
a non-protected ATmega328P (Uc1), a radiation-shielded ATmega328P (Uc2), and an ATmegaS64M1
(Uc3). These microcontrollers are responsible for managing several servo motors and temperature
sensors, denoted as Sn and Tn.

Figure 4.3: Configuration for Experiment #2. The control room has an identical layout to that
of Experiment #1, and there is a 3-DoF robotic arm featuring rotational joints situated in the
accelerator zone.

based on the robot’s kinematics, including its dimensions and the movement limitations of
the servomotors. The DH matrix was utilized to construct the robot and to compute the
forward kinematics as described in Eq. 4.1, along with the inverse kinematics. Subsequently, a
trajectory within the workspace in x, y coordinates was chosen, and the angles were calculated
using MATLAB’s inverse kinematics tool. Fig. 4.4 illustrates the robot’s layout and the
placement of the servomotors, along with the DH parameters showing the servomotor limits,
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the workspace (green) and the selected trajectory (blue).

x = a1 cos(q1) + a2 cos(q1 + q2)
y = a1 sin(q1) + a2 sin(q1 + q2)

(4.1)

Figure 4.4: A 2-DoF robot designed for experiment #2. This depicts the robot’s configuration and
its DH matrix. Additionally, It shows the workspace determined by the robot’s kinematics (green)
and the chosen trajectory (blue).

4.2.3 Experiment #3
Two microcontrollers were used in the experiment #3: Raspberry Pico (RP2040) and Arduino
Uno (ATmega328P). RP2040 operates at 125MHz primary clock frequency, a 3.3 VDC main
power supply, a 3.3 VDC 12-bit ADC reference voltage at 500 kHz, and 50 Hz PWM. The
ATmega328P operates with an 8 MHz primary clock frequency, a 3.3 VDC main power supply,
a 2.56 VDC 10-bit ADC reference voltage at 125 kHz, and a 50 Hz PWM at a 120 kHz clock.
The communication structure and setup mirror those of the previous experiment #2, depicted
in Fig. 4.5. In contrast, this experiment #3 uses a different 3-DoF robotic arm and trajectory,
illustrated in Fig. 4.6. The servomotors used were SG90 controlled by position commands.

To select a trajectory for testing, the methodology described in the section below was used.
The DH matrix was identified and used to build the kinematics with Matlab. Eq. 4.2 describes
the forward kinematics. Fig. 4.6 illustrates the robot configuration, the DH parameters, the
workspace (in green) due to robot constraints, and the selected trajectory (in blue).
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Figure 4.5: Configuration for Experiment #3,#4. The control room has an identical layout to
that of Experiment #2, and there is a 3-DoF robotic arm featuring rotational joints situated in the
accelerator zone.

Figure 4.6: A 3-DoF robot designed for experiment #3. This depicts the robot’s configuration and
its DH matrix. Additionally, It shows the workspace determined by the robot’s kinematics (green)
and the chosen trajectory (blue).

x = a1 cos(q1) + a2 cos(q1 + q2)
y = a1 sin(q1) + a2 sin(q1 + q2)
z = d1 + d2

(4.2)
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4.2.4 Experiment #4
The experiment #4 utilized two microcontrollers: the ATmega64M1 (standard) and the
ATmegaS64M1 (Rad-Hard). Both run on an 8 MHz primary clock, powered by a 3.3 VDC
main supply, 2.56 VDC ADC reference voltage at 125 kHz, and PWM of 50 Hz. The structure
and communication configuration are identical to those in the previous experiment #3, shown
in Fig. 4.5. In contrast, this experiment #4 employs different servomotors for the same
3-DoF robotic arm, as shown in Fig. 4.7. Joints 1 and 2 use position servomotors (Grove
Servo 316010005) while Joint 3 uses velocity servomotors (Hitech HS-55). Additionally, after
completing the test, the FLASH memory data was retrieved to examine any possible byte
modifications.

The methodology detailed in the above experiments was used to choose a trajectory for
testing. Fig. 4.7 shows the robot configuration, the DH parameters, the workspace (in green)
constrained by the robot, and the selected trajectory (in blue).

Figure 4.7: A 3-DoF robot designed for experiment #4. This depicts the robot’s configuration and
its DH matrix. Additionally, It shows the workspace determined by the robot’s kinematics (green)
and the chosen trajectory (blue).

4.2.5 Error Metric
Absolute Trajectory Error (ATE) is relevant for algorithms that estimate robot trajectories
[298]. It quantifies the discrepancy between the actual position (ground-truth) and the robot’s
estimated position at corresponding time instances [299, 300], as shown in Eq. (4.3). ATE
was employed to determine the error trayectories in the experiments described in this article,
where:
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• Ti, is the magnitude of the Euclidean distance along the horizontal plane between the
estimated and ground-truth poses at frame i.

• n, number of frames.

ATE =
√√√√ 1
n

n∑
i=1

T 2
i (4.3)

In our work, the ATE was calculated for each cycle or lap. The global ATE then corresponds
to the mean square value of all the ATE cycles calculated during the experiment.

4.3 Experimental setup

4.3.1 Radiation Facility
The CIEMAT facilities [301] have a high-energy electron accelerator (Van de Graaff) which
was used for all the tests in this work. The accelerator had currents of up to 150 uA and
energies of up to 2 MeV. The samples were placed directly at the target location to ensure
homogeneous radiation and receive direct impact from the ionizing electron beam. The
electronic components were situated over a 127 × 200 mm aluminum sheet, which was as
close as possible to the emission point of the Gaussian distribution of electrons. Figure. 4.8
shows a general and detailed view of the facility used during the experiments.

Figure 4.8: Left-hand, Van de Graaff electron accelerator used for the experiments, Right-hand,
zoom view of the target and beam output.
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4.3.2 Testing set-up
A master-slave network was established on an RS-485 serial line at a rate of 19,200 bauds to
facilitate communication between the control room and the accelerator target. The master
controller, located in the control room outside the radiation area, sent movement commands
to the microcontrollers in the radiation area, which acted as slaves. Figure 4.9 illustrates
the communication architecture used for the experiments. The master received information
related to the robot’s actual position and the status of the irradiated microcontrollers, which
was then sent to a data logger to be stored and analyzed.

Figure 4.9: The master microcontroller acts as the main point of communication and sends data
to a micro-PC-controlled data logger (Raspberry PI). The microcontrollers located in the target
work as slaves and process the command received to execute the servomotor movement and send the
feedback information to the master microcontroller.

The master unit transmits movement commands for the robot to the slave units, specifying
the desired final position. These commands are processed by slaves to create Pulse Width
Modulation (PWM) signals for the servomotors, facilitating the corresponding robot joint
movements. The discrepancy between the desired robot position and the actual position is
analyzed to study the radiation impact on the slave microcontrollers. The actual position of
the robot is measured using joint potentiometers, and the temperature of the microcontrollers
is collected from digital temperature sensors through an Analog-to-Digital Converter (ADC).
All of these data are sent back to the master, which logs it and forwards it to a micro-PC
(Raspberry PI). This microcomputer shows the data on a graphic user interface (GUI),
enabling the operator to oversee the experiments as shown in Fig. 4.10.

The main program is capable of identifying two types of system errors: resets from the slave
microcontroller and communication faults. Resets in the microcontroller slaves occur due
to various issues, such as watchdog timer failures or power faults. Communication faults
between the master and slave generally occur after multiple resets in the slave microcontroller.
The error analysis has been enhanced with a dedicated program designed to detect memory
errors in irradiated integrated circuits. For example, when a single particle alters a binary
digit in the memory, this is know like SEE occurs (SEE are caused by a single particle that
deposits energy in the electronic device, leading to soft or hard errors) [139]. This application
relies on an Error Detection and Correction (EDAC) program [302, 303] that reads and
writes the content of EEPROM, SRAM, and FLASH microcontroller memories. The program
continuously monitors memory and reports any detected changes to the operator for further
analysis and decision-making.
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Figure 4.10: GUI designed to show the setpoint sent to the servomotors (blue) and the feedback
position (red). It also displays the count of logical ones and zeros in the microcontrollers’ memories
and all serial data receive by the custom protocol developed. Additionally, it includes buttons to
start/stop communication and to software reset all slave devices.

Moreover, a system has been developed to remotely reset microcontrollers either via hardware
or software. This system enables the program to restart from the beginning and reconfigure
the SRAM and EEPROM according to the identified error. Rewriting the Flash Memory is
achievable only by loading the program into the microcontroller, an operation that can be
performed when access to the accelerator is available at the conclusion of the trials.

4.4 Results

4.4.1 Experiment #1
The configuration for the experiment also incorporates extra components for power supplies
and signal transformation. Fig. 4.11 shows an image of microcontrollers, servomotors,
temperature sensors, and PB enclosures used in the irradiated zone.

In this experiment, a gamma radiation flow of 0.18 Gy/s was maintained for 29 minutes before
increasing to 1.5 Gy / s until 38 minutes. Results are presented in Fig. 4.12 and Tab. 4.1.
The Uc1 microcontroller (ATmega328P without protection) failed due to a hard error after 26
minutes and 34 seconds, reflecting a TID of 286.92 Gy. The Uc2 microcontroller (ATmega328P
with PB radiation protection) operated correctly throughout the 38 minutes of the experiment.
It tolerated more than 1k Gy of cumulative radiation dose, with partial retention thanks to
the PB shielding. The Uc3 with a Rad-Hard microcontroller (AtmegaS64M1) operated for
28 minutes and 6 seconds, corresponding to a TID of 303.48 Gy, before stopping operation
due to persistent reset signals, such as Brown-out Reset or WatchDog, designed to prevent
malfunction.

The operator attempted to fix the malfunctions in Uc1 and Uc3 using both software and
hardware resets, but was unable to restore normal microcontroller function. Furthermore,
the memories of the three microcontrollers (SRAM, EEPROM, and FLASH) were examined
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after retrieving the microcontrollers and recovering the data from the FLASH memory, but
no alterations were observed under these experimental conditions.

Figure 4.11: Accelerator target with irradiated components in experiment #1.

Figure 4.12: Time duration and beam rate dose used in experiment #1.

Table 4.1: Experiment #1. Dose, TID, ATE error, and time working of microcontrollers. Uc1
(ATmega328P without protection), Uc2 (ATmega328P PB protection), Uc3 (ATmegaS64M1 Rad-
Hard).

Control Board Dose
[Gy/s]

TID
[Grays]

Time
[min]

ATE servos
[degrees]

shielded unshielded
Uc1 0.18 286.92 26’34” 0.28 0.29
Uc2 0.18/1.50 1123.00 >38’ 0.06 0.10
Uc3 0.18 303.48 28’06” —– 0.10

The evolution and response of the servomotors have also been evaluated. Fig. 4.13 shows
the evolution of the position of slave microcontrollers when starting the radiation and before
detecting a malfunction (Uc1 and Uc3) or stopping the accelerator (Uc2). In particular, Fig.

143



Henry Paúl Espinosa Peralta

4.13(a) corresponds to the CB1 Arduino UNO without protection. Shows distorted positions
on both servo motors before stopping the test due to microcontroller failure. Fig. 4.13(b)
corresponds to Uc2 Arduino Uno with protection from PB. The error position is derived from
the electronics and the operation of the servomotors. The position values at the end of the
test between both servomotors have shown few variations. Therefore, we assume that the
servos may be affected by the radiation dose in this experiment. Fig. 4.13(c) corresponding
to Uc3 Rad-Hard ATmegaS64M1 shows a minimal distortion in the position values compared
to Uc1. Although the microcontroller presents unknown reset faults, it can be observed that
the degradation produced by the received dose affects less in the program’s operation, and
minimal changes exist in the trajectory.

In relation to the behavior of the temperature sensor, an increase in temperature readings was
observed during the trials; refer to Fig. 4.15. The results for the Uc1 temperature sensors are
illustrated in Fig. 4.15(a). The temperature values were comparable for both the unshielded
and shielded sensors, with a notable rise occurring 13 minutes before the microcontroller’s
failure. This phenomenon indicates electronic degradation of the temperature sensor and could
serve as an early warning system before microcontrollers lose communication. Furthermore,
we observed that the temperature readings remained constant when the accelerator was
stopped and increased again once the irradiation continued.
In the case of the Uc2 microcontroller, higher temperature readings were observed for the
sensor placed outside the shield; refer to Fig. 4.15(b). A notable increase was detected after
the radiation intensity was increased to 1.5 Gy/s at minute 26. The readings reached satura-
tion, indicating they matched the sensor’s maximum temperature value. The degradation of
the sensor’s internal structure results in the DAC circuit of the sensor outputting its highest
possible voltage. Consequently, the sensor becomes permanently damaged, maintaining the
same voltage even when the accelerator is stopped. In contrast, the temperature sensor with
the PB shield did not exhibit any significant deviation from its initial readings.
Fig. 4.15(c) illustrates the temperature readings from external sensors associated with Uc3.
The recorded temperatures for Uc3 are lower than those for Uc1 under the same radiation
exposure. For example, after 25 minutes of irradiation, the Uc3 temperature sensor reads 25
◦C, while the Uc1 sensor shows 42◦C. However, the internal temperature sensor of the micro-
controller remains relatively stable. Consequently, the Rad-Hard microcontroller minimizes
cumulative errors when reading digital temperature sensors.

In summary, Fig. 4.14 shows the ATE of servomotors evaluated in the experiment #1. The
analysis shows that Uc1 (Arduino Unshielded) ATE is similar in shielded and unshielded
servomotors, although ATE should be lower in the shielded servomotor. Therefore, the error
source is due to microcontroller functionality. Uc2 (Arduino shielded) ATE error shows that
the unshielded servomotor differs slightly from the shielded one. This can be observed from
minute 20 with 216 Gy of accumulated radiation. In this case, radiation affectation is on the
servomotors. Uc3 (ATmegaS64M1 Rad-Hard) shows a slight increase. The ATE value of 0.1
can be compared with that obtained by the unshielded servomotor of the Uc2 test, so in this
case the Uc2 stops the radiation, and most of the error comes from the servomotor. Fig. 4.16
shows the response for all temperature sensors. During the trials, temperature sensors showed
increased readings under radiation exposure, indicating potential electronic degradation. For
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(a) Servo motor positions of an unprotected Arduino Uno (Uc1: dose rate of 0.18 Gy/s for 26.34 minutes,
accumulating a total ionizing dose of 286.92 Gy). The average total error (ATE) is equivalent in both shielded
and unshielded servo motors (right image), despite the ATE being expected to be lower in the shielded servo
motor. This discrepancy derives from the functionality of the microcontroller.

(b) Servomotors positions of an Arduino Uno with PB shielding (Uc2: exposure of 0.18 Gy/s for 29 minutes and
1.5 Gy/s for 9 minutes, totaling 1123 Gy). The ATE error indicates a slight difference between the unshielded
and shielded servomotors. This effect becomes noticeable from minute 20, at which point the accumulated
radiation reaches 216 Gy. In this scenario, radiation exposure leads to ATE in the servomotors.

(c) Positions of servomotors for the ATmegaS64M1 Rad-Hard (CB3: received a dose of 0.18 Gy/s over 28.06
minutes, with a total ionizing dose of 303.48 Gy). The ATE indicates a minor increase. An ATE value of 0.1
can be compared with that of the unshielded Uc2 servomotor.

Figure 4.13: Experiment #1. Servomotors position response in different microcontrollers Uc1,
Uc2, and Uc3 with their corresponding time and TID. Left graph: positions at the beginning of
the tests. Middle graph: positions until the microcontrollers or accelerator stop working. Right
graph: error positions in ATE metric during the tests.

Uc1, both shielded and unshielded sensors showed a rise in temperature 13 minutes before
the microcontroller failure, suggesting its use as an early warning system. In Uc2, unshielded
sensors showed higher readings, reaching saturation after the radiation intensity increased to
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1.5 Gy/s, leading to permanent sensor damage. In contrast, the shielded sensor remained
stable. Uc3 sensors recorded lower temperatures compared to Uc1 under similar conditions,
demonstrating the effectiveness of the Rad-Hard microcontroller in reducing cumulative errors
in temperature readings.

Figure 4.14: ATE comparison between the microcontroller and servos used in experiment #1. Uc1
(Arduino Unshielded) shows similar ATE in both shielded and unshielded servomotors, indicating
the microcontroller as the error source. Uc2 (Arduino Shielded) shows a slight difference in ATE
between shielded and unshielded servomotors after 216 Gy of radiation, suggesting radiation effects
on the servomotors. Uc3 (ATmegaS64M1 Rad-Hard) exhibits a slight ATE increase, comparable to
the unshielded servomotor in Uc2.

(a) (b) (c)

Figure 4.15: Changes in temperature sensor readings during experiment #1. (a). Temperature
variation of Uc1 Arduino Uno Unshielded. Two unshielded temperature sensors are affected in the
same magnitude by the radiation from minute 13. (b). Temperature variation of Uc2 Arduino
Uno shielded. Excessive radiation produces a saturation value in the unshielded sensor (green),
while the shielded sensor (magenta) is unaffected. (c).Temperature variation of Uc3 ATmegaS64M1
Rad-Hard. The external temperature sensor changed the value from minute 18, but its change is less
of magnitude than the Uc1 unshielded sensor. The internal temperature sensor started to change
from minute 22, and also its changes are not as high experiment as in Uc1.

146



CHAPTER 4. EFFECTS OF IONIZING RADIATION ON ROBOTIC TRAJECTORY
MOVEMENT AND ELECTRONIC COMPONENTS

Figure 4.16: Temperature sensor behavior under radiation exposure in experiment #1. Uc1
sensors (green and magenta) showed a temperature increase 13 minutes before microcontroller failure,
suggesting early electronic degradation. Uc2’s unshielded sensor reached saturation at 1.5 Gy/s
after minute 26, resulting in permanent damage, while the shielded sensor remained stable. Uc3
recorded lower temperatures changes compared to Uc1, indicating better stability with the Rad-Hard
microcontroller.

4.4.2 Experiment #2
The setup of the experiment within the radiation facilities is depicted in Fig. 4.17. It includes
a 3-DoF printer made of Acrylonitrile Butadiene Styrene (ABS) plastic material, mounted
on the accelerator target. The microcontroller (ATmega64M1) is located at the upper left
position. The ionizing radiation produced by the beam is uniform across the target area.
However, joints 1 and 2 have more ABS plastic shielding compared to joint 3.

Figure 4.17: 3-DoF robotic arm of Experiment #2.

In this second experiment, a gamma radiation flow of 0.09 Gy/s was generated for a duration
of 52 minutes. The ATmega64M1 microcontroller without radiation hardened tolerated a
total ionizing dose of 282.15 Gy, with results presented in Table 4.2. Just before failure,
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the microcontroller emitted a continuous reset signal, disrupting the robot system’s correct
operation. The current in the microcontroller was recorded before and after the end of the
test, increasing from 5.20 to 8.49 mA. This suggests a potential internal short circuit within
the electronics, causing a reduction in impedance, current leakage in the semiconductor, and
subsequent voltage fluctuations in the microcontroller’s structure. During each acquisition
period, the microcontroller’s SRAM and EEPROM memories were examined, along with
the stored data. Additionally, FLASH memory was downloaded after stopping the test and
compared bit by bit with the original program to identify any changes. The analysis did not
reveal any alterations to the data memories.

Table 4.2: Results of Experiment #2, representing the microcontroller’s radiation dose, TID, ATE
and work time.

Control Board Dose
[Gy/s]

TID
[Grays]

Time
[min]

Joints ATE
[degrees]

First &
Last Lap

ATE
[degrees]J1 J2 J3

ATmega64M1 0.09 282.15 52’15” 0.09 0.12 0.80 0.76

In this experiment, we examined the servomotor performance of each robotic joint. To achieve
this, the robotic arm’s microcontroller was programmed to execute a repetitive trajectory.
This enabled tracking and comparing the deviation using the ATE metric from the ideal
trajectory over time. Fig. 4.18 illustrates the position values at the beginning and end of the
test, as well as the ATE metric throughout the experiment.

The observations indicate a distinct positional difference between Joints 1 and 2 compared to
Joint 3 (Fig. 4.18). In particular, Joint 3 (Fig. 4.18(a)) exhibits significant position changes.
This occurred because Joint 3 was enclosed in a thinner housing and the radiation beam
hit its electronics more directly due to the servomotor’s location, as illustrated in Fig. 4.17,
causing it to absorb more radiation. Despite this, the three joints demonstrated variations
in ATE throughout the experiment, with Joints 1 and 2 showing a slight increase, as shown
in Fig. 4.18. The servomotor of Joint 3 shows clear signs of electronic damage, possibly
aggravated by the microcontroller’s degradation and the accumulated radiation dose, which
might have impacted the performance of the other servos. For a complete analysis of the
servomotors’ performance, the ATE error was examined and is presented in Fig. 4.19. The
findings are as follows: Joint 1: The ATE remains constant until 42 minutes (226.8 Gy), after
which there is a slight increase in error with minor deviations from the reference values. Joint
2: The ATE increases steadily up to 40 minutes (216 Gy), then shows a sharp increase in
error and a deviation in trajectory from 51 minutes (271 Gy) to the end of the assessment
period. Joint 3: The ATE experiences a notable surge in error between 25 and 50 minutes
(135-270 Gy), with growing discrepancies between the reference and feedback values.

In contrast, the robotic arm has been set up to make a specified reference trajectory. This
robot trajectory was derived using the forward kinematics of a 2-DoF system, excluding
Joint 3 [304]. The results of this study are illustrated in Fig. 4.20. It can be seen that
initial position errors were detected after 30-35 minutes of irradiation, corresponding to an
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(a) The graph on the right (ATE representation) illustrates minimal variation between 0 and 42 minutes
(accumulating 226.8 Gy of radiation dose). Beyond this point, an increase in error is evident, and the
servomotors’ positions begin to deviate slightly from the reference values.

(b) The ATE graph indicates a slight increase in error up to minute 40 (216 Gy of the total radiation dose).
Subsequently, the error escalates more rapidly within the next 10 minutes. The middle graph demonstrates
deviation and ripple effects on trajectories starting from minute 51 (271 Gy of total radiation dose) and
continuing to the end of the test.

(c) The ATE graph exhibits a significant increase in error between minute 25 and minute 50 (135 to 270 Gy of
the accumulated radiation dose). The middle graph highlights that the error becomes more pronounced, with
a greater disparity between the reference and position feedback values.

Figure 4.18: Test #2. Position response of servomotors using the ATmega64M1 microcontroller.
Left graph: initial positions at test commencement. Middle graph: positions monitored until
either microcontrollers or accelerators cease functioning. Right graph: positions of errors in ATE
metric throughout the tests.

accumulated radiation dose of 162 – 189 Gy. This position error increases and becomes more
pronounced after 40 minutes of exposure, although communications persisted for an additional
12 minutes, up to a total of 52 minutes of irradiation. The program functioned as expected,
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with the robot continuously repeated the movement cycle. However, the data transmitted by
the microcontroller (Atmega64m1) showed incremental position errors. This was particularly
noticeable as the microcontroller began to degrade after 30 minutes of exposure to irradiation.
This degradation likely occurs because the processor operates the program’s instructions
within a longer window time [153], leading to data corruption. Corrupt data (changes in
bit values) cause random position errors without abrupt jumps or movements. This may be
attributed to the robot’s inertia and the smoothness of its trajectories. The positional errors
of the robot do not accumulate but result in the robot’s trajectory oscillating around the
intended path.

For this experiment, the behavior of the internal temperature sensor of the ATmega64M1
microcontroller has been observed. Figure 4.21 illustrates the temperature fluctuations, which
become more pronounced at minute 45 (486 Gy of accumulated radiation dose) as a result of
radiation exposure and microcontroller degradation.

Figure 4.19: ATE comparison for the microcontroller and servos utilized in experiment #2. Joint
1 maintains stability up to 42 minutes with a TID of 226.8 Gy. Joint 2 begins to exhibit increased
errors starting at 40 minutes with a TID of 216 Gy. Joint 3 shows substantial error escalation
between 25 and 50 minutes with a TID of 135-270 Gy, respectively.

Figure 4.20: Robot trajectory comparison throughout the experiment #2. The blue line indicates
the reference trajectory. The green line shows the final trajectory captured at the 50:55 minute mark
of the experiment, with a total radiation dose of 275.4 Gy. The max distance error between the first
and 115 last lap is 2 cm.

150



CHAPTER 4. EFFECTS OF IONIZING RADIATION ON ROBOTIC TRAJECTORY
MOVEMENT AND ELECTRONIC COMPONENTS

Figure 4.21: Experiment #2 showing the internal temperature progression of the ATmega64M1.
The temperature remains relatively stable up to the 45-minute mark (234 Gy of accumulated
radiation dose). After this point, the temperature rises steadily until the microcontroller ceases to
function.

4.4.3 Experiment #3
The experimental setup within the radiation facilities is illustrated in Fig. 4.22, featuring a
3-DoF printer composed of ABS plastic material, mounted on the accelerator target. The
microcontrollers tested were located in the upper left corner. The beam generates ionizing
radiation uniformly over the target area. In this experiment, the joints are without ABS
plastic shielding, which differs from experiment #2. Consequently, the servomotor is directly
subjected to the impact of beam radiation. In this study, the servo motors of the individual
joints of the robotic arm responses were examined . The robotic arm microcontroller was
programmed to perform incremental executions of set point positions, enabling precise tracking
and comparative analysis of deviations from the predetermined optimal trajectory. This
comparison was quantitatively evaluated using the Absolute Trajectory Error (ATE) metric
over an extended period. Tab. 4.3 summarizes the primary details of this experiment
#4, where the flow of ionizing radiation was recorded at 0.18 Gy/s. The Arduino Uno
(ATmega328P) operated for 22 minutes, accumulating a TID of 237 Gy. In contrast, the
Raspberry Pico (RP2040) operated for 20 minutes with a TID of 222 Gy before showing signs
of abnormal operation.

Figure 4.22: Accelerator target with irradiated components in experiment #3,#4.
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Table 4.3: Results of Experiment #3, representing the microcontroller’s radiation dose, TID, ATE
and work time.

Control Board Dose
[Gy/s]

TID
[Grays]

Time
[min]

Joints ATE
[degrees]

First &
Last Lap

ATE
[degrees]J1 J2 J3

Raspberry pico 0.18 222.30 20’35” 0.79 0.28 0.34 2.86
Arduino Uno 0.18 237.06 21’57” 0.53 0.38 0.74 1.89

The following results were observed related to the ech microcontroller.

Raspberry Pico (RP2040). Fig.4.23 illustrates the position values recorded along with the
progression of the ATE metric throughout the duration of the experiment. At the 5-minute
mark of the experiment, anomalies were observed in all servos. Specifically, Joint1 exhibited a
significant deviation between minutes 5 and 8, during which it struggled to function correctly.
By minute 9, Joint1 had completely failed, maintaining constant position feedback for the
remainder of the experiment. Joint2 experienced a malfunction from minutes 5 to 7 before
recovering its intended trajectory. However, ripples on the trajectory were detected in the
feedback data for Joint2 due to radiation. Regarding Joint3, peak values were observed at
minutes 3 and 9, coupled with a wrong response between minutes 5 and 7. Post-minute
10, Joint3 resumed its trajectory but displayed feedback ripples similar to those observed in
Joint2. The Average Time to Error (ATE) for the joints increased with prolonged exposure
to radiation. In particular, Joint1 had a higher ATE compared to the other joints due to its
early failure. Furthermore, the ATE for Joint3 surpassed that of Joint2, as Joint3 was closer
to the radiation beam, leading to greater radiation absorption.

The response of the trajectory, based on the collected data for Joint1 and Joint2, is depicted
in Fig.4.24. The figure shows a suboptimal tracking of the reference trajectory, particularly
during the last lap, which can be attributed to an early failure of Joint1. This failure
exemplifies a situation in which the execution of a robotic task becomes unfeasible when a
servo motor malfunctions. Furthermore, the Absolute Tracking Error (ATE) depicted in the
right-hand plot of Fig.4.24 demonstrates a continual increase with each successive lap due to
riples induced in individual joints.

The RP2040 microcontroller is equipped with an integrated temperature sensor (diode).
During the course of the experiment, temperature readings from this sensor were recorded
and are illustrated in Fig.4.25. The recorded data indicate a distinct decrease in tempera-
ture as the microcontroller is subjected to increasing levels of radiation. This observation
contrasts markedly with outcomes from prior experiments utilizing both external and internal
temperature sensors, where the recorded values exhibited an upward trend. Furthermore, the
temperature behavior observed in this experiment is entirely different; the values continu-
ously decline once the radiation beam is initiated. This suggests that the microcontroller’s
packaging may be thinner, consequently leading the sensor to receive more radiation-induced
early changes in temperature values.
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Figure 4.23: Experiment #3, servo motors position response with Raspberry Pico (RP2040).
Anomalies were observed at the 5-minute mark. Joint1 exhibited significant deviation between
minutes 5 and 8, eventually failing by minute 9. Joint2 malfunctioned from minutes 5 to 7 but
recovered, though feedback ripples were detected due to radiation. Joint3 showed peak values at
minutes 3 and 9, with malfunction between minutes 5 and 7, followed by recovery and feedback
ripples. The Average Time to Error (ATE) increased with radiation exposure, with Joint1 having
the highest ATE due to early failure and Joint3 surpassing Joint2 in ATE due to its proximity to
the radiation source.

Figure 4.24: Experiment #3, trajectory response for Joint1 and Joint2 and Raspberry Pico
(RP2040). The left-hand plot highlighting suboptimal tracking, particularly during the final lap due
to the early failure of Joint1. This failure illustrates the impact of a malfunctioning servo motor on
the feasibility of robotic task execution. The right-hand plot displays the Absolute Tracking Error
(ATE), which increases progressively with each lap due to ripples in individual joints.
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Figure 4.25: Experiment #3, Raspberry Pico (RP2040) onboard temperature sensors response. The
data show a distinct decrease in temperature as radiation levels increase, contrasting with previous
experiments where temperatures rose. This continuous decline suggests that the microcontroller’s
thinner packaging may cause the sensor to experience early radiation-induced temperature changes.

Arduino Uno (ATmega328P). Fig.4.26 provides a comprehensive illustration of the
positional data logged over the course of the experiment. Joint1 started to deviate from
the expected position at minute 7, resulting in a subsequent increase in error magnitude,
particularly during peak value instances. Joint2 encountered operational issues as early
as minute 1, characterized by oscillations in its trajectory and pronounced errors at peak
moments. Similarly, Joint3 demonstrated feedback oscillations post-minute 1 and exhibited
peak errors analogous to those seen in Joint1 and Joint2. The ATE for all joints showed a
marked increase with extended radiation exposure. In particular, the ATE for Joint3 exceeded
that of Joint2 and Joint1. This is attributed to Joint3’s proximity to the radiation source,
leading to higher levels of absorbed radiation.

The trajectory response, analyzed from the data for Joint1 and Joint2, is illustrated in
Fig.4.27. This illustration highlights a significant deviation from the reference trajectory,
most noticeably during the final lap as the position approaches the coordinates (-8.5,0). This
discrepancy serves as an example of a malfunction in robotic task execution, which occurs
when servomotors are subjected to radiation, resulting in positional inaccuracies. Furthermore,
ATE, as shown in the right-side graph of Fig.4.27, indicates a persistent increase with each
successive lap. This increment arises due to oscillations and inadequate stabilization in the
feedback from the servomotors that affect each individual joint.

4.4.4 Experiment #4
The experimental setup used is similar to that of the experiment #3, which is illustrated in
Fig. 4.22. Tab. 4.4 summarizes the primary details of this experiment #4, where the flow of
ionizing radiation was recorded at 0.18 Gy/s. The ATmega64M1 operated for 20 minutes,
accumulating 218 Gy TID. In contrast, the radiation-hardened version, ATmegaS64M1,
operated for 28 minutes and reached 311 Gy TID before showing signs of abnormal operation.
In contrast to the other experiments, alterations in data memory were identified by examining
all accessible memories. The ATmega64M1 exhibited 11160 corrupted bytes in its FLASH
memory after 28 minutes (217.7 Gy of accumulated radiation dose). However, no corrupted
memory data was observed in the ATmegaS64M1 (Rad-Hard).
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Figure 4.26: Experiment #3, servo motors position response with Arduino Uno (ATmega328P).
Graphs show the positional data of joints throughout the experiment. Joint1 deviated from the
expected position at minute 7, with increasing error during peak values. Joint2 experienced trajectory
oscillations starting at minute 1, and Joint3 showed similar oscillations and errors. The ATE increased
for all joints with prolonged radiation exposure, with Joint3 exhibiting the highest ATE due to its
closer proximity to the radiation source.

Figure 4.27: Experiment #3, trajectory response for Joint1 and Joint2 and Arduino Uno (AT-
mega328P). Graphs shows the trajectory response for Joint1 and Joint2, highlighting significant
deviations from the reference, particularly near coordinates (-8.5, 0) during the final lap. This
demonstrates task execution malfunctions caused by radiation-induced positional inaccuracies. The
right-side graph illustrates a persistent increase in ATE due to oscillations and inadequate feedback
stabilization from the servomotors.
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Table 4.4: Results of Experiment #4, representing the microcontroller’s radiation dose, TID, ATE
and work time.

Control Board Dose
[Gy/s]

TID
[Grays]

Time
[min]

Joints ATE
[degrees]

First &
Last Lap

ATE
[degrees]J1 J2 J3

ATmega64M1 0.18 218.88 20’16” 0.54 0.66 1.21 1.89
ATmegaS64M1 (RH) 0.18 311.22 28’49” 0.15 0.30 0.46 0.95

Both microcontrollers run the same program, which executes a semicircular path (Fig. 4.7).
Position-controlled servos traverse a specified route, moving from 0 to 90 degrees and returning
to 0 degrees, increasing and decreasing one degree at a time. The velocity-controlled servo
operates at 180 degrees per second. The position and velocity values of each servomotor
have been verified for the joints in this experiment. Joint 1 position response. (Fig. 4.28).
The ATmega64M1 trajectory begins to show ripples at minute 8 (76.8 Gy of accumulated
radiation dose TDI), while ATmega64SM1 (Rad-Hard) experiences smaller ripples and peaks
starting at minute 21 (201.6 Gy). ATE values indicate that ATmega64M1 (ATE = 0.54)
exhibits a larger error than ATmegaS64M1 (ATE = 0.15). Joint 2 position response. (Fig.
4.29). The trajectory behavior is similar to Joint 1, but the ATE value is higher due to
Joint 2 being closer to the radiation beam, causing the servomotor to absorb more radiation.
Ripples in the ATmega64M1 trajectory begin at minute 5 (54 Gy), while the ATmega64SM1
(Rad-Hard) shows smaller ripples and peaks from minute 21 (201.6 Gy). The ATE shows that
ATmega64M1 (ATE = 0.66) has a higher error compared to ATmegaS64M1 (ATE = 0.3).
Joint 3 velocity response. (4.30). The ATE value is higher than in Joint 1 and Joint 2 because
Joint 3 is closest to the radiation beam. The ATmega64M1 trajectory starts deviating in
velocity at minute 7 (67.2 Gy), whereas the ATmega64SM1 (Rad-Hard) shows significant
changes beginning at minute 20 (192 Gy). The results show a noticeable deviation compared
to the positions of the servomotors in previous experiments (Fig. 4.18). In addition, it implies
that a higher radiation exposure results in more data corruption, causing the trajectory to
fluctuate around the ideal path. Moreover, Fig. 4.31 presents the ATE values for all joints. It
can be seen that the ATmega64SM1 Rad-Hard microcontroller exhibits lower ATE joint values
compared to the non-Rad-Hard variant. Additionally, the ATE begins to rise around minute
20 for the Rad-Hard version, whereas it starts increasing from minute 7 for the non-Rad-Hard
version. This suggests that the Rad-Hard version provides greater stability in controlling the
servomotors.

The trajectory of the robotic arm was evaluated, tracking its evolution before and during
radiation exposure. Fig. 4.32 presents the trajectories with these microcontrollers, and the
evolution of the robot’s trajectory error, ATE, throughout the experiments. It is evident
that both microcontrollers malfunction; ATmega64M1 (Non-Rad-Hard) after 20 minutes of
radiation, and ATmegaS64M1 (Rad-Hard) post 28 minutes of radiation. Additionally, the
robot’s position error (ATE) escalates earlier, at minute 7 (67.2 TID) for the ATmega64M1,
and minute 20 (192 TID) for the ATmegaS64M1.
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(a) ATmega64M1 Joint 1 response.

(b) ATmegaS64M1 (Rad-Hard) Joint 1 response.

Figure 4.28: Experiment #4. Position response of Joint 1. The ATmega64M1’s trajectory starts
to exhibit ripples from minute 8 (TID 76.8 Gy), whereas the ATmega64SM1 (RH) shows smaller
ripples and peaks from minute 21 (TID 201.6 Gy). The ATE graph on the right illustrates that the
ATmega64M1 (ATE=0.54) has a higher error value compared to the ATmegaS64M1 RH (ATE=0.15).

(a) ATmega64M1 Joint 2 response.

(b) ATmegaS64M1 (Rad-Hard) Joint 2 response.

Figure 4.29: Experiment #4. Position response of joint 2. The trajectory of joint 2 resembles that
of joint 1; nonetheless, joint 2 exhibits a higher ATE due to its closer exposure to the radiation source.
The ATmega64M1 displays ripples at minute 5 (TID 54 Gy), while the ATmega64SM1 (RH) begins
to show smaller ripples and peaks at minute 21 (TID 201.6 Gy). The right graph demonstrates that
the ATmega64M1 (ATE = 0.66) has a higher error than the ATmegaS64M1 (ATE = 0.3).
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(a) ATmega64M1 Joint 3 response.

(b) ATmegaS64M1 (Rad-Hard) Joint 3 response.

Figure 4.30: Experiment #4. Velocity response for Joint 3. Joint 3 exhibits a higher ATE
value than Joint 1 and Joint 2 due to its proximity to the radiation source. The velocity of the
ATmega64M1 changes at minute 7 (TID 67.2 Gy), whereas the ATmega64SM1 (RH) shows a
significant alteration at minute 20 (TID 192 Gy). The right graph illustrates that the ATmega64M1
(ATE=1.21) has a greater error value compared to the ATmega64SM1 (ATE=0.46)..

(a)

Figure 4.31: ATE representation of ATmega65M1 and Atmega64SM1 (RH) microcontrollers
and joints in experiment #4. The values show that the ATmega64SM1 (RH) exhibits lower ATE
joint values compared to the non-Rad-Hard version. The ATE increase starts at minute 20 for the
Rad-Hard version, while the non-Rad-Hard version shows an increase starting at minute 7, indicating
greater stability in the Rad-Hard microcontroller for servomotor control.

158



CHAPTER 4. EFFECTS OF IONIZING RADIATION ON ROBOTIC TRAJECTORY
MOVEMENT AND ELECTRONIC COMPONENTS

(a) ATmega64M1 trajectory response.

(b) ATmegaS64M1 (Rad-Hard) trajectory response.

Figure 4.32: Comparison of robot paths during the experiment #4. The blue line marks the
reference path of the initial lap, completed in 2 minutes and 53 seconds with a TID of 31.26 Gy.
Conversely, the green line depicts the final path: at 20 minutes and 16 seconds for the ATmega64M1
with a TID of 218.88 Gy and at 28 minutes and 49 seconds for the ATmegaS64M1 (RH) with a TID
of 311.22 Gy. Both scenarios show ripples and deviations from the reference path in the last lap.
The ATE for the ATmegaS64M1 begins to rise after 20 minutes, while the ATE for the ATmega64M1
starts increasing after 7 minutes.

The responses of the internal temperature sensor of the microcontrollers are shown in Fig. 4.33.
The ATmega64M1 sensor indicates a temperature increase starting at minute 6, corresponding
to a TID of 57.6 Gy. This rise becomes more noticeable at minute 19, with a TID of 182.4 Gy,
particularly after a brief test interruption due to a malfunction. In contrast, the ATmegaS64M1
sensor starts to show a temperature increase at minute 11 with a TID of 105.6 Gy, with a
more significant rise evident by minute 25, just before the test concludes. These observations
suggest that the Rad-Hard microcontroller maintains a temperature more consistent than the
non-Rad-Hard model until its internal structure starts to degrade.

Finally, the voltages, currents and clock frequencies for experiments #3 and #4 were analyzed,
as shown in Fig. 4.34. According to [153], an increase in the total ionizing dose (TID) leads to
’Timing Window Violations’, where the instruction set fails to execute within the clock cycles,
causing microcontroller failures and incorrect data propagation. The relationship between
TID, clock frequency and operating voltage was analyzed using data from experiments #3 and
#4. Fig. 4.34(a) shows that the Raspberry Pico (RP20240) running at 120 MHz and 3.3V
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(a) ATmega64M1 Joint 1 re-
sponse.

Figure 4.33: Temperature response in ATmega64M1 and ATmegaS64M1 in experiment #4. The
graph indicates a similar pattern to previous experiments (temperature rises as radiation exposure
increases); however, the Rad-Hard internal sensor exhibited fewer fluctuations until its internal
structure started to degrade.

recorded a TID of 222 Gy. The ATmega324P with a 16 MHz clock had a TID of 237 Gy, while
the ATmega64M1 at 8 MHz and 0.09 Gy/s reached 282 Gy. The Rad-Hard ATmegaS64M1 at
8 MHz absorbed a TID of 311 Gy. These results align with the literature, showing that higher
frequencies result in lower TIDs, except for the non-Rad-Hard ATmega64M1, which tolerated
less TID than the RP2040 and ATmega328P. Therefore, further testing is recommended for
accurate data. Electrical analysis was performed throughout the experiments, measuring the
current before and after irradiation for each microcontroller; see Fig. 4.34(b). After radiation
exposure, certain microcontrollers showed increased current consumption, correlated with
radiation-induced malfunctions. As confirmed in [153], an increase in TID results in a higher
leakage and a higher total current. Significant increases were observed in Arduino UNO,
Raspberry Pico and non-Rad-Hard ATmegaS64m1, while Rad-Hard ATmegaS64m1 showed
minimal increase. In particular, current sometimes decreased with higher TID, possibly due
to failure of architectural components, reducing power draw.

(a) (b)

Figure 4.34: Experiments #3 and #4 linked voltage, current, and clock frequency. (a) Maximum
TID versus voltage and clock frequency for the microcontroller; (b) Current over TID and time.
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4.5 Discussion
The main observations from the tests are summarized in the following and on the Tab. 4.5.

• Mitigation techniques: Rad-Hard microcontroller and lead shielding have demon-
strated advantages in ionizing radiation environments, with the shielding of electronic
parts proving to be more effective and cost-efficient.

• Microcontrollers: Using a Rad-Hard ATmegaS64M1 was found to be effective in
tolerating higher levels of ionizing radiation (up to 311.2 Gy of TID) and maintaining
functionality significantly longer between 8% and 35% more compared to the other
microcontrollers tested (ATmega328P with 286.92 Gy and ATmega64M1 with 218.88 Gy).
Additionally, the lead shielding provided substantial protection to the microcontroller,
preventing failure and ensuring continued operation under radiation exposure. Radiation
levels critically affect the lifespan of these components, according to the tests.

• Servo motors: They experienced positional deviations and errors. Shielding the
microcontroller reduced the positioning error, mitigating radiation effects and preserving
proper functionality. The placement of servo motors on the accelerator target significantly
influences their performance, as the radiation beam impacts the electronics differently
based on their location and the material of the servo motor case. Moreover, the
radiation’s effect on servo motor positioning varied with the type of microcontroller used.
Specifically, servo motors managed by Rad-Hard microcontrollers showed improved
performance and less degradation.

• Temperature sensors: Under irradiation, higher temperature values were observed,
indicating potential electronic degradation. However, the values are the same once
the irradiation ceased. Sensor temperature errors varied with radiation exposure and
dose rate, possibly impacting reliability and long-term performance. Notably, the
unshielded ATmega328P showed substantial temperature errors. In contrast, the
integrated temperature sensors had fewer errors than the external sensor. The internal
temperature sensor of the Raspberry Pico (RP2040), excepted, displayed temperature
fluctuations from the beginning of the test.

• Robotic arm trajectory: The Rad-Hard demonstrated superior efficacy in robotic
arm movement. At a dose rate of 0.18 Gy/s, it maintained trajectory stability for 19
minutes (200 Gy), surpassing the non-Rad-Hard model, which remained stable for only
7 minutes (70 Gy). The Rad-Hard variant also achieved lower trajectory error, with
an ATE of 1.51 in the final lap, resulting in a maximum deviation of 3 cm at a TID
of 311.22 Gy. By comparison, the non-Rad-Hard version had an ATE of 1.89 and a
displacement error of up to 5 cm at a TID of 218.88 Gy. At a reduced dose rate of 0.09
Gy/s, non-Rad-Hard model recorded an ATE of 0.76, causing a trajectory shift of up to
3 cm with a TID of 282.15 Gy. Performance tracking using Arduino Uno (ATmega328P)
and Raspberry Pi Pico (RP2040) was inferior. Specifically, the RP2040 experienced a
servo motor failure at 7 minutes with a TID of 75 Gy, resulting in a significant trajectory
error of up to 17 cm. The ATmega328P exhibited an offset in its trajectory, with an
error of up to 7 cm.
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Chapter 5

Conclusions

5.1 Conclusions

This work outlines the development and testing of a highly robust automated system for
detecting components in various industrial applications (in this work, as an example fasteners
were used), designed to operate under different environmental conditions, both indoors and
outdoors. Traditional fastener detection systems are typically restricted to controlled lighting
conditions. However, this system addresses these limitations by integrating a vision-based
subsystem, force sensing, and a robotics platform. The proposed solution has been rigorously
tested with fasteners ranging from M6 to M24, demonstrating exceptional performance even
in semi-unstructured environments.
At the core of the system is a vision subsystem that employs an industrial smart camera
with dynamic focus and Near-Infrared (NIR) illumination. This enables the system to handle
various fastener sizes and adjust to the specific lighting conditions of the environment. The
combination of vision with the collaborative robot (UR5e), which features an embedded
force sensor and a custom tool, allows for precise monitoring and interaction force control.
The developed algorithms based on Spiking Neural Networks (SNNs) effectively detect the
center and rotation of fasteners, ensuring accurate and reliable fastening operations. These
algorithms were extensively tested using both synthetic datasets and real-world applications,
further verifying their robustness.
A detailed comparison of several SNN models and hardware configurations was carried out
to identify the best-performing system. The results showed that Deeplab EdgeMobilenet
FP32 achieved the highest accuracy (98.97% mAP IOU) while Deeplab Mobilenet-v2 FP32
was the fastest (88.49 FPS) when running on an Nvidia GTX 1660 Ti GPU. However, for
applications that require embedded systems, optimizing these models with pre-quantization
techniques was found to significantly enhance performance without a major loss in accuracy.
This optimization is particularly important for reducing inference time, which is critical for
time-sensitive industrial operations.
The system was further validated through a series of experiments, both theoretical and
experimental, focusing on the tolerances of socket wrenches and fasteners. The results
revealed that as fastener size increases, translation tolerances become more flexible while
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rotation tolerances tighten. For larger fasteners, the detection algorithm can allow for more
leniency in centering, but rotation detection must be more precise due to increased mechanical
forces exerted during the fastening process. These findings underscore the importance of
carefully selecting hardware and algorithms based on the specific industrial application and
fastener size.
Moreover, the masks generated by SNNs, although effective in challenging lighting conditions,
were not always flawless, requiring additional vision algorithms to enhance accuracy. A
comparison of several models showed that while Deeplab models performed the best in
terms of speed and accuracy, hardware optimization is essential to reduce processing time
for embedded systems. Pre-quantization, in particular, emerged as the optimal method for
achieving this balance, making the neural networks lighter and faster without compromising
performance.
The proposed methodology was rigorously tested with synthetic datasets that varied in
brightness, sharpness, and field of view (FOV). The system achieved a rotation accuracy of
99.86% and a center detection rate of 100%, demonstrating the system’s ability to perform
exceptionally well under controlled lighting conditions. Real-world testing further validated
these results, with the system achieving an accuracy of 96.26% and inference time of 37.91
using Deeplab EdgeMobilenet FP32 on Intel Core I9 10-Gen-900H CPU, in tasks performed
under various lighting and environmental conditions. The integration of force sensors was a
key component in improving the system’s dependability. These sensors provided real-time
data on task conditions, enabling automated error correction based on the force exerted
during the fastening process.

As summary, this topic presents a highly reliable and accurate robotic system for fastener
detection and handling, capable of operating effectively in a wide range of industrial envi-
ronments. The system’s ability to adapt to fluctuating lighting, different fastener sizes, and
semi-unstructured conditions represents a significant advancement over traditional detection
systems, which are typically constrained by controlled environments. The vision system’s use
of NIR illumination and dynamic focus, combined with advanced SNN algorithms and force
feedback, ensures precise detection of fastener position and orientation.
The study highlights the critical role that fastener size plays in defining the system’s algorith-
mic flexibility, particularly in terms of translation and rotation tolerances. As fastener size
increases, the detection algorithm must become more rigid with respect to rotation, while force
calibration is crucial to account for increased friction and mechanical forces. The optimization
of neural networks, particularly through pre-quantization, enables the system to maintain
high accuracy while reducing inference time, making it well-suited for embedded systems
and time-critical industrial applications. Ultimately, this research provides a robust and
scalable framework for implementing automated fastener detection and handling systems in
real-world industrial scenarios. The system’s ability to address challenges such as unstructured
lighting, worn or damaged fasteners, and fluctuating environmental conditions makes it a
highly effective solution for modern industrial automation.

Other objective of this study is to develop a framework focused at enhancing the performance
and safety of robotic tasks through optimal tool positioning and robot pose configurations.
This research particularly emphasizes the design and optimization of robotic tools for opera-
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tions that require precise control of forces and torques, such as screwing tasks. By employing
forward and inverse kinematics, the study identifies the most advantageous robot poses to
redistribute the forces and torques produced by external tools to the robot’s robust joints
(base, shoulder, elbow). Furthermore, the geometric Jacobian is utilized as an optimization
function to determine the ideal pose for screwing applications. The experimental results
highlight the critical importance of aligning the external tool axis with the robot’s joint
axes and selecting suitable tool designs, as these factors significantly optimize joint torques
and ensure safe robot operation. The findings also indicate that the proposed force control
methodology, coupled with the use of an external bracket, effectively reduces joint stress,
allowing safe and efficient operation of high-torque tools in both constrained and standard
environments.
The results from the simulations provide substantial observations regarding the design and
optimization of robotic tools, particularly concerning the forces and torques acting on the tool
flange and the entire assembly during operation. The data show that tool designs characterized
by higher centers of gravity (CoG) and smaller tool center points (TCP) typically minimize
the torque on the robot’s tool flange. In contrast, designs featuring lower CoG and larger TCP
values tend to elevate the torque on the flange, potentially increasing stress on the robot’s
joints. This highlights the importance of careful tool design and positioning to mitigate risk.
Additionally, the investigation reveals an inverse relationship between force and torque: as
torque increases, force tends to decrease, and vice versa. This dynamic is crucial for selecting
tool designs that remain within the robot’s operational limits. Notably, a substantial torque
consistently manifests along the z-axis, aligning with the screwing tool axis, which is critical
for optimizing the robot’s positioning.
The study further elaborates on the positioning strategies employed during simulations and
real tests. The optimal design and placement of tools are imperative for minimizing torque
on robot joints. Testing various tools alongside different robot poses revealed that tool g
is the most effective in torque management across both robot platforms. Additionally, the
proposed algorithm for pose optimization maximizes torque distribution to stronger joints
while minimizing it in weaker joints, ensuring that all poses remain within torque limits.
Experimental data, particularly from the UR5e robot, indicate discrepancies between joint
torques derived from the Jacobian and those calculated via the URScript API, primarily
due to friction and dynamic influences. The use of mixed control strategies has been shown
to improve torque distribution significantly, allowing the robot to operate safely even when
facing high torques. Notably, using position control mode without an external bracket resulted
in excessive stress on joint 6, which necessitated the application of an external bracket to
mitigate risks. Similarly, experiments with the Pilz robot highlighted the significance of tool
design in torque distribution across joints, illustrating that appropriate alignment of tool and
joint axes is vital for maintaining operational safety up to 60Nm. The experiments conducted
in impedance control mode revealed a substantial reduction in stress on joint 6, particularly
under free movement conditions. When tested at higher torque set points (45 Nm), the
joints remained within safety limits, validating the robustness of the proposed force control
technique. Successful applications of the method in constrained environments, such as the
ROSE project, demonstrate its practical applicability and effectiveness in real-world scenarios.

The findings of this topic carry substantial implications for the design and implementation
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of robotic tools, particularly in scenarios requiring precise force and torque control, such
as screwing operations. The research recommends for a systematic approach to optimizing
tool design, robot poses, and tool orientations to enhance the efficiency and reliability of
robotic systems while ensuring that they operate within safe limits. This study highlights the
important connection between tool design and robot posture optimization, offering a solid
framework to enhance the effectiveness and safety of robotic operations. The strategies and
algorithms proposed here contribute significantly to the field of robotics, offering insights that
can be translated into practical applications across various industrial settings.
Overall, the experimental results reinforce the notion that aligning the external tool’s axis
with the robot’s joint axes, coupled with the selection of appropriate tool designs, is crucial
for optimizing joint torques and ensuring safe robot operation. Moreover, the comparison
of experimental data with theoretical models emphasizes the importance of accounting for
dynamic and frictional factors in torque calculations. The proposed force control methodology,
alongside the incorporation of an external bracket, effectively reduces joint stress and facilitates
the safe use of high-torque tools in both constrained and standard operating environments.

Finally, This work focuses on analyzing the impact of radiation (0.09/0.18/1.5 Gy/s) on
various electronic components, such as microcontrollers, servomotors, and digital temperature
sensors, as well as the movement of a 3-DoF robotic arm over time. In addition, this study
examines the impact of radiation on the trajectories of two robotic arms, evaluating the
durability and performance of these components while employing different strategies from
the literature to compare radiation effects, such as lead shielding and component hardening.
Furthermore, the radiation effects on memory components, including FLASH, EEPROM,
and SRAM, were evaluated. The findings offer critical insights for the design and implemen-
tation of robotics in hostile environments. The experimental tests were conducted using a
linear particle accelerator at CIEMAT in Spain. The main observations from the tests are
summarized in the following. Mitigation Techniques: Radiation-Hard microcontrollers and
lead shielding have demonstrated advantages in ionizing radiation environments, with the
shielding of electronic parts proving to be more effective and cost-efficient.
Microcontrollers: Using a Rad-Hard microcontroller (ATmegaS64M1) was found to be effective
in tolerating higher levels of ionizing radiation (up to 311.2 Gy of TID) and maintaining
functionality significantly longer between 8% and 35% more compared to the other microcon-
trollers tested (ATmega328P with 286.92 Gy and ATmega64M1 with 218.88 Gy). Additionally,
the lead shielding provided substantial protection to the microcontroller, preventing failure
and ensuring continued operation under radiation exposure. The tests also indicated that
radiation levels are critical in determining the lifespan of these components.
Servo Motors: The servomotors encountered positional deviations and errors due to radiation
exposure. Shielding the microcontroller reduced the positioning error, mitigating radiation
effects and preserving proper functionality. The placement of servo motors on the accelerator
target significantly influences their performance, as the radiation beam impacts the electronics
differently based on their location and the material of the servo motor case. Moreover,
the radiation’s effect on servo motor positioning varied with the type of microcontroller
used. Specifically, servo motors managed by Rad-Hard microcontrollers showed improved
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performance and less degradation. Temperature Sensors: Under irradiation, higher tem-
perature values were observed, indicating potential electronic degradation. However, the
values returned to normal once the irradiation ceased. Sensor temperature errors varied with
radiation exposure and dose rate, possibly impacting reliability and long-term performance.
Notably, the unshielded ATmega328P showed substantial temperature errors. In contrast,
the integrated temperature sensors had fewer errors than the external sensor. The internal
temperature sensor of the Raspberry Pico (RP2040) displayed temperature fluctuations from
the beginning of the test.
Robotic Arm Trajectory: The Rad-Hard AtmegaS64M1 demonstrated superior efficacy in
robotic arm movement. At a dose rate of 0.18 Gy/s, it maintained trajectory stability for
19 minutes (200 Gy), surpassing the non-Rad-Hard model, which remained stable for only 7
minutes (70 Gy). The Rad-Hard variant also achieved lower trajectory error, with an Average
Trajectory Error (ATE) of 1.51 in the final lap, resulting in a maximum deviation of 3 cm
at a TID of 311.22 Gy. By comparison, the non-Rad-Hard version had an ATE of 1.89 and
a displacement error of up to 5 cm at a TID of 218.88 Gy. At a reduced dose rate of 0.09
Gy/s, the non-Rad-Hard model recorded an ATE of 0.76, causing a trajectory shift of up to 3
cm with a TID of 282.15 Gy. Performance tracking using Arduino Uno (ATmega328P) and
Raspberry Pi Pico (RP2040) was inferior, with the RP2040 experiencing a servo motor failure
at 7 minutes with a TID of 75 Gy, resulting in a significant trajectory error of up to 17 cm.
The ATmega328P exhibited an offset in its trajectory, with an error of up to 7 cm.

The findings from this topic emphasize the critical importance of radiation mitigation strate-
gies for robotic systems operating in extreme environments. Rad-Hard microcontrollers
significantly outperformed conventional ones in radiation-heavy conditions, demonstrating
greater tolerance and stability. However, despite their superior performance, even these
components eventually succumb to high TID levels above 300 Gy. The inclusion of lead
shielding was also shown to effectively prolong the operational lifespan of microcontrollers
and servomotors, underscoring its value as a cost-effective radiation mitigation technique.
The robotic arm trajectory data further supports the robustness of Rad-Hard controllers,
which not only maintained more precise trajectories but also experienced fewer functional
errors compared to conventional controllers. This precision is critical for applications where
trajectory accuracy is essential, such as object manipulation, medical robots or space explo-
ration.
Moreover, the study highlights that temperature sensors can serve as early indicators of
radiation-induced degradation, with anomalies in their readings signaling potential microcon-
troller failure. Such signals could be utilized to prompt corrective measures, such as activating
backup systems or adjusting robot control algorithms to ensure continued functionality.
This research contributes vital insights into the design of robotics for hostile environments,
particularly where ionizing radiation is a significant factor. The experiments confirm that
radiation-hardening techniques, such as the use of Rad-Hard microcontrollers and lead shield-
ing, are essential for maintaining the long-term functionality and accuracy of robotic systems
in these settings. These findings will inform the development of more resilient robots for
applications in nuclear facilities, outer space, and other radiation-exposed areas.
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5.2 Achievements
The findings of this thesis have been distributed through several publications in peer-reviewed
journals and international conferences. In addition, one manuscript has been submitted
and is currently under review, while two others are in the process of being written and are
expected to be submitted in the coming months. Tab. 5.1 provides a summary of all these
contributions.

Table 5.1: Publications linked to the doctoral thesis.

Title Type Journal/Book Link
Published

Robust Fastener Detection Based on Force
and Vision Algorithms in Robotic
(Un)Screwing Applications

Journal Sensors 1

The effect of ionizing radiation on robotic
trajectory movement and electronic components Journal Nuclear Engineering

and Technology 2

ROSE: Robot for Automatic Spacer Installation in
Overhead Power Lines Conference

Robot 2022
Fifth Iberian
Robotics Conference

3

Forces Analysis on Robotics Screwing Tasks Conference
Robot 2023
Fifth Iberian
Robotics Conference

4

Under Review
Design and evaluation of an advanced robotic
bolting tool applied to IFMIF-DONES Journal Fusion Engineering

and Design
In process

Characterization of BLDC Servomotor Parameters
and Performance Evaluation with
Commercial Driver Controllers
(Internship collaboration)
Framework for the Optimization of Robotic Arm
Joint Torques Utilizing High-Torque External Tools
(Internship collaboration)

5.3 Future Work
Enhancing the reliability of the insertion of a socket into a fastener can be achieved through
vision-based perception and robot position feedback. By monitoring force and position against
set thresholds, one can identify collisions or successful fits. Although effective on rigid surfaces,
adapting to diverse surfaces may require new sensors like load cells that measure force when
the socket engages the fastener.
The entire procedure, from taking the picture to applying the proposed algorithms, takes 723
ms, with the majority of the time spent on capturing and downloading the image by TCP/IP
protocol. To enhance this, cameras with a GIGEVision interface could be utilized, enabling
real-time image transfer to the local PC.
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The suggested algorithms are designed for 2D perpendicular surfaces. To adapt these al-
gorithms for diverse environments, incorporating deep (RGBD), stereo cameras, or LIDAR
sensors can be explored to determine the fastener’s orientation on non-perpendicular surfaces.

The research highlights the necessity for thorough examination of torque dynamics to enable
accurate torque predictions when subjected to external forces. Conducting a comprehensive
dynamic simulation can facilitate the transfer of forces and torques to the tool design, leading
to more dependable measurements of forces and torques at the robot tool flange.
The algorithms that have been proposed do not account for collisions between the robot, its
tool, and the surrounding environment. To achieve enhanced performance and obtain optimal
results, incorporating a collision-detection component would be advantageous.
Furthermore, the introduction of an improved cost function will be integral to refining the
proposed algorithms for application on various types of industrial manipulators. In addition
to these enhancements, a dynamic framework should be developed for commercial use. This
framework would allow users to simply specify the task point, after which the system would
autonomously adjust the robot’s position to efficiently execute the task.

Enhance serial communication speed and synchronize slave devices based on the main clock
frequency to maximize data throughput and detect bit changes in SRAM and EEPROM
memories while the microcontroller operates in an ionizing radiation environment.
Develop an alert system that employs cheap active elements like digital temperature sensors
to prevent severe damage to robots. Furthermore, use the data collected to implement
Artificial Intelligence (AI) algorithms or neural networks for early fault detection, performance
enhancement, adaptation to fluctuating conditions, intelligent decision making to extend
system longevity, and avoidance of abnormal robot behaviors in radiation-exposed critical
zones.
Conduct further testing involving the irradiation of various microcontrollers at different power
supply levels, clock frequencies, and radiation doses to determine their limitations and maxi-
mum operating lifetime. In addition, examined how ionizing radiation affects the generation
and frequency of PWM signals. A single bit alteration in the timer may trigger overflow
flags, leading to incorrect set points for the servomotor, thus altering its position or speed.
Furthermore, investigated the influence of ionizing radiation on the acquisition of ADC signals
and the generation of DCA signals. For ADCs, assess how acquisition time and collected
samples are impacted by SEEs, and consider the role of analog filters in signal smoothing.
For DCAs, evaluate how filters and PWM are affected, and in the case of embedded DCAs,
analyze the impact on operational amplifiers.
Furthermore, investigated the adaptation and practical application of the GEMMA guide for
robots used in high-ionizing radiation environments. This guide aims to optimize the design
of redundancy-optimized state machines to mitigate microcontroller failures. This approach
will improve performance, minimize critical failures, and maximize the operational time of
electronic and robotic systems under radiation conditions.
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Annex

A Annex 1. MASK RCNN train parameters

""" Configuration for training on the toy shapes dataset .
Derives from the base Config class and overrides values specific
to the toy shapes dataset .
"""
# Give the configuration a recognizable name
NAME = " tornillo "

# Train on 1 GPU and 8 images per GPU. We can put multiple images on
each

# GPU because the images are small. Batch size is 8 (GPUs * images /GPU
).

GPU_COUNT = 1
IMAGES_PER_GPU = 1

# use small validation steps since the epoch is small
st1=len(os. listdir (os.path.join(ROOT_DIR ,"data/perno/val"))) //

IMAGES_PER_GPU
VALIDATION_STEPS = st1

# Use a small epoch since the data is simple
st2=len(os. listdir (os.path.join(ROOT_DIR ,"data/perno/train"))) //

IMAGES_PER_GPU
STEPS_PER_EPOCH = st2

# Number of classes ( including background )
NUM_CLASSES = 1 + 1 # background + 3 shapes

# Use small images for faster training . Set the limits of the small
side

# the large side , and that determines the image shape.
# IMAGE_MIN_DIM = 480
# IMAGE_MAX_DIM = 640
IMAGE_MIN_DIM = 960
IMAGE_MAX_DIM = 1280
# IMAGE_RESIZE_MODE = "pad64"

# If enabled , resizes instance masks to a smaller size to reduce
# memory load. Recommended when using high - resolution images .
USE_MINI_MASK = True
MINI_MASK_SHAPE = (448 , 448) # (height , width) of the mini -mask

# Number of color channels per image. RGB = 3, grayscale = 1, RGB -
D = 4

# Changing this requires other changes in the code. See the WIKI for
more

# details : https :// github .com/ matterport / Mask_RCNN /wiki
# IMAGE_CHANNEL_COUNT = 1
# MEAN_PIXEL = np.array ([ 126 ])
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BACKBONE = " resnet50 "

# Maximum number of ground truth instances to use in one image
# MAX_GT_INSTANCES = 200
MAX_GT_INSTANCES = 50

# Max number of final detections per image
DETECTION_MAX_INSTANCES = 400
# DETECTION_MAX_INSTANCES = 1000

# Optimizer , default is ’SGD ’
OPTIMIZER = ’ADAM ’

# ROIs kept after non - maximum supression ( training and inference )
# POST_NMS_ROIS_TRAINING = 2048
# POST_NMS_ROIS_INFERENCE = 2048
# Number of ROIs per image to feed to classifier /mask heads
TRAIN_ROIS_PER_IMAGE = 100

# You can increase this during training to generate more proposals
.

RPN_NMS_THRESHOLD = 0.99

# Minimum probability value to accept a detected instance
# ROIs below this threshold are skipped
DETECTION_MIN_CONFIDENCE = 0.95

# Non - maximum suppression threshold for detection
# DETECTION_NMS_THRESHOLD = 0.3 # 0.3

# Threshold number for mask binarization , only used in inference mode
# DETECTION_MASK_THRESHOLD = 0.35

# Whether to use image augmentation in training mode
# AUGMENT = True

199



Henry Paúl Espinosa Peralta

B Annex 2. Mobilenet-v2 train parameters
# _________________________________________________________
#### TRAIN CODE ###
# ##################
python deeplab /train.py \

-- logtostderr \
-- training_number_of_steps =${ NUM_ITERATIONS } \
-- train_split ="train" \
-- model_variant =" mobilenet_v2 " \
-- output_stride =16 \
-- train_crop_size ="513 ,513" \
-- train_batch_size =12 \
-- dataset =" pascal_voc_seg " \
-- tf_initial_checkpoint =${ PATH_TO_INITIAL_CHECKPOINT } \
-- train_logdir =${ PATH_TO_TRAIN_DIR } \
-- dataset_dir =${ PATH_TO_DATASET } \
-- initialize_last_layer =false \
-- fine_tune_batch_norm =true \
-- last_layers_contain_logits_only =true

#To train all layers the next flags has to be changing :
#-- initialize_last_layer =true
#-- fine_tune_batch_norm =false
#--learning_rate =0.045
#To train with Quantization aware the flag must be set:
#-- quantize_delay_step =0"
# _________________________________________________________

#### EXPORT MODEL CODE ###
# ##################
python deeplab / export_model .py \

-- checkpoint_path =${ PATH_TO_CHECKPOINT } \
-- export_path =${ PATH_EXPORT / frozen .pb} \
-- model_variant =" mobilenet_v2 " \
-- output_stride =16 \
-- train_crop_size ="513 ,513" \
-- num_classes =2 \
-- inference_scales =1.0 \

#To train with Quantization aware the flag must be set:
#-- quantize_delay_step =0"
# _________________________________________________________

#### CONVERT MODEL TO TFLITE ###
# ##################
python deeplab / convert_to_tflite .py \

-- quantized_graph_def_path =${ PATH_TO_QUANTIZATED_MODEL }/ frozen .pb \
-- input_tensor_name = MobilenetV2 / MobilenetV2 / input :0 \
-- output_tflite_path =${ PATH_TO_QUANTIZATED_MODEL }/ frozen_inference_graph

. tflite \
-- test_image_path =${ PATH_TO_TEST_IMAGES } # images to obtain a median

pixels value
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C Annex 3. EdgeMobilenet train parameters
python deeplab /train.py \

-- logtostderr \
-- training_number_of_steps =${ NUM_ITERATIONS } \
-- train_split ="train" \
-- model_variant =" mobilenet_edgetpu " \
-- output_stride =16 \
-- decoder_output_stride =’’ \
-- aspp_convs_filters =256 \
-- train_crop_size ="513 ,513" \
-- train_batch_size =10 \
-- dataset =" pascal_voc_seg " \
-- tf_initial_checkpoint =${ PATH_TO_INITIAL_CHECKPOINT } \
-- train_logdir =${ PATH_TO_TRAIN_DIR } \
-- dataset_dir =${ PATH_TO_DATASET } \
-- initialize_last_layer =false \
-- fine_tune_batch_norm =true \
-- last_layers_contain_logits_only =true

#To train all layers the next flags has to be changing :
#-- initialize_last_layer =true
#-- fine_tune_batch_norm =false
#--learning_rate =0.045
#To train with Quantization aware the flag must be set:
#-- quantize_delay_step =0"

# _________________________________________________________

#### EXPORT MODEL CODE ####
# ##################
python deeplab / export_model .py \

-- checkpoint_path =${ PATH_TO_QUANTIZATED_MODEL } \
-- export_path =${ PATH_EXPORT } \
-- model_variant =" mobilenet_edgetpu " \
-- output_stride =16 \
-- train_crop_size ="513 ,513" \
-- num_classes =2 \
-- inference_scales =1.0 \

#To train with Quantization aware the flag must be set:
#-- quantize_delay_step =0"
# _________________________________________________________

#### CONVERT MODEL TO TFLITE ###
# ##################
python deeplab / convert_to_tflite .py \

-- quantized_graph_def_path =${ PATH_TO_QUANTIZATED_MODEL }/ frozen .pb \
-- input_tensor_name = MobilenetEdgeTPU / MobilenetEdgeTPU / input :0 \
-- output_tensor_name = ArgMax :0 \
-- output_tflite_path =${ PATH_TO_QUANTIZATED_MODEL }/ frozen . tflite \
-- test_image_path =${ PATH_TO_TEST_IMAGE }
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D Annex 4. Parameters of vision algorithms

#### Contours aproximation ###
points_wanted = 6
precision = 10000
list_aprox =[]
for x in range( precision ):

epsilon = (x/ precision )*cv2. arcLength (cnt[0], True)
approx = cv2. approxPolyDP (cnt[0], epsilon , True)
if approx .shape[0] == points_wanted :

list_aprox . append ( approx )
break

#### Find Contours ###
cv2. findContours (img ,cv2. RETR_EXTERNAL ,cv2. CHAIN_APPROX_NONE )

#### Find Contours ###
cv2. convexHull (contours ,False)

#### Contour to lines ###
cv2. HoughLinesP (binary ,1,np.pi/360 ,50 , minLineLength , maxLineGap )

#### Clustering ###
# Kmeans
criteria = (cv2. TERM_CRITERIA_EPS + cv2. TERM_CRITERIA_MAX_ITER , 10 , 0.1)
labels , centers = cv2. kmeans (pts , 3, None , criteria , 10 , cv2.

KMEANS_RANDOM_CENTERS )[1:]

# OPTICS
OPTICS ( min_samples =2, xi=.5, min_cluster_size =0.25)

# DBSCAN
DBSCAN (eps=0.5, min_samples =1)

#### Fuse lines ###
fitLine (Points , cv2.DIST_L2 ,0,0.01 ,0.01)

E Annex 5. Simulation forces and torques 1

F Annex 6. Simulation forces and torques 2

202



APPENDIX . ANNEXES

Ta
bl

e
E

.2
:

Si
m

ul
at

io
n

fo
rc

es
an

d
to

rq
ue

s
ob

ta
in

ed
re

la
te

d
re

fe
re

nc
e

of
th

e
co

or
di

na
te

sy
st

em
sh

ow
n

in
Fi

g.
3.

20
.

T
he

siz
es

of
th

e
to

ol
re

pr
es

en
te

d
by

th
e

le
tt

er
s

a-
ia

re
m

en
tio

ne
d

in
th

e
Ta

bl
e.

3.
6

an
d

so
m

e
de

sig
ns

ar
e

sh
ow

n
in

Fi
g.

3.
22

M
om

en
t

lo
ad

40
[N

m
]

/
So

ck
et

le
ng

th
0.

02
[m

]
M

om
en

t
lo

ad
40

[N
m

]
/

So
ck

et
le

ng
th

0.
04

3
[m

]
T

oo
l

F
la

ng
e

T
oo

l
St

re
ss

T
oo

l
F

la
ng

e
T

oo
l

St
re

ss
Fo

rc
e

[N
]

T
or

qu
e

[N
m

]
Fo

rc
e

[N
]

T
or

qu
e

[N
m

]
Fo

rc
e

[N
]

T
or

qu
e

[N
m

]
Fo

rc
e

[N
]

T
or

qu
e

[N
m

]
F

x
Fy

Fz
T

x
T

y
T

z
F

x
Fy

Fz
T

x
T

y
T

z
F

x
Fy

Fz
T

x
T

y
T

z
F

x
Fy

Fz
T

x
T

y
T

z
a

0,
00

-1
77

,2
8

0,
00

-2
,6

8
0,

00
-1

3,
22

-0
,6

8
9,

03
0,

16
-0

,1
0

-0
,0

5
-3

4,
39

a
0,

00
-1

06
,3

6
0,

00
-2

,4
1

0,
00

-2
3,

25
-0

,3
0

8,
48

0,
36

-0
,0

9
-0

,0
6

-3
4,

89
b

0,
00

-1
26

,8
0

0,
00

-1
,0

2
0,

00
10

,2
2

-0
,3

2
18

,4
0

0,
11

-0
,0

7
-0

,0
9

-2
7,

04
b

-0
,1

7
-1

16
,1

6
0,

00
-1

,2
1

0,
00

5,
84

-0
,1

3
17

,7
7

0,
23

-0
,0

8
-0

,1
0

-2
7,

56
c

0,
00

-2
02

,6
8

0,
00

-1
0,

31
0,

00
-1

,4
8

-0
,5

3
-1

7,
01

-0
,2

1
0,

44
0,

01
33

,7
7

c
0,

00
-1

88
,5

2
0,

00
-1

0,
30

0,
00

-4
,2

6
0,

57
-1

6,
71

-0
,1

3
0,

45
0,

02
34

,2
8

d
0,

00
-8

9,
60

0,
00

-4
,3

4
0,

00
2,

10
-0

,5
6

15
,9

2
-0

,2
0

-0
,4

5
0,

01
-2

9,
44

d
0,

00
-8

9,
28

0,
00

-4
,6

8
0,

00
1,

61
0,

28
15

,5
2

-0
,1

3
-0

,4
4

-0
,0

1
-2

9,
74

e
0,

00
-8

3,
36

0,
00

-1
0,

64
0,

00
-0

,0
4

-0
,1

7
16

,9
7

0,
35

-0
,9

1
-0

,1
1

-2
7,

95
e

0,
00

-8
8,

40
0,

00
-1

1,
44

0,
00

-0
,0

1
-0

,1
8

16
,1

2
0,

08
-0

,8
9

-0
,0

7
-2

8,
36

f
-0

,4
5

-3
17

,2
8

0,
00

-1
7,

66
0,

02
-5

,9
8

-0
,4

0
15

,2
9

-0
,1

8
-0

,6
9

0,
00

9
-3

5,
39

f
0,

97
-2

53
,9

2
0,

00
-1

5,
84

-0
,0

3
-1

1,
42

0,
19

15
,0

3
-0

,1
4

-0
,6

9
0,

01
-3

5,
89

g
0,

00
-3

00
,0

8
0,

00
-3

9,
92

0,
00

0,
00

-2
,2

0
12

,7
0

-1
,0

1
1,

39
-0

,3
1

34
,2

0
g

0,
00

-2
94

,7
2

0,
00

-4
1,

68
0,

00
-4

,4
4

-3
,2

9
-1

3,
03

-0
,8

4
1,

40
-0

,3
4

34
,7

6
h

0,
00

0,
88

-0
,8

4
0,

04
0,

11
-2

8,
12

0,
84

-1
,2

8
0,

03
0,

11
-0

,1
0

-3
5,

71
h

0,
00

0,
00

0,
00

0,
00

0,
24

-3
2,

12
0,

36
-1

,1
9

-0
,1

1
0,

09
-0

,1
1

-3
6,

18
i

0,
64

-2
66

,4
0

0,
00

-1
2,

92
-0

,0
2

-1
3,

72
-0

,5
4

16
,2

8
0,

15
-0

,4
5

0,
00

-3
5,

43
i

1,
20

-2
10

,0
0

0,
00

-1
1,

88
0,

00
-1

8,
56

-0
,2

1
15

,6
2

0,
55

-0
,4

6
0,

00
-3

5,
96

M
om

en
t

lo
ad

40
[N

m
]

/
So

ck
et

le
ng

th
0.

07
8

[m
]

M
om

en
t

lo
ad

40
[N

m
]

/
So

ck
et

le
ng

th
0.

67
8

[m
]

T
oo

l
F

la
ng

e
T

oo
l

St
re

ss
T

oo
l

F
la

ng
e

T
oo

l
St

re
ss

Fo
rc

e
[N

]
T

or
qu

e
[N

m
]

Fo
rc

e
[N

]
T

or
qu

e
[N

m
]

Fo
rc

e
[N

]
T

or
qu

e
[N

m
]

Fo
rc

e
[N

]
T

or
qu

e
[N

m
]

F
x

Fy
Fz

T
x

T
y

T
z

F
x

Fy
Fz

T
x

T
y

T
z

F
x

Fy
Fz

T
x

T
y

T
z

F
x

Fy
Fz

T
x

T
y

T
z

a
0,

00
-5

2,
68

0,
00

-1
,9

0
0,

00
-3

0,
92

0,
37

15
,2

5
0,

34
-0

,9
2

-0
,0

6
-3

5,
46

a
-1

2,
33

0,
00

-1
,2

2
-0

,2
8

0,
00

-3
8,

00
0,

43
9,

33
-0

,7
2

-0
,0

9
0,

03
-3

3,
34

b
0,

23
-9

1,
20

0,
00

-1
,3

5
0,

00
-3

,6
9

-0
,1

6
18

,4
8

0,
25

-0
,0

7
-0

,1
5

-2
7,

60
b

-1
2,

33
-1

,5
3

0,
00

-0
,3

7
0,

03
-3

7,
07

0,
34

17
,9

5
-0

,1
1

-0
,0

7
-0

,0
6

-2
6,

23
c

0,
00

-1
51

,4
8

0,
00

-9
,2

6
-0

,0
2

-1
0,

16
0,

06
-1

7,
84

-0
,5

9
0,

05
0,

06
34

,3
9

c
-1

2,
36

0,
00

0,
00

0,
05

0,
43

-3
6,

50
-0

,1
1

-1
7,

41
0,

44
0,

45
0,

01
32

,6
8

d
2,

18
-9

1,
20

0,
00

-4
,8

8
-0

,0
1

-0
,1

4
-0

,1
2

16
,4

0
0,

01
-0

,4
6

-0
,0

3
-2

9,
68

d
-1

2,
59

-5
,7

1
0,

00
-0

,9
9

0,
50

-3
4,

11
-2

,1
9

22
,3

9
1,

05
-0

,5
6

-0
,2

8
-2

8,
30

e
0,

00
-9

0,
12

0,
00

-1
1,

84
-0

,0
1

-0
,4

4
0,

15
16

,7
4

0,
36

-0
,9

1
-0

,1
2

-2
8,

33
e

-1
2,

69
-2

3,
01

0,
00

-6
,5

7
0,

12
-2

3,
32

0,
66

23
,3

7
-0

,8
6

-1
,0

9
0,

13
-2

6,
70

f
0,

00
-1

62
,3

2
0,

00
-1

1,
64

-0
,0

2
-1

9,
32

0,
37

15
,8

0
0,

24
-0

,7
2

-0
,0

1
-3

6,
08

f
0,

00
1,

73
0,

00
1,

32
0,

00
-3

6,
98

0,
50

15
,5

6
-0

,3
8

-0
,6

7
0,

00
-3

4,
31

g
0,

00
-2

58
,7

2
0,

00
-3

9,
93

0,
00

-6
,7

4
-2

,8
9

-1
3,

47
0,

59
1,

44
-0

,3
6

35
,0

0
g

-6
,5

2
2,

57
-3

,8
7

-1
,6

8
0,

52
-3

1,
08

-3
,4

6
-1

4,
51

0,
76

1,
45

8
-0

,4
1

34
,2

7
h

0,
00

0,
00

0,
00

0,
00

0,
00

-3
4,

64
0,

26
-1

,4
6

0,
23

0,
12

-0
,1

1
-3

6,
38

h
0,

00
0,

00
0,

00
-0

,0
4

0,
00

-3
6,

52
0,

00
-1

,2
7

-0
,1

4
0,

11
-0

,0
8

-3
4,

60
i

0,
80

-1
35

,6
4

0,
00

-9
,5

2
0,

00
-2

4,
76

0,
26

15
,9

5
0,

31
-0

,4
6

0,
00

-3
6,

16
i

0,
00

0,
00

0,
00

-0
,5

6
0,

00
-3

5,
04

-0
,0

2
15

,6
1

-0
,4

4
-0

,4
4

-0
,0

1
-3

4,
40

203



Henry Paúl Espinosa Peralta

Table
F

.3:
Sim

ulation
forces

and
torques

using
tooldesigns

’a,’’g,’and
‘h’are

show
n

in
Fig.

3.22
at

the
points

described
in

Fig.
3.25.

T
he

values
represent

the
joint

torques
calculated

by
the

best
pose

provided
by

A
lgorithm

8..
T

he
externalforces/torques

[Fx,Fy,Fz,Tx,
Ty,Tz]were

taken
from

the
Tab.

E.2
colum

n
labeled

toolstress,w
here

tool‘a’=
[0.37,15.25,0.34,-0.92,-0.06,-35.46],tool‘g’=

[-3.29,
-13.03,-0.84,1.4,-0.34,34.76],and

tool‘h’=
[0.26,15.95,0.31,-0.46,0,-36.16].

Each
externalforce

was
rotated

according
to

the
point

of
application.
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[-40.22,0.04,-0.1,-0.05,-1.77,-36.16]
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