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Abstract

Inneuroscientific researchon themodel organismCaenorhabditis elegans (C.elegans), it is important to con-
trol environmental conditions to ensure accurate and reliable experimental results. This is especially true
in experiments where environmental factors, such as temperature, significantly influence or alter behaviors
and/or neuronal activities under study.
The temperature-sensitive mutation of the cha-1 gene, which codes for choline acetyltransferase (ChAT),
a�ects acetylcholine (ACh) synthesis at di�erent temperatures. Specifically, it leads to disruption at higher
temperaturesandnormal functioningat lower temperatures. To investigate thee�ectsof ACh’sperturbation
on global neuronal dynamics, a temperature control system (TCS) was developed. It is designed tomanage
precise environmental temperature conditions during experiments.
The systemoperates on the principles of closed-loop feedback systems. Key components of the TCS include
temperature sensors, actuators (Peltier elements), and amicrocontroller unit for real-time temperature ad-
justments. The system uses a PI (Proportional-Integral) control algorithm to dynamically adjust temper-
atures with minimal deviation from set points based on feedback from the system being controlled. The
performance of the system was assessed through step response experiments, where the TCS ability to ad-
just andmaintain the desired temperatures is tested.
The proportional and integral components are tuned for optimal system responsiveness and steady-state
accuracy. The system demonstrates adaptive responses in both cooling and heating conditions across dif-
ferent set point changes. The system’s thermal properties (particularly the thermal inertia of Polydimethyl-
siloxane (PDMS), a silicon-based polymer), influence the response curve, with a rather slow adaptation to
control inputs due to the low thermal conductivity of materials used in the microfluidic device. Despite its
slower response, the systemmaintains stable set temperatureswithin a defined tolerance range a�er reach-
ing the settling point.
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Zusammenfassung

In neurowissenscha�lichen Forschungen am Modellorganismus Caenorhabditis elegans (C. elegans) sind
kontrollierte Umweltbedingungen entscheidend, um Validität, Zuverlässigkeit und Glaubwürdigkeit der ex-
perimentellen Ergebnisse zu gewährleisten. Dies gilt insbesondere für Experimente, bei denen Umwelt-
faktoren wie Temperatur das Verhalten und/oder neuronale Aktivitäten der untersuchten Organismen sig-
nifikant beeinflussen oder verändern können.
Die temperatur-sensitive Mutation des cha-1-Gens, das für Cholinacetyltransferase (ChAT) kodiert, beein-
flusst die Synthese von Acetylcholin (ACh) bei unterschiedlichen Temperaturen. Bei höheren Temperaturen
kommt es zu Störungen in der Acetylcholin Produktion, während bei niedrigen Temperaturen eine normale
Funktion beobachtet werden kann. Um die Auswirkungen dieser ACH Perturbation auf globale neuronale
Dynamiken zu untersuchen, wurde ein Temperaturkontrollsystem (TKS) entwickelt. Dieses System ist da-
rauf ausgelegt, während Experimenten die Umgebungstemperatur des Wurms genau zu kontrollieren.
Das System basiert auf den Prinzipien von geschlossenen Regelkreisen. Zu den Schlüsselkomponenten
des TKS gehören Temperatursensoren, Aktuatoren (Peltier-Elemente) und eine Mikrocontroller-Einheit zur
Echtzeit-Temperaturüberwachung- und regelung. Mithilfe eines Proportional-Integral (PI) Reglers passt das
SystemdynamischTemperaturenmitminimalenAbweichungenvondenSollwertenan. DieseAnpassungen
basierenaufRückmeldungenausdemkontrolliertenSystem. DieLeistungsfähigkeitwurdedurchSprungantwort-
experimenten bewertet, in denen getestet wurde ob das TKS die gewünschte Temperaturen sowohl ein-
stellen als auch halten kann.
Dieproportionalenund integralenKomponentensindsoaufeinanderabgestimmtumoptimaleSystemreak-
tion und Genauigkeit im stationären Zustand zu erreichen. Das System zeigt adaptive Reaktionen in Kühl-
wie auch in Heizbedingungen bei verschiedenen Sollwertänderungen. Die thermischen Eigenscha�en des
Systems, (insbesondere die thermische Trägheit von Polydimethylsiloxan (PDMS), ein silikonbasiertes Poly-
mer) beeinflussen die Reaktionskurve. Dies äußert sich durch eine eher langsame Anpassung an Steuersig-
nale aufgrund der geringenWärmeleitfähigkeit der verwendeten Materialien. Trotz seiner langsamen Reak-
tion hält das System stabile Solltemperaturen innerhalb eines definierten Toleranzbereichs nach Erreichen
der Absetzzeit.
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1 Introduction

Understanding how neurons interact to shape behavior and process information is a key question in neuro-
scientific research. Neurons, the basic building blocks of the nervous system, form networks and circuitries
that process sensory information, drive motor outputs, and give rise to cognitive functions such as learn-
ing and memory. Research into how neurons interact to shape behavior and process information involves
studying these neural network dynamics and analyzing their activity patterns. The nematode Caenorhabdi-
tis elegans (C. elegans) is a valuablemodel organism for such studies. All the 302 neurons and their connec-
tions, known as the connectome, have been mapped which enables detailed studies of neuronal network
functions[1]. Despite its simplicity, C. elegans exhibits a range of behaviors, from feeding to navigating its
environment. Variety of behaviors coupledwith a simple nervous system,makes it an idealmodel for study-
ing the neural basis of behavior. Another advantage of C. elegans as a model organism, is its genetically
tractable, this means it is possible to perform precise genetic manipulations to study the e�ects of specific
mutations. Further, its transparency makes it optical accessible which enables direct observation of neural
activity within the living worm. This means, it is possible to visualize and capture the dynamic processes of
the nervous system in real-time, from neuron-to-neuron communication to network-wide neuronal activ-
ity[2].

Brain-wide calcium imaging experiments have previously shown that a large number of neurons in the C.
elegans nervous system engage in so called global brain dynamics. It is suggested that these dynamics co-
ordinate complex behaviors of theworm. They are characterized by coordinated and synchronized network
activities that evolve cyclically (repetitive patterns over time). Unlike isolated, local neural events, these dy-
namics represent the collective behavior of neuronal populations across the brain. Such network dynamics
are essential for the high-level organization of C. elegans behavior. The cyclic pattern of brain states align
with the animal’s motor command sequences, indicating that they coordinate themovement of C. elegans.
Particularly, these patterns are thought to be the neural basis for theworm’s ability to perform sequences of
action, such as crawling forward, crawling backwards or turning. This suggests that global brain dynamics
play a key role in how the nervous systemprocesses, integrates and translates information into behavior[3].

Acetylcholine is themostabundantneurotransmitter inC. elegans’ nervous system,withmore thana thirdof
theneuronsbeing cholinergic[4]. It is themajor excitatoryneurotransmitter at neuromuscular junctions and
plays an important role in locomotion and coordination, and neuronal communication[5]. Disturbances in
Acetylcholine, can have broad-ranging impacts on neuronal network functions. By examining these e�ects,
we can gain insights into the role of Acetylcholine on global brain dynamics.

1.1 Cha-1 temperature sensitivemutation

The cha-1 gene in C. elegans encodes for Choline Acetyltransferase (ChAT), the enzyme responsible for the
synthesis of Acetylcholine. Duerr et. al.[6] analyzed several cha-1mutations, finding that most of the avail-
able mutant alleles are hypomorphs. Hypomorphic mutations lead to a reduced, but not completely loss
of function of the gene product[7],[6]. For cha-1, this means that ChAT is still produced and active, but
at lower levels and/or with lower activity than in wild-type animals. This reduced activity can lead to im-
paired synthesis of Acetylcholine, a�ecting the worm’s behavior[6]. Any complete loss-of-function of cha-1
alleles are lethal during development. Here, the temperature-sensitive allele md39 is used, which is as-
sumed to be loss-of-function only at restrictive temperatures. This way, it is possible to bypass the lethal
phenotype of a null-mutation with the additional benefit to likely observe acute e�ects, rather than sec-
ondary or indirect ones. The temperature-sensitive phenotype of the cha-1 md39mutation is characterized
by pronounced neuromuscular impairments at higher, restrictive temperatures (25°C), including uncoordi-
nated movements, slow growth and paralysis. Whereas, at lower, permissive temperatures (15°C), mutants
exhibit normal, wild-type like behavior[5]. This temperature sensitivity is hypothesized to stem form the
non-covalent association of ChAT with synaptic vesicles, important for e�icient Acetylcholine synthesis. At
higher temperatures, more ChAT protein dissociates from the synaptic vesicles. In cha-1 mutants, which
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have reduced ChAT activity, the synthesis of Acetylcholine is already compromised. When the temperature
increases, the reduction in vesicle-associated ChAT further diminishes the e�iciency of Acetylcholine syn-
thesis and loading into synaptic vesicles. This leads to more severe neuromuscular dysfunction at higher
temperatures. However, these temperature e�ects are reversible. When the temperature is lowered, ChAT
can re-associate with vesicles, restoring Acetylcholine synthesis to levels closer to wild-type[6].

1.2 Temperature Control System (TCS)

The temperature sensitive nature of cha-1mutants, requires an experimental setup capable of fine-tuned
temperature regulation. Theprimary goal of this project is the development and validation of a temperature
control system (TCS). This system is designed for real-time adjustment of the environmental temperature of
the wormwithin the PDMS layer of a microfluidic chip (described by [8],[3],[9]) during whole-brain calcium
imaging. Theaim is tomaintain accurate and stable conditions for generating reliableneuronal activity data.

Implementing a TCS for temperature control for whole-brain imaging requires careful arrangement of com-
ponents to ensure compatibility with the experimental setup. This setup consists of an inverted confocal
microscope equipped with a water immersion objective lens (40x) and a PDMS microfluidic device. This
device includes a worm immobilization channel and a gas-flow channel with respective in- and outlets, all
housedwithin a PDMS layer on a glass cover slip[10]. During imaging, the lensmakes direct contactwith the
cover glass. To achieve e�ective temperature control, the TCS must be positioned as close to microfluidic
device as possible. Minimizing the air gap improves temperature transfer and reduces thermal lag[11],[12].
However, the TCSmust at the same timenot interferewith the light path of themicroscope. Thedesignmust
fitwithin the limited spaceavailable in andaround themicroscopewithoutmaking significantmodifications
to the existing setup. The TCS needs to be portable for easymovement so it does not interfere the loading of
worms into themicrofluidic chip. All components involved, their positionand thermalpropertiespotentially
influence temperature regulation and have to be considered for successful TCS implementation[8],[10].

Precisely controlling environmental parameters and conditions such as temperaturewithinmicrofluidic de-
vices has been a central topic of previous studies. The control of temperature is important as it has a great
impact on a variety of di�erent biological and chemical processes. It ranges form biological studies and dis-
ease modeling to cellular and molecular research techniques. Temperature control in microfluidic devices
was used to study the dynamic responses of the microtubule cytoskeleton in a temperature-sensitive mu-
tant of fission yeast to temperature fluctuations[13]. In the context of studying diseases like amyotrophic
lateral sclerosis (ALS), microfluidic devices that canmaintain specific temperature are used in combination
with high-resolution imaging. This allows researchers to monitor protein aggregation over time in C. ele-
gans, and gives insights into the progression of neuro-degenerative diseases[14].
Various methods have been developed to achieve precise temperature control. They include external and
integrated methods and cover the need for measuring, creation and manipulation of microfluidic environ-
ments. External heating sources include techniques like Joule heating, the use of microwaves, and lasers.
Integrated systems involve embedded heating elements or cooling mechanisms like Peltier elements. For
temperature monitoring, devices like thermocouples and thermistors are used. Besides imaging and mod-
eling, these methods also provide control over microfluidic environments for applications such as thermal
cycling for PCR and digital microfluidics that involve generating temperature gradients[15],[16],[17].

In this project, the TCS’s design should fulfill several requirements:

1. Itmustmaintain a stable temperature of the direct environment of theworm throughout the duration
of experiments.

2. For e�ective whole-brain calcium imaging of C. elegans, the TCS must be fully compatible with the
inverted confocal microscope and the PDMS microfluidic device used. The design of the TCS must
account for the physical and operational requirements of both the microscope and the microfluidic
setup. Temperature regulation must not interfere with high-resolution neuronal activity imaging.
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3. It must be interactive and user-friendly. This involves implementing a live-updating graph that dis-
plays the current temperature data over time. This makes it possible to visualize and observe real-
time changes and trends in temperature. In addition, input fields should be included for users to enter
commands, such as new temperature set points or power output values.

1.3 Control Systems

Control engineering covers all aspects of governing a dynamic system and is based on system modeling,
feedback, system response, and stability. The principles of control engineering are applicable to many dif-
ferent engineering disciplines, such asmechanical, chemical, aeronautical, civil, and electrical. Control sys-
tems are designed to regulate the behavior of a system or process (plant) to achieve desired outcomes or
responses[18, p.2],[19, p.11-13],[20, p.17],[21, p.60],[22, p.16-17]. For instance, a plant could be a mechan-
ical, electrical or thermal system[23, p.11]. The cruise control and a home thermostat are common exam-
ples for control systems [19, p.15-17]. Both systems automatically maintain a set value, vehicle speed and
indoor temperature, respectively, through continuous feedback and adjustments. Cruise control keeps a
car at a constant velocity despite of disturbances (changes in slope), by measuring the speed of the car and
adjusting the throttle accordingly[20, p.65-66]. Meanwhile, a thermostat regulates indoor temperature by
activating heating or cooling based on the di�erence between the actual and desired temperatures. Both
systems represent the core principle of control engineering which is achieving a desired outcome by auto-
matically modifying the behavior of a system[18, p.2],[19, p.11-13]. There exist two di�erent approaches
within control systems to achieve this aim: Open-loop and closed-loop control.

1.3.1 Open-loop control systems

Open-loopsystemsare characterizedby their lackof feedback. They rely solelyonpredeterminedsettings to
regulate the input to theprocesswithout considering changes in the system’soutput. Thismeans thecontrol
action is independent from the process output (Figure 1). While simpler, they o�en fall short in accuracy
due to the absence of error correction mechanisms, making them sensitive to disturbances. This lack of
adaptability makes them less suitable for complex, changing environments[23, p.11],[20, p.1, 2, 306],[19,
p.15-16].

Figure 1: Open-loop control system. r = reference signal, u = control variable, y = process variable. Figure from [20,

p.1]

As an illustration of an open-loop system, consider an electric space heater with a basic on/o� switch
which sets a specific power level. If you want to heat up the room you switch on the heater and set it’s
power. The room will start to heat up and reach a temperature which is determined by the heating power
chosen. The temperature is thus controlled by initial settings without feedback and no further adjustments
are made. This means the heater will continue to run on the set power level regardless of the actual room
temperature. If there are changes in conditions e.g., someone opens a window, the heater does not com-
pensate for the heat-loss. There is no information fed back to the heater to adjust and maintain a constant
set temperature[19, p.15-16].
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1.3.2 Closed-loop control systems

Unlike open-loop systems, closed-loop or feedback control systems integrate the system’s actual output
(i.e., the feedback signal) into the control process. By measuring the output and feeding it back to the con-
troller, the system dynamically adjusts the input based on the di�erence between the desired set point and
themeasuredoutput (error signal)(Figure 2). This continuous process allows the system tominimize control
errors and adapt to disturbances andprocess variations. This ensures that the output closely alignswith the
intended outcome, maintaining stability[19, p.15-16],[18, p.2],[21, p.60],[20, p.2, 3, 17, 18],[23, p.11-12].

Figure 2: Closed-loop control system. u = control variable, y = process variable. Figure from [20, p.1]

A simple control loop consists of the following key elements:

1. Thecontrolunitwhichcomputes thecontrol actionusingapredefinedcontrol strategy. It is the"brain"
of the control loop. The control unit determines the appropriate action tomaintain or change the pro-
cess variable to meet the desired condition. It includes two main functions, the comparison element
and the control law. The comparison element compares the actual value of the process variable (mea-
sured by the sensor) with the desired value or set point. The di�erence between these two is the error
signalwhich tells youhow far the system is fromthedesired state. Thecontrol law is apredefinedstrat-
egy or algorithm that the control unit uses to compute the control action based on the error signal.
It dictates how to correct the deviation. There exist di�erent strategies that can be as simple as On-
O� control and PID control or more complex types, like fuzzy logic control, model predictive control,
adaptivecontrol, neuronalnetworkcontrol andmanyothers[24],[25],[26],[27],[28],[29],[30],[31],[32],[33],[34].

2. the actuator or final control element which produces a change in the process with the aim to correct
the controlled condition. It translates the control action from the control unit to a physical force or
movement, for example radiators in a home heating system.

3. the process or plant which is the system being controlled. It undergoes the desired change or main-
tains a certain condition as directed by the control action. For example in the context of a heating
system, the process is the temperature regulation of a room.

4. the process sensor which measures the current state of the system. It provides real-time data about
the process variable. In a home heating system, this could be the thermostat’s temperature sensor,
which continuously measures the room-temperature.
[19, p.18-19]

Control systems can be represented as a block diagram, where each part is illustrated as a single box
with arrows denoting the causal relation between inputs and outputs(Figure 3)[21, p.5],[19, p.14-19],[20,
p.4, 44],[18, p.2].
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Figure 3: Basic elements of a closed loop control system. Figure from [19, p.18]

The process sensor continuouslymonitors the systembymeasuring it’s current state, known as the pro-
cess variable (PV), denoted as y. It reflects the real-time status of the process. The PV is then fed into the
control unit which compares the PV with the desired state or set point (SP) of the system, denoted as ysp.
Any deviation of the process from the desired state generates an error signal e = ysp − y. This error de-
termines the necessary corrective action. Based on the error signal, the control law calculates the control
action, denoted as u(Figure 4). This law defines the strategy or algorithmused to reduce the error. The actu-
ator then applies the control action to the plant. This influences its behavior or state, resulting in a change
in the output or PV. The resulting change in the PV is measured and then fed back as input into the control
unit, closing the loop [18, p.2],[21, p.5, 60],[19, p.17-20],[20, p.4, 23, 24],[23, p.11-12].

Figure 4: Block diagram of a simple feedback system. Figure from [21, p.6]

To illustrate a closed-loop control system, consider the space heater example from before with somemodi-
fications (Figure 5). Now, the heater has a built-in thermostat that is set to maintain the room at a constant
temperature. In this system, the desired temperature is the set point (ysp) that you want the room to be,
say 25°C. The thermostat continuously measures the room’s current temperature, the process variable PV
(y), whichmight read 20°C. The actual and desired temperatures are compared and the di�erence, the error
signal (e) is calculated. In this case the error would be 5°C, indicating the room is too cold. To compensate
for this error, a control action (u) is applied to the system, which could be an instruction to the heater to
increase the power output until the desired temperature is reached. In this case, there is feedback, infor-
mation being fed back from the output to modify the input to the system. This feedback makes the system
robust to disturbances such as if awindow is opened and there is a significant heat loss. Then these changes
in temperature are measured, fed back, and the output is modified accordingly to match the actual to the
required values[19, p.16-18].
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Figure 5: Closed-loop systemwith temperature feedback. Figure from [19, p.17]

The type of the control law used determines what action to take in response to an error signal. It can
significantly influence the system’s behavior and it’s ability to achieve andmaintain the set point
[19, p.18]. This corrective action based can be implemented in many di�erent ways[21, p.60].

1.4 On-O� Control

The simplest and one of the most adopted form of control law is the on-o� control, and can be described
mathematically as follows:

u =

{

umax if e > 0

umin if e < 0
(1)

where,

e is the control error,

u is the actuation command

Equation from [20, p.23].

This control law indicates thatmaximumcorrective action is always used,where the control variable can
assume one of two values either fully on, umax, or fully o� umin, depending on the control error sign. This
means, the control variable is set to itsmaximumvaluewhen theerror is positive,where theprocess variable
is below the set point, and its minimum value (zero or any other baseline level) when the error is negative,
where the process variable is above the set point(Figure 6a). It is simple and there are no parameters to
choose or adjust. Due to the discontinuous nature of the control action and the inherent time lags in system
response, the process variable tends to oscillate around the set point(Figure 6b)[21, p.60-61]. This strategy
works well in systems with large capacity, e.g. a central heating systems heating a large air volume. In such
systems, changes in output result in slow changes in the process variable. Its simplicity makes the on-o�
controller a popular choice for basic control needs, specifically in scenarios when no tight performance is
required[20, p.23-24],[18, p.3-4],[19, p.145-147],[23, p.93].
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(a) On-O� controller characteristics.
(b) Example On-O� controller application. solid line =
process variable; dashed line = control variable

Figure 6: On-O� Control. Figure from [18, p.4]

Let’s consider a central heating systemwhich has an on-o� control strategy implemented(Figure 7). The
system is set to maintain the temperature of the room at 20°C. Due to the on-o� law, the heating system
can be turned either fully on (maximum heating) or fully o� (no heating). The system’s components are
as any other closed-loop system. The thermostat (sensor and controller) is measuring the current room
temperature (process variable) and decidingwhether to turn the heating systemonor o� based on the error
(di�erence from the set point). The heater (actuator) is generating heat when turned on and stops when
turned o�. The room is the plant being controlled. The control law could operate as follows: if the room
temperature drops below 20°C, say 19.5°C, the thermostat detects a positive control error (+0.5°C), since
the actual temperature is lower than the set point). Following the on-o� control law, because the error is
positive, the thermostat responds by turning the heating system on to its maximum output capacity (umax).
The heater stays on until the room temperature reaches or slightly exceeds 20°C, say 20.5°C. Now, with the
temperature above the set point, the control error becomes negative (-0.5°C) causing the heating system to
turn o� (umin). As the roomcools downover time, the temperaturewill eventually dropbelow20°Cagain[19,
p.145-147],[23, p.93].

Figure 7: On-O� Temperature Control. Figure from [19, p.146].
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1.5 PID Control

The PID controller or three-term controller is another control algorithm that is widely adopted in industrial
control systems, particularly in the field of automatic mechanical, chemical and electrical process control.
In process controlmore than 95%of control loops are of PID type. There are several key reasons for its broad
application: Its intuitiveness, its relative simplicity in design and analysis combined with satisfactory per-
formance for a wide range of processes[18, preface, p.1],[35, preface],[23, p.69],[21, p.1],[36]. Proportional-
Integral-Derivative (PID) control is an essential concept in control theory. PID controllers use feedback to
determine the necessary adjustments tomaintain the desired system output and stability despite of distur-
bances and variations of process dynamics[20, p.23-25]. Implementing a PID control law involves applying
properly the sum of three types of control action. These are a proportional action, an integral action and a
derivative action. Each type responds to a di�erent aspects of the feedback signal: The present error (pro-
portional), theaccumulationofpast errors (integral), and the"prediction"of futureerrors (derivative). It rep-
resents a method to regulate systems e�ectively and responsively by adjusting control inputs based on the
system’s current state, historical performance, and anticipated future trends(Figure 8)[19, p.145-152],[18,
p.2, 3, 19],[21, p.1].

Figure 8: Action of a PID controller. At time t the proportional termdepends on the instantaneous value of the error.
shaded area = The integral term of the feedback, based on the integral of the error up to time t. The derivative term as
an estimate of the growth or decay of the error over timeby looking at the rate of change of the error. Td = approximate
amount of time in which the future error is estimated. Figure from [20, p.25]

The control action (u) is determined by these three actions, dictated by their proportional, integral, and
derivative gains (Kp,Ki or τi,Kd or τd). They balance the need for quick responsiveness, error correction
over time and predictive adjustment, thereby aligning the PV with the SP [23],[35],[20], [18],[19],[21, p.64].
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The control action in a PID control system can bemathematically represented by the equation:

u(t) = Kpe(t) +Ki

∫ t

0

e(τ)dτ +Kd

de(t)

dt
= Kp

(

e+
1

τi

∫ t

0

e(τ)dτ + τd
de

dt

)

. (2)

where,

u(t) represents the control action at time t,

Kp is the proportional gain,

Ki is the integral gain,

Kd is the derivative gain,

e(t) is the error at time t, the di�erence between the set point and the actual process variable,
∫ t

0

e(τ)dτ is the integral of the error over time,

de(t)

dt
is the derivative of the error, or its rate of change,

τi is the integral time constant,

τd is the derivative time constant

Equation from [23, p.69],[20, p.293]

The time constants τi and τd are sometimes used instead of the integral and derivative gains (Ki andKd).
They determine the "weight" or significance given to past and future errors over a specified time frame.
The integral time constant τi determines how quickly the integral action responds to the accumulated er-
ror. It sets the time frame over which the error is summed. The controller’s integral action is stronger and
more immediatewith a smaller τi (inverse scale of the integral gain

Ki

τi
) as it implies that a significant correc-

tion is applied over a shorter period. The derivative time constant τd defines the time frame for considering
changes in the error. It determines how fast the controller reacts to the change in error. Thederivative action
is strongerwith a larger τd (directly scale derivative gainKd∗τd) [20, p.293-296],[22, p.151-154],[23, p.76-84].

Let’s take a closer look at each control action of the PID controller.

1.5.1 Proportional control action

In a proportional (P) controller, the control output is directly proportional to the error signal. The error sig-
nal is defined as the di�erence between the reference signal (desired set point) and the output signal (the
measured process variable of the feedback signal)[18, p.2],[35, p.1],[23, p.69],[19, p.150],[36]. Mathemati-
cally, this can be represented as:

e(t) = ysp − y (3)

where,

e(t) is the error signal at time t,

ysp is the reference signal,

y is the output signal,

Equation from [20, p.35],[21, p.11],[35, p.18],[22, p.122].

The P-controller amplifies the error signal by a constant factor, known as the Proportional gain Kp. Kp

scales the error to generate an appropriate control action. Its a tuningparameter that adjusts themagnitude
or strength of the controller’s response to an error[18, p.3-4]. The choice of Kp significantly impacts the
system’s performance, including its stability, speed of response, and accuracy. With a properly selectedKp,
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the system responds more quickly to errors, reducing the time it takes to reach the desired set point[23,
p.70]. However, too high aKp can cause the system to become unstable, leading to oscillations, while too
low aKpmay result in a sluggish response (Figure 9)[18, p.16-17],[21, p.61-67],[36]. The controller’s output
is calculated as:

u(t) = Kp × e(t) (4)

where,

u(t) is the control action at time t,

Kp is the proportional gain,

e(t) is the error at time t

Equation from [35, p.1],[19, p.150],[18, p.3].

A proportional controller’s response is directly proportional to the error. The nature of a P-controller (the
control action corresponds to the error size) has the advantage of providing a small control variable when
the control error is small and therefore avoid excessive or over-reactive control e�orts (unlike On-O� con-
trol)[20, p.67, 36]. This leads to a smoother system operation under normal conditions. Further, a larger
error induces a stronger response, facilitating an immediate and robust reaction to deviations from the set
point[22, p.122]. By increasing the proportional gain, the bandwidth of the system is increased which leads
to a faster, more responsive system[18, p.16, 33]. However, increasingKp or system responsiveness tomin-
imise the error leads tomore frequent oscillations in the output signal and decreases the systems damping
e�ect (reduce amplitude of oscillations over time), resulting in a higher overshoot (the extent to which the
systemexceeds thedesired set point before settling). When just using theproportionalmodeof controlmin-
imising theerrormeans thesystembecomesmoreoscillatorywith increasedovershoot[20, p.294]. Themore
responsive the system, typically, the greater the overshoot(Figure 9)[35, p.3, 7][p.age7],[19, p.141, 152],[21,
p.67, 34],[36].
The tendency to overshoot also depends on the dynamics of the process being controlled. In systems with
certain types of inertia or delay, even a correctly scaled proportional control action can lead to overshoot
because the system itself doesn’t respond instantaneously to the controller’s action[21, p.113-120].

Figure 9: Closed-loop system with proportional control. Set point ysp = 1; process output y for di�erent values
of controller gainKp Figure from [21, p.66]

These two behaviors, small control for small errors and overshoot, occur under di�erent conditions.
Small control actions for small errors help in fine-tuning andmaintaining system stability under normal op-
erating conditions. Overshoot, on the other hand, is more prevalent in situations with larger error or rapid
set point changes, where the proportional response can be more aggressive. The balance between these
two aspects - avoiding overreaction to small errors while managing the risk of overshoot for large errors -
needs to be considered when tuning a P-controller[23, p.70, 85],[19, p.141]. This is why in many practical
applications, proportional control is o�en combined with integral and/or derivative control to overcome
these limitations, to achieve both, precise small-error adjustment and e�ective handling of larger errors or
dynamic changes.

10/63



University of Vienna

Steady-state error

With pure proportional action, there is generally a control error in steady state[21, p.67]. The steady-state
error is defined as the persistent di�erence between the set point and the process variable at steady state, a
conditionwhere the systemhas settled andno longer changesover time[19, p.141],[20, p.36],[35, p.132],[22,
p.111-130],[21, p.127]. Despite the e�ectiveness of a P-controller in reducing the error, a significant limita-
tion is its inability to completely eliminate it. The inherent characteristic of a P-controller (the control action
is proportional to the error size) leads to decreasing response of the controller near the set point. In a typical
control system, as its output approaches the set point, the error and consequently the controller’s output
becomes smaller, leading to insu�icient response to bring the error to zero. The steady-state error can be re-
duced by increasing the gain. However, to achieve zero steady-state error, the gain would have to approach
infinity[23, p.70-71]. The systemunder P-controlmight reach an equilibriumwhere the controller’s output is
constant, but is o�en insu�icient to fully correct the deviation from the set point, leaving a non-zero steady-
state error[20, p.294],[35, p.2],[36].
The inability of a pure P-controller to not fully correct the steady-state error to zero is especially apparent
under conditions of constant disturbances, system inertia, fraction or rapid changes in set point values. The
issue of steady-state error is further increased when integrating di�erent systems.

Steady-state error in integrating systemswith P controllers

Integrating dynamic systems are a type of control system where the output is the integral of the input over
time. In otherwords, the system’s response is basedon the accumulation of the input over time. This type of
system inherently sums or integrates its inputs, leading to a continuous increase or decrease in the system’s
output if there is any sustained, non-zero input[21, p.21, 209–212]. A P-controller, which only responds to
the present magnitude of the error, may not be able to fully correct this type of error. This is particularly
true with constant load disturbances, which are external influences that continuously a�ect the system and
may continually introduce or sustain errors[18, p.4, 15]. The P-controller will adjust the output based on the
current error, but since the system integrates over time, the error itselfmay also accumulate, preventing the
system from reaching thedesired set point precisely. Consequently, in an integrating systemunder constant
disturbances, a P-controller aloneo�en results in a non-zero steady-state error. Again, the systemmay reach
a sort of equilibriumwhere the controller’s output is constant, but it’s not su�icient to fully correct the error
and stabilize the system at the desired set point[21, p.12],[19, p.140],[18, p.15].
Whether in general systemswithdynamic variations or specific integrating systems, both scenarios illustrate
the fundamental limitation of a P controller in fully correcting steady-state error under certain conditions,
whether due to the accumulating nature of an integrating system or the diminishing controller response as
the output approaches the set point. These are not separate issues but rather two di�erent manifestations
of the same limitation. To overcome this challenge and achieve more precise and stable control, the pro-
portional controller is combined with additional control action. Integral control not only helps in reducing
steady-state errors by accumulating and responding to error over time, but it also contributes to a more
balanced and stable system response[18, p.15-19].

1.5.2 Integral control action

The fundamental action of an integral (I) controller is to integrate the error signal over time. The control
signal generated by an integral controller at any point in time is the cumulative sum (integral) of the error
signal up to that instant[18, p.5]. The primary purpose of integral control is to eliminate steady-state er-
ror[20, p.24],[21, p.67, 127],[19, p.139-140],[35, p.5],[23, p.69-72],[22, p.124],[36].
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The control signal u(t) from an integral controller can be expressed as:

u(t) = Ki

∫ t

0

e(τ) dτ (5)

where,

u(t) is the control action at time t,

Ki is the integral Gain,

e(τ) is the error at time τ,
∫ t

0

e(τ) dτ is the accumulation of the error over time from 0 up to the current time t

Equation from [18, p.5],[20, p.24].

The integral gainKi is the tuning parameter that adjusts the strength of the integral action to an error. Inte-
gral control action is designed to respond not just to the magnitude of the error, as in proportional control,
but to the duration of the error. It integrates the error over time, producing a cumulative response, partic-
ularly e�ective in addressing sustained errors[18, p.5]. By continuously accumulating the error, the integral
controller applies an increasing (or decreasing) action until the error is reduced to zero, continuously work-
ing to bring the system to the desired set point[21, p.67, 127],[19, p.140-141]. Due to these characteristics
and e�ects on the system response, when tuned correctly, the integral action can improve system stabil-
ity[18, p.16]. While integral control is e�ective in reducing steady-state error, it can also introduce challenges
like overshoot and increased oscillations around the set point, particularly if the integral gainKi is set too
high and the controller reacts too sensitive to accumulated errors(Figure 10)[23, p.71, 85],[35, p.7].
In practical terms this can reduce the e�iciency and precision of the process being controlled[20, p.296].

Figure 10: Closed-loop system with proportional and integral control. Proportional gain Kp = 1; set point
ysp = 1 and process output y for di�erent values of integral time Ti Figure from [21, p.68].
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A common issue and one of the most well-known sources of performance reduction when utilizing in-
tegral control is the integral windup phenomenon[18, p.35]. It occurs when the controller output saturates
due to the actuators operational maximal (or minimal) limits, such as the maximum speed of a motor or a
valve being fully open or close. This can happen even if the set point is not yet reached and the error signal
is non-zero[20, p.225],[22, p.129]. If a controller with integrating action is used, the error will continue to be
accumulated. When this happens the feedback loop is broken and the actuator will remain at its limit inde-
pendently of the process output. Essentially, the controller’s output can no longer influence the process. As
a result, the integral termmay become very large or, it “winds up”. The control signal will remain saturated
even if the process variable starts moving toward the set point. Once the error decreases, the accumulated
error in the integral component can be so large that it takes a significant time for the system to return to
normal operation. This results in long periods of overshoot, and in a sluggish response to changes in set
point(Figure 11)[21, p.80-81],[20, p.225, 306–307],[18, p.5],[23, p.85-86].

Figure 11: Integrator Windup. set point step response of the integral windup phenomenon. solid line = process
output; dashed line = process input; dotted line = integral term Figure from [18, p.36].

Consider aheating systemcontrolledbya thermostat set tomaintaina roomat25°C. Integralwindupcan
occur when there is a sudden drop in temperature (e.g., due to a window being opened in winter). To com-
pensate for the lost heat, the system’s response is to activate the heating at maximum capacity to return to
the set point temperature of 25°C. The heating system has a finite capacity. This means, the actuator (heat-
ing element) cannot provide heating beyond a certain level due to inherent physical constraints (e.g., the
heater’s maximum power output). As the heater is already operating at its maximum, any additional heat
required to counteract heat loss cannot be produced. This leads to a sustained error between the actual
and desired temperature. The integral component accumulates this error over time. Even as the room tem-
perature nears the set point, the controller’s output remains at its maximum due to the large accumulated
integral value. This leads to a delay in the system’s response to changing conditions. The large error causes
the heater to continue operating at full capacity even a�er the room temperature reaches the desired set
point. The excessive heating action leads to overshooting the set point, making the room toowarm. It takes
a while for the accumulated error to dissipate ("un-wind") and the system to correct itself and stabilize[18,
p.35-37].
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1.5.3 Derivative control action

Thederivative (D) controller operates basedon the rate of changeof the error rather than the error itself. The
primary function of the derivative controller is to react to the rate at which the error signal is changing[19,
p.150],[23, p.73]. The control output of a derivative controller can be expressed as:

u(t) = Kd

de(t)

dt
(6)

where,

u(t) is the control action at time t,

Kd is the Derivative Gain,

e(t) is the error at time t,

de(t)

dt
is the rate of change of the error at time t

Equation from [18, p.6]

The derivative gain (Kd) is the tuning parameter that adjusts the strength of the derivative action to an error.
Since the derivative component calculates the rate of change of the error, it reflects the instantaneous trend
of the error. By applying a constant (Kd) to this rate, the controller e�ectively adjusts its output in antici-
pation of the error’s direction of change. This allows the controller to take corrective actions in response
to incorrect trends of the error signal[20, p.24, 296],[18, p.6]. One of the primary benefits of the derivative
control is its contribution to the system’s stability. By anticipating future changes in the error, it can initiate
corrective actions early, which helps in stabilizing the systemmore quickly[21, p.69-70],[22, p.125]. This an-
ticipatory action can lead tomore e�ective control, especially in rapidly changing systems[21, p.111]. If the
error is increasing rapidly, the derivative controller will act to apply a strong correcting force, and vice versa,
thus anticipating and counteracting the error’s trend before it becomes larger(Figure 12). This increased re-
sponsiveness (or increased bandwidth) is important in dynamic environments where the system needs to
quickly adjust control actions in response to changes[18, p.6, 10],[19, p.150-152].

Figure 12: Closed-loop system with proportional, integral and derivative control. proportional gainKp = 3;
integral gain Ti = 2. Set point ysp = 1 and process output y for di�erent values of derivative time Td. Figure from [21,

p.70]

The Taylor series expansion is a mathematical method used to approximate the value of a function at a
point based on its values and derivatives at another point. In the context of control systems, it’s used to es-
timate the future behavior of the error signal. Consider the control error e(t) at a current time t. The Taylor
series expansion can be used to approximate the value of this error at a future time t + Td (where Td is a
small time interval)[21, p.69],[20, p.24].

14/63



University of Vienna

A simple prediction is given by the linear extrapolation:

e(t+ Td) ≈ e(t) + Td

de(t)

dt
(7)

where,

e(t) is the error at time t,

de(t)

dt
is the rate of change of the error at time t,

Td

de(t)

dt
is the anticipated change in the error over the time interval Td

Equation from [20, p.24],[21, p.69],[18, p.6]

The control signal is thus proportional to an estimate of the control error at time Td. It predicts how the
error will evolve shortly based on its current rate of change, particularly it predicts the error Td time units
ahead(Figure 13)[20, p.24, 297],[21, p.69].

Figure 13: Interpretation of derivative action as predictive control - Tailor series expansion prediction by ex-
trapolating the error by the tangent to the error curve (linear extrapolation). Figure from [21, p.69]

The derivative action can improve the control performance:

• Reducedovershoot: Byaddingdamping, thederivative controller helps in reducing theovershoot that
might occur in response to a change in the set point or a disturbance.

• Decreased settling time: The derivative action also improves the system’s response by reducing the
settling time, which is the time it takes for the system to stabilize at the new set point. In fact, the
derivative action in a control system provides a phase lead, meaning the system’s output starts re-
spondingbefore the inputa�ects thesystem. This increases thesystem’sbandwidth,making itquicker
to adjust to changes in the set-point. A faster system response means that the process variable can
more quickly reach and settle at a new set point, reducing overshoot and settling time.
[19, p.152],[23, p.85],[20, p.24, 297],[21, p.111],[18, p.15-16].

However, it alsohasdrawbacksbecauseofwhich it is not commonlyused inpractice[21, p.2],[18, p.6-19],[21,
p.1, 109],[35, p.5]. The derivative action in control systems inherently amplifies high-frequency signals (it is
sensitive to high-frequency dynamics). While this is beneficial for enhancing the system’s responsiveness
to rapid changes, it simultaneously introduces the challenge of measurement noise amplification. Specifi-
cally, because an ideal derivative action inherently possesses high gain for high-frequency signals, any noise
present in themeasurements, which typically has high-frequency components, will result in large variations
in the control signal. This sensitivitymeans that the controllermight react notonly togenuine changes in the
system’s behavior but also to random, high-frequency fluctuations caused by noise, and potentially leads
to irregular control actions [20, p.308],[35, p.4],[18, p.15-16]. In real-world systems, measurement noise is
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o�en present. It represents random disturbances that interfere with the accurate detection of process vari-
ables by sensors. These disturbances can alter the true signal being measured. Essentially, measurement
noise distorts the actual signal, making it challenging to distinguish the real behavior of the process being
controlled[21, p.54-55]. It canarise fromenvironmental factors suchaselectromagnetic interferenceor from
within the sensor itself including electronic noise in circuits[1, p.74],[19, p.72]. This noise canbe represented
as a fluctuating or oscillating signal, typically of high frequency. For example, a sinusoidal noise signal can
be represented as

n(t) = A sin(ωt)

where A is the amplitude and ω is the frequency of the noise. When this noise signal passes through a
derivative controller (with a derivative gainKd), the output due to the noise becomes

u(t) = AKdω cos(ωt)

This shows that thecontrol action (output) isdirectlyproportional to the frequencyω of thenoise. Therefore,
the higher the frequency of the noise, the greater the amplification in the control signal[18, p.9],[21, p.76].
In practice, this means that derivative control amplifies high-frequency measurement noise resulting in a
"noisy" control variable signal, which can be erratic and unpredictable. In addition, in systems where the
process dynamics have significant (apparent) dead time (a delay between when a control action is taken
and when its e�ect is observed in the process variable) the derivative termmay not contribute significantly
to performance improvement. Dead-time makes the derivative term’s ability to predict and correct future
behavior less e�ective, as the process response itself is delayed relative to the control action[21, p.112]. Due
to these challenges, most practical control systems use very smallD or set its gain to zero (PI controller)[21,
p.109, 1],[18, p.15-19],[35, p.5].

1.5.4 Step input and step response

The step response describes the relationship between an input that changes from zero to a constant value
abruptly, a change referred to as a step input, and the corresponding output. The step response provides in-
sights into theperformanceof adynamical system. It characteriseshowasystemreactsover time tochanges
in inputs (step changes). A unit step input is a tool for analyzing a system’s dynamic properties. Mathemati-
cally, it is defined as:

u(t) =

{

0, if t < 0,

1, if t ≥ 0.
(8)

Equation from [20, p.150].

Figure 14: Step input (blue line) and corresponding step response (green line)
Figure from [20, p.31]
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This abrupt change from0 to1 servesasa standardized input toexaminea system’s transient andsteady-
state behaviors, in other words, how the system transitions from its initial state to new equilibrium (Figure
14)[20, p.30-47],[21, p.8-13],[19, p.82-96]. A step response is typically characterized by several key parame-
ters:

• Steady-state value (yss): Thefinaloutput valueof the systemwhen it has settledandno longer changes
over time.

• Rise Time (Tr): This is the time it takes for the system’s response to rise to a certain percentage of the
steady-state value, o�en from 10% to 90%. It indicates how quickly the system reacts to a change in
input (system’s responsiveness to changes).

• Overshoot (Mp): Defined as the maximum amount by which the initial response exceeds the steady-
state, or final value. Future values do not overshoot the final value by this initial response. The over-
shoot is o�en expressed as a percentage. It is a measure of the system’s stability and damping char-
acteristics.

• Settling time (Ts): The amount of time required for the system’s response to remain within a certain
range (commonly2%to5%)of its finalor steady-state value. Settling time reflects thedurationneeded
for the transients to damp out (how quickly the system’s output stabilizes) and return to equilibrium,
where the amplitude of the oscillation should fall to be less than 2% or 5% of yss (Figure 15)
[20, p.148-151],[21, p.126-127],[19, p.98-102],[23, p.45-48].

A system’s step response can be experimentally determined, which is particularly useful for systems
where theoretical models are complex or contain to many unknown variables. By applying a step input
(changing the control variable rapidly to a new constant value) and observing the output, one can infer dif-
ferent aspects of systemperformance such as response speed (via rise time) and stability (via overshoot and
settling time)[20, p.31-47],[21, p.8-11]. In practice, the step response can be utilized for PID controller tun-
ing, where the controller’s parameters are adjustedbasedon the response characteristics to achievedesired
performance[21, p.11-13].

Figure 15: Sample Step Response. Figure from [20, p.151].

1.5.5 Tuning PID controllers

Tuning PID controllers is a fundamental aspect of control system design. By optimizing the controller’s pa-
rameters - proportional gain (Kp), integral time constant (τi), and derivative time constant (τd) - it ensures
that the systemmeets specific control requirements, such as e�ectively following set points, responding to
load disturbances, minimizing control e�orts (thus reducing operational costs and wear on actuators), and
maintain robustness under varying conditions. For successful tuning, it is important to understand the role
of each parameter. One of the major strengths of PID controllers is that their parameters have a clear prac-
tical meaning and their e�ects on the system can be observed[22, p.151-158]. Increasing proportional gain
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Kp enhances the system’s responsiveness (increased bandwidth), allowing for quicker reactions to errors.
However, this potentially increases oscillations in the system’s output, which could lead to instability ifKp

is set too high (Figure 16a). Adjusting the integral time constant τi a�ects how aggressively the controller re-
acts to accumulated error over time. A larger τi (indicating a reduction in the integral action’s e�ect / smaller
integral gain (Ki)) tends to slow the system’s responsebut contributes to overall stability byminimizing fluc-
tuations and reducing steady-state error(Figure 16b). Increasing the derivative time constant τd introduces
a damping e�ect, which can help stabilize the system by counteracting rapid changes in the error. However,
excessive τd can lead to an undesired increase in system sensitivity to higher frequency components of the
error signal, potentially destabilizing the system(Figure 16c). The control performance depends on properly
chosen values for the parameters. When selected incorrectly, the system performs poorly and its response
may become sluggish or unstable[18, p.16-17],[21, p.5-6],[22, p.151-154],[20, p.302-303],[36].

(a) Proportional Control. (b) PI Control. (c) PID Control.

Figure 16: Response to step changes for a systemwith a proportional controller (a), PI controller (b) and PID
controller (c). proportional control parameters.Kp = 1, 2, 5; PI control parameters:Kp = 1,Ki = 0, 0.2, 0.5, 1; PID
control parameters:Kp = 2.5,Ki = 1.5,Kd = 0, 1, 2, 4.
Figure from [20, p.295]

Tuning a PID controller can be addressed in various ways. The trial-and-error method is a practical ap-
proach which involves manually adjusting PID parameters and observing the system’s feedback response
to set point changes, step inputs or load disturbances and iteratively refining the parameters to achieve the
desired behavior. This approach is particularly valuable when dealing with complex systems where pre-
cisemathematicalmodels are unavailable orwhen the system’s dynamics are notwell understood[18, p.16-
17],[21, p.5-6],[22, p.151-154],[20, p.302-303]. The process of trial-and-error tuning involves the following
steps:

1. Proportional (P) control: Initially, the focus is on the proportional gain (Kp) parameter. Integral and
derivative actions are set to zero. A step input is applied to the system, and the proportional gain is
adjusted gradually. Observations aremade to assess how the system responds to changes inKp. The
value ofKp should be as large as possible, to keep the system responsive. If process output oscillates,
the proportional gain is too high; if the process output shows an over-damped response (the process
output shows a slow and sluggish response), the proportional gain is too small.

2. Integral (I) control: Once an appropriate proportional gain is determined, integral action Ki is in-
troduced. The integral action is adjusted while keeping the proportional gain constant. This step
helps eliminate steady-state errors and improve system’s response to changes. For a positive set point
change, if the process output oscillates and stays above the set point for extended periods, then the
integral time τi is too small (that is the integral action is too strong), leading to persistent overshoot.
Conversely, if the process output oscillates and stays under the set point for extended duration a�er a
positive set point change, then the integral time τi is too large (that is the integral action is too weak),
resulting in slow error correction.

3. If necessary, derivative action (Kd) is added to the controller. Similar to previous steps, the deriva-
tive gain is adjusted while keeping the proportional and integral gains constant. Derivative can help
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dampen the system’s response to reduce overshoot. High frequency oscillations with many peaks in
the process output from the beginning to the steady-state following a set point change indicate that
the derivative time constant τd is set too large, amplifying high-frequency measurement signals
[22, p.151-154],[23, p.82-84].

Another approach are the Ziegler and Nichols tuning rules. It is a widely used empirical method for
determining optimal parameter settings based on simple characterization of process dynamics. Developed
by John G. Ziegler and Nathaniel B. Nichols in the 1940s([37]), this method simplifies the tuning process
by using critical process responses to set the proportional (Kp), integral (τi), and derivative (τd) gains. In a
closed-loop configuration with only proportional control enabled (integral and derivative actions are set to
zero),Kp is gradually increased until the system exhibits a stable oscillation. The value ofKp at this point
is known as the critical gain kc, and the period of the oscillation is the critical period Tc. Ziegler and Nichols
provided empirical formulas to calculate the PID parameters based on kc and Tc(Figure 17)[22, p.157],[19,
p.159],[20, p.302-303],[36].

Figure 17: Ziegler-Nichols tuning rules. Control parameters in terms of critical gain kc and critical period Tc for
di�erent types of PID control. Figure from [20, p.303],[22, p.157],[21, p.137].

These settings are designed to provide good starting points formost control systems. However, because
they rely solely on the information contained in the critical kc and Tc, they may not be optimal for all pro-
cesses, particularly those with significant dead-time or under-damped behavior (oscillations that gradually
decrease in amplitude over time before eventually stabilizing at a set point), where they might lead to ag-
gressive control actions or excessive oscillations[36][18, p.33],[21, p.36].

1.5.6 Choice of the controller type

The selection of the controller type is a critical step in control system design. The objective is to achieve
optimal performance with the simplest possible configuration. A proportional (P) controller is the simplest
form of control, adjusting the output solely in direct proportion to the error. While it’s straightforward in
design, its main drawback is the potential for a non-zero steady-state error. This might be acceptable in
systemwhere precision is less critical or systems of inherent integral behavior. Adding derivative control to
form a PD controller can further improve system’s’ responsiveness and stability, by increasing the system’s
bandwidth and accelerating its response to changes. By providing improved damping, the derivative action
allows for an increase in proportional gain without compromising system stability. However, when elimi-
nation of steady-state error is necessary, a Proportional-Integral (PI) controller is the best choice. Due to
the integral action, the system is able to achieve its set point without residual error. This makes the PI con-
trol ideal for systems that require higher levels of accuracy and where load disturbances occur frequently.
The PI controller is the most widely used type of PID control in industrial context. This is due to their ef-
fectiveness in a broad range of applications but also due to the problems associated with derivative action,
namely the amplification of measurement noise and the di�iculty in selecting an appropriate value of the
derivative time constant (derivative gain) [18, p.15-19],[21, p.111-112],[35, p.5-8],[19, p.152],[20, p.296]. In a
PI controller, the output is the sum of the proportional and integral control actions.
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The control output is expressed as:

u(t) = Kpe(t) +Ki

∫ t

0

e(τ)dτ (9)

where,

e(t) is the error at time t,

Ki

∫ t

0

e(τ)dτ is the integral of the error over time τ

Equation from [35, p.5].

1.6 Building a Temperature Control System (TCS)

1.6.1 Choice of the controller type for the TCS

For developing the Temperature Control System (TCS) for a microfluidic device, a PI controller was chosen
over a PID controller for several reasons:

1. Sensor noise: The thermistor used as the temperature sensor introduced significant high-frequency
measurement noise. Thermistors, while o�ering high sensitivity and accuracy for temperature mea-
surements, are prone to noise, including thermal noise and the e�ect of self-heating[23, p.16-24]. The
derivative action led to an amplification of this noise and therefore to an unstable systemwith exces-
sive spikes and fluctuations in the control signal.

2. System dynamics: The PDMS layer’s high thermal mass and low thermal conductivity results in a sys-
tem with inherently slow dynamics[38],[39],[40]. Rapid changes in temperature are therefore both
uncommon and undesirable. Derivative control ismost advantageous in systems that exhibit high dy-
namics and require instant responses to rapid changes. The potential benefits of derivative action in
enhancing system responsiveness were not relevant in this scenario. Instead, the risk of noise ampli-
fication and the subsequent instability outweighed any potential advantages.

3. Lack of detailed system model: The absence of a model that describes the thermal behavior of the
PDMS layer was another issue. The complex system dynamics and uncertainties made it challenging
to predict the system’s response and e�ectively tune the derivative component of a PID controller.

Considering the initial control requirement for dynamic temperature control and maintaining specific
set points, a PI controller was chosen. It ensures stable and prompt control, e�ectively handles steady-
state errors, and responds well to changes in the set point while avoiding the potential risks of instability
associated with the derivative component.

1.6.2 Integral windup in the TCS

Integral windup can occur when an actuator reaches its operational limits (saturation) and cannot provide
additional action required by the integral component. In the TCS, the primary actuatorswere the Peltier ele-
ments, responsible for heating and cooling to regulate the temperature of the PDMS layer in the chip. Given
the PDMS’ low thermal conductivity[38],[39],[40] considerable e�ort is required form the Peltier elements
to induce the necessary temperature changes. In the specific experiment conducted, the relevant set points
were 15°C and 25°C. Due to the close proximity of the set points themselves as well as their close proximity
to the ambient temperature (maintained at 20°C), the required heat output from the Peltier elements did
not push them into saturation, reducing the risk of integral windup. It allowed the Peltier elements to oper-
ate within their capabilities. It is important to note however, that while the set point temperatures for this
experiment were within the optimal operating range of the Peltier modules, experiments requiring more
extreme temperatures might produce a risk of integral windup. This would necessitate the implementation
of anti-windup strategies[21, p.80-86],[20, p.306-309],[18, p.35-43].
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1.6.3 Tuning the PI controller

The Ziegler-Nichols (ZN) tuningmethodwas not successful for the TCS. Increasing the proportional gain did
not lead to the expected oscillations. This is likely due to the PDMS’ low thermal conductivity [38],[39],[40]
which delays heat transfer and results in a dampened response to temperature changes. This inherent
damping e�ect of the slow heat transfer resulted in a gradual rather than oscillatory system behavior, even
at high proportional gains. The ZN tuning method relies on inducing and measuring clear, sustained oscil-
lations to determine optimal controller settings[22, p.157],[19, p.159],[20, p.302-303],[36], and therefore it
was found to not be the optimal method for tuning the TCS. The absence of a mathematical model, due to
the system’s complex and uncertain dynamics, further complicated the tuning process. Consequently, the
trial-and-error method was used, by following the steps described in section 1.5.5. This approach is a more
intuitive and adaptable tuning process, better suited to the specific characteristics of the system.
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2 Materials and Methods

2.1 Circuit

The system hardware components with their connections (Figure 18) and functions in the circuit are listed:

• USP12837 Thermistor Probe: provides temperature feedback fromwithin the PDMS layer of the chip.
It is connected to the analog inputs of the microcontroller (Teensy 4.1), which uses the temperature
data to compute the control action and adjusts the PWM signal accordingly.

• Teensy 4.1 microcontroller: It is the main control unit. It computes the control action based on the
control algorithm implemented and the temperature data from the thermistor. It sends PWM signals
to the H-Bridge driver to control the Peltier elements actions accordingly.

• L298N Dual H-Bridge Driver: it receives the PWM signal from the microcontroller and controls the di-
rection (cool or heat) andamountof current (coolingandheating intensity) flowing through thePeltier
elements.

• Peltier elements: connected to theoutput terminal of the L298N. They are heating and coolingdevices
to change the temperature in the chip. They operate in response to the current received from the H-
Bridge.

• 12V Power Supply: connected to the L289N to provide the necessary power for the Peltier elements.

The corresponding Block diagram of the TCS closed loop system is shown in Figure 19.

Figure 18: System Hardware Circuit.
made with Fritzing[41]

22/63

https://fritzing.org


University of Vienna

Figure 19: TCS Block diagram[19, p.7].

Temperature sensor

To measure the temperature within the PDMS layer of the microfluidic device, the USP12837 Thermistor
Probe was used. It is a NTC (Negative Temperature Coe�icient) thermistor. NTCs are temperature-sensitive
semiconductors (e.g., metallic oxides) that exhibit a large change in electrical resistance when subjected to
a small change in temperature, where resistance decreases as temperature increases. This sensitivity al-
lows for a rapid response to temperature changes. To measure temperature, the NTC thermistor is part of
a potential divider circuit, where a constant current is passed through the thermistor and a known, fixed
resistor (1000Ω), and the resulting voltage drop across them is measured. This voltage drop indicates the
thermistor’s resistance at that temperature. NTC thermistors are o�en characterized by their resistance at a
standard room temperature, usually 25°C [19, p.26-27],[23, p.23].

The USP12837 Thermistor Probe specifications:

• Resistance = 10,000Ω at 25°C: it provides a baseline for temperature measurements.

• Temperature Coe�icient = -4.4%/°C at 25°C: it is a measure of sensitivity, indicating the rate at which
the resistance decreases as the temperature increases.

• Temperature Range: -55 to +125°C; the upper and lower limits that can bemeasured.

• Compact size = 0.020" x 0.150" Dia or 0.5mm x 3.8mm: it’s small dimensions make it ideal for applica-
tions where space is limited.

• Remote measurement capability: the long cable (12.0" ± 0.100" or ±30.48 cm ± 0.25cm) of the ther-
mistor allows the temperature measurement at remote locations. The resistance of a long cable is
negligible compared to the high resistance of the thermistor. This feature is particularly advantageous
in setups where the probe needs to be placed in specific, hard-to-reach areas without interfering with
other components or processes.

• Resistance tolerance =± 1% at 25°C: is the precision with which the thermistor can measure temper-
ature based on its resistance. This tolerance level means that the actual resistance of the thermistor
can varywithin a range of±1% or±100Ω from the nominal value of 10,000Ω, whenmeasured at 25°C.
In other words, the resistance could be as low as 9,900Ω or as high as 10,100Ω, and still be considered
accurate within the specified tolerance. It directly a�ects how closely the thermistor’s resistance (and
thus the inferred temperature) matches the actual temperature.

• R-T Curve = J: is the resistance-temperature characteristic curve graphically illustrates the thermistor’s
resistance at various temperatures. For NTC thermistors, this curve will show a decrease in resistance
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as temperature increases. However, this relationship is non-linear and the J type referrers to the par-
ticular shape of how the resistance changes over the operational temperature range (-55°C - 125°C)
[42].

It is important tonote that Thermistors can experience self-heating issueswhen current flows through them.
This can lead to an increase in internal temperature, causing the resistance to decrease relative to its true
value. As a result, theremight be inaccuracies in temperature readings andfluctuating outputs [23, p.16-24].
As discussed in earlier sections, this type of noise might have contributed to an unstable control signal in
the PID controller, particularly a�ecting the derivative component.

Actuators - Peltier elements

The Peltier modules, also known as thermoelectric cooler (TEC), serve as external heating and cooling ele-
ments. They are devices that use the Peltier e�ect to create a temperature di�erence across their two sides
when an electrical current is passed through them. A typical Peltier element is composed of many thermo-
couples, which are pairs of n-type andp-type semiconductors, connected in series and layered between two
ceramic plates[43]. N-type semiconductors are created by doping a silicon (or another pure semiconductor)
with an element that hasmore valence electrons than the semiconductor itself (e.g., phosphorus with 5 va-
lence electrons for silicon (4 valence electrons)). This adds extra electrons to the silicon lattice, which then
become charge carriers with a negative charge, hence the name "N-type". These additional electrons en-
hance the material’s conductivity since they can easily move and carry charge when a voltage is applied. In
N-type materials, electrons are the majority charge carriers, and holes (positive charge carriers) are the mi-
nority carriers. Conversely, P-type semiconductors are produced by doping silicon with an element having
fewer valenceelectrons (e.g., boronwith3valenceelectrons). This creates "holes" in the silicon latticewhere
an electron is missing. These holes can "move" through the lattice when an electron jumps to fill a hole but
leaves another hole in its original position. This "movement" of holes acts like positive charge carriers. In P-
typematerials, holes are themajority charge carries, and electrons are theminority charge carriers[44],[45].
The Peltier e�ect occurs at the junction of these two di�erent types semiconductors. When current (elec-
trons) flows from the n-type (electrons are in a higher energy state due to excess electrons) to the P-type
semiconductor (electrons are in a lower energy state by filling holes (positive charge carrier) in the valence
band). This transition releases energy in the form of heat, leading to a heating e�ect at the junction. Con-
versely, when electrons move from the p-type to the n-type semiconductor, they transition from lower to
higher energy states. This requires the absorption of energy, which is drawn from the surroundings, result-
ing in a cooling e�ect at the junction. The absorbed energy facilitates the movement of electrons into the
n-type material’s conduction band. This electron movement creates a temperature di�erential across the
module when a voltage is applied, with one side heating up (electronsmoving from n-type to p-type) due to
energy release and the other cooling down (electronsmove fromp-type to n-type) due to energy absorption
from the environment. This process can be reversed, by reversing the direction of the electric current, the
heating and cooling sides can be switched. By adjusting the direction andmagnitude of the current through
the Peltier module, the temperature of the microfluidic device can be controlled [16],[17].

H-Bridge

We use Peltier elements to heat or cool the chip. Now, we need to have control over howmuch they should
heat or cool andwhich side is getting hot or cold. For this, we use amicrocontroller, an H-bridge circuit, and
the technique of Pulse Width Modulation (PWM). Microcontrollers use digital output pins (I/0 pins) to send
control commands to other electrical devices. However, it can only handle and output low-power signals
and can not directly manage the high current demands of Peltier elements. To bridge this gap, an H-bridge
is used, it is a type of electronic circuit designed to handle high power levels. The microcontroller sends
control signals to the H-bridge, dictating both the direction and the PWM duty cycle for magnitude control.
The H-bridge then translates these low-power signals into high-power current control for the Peltier ele-
ments[46],[47]. By activating specific switches within the H-bridge, based on the microcontroller’s signals,
the direction of the current flowing through thePeltier elements canbe reversed. Reversing the current flow
allows to switch between heating to cooling modes, and thereby deciding which side of the Peltier module
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becomes warm and which becomes cold. In addition, the microcontroller can modulate the magnitude of
the current using PWM signals. Pulse Width Modulation (PWM) is a technique for controlling the average
voltage delivered to an electronic device. It achieves this by rapidly switching the power on and o�. By vary-
ing the ratio of the "on" time to the "o�" time to the total period of the signal (the duty cycle), it is possible
to control the average power delivered to the Peltier elements. The H-bridge responds to these PWM sig-
nals from the microcontroller, by adjusting the current flow accordingly. This means we have fine-tuned
control over both, the heating and cooling intensity by varying the PWM output, and the change between
heating and cooling modes by reversing the current direction[23, p.123-126],[48]. Specifically, in the TCS,
the system’s PWM frequency is set to 36,621 Hz, meaning the signal completes an on-and-o� cycle 36,621
times per second. This high frequency enables smooth control of the output by reducing noise and allow-
ing finer adjustments. With a 12-bit resolution, the duty cycle of the PWM signal can be adjusted in 212, or
4096, discrete steps. This high resolution means you can tune the duty cycle with great precision and con-
sequently allow accurate temperature control. Here, however, the system’s PWM signal is capped at 1500,
despite the 4096maximumvalue allowed by the resolution. Thismeans the highest achievable duty cycle is
significantly lower than 100%, specifically around 36.6% (1500/4096 * 100). This limitation helps to ensure
that the heating element does not operate at full capacity. By keeping the duty cycle within this limit, we
ensure the average current draw stays within the 2A limit of the power supply used in this setup, avoiding
overloading the power supply or overheating the system.

Microcontroller - Teensy 4.1

Acomputer controlled systemgenerally consists of aplant tobe controlled, including sensors andactuators,
andamicroprocessorwhich acts as a central control device that stores control algorithmsand computes the
input to theplant. Practically, all control systems todayaremicrocontrollerbased[23, p.12, 91]. This isdue to
fast data processing and fast control logic execution, which allows for real-time control of systemswithmin-
imal delay. In addition, they are small in size and very cost-e�icient. Here, the microcontroller Teensy4.1 is
used as the central control unit, to implement the PI control algorithm and for user interaction. Amicrocon-
troller is basically a computer on a chip. It is designed to perform specific tasks or control a specific system.
It includes a processor (CPU), memory (both RAM and ROM/flash), and input/output (I/O) pins[49],[50]. The
processor acts as the "brain" of the microcontroller. It processes data and executes instructions based on
the stored program it runs. In this case, this program is the control algorithm, specifically, the PI controller.
The input/output (I/O) ports allow themicrocontroller to communicate with the external world. These pins
can connect to sensors, actuators, or other electronic devices. This enables to receive input signals and send
output commands, here changes in temperature from the thermistor and the control actions, respectively.
Manymicrocontrollers include additional built-in function like timers, counters, ADC (analog-to-digital con-
verters), and DAC (digital-to-analog converters). These features increase the microcontroller’s ability to in-
teract with other devices and control a wide range of systems[23, p.12, 91],[19, p.11-12],[35, p.113-114],[21,
p.1, 93].

The role of the microcontroller (Teensy4.1) in a simplified version of the TCS’s control loop:

• It continuously reads temperature data from the thermistor y(t) to monitor the temperature.

• The analog (continuous) signal from the thermistor is converted into a digital (binary) form through
an ADC (analog-to-digital converter).

• It compares the actual temperature to the desired temperature set point. This comparison generates
the feedback error (e(t)).

• It executes the control logic. The implemented control algorithm computes the control signal (u(t))
based on the feedback error (Kp) and the history of the feedback error (Ki), to determine whether to
heat or cool and how aggressively.

• Based on the output of the control logic, it sends commands to the actuators (H-bridge and Peltier
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elements) to adjust the temperature of the plant (microfluidic device), moving it close to the desired
state.

• It can interact with the user through a python interface to monitor system status, change parameters
or temperature set points
[35, p.113-114],[21, p.1, 93].

Forprogramming, theTeensy4.1 is compatiblewith theArduino IntegratedDevelopmentEnvironment (IDE),
requiring only the addition of the Teensyduino add-on. The programming language used is a variant of C++.
The advantages of C++, particularly when working with the limited computing resources on a microcon-
troller, is its e�iciency in terms of execution speed and system resource use[49],[50].

2.2 Arduino PI Controller Implementation

1 void loop() {

2 // If user enters commands , i.e. "kp=0.3" or "Stop", the corresponding values

are updated

3 checkUserInput ();

4

5 double voltageSum = 0;

6 for (int counter = 0; counter < 10; counter ++) {

7 voltageSum += readThermistorInput(thermistorPin);

8 }

9 double averageVoltage = voltageSum / 10;

10

11 currentTemperature = convertVoltageToCelsius(averageVoltage);

12

13 if(outputOn) myPID.Compute ();

14

15 // Adjust Peltier output according to computed PID output

16 adjustPeltier(output);

17

18 // Since system is sluggish , Arduino can cool down

19 sleep (1000);

20 }

The given pseudo-code describes the implementation of the PI controller using the Arduino IDE. It cal-
culates the PI control action output based on the temperature data it receives to adjust the Peltier elements
performance. User input commands are checked for parameter adjustments such as PI settings and chang-
ing set points, or toggling the system’s operational mode (on/o�). For the temperature measurement, 10
voltage readings from the thermistor are collected, summed and the average voltage is calculated. The volt-
age value is then converted into degrees Celsius (C°)[51]. Thermistor readings can be quite noisy, so taking
amoving average helps filter out these short-term fluctuations from the data and the actual temperature is
represented more stable. Further, the smoothed data is more reliable for making control decisions where
the system becomes more responsive to genuine temperature trends rather than transient changes. The PI
controller computes the required adjustments to reduce the error between current and target temperature.
The controller’s output, the Peltier element’s actions is adjusted accordingly. A�er this, the system sleeps
for one second. The plant being controlled, the PDMS layer of the chip, does not respond instantaneously
to changes in input. This slow reaction time,means that reading temperature too frequently would not pro-
vide significantly di�erent information within short intervals. The one-second sleep allows the system to
more fully respond to the last control action before taking the next measurement. This way each reading
is meaningful and contributes to a more e�ective control. Since we use a PI algorithm in the TCS, there
are no components that respond to rapid changes in the measured variable (temperature) which would re-
quire fast sampling rates. Therefore, such rapid control action adjustments are unnecessary. Minimizing
the frequency of measurements and control adjustments also conserves resources such as electrical power
and computational processing cycles. For implementing the PI controller, the PID library from Brett Beau-
regard[52] is used. The compute function of the PID library is described. The proportional control action is
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calculated as the error and multiplied by the proportional gain. The integral control action is calculated by
summing the error over time and thenmultiplying this sum by the integral gain. To calculate the derivative
control action, the di�erence between the current input value and the previous input value is computed to
find the rate of change, which is then multiplied by the derivative gain. The final output combines these
three actions. The proportional and integral components are directly added together, while the derivative
component (calculated as anegative because it is subtracted and thereforedampens the system’s response)
is based on the input change. The gains are previously set by the user. Specifically, in the TCS the derivative
gain was set to zero. Lastly, the current input and time are updated for the next iteration[52].

1 bool Compute () {

2 long now = millis ();

3 long timeChange = (now - lastTime);

4

5 if(timeChange >= SampleTime) {

6 double error = setpoint - currentInput;

7 double inputChange = currentInput - lastInput;

8

9 // Update output accumulator

10 outputSum += ki * error;

11 if(outputSum > outputMax)

12 outputSum = outputMax;

13 else if (outputSum < outputMin)

14 outputSum = outputMin;

15

16 // Compute output

17 double output = kp * error;

18 output += outputSum - kd * inputChange

19 if(output > outputMax) output = outputMax;

20 else if (output < outputMin) output = outputMin;

21

22 lastInput = currentInput;

23 lastTime = now;

24 return true;

25 }

26 else return false;

27 }

With the control law implemented and having all the hardware components together, the TCS should also
provide specific functionalities to communicate with the system, make it more straightforward and user-
friendly.
1. Real-time temperature visualization: Observing real-time temperature changes over time helps to un-
derstand the current state of the system and how it behaves under di�erent conditions.

2. Interactive control: The TCS needs to be able to send input commands to the Teensy to dynamically
adjust temperature set points, control parameters, and output levels without stopping the system.
This, together with real-time temperature plotting allows tuning the PI controller and evaluating sys-
tem performance. A trial-and-error tuning approach is now possible where iterative improvements
can be made by adjusting control settings in real-time and observing the outcomes. In addition, be-
ing able to change temperature set points and output levels on-the-fly and observe the instantaneous
system response allows system performance analysis, such as conducting step response and bench-
marking tests.

3. Data logging: Temperature data, the corresponding PWM output level and the duration of the mea-
surement need to be saved in order to conduct post-operation analysis.

However, the Arduino IDE is not well suited for these kind of tasks. C++ code written in the Arduino IDE
needs to be compiled and uploaded to themicrocontroller as a static program. This means that any adjust-
ments to parameters (like new temperature set points or PI tuning parameters (Kp andKi)) require recom-
piling and uploading the code, which interrupts the system’s operation. Without the ability to dynamically
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adjust control parameters and simultaneously visualize the system’s response to these changes, makes it
tuning the PI controller di�icult. In addition, the Arduino IDE does not support logging or saving data to
a file on the computer. While it is possible to send the data to the serial monitor, saving this data for later
analysis or visualization needs external so�ware[50].

2.3 Python - User Interface (UI)

To overcome the limitations of the Arduino IDE the Teensywas integratedwith Python. The integration sup-
ports real-time monitoring, communication and dynamic control, and appropriate data handling. These
di�erent tasks need to run simultaneously but at the same time should not interfere with each other so that
the system stays responsive. Multiple threads allow running di�erent tasks concurrently.

• Communication Thread: Dedicated to interact with the microcontroller. It runs continuously and ex-
changes input commands and data (temperature, control output values, timestamp, and duration of
the current control state). Commands to the Teensy are queued for asynchronous operation where
commands can be sent without interrupting other processes. It then writes the received data to an
output file for logging and later analysis.

• User Interface (UI) Thread: It updates the graphical interface at regular intervals (every 200 ms) to
display real-time temperature data received from the microcontroller. Specifically, the last 100 tem-
perature readings, theoutput levels, current control settings and thedurationof the current operation
are plotted. Command inputs can be sent directly to the Teensy4.1 through the UI. These commands
include setting the desired temperature (set point), tuning the PID by adjusting the control param-
eters (proportional, integral and derivative gains) to optimize systems response, and directly setting
output levels delivered to the Peltier elements. The corresponding system responses can be observed
in real-time. It also checks the status of the optional benchmarking thread, to adjust the UI based on
whether benchmarking is active.

• Benchmarking Thread: It runs automated benchmarking tests by systematically testing the system’s
response to various settings. It does that by adjusting the temperature set point or control outputs
over a specified range and time interval. This process is initiated through the UI.

1 # Main function managing threads

2 def main():

3 arduino_thread = Thread(target=arduino_communication)

4 arduino_thread.start()

5

6 # Main loop for rendering UI, which calls animate in 200 ms intervals

7 animation.mainloop ()

8

9 set_stop_event ()

10 arduino_thread.join()

11

12 if benchmark_thread:

13 benchmark_thread.set_stop_event ()

14 benchmark_thread.join()

15

16 # Animation Thread for updating and interacting with the UI

17 def animate(last_100_temperatures , current_output , duration):

18 plot.update(last_100_temperatures)

19 labels.update(last_100_temperatures , current_output , duration)

20

21 check_thread_status(benchmark_thread)

22

23 # Arduino Communication Thread

24 def arduino_communication(stop_event , output_file , temperature_list , command_queue):

25 while not stop_event:

26 if command in command_queue:
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27 send_arduino_command(command)

28

29 arduino_input = read_from_arduino ()

30

31 current_temperature , current_output , timestamp , duration = parse_input(

arduino_input)

32

33 with open(output_file):

34 write_to_file(current_temperature , current_output , timestamp , duration)

35

36 if len(temperature_list) >= DISPLAY_LIMT:

37 temperature_list.pop(0)

38 temperature_list.append(temperature)

39

40 # Benchmarking Thread is started when UI button is clicked

41 def benchmarking_process(stop_event , setpoint , current_value , setpoint_type):

42 while not stop_event and not current_value == final_value:

43 if setpoint_type == BENCHMARK:

44 send_arduino_command(f"setpoint ={value}")

45 else:

46 send_arduino_command(f"output ={value}")

47

48 current_value += step_size

2.4 Assembling the TCS onto a Spinning Disk Confocal Microscope Stage

The experimental setup involves mounting the system into an inverted confocal microscope, that is opti-
mised for whole brain calcium imaging in C. elegans (microscope termed in lab jargon ZIM01). Two Peltier
cells are arranged on either side of themicrofluidic device, which allows for a uniform temperature distribu-
tion across the device. A thermal paste improves temperature conduction by filling air gapswhich can act as
thermal insulators[12],[11]. Aluminium heatsinks, attached to the Peltier cells, dissipate excess heat partic-
ularly when the system is in coolingmode. These heatsinks are integrated into an active cooling circuit that
includes a circulating water bath. For the set up the LAUDA L100 thermoelectric circulation thermostat was
used (LAUDA DR. R. WOBSER GMBH& CO. KG. LAUDA LOOP L 100 Thermoelectric circulator 100-240 V; 50/60
Hz Part Number: L000027, for more information go to LAUDA). It is a cooling and heating device designed
for temperature control in laboratory applications[53]. By pumping chilled water through the heatsinks, it
draws heat from the hot side of the Peltier module to prevent overheating. A custom-designed 3D-printed
holder designed with OpenSCAD so�ware [54] is used for placement of the system’s components, specifi-
cally, the heatsinks, the Peltier elements, and the microfluidic device (Figure 20). This holder is placed on
themicroscope’sPiezo stage, ensuring stability andaccuratealignmentof the temperature control elements
with themicrofluidic device. Tomanage unwanted heat absorption from themicroscope’s objective, a cop-
per wire is coiled around it for active cooling. The copper wire is integrated into the same cooling circuitry
that includes the Peltier module’s heatsinks and the water-bath. The thermistor is placed within the PDMS
layer in close proximity to the worm channel for accurate temperature monitoring. For this procedure, a
0.8mmsteel wirewas used to puncture a hole into the PDMSbottom layer, stopping just before reaching the
worm channel. The thermistor was then be inserted into the pre-made hole using forceps. This direct tem-
peraturemeasurement allows for real-time temperature feedback, ensuring that the observed temperature
accurately reflects the specimen’s environment. All components of the temperature system are connected
(H-Bridge, Peltier elements, micro-controller, thermistor, power supply)(Figure 21).
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Figure 20: ZIM01 Holder. 3d-model design. made with OpenSCAD so�ware[54].
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(a)

(b)

Figure 21: System setup in ZIM01.(a) System schematics.(b) Systemmounted in ZIM01.
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2.5 C. elegans strains

Strain Working Name Genotype Source

ZIM2423 Control line

mzmls 120, lite-1(ce314),
mzmIs52;mzmIs120=[mzmEx1341=[mlc-
2::HisCl(new)::rpl-3 3’UTR;Flp-17::scarlet];
zmIs52 = [mzmEx771 = [unc-
31::NLSGCaMP6f cod opt intron]

Zimmerlab

ZIM2400
ts-mutant
cha-1mutant

cha-1(md39) IV.
MzmIs120 (mlc-2::HisCl(new)::
rpl-3 3’UTR;Flp-17::scarlet]
MzmIs52 (unc-31::
NLSGCaMP6fNLS)
lite-1 (ce314)

Zimmerlab

Table 1: C. elegans strains.

2.6 WormMaintenance

C. elegans strains were grown and maintained on nematode growth media (NGM) agar plates with E. coli
OP50 as food source. Mutant as well as control lines were grown and maintained at 15°C except for the 2
hour acclimatization period at 25°C.

2.7 Whole-brain Calcium Imaging

Calcium imaging via GCaMP6f expression andworm immobilization

Whole-brain calcium recordings are performed in immobilized C. elegans control and cha-1mutant strains.
Real-time visualization of neuronal activity was achieved through pan-neuronal expression of the nuclear
localized calcium indicator GCaMP6f. It fluoresces upon calcium binding capturing subtle changes in intra-
cellular calcium levels and serves as an indirect indicator of neuronal activity, described by Dana et. al. in
2019[55]. To immobilize the worms the histamine-HisCl1 system as described by Pokala et. al., 2014[56]
was used. Histamine gated chloride channels are expressed in the worm’s muscles under the control of the
mLc-2 promoter, leading to muscle relaxation and immobilization[56].

Imaging procedure and system setup

Cha-1mutantwormsare initially cultivated at thepermissive temperature of 15°C. For imaging at the restric-
tive temperature (25°C), they are transferred to 25°C incubator for a two-hour acclimatization, with the final
30 minutes on histamine plate for immobilization. Worms with the most severe phenotypic manifestations
of the cha-1mutation (coiledposture)where selected for imaging. This ensures observationof themost pro-
nounced e�ects on neuronal activity. Control recordings involving mutants were kept and imaged at 15°C
are prepared by transferring them on histamine plates 30 minutes prior imaging, without the 25°C incuba-
tion. This process is replicated exactly with control worms for both temperature conditions. Worms were
picked onto an empty agar plate and washed with NGM mixed with 1M histamine. They were then loaded
into a microfluidic chip as previously described [3],[9],[8]. The microfluidic device allows to constrain the
worms in a standardized position for imaging. It consists of a Polydimethylsiloxane (PDMS) layer, and two
channels, one for worm placement, the other for gas flow (21% O2 with 50 ml/min flow rate). The imaging
setup comprised an inverted Zeiss Axio Observer Z1 confocal microscope, equipped with a Yokogawa CSU-
X1 spinning disk and a Photometrics Evolve 512 EMCCD camera. A 40x water-immersion objective lens was
utilized for acquiring high-resolution whole-brain activity data. The wormswere illuminated using a 488nm

32/63



University of Vienna

laser from Toptica Photonics, with a calibrated exposure time of 20 ms per frame. Imaging involved captur-
ing a series of Z-stacks with 2µm intervals, covering 18-21 planes which results in an acquisition rate of 2.4
- 2.8 volumes per second. Prior to imaging, the TCS is pre-adjusted to the required experimental tempera-
ture, either 25°Cor 15°C. This pre-regulation ensures that the PDMS layer reaches and stabilizes at the target
temperature for the imaging session. Once the system has settled to the desired temperature, the selected
worms are loaded for imaging.

2.8 Data Analysis

2.8.1 System Performance and step response parameter calculation

The system performance is assessed by analyzing its response to a set point change and is evaluated by the
step response parameters rise time, overshoot and settling time.

Rise time

The rise time in a control system is the time it takes for the system’s response to go from a certain lower per-
centage of the final value to a higher percentage, typically form 10% to 90% for a step response[20, p.148-
151],[21, p.126-127],[19, p.98-102],[23, p.45-48]. In the context of the TCS if heating, the rise time is the time
taken for the temperature to rise from 10% to 90% of its final value (set point), relative to the initial temper-
ature. Conversely, for cooling (fall time), it’s the time it takes for the temperature to fall from 90% to 10%
of the final value (set point), relative to the initial temperature. The values corresponding to 10% and 90%
of the way form the initial temperature to the set point are determined. Then, the timestamps at which the
temperature first crosses these 10% and 90% thresholds are identified. The rise time is the di�erence be-
tween these to timestamps, indicating system response speed.

10% and 90% threshold values,
T10% = Tinitial + 0.1× (Tsetpoint − Tinitial)
T90% = Tinitial + 0.9× (Tsetpoint − Tinitial)

Here, T10% is the initial temperature at the start of the observation period, T90% is the target set point tem-
perature.

Rise time,
Trise = t90% − t10%

Here, t10% is the timestamp when the temperature first crosses T10%, and t90% timestamp when the tem-
perature first crosses T90%.

Peak temperature and overshoot

The peak temperature is the highest (for heating processes) or lowest (for cooling processes) temperature
value recorded during the control process. It represents the maximum deviation from the set point[20,
p.148-151],[21, p.126-127],[19, p.98-102],[23, p.45-48], either in the positive direction (overshoot) or neg-
ative direction (undershoot), depending on the system’s initial condition relative to the set point.

For heating,
Tpeak = max(T )

For cooling,
Tpeak = min(T )

Here, Tpeak is the peak temperature observed in T , the set of all recorded temperatures. Overshoot refers
to the extent to which the temperature exceeds (in heating) or falls below (in cooling) the set point. The
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overshoot is calculated as the absolute di�erence between the peak temperature and the set point.

Overshoot in absolute numbers,
OS = |Tpeak − Tsetpoint|

Overshoot as a percentage,

OS% =
∣

∣

∣

Tpeak−Tsetpoint

Tsetpoint

∣

∣

∣
× 100

Settling time

settling time is defined as the time required for the system’s response (temperature) to remain within a cer-
tain range or tolerance around the desired set point a�er initially reaching it. This range is originally given
as a percentage (2% to 5%) of the final value or set point[20, p.148-151],[21, p.126-127],[19, p.98-102],[23,
p.45-48]. This can be a challenge in systemswith varying set points like the TCS.When the tolerance range is
defined as a percentage of the set point, the actual temperature range that determines "settled" can signifi-
cantly varywith the setpoint value. For example, a 2%toleranceona15°Csetpoint equals toa±0.3°C range,
whereas the same 2% tolerance on a 25°C set point equals to a±0.5°C range. To address this, the tolerance
range is defined in absolute numbers, particularly±0.5°C from the set point. This means, the temperature
is considered settled if it remains within 0.5°C above or below the set point.

Tolerance range,
Tupper = Tsetpoint +∆T
Tlower = Tsetpoint −∆T

Here, Tupper and Tlower are the upper and lower bounds (based on the acceptable deviation from the set
point), and∆T is the tolerance value. The stabilization point is the earliest time at which the temperature
(T ) enters the tolerance range and remains within it for the remainder of the observation period. Find, the
smallest time tstable for which,

Tlower ≤ T (t) ≤ Tupper, ∀t ≥ tstable

Settling time,
Tsettle = tstable − tstart

Here, tstart is the timestamp at the start of the observation period.

2.8.2 Neuron tracing and identification

Neuronal activity was tracked using MATLAB so�ware to trace the intensity maxima of each volume over
time as described by Kato et. al. (2015) and Uzel et. al. (2022) [3],[57]. This involves identifying the brightest
points in each image volume, which represents active neurons, and tracking these points across the time
series of images. Single-cell fluorescence intensity, the activity level of individual neurons at each timepoint
(F) is calculated. A�er background subtraction the fluorescence changes (∆F/F0) are calculated, with F0

being the mean fluorescence intensity across the trial. All traces were corrected for bleaching as described
by Kaplan et. al. (2020)[9]. Neurons are identified based on their specific activity patterns and anatomical
locations.

34/63



University of Vienna

3 Results

3.1 TCS Performance

The performance of the TCS was evaluated through a series of step response experiments. A total of twelve
runs under di�erent conditions (heating and cooling) and under di�erent start- and set point temperature
(5°C and 10°C step size) with three trials each were conducted. The transitions for the heating trials were
performed from 20°C to 25°C and from 15°C to 25°C, whereas cooling trials were performed from 20°C to
15°C and from 25°C to 15°C. The start- and set point temperatures were chosen according to the permissive
(15°C)and restrictive (25°C) temperaturesof the cha-1mutantwormsaswell as the roomtemperature (20°C).
The step response behavior are used to assess the system’s performance, by obtaining the performance
parameters, rise/fall time, overshoot, peak time, and settling time. Specifically, the system was evaluated
by its ability to reach and maintain a desired set point with minimal deviation. Figure 22 shows two typical
step responses of the TCS upon a set point change of a 10°C step size, from 15°C to 25°C for heating, (Figure
22a) and from 25°C to 15°C for cooling (Figure 22b). The temperature over time is shown, with the blue line
representing the actual temperature of the system as it responds to a step change in set point temperature
as well as the corresponding system output behavior. The performance measures, rise/fall time (time from
10%to90%of thefinal or steady state value), settling time (timewhen the systemsettleswithin apredefined
tolerance range around the set point), and overshoot (max. Temperature) are shown. These two runs are
representative for all 12 runs performed (supplementary Figures 29, 30, 31, 35, 36, 27, 28, 32, 33, 34), and
show the standard form of the step response curve. It shows a steady temperature increase when heating
and a steady decrease when cooling, indicated by the rise and fall times respectively. Following the rise/fall
time, the system reaches it’s peak time where it slightly overshoots before it settles back into the defined
tolerance band around the set point, indicated by the settling time.
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(a)

(b)

Figure 22: Set point Step Response. Response dynamics of the TCS for a given step input.(a)Heating, step size of 10°C
from 15°C to 25°C.(b)Cooling, step size of 10°C from 25°C to 15°C.
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On average, the system required an rise/fall time of 534s. A slight overshoot was observed in all trials
with an average excess of 0.85°C above the set point. Notably, the overshoot in cooling conditions was con-
sistently lower, with an average of 0.79°C. To reach themaximum temperature (max. overshoot) the system
required an average peak time of 1143s. Settling times varied across runs but the systemwas generally able
to stabilize the temperature within an average of 1457s. The high variability in parameters, indicates that
the system performance is not consistent across di�erent runs. This leads to the assumption that di�erent
condition (cooling or heating) or di�erent categories (5°Cor 10°C step size)might a�ect systemperformance
(Table 2, Figure 23). The performance data for all individual runs is listed in supplementary Table 5.

Measurement Type mean std SEM

Peak time 1142.96 364.07 105.10

Rise/fall time 534.43 214.5 61.92

Settling time 1457.48 408.00 117.78

Overshoot 0.85 0.13 0.04

Table 2: TCS Performance. Descriptive statistics (n=12).

Figure 23: TCS Performance. Performance Parameters, settling time, peak time, rise/fall time and overshoot for each
run performed with the TCS. Each data point represents the parameter values measured for twelve runs (step response)

in both, cooling and heating. Plots showmean± Std.

3.2 Comparison Heating and Cooling across Step Amplitudes

The robustness of the systemwas evaluated by comparing its performance across varying step sizes in both
heating and cooling modes. Specifically, if the system’s performancemeasures, rise/fall time, settling time,
peak time, and overshoot vary with category (5°C or 10°C step size) or condition (heating or cooling).
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Measurement Type Condition Category (step size [°C]) mean std count sem

Settling time

Cooling
5 (20-15°C) 1581.90 617.73 3 356.65

10 (25-15°C) 1519.80 163.93 3 94.65

Heating
10 (15-25°C) 1536.17 406.22 3 234.53

5 (20-25°C) 1192.06 445.07 3 256.96

Rise/fall time

Cooling
5 (20-15°C) 496.84 241.88 3 139.65

10 (25-15°C) 524.84 14.76 3 8.52

Heating
10 (15-25°C) 711.23 221.99 3 128.17

5 (20-25°C) 404.79 265.87 3 153.50

Peak time

Cooling
5 (20-15°C) 1271.79 486.18 3 280.69

10 (25-15°C) 1025.66 123.33 3 71.20

Heating
10 (15-25°C) 1329.42 342.75 3 197.88

5 (20-25°C) 944.97 451.08 3 260.43

Overshoot

Cooling
5 (20-15°C) 0.72 0.05 3 0.03

10 (25-15°C) 0.85 0.02 3 0.01

Heating
10 (15-25°C) 0.93 0.22 3 0.13

5 (20-25°C) 0.92 0.08 3 0.05

Table 3: Heating and Cooling Performance. Descriptive statistics for Cooling and Heating

When comparing overshoot in both categories for the heating condition, they show a similarmean over-
shoot at 0.93°C for 10°C, and 0.92°C for the 5°C step size. The error bars for the heating condition generally
show a wide range, particularly for the 10°C step size category, suggesting more variability in the overshoot
during heating. The cooling conditions show less variability and a mean overshoot of 0.72°C for the 5°C,
and a mean overshoot of 0.85°C for the 10°C step size. In general, the system tends to overshoot less when
cooling (mean: 0.79°C) compared to heating (mean: 0.92°C) as well as when the step size is smaller (mean
10°C step size: 0.89°C;mean 5°C step size: 0.82°C)(Table 3, Figure 24a). The peak time shows noticeable vari-
ability within the heating condition, especially in the 10°C step size category, but overall, the system takes
a similar amount of time to reach the peak temperature in both cooling (mean: 1,149s) and heating (mean:
1,137s). The system tends to be faster in 5°C step size in heating (mean 5°C step size: 945s; mean 10°C step
size: 1,329s) but not in cooling (mean 5°C step size: 1,272s, mean 10°C step size: 1,026s)(Table 3, Figure 24b).
Rise/fall times are generally shorter for cooling (mean: 511s) compared to heating (mean: 558s), and more
consistent for cooling, particularly for the 5°C step size. The system tends to be faster in the 5°C step size
category in both cooling (mean 5° step size: 497s; mean 10°C step size: 525s) and heating (mean 5°C step
size: 405s; mean 10°C step size: 711s) conditions(Table 3, Figure 24c). The cooling condition tends to be
slower in reaching settling (mean: 1,551s) compared to heating (mean: 1,364s). However, variability is again
more pronounced in the heating conditions. The system tends to reach settling faster in the 5°C step size
in heating (mean 5°C step size: 1,192s; mean 10°C step size: 1,536s) but not in cooling (mean 5°C step size
1,582s,mean 10°C step size: 1,520s)(Table 3, Figure 24d). The di�erences in performance parameters tested,
however, are not significant when compared between conditions and categories(Figure 24, Table 4).
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(a) (b)

(c) (d)

Figure 24: Performance Parameter Comparison. a-d.Performance parameters, rise/fall time, peak time, overshoot,
and settling time are compared between conditions (heating and cooling) (n=6) and between categories (n=3) within

conditions,i.e., for heating the 5°C step size from 20°C to 25°C is compared with 10°C step size from 15°C to 25°C; for cool-

ing, the 5°C step size is compared with the 10°C step size from 25°C to 15°C. Plots show mean ± Std. *p<0.05, **p<0.01,

***p<0.001, ***p<0.0001, ns p>0.05.
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Cooling vs Heating Heating (5°C vs 10°C step size) Cooling (5° vs 10°C step size)

Settling time
p-value 0.94 0.20 1.00

statistic 19.0 8.0 4.0

Rise/fall time
p-value 0.70 0.40 0.70

statistic 15.0 7.0 3.0

Peak time
p-value 0.70 0.20 0.70

statistic 21.0 8.0 3.0

Overshoot
p-value 0.13 0.70 0.08

statistic 8.0 6.0 9.0

Table 4: Performance Parameter Comparison. Mann Whitney U test results for the performance parameters com-
parisons, rise/fall time, peak time, overshoot, and settling time between conditions (heating and cooling) and between

categories within conditions,i.e., for heating the 5°C step size from 20°C to 25°C is comparedwith 10°C step size from 15°C

to 25°C; for cooling, the 5°C step size is compared with the 10°C step size from 25°C to 15°C.
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3.3 Whole-brain Imaging Data

Whole-brain recordings were performed for TCS validation. In total 4 datasets of each condition, 15°C con-
trol, 25°C control, 15°C mutant, 25°C mutant were obtained. Figure 25 shows the heat maps of neuronal
activity as variation in signal intensity (∆F/F0) for each neuron over time. Representative example record-
ings for each condition are shown.

(a) 15°C Control (b) 25°C Control

(c) 15°C cha-1mutant (d) 25°C cha-1mutant

Figure 25: Heat maps of neuronal activity traces. a-d. Heat plots of fluorescence (∆F/F ) time series of identified
neurons, one neuron per row. Recording-time 18min. 15°C condition on the le� (a, c) and 25°C condition on the right (b,

d).

Heatmaps of the control line at 15°C showsfiring patterns and synchronous activity in clusters related to
reverse and forwardmovements, aligningwith findings byUzel et al. (2022)[57] andKato et al. (2015)[3](Fig-
ure 25a). At a higher temperature of 25°C, the control line shows a slight reduction in activity but maintains
robust neuronal activity and synchronisation with key neurons (Figure 25b). Themutant line at 15°C shows
similar activity pattern to the control line at the same temperature, indicating that the mutation does not
significantly a�ect neuronal activity under permissive conditions (Figure 25c). However, at 25°C, themutant
line shows reduced neuronal activity compared to both the control line at 25°C and themutant line at 15°C.
Neuronal activity is sparse or missing (Figure 25d). The Root Mean Square (RMS) quantification further sup-
ports these observations (Figure 26). In bothmutant conditions (15°C and 25°C) and the control line at 25°C,
fewer neurons were identified compared to the control line at 15°C (Figure 25).
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Figure 26: Root Mean Square (RMS) across conditions. Cumulative RMS values of neuronal activity for identifiable
neurons of each condition (n=4).

RMS values for the control line at 15°C and 25°C show similar curve shapes, suggesting that temperature
does not drastically alter the overall RMS distribution of neuronal activity. However, a le�ward shi� in the
curve at 25°C indicates a greater fraction of neurons with lower RMS values indicating decreased activity
levels at the higher temperature. The mutant at 25°C shows lower RMS values for the majority of neurons,
suggesting that themutation at this restrictive temperature leads to decreased overall neuronal activity and
potentially impaired function. At 15°C, the mutant neurons are more active than at 25°C but still less active
overall compared to control line at 15°C.
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4 Discussion

The aim of this thesis was to design, develop and evaluate a control system to regulate the temperature
of C. elegans ts mutants, enabling validity and reliability of experimental outcomes. Step response tests
showed that the system reacts adequately to changes in set point, the system is adaptive in cooling and
heating conditions for di�erent step sizes and showed high accuracy in maintaining target temperatures.
To achieve optimal performance for a given control task, there is o�en a trade-o� of one characteristic for
others to meet their requirements. This tuning process involved balancing each parameter (proportional,
integral andderivative) to get the optimal system response for the TCS to achieve bothquick responsiveness
and steady-state accuracy. However, reaching optimal performance, also depends on the systembeing con-
trolled. As in the case of the TCS, the PDMS’ thermal properties predetermine the shape of the response
curve. It indicates a certain level of system thermal inertia as it only slowly adapts to changes in control
input. Thermal inertia combines both thermal conductivity (or resistance) and thermal capacity. It refers
to how quickly a material or system can change temperature in response to an energy input or removal. A
system with a higher thermal inertia will have a slower response to changes in the control input, leading
to longer rise, longer peak times and consequently longer settling times[19, p.52-57],[58]. This means that
in scenarios where the system exhibits low thermal conductivity, (the thermal conductivity of PDMS is in
the order of 0.16 W/mK (inherently resistant to heat flow)) [38],[39],[40], the speed of response is inherently
slower due to the slower propagation of heat. Due to these properties overshoot is expected as the plant
cannot adapt quickly enough to changes in output signals. However, settling is reached relatively quickly
a�er, which indicates that the system is fast in correcting any deviation from the set point. A�er reaching
settling, the temperature remains stable within the tolerance range of 1°C (± 0.5°C form the set point). The
TCS is designed to obtain temperature readings directly from the experimental site (worm-channel). This
direct approach is particularly important when considering the thermal properties of PDMS. There exist sig-
nificant temperature di�erences between the surface of the PDMS block and the internal channels. Indirect
or external temperaturemeasurementsdonotaccurately reflect the internal environmental conditions. This
could lead to potential errors in the experimental findings. Direct temperature measurement ensures that
the conditions experienced by the worm are consistent with the experimental requirements. The system
shows good control performance. It is, however, not possible to generalize the observed results, due to the
small sample sizes used (total: n=12; category: n=3 and condition: n=6). This increases the risk of failing to
detect any true e�ect. A larger sample size is necessary to draw more robust conclusions. The trends indi-
cated, nevertheless o�er insights into systemdynamics under various situations and conditions and suggest
potential areas of optimization.

System performance: cooling vs. heating

The system generally shows similar levels of performance in both heating and coolingmodes. It tends to be
more precise and quicker when cooling compared to heating. The tendency to perform worse when heat-
ing is potentially due to the thermal properties of the system and materials involved but also possibly due
the system design (to remove heat). During cooling mode, active heatsinks help to dissipate heat from the
non-controlling side of the Peltier elements (working principle of Peltier cells, see 2). Active cooling can con-
tribute toamoree�icientheatdissipationwhich leads to theobservedquicker fall andpeak timesandbetter
mitigation of overshoot. This makes the systemmore predictive and controllable during cooling modes. In
contrast, with theactiveheatsinks shutdownduringheating, the temperatureonlypassively dissipates from
the systemwithout any active system to counteract andmakes the systemmore variable.

System performance: di�erent step sizes (5°C and 10°C)

The controller adapts to heating and cooling demands, this means, the larger the step size, the stronger the
control e�ort (the larger is the proportional corrective action). This is shown by the prolonged maximum
control output when the error is larger (Figure 22). In theory, for linear systems, performance measures
like rise/fall time, overshoot, and settling time are independent of the step size. However, in practical ap-
plications, especially with systems like the TCS with thermal dynamics and active components like Peltier
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elements, these performancemetrics can depend on the input step size[20, p.151]. This non-linearitymight
arise from varying operational e�iciency of the Peltier elements at di�erent temperatures[43] or thermal
properties of the PDMS. In the TCS when the step size is smaller, it shows that the system tends to be more
stable whereas, if the step size is larger, the system has slightly longer adjustment times and slightly higher
overshoot. However, this ismore pronounced in heating conditions, likely due to the active heat dissipation
during cooling modes as discussed. In addition, due to the increased control action needed to overcome
the larger temperature di�erence (10°C) larger overshoot is more likely to occur[20, p.294].

Post-settling dynamics - maintaining set temperature

A�er the system has reached the set point, the control output shows minor fluctuations. These fluctua-
tions represent the ongoing adjustments by the PI controller to maintain the temperature at the set point.
The consistent control e�ort observed a�er the transient phase, implies that the systemhas reached steady
state,maintaining the temperaturewithin the set point range. Both, cooling and heating conditions are pre-
cise in maintaining the target temperature post-settling. Further, the system shows a high level of stability
irrespective of step amplitude. Fluctuations in the temperature data suggest occasional instability or sen-
sor measurement noise(Figure 22). However, these minor fluctuations post-settling don’t a�ect the overall
system performance.

TCS validation &whole brain data

To validate the TCS,whole-brain imaging data ofC. elegansunder di�erent temperature conditionswere an-
alyzed. At 15°C, heatmaps of control worms shownormal network functionwith synchronised activity in re-
verseand forwardneurons, consistentwithpreviously reporteddatabyUzel et. al. (2020)[57] andKatoet. al.
(2015)[3]. At 25°C, control worms exhibit similar activity with slight changes suggesting the neural network
remains robust to temperature changes within the range of 15°C to 25°C (the viable or growth-temperature
in labs of C. elegans ranges from 12°C to 25°C[2]). However, higher temperatures may slightly alter activity
due to increasedmetabolic rates or stress responses[2],[59]. For cha-1mutant worms, the neuronal activity
at 15°C resembles that of the control line at 15°C, suggesting preserved network function and normal ACh-
production at this permissive temperature. However, the mutation could still introduce slight variations in
neural dynamics[6]. At 25°C cha-1mutantworms show severe disruptionswith drastically reducedneuronal
activity, indicating impaired AChproduction and instability in neural interaction and function [4],[2],[5]. The
RMS analysis supports these findings, with a le� shi� for the control line at 25°C, suggesting reduced neu-
ronal activity compared to 15°C due to higher the temperature even in the absence of the mutation[2],[59].
Similarly, in the mutant line at 25°C shows lower RMS values for the majority of neurons, indicating that
the restrictive temperature significantly reduces neuronal activity and network function. These observa-
tions indicate both, the temperature sensitivity of neuronal activity and the impact of the cha-1mutation,
particularly the impaired ACh production at the higher temperature[6]. At 15°C in the mutant line, neurons
are more active compared to mutant at 25°C, which aligns with expectations, as at mutant at the permis-
sive temperature has a phenotype similar to the control line where ACh-production is closer to wild-type[6].
However, even at this permissive temperature, there is lower overall activity compared to control line at the
same temperature. This suggests that the mutation by itself might have some minor e�ects on neuronal
activity patterns.

The trends seen in the existing data provide initial insights into how temperature and mutation may influ-
ence neuronal activity. However, these findings are preliminary and further recordings are needed to draw
more reliable conclusions.

4.1 Limitations and Outlook

TCS thermal inertia

The TCS implemented was primarily evaluated based on its ability to reach and maintain set point tem-
peratures over time. This means, stability and precision were prioritized over speed. The focus is more on
maintaining specific conditions not on howquickly those conditions are reached. However, for experiments
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where the focus is on rapid temperature changes, this particular system may not be well suited due to the
inherent system inertia.

Problemswith increasing response speed - make system faster

Proportional control action in a the TCS determines how the system reacts to di�erences between the cur-
rent temperature and the set point. When a significant change ismade, such as adjusting the set point from
15°C to 25°C, the proportional control is what causes the control system to apply a strong initial corrective
e�ort. This is because the proportional part of the controllermultiplies the di�erence, or error, between the
set point and the current temperature by theproportional gain to determine the output[18, p.3-4]. If the sys-
tem’s output is capped at a maximum level, in this case 1500, the proportional control will push the output
to this maximum value when a large error is detected. The output signal will not exceed this cap, but it will
remain at the maximum level until the error decreases to a point where the proportional gain times the er-
ror equals less than themaximumoutput. Increasing the proportional gain to increase the system’s heating
or cooling rates would lead to several problems. Increasing the proportional gain in a situation where the
maximum output is already being reached would not increase the actual output any further due to the cap.
However, it would change the system’s behavior in response to smaller errors. Specifically, for any given
error, a higher proportional gain would result in a higher output. This would make the system react more
aggressively to even small deviations from the set point[20, p.294]. This aggressive response can potentially
lead to instability, such as pronounced oscillations, because the system will be quick to max out its output
with even slight temperature di�erences. This is why it’s crucial to balance the proportional gain with the
integral action. A faster response could lead to instability, so there’s o�en a trade-o� to balance response
speed and potential instability to reach optimal performance within the limits of the system’s maximum
output capacities and its thermal properties[23, p.70, 85],[19, p.141].

Temperature range

The performance of the TCS was assessed within a specific temperature range (10°C range - 15°C to 25°C).
It is not known how the system might behave or how accurate it would be outside of the evaluated range.
The operational e�iciency and accuracy of components like thermistor and Peltier elements can vary across
di�erent temperatures[43],[42]. This means, optimal system operation and performance is restricted to a
specific temperature range. The TCS might therefore, not be applicable for experimental conditions with
more extreme temperatures.

4.2 Conclusion

Results from the step response tests indicate that the system responds adequately to set point changes and
maintains target temperatures with a high level of accuracy. It shows a good balance between responsive-
ness and steady-state accuracy, which suggests a well-tuned PI-controller. The performance remains con-
sistent across di�erent experimental conditions such as varying step sizes andmodes (cooling and heating).
Key performance parameters like rise time, peak time, overshoot and settling time can vary slightly depend-
ing on the specific condition. However, these variations do not a�ect overall accuracy, which indicates that
the system can adapt to and performs well under varying experimental conditions. Further, the neural ac-
tivity patterns observed align with expected neural responses at specific temperatures. This indicates that
the TCS’s temperature readings match the temperature experienced by the worm.
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6 Supplementarymaterial

Figure 27: Set point Step Response. Response dynamics of the TCS for heating, step size of 10°C from 15°C to 25°C.
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Figure 28: Set point Step Response. Response dynamics of the TCS for heating, step size of 10°C from 15°C to 25°C

Figure 29: Set point Step Response. Response dynamics of the TCS for cooling, step size of 5°C from 20°C to 15°C
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Figure 30: Set point Step Response. Response dynamics of the TCS for cooling, step size of 5°C from 20°C to 15°C

Figure 31: Set point Step Response. Response dynamics of the TCS for cooling, step size of 5°C from 20°C to 15°C
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Figure 32: Set point Step Response. Response dynamics of the TCS for heating, step size of 5°C from 20°C to 25°C

Figure 33: Set point Step Response. Response dynamics of the TCS for heating, step size of 5°C from 20°C to 25°C
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Figure 34: Set point Step Response. Response dynamics of the TCS for heating, step size of 5°C from 20°C to 25°C

Figure 35: Set point Step Response. Response dynamics of the TCS for cooling, step size of 10°C from 25°C to 15°C
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Figure 36: Set point Step Response. Response dynamics of the TCS for cooling, step size of 10°C from 25°C to 15°C
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Figure 37: Heat map 15°C control. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.
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Figure 38: Heat map 15°C control. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.

Figure 39: Heat map 15°C mutant. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.
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Figure 40: Heat map 15°C mutant. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.

Figure 41: Heat map 15°C mutant. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.
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Figure 42: Heat map 25°C control. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.

Figure 43: Heat map 25°C control. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.
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Figure 44: Heat map 25°C control. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.

Figure 45: Heat map 25°C mutant. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.
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Figure 46: Heat map 25°C mutant. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.

Figure 47: Heat map 25°C mutant. Heat plots of fluorescence (∆F/F ) time series of identified neurons, one neuron
per row. Recording-time 18min.
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Run Start temperature [°C] Temperaturemean [°C] Temperature std Setpoint [°C] Inverted Rise/fall time [s] Peak time [s] Settling time [s] Peak temperature [°C] Peak Temperature Overshoot [°C]

Run 571 14.96 23.16 2.72 25.00 FALSE 682.25 1,507.53 1,721.61 25.68 0.68

Run 578 15.18 23.74 2.46 25.00 FALSE 505.16 934.29 1,070.33 26.00 1.00
15°C-25°C

Run 518 14.02 22.71 3.20 25.00 FALSE 946.30 1,546.43 1,816.58 26.10 1.10

Run 529 19.47 24.70 1.21 25.00 FALSE 279.10 667.23 863.30 25.98 0.98

Run 569 21.79 24.84 0.83 25.00 FALSE 225.08 702.24 1,014.35 25.95 0.95
20°C-25°C

Run 525 17.57 23.97 1.87 25.00 FALSE 710.20 1,465.45 1,698.53 25.83 0.83

Run 570 25.35 16.04 2.41 15.00 TRUE 530.18 1,166.36 1,645.51 14.13 0.87

Run 575 24.50 16.25 2.47 15.00 TRUE 508.15 974.30 1,579.51 14.16 0.84
25°C-15°C

Run 577 25.07 16.36 2.58 15.00 TRUE 536.18 936.31 1,334.38 14.16 0.84

Run 572 21.92 15.57 1.66 15.00 TRUE 218.08 718.25 963.34 14.23 0.77

Run 527 21.62 15.99 1.71 15.00 TRUE 621.21 1,467.53 1,583.57 14.33 0.67
20°C-15°C

Run 523 21.76 15.91 1.74 15.00 TRUE 651.23 1,629.58 2,198.79 14.27 0.73

Table 5: TLC Performance. Inverted: FALSE = Heating, TRUE = Cooling
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