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Abstract 

Walking behavior in insects serves as a model for studying motor control, offering insights into 

general locomotor principles. Although much is known about how the nervous system 

regulates insect locomotion, variability in walking behavior within and across individuals of the 

same species has been understudied. This thesis aims to close the gap of knowledge by 

investigating the natural variability of walking behavior in Drosophila melanogaster. High-

speed videography and automated, deep learning-based tracking were used to collect 

extensive data of leg-tip kinematics in 2D from a large cohort of wildtype flies.  

Principal component analysis (PCA) was applied to unbiasedly explore patterns of covariance 

in the data set. Five principal components (PCs) were found to explain the majority of the 

observed variability. A set of two PCs primarily represented general interleg coordination 

patterns, the former reflecting the characteristic tripod gait that is widely observed in insect 

locomotion and the latter reflecting the systematic deviation from canonical tripod coordination. 

In contrast, the remaining three PCs captured idiosyncrasies in posture and leg movements, 

which remained stable across different speeds, suggesting that each fly maintains a unique, 

consistent walking signature. Although displaying the same idiosyncrasies across walking 

speeds, the relative fraction of variability described by these three PCs decreased for higher 

speeds, while the PC describing tripod coordination markedly gained significance. This finding 

indicates, that interindividual variability of leg-tip kinematics decreases with increasing walking 

speeds, which is further investigated by analyzing the correlation of spatial and temporal 

variability with walking speed and measures of interleg coordination. For this purpose, tripod 

coordination strength (TCS) was used as a proxy for interleg coordination and a novel 

coherence measure was designed to quantify how well timed intersegmental influences 

between adjacent legs are. I show that the coherence measure in direct comparison 

outcompetes walking speed and TCS at predicting both spatial and temporal variability. This 

result suggests that the stronger entrainment of weakly coupled oscillators controlling single 

leg movements is causally related to the observed decrease in variability as walking speed 

increases. Finally, I developed an advanced experimental setup to enable continuous high-
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resolution recordings of freely walking flies over long durations, capturing kinematic data at up 

to 200 Hz. This setup, combined with optimized data processing tools, enabled a robust 

collection of leg-tip kinematics and efficient filtering for behavior of interest, which was 

demonstrated by a rudimentary analysis of curved walking behavior. 

Overall, this thesis provides a comprehensive quantitative analysis of the natural variability in 

Drosophila walking behavior. By separating general motor control features from idiosyncrasies 

and systematically analyzing how key parameters of walking behavior interact with variability, 

this work offers novel insights into the underlying neural mechanisms enabling consistent and 

adaptive motor control. The presented findings might serve as a foundation for future studies 

on how neural circuits generate flexible and yet robust behaviors in both insects and 

vertebrates.  
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1 Chapter 1: General Introduction 

Legged locomotion, particularly walking, is a common and fundamental behavior in terrestrial 

animals, playing a crucial role in activities like foraging, exploration, predator avoidance, and 

migration. Locomotion, as a result, has been a key factor in animal evolution, leading to a vast 

diversity of body morphologies optimized for various modes of movement (Dickinson, 2000; 

Zenkevich, 1945). These modes of movement include walking, crawling, swimming, and flying, 

as well as more specialized forms like brachiation, burrowing, or hopping (Ijspeert, 2003). 

Despite this diversity, the fundamental principle of locomotion remains the same: animals 

generate force against their environment to propel themselves in a desired direction 

(Dickinson, 2000; Holmes et al., 2006). This force is produced by rhythmic muscle activity, 

coordinated by the nervous system, which is continuously adjusted by sensory feedback to 

cope with perturbations and changing environmental conditions. In addition, higher areas of 

the nervous system modulate locomotor circuits to achieve goal-oriented behaviors. In 

summary, locomotion results from a complex interplay of neural processes, muscle activity, 

biomechanics, body morphology, and environmental influences (Dickinson, 2000; Holmes et 

al., 2006; Seipel et al., 2017).  

Walking, as the most common type of legged locomotion, is the primary mode of movement 

for terrestrial animals (Biewener and Patek, 2018). It involves the coordinated movement of 

legs in a cyclic pattern, typically divided into two phases: the stance (power stroke), where the 

leg contacts the ground to propel the body, and the swing (return stroke), where the leg is lifted 

and repositioned for the next stance phase. During walking, the nervous system must 

coordinate both the movements of the individual segments within each leg (intraleg 

coordination) and the interactions between different legs (interleg coordination). The number 

of legs which need to be coordinated ranges from bipeds (e.g., humans) to hexapods (e.g., 

insects) and even millipedes, which can have hundreds of legs. In many walking species, 

interleg coordination can be categorized into distinct gaits that are optimized for different 

speeds (Alexander, 2003). For example, horses walk at low speeds, trot at intermediate 

speeds, and gallop at high speeds, transitioning between gaits to optimize their energetic cost 
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function (Hoyt and Taylor, 1981). Other animals, like insects, usually do not exhibit distinct 

gaits, but rather use a continuum of interleg coordination patterns (Nirody, 2021; Szczecinski 

et al., 2018; Wosnitza et al., 2013). 

While interleg coordination necessarily relies on information exchange between the neural 

circuits controlling individual legs, intraleg coordination has been shown to depend on central 

pattern generators (CPGs), which are crucial for generating the rhythmic motor patterns 

underlying locomotion in all animals (Grillner, 2006; MacKay-Lyons, 2002; Mantziaris et al., 

2020). CPGs are neural networks that can produce rhythmic motor outputs necessary for 

timing and coordinating motor neurons without relying on rhythmic sensory input or descending 

signals. However, for locomotion to be adaptive and flexible, activity of CPGs is shaped by 

sensory feedback and modulated by descending signals from higher neural centers. While 

significant progress has been made in understanding the function and role of CPGs, there is 

still much to learn about how CPGs interact in the context of legged locomotion (Grillner and 

Kozlov, 2021). 

Motor control of walking is frequently studied in insects, as they share many general locomotion 

principles with vertebrates (Büschges, 2005; Duysens et al., 2000; Pearson, 1993) while their 

simpler nervous systems facilitate the examination of underlying neural mechanisms (Bidaye 

et al., 2018). In contrast to vertebrates, which possess a maximum of four legs, insects have 

six legs, which are attached pairwise to one of three thoracic segments. While the coordination 

of six walking legs requires specialized control strategies, the basis for coordinating the legs 

still consists of state-dependent information exchange between CPGs, mechanical coupling, 

and sensory feedback. Sensory feedback in the legs of insects results from various sensors, 

such as campaniform sensilla sensing strain and stress in the cuticle (Dickerson et al., 2021; 

Zill et al., 2004; Tuthill and Wilson, 2024), or chordotonal organs measuring flexion and 

extension of leg segments as well as sounds and vibrations (Büschges, 1994; Field and 

Matheson, 1998; Mamiya et al., 2018; Zill, 1985). The feedback provided by these sensors in 

the context of interleg coordination can trigger phase transitions during walking and is used to 

adjust and correct parameters of movement such as force or velocity in ongoing motor actions 
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(Akay et al., 2001; Cruse et al., 1990). A set of coordination rules, often referred to as Cruse 

rules after Holk Cruse, relies, at least partially, on sensory feedback. The Cruse rules have 

been described and experimentally confirmed in the stick insect Carausius morosus (Cruse, 

1990; Cruse et al., 2007) and served as the basis of the distributed neural network controller 

Walknet (Dürr et al., 2004; Schilling et al., 2013). Walknet successfully demonstrated, both in 

a model and in robots, that functional hexapodal walking behavior can be generated solely 

with decentralized rules. Whether the Cruse rules are actually implemented as such in the 

neural control algorithms of insects and how this decentralized concept relates to CPGs is still 

not fully understood. 

Among the established model organisms, Drosophila melanogaster provides an particularly 

well-suited model to explore walking behavior due to its relatively simple nervous system, the 

ever-extending capabilities of the Gal4-UAS-system for precise genetic interventions (Duffy, 

2002; Hales et al., 2015; Venken et al., 2011), and the capacity for high-throughput behavioral 

analysis (Bidaye et al., 2018). Walking behavior of Drosophila has been extensively studied 

with a focus on how the nervous system initiates forward and backward walking (Bidaye et al., 

2020, 2014), how different parameters change systematically with walking speed (DeAngelis 

et al., 2019; Strauß and Heisenberg, 1990; Wosnitza et al., 2013), how inhibition of sensory 

feedback affects leg kinematics (Chockley et al., 2022; Mendes et al., 2013), how different 

modes of interleg coordination interact with static stability (Szczecinski et al., 2018), or the 3D 

leg kinematics and the degrees of freedom of every single joint (Haustein et al., 2024). Despite 

this rich body of knowledge, one aspect which has been mostly neglected is the dimension of 

variability in walking behavior.  

Variability can be observed in any type of animal behavior. The causes of this behavioral 

variability are manifold and operate on several levels, from the sub-cellular level (ion channels) 

to ontogeny (including genetics and learned adaptations) and, finally, to evolutionary 

processes. Investigating these causes can teach us a lot about how animals have evolved to 

cope with the demands of their environment and how nervous systems ultimately produce 
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behavior. To uncover the underlying principles, it is essential to disentangle the different types, 

aspects, and dimensions of variability. 

A basic distinction must be made between inter- and intra-individual behavioral variability. The 

latter deals with instance-to-instance variability observed in a particular individual, while the 

former tells us about the whole range of different forms of expression in a complete species. 

In the context of evolution, inter-individual variability serves as the basis for natural selection 

to work on. In other words: without different versions of genes, phenotypes, strategies, and 

behaviors in a species, adaptation to changing environmental conditions is fairly difficult, if not 

impossible (Roseman, 2020). Another fundamental differentiation can be seen between 

systematic and unsystematic, i.e. random, behavioral variability. Systematic variability means 

that changing parameters are correlated with other internal or external parameters. 

Differentiation between systematic and unsystematic variability can be difficult, because not all 

potentially influential parameters can be measured in a single experiment, thus correlation with 

an unknown parameter cannot be excluded.  

Unsystematic behavioral variability, to some extent, results from noise in the nervous system, 

challenging animals to develop not only efficient but also robust and stable solutions for the 

expression of behavior (Faisal et al., 2008). This especially needs to be considered when we 

try to model behaviors, because computers work deterministically and tend to find highly 

effective solutions which may break apart if only a single parameter changes slightly. Trial-to-

trial variability can also result from fatigue (Jones, 2016) or changing inner states of the animal 

(Pflüger, 1999). In general, the many different causes of variability make it difficult to determine 

the exact contribution of each factor.  

Inter-individual variability emerges from genetic and epigenetic differences (Yamamoto et al., 

2024), diet (Kraus et al., 2022), or social and developmental imprinting (Hayden et al., 2020). 

Previous studies have highlighted that behavioral idiosyncrasies, including aspects like left-

right preferences in a Y-maze or locomotor handedness, can be partly hereditary (Ayroles et 

al., 2015; Buchanan et al., 2015). Furthermore, even isogenic individuals reared in identical 
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conditions will vary to some extent. In addition to differences in the mean form of expression, 

individuals can also vary in their degree of intra-individual variability or the probability of 

expressing the behavior at all. However, variability affects all interactions with the environment 

and thus plays a fundamental part in both evolution and individual development. Therefore, it 

should be taken seriously as an important aspect of biological phenomena in general and 

behavior in particular. 

In this thesis, I investigated the different dimensions of natural variability in Drosophila walking 

behavior by analyzing detailed kinematic data from a large cohort of wild-type flies. The basis 

for this study were 2D leg-tip kinematics of freely walking flies which were obtained by 

employing high-speed videography and a deep learning-based automated tracking method 

(Mathis et al., 2018). I applied principal component analysis (PCA, introduced in chapter 2) to 

unbiasedly explore the covariant patterns in the data set, identifying key components that 

describe both shared and individual-specific aspects of movement and variability. I show that 

the individual-specific aspects remain largely constant across different walking speeds, while 

the contribution of general coordination patterns increased at higher speeds, supporting the 

notion that faster walking is accompanied by stricter coordination (chapter 2). This reduction 

of variability in leg-tip kinematics with increasing walking speeds is then focused by 

systematically analyzing the relationship between walking speed, spatial and temporal 

variability, and interleg coordination. The results suggest a causal connection between the 

synchronization of leg movements and variability, while walking speed seems to be more 

indirectly correlated (chapter 3). Finally, I introduce an advanced setup for recording freely-

walking fruit flies enabling continuous high-resolution recordings at 200 Hz for multiple hours. 

The capabilities of this new setup and the data processing software specifically designed for it 

are demonstrated in a curved-walking analysis (chapter 4). 
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2 Chapter 2: Natural variability and individuality of walking behavior 

in Drosophila 
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2.1 Abstract 

Insects use walking behavior in a large number of contexts, such as exploration, foraging, 

escape and pursuit, or migration. A lot is known on how nervous systems produce this behavior 

in general and also how certain parameters vary with regard to walking direction or speed, for 

instance. An aspect that has not received much attention is if and how walking behavior varies 

across individuals of a particular species. To address this, we created a large corpus of 

kinematic walking data of many individuals of the fruit fly Drosophila. We only selected 

instances of straight walking in a narrow range of walking speeds to minimize the influence of 

high-level parameters, like turning and walking speed, aiming to uncover more subtle aspects 

of variability. Using high-speed videography and automated annotation we captured the 

positions of the six leg tips for thousands of steps and used principal components analysis to 

characterize the postural space individuals used during walking. Our analysis shows that the 

largest part of walking kinematics can be described by five principal components (PCs). 

Separation of these five PCs into a 2-dimensional and a 3-dimensional subspace divided the 

description of walking behavior into invariant features shared across individuals and features 

that relate to the specifics of individuals; the latter features can be regarded as idiosyncrasies. 

We also demonstrate that this approach can detect the effects of experimental interventions in 

an unbiased manner and that general aspects of individuality, such as the individual walking 

posture, can be described.   
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2.2 Introduction 

Legged locomotion, commonly subsumed under the term walking, is found in most terrestrial 

animals. Walking is used in a diverse set of behavioral contexts, such as exploration and 

foraging, escape, pursuit, mating, and migration, making it a central component of an animal’s 

behavioral repertoire. The diversity of these contexts requires walking to be highly adaptable 

and flexible. Consequently, the task- and situation specific neuronal control of walking behavior 

is important role for its proper execution.  

The neuronal control and kinematics of walking have been extensively studied in a large variety 

of arthropods (Nirody, 2021; Nirody, 2023), particularly in insects, from small insects, like fruit 

flies (Drosophila melanogaster, DeAngelis et al., 2019; Mendes et al., 2013; Mendes et al., 

2014; Strauß and Heisenberg, 1990; Wosnitza et al., 2012) or desert ants (Cataglyphis, Pfeffer 

et al., 2019; Wahl et al., 2015; Zollikofer, 1994), to large ones, like cockroaches (Periplaneta 

americana, Couzin-Fuchs et al., 2015; Delcomyn, 1971; Delcomyn, 1989), locusts 

(Schistocerca gregaria, Burns, 1973; Niven et al., 2010; Pearson and Franklin, 1984), or stick 

insects (Carausius morosus, Cruse, 1976; Dallmann et al., 2016; Dürr and Ebeling, 2005; 

Gruhn et al., 2009). There is a large body of knowledge in these groups, ranging from the 

sensorimotor control of individual legs, on how interleg coordination of the six legs is achieved, 

to high-level descending and central neuronal control (Bidaye et al., 2018; Cruse, 1990; Dürr 

et al., 2004). A number of common features governing the neuronal and kinematic aspects of 

insect walking have been identified. Walking speed, as a major aspect, seems to be generally 

controlled by changes in stance duration, while stance amplitude and swing duration are 

largely kept constant (DeAngelis et al., 2019; Wosnitza et al., 2012). These changes in stance 

duration are accompanied by systematic changes in interleg coordination. Unlike larger 

vertebrates, however, which use distinct gaits in a speed-dependent manner (Diedrich and 

Warren, 1995; Hoyt and Taylor, 1981), insects exhibit a continuum of interleg coordination 

patterns (Szczecinski et al., 2018; Wosnitza et al., 2012). These systematic effects and other 

invariant features are generally present in walking insects as an evolved phenotypic trait; 

however, the neuronal control and kinematics of walking must have exhibited hereditary 
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interindividual and inter-species variability during evolution, thereby adapting to co-evolving 

traits like body morphology or ecological demands. Indeed, a previous study on the evolution 

of walking behavior in a large set of drosophilids showed that there exist systematic differences 

in walking behavior across species and strains. These differences evolve and diverge rapidly 

in closely-related species, but re-converge to shared features in more distantly-related ones 

(York et al., 2022). However, while this previous study establishes an evolutionary approach 

to investigate the variability of walking in insects, it was mainly based on the characteristics of 

the velocities at which different species walk and did not focus more specifically on detailed 

leg kinematics. Thus, how variable walking is within and between individuals of a given species 

or strain on a level closer to the actual motor output is still largely unexplored.  

Walking behavior differs in multiple parameters between individual flies, such as average 

posture, preferred coordination pattern, walking speeds, or degree of intraindividual variability, 

as anecdotal observations indicated. However, a quantitative description of these differences 

is still lacking. To explore this aspect in greater detail, in the present study we wanted to 

explicitly acknowledge variability as an important aspect of walking behavior on the inter- and 

intra-individual level and to find an unbiased and more comprehensive way of characterizing 

and interpreting the observed variability. Behavioral variability on the individual level is a topic 

that has started to receive more attention in recent years. For instance, two studies on 

handedness in Drosophila show that individual flies can have left/right preferences in a Y-maze 

decision paradigm and that these preferences are partly hereditary (Ayroles et al., 2015; 

Buchanan et al., 2015). A study on several Drosophila wildtype strains established systematic 

differences in odor preference that can be traced back to phenotypic differences related to 

these strains (Ruebenbauer et al., 2008). Further studies in Drosophila showed that grooming 

behavior shows variability between different wildtype lab strains, but also between isogenic 

individuals of the same strain (Mueller et al., 2022), and that the kinematics of trajectories 

during object orientation are highly individualized and that neuronal asymmetries drive this 

behavioral individuality (Linneweber et al., 2020). 
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Here, we investigated the natural intra- and interindividual variability of low-level kinematic 

parameters of walking in the fruit fly Drosophila melanogaster. To control for and exclude 

known influences of walking speed and curve walking on kinematics, we initially focused on 

straight walking at intermediate speeds in a large set of male flies, each of which 

spontaneously produced a large corpus of walking behavior in an unrestrained free-walking 

paradigm. Using high-speed video recording and automated annotation based on deep 

learning methods (DeepLabCut, DLC Mathis et al., 2018), we extracted the positions of two 

body markers, as well as the tarsal tips from all video frames in these straight sequences, 

automatically determined positions and times of lift-off and touch-down events of the legs, and 

calculated walking speed and interleg coordination for all step cycles. Across individuals, the 

data set we created in this way contained more than 36,000 steps for each leg. We used 

principal components analysis (PCA) to find a compact description of this large data set and 

systematically explored correlations and the variability between leg kinematics an individual 

basis as well as across individuals. In the field of motor control, biomechanics, and kinematics 

PCA has been used to extract motor synergies in the context of cortical control of hand 

movements in monkeys (Mollazadeh et al., 2014) and joint-angle correlations of targeted 

catching movements in humans (Bockemühl et al., 2010), to detect altered kinematic profiles 

in stroke patients (Milovanović and Popović, 2012), to characterize recovery of locomotor 

function after spinal injury in mice (Takeoka et al., 2014; Takeoka and Arber, 2019), or to 

evaluate the complexity of wing kinematics in bats (Riskin et al., 2008). In Drosophila 

locomotion, PCA has been applied, for instance, to evaluate the effect of neurotoxins on a 

large number of kinematic parameters during walking (Cabrita et al., 2022). Furthermore, an 

approach mathematically related to PCA has been used to extract a set of wing movement 

patterns that allow for flight control in Drosophila (Chakraborty et al., 2015). 

Here, PCA revealed that most of the kinematic variability in our data set (approx. 80%) is 

contained in the first five PCs. We show that two subsets of these five PCs describe 

interindividually applicable dynamics of interleg coordination, on the one hand, and individual 

characteristics of walking behavior, what might be called idiosyncrasies, on the other. The first 
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subset contains two PCs which mainly capture interleg coordination-specific aspects of walking 

– how tripod-like a particular movement pattern is or the general repetitive sequence of 

alternating swing and stance movements of individual legs. In contrast, the contribution of a 

second subset of three PCs relates to how individuals differ from each other in the way they 

walk; data for different individuals occupy different regions within this PC subspace, 

highlighting interindividual differences. Simultaneously, the same flies are indistinguishable in 

the subspace related to interleg coordination, supporting the notion that these two PCs 

describe universal aspects of intra-individual variability. The importance and applicability of 

these two subsets of PCs is further substantiated by (1) relating them to a quantitative measure 

of tripod coordination strength (TCS), (2) showing that individual-specific contributions to 

walking remain constant with regard to walking speed, (3) a use case for characterizing 

changes in walking behavior induced by optogenetic inhibition of sensory structures in the legs, 

and, finally, (4) deriving a two-dimensional measure for postural adaptations. Our results 

suggest that the variability observed in walking flies is systematic and that PCA is a suitable 

approach for the quantification of and decomposition into idiosyncrasies, inter-leg coordination 

patterns, and effects of experimental interventions.  
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2.3 Materials and Methods 

2.3.1 Fly strains and husbandry 

Male flies of the wild-type strain Berlin-K (Bloomington Drosophila Stock Center (BDSC, 

#8522) were used for those experiments which formed the basis for PCA (see below). Inhibition 

experiments (see below) were performed with F1 flies resulting from crosses between iav-Gal4 

(O’Dell and Burnet, 1988) (BDSC #52273) and UAS-GtACR1 (Govorunova et al., 2015; 

Mohammad et al., 2017) (BDSC #92983). Both, the use of the wildtype strain Berlin-K as well 

as the iav-Gal4 line, are owed to the fact that we wanted to have a direct connection with the 

data and results from a previous study (Chockley et al., 2022). 

Wild-type flies were raised on 12h/12h light/dark cycle, while transgenic flies were raised in the 

dark to prevent premature activation of GtACR1 channels and potential adaptation prior to 

experiments. All flies were kept at 25°C and approximately 60% humidity on a standard food 

medium (Backhaus et al., 1984). To improve the function of GtACR1, transgenic flies had 60 

µg of all-trans-retinal in their food for at least three days prior to the experiments. All animals 

used in this study were five days old. To increase walking activity, flies were isolated and 

starved for approximately 24 hours before experiments, but had access to moist tissue paper 

during this period. 

2.3.2 Experimental setup 

The experimental setup described here is largely identical to the one used in a previous study 

(Chockley et al., 2022). However, for clarity we describe it in detail here again. The recording 

arena (Fig. 1A) consisted of an inverted glass petri dish (diameter: 60 mm) as the walking 

substrate and a watch glass (diameter: 100 mm) as the lid. This arrangement formed a closed 

chamber with a curved dome tapered towards the edge of the petri dish, similar to an inverted 

FlyBowl (Simon and Dickinson, 2010). The inner side of the watch glass was coated with 

SigmaCote (SL2, Sigma-Aldrich, St. Louis, Missouri, USA). This resulted in a hydrophobic 

surface on which flies found less grip; walking on the ceiling was thus reduced. The petri dish 
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and the watch glass were placed in a custom-made plastic holder with a cutout that allowed 

for video recordings from below (holder not shown in Fig. 1A).  
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Figure 1: Setup and data acquisition. (A) Schematic of the experimental setup. The watch 

glass covering the petri dish is not depicted. (B) Examples of the body-centered bottom view 

(left) and the camera view (right) with annotated leg tips (right legs R1 - R3, and left legs L1 - 

L3), abdomen (AT), center of the body (C) and neck (N). (C) Examples of stance trajectories 

(left) and tarsus extreme positions (right) of one walking bout after detection of lift-off and 

touch-down positions. Round markers: AEPs, square markers: PEPs. Fly silhouette (gray 

outline) for reference. 

To record flies walking on the glass substrate we used a camera (model: VC-2MC-M340, 

Vieworks, Anyang, Republic of South Korea) equipped with an object-space telecentric lens 

(focal length 55 mm, model: Computar TEC-55, CBC America, Cary, North Carolina, USA). 

The telecentric lens provided an orthographic projection, reducing image position-dependent 

changes in apparent fly posture. The camera was located on the side of the setup and its view 

was directed at the experiment chamber from below via a surface mirror tilted at an angle of 

45°. To increase video resolution the camera view was focused on a square area in the center 

of the walking substrate (30 mm side length, resolution 1000 by 1000 pixels, 33.3 pixels mm-

1). The typical body length (BL, defined as the distance between the anterior end of the head 

and the tip of the abdomen) of a fly of approximately 2 mm corresponded therefore to 65 - 70 

pixels; this was sufficient to image all body parts annotated during analysis with sufficient 

accuracy, particularly the tarsal tips (Fig. 1B, left). The scene was illuminated with 60 infrared 

(IR) LEDs (wavelength: 890 nm, opening angle: 20°) arranged in a concentric ring around the 

chamber. Light from these LEDs was emitted mainly parallel to the arena surface. Thus, only 

the fly reflected any appreciable amount of light, resulting in a strong contrast between it and 

the background (see Fig. 1B). Since ambient light during experiments was generally low, flies 

walked largely in the dark. However, contrast was further enhanced by adding a visible-light 

filter (upper cut-off frequency 790 nm) to the camera’s lens, eliminating any remaining ambient 

light from the room or optogenetic inhibition (see below). Video data was acquired at 200 Hz 

and a shutter time of 400 µs; this low shutter time prevented motion blur and ensured 

detectability of the leg tips even during very fast movements. Acquisition of individual video 

frames during this shutter time and IR illumination were synchronized with a pulse generator. 

For inhibition experiments (see below) we added a second LED ring around the chamber. This 
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ring consisted of 60 green LEDs (wavelength: 525 nm) whose light was directed at the 

recording chamber. These LEDs could be switched on and off programmatically during an 

ongoing experiment via a multi-function I/O device (USB-6001, National Instruments 

Corporation, Austin, TX). The experimental setup was custom-designed and built (Electronics 

workshop, Department of Animal Physiology, University of Cologne). 

2.3.3 Behavioral experiments 

Prior to an experiment, single flies were aspirated into a tube and then transferred into the 

arena; no CO2 was used for this step. Flies were then allowed to acclimate to the setup for 5 

minutes prior to the start of video acquisition. The total duration of an experiment was up to 3 

hours. During this time, flies walked spontaneously in the chamber and frequently crossed the 

capture area. For the complete duration of an experiment, video data was acquired 

continuously and the last 1000 frames (equivalent to 5 seconds) were stored in a ring buffer. 

Custom-written software functions evaluated the recorded frames in real-time and determined 

if the fly was present in a particular video frame and if it had produced a continuous walking 

track with a minimum length of 3 BL and a minimum walking speed of 2 BL s-1. Once the fly 

had produced such a track and then stopped or left the capture area the contents of the frame 

buffer were committed to storage as a valid trial. After this, acquisition automatically started 

anew. Note, that at this time no additional selection criteria (such as curvature or walking 

speeds, for instance) were applied to determine validity of a trial. The set of videos acquired in 

this way merely served as a large and relatively unconstrained initial set of walking behavior 

(see next section on further criteria for data inclusion). 

The inhibition experiments with iav-Gal4>UAS-GtACR1 used for evaluation of the descriptive 

power of PCA (see below) were performed in the same setup. Technically, these experiments 

are a replication of those conducted in one of our previous studies (Chockley et al., 2022, see 

their Fig. 3). In this previous study, we confirmed that the wildtype strain Berlin-K used in the 

present study did not show strong changes in leg kinematics simply due to exposure to green 

light (Fig. S2 in Chockley et al., 2022). We therefore restricted our inhibition experiments in the 
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present study to iav-Gal4>UAS-GtACR1 and extended the experiments as follows. Flies in the 

inhibition experiments either walked in the dark (wild-type control condition) or under green-

light illumination (inhibition condition). Trials in the dark and in the light were alternated; once 

the fly had produced a trial in the dark, the green-light illumination was switched on and the 

system was primed to record the next trial. If the fly did not produce a valid trial within the first 

60 seconds of the green-light condition, the light was switched off and data acquisition was 

suspended for 30 seconds to prevent adaptation to the inhibition and potentially harmful effects 

of prolonged exposure to the green light. After this cooldown period, the green light was 

switched on again, and data acquisition was resumed. Once a trial had eventually been 

recorded in the inhibition condition, the light was switched off again and the process was 

repeated. Data from these inhibition experiments were sorted into control trials (recorded in 

the dark) and inhibition trials (recorded during green-light illumination). Video acquisition, 

online data evaluation during experiments, and high-level hardware control were implemented 

with custom-written software in MATLAB (2018b, The Mathworks, Natick, Massachusetts, 

USA). 

2.3.4 Processing of video data 

Because curve walking has a strong influence on leg kinematics in insects (Dürr and Ebeling, 

2005; Gruhn et al., 2008; Jander, 1985) we initially restricted our analyses to straight walking. 

Instances of this in the complete set of walking trials (see previous section) were detected with 

custom-written algorithms, whose parameters were determined empirically (see 

Supplementary Material). Only segments of video data associated with straight walking were 

extracted from valid trials. In each video frame of these segments eight different body parts 

(the tarsal tips of all legs, the neck, and the posterior tip of the abdomen) were detected with 

DeepLabCut (DLC, Mathis et al., 2018, Fig. 1B). To improve robustness of DLC we first 

detected the general position of the fly within a video frame using a threshold operation, 

conversion to a binary image, and, finally, calculation of the centroid of the largest contiguous 

region of white pixels (which corresponded to the fly). Using this position, we then cropped the 
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fly from the video. With these cropped and fly-centered views we used three different instances 

of DLC in a two-step analysis. The first step was to detect the neck and abdomen of the fly. 

These positions were used to define a fly-centric coordinate system (Fig. 1C); all data 

presented in this study (apart from the identification of swing and stance phases) are based 

on these body-centric coordinates. The positions of all body parts were then normalized to 

each fly’s body length to allow for body size-independent comparisons between flies. We also 

used the neck and abdomen positions to rotate the cropped views and align the fly’s 

longitudinal axis vertically. These cropped and rotated data were then used in the second DLC 

analysis, in which the tarsal tips of each body side were detected by two independently-trained 

instances of DLC, one for the left and one for the right legs. In general, DLC performance was 

very good; to ensure highest accuracy, however, we also visually inspected all automatically 

generated annotations for errors and corrected these manually, where necessary.  

Swing and stance phases of all legs were determined automatically based on the respective 

speeds at which tarsal tips moved in an arena-centric coordinate system: whenever a tarsus 

is stationary in this coordinate system, i.e. it co-moves with the ground, we assumed the leg to 

be in stance phase (Fig. 1B, right). Conversely, movements of more than 1.5 pixels per frame 

were empirically defined as swing phase activity (see also Supplementary Material). A 

transition between stance and swing phase was defined as lift-off event. The last position of 

the tarsal tip on the ground before lift-off was defined as the posterior extreme position (PEP) 

for that step (Fig. 1C, right). Conversely, a transition between swing and stance phase was 

defined as touch-down event; the first tarsal position with ground contact associated with this 

event was identified as the anterior extreme position (AEP) (Fig. 1C, right). The time of onset 

of a particular step was defined as its lift-off, and a complete step of a leg was defined as its 

movement between two consecutive lift-off events, i.e. a swing phase followed by a stance 

phase. In contrast to steps of individual legs, step cycles (SCs) were defined as follows: start 

and end of an SC were determined by the respective step of the right middle leg, which was 

selected arbitrarily for this purpose. All six tarsal tip positions for this interval comprised the 

data of one SC. Since the stepping period of the six legs in straight walking flies is almost 
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identical and constant for small time windows, each leg completes its own cycle during an SC, 

although they all start and end at individual positions and phases, respectively. In other words, 

all six leg tip positions at the beginning and the end of an SC are usually highly similar, not just 

for the reference leg. 

The walking speed associated with a step or an SC was defined as the average walking speed 

of the animal between on- and offset and was used to allow for the selection of steps and SCs 

within a certain range of walking speeds for analysis. The main body of data used in the present 

study was based on steps and SCs whose associated walking speed was between 5 and 7 BL 

s-1 (see Fig. S1 for all speed ranges of all individuals). Initially, we restricted the range of 

walking speeds in this way to facilitate comparability between individuals. Furthermore, 

previous studies have shown that walking speed has a strong and systematic influence on 

many of the kinematic parameters investigated here (Mendes et al., 2013; Strauß and 

Heisenberg, 1990; Wosnitza et al., 2012); this general influence might have an unwanted effect 

on the initial analysis if individuals walk at different preferred speeds. However, for a later 

analysis we expanded the range of walking speeds to lower and higher speeds (see below). 

2.3.5 Principal component analysis (PCA) 

PCA is a tool for dimensionality reduction and can be used to find linear correlations of multiple 

parameters in high-dimensional data sets. Mathematically, calculating PCA is identical to 

finding the eigenvectors and eigenvalues of a data set’s covariance matrix (Manly and Alberto, 

2019). The principal components (PCs) form a new coordinate system that is aligned with the 

directions of highest variability in the data set. Importantly, PCs are ordered according to their 

relevance, i.e. the relative amount of variance they describe. 

To evaluate whether a given PC describes a fraction of variability that is meaningful, i.e. larger 

than what would be expected by chance, a reference data matrix can be constructed that 

contains the original data but in which the columns (corresponding to the individual variables) 

are randomly and independently permuted. This removes any correlations between rows 

(individual observations). Repeating the PCA for this randomized data set will give eigenvalues 
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for each PC that can serve as reference levels whose values need to be exceeded for a PC of 

the original data to be identified as meaningful.  

We applied PCA to the positions of all six leg tips during SCs for 88 individual flies. 30 SCs 

between 5 and 7 BL s-1 for each of these 88 flies were used as the basis for PCA. Resampling 

and interpolation were used to acquire exactly 100 postures for each SC in the analysis, 

resulting in matrices of 3000-by-12 data points per fly, with each row representing x and y-

coordinates of the six leg tips and a total of 30 (SCs) times 100 (normalized number of data 

points per cycle) rows. The final data matrix for PCA comprising data from all flies contained 

2,640 SCs, represented by 264,000 data points with 12 parameters each. Prior to the analysis, 

each column (equivalent to one parameter) was standardized to a mean of 0 and unit variance 

(equivalent to z-scores). PCA was carried out on this standardized matrix in MATLAB 2018b 

(function pca.m). To establish reference levels for meaningful contributions of PCs, we used 

the same data in a randomized second PCA as outlined above. 

Here, PCs describe spatial covariations of the positions of all six tarsal tips and can readily be 

interpreted as movements of the tarsal positions when multiplied by a non-zero factor. Using 

this fact, individual PCs were visualized by varying their values systematically from minus 2 to 

plus 2 of their respective standard deviations before transferring the data back into the original 

parameter space. The resulting positional changes are depicted as arrows to indicate the 

direction of covariation. In mathematical terms, these arrows correspond to the loadings of 

each PC. For subsequent data analysis, the original data was transformed either in its entirety 

(264,000-by-12 matrix) or on a per-fly basis (3000-by-12) into the new coordinate system 

established by the PCs. In the context of PCA, these transformed data are typically also 

referred to as scores. 

2.3.6 PCs and tripod coordination strength (TCS) 

The fraction of variability described by a PC for one complete cycle of both tripod groups was 

compared to the respective coordination pattern. Tripod coordination strength (TCS), as used 

in previous studies (e.g. Ramdya et al., 2017; Wahl et al., 2015; Wosnitza et al., 2012), was 
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used to quantify the synchronicity of the swing activity in the two tripod groups. TCS was 

calculated as follows: for each tripod group (a set of ipsilateral front and hind legs and the 

contralateral middle leg), the time in which all three legs were simultaneously in swing phase 

was divided by the time from the earliest swing onset to the latest swing termination in any of 

these three legs. Hence, a perfect overlap of all three swing phases resulted in a maximal TCS 

value of 1 and would correspond to canonical tripod coordination. The minimal TCS value of 0 

was assigned in cases of no overlap between swing phases in a tripod group. The TCS values 

of the tripod groups were averaged and the fractions of variability described by each principal 

component for all positions during the movements of these two tripod groups were calculated. 

This was achieved by transferring all leg tip positions in this respective time frame into the 

principal component space and measuring the fraction of variability described by each PC. 

2.3.7 Analysis of different walking speeds and time of recording 

To test how the results of our PCA analysis change for different walking speeds we selected a 

lower (2 to 4 BL s-1) and a higher (8 to 10 BL s-1) speed range and transformed data from these 

speed ranges into the PC space we established for 5 to 7 BL s-1. We only allowed flies with 30 

or more steps in a given speed range to be part of the analyses. Both additional data sets 

contained flies which had not been part of the data set of 5 to 7 BL s-1 and vice versa. For all 

three datasets we calculated the fraction of relative variability described by each principal 

component. In addition, we compared how the walking behavior of all individual flies changed 

with walking speeds in the dimensions of PCs 1 to 5 regarding their mean positions and 

standard deviations. A similar approach was taken with regard to the time a particular trial took 

place during an experiment (early vs. late trials, for more detailed methods and results see 

Supplementary Information). 

2.3.8 Evaluation experiments 

To test the suitability of the PCA based approach for the description and analysis of 

idiosyncrasies in Drosophila walking behavior we used an optogenetic approach. For this, the 

Gal4-UAS-system was used to express GtACR1, an anion-selective channelrhodopsin, in a 
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group of mechanosensory neurons in the legs. When activated optogenetically with green light, 

GtACR1 inhibits neurons expressing it (Govorunova et al., 2015; Mohammad et al., 2017). We 

used the transgenic iav-Gal4 line (O’Dell and Burnet, 1988) to target all chordotonal organs, 

including the femoral chordotonal organ (fCO), the largest sensory organ in the fly’s legs. The 

resulting transgenic flies have previously been shown to exhibit a systematic and noticeable 

phenotype in walking behavior in an inhibition paradigm (Chockley et al., 2022). In contrast, 

wildtype control flies in that study (wildtype Berlin-K crossed to UAS-GtACR1) did not show a 

strong phenotype during phases of illumination with green light (see Supplementary Figure S2 

in Chockley et al., 2022). Replicating this previous study, flies walked spontaneously in the 

arena, initially in the dark (control condition, identical to the way in which the main data set in 

the present study was collected). Once a fly had produced a valid trial, the green-light 

illumination was switched on (inhibition condition). After a valid trial was produced in the 

inhibition condition, the green-light illumination was switched off again; conditions were 

alternated in this way for the duration of the experiment. 

We used these data to evaluate whether we can detect the known and strong fCO inhibition-

specific effects in the PCA approach explored here and whether we could distinguish them 

reliably from putatively smaller stochastic effects based on general variability in walking 

behavior (these exist even between two randomly chosen samples from a larger data set). For 

this, a minimum of 30 SCs each for dark (control) and light condition (inhibition) for individual 

flies was compared regarding the mean tarsal trajectories and the shift observed in the 

respective mean positions in PCs 2, 4, and 5. We tested the observed effect size for 

significance by comparing it to a bootstrap analysis performed on our original wildtype data set 

we established earlier for the speed range of 5 to 7 BL s-1: for 14 individual flies we randomly 

selected two unique sets of 30 SCs each and compared these two sets with each other in the 

same way, we compared the two conditions (control and inhibition) for the transgenic flies.  
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2.3.9 Symmetry axis in subspace of PCs 2, 4, and 5 

The evidence that PCs 2, 4, and 5 describe interindividual differences in leg kinematics and 

posture (see Results section) suggests that these PCs describe more general differences in 

the mean posture of individual flies. Among other aspects, this might refer to how sprawled the 

posture of an animal is or individual-specific distances between AEPs and PEPs, for instance. 

To give a comprehensible example, we systematically searched for an axis in the subspace of 

PCs 2, 4, and 5 along which the posture changes symmetrically with respect to the left and 

right body side. This axis was supposed to go through the center of the three-dimensional 

subspace and respective postures were calculated from -5 to +5 times the standard deviation. 

Symmetry was measured by calculating the RMSE between contralateral leg-pairs after 

projecting the positions of one body side to the other. The axis with the highest symmetry 

scores and the respective postures are shown in Figure 7.  
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2.4 Results 

We recorded 103 male flies of the wild-type strain Berlin-K with a total of 36,942 straight 

walking step cycles (SCs) with a median of 242 SCs per fly with 10% and 90% percentiles of 

93.8 and 841 SCs, respectively (min: 28; max: 1717). 88 flies yielded 30 or more SCs within 

the speed range of 5 to 7 BL s-1 targeted in our analysis and thus were included in the PCA 

(for details see Supp. Fig. S1). Restriction to this speed range was important, because many 

parameters of walking, like duty cycle, stepping frequency, step amplitude, or phase 

relationships, change systematically with walking speed. During evaluation experiments, we 

recorded 28 flies resulting from crosses between iav-Gal4 and UAS-GtACR1. They performed 

a total of 9,694 SCs in the control and inhibition condition with a median of 279.5 SCs per fly 

with 10% and 90% percentiles of 108.9 and 726.6 SCs, respectively (min: 43; max: 918). 14 

of these flies produced 30 or more SCs within the speed range of 5 to 7 BL s-1 for both 

conditions and were included in the analysis.  

2.4.1 Flies walk in an idiosyncratic manner 

Despite being all male, of identical age, from the same highly interbred wildtype strain, and 

tested under identical conditions, the flies analyzed here showed idiosyncrasies which are 

already apparent in qualitative inspection. To first illustrate these qualitative aspects and give 

a first exemplary impression of these idiosyncrasies that we would like to investigate further, 

Figure 2 shows AEPs and PEPs (Fig. 2Ai - Aiii) as well as leg tip trajectories (Fig. 2Bi - Biii) of 

three exemplary flies over the course of three individual walking bouts. Several distinguishing 

kinematic characteristics can be identified, such as (1) the overall width of the complete posture 

or leg pairs (compare Fig. 2Bi and Biii, for instance), (2) the straightness and shape of tarsal 

trajectories, or (3) left-right symmetry. Qualitatively, it is also evident that intra-individual step-

to-step (e.g. distance between AEPs and PEPs in one leg) variability is lower as compared to 

interindividual variability (i.e. difference in posture or asymmetries between Fig. 2Bi and Biii). 

These observations show that flies indeed walked idiosyncratically.  
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Figure 2: Qualitative inspection shows flies walk in an idiosyncratic manner. Here, 

interindividual variability of leg kinematics in three exemplary individuals is shown Sub-indices 

i to iii refer to three different animals, respectively; each column is a different fly. (A) Anterior 

and posterior extreme positions (AEPs and PEPs) of single walking bouts for three exemplary 

flies. Round markers: AEPs, square markers: PEPs. (B) Complete tarsal tip trajectories of the 

same walking bouts and flies as in A. Leg color coding: red = L1; green = L2; blue = L3; orange 

= R1; teal = R2; magenta = R3. These three flies are also referenced as exemplary flies in Fig. 

5 and Fig. 7. 

2.4.2 PCA detects significant correlations of leg tip positions  

We used PCA to characterize linear covariations of leg tip movements. Such covariations have 

either a systematic biological basis or are random fluctuations. Here, the fraction of variability 

described by each PC for the randomized data set approximated the inverse of the number of 

dimensions (~8.33%). In contrast, fractions of variability described by PCs 1 to 5 for the original 

and unpermuted data set exceeded this reference value, accounting for more variability than 

expected for randomized data (Fig. 3A) and described a cumulative ~78% of the variability. 

For further analyses we therefore focused on these first five PCs. 
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Figure 3: PCA finds significant correlations of leg tip positions. (A) Fractions of variability in 

leg tip kinematics described by each principal component. Filled blue bars: results based on 

PCA on the data set acquired in this study (number of flies: 88, number of steps per fly: 30). 

Gray open bars: results for the same, but randomly permuted data set (see results section). 

PCs 1 to 5 exceed the described variability expected based on the permuted data set 

(respective percentages shown at the bars). (B) to (F) Visualization of covariation of tarsal tip 

kinematics captured by PCs 1 to 5, respectively. White dots on arrows depict the mean 

positions of all data points in the analysis. Arrow directions indicate the directions for a 

particular PC. Arrow lengths (magnitude) equal twice the standard deviation. As such, the 

contribution of each PC to the positioning of individual leg tips can be directly compared. C: 

center of the body. Leg color coding: red = L1; green = L2; blue = L3; orange = R1; teal = R2; 

magenta = R3. 

Here, each PC’s loadings intuitively describe how 2D positions of the tarsal tips covary. This 

covariation can be a result of active leg movements during walking, i.e. protractions and 

retractions. Covariation in the two front legs, for instance, can be expected, because during 
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anterograde movement of one front leg the other one generally moves posterograde. Further 

covariation is based on general postural difference between individuals; how sprawled an 

individual’s posture is, for instance, will affect its six legs fairly evenly and will be detected as 

positional covariation that describes the distance of the tarsi from the body. Individual PCs (i.e. 

their loadings) can be visualized as arrows to facilitate the comparison of the direction and 

magnitude (according to the amount of described variability) of covariations (Fig. 3B - F). PC 

1 (30.9% described variability, Fig. 3B) captured the counter-directed anterograde and 

posterograde movements of neighboring legs, either ipsilaterally or contralaterally, and 

probably comprised the major component of forward locomotion. This PC suggestively groups 

the six legs into two groups (R1, R3, and L2, as well as L1, L3, and R2, respectively). The 

positions of legs in each of these two groups covary in the same direction and with the same 

magnitude, while the two groups have movement directions that are exactly in opposite 

direction. We hypothesize that this covariation corresponds to an idealized tripod movement. 

However, the first PC described less than a third of the dynamics occurring in the leg tips. PCs 

2 (14.7%) and 5 (9.5%) show shifts that are mirror symmetric along the longitudinal body axis 

for all three leg pairs. The directions of these covariations indicate that PCs 2 and 5 might 

describe interindividual differences in overall postural width (Fig. 2 Ai and Aiii, for instance). 

PC 3 (12%) showed anterograde and posterograde directions of covariation for the front and 

hind legs (Fig. 3D). Here, however, the sign of covariation is negative on both body sides as 

compared to PC 1, and the middle legs do not display a comparable covariation in the direction 

of movement. Interestingly, in the context of interleg coordination, PC 3 would allow for a 

dissociation from the hypothesized strict tripod coordination as defined by PC 1 (but see next 

section for further elaboration). PC 4 (11%) only exhibits asymmetric covariations, mainly 

shifting the overall positions of legs left and right; this is most pronounced in the front legs. 

While particularly this left and right covariation of the front legs in PC 4 (and to some extent of 

the other legs in PCs 2 and 5) intuitively gives the impression of curve walking, we found it to 

be an actual asymmetry between individuals which mainly resulted from differences in mean 

posture between flies and not from curve walking (compare front leg positions of fly 1 and 3 in 
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Fig. 2 Ai and Aiii). Supplementary Fig. S2 shows quantitatively that flies that scored high or low 

on PCs 2, 4, or 5 did not produce reliable curve walking in either direction. Furthermore, we 

could not detect a strong relationship between the scores of PCs 2, 4, and 5 in a particular SC 

and the curvatures that were associated with that SC (Suppl. Fig. S3A to C). The same holds 

for the relationship between curve walking and PCs 1 and 3, respectively (Suppl. Fig. S3D and 

E). Taken together, these interpretations of the loadings of PCs 1 to 5 tentatively suggest that 

these might describe aspects of interleg coordination (PCs 1 and 3), and posture (PCs 2, 4, 

and 5). In the following analyses, we present further evidence for this hypothesis. 

2.4.3 TCS reveals the relevance of PCs 1 and 3 for interleg coordination 

Using TCS as a measure for how tripod-like a stepping sequence is, we tested for correlations 

between inter-leg coordination patterns and scores of individual PCs. Insects use a speed-

dependent continuum of interleg coordination patterns (Szczecinski et al., 2018; Wosnitza et 

al., 2012). High walking speeds are associated with the so-called tripod coordination, slower 

walking speeds effect coordination that deviates from tripod coordination (Szczecinski et al., 

2018). Canonical tripod coordination (rarely observed in its ideal form) thereby corresponds to 

anti-phasic activity of two tripod leg groups (sets of ipsilateral front and hind legs and the 

contralateral middle leg). In this context, TCS is a single value that describes the similarity 

between a particular coordination pattern and ideal tripod coordination (see Wahl et al., 2015 

and Wosnitza et al., 2012). We used TCS to test whether covariations described by PCs were 

indeed correlated with certain coordination patterns. We first calculated TCS for all instances 

in which complete leg cycles of a particular tripod group were available. Then, where possible, 

we averaged the TCS values of two subsequent tripod cycles, effectively extending the TCS 

definition from single tripod groups to all six legs. The values calculated this way contained 

steps from the complete data set of 88 flies (all walking speeds) and yielded 30,216 instances 

of two complete and subsequent tripod cycles (Fig. 4A). The distribution of TCS values 

generally reflected the distribution of walking speeds; TCS values were predominantly found 
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in the range between 0.5 and 0.75 and are associated with walking speeds around 6 BL s-1 

(see Fig. S1A and B). 

 

Figure 4: TCS reveals the relevance of PCs 1 (B) and 3 (D) for interleg coordination. (A) 

Histogram of TCS values for all steps of all flies in the analysis pool (n = 30,216). Note, that 

the majority of steps have TCS values in the range of 0.5 to 0.75; this is largely due to the fact 
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that these TCS values are associated with walking speeds of around 6 BL s-1. A majority of 

flies tend to produce walking behavior at this speed (Suppl. Fig. 1A and B). (B) to (F): TCS 

values plotted against described variability of PCs 1 to 5. TCS was calculated for consecutive 

cycles of both tripod groups. Scores for PCs 1 to 5 were determined by transferring the tarsal 

tip positions of respective steps into the PC space and calculating the relative described 

variability for each PC and each cycle. The higher the TCS the more tripod-like a particular 

cycle is.  

Leg tip positions within the respective interval were mapped into PC space and relative 

fractions of variability described by each PC for this subset of data were calculated. The 

fraction of variability described by PC 1 was found to be strongly positively correlated with TCS 

(Fig. 4B). Conversely, the described variance of PCs 2, 4, and 5 did not show a clear correlation 

with the respective TCS values (Fig. 4C, E, and F). PC 3 was negatively correlated with the 

TCS values, but this was less pronounced as compared to PC 1 (Fig. 4D). Taken together, 

these results suggest that PCs 1 and 3 describe a substantial part of the dynamic and 

coordination-related aspects of walking behavior. In contrast, PCs 2, 4, and 5 seem to describe 

features that are independent of these dynamic aspects; we explore their relevance in greater 

detail in the following sections. 

2.4.4 PCs 2, 4, and 5 describe interindividual kinematic differences 

Individual flies can be compared in subspaces spanned by the first five PCs to check whether 

interindividual differences of fly walking behavior are described by these PCs. To do this, and 

as a first step, we plotted data from five exemplary flies in 2-dimensional PC subspaces (Fig. 

5A - D), either spanned by pairs of PCs 2, 4, and 5 (Fig. 5A - C) or PCs 1 and 3 (Fig. 5D).  
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Figure 5: PCs 2, 4, and 5 describe interindividual differences of leg kinematics. Subspaces 

spanned by (A) PCs 2 and 4, (B) PCs 2 and 5, (C) PCs 4 and 5, (D) PCs 1 and 3. Individual 

colors correspond to individual flies. Each dot represents a fly’s posture at a given time, 

selected randomly from the data which contributed to the analysis (n = 400 per fly). Note the 

difference between the distributions in A to C as compared to D. Also note the systematic 

elliptic shape of the distribution (see Movies M2 and M3). (E) Boxplots indicating the 

distributions of scores of the five flies in A to D (same color code) for the first five PCs. Flies 1, 

2, and 3 refer to the data of the exemplary flies presented in Fig. 2. The data for flies 4 and 5 

have been added to further populate and exemplify the subspaces in A to D. See 

Supplementary Figure S6 panels ii for summarized data of all flies (n = 88) and Movie M1 for 

an animation of a plot of all data, analogous to panels A to D in this figure. (F) Mean distance 

of each fly to all other flies along the dimensions of the first five PCs. Flies 1 to 5 are color 

coded in the same way as for panels A to E. Mean values for each PC are depicted as vertical 

lines. Note that flies cluster more in PCs 1 and 3, indicating higher similarity in these PCs (see 

also Fig. S9D). 
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The subspaces spanned by PCs 2, 4, and 5 show relatively clear separations between flies, 

while in PCs 1 and 3 (Fig. 5D) the data largely overlap (for the complete data set of 88 flies 

see Suppl. Movie M1). Interestingly, data plotted in Figure 5D forms an elliptic ring around the 

origin, indicating that they describe fundamentally different aspects of walking. We found that 

over the course of a SC the postural representation in this 2D subspace spanned by PCs 1 

and 3 cycles the origin once (Movies M2 and M3). The dimensions of this ring were largely 

invariant for individuals, but depended on interleg coordination. Figure 5E confirms that all five 

flies had individual signatures regarding their scores for PCs 2, 4, and 5, while scores for PC 

1 and 3 were comparatively similar (median values for PC 1 and 3 were approx. zero for these 

flies). Extending this analysis to the complete data set (Movie M1), we find that the average 

distances between flies in the dimensions defined by the five PCs is larger in PCs 2, 4, and 5 

than in PCs 1 and 3 (Fig. 5F). These results demonstrate that PCs 2, 4, and 5 describe some 

of the inter-individual differences, while the absence of separation in the subspace spanned 

by PCs 1 and 3 shows that these describes features that are largely invariant between 

individuals (such as interleg coordination or the basic movement of legs). 

2.4.5 Influence of walking speed and recording time 

To investigate how walking speed affects aspects of interleg coordination and idiosyncrasies 

of walking we analyzed additional subsets of data from different speed ranges in the original 

PC space. We selected the range between 2 and 4 BL s-1 and 8 and 10 BL s-1, to extend the 

analysis to slower and faster walking speeds, respectively. Because fewer steps were 

recorded for these speeds (see also Fig. S1A and B), fewer flies were included in these 

analyses; several of these flies had not been part of the original PCA. Nevertheless, for the 

lower speed range we found 23 flies and for higher range we found 43 flies with 30 or more 

steps. Supplementary Figure S5 shows how described variability changed for the lower (Fig. 

6A) and higher (Fig. 6C) ranges of walking speeds compared to the original speed range (Fig. 

6B, also compare Fig. 3A). The fraction of described variability of PC 1 strongly increases by 

approx. 21% from the low to the high speed range, while PC 3 increases by approx. 3.4%. In 
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contrast, fractions of described variability for all other PCs decreased, resulting in the 

accumulation of described variability in PC 1 and PC 3. This accumulation of PCs 1 and 3 and 

the reduction in PCs 2, 4, and 5 suggests that the overall variability of the flies’ walking behavior 

decreased with increasing walking speeds. 
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Figure 6: Data distribution of flies for three different speed ranges in the subspaces defined 

by PCs 1 to 5. Instead of individual data points, like in Fig. 5A-D, all data points are depicted 
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here in the form of ellipses that describe the bivariate distribution of the underlying data set for 

each fly (0.3 times the standard deviation). First column: 2 to 4 BL s-1, n = 23 flies. Second 

column: 5 to 7 BL s-1, n = 88 flies. Third column: 8 to 10 BL s-1, n = 43 flies. (A) Subspace of 

PCs 2 and 4, corresponding to Fig. 5A. (B) Subspace of PCs 2 and 5, corresponding Fig. 5B. 

(C) Subspace of PCs 4 and 5, corresponding to Fig. 5C. (D) Subspace of PCs 1 and 3, 

corresponding Fig. 5D. Note, that the spread of the data in D (PCs 1 and 3) is much smaller 

than in A to C and that most flies occupy the same position in this subspace (also compare 

Fig. 5D and S5). The changes in mean positions of flies for different walking speeds are 

depicted in Suppl. Figure S5. 

If idiosyncrasies are constant and can be described by PCs 2, 4, and 5, as we hypothesize 

here, flies should vary strongly with respect to each other in this space but should keep their 

individual positions when walking speed changes. To investigate this, we characterized the 

average positions and distributions of all individual flies in PC space separately for all three 

speed ranges and how their positions changed between speeds (Fig. 6). Analogously to the 

exemplary flies in Figure 5, the complete population of flies varies strongly in the space 

spanned by PCs 2, 4, and 5; this is true for the original speed range (Fig. 6Aii to Cii), as well 

as for the lower (Fig. 6Aii to Cii) and higher range (Fig. 6 Aiii to Ciii), supporting the notion that 

idiosyncratic aspects of walking are mainly described by these PCs, even when considering 

different speeds. In combination, Figure 6A to C show that most flies can be distinguished from 

others in their position with regard to at least one of these three PCs. In contrast, the data for 

individual flies overlap strongly in the space spanned by PCs 1 and 3 (Fig. 6D); at the same 

time, each individual fly’s data distribution (ellipses in Fig. 6) increases in the direction of PC 1 

with walking speed, suggesting an increase in importance of this PC hypothesized to be 

reflective of tripod coordination. With increasing walking speed, the average distance from any 

fly to all others in the subspace of PCs 2, 4, and 5 decreases from 1.87 to 1.75 to 1.54 (also 

compare Fig. 5F). In the subspace of PCs 1 and 3 we measured average distances of 0.51, 

0.47, and 0.49, respectively. Not only are the average distances between flies generally much 

larger for PCs 2, 4, and 5 as compared to PCs 1 and 3, they are also more strongly affected 

by increasing walking speeds. Most importantly here, however, is the relative constancy of 

positions in the space of PCs 2, 4, and 5 (see Fig. 6 for absolute positions and Suppl. Fig. S6 
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for shifts). This indicates that the kinematics described by these PCs largely remain constant 

for an individual, even when that individual changes its walking speed. Together with the clear 

identifiability of individuals in this space, this suggests that these PCs indeed describe 

individual aspects of walking that are independent of walking speed. 

2.4.6 Optogenetic inhibition demonstrates the descriptive potential of PCs 

An optogenetic inhibition experiment was performed to evaluate the potential of PCs 2, 4, and 

5 to describe systematic differences in posture and leg positioning. We crossed the iav-Gal4 

driver line with UAS-GtACR1. The resulting F1 generation expressed the inhibitory 

channelrhodopsin GtACR1 in the neurons of chordotonal organs, including the femoral 

chordotonal organ (fCO). Previous experiments have shown that inhibiting these sensory 

structures causes systematic changes in walking kinematics (Chockley et al., 2022). Here, we 

used these expected changes to test if they can be detected within the subspace spanned by 

PCs 2, 4, and 5. We focused on this particular PC subspace because the changes due to 

inhibition of the fCOs during walking were found to be largely postural (Chockley et al., 2022) 

and, as we have shown in the preceding analyses (Figs. 4, 5, and 6), this subspace seems to 

capture postural changes well. 
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Figure 7: An optogenetic inhibition experiment demonstrates the descriptive potential of PCs. 

(A) 2-D representations of the inhibition effect in subspaces spanned by combinations of PCs 

2, 4, and 5 (steps in dark: blue; steps in green light (fCO inhibited): green). Red lines connect 

mean positions of individual flies in the two conditions. (B) Vector amplitudes (i.e. effect size) 

of the inhibition experiments and the bootstrap analysis plotted against the RMSE of the leg 

tip trajectories. Teal dots depict results for the bootstrap analysis, orange dots for inhibition 

experiments. Red, green, and blue dots indicate the RMSE for front-, middle-, and hind legs. 

(C) 3-D representation of the inhibition effect (green) relative to the control condition (blue). 

For clarity, control conditions were set to the origin. 

Due to the alternating darkness-light paradigm (see Methods), each individual fly produced 

trials in the dark (corresponding to wildtype condition) as well as during green-light illumination 

(corresponding to inhibition); each fly therefore served as its own control. For each fly with 

more than 30 steps in the control (dark) and the inhibition condition (light), the mean positions 

for both conditions were analyzed in the subspace spanned by PCs 2, 4, and 5 (Fig. 7A). The 

length of the vector describing the difference between dark and light condition was compared 
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to a bootstrap analysis. For this, two sets of 30 steps each were randomly drawn from single 

flies of the original data set and plotted in the same way as the data from the inhibition 

experiments (Fig. 7B). The results for the inhibition experiments show no strong preference for 

shift directions for PCs 2 and 4, but a clear and consistent shift towards more positive values 

for PC 5 (Fig. 7Ai - Aiii). In contrast, the bootstrap analysis expectedly resulted in more random 

shift directions whose magnitude was also smaller. The mean effect sizes measured for PCs 

2, 4, and 5 (i.e. vector lengths) were plotted against the observed differences in the mean leg 

tip trajectories between control and inhibition, expressed as root mean squared error (RMSE), 

showing a positive correlation (Fig. 7Bi); the stronger the difference between control and 

inhibition on the level of leg tip kinematics, the larger the shift in PC space was. The difference 

in RMSE is mainly driven by the middle legs (green dots), matching the effect described by 

(Chockley et al., 2022). Figure 7Bii depicts the vector lengths for the inhibition experiments 

and the bootstrap analysis, showing that effect size was much larger on average for the 

inhibition experiments. PC 2 shows shifts to more negative values for 10 individuals, but also 

four in the opposite direction, although with much smaller amplitudes. PC 4 shows even smaller 

and less consistent effects, likely because the inhibition of fCOs affected both body sides 

equally while PC 4 describes only asymmetric covariations (Fig. 3E). However, the clear and 

consistent shifts from dark to light condition in PC 5 demonstrate that PCs in general can be 

used to compare and quantify effects and their magnitude in a reduced number of dimensions. 

2.4.7 A symmetry axis demonstrates how individual postures are encoded in PCs 2, 4, 

and 5 

To further explore which interindividual differences might be encoded by PCs 2, 4, and 5, we 

systematically searched for an axis in this PC subspace that reflected symmetric postural 

changes with regard to the longitudinal axis of the body. We found an axis which described the 

mean distance of the leg tips to the fly body (Fig. 8Aii).  
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Figure 8: A symmetry axis demonstrates how individual postures are encoded in PCs 2, 4, 

and 5. (A) Leg tip trajectories for different points on the (B) symmetry axis in the subspace of 

PCs 2, 4, and 5 describing systematic differences in postural width shown in (A). Color code 

in A corresponds to color shading along the axis in B and is additionally shown in the form of 

a gradient bar on the right side of panel A. Orange dots in B depict the mean positions of flies 

1, 2, and 3 introduced in Fig. 2 and also referenced in Fig. 5. Gray: projections of the three-

dimensional sequence of explored combinations into two-dimensional subspaces spanned by 

PCs 2 and 5 as well as PCs 4 and 5, respectively. 
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The contribution of PC 4 was very weak, which is not surprising since we searched for highest 

symmetry and PC 4 describes asymmetric covariations. Interestingly, flies 1 to 3, (referred to 

in Figs. 2 and 5), are close to the symmetry axis and the qualitative differences in their 

postures, which mainly involved how sprawled these flies walked, are represented well in the 

artificial postures shown in Figure 8Ai. PC 4, on the other hand, seems to describe less 

symmetric differences between individuals as presented for fly 4 in Figure 5. To additionally 

demonstrate how PCs 2, 4, and 5 might describe differences in postures, we constructed an 

axis that was perpendicular to that shown in Figure 8Aii. The resulting axis was still mainly co-

planar with the subspace of PC 2 and 5 (Fig. 8Bii). The respective changes of fly posture 

displayed in Figure 8Bi are almost perpendicular to those in Ai, mainly shifting the average leg 

positions anterograde and posterograde. Together, these two PCs compactly describe a large 

range of different, but symmetrically arranged fly postures. Interestingly, PC 4 did not show up 

in our unbiased approach to find these symmetry axes. This is unsurprising, when we consider 

that this PC largely describes left and right shifts in leg positions (Fig. 3E). Together with PCs 

2 and 5, it is then possible to more precisely describe the left-right asymmetry and, due to the 

linear nature of PCA, PC 4 would simply shift the posture accordingly.  
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2.5 Discussion 

Here, we used a data set of a large number of flies and many instances of walking sequences 

to investigate the naturally occurring intra- and interindividual variability of walking on the level 

of leg tip kinematics. Initial qualitative observations readily replicated anecdotal impressions 

from previous studies that flies walk in an idiosyncratic manner (Fig. 2). A quantitative analysis 

using PCA revealed that much of the observed kinematic variability can be captured by a lower-

dimensional representation of five PCs (Fig. 3A). Two principal components (PCs 1 and 3) 

captured general variability aspects across individuals related to invariant movement patterns, 

such as the general positional changes during a SC and interleg coordination (Fig. 3B and D, 

Fig. 4B and D); at the same time, three other PCs (2, 4, and 5) described individual-specific 

aspects of walking (Fig. 3C, E, and F, Figs. 5 and 8). PCA was able to separate these two 

different sources of variability into sub-domains (Fig. 5, Fig. 6 panels ii) and the contributions 

of the individual-specific PCs can be regarded as a fingerprint of a fly’s idiosyncrasies during 

walking (Fig. 5E, Fig 6Aii to Cii) which are distinct from more general features shared by all 

flies. Investigation of different ranges of walking speeds, as well as the comparison of trials 

recorded at different times during experiments, showed that idiosyncratic aspects of walking 

are largely constant for an individual, while general invariant dynamics of walking, as captured 

by PCs 1 and 3, increased in significance with an increase in walking speed (Fig. 6 and Suppl. 

Figs. S4 to S6). Exploration of the individual-specific PCs 2, 4, and 5 revealed that general 

high-level features, like kinematic changes after experimental interventions (Fig. 7) or overall 

posture of tarsal tips (Fig. 8) can be compactly detected, described, and quantified. 

Postural variability in the present data occurs on the intra-step level, the step-to-step level, and 

the interindividual level. The intra-step level thereby refers to positional variations of the tarsal 

tips over time, essentially the periodic back and forth movement of legs during protraction and 

retraction. The specifics of these movements are mainly captured by PCs 1 and 3, with PC 1 

reflecting the canonical tripod coordination (Figure 3B) and PC 3 reflecting deviations from this 

tripod coordination. Because this dynamical component of variability is large as compared to 

more subtle and static postural aspects, it is not surprising that PC 1 is the most prominent PC 
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and generally captures a large part of the variability across individuals. Together with PC 3 it 

therefore is suited to compactly represent the overall coordination an animal uses. Previously, 

there have been only few attempts to compactly characterize coordination of the six legs of 

walking insects; TCS is one measure (Wahl et al., 2015; Wosnitza et al., 2012), but it has 

limitations, especially if the walking pattern deviates strongly from tripod coordination. A 

characterization based on these two PCs, whose contributions also seem to be negatively 

correlated with each other (see Fig. 4B and D), could serve as an alternative approach to 

efficiently describe coordination in future studies. An aspect that was not yet analyzed in detail 

here is the temporal variation of the contribution of these two PCs, their score time courses. 

Since PC 1 and 3 captured the actual movement of the legs, the scores of these two PCs will 

generally be modulated periodically over the time course of the stepping movements of 

individual legs (Movies 2 and 3). Further examination in this regard could reveal more subtle 

relationships between how PC 1 and 3 are modulated in the context of interleg coordination 

and how individual flies combine these two patterns to establish tripod coordination (PC 1) and 

deviations from it (PC 3). 

In contrast, PCs 2, 4, and 5 capture more static and interindividual postural differences (Figs. 

4, 5, and 8). The postures of individual flies occupy different parts of this PC subspace. 

Consequently, this subspace is helpful to describe these individual differences in the first place, 

but this can be readily expanded. We explored several exemplary expansions here (discussion 

for walking speed-related results further below). The first was an experimental intervention that 

introduced known changes in leg kinematics which, in turn, were picked up clearly in the space 

spanned by PCs 2, 4, and 5. The second expansion was a top-down search in this space that 

describes overall changes in postural width. This approach can be useful in other novel 

interventions, in which putative effects are to be detected but for which a more unbiased 

analysis is desirable or in which several effects combine more subtly. Previous studies focused 

on kinematic parameters like stance amplitude, durations of swing or stance phases, or AEPs 

and PEPs (Mendes et al., 2013, Wosnitza et al., 2012, Strauss & Heisenberg, 1990, Ramdya 

et al., 2017). While these singular measures are informative, a more unbiased way of looking 
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at putative effects of interventions might reveal other effects that are less intuitive, more 

complicated, or interdependent. 

PCA has the general limitation of only capturing linear correlations between analyzed 

variables. It is conceivable that more complicated approaches for dimensionality reduction will 

yield more compact or clearer description and separation of the different levels of behavioral 

variability. A previous study, for instance, used Uniform Manifold Approximation and Projection 

(UMAP) to explore high-dimensional kinematics of walking flies and found similar reductions 

of these data (DeAngelis et al., 2019). However, the analysis we use here already captures 

many interesting and helpful aspects of variability; the strength of PCA in the present context 

is its intuitive interpretability with regard to what individual PCs mean for kinematics. 

Considering the putative roles of the five PCs, with 1 and 3 responsible for aspects related to 

interleg coordination and 2, 4, and 5 responsible for postural aspects, we can speculate that a 

particular combination of all of these in an individual has implications for how walking is 

controlled, especially with regard to static stability (Szczecinski et al., 2018). Stability is 

dependent on the duration of ground contact of the legs as well as their positioning in relation 

to the center of mass. This might directly tie back to the individual PCs. Based on the findings 

presented here, we assume that the ratio of PCs 1 and 3 mainly determines interleg 

coordination (Movies M2 and M3) and that the remaining PCs determine overall posture 

(including AEPs and PEPs). Thus, from a motor control perspective we speculate that PCs 1 

and 3 might be dynamically mixed together, based on the intended interleg coordination and 

walking speed, but also on aspects of posture that have become fixed in ontogeny, like its 

symmetry. High walking speeds, require exact alternation of the swing and stance phases of 

neighboring legs, in the sense of stability. More asymmetric overall postures (e.g. in flies that 

score high on PC 4, for instance) might therefore necessitate an earlier switch to more tripod-

like and therefore more stable coordination patterns (as reflected in strong contribution of PC 

1) to compensate for deviations from perfect symmetry. 



 

Chapter 2: Natural variability and individuality of walking behavior in Drosophila  |  43 

Importantly, the first analysis in the present study focused on straight walking in a narrow speed 

range and on male flies of the same age, reared in identical conditions, and from the same 

highly interbred wildtype strain. These restrictions were intentional, as we wanted to first 

establish the general approach and its usefulness for a more controlled subset of all possible 

behavioral data. Therefore, we wanted to exclude additional sources of potential variability, 

based on parameters like walking speed, age, or sex. Even in this relatively controlled data set 

we nevertheless found a diversity of idiosyncratic ways of walking. But it is true that this first 

analysis necessarily only reflected kinematic details which were contained in the selected data 

and the conclusions, particularly with respect to the constancy of idiosyncrasies, could be 

limited. 

We therefore extended the analysis to different walking speeds. Walking speed has strong 

effects on many kinematic parameters and interleg coordination in walking insects (DeAngelis 

et al., 2019; Strauß and Heisenberg, 1990; Szczecinski et al., 2018; Wosnitza et al., 2012). 

This analysis showed that idiosyncrasies remain largely constant when individuals change 

walking speed, but that aspects of interleg coordination change to some extent. Especially 

PC 1 becomes more important, a finding that is in line with previous established results that 

coordination becomes more tripod-like the faster a fly walks (Szczecinski et al., 2018; Wosnitza 

et al., 2012). Another interesting observation (until now anecdotal), relates to how strictly flies 

walk in dependence of walking speed. These observations suggest that AEP and PEP 

positioning or the phase relationships between legs, for instance, become less variable at 

higher walking speeds. Our results now support this observation in a quantitative manner: flies 

tend to become relatively more similar to each other with increasing walking speed, i.e. the 

described variability of PCs 2, 4, and 5 (interindividual variability) decreases and PCs 1 and 3 

(aspects of interleg coordination) increase in importance. While the exact reason for this is 

unknown at this point, we hypothesize that it could be related to the stability requirements of 

fast walking; a previous study suggests, that the region in phase space associated with stable 

walking at high speeds is smaller than that for low speeds (Szczecinski et al., 2018) and that 

fast walking necessitates tripod coordination. Flies should therefore walk (1) in a less variable 
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way at these speeds and (2) should also become more similar to each other. Our results 

support this notion and future studies will investigate this aspect more closely.  

Other natural extensions of this analysis might focus on the influence of curve walking or age, 

among others. Expanding the number of these factors a controlled way should successively 

elucidate the full spectrum of natural variability in fly walking behavior, thereby enabling more 

precise investigation of the fundamental principles underlying the motor control of insect 

walking. Even stronger changes in the specific makeup of PCs and their contributions are 

expected when not only straight but also curve walking enters the data set. Curve walking 

entails pronounced changes in the kinematics of all legs as indicated by previous studies, 

mainly on stick insects (Dürr and Ebeling, 2005; Gruhn et al., 2008). Legs contribute in a 

specific kinematic manner to curve walking. These changes will be reflected in the detected 

PCs, adding another layer of variability that reflects invariant aspects of curve walking, on the 

one hand, and potential interindividual differences in the way single flies implement this 

change. 

Here, we provide the first extensive study of variability on the kinematic level in Drosophila 

walking behavior in genetically very similar and highly interbred individuals. The combination 

of dimensionality reduction using PCA, the interleg coordination measure TCS, and inhibition 

experiments shed some light on the natural variability present in walking behavior and 

suggests an enhanced way of characterizing data of freely-walking flies. We thereby hope to 

build the fundament for further systematic investigation of the principles underlying the natural 

variability of walking.  
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2.6 Supplementary material chapter 2 

2.6.1 Speed distribution across all recorded flies 
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Supplementary Figure 1: Distribution of walking speeds across all recorded flies and step 

cycles (SCs). (A) Each row shows one fly. Bin size for walking speed was set to 0.2 BL s-1. 

Walking bouts below 2 BL s-1 were not recorded. Last row (red) shows the total walking speed 

distribution for all flies and 36,942 recorded SCs. (B) Distribution of walking speeds for all flies, 

same data as in A (last row). (C) Logarithmic histogram of the number of SCs for all recorded 

flies. Blue = total number of straight SCs; orange = number of SCs between 5 and 7 BL s-1; 

teal = cutoff line for flies which were taken into the analysis pool at 30 SCs. 

Figure S1 displays the distribution of walking speeds for all flies and all SCs pooled together 

(see line labeled “all flies”). Some flies tend to walk faster than others; most of them, however, 

preferred walking speeds between 5 and 7 BL s-1, which is why this speed range was selected 

for the study. Line total indicates that walking speed across steps tends to be log normal 

distributed. No steps associated with walking speeds close to the cutoff point at 2 BL/s were 

recorded. Of the 103 recorded flies, 88 produced 30 or more steps cycles in the target speed 

range of 5 to 7 BL s-1. 

2.6.2 Automated detection and annotation of flies 

While detection and annotation of the flies was fully automated, each video was manually 

checked for annotation errors and corrected if necessary. The detection and annotation 

process was structured as follows. For each image frame in a video, we created a binary image 

with a simple threshold operation, i.e. bright pixels above the threshold became white, dark 

pixels below the threshold became black. To remove small regions of white pixels we used a 

morphological opening operation (equivalent to an erosion operation, followed by a dilation, 

MATLAB function imopen.m). After this operation, only the region of white pixels corresponding 

to the fly was left. The position of the fly was then detected as the mean position of this 

remaining blob. This position was used to crop a square region containing the fly from the 

image. The size of this cropped region was adjusted to the fly’s length. Using DLC, we then 

detected the neck and abdomen in this cropped subregion and used this information to rotate 

the subregion such that the fly’s longitudinal axis was aligned in parallel to the y-axis of the 

image. In two subsequent runs of DLC we then detected the leg tips on the right body side, as 

well as those on the left side, respectively (see also Fig. 1B). 
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2.6.3 Discrimination of swing and stance phases 

Transition points between swing and stance phases, i.e. lift-off and touchdown, were 

automatically determined by analyzing the movement of the markers (i.e. their absolute speed) 

in the arena-centric coordinate system of the original video. For every marker and every frame, 

the distance between the current marker position to the position in the subsequent frame was 

calculated. Due to noise the exact location of a marker slightly varies from frame to frame 

independently of actual leg movement. Therefore, a threshold had to be defined to discriminate 

frames with legs moving relatively to the ground from frames with legs having ground contact. 

An empirically determined threshold of 1.5 pixels per frame produced precise and reliable 

results and was used for the complete analysis in this study. Additional conditions were defined 

to further increase the robustness of the algorithm. For example, a swing phase had to last at 

least 3 frames (equal to 15 ms), otherwise it was not detected as such. Additionally, the correct 

automatic determination of lift-offs and touch-downs was reviewed manually during the 

process of screening for errors in the DLC annotations. 

2.6.4 Training of DeepLabCut 

Automated annotation of all six leg tips, the neck and the tip of the abdomen was carried out 

with DeepLabCut (DLC), a deep neural network approach (Mathis et al., 2018). DLC was 

trained on exemplary frames of freely walking fruit flies along with manually generated 

information about the locations of the eight body parts of interest (neck and abdominal tip, as 

well as the tips of all six legs). Respective training data was produced by manually annotating 

video frames in a custom-written MATLAB program.  

Coordinates of the body parts of interest were stored together with the cropped video in a 

single MAT-file. For the initial training data set, 500 frames were collected from ten flies in 

various positions. Training data sets were digitally augmented by randomly applying rotations, 

translocations, and resizing. This prevented adaptation of the network to a certain orientation, 
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size, or position in the video frame. Rotations were not applied for the training of the networks 

which were used for leg tip detection, since the fly body axis was aligned vertically after the 

detection of neck and abdomen. Here, complexity of possible inputs was reduced to potentially 

increase accuracy and reliability of the automated annotation. 

Even though the arena surface was cleaned regularly, small pieces of dust or debris 

accumulated on it to some extent. These pieces typically can have sizes and shapes that make 

them similar in appearance to the tips of the fly’s legs and were sometimes detected as such. 

To make the trained networks more robust to these pieces, randomly generated, virtual specks 

of dust and debris were added to each training frame. Modifications of training frames were 

carried out in a custom-written MATLAB program. The same program was used to create 

training directories, which contained all files necessary for training of DLC. Training was run 

for 400 thousand to 1 million iterations, taking 8 to 20 hours. 

2.6.5 Selection of straight segments  

The recording software triggered data acquisition dependent on the length of the trajectory 

rather than its shape. Hence, the acquired video data needed to be scanned for segments of 

straight walking. For thousands of videos it is fairly labor-intensive to search for such segments 

manually, isolate them from the remaining video, and store them in another directory. 

Moreover, to what extent a trajectory is considered to be straight is subjective and the criteria 

may change unconsciously over time. Therefore, an algorithm judging each trajectory by 

objective criteria was considered to be the best option. Since all further analyzed trajectories 

should be of certain straightness while losing as few frames as possible, two approaches for 

detecting straight segments were combined to compensate for their individual disadvantages. 

For both approaches, the original trajectory was first divided into equidistant pieces of 0.5 mm 

length. One approach extracted the angles between neighboring pieces as an estimator for 

straightness, in a way that two or more pieces of trajectory with an angle of 5° or less to each 

other were considered to be straight. The other approach used the quintic spline function in 

MATLAB to fit a spline to equidistant points. Each point with its two direct neighbors can be 
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used to define a circle with a radius correlating to the curvature at this point of the trajectory. 

An infinite radius would mean that all three points are on a perfect straight line. The smaller 

the radius becomes, the higher the curvature is. Constellations of points with an inverse radius 

of 0.1 or less were assessed as straight. 

2.6.6 Curve walking and PCs 2, 4, and 5 

Flies with very low or very high mean values in the directions of PCs 2, 4, and 5 were analyzed 

with respect to the curvature of their walking trajectories and corresponding leg tip trajectories. 

Figure S2 shows exemplary walking trajectories of these flies with low and high means, 

together with the respective leg tip trajectories, which were color-coded according to the same 

code (Fig. S2D) as the walking trajectories. This color code differentiates between left and right 

turns, with blueish colors for right and yellowish colors for left turns. If remaining curve walking 

behavior is the cause of the differences between the extreme flies of any PC, we should see a 

clear tendency of yellowish leg-tip trajectories being on one side of the continuum and blueish 

ones on the other side. Instead, we see mostly equally distributed colors of leg-trajectories, 

while sometimes even fully yellow and blue ones overlap each other (e.g. Fig. S2Bii, right hind 

leg). PC 2 in Figure S2A features fly 1 (Aiii) and fly 3 (Aii) which are also shown in Figure 2 Bi 

and Biii, Figure 5, and Figure 8. Here we see how PC 2 describes the difference in posture 

width between both flies. Figure S3B shows low and high scoring examples along the 

dimension of PC 4, which gives an impression of potential curve walking behavior from the 

arrow depiction in Figure 3E, mainly because of the side shift in both front legs. Leg-tip 

trajectories of the extreme flies along the dimension of PC 4 shown in panels Bii and Biii in 

Figure S2 demonstrate that the individual posture preference is much more clearly correlated 

with PC 4 scores than the curvature of the walking trajectory. Hence, PC 4 describes first and 

foremost idiosyncrasies in walking behavior and is not directly correlated with remaining 

aspects of curve walking. Extreme cases of PC 5 in Figure S2C again show no correlation with 

trajectory curvature, but illustrate how PC 5 describes symmetric differences in posture which 
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are mostly perpendicular to those described by PC 2. Panel D provides a legend for the color 

code of curvature values relative to the flies’ body length. 
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Supplementary Figure 2: Walking trajectories and leg-tip stance trajectories of exemplary 

flies with low (i and ii) and high (iii and iv) scores for PCs 2, 4, and 5. (A) PC 2. (B) PC 4. (C) 

PC 5. Leg tip trajectories as well as trajectories are color-coded according to the curvature of 

the trajectory of their associated trial. (D) Color code for curvature of walking trajectories. 

Yellow hues indicate trajectories that are curved to the right, blue hues indicate trajectories 

that are curved to the left. (A) PC 2 mainly scales the overall posture width, with the fly scoring 

high (Aii) having a more sprawled posture than the one that scores low (Aii). (B) PC 4 most 

strongly affects the front legs (Bii and Biii, for high and low scores in PC 4) and due to its 

asymmetric nature suggests a curve walking context most directly. However, the associated 

trajectories (Bi and Biv, respectively) do not show a clear curve walking phenotype. (C) PC 5 

mainly affects middle and hind legs. The curve walking implications for a fly that scores high 

(Cii) or low (Ciii) are very weak when the respective trajectories are evaluated (Ci and Civ, 

respectively). (D) Color code for curvature of walking trajectories. Yellow hues indicate 

trajectories that are curved to the right (positive values), blue hues indicate trajectories that are 

curved to the left (negative).  

2.6.7 Curvature vs PC scores 

To more systematically test for correlations between slightly curved walking trajectories and 

certain PC scores we calculated the curvature of all recorded straight walking bouts in the data 

set and color coded it as in Figure S3D. We then calculated the fraction of variability described 

by all PCs for every individual walking bout and plotted the results in Figure S3. We also plotted 

regression lines, their slopes (m) and their r2-values. Figure S3A shows a weak correlation for 

PC 2, as it explains only 1.9 % of the variance. The results for PC 4 in panel B show that it 

explains about 7.1 % of the curvature variance. This correlation is substantially weaker than 

the influence of individual preferences in average leg tip positions as demonstrated in Figure 

S2B. PC 5 in panel C does not show any clear correlation with only 0.2 % explained variance. 

The two PCs we identified as mostly related to aspects of interleg coordination (PCs 1 and 3, 

panels D and E) have similarly low coefficients of determination with regard to curvature and 

describe less than 1% and 1.8% of variance due to curvature, respectively. 
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Supplementary Figure 3: Curvature of individual walking trajectories plotted against their 

respective scores in all PCs. (A to C) PCs 2, 4, and 5, respectively. (D and E) PCs 1 and 3. 

Black: regression line with slope (m) and coefficient of determination (r2). (F) Color code for 

curvature of walking trajectories. Yellow hues indicate trajectories that are curved to the right 

(positive values), blue hues indicate trajectories that are curved to the left (negative). 

Coefficients of determination are generally very low, indicating no strong correlation between 

the curvature of walking trajectories and the described variance of the respective PC. 
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2.6.8 Effect of walking speed on PC contributions 

Steps between 2 and 4 as well as between 8 and 10 BL s-1 were transformed into the PC space 

resulting from the initial analysis that was based on a range of 5 to 7 BL s-1 (see Fig. 6 in the 

main text). The results of this analysis results are shown in Figs. S4A and S4C, respectively. 

Fractions of described variability were calculated and plotted in the same way as in Figure 3A 

(for comparison, Fig. 3A was replicated here as Fig. S4B). Figure S4A shows the results for 2 

to 4 BL s-1, with a more than 10% smaller fraction of described variability for PC 1 and 1% 

smaller for PC3, while all other PCs described more variance compared to 5 to 7 BL s-1. Panel 

C shows a continuation of the trend from A to B with even higher fractions of variability being 

described by PCs 1 and 3 while the described variability decreases for all other PCs. This 

result is a hint for an overall decrease of inter-individual variability with increasing walking 

speed, since relatively more variability is described by fewer PCs, particularly by PCs 1 and 3, 

which we identified as the ones that describe more general and invariant aspects of walking 

that all flies have. 

 

Supplementary Figure 4: Fractions of variability in leg tip kinematics described by each 

principal component for three different ranges of walking speed. Filled blue bars: Fractions of 

variability described by each principal component for the three subsets of data. Gray open 

bars: results for the same, but randomly permuted subsets of data (see results section). 

Percentages of PCs 1 to 5 are shown next to their respective bars. The minimum number of 
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steps per fly was set to 30 for all conditions. (A) Subset of steps between 2 and 4 BL s-1, n = 

23 flies. (B)  Original subset of steps between 5 and 7 BL s-1 which was used for the PCA 

analysis (same data in Fig. 3A), n = 88 flies. (C) Subset of steps between 8 and 10 BL s-1, n = 

43 flies.  

2.6.9 Walking speed-associated shifts in PC subspaces 

Figure S5 shows the walking speed-associated changes of individual fly positions in the space 

spanned by PCs 2, 4, and 5 and PCs 1 and 3, respectively, (for absolute positions see Fig. 6 

in the main text). Shifts are visualized as arrows. The left column (panels i) shows the shifts in 

position as they are located in the subspace. Flies with 30 or more steps in all three walking 

speed ranges are displayed with a single arrow with a bend at the position for 5 to 7 BL s-1. All 

arrows point to the position of faster walking, while some start with the position at 5 to 7 BL s-

1 (if fewer than 30 steps were recorded between 2 and 4 BL s-1) and others end with position 

at 5 to 7 BL s-1 (if fewer than 30 steps were recorded between 8 and 10 BL s-1). Flies which 

yielded the minimum of 30 or more steps for only one of the three conditions are not 

represented in this figure. The right column shows a centered version of the arrows shown on 

the left side for better comparison of their direction and length. Shifts are generally small and 

have no clear preference (also see panels ii for a centered version); this indicates that flies 

walked very similarly in the three respective walking speed ranges. Particularly the shifts in the 

space spanned by PCs 1 and 3 are almost non-existent. This supports the notion that these 

two PCs capture aspects of walking that are largely invariant and describe interleg coordination 

and overall movement of the legs. For more details see the Results section in the main text. 
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Supplementary Figure 5: Arrows showing the difference of average positions of individual 

flies for different walking speeds in the subspaces of PCs 1 to 5 shown in Fig. 6. The left 

column shows the absolute positions and their shifts as they are located in the subspace (also 

compare columns in Fig. 6). Flies with 30 or more steps in all three walking speed ranges are 

displayed with a single arrow with a bend at the position for 5 to 7 BL s-1. All arrows point to 
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the position of faster walking, while some start with the position at 5 - 7 BL s-1 (if less than 30 

steps were recorded between 2 and 4 BL s-1) and others end with position at 5 - 7 BL s-1 (if 

less than 30 steps were recorded between 8 and 10 BL s-1). Flies which yielded the set 

minimum of 30 or more steps for only one of the three conditions are not represented in this 

figure. The right column shows a centered version of the arrows shown on the left side for 

better comparison of their direction and length. The color code is identical for both columns 

and matches the coloring in Figure 6. (A) Subspace of PCs 2 and 4. (B) Subspace of PCs 2 

and 5. (C) Subspace of PCs 4 and 5. (D) Subspace of PCs 1 and 3. 

 

2.6.10 Recording time-associated shifts in PC subspaces 

Flies regularly spent 2 hours in the experimental setup and produced walking behavior 

throughout that time. Valid signatures of individuality (i.e. the positions of flies in the subspace 

of PCs 2, 4, and 5 we proposed as related to individual aspects of walking) should remain 

largely unchanged over the course of an experiment. To verify this, we analyzed how steps 

recorded during early and late phases of the session relate to each other in that subspace. For 

this purpose, we grouped trials of individual flies into an early and a late set. These two sets 

contained trials that were recorded at least 60 minutes apart from each other, but were 

produced at the same speed. Each set needed to contain at least 30 steps; 29 flies in total met 

these criterium. Analogously to the approach in the analysis of walking speed-dependent 

effects (see Fig. 6) we then transferred these subsets of data into the PC space and examined 

how different their average positions were in PC space (Fig. S6). Generally, the flies’ average 

positions remained largely constant in the subspace spanned by PCs 2, 4, and 5 (Fig. S6, 

panels i to iii). While there were some shifts, many were small and in the order of the depicted 

SD ellipses (0.3 times the standard deviation) or smaller (compare vector lengths in panels Aiii 

to Ciii). At the same time, flies in the two conditions were still clearly distinguishable. 

Furthermore, there were no general directional trends in the shifts, making systematic changes 

in walking behavior due to exhaustion during a prolonged experiment, for instance, unlikely. 

Taken together, this supports the notion that PCs 2, 4, and 5 describe inter-individual 

differences in walking behavior that persist at least over the course of the experiments that 
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were done here. The shifts in the subspace spanned by PCs 1 and 3 are even smaller; most 

shifts do not have an appreciable magnitude (Fig. S6Diii). This finding makes sense if we 

assume, that these two PCs describe variability in the walking behavior mostly related to 

coordination and speed and supports this notion even further. 

There are a few singular exceptions. A particularly large shift was detected for fly 15 (purple 

color, Fig. S6Aiii to Ciii). Closer visual inspection of the underlying data revealed that, for 

unknown reasons, this particular fly clearly increased the spread of its hind legs towards the 

end of the recording session. While this individual is an exception of the rule and indeed did 

change its idiosyncratic way of walking, it became also evident that this produced a large signal 

in our analysis; however, combined with the fact that most flies did not produce these large 

signals this makes us more confident, that this approach can truly detect idiosyncrasies in 

walking behavior. 
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Supplementary Figure 6: Recording time-associated shifts in PC subspaces. First column: 

Average positions plus 0.3 times the standard deviations of flies for steps which were recorded 
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early during the recording session. Second column: Average positions of flies for steps which 

were recorded at least 60 minutes after the last step of the early recordings group (first 

column). The minimum number of steps for early and late recording sets was 30 each. The 

resulting number of flies that produced enough steps in both sets was n = 29. Third column: 

Arrows showing the difference between average positions (center of ellipses) of early (first 

column) and late (second column) recordings of individual flies in the subspaces spanned by 

PCs 1 to 5. Arrows point from average positions in early recordings to the average position 

during later recordings. (A) Subspace of PCs 2 and 4. (B) Subspace of PCs 2 and 5. (C) 

Subspace of PCs 4 and 5. (D) Subspace of PCs 1 and 3. 

 

Movie 1: All data points (i.e. individual postures) of all flies in the analysis pool plotted, one 

after the other, on top of each other in 2D subspaces spanned by PCs 1 to 5. Arrangement as 

presented in Figure 5. Individual colors correspond to individual flies (n = 88) but are not unique 

throughout the complete visualization. Note the relatively invariant elliptic shape of the data 

associated with individual flies in the subspace spanned by PC 1 and 3. 

Movie 2: Example of a high-TCS walking bout with the respective footfall pattern and 

visualization of PCs 1 and 3. Footfall pattern: black indicates swing phase, white indicates 

stance phase. Video view: tracked leg tips (round markers) with parts of their prospective 

movements for clarity. Open markers indicate swing phase, filled markers indicate stance 

phase. Note that the walking speed is similar to that in Movie M3. Movie M2 shows relatively 

high TCS values, resulting in a relatively flat shape of the time courses of PCs 1 and 3, with 

major amplitudes of oscillation in the direction of PC 1. The resulting elliptic shape can be cut 

in half horizontally to differentiate between the swing phases of the left (lower half) and right 

(upper half) tripod group, respectively. 

Movie 3: Example of a low-TCS walking bout with the respective footfall pattern and 

visualization of PCs 1 and 3. Footfall pattern: black indicates swing phase, white indicates 

stance phase. Video view: tracked leg tips (round markers) with parts of their prospective 

movements for clarity. Open markers indicate swing phase, filled markers indicate stance 

phase. Note that the walking speed is similar to that in Movie M2. Movie M3 shows relatively 

low TCS values, associated with increased amplitudes in direction of PC 3 and simultaneously 

decreased PC 1 activity. Unlike to the example in Movie M2, the differentiation of swing and 

stance activity of individual legs or tripod groups in the subspace spanned by PC 1 and 3 is 

not directly possible for low TCS examples, as the activity of individual legs does not align with 

the score time courses as during more tripod-like coordination.  
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3 Chapter 3: Speed-related changes in kinematic variability in 

walking Drosophila 

 

 

Preface 

The following part of the present thesis was initially arranged as a paper draft, which is the 

reason for using the first person plural. It was then extended and adapted to serve as a 

monographic chapter 3 in this thesis which builds on the first part. Therefore, the introduction 

skips universal aspects of walking behavior, in general, and in Drosophila, in particular, which 

have already been introduced in the first part of this thesis, and starts with a more detailed 

view on walking speed as a central aspect of walking behavior in Drosophila. 

 

3.1 Introduction 

One of the most critical factors defining walking behavior is speed, which requires animals to 

maintain stability and coordination while increasing frequencies and velocities of single leg 

movements. In fruit flies (Drosophila melanogaster), walking speed has been shown to 

correlate mainly with interleg coordination and the duration of stance phases, while leaving 

other kinematic aspects, such as swing duration and stance amplitude, relatively invariant 

(DeAngelis et al., 2019; Mendes et al., 2013; Wosnitza et al., 2013). These speed-dependent 

modulations in walking behavior reflect the underlying neural mechanisms that allow flies to 

smoothly transition between different locomotor patterns without discrete gait shifts (Hughes, 

1952; Nirody, 2021; Owaki et al., 2017; Tóth and Daun, 2019), as observed in many 

vertebrates (Hoyt and Taylor, 1981). Instead, a continuous modulation of interleg coordination 

patterns in response to changes in speed is well documented (DeAngelis et al., 2019; Wosnitza 

et al., 2013). At higher walking speeds, flies tend to exhibit more regular, tripod-like 

coordination patterns, where the two tripod groups (the ipsilateral front and hind legs, and the 



 

Chapter 3: Speed-related changes in kinematic variability in walking Drosophila  |  62 

contralateral middle leg) move in a synchronized anti-phasic pattern. In contrast, at slower 

speeds, the coordination not only shifts gradually to more complex patterns, but also becomes 

more variable (DeAngelis et al., 2019; Mendes et al., 2013). Which aspects of fly walking 

behavior are affected by this increase of variability at lower speeds and to what extent has not 

yet received a lot of attention. The present study aims to bridge this gap by analyzing in detail 

how walking speed correlates with both spatial and temporal variability in single leg movements 

and interleg coordination in Drosophila melanogaster.  

The question arising naturally from the investigation of speed-dependent changes in stepping 

variability is why variability changes at all and whether it is to some extent advantageous for 

the fly. The common hypothesis is that the increase in variability at slow walking results from 

a more sensory feedback-driven control of leg movements, which allows for step-to-step 

adjustments in response to environmental perturbations (Schilling and Cruse, 2020). One 

obvious concept the sensory feedback at slow walking could be used on is static stability. Static 

stability quantifies how well the center of mass is covered by the support polygon, which 

consists of all legs with ground contact (Gonzalez De Santos et al., 1998; Szczecinski et al., 

2018). The shortest distance of the projection of the center of mass to the support polygon 

serves as a measure for static stability. However, if the projection of the center of mass is 

outside of the support polygon, the respective posture is statically unstable. Due to their small 

size, flies are much more affected by elastic forces of their muscles and joints and viscous 

forces of the air surrounding them than by inertia (Hooper, 2012; Hooper et al., 2009), which 

is why static stability plays a much larger role for walking in flies compared to mammals. A 

previous study demonstrated that average phase relations between adjacent legs at both slow 

and fast walking follow the theoretical optimum for static stability (Szczecinski et al., 2018). 

However, Szczecinski et al. used averaged stance trajectories and modulated phase relations 

without noise for their analysis, leaving the question open how step-to-step variability and static 

stability relate to each other. Here, we address this issue by systematically analyzing whether 

spatial and temporal variability of leg movements have a positive or negative effect on static 

stability. 
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Another candidate for explaining the differences in variability with changing walking speeds is 

the higher complexity of interleg coordination patterns which is observed in slow walking. While 

strict tripod coordination can appear robot-like, with the three legs of each tripod group moving 

in synchrony, we observe much more versatile and asynchronous patterns of coordination 

below the upper end of the continuum. It seems reasonable that the ubiquitous anti-phasic 

relationship of directly adjacent legs in tripod coordination is easier to maintain by the nervous 

system than a set of more individual phase relations. Indeed, it is conceivable that the sensory 

information at slow walking is predominantly used to ensure that directly adjacent legs are not 

simultaneously in swing phase. Coordination rules (sometimes called Cruse rules, after Holk 

Cruse) prohibiting such unstable configurations have been described and experimentally 

demonstrated to be active between directly adjacent legs of the stick insect Carausius morosus 

(Cruse, 1990; Cruse et al., 2007). The first Cruse rule (1) says that the lift-off of an ipsilaterally 

anterior leg is prohibited if a middle or hind leg is in swing phase. The second (2) Cruse rule 

says that protraction of a leg is facilitated when the adjacent ipsilaterally posterior leg or 

contralaterally adjacent leg just finished its swing phase. The third (3) Cruse rule says that 

protraction is enforced in an adjacent ipsilaterally posterior or contralaterally adjacent leg with 

an increasing influence over the course of the stance phase. While similar experiments could 

not yet be successfully performed on Drosophila due to its much smaller size, it is highly 

plausible that similar rules are active here. However, it is yet unclear, how these rules relate to 

central pattern generators (CPGs), which have been shown to be crucial for generating the 

rhythmic motor patterns underlying locomotion in all animals (Grillner, 2006; MacKay-Lyons, 

2002; Mantziaris et al., 2020). CPGs are neural networks that can produce rhythmic motor 

outputs necessary for timing and coordinating motor neurons without relying on rhythmic 

sensory input or descending signals. CPGs govern the intraleg coordination of individual legs 

and can be understood as oscillators which are coupled by signals coming from sensory 

feedback and CPGs of contra- and ipsilaterally adjacent legs (Berendes et al., 2016; Cruse, 

1990). This interaction of the leg oscillators leads to synchronization, which is called 

entrainment, and entrainment of any oscillator is the strongest when all incoming influences 



 

Chapter 3: Speed-related changes in kinematic variability in walking Drosophila  |  64 

are coherent and do not contradict each other (Pikovsky et al., 2001). In this study, we follow 

the idea that less coherent and more contradicting influences exchanged between adjacent 

legs at low walking speeds could negatively affect the entrainment (Berendes et al., 2016; 

Jiménez et al., 2022) of those legs, which again might lead to increased variability. For this 

purpose, we have designed a new measure which is based on the first three Cruse rules and 

serves for quantifying the coherence of these rules as they are exerted on single legs. This 

coherence measure was then correlated with variability and tested against walking speed and 

tripod coordination strength (Wosnitza et al., 2013) with regard to their capabilities for 

predicting spatial and temporal variability. 

Here, we provide a comprehensive view of how walking speed interacts with step-to-step 

variability in Drosophila. By separating our analysis into spatial kinematic variability (i.e. 

changes in AEP and PEP clustering) and temporal coordination metrics, we aim to disentangle 

the interplay between central coordinating influences between legs and the final motor output 

of individual legs. We show that static stability is higher for averaged steps compared to 

individual steps, indicating that step-to-step adjustments for improving static stability can be 

neglected as an explanation for the observed variability. Additional analysis of the static 

stability for different walking speeds revealed that faster walking is correlated with less stable 

configurations, thus tolerating less variability, which might have caused the nervous system to 

evolve in a way which automatically decreases variability with increasing speeds. Our 

coherence measure is designed to detect how coherent potential intersegmental influences 

are with each other. We use this coherence measure to substantiate our hypothesis that the 

observed decrease in variability with increasing walking speeds is caused by a stronger 

entrainment of the weakly coupled oscillators which control the leg movements. The results 

suggest that variability in walking is closely related to interleg coordination, with coherence 

serving as the most effective predictor among the parameters studied. 

This study of how individual variability interacts with speed-dependent changes in walking 

behavior has general implications for understanding the neural control of movement in both 

invertebrates and vertebrates, as it highlights the dynamic interplay between speed, 
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coordination, and variability in motor output. It builds on previous work by examining how 

walking speed modulates both the coordination and variability of leg movements in Drosophila. 

Our findings suggest that while walking speed imposes constraints on kinematic variability, it 

also plays a crucial role in shaping individual walking patterns. By quantifying these 

relationships, we aim to contribute to a deeper understanding of the neural and biomechanical 

principles that enable insects to maintain locomotor stability across a wide range of speeds. 

 

3.2 Materials and Methods 

3.2.1 Fly strains and husbandry 

Male flies of the wild-type strain Berlin-K (Bloomington Drosophila Stock Center (BDSC, 

#8522) were used for this study. Flies were raised on 12h/12h light/dark cycle at 25°C and 

approximately 60% humidity on a standard food medium (Backhaus et al., 1984). To control 

for age-related effects all animals used in this study were five days old. Prior to an experiment 

flies were isolated and starved for approximately 24 hours to increase their walking activity. To 

prevent desiccation, flies had access to moist tissue paper during this period of isolation. 

3.2.2 Experimental setup 

We used the same data set as for the first part of this thesis and hence the same experimental 

setup. For the sake of completeness we describe the most important features here again. For 

a more detailed description, please see 2.3.2.  

The recording arena consisted of an inverted glass petri dish (diameter: 60 mm) as the walking 

substrate and a watch glass (diameter: 100 mm) as the lid. We used a camera (model: VC-

2MC-M340, Vieworks, Anyang, Republic of South Korea) equipped with an object-space 

telecentric lens (focal length 55 mm, model: Computar TEC-55, CBC America, Cary, North 

Carolina, USA). The camera was directed at the experiment chamber from below via a surface 

mirror. The camera view was focused on a square area in the center of the arena (30 mm side 

length, resolution 1000 by 1000 pixels, 33.3 pixels mm-1 or 30 µm pixel-1). The scene was 
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illuminated with 60 infrared (IR) LEDs (wavelength: 890 nm, opening angle: 20°) arranged in 

a concentric ring around the chamber. Video data was acquired at 200 Hz and a shutter time 

of 400 µs.  

3.2.3 Behavioral experiments 

As stated above, we used the same data set as for the first part of this thesis. The most 

important aspects are described here again, please see 2.3.3 for a more detailed description.  

Single flies were recorded for a total duration of up to 3 hours. During this time, flies walked 

spontaneously in the chamber and frequently crossed the capture area.  

Video acquisition, online data evaluation during experiments, and general high-level hardware 

control were implemented with custom-written software in MATLAB (2018b, The Mathworks, 

Natick, Massachusetts, USA). 

3.2.4 Processing of video data 

Processing of video data was identical to the first part of this thesis. Here we describe the most 

important aspects again, please see the Methods section in 2.3.4 for a more detailed 

description.  

Instances of straight walking in the complete set of walking trials were detected with custom-

written algorithms. In each video frame of these straight walking segments the tarsal tips of all 

six legs and two additional body parts (the neck and the posterior tip of the abdomen) were 

detected with DeepLabCut (Mathis et al., 2018).  

Swing and stance phases of all legs were determined automatically based on the respective 

speeds at which tarsal tips moved in an arena-centric coordinate system. The last position of 

the tarsal tip on the ground before lift-off was defined as the posterior extreme position (PEP) 

for that step. The first tarsal position with ground contact after a swing phase was identified as 

the anterior extreme position (AEP). A complete step of a leg was defined as its movement 

between two consecutive lift-off events, i.e. a swing phase followed by a stance phase. In 
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contrast to steps of individual legs, step cycles (SCs) were defined as follows: start and end of 

an SC were determined by the respective step of the right middle leg. All six tarsal tip positions 

for this interval comprised the data of one SC. The definition of a SC in this study was 

exclusively used for the static stability analysis.  

3.2.5 Tripod coordination strength (TCS) 

Tripod coordination strength (Ramdya et al., 2017; Wahl et al., 2015; Wosnitza et al., 2013) 

was used to quantify the synchronicity of the swing activity in the two tripod groups. Briefly, the 

TCS was calculated as follows: for each tripod group (a set of ipsilateral front and hind legs 

and the contralateral middle leg), the time in which all three legs were simultaneously in swing 

phase was divided by the time from the earliest swing onset to the latest swing termination in 

any of these three legs. Hence, a perfect overlap of all three swing phases resulted in a 

maximal TCS value of 1 and would correspond to canonical tripod coordination. The minimal 

TCS value of 0 was assigned in cases of no overlap between swing phases in a tripod group. 

The TCS values of the tripod groups were averaged. 

3.2.6 Definition of the tripod cycle 

To define a unit of walking behavior which allowed for determination and comparison of 

different measurements regarding interleg coordination we came up with the definition of the 

tripod cycle. For our purposes it was important to include the complete swing and stance 

phases of all six legs. The tripod cycle therefore starts with the first lift-off of one tripod group 

and ends with the last touch-down of the other. This way a tripod cycle always contains a whole 

cycle (a complete swing and complete stance phase) of all six legs and hence enables 

calculation of TCS values for both tripod groups, which were averaged to obtain a single TCS 

value for each tripod cycle. Measurements with more than a single value over the course of a 

tripod cycle, such as walking speed, were averaged over the time of the tripod cycle. Tripod 

cycles were not allowed to overlap, ensuring that every recorded time point only was part of a 

single tripod cycle. 
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3.2.7 Spatial variability analysis 

To evaluate spatial variability, we analyzed the clustering of anterior and posterior extreme 

positions (AEPs and PEPs, i.e. touch down and lift-off positions). We effectively determined 

the 2D-variance of AEP and PEP distributions by taking the average of the two eigenvalues. 

For this purpose, for one fly at a time, x- and y-components of AEPs or PEPs within a certain 

range of walking speeds were collected and the eigenvalues of the respective covariance 

matrix were calculated. This calculation was performed for 30 or more steps per fly and walking 

speed range, as we qualitatively assessed that 30 steps in a narrow range of walking speeds 

provide a representative sample of the underlying distribution. Because the spatial variability 

between flies differed largely we normalized the results by dividing all values by the variability 

between 5 and 6 BL s-1. This way variability values of different flies became directly 

comparable. Average variability was plotted for speed ranges with data of 5 or more flies. 

3.2.8 Temporal variability analysis 

Temporal variability was assessed by calculating the circular standard deviation of phase 

relations between adjacent legs. Phase relations describe whether and how much the activity 

of adjacent legs is shifted against each other. For the calculation of phase relations a reference 

and a dependent leg need to be defined. The phase value tells us about the relative shift 

between the two legs. Perfect in-phase activity has a phase value of 0°, while alternating anti-

phasic activity has a phase value of 180°. Delayed activity of a dependent anti-phasic leg would 

result in values above 180°, while premature activity would result in values below 180°. The 

phase of the reference leg was defined to start and end with consecutive liftoff events. At the 

time of the lift-off of the dependent leg the current phase value of the reference leg was taken 

as the phase value of that pair. For ipsilateral leg pairs we always selected the more posterior 

leg and for contralateral leg pairs we selected the left leg as the reference leg. Analogously to 

the procedure for spatial variability, we only considered temporal variability values for flies and 

speed ranges with 30 or more measurements for each pair of adjacent legs. Variability values 

were averaged separately for contra- and ipsilateral pairs and normalization was achieved by 
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dividing all results by the variability between 5 and 6 BL s-1. Average variability was plotted for 

speed bins with data of 5 or more flies (Figure 5). 

3.2.9 Static stability analysis 

Static stability in this context describes how stable configuration of legs in stance phase is 

(Gonzalez De Santos et al., 1998). For this purpose, the leg tip positions of all legs in stance 

phase form a support polygon, which is defined by the area between these points without any 

concave outlines. In other words, a leg does not contribute to the support polygon if its position 

is already covered by the other legs. A configuration is considered unstable if the projection of 

the center of mass (COM) is outside of the support polygon. If the projection of the COM is 

inside the support polygon, the shortest distance from the COM to an edge of the support 

polygon equals the static stability for that configuration. Calculation of static stability for single 

SCs was performed as described by Szczecinski et al.. Namely we used the same procedure 

to estimate the COM of the flies and defined all stance trajectories relative to that COM. In 

contrast to the model approach from Szczecinski et al. we used data from individual steps for 

our analysis. We normalized the length of each SC to 100 data points by interpolating between 

the recorded leg tip positions. For each of these 100 time points we constructed a stability 

polygon between the leg tip positions of all legs which were in stance phase at the time and 

defined the minimum distance between the COM and an edge of the polygon as static stability. 

We averaged the static stability values over the course of SCs to be able to compare between 

SCs.  

To evaluate the influence of variability on static stability, we calculated average SCs for 

individual flies and compared these averaged SCs to the individual SCs with regard to their 

static stability. Because every SC has slightly different phase relations between legs and 

varying step and swing durations, we could not simply average the leg tip positions as they 

were, because this would have meant averaging stance positions from one SC with swing 

positions from another and vice versa. Instead, we extracted swing and stance positions 

separately from all SCs before we normalized and averaged them. We then calculated average 
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phases and average swing and stance durations for all legs and used all these components to 

construct an artificial SC which represented the average of each parameter as closely as 

possible. 

To differentiate between the influence of spatial and temporal variability on the static stability 

we created partially averaged SCs which consisted either of the original stance trajectories 

and the averaged phase relations, or of the averaged stance durations and the original phases 

of the individual SCs. In other words, we either applied the averaged phase relations and swing 

and stance durations on the individual stance trajectories, or we applied the individual phase 

relations and swing and stance durations on the averaged stance trajectories. In the first case, 

we used the kinematics as performed by the animal, but with the timing of the average step of 

that same animal. In the second case, we used the averaged stance trajectories, but with the 

timing of the individual SCs, as they were performed by the animal. This way we could assess 

which effect the spatial and the temporal component each have on the static stability. 

For all three versions of fully or partially averaged SCs we used the exact same procedure as 

for the original SCs to calculate the static stability. For each fly and speed range we used 

exactly 30 steps to perform this analysis and averaged the resulting average stability values 

per fly to compactly plot and compare them in a single figure.  

3.2.10 Coherence 

To substantiate the idea that the relative timing of intersegmental influences, as described by 

the Cruse rules (Cruse, 1990; Cruse et al., 2007), might have a direct effect on the degree of 

observed kinematic variability, we designed a new measure for quantifying the temporal 

alignment of these influences. We hypothesize that contradicting influences from different 

neighboring legs might result in increased variability, while well-aligned and temporally 

coherent influences would create a strong entrainment between the oscillators, which again 

should lead to more robust, repetitive, and, thus, less variable patterns of motor outputs.  
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The coherence of intersegmental sensory influences was estimated by assuming the presence 

of the so-called Cruse rules (Cruse, 1990) in Drosophila. For our approach, we took only the 

first three rules. All of these have temporal effects and are exclusively active between directly 

adjacent legs, either ipsilaterally or contralaterally. These rules say that (1) lift-off is suppressed 

in an anterior leg while an adjacent and posterior middle or hind leg is in swing phase; (2) early 

protraction is facilitated in anterior legs as well as contralateral legs at the end of the swing 

phase; and (3) late protraction in a posterior or contralateral leg is enforced by the swing phase 

in an anterior or contralateral leg with an increasing influence over the course of the stance 

phase.  

None of these influences have a decisive effect, they merely increase or decrease the 

likelihood of lift-off in the affected leg at a given time. In effect, their combined influence 

determines when the PEP is reached in a given step of a leg. Rule 1 is a suppressing influence 

(i.e. lift-off is delayed to later times), while rules 2 and 3 have an activating effect (i.e. lift-off 

occurs at earlier times). We wanted our coherence measure to be low if the effect of rule 1 

overlapped often with effects of rules 2 and 3, because that would mean a contradictory 

influence and weaken the entraining effect of these rules, while perfect alignment of rules 2 

and 3 would strengthen such effects in our theory.  

For each individual leg, we combined these negative (suppressing) and positive (facilitating) 

effects as follows: Rule (1) was represented with a value of -1 over the course of the swing 

phase. Rule (2) incremented to +1 over the next three frames and fell then back to zero. Rule 

(3) incremented its effect from 0 to +1 over the course of the stance phase. All effects were 

summed up and the standard deviation over the course of the selected time frame was taken 

as our coherence measure. The more contradicting and unaligned influences occurred, the 

lower the resulting standard deviation was, and the less contradicting and better-aligned the 

influences were, the higher the resulting standard deviation was. For more details and a 

visualized description please see Results section (Figure 3). 
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To evaluate our coherence measure, we used our extensive data set to extract how phase 

relations, as well as swing, stance, and step durations changed with walking speed and used 

these values to create artificial foot fall patterns, which we then used our coherence algorithm 

on. The resulting footfall patterns and their coherence values are plotted in Figure X C and D, 

as well as the coherence values for all straight walking bouts in our data set. 

3.2.11 Assessing spatial and temporal variability through parameter range comparison 

To analyze how closely the three parameters – walking speed, TCS, and coherence – are 

related to spatial and temporal variability, we kept the range of one parameter constant while 

allowing for wide range variation of another. In other words, we had always one narrowed and 

one free parameter and tested all data points in the narrow range along the dimension of the 

free parameter. Broken down into single steps we have proceeded as follows: 

For every fly with 60 or more steps within the narrowed range we divided the data into an upper 

50% and a lower 50% half along the dimension of the free parameter. For both halves we 

calculated the spatial and temporal variability. We normalized the results by dividing the upper 

half by the lower half to directly show, whether the variability was increased (values above 1) 

or decreased (values below 1) for higher values of the free parameter. Then we swapped the 

role of both parameters (former free one was now narrowed and former narrowed one was 

now free) and performed the same steps again. We tested for statistical significance both 

between the parameters (Wilcoxon rank sum test) and between upper and lower halves within 

each parameter (Wilcoxon signed rank test).  

For all parameters, the width of the narrowed ranges was set to values which contained exactly 

17 flies with 60 or more steps in that range. We found that this number was a good compromise 

between the contradicting goals of keeping the ranges as narrow as possible and having 

representative sample sizes. This way we could directly test parameters against each other 

with regard to their capacity for predicting variability. 
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3.2.12 A proxy for spatial and temporal variability 

Variability is mathematically undefined for single measurements. Until this point, we therefore 

only calculated variability for 30 or more measurements. This approach, however, makes it 

necessary to group measurements before assigning a variability value to all of them. To directly 

test different parameters for their predictive power regarding the variability, we aimed to find a 

proxy for variability which can be assigned to every tripod cycle. For spatial variability, we 

decided to use the deviation of single AEPs and PEPs from the average position of the 

respective group. We first calculated the average positions of AEPs and PEPs for every fly 

individually (Figure 1 A). Then we calculated the distance of each AEP and PEP to these mid-

points (Figure 1 B). Finally, we divided the distances by the standard deviation of that group to 

obtain Z-Scores (Figure 1 C). We averaged the results for all six legs, resulting in one AEP 

and one PEP variability value in form of a Z-Score.  

For temporal variability we used a similar approach. We calculated average phases for all 

adjacent leg pairs and took the absolute difference between each single phase values and the 

respective average value. Finally, we again calculated Z-Scores by dividing the resulting 

values by the standard deviation. We averaged the Z-Scores for all contra- and ipsilateral leg 

pairs, resulting in two values for each tripod cycle. 

For depiction of the results we calculated probability density functions for each parameter and 

the corresponding Z-scores and displayed it in form of heat maps with contour lines. To 

quantitatively assess the correlation of our spatial and temporal variability proxies (Z-Scores) 

with walking speed, TCS, and coherence, we performed a simple linear regression analysis 

and stated the slopes and r-squared values in the figures. 
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Figure 1: Deduction of spatial proxies for variability from AEPs and PEPs. For clarity, only 

AEPs and PEPs of the left front leg are shown. The grey lines on the lower right are part of the 

fly silhouette indicating the relative position of the fly body. (A) A group of AEPs (circles) and 

PEPs (squares) of the right front leg with their arithmetic mid-point (green dot). (B) Straight 

lines from each AEP and PEP to their respective mid-point indicate the distance to the average. 

(C) AEPs and PEPs are aligned and their distance to the mid-point is on display. The scale to 

the left demonstrates how the distances are measured in terms of the standard deviation of 

the whole group of either AEPs or PEPs. The whole procedure was performed for every fly on 

all its AEPs and PEPs to enable a more proportional assessment of changing variability. 

Results for the six legs were averaged to obtain a single value for AEP and PEP variability for 

every SC. 

 

3.3 Results 

3.3.1 Low-level parameters change with walking speeds 

Walking speed is a central parameter of walking behavior and significantly correlates with most 

other parameters. Here, we measured basic kinematic parameters of walking behavior and 

how they relate to walking speed for our extensive data set of straight walking Drosophila. 

Panels A to F in Figure 2 combine data from all six legs. Panels G and H combine data from 

the left and right body side. Figure 2A shows how overall step duration is drastically reduced 
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with increasing walking speeds, while most of this reduction results from the decrease in stance 

duration and only to a small fraction from decreasing swing duration (Figure 2 B and C). 

Generally, all aspects of step duration vary more at low walking speeds. 

The stronger reduction of step duration compared to swing duration results in a reduction of 

the duty factor from 0.75 at low walking to around 0.55 at high walking speeds (Figure 2 D). 

All effects mentioned above together result in a highly linear and more than two and a half fold 

increase of step frequency from 6.5 Hz to 16.5 Hz (Figure 2E). Aside from the before 

mentioned temporal aspects, flies on average also almost double the amplitude of their strides 

(distance between AEP and consecutive PEP in the fly coordinate system) with increasing 

walking speeds from 0.26 BL to 0.51 BL (Figure 2F). 
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Figure 2: Basic walking parameters plotted against walking speed. (A) Step duration. (B) 

Stance duration. (C) Swing duration. (D) Duty factor. (E) Step frequency. (F) Step amplitude 

(G) Ipsilateral phase relations between middle legs and front legs. (H) Ipsilateral phase 

relations between hind legs and middle legs. (I) Contralateral phase relations. Panels A to F 

combine data from all six legs. Panels G and H combine data from the left and right body side. 

For all plots, means, medians, 25 and 75, as well as 5 and 95 are shown. The bin width was 

set to 0.5 BL s-1. The minimum number of measurements per bin was set to 30. 

Ipsilateral phase relations change slightly with increasing walking speed, approaching a value 

of 0.5. Phase relations between middle and front legs (Figure 2H) reach an average value of 

0.5 around 7 BL s-1 and stay constant from there on. Contralateral phase relations show a 

stable average of 0.5 over the whole range of walking speeds (Figure 2I). All phase relations 

show more variation at low walking speeds compared to faster walking. 
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3.3.2 Coherence analysis yields similar results for artificial data and recorded 

behavior 

Our coherence measure aims to quantify how orderly (explanation following below) the 

coordinating influences coming in from directly adjacent legs are. For our measure, we 

assumed the presence of the so-called Cruse rules (Figure 3A) in Drosophila. Figure 3 Bi to 

Biii show exemplary footfall patterns with the coordinating influences from neighboring legs 

plotted below. The shape (horizontal bar, vertical bar, or ramp) indicates which rule is exerted 

(see bottom of Figure 3A for legend) and the color gives information about the leg which 

caused the influence. In Figure 3Bi we see multiple examples of rule 1 (horizontal bar, 

suppressing) and rules 2 and 3 (vertical bar and ramp, facilitating) overlapping. While Bii and 

Biii still show some examples of overlapping suppressing and facilitating influences it becomes 

clear, that the orderliness of intersegmental influences increases with higher walking speeds 

and TCS values. Increasing orderliness in this context means that rules 2 and 3 overlap more 

often with them self and/or each other and especially that rule one shows less overlap with the 

contradicting influences of rules 2 and 3. Some examples for these increasing orderliness with 

increasing walking speeds can be seen in the first row of panels Ci to Ciii in Figure 3. The 

highest displayed speed and TCS in panel Biii shows a high degree of order with suppressing 

influences being mostly separated from facilitating ones, which indicates that the signals 

between adjacent legs are less contradicting. At the same time, rules 2 and 3 are better aligned 

with each other, resulting in a summation of facilitating influences, which might again lead to a 

more robust entrainment of neighboring legs. Figure 3C presents examples of panels Bi to Biii 

to illustrate how the coherence value is calculated. First the individual rules are translated into 

signals; Rule (1) was represented with a value of -1 over the course of the swing phase. Rule 

(2) incremented to +1 over three frames and fell then back to zero. Rule (3) incremented its 

effect from 0 to +1 over the course of the stance phase. All effects were summed up and the 

standard deviation over the course of the selected time frame was taken as our coherence 

measure. We always averaged coherence values of all six legs and for the whole time period 
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analyzed, which is why the coherence values resulting from the examples in C do not match 

the values plotted in E. 
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Figure 3: Overview and rationale of our coherence measure. (A) Schematic of a stick insect 

with the first three so called Cruse rules below. The numbers next to the arrows indicate from 

which leg onto which other leg a rule is exerting its effect. Arrows with two heads indicate, that 

the respective rules are active in both directions. (B) Exemplary footfall patterns for walking 

bouts with low (4.0 BL s-1, 0.2 TCS), intermediate (8.4 BL s-1, 0.53 TCS) and high (12.1 BL s-

1, 0.78 TCS) walking speeds and TCS values. Colored bars and triangles below footfall rows 

indicate when the respective leg is affected by a rule and the color indicates, which other leg 

it is affected by. Horizontal bars indicate the action of rule 1, vertical bars of rule 2, and triangles 

of rule 3. The effect of rule 1 is lift-off (=start of protraction) suppressing, while effects of rules 

2 and 3 are protraction facilitating/enforcing. Overlap of rule 1 with rules 2 and/or 3 is 

interpreted as incoherent, while perfect overlap of rules 2 and 3 results in increased coherence 

values. (C) Examples for the determination of the coherence value. Top row shows exemplary 

fractions for the left middle leg (L2) from Bi to Biii. Following rows visualize how rules are 

translated into curves and summed up. Our coherence measure equals the standard deviation 

of the summed curves. For a complete footfall pattern we averaged the results for all individual 

legs. (D) Artificial footfall patterns generated after the mean values for step, swing, and stance 

durations as well as contra- and ipsilateral phase relations shown in Fig. 1 A to F. Selected 

mean walking speeds at which the values were extracted are displayed to the right of each 

footfall pattern. Coherence values of the depicted footfall patterns are shown in orange in (E). 

(E) Coherence values of all straight walking bouts in the data set (blue), the example trials 

shown in (B), and of the artificially generated footfall patterns shown in (D) (orange).  

Figure 3D displays examples of artificially created footfall patterns, which were produced with 

the average values for stance duration, duty factor, and phase relations shown in Figure 2. 

The corresponding coherence values for the patterns in Figure 3D are also plotted in panel E, 

which depicts the average coherence values of all straight walking bouts in our data set. For 

both recorded and artificially produced data, our coherence measure is positively correlated 

with walking speed, while the results for the artificial data (orange dots) trace the upper limit of 

the distribution of recorded trials (blue dots). However, these results show that our coherence 

measure indeed reflects mainly the speed dependent changes in step durations and phase 

relations as shown in Figure 2, rather than being a product of the reduced variability at higher 

walking speeds. In contrast to TCS, which also reflects the speed dependent changes of step 

durations and phase relations, our coherence measure is based on signals between directly 
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adjacent legs which have been demonstrated experimentally in the stick insect (Cruse, 1990; 

Cruse et al., 2007) and might hence be more physiological than the definition of TCS.  

3.3.3 Variability decreases with increasing walking speeds 

To analyze the connection between walking speed and motor variability in detail we separately 

measured and compared spatial and temporal variability for different speed ranges. Spatial 

variability was measured in form of 2-dimensional (x- and y-components) clustering of anterior 

and posterior extreme positions (AEPs and PEPs, i.e. touch down and lift off positions, Figure 

4 Ai and Aii). For each leg and for both AEPs and PEPs the eigenvalues were calculated and 

averaged to provide an estimate of the variability in the bivariate distributions. Temporal 

variability was measured in form of the circular standard deviation of phase relations between 

ipsi- and contralateral leg pairs (Figure 5 Ai and Aii).  
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Figure 4: Spatial variability decreases with increasing walking speeds. (A) Example of the 

relationship between extreme position clustering and walking speed. Ellipses indicate twice 

the standard deviations of the bivariate distributions. AEPs are depicted as circles and PEPs 

as squares. Leg color coding: red = R1; green = R2; blue = R3; orange = L1; teal = L2; magenta 

= L3. (B) Variability distribution of AEPs and PEPs for different speed ranges. Each dot 
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represents the normalized variability of 30+ steps of one fly. Only flies with 30 or more 

measurements between 5 and 6 BL s-1 were added to the analysis pool, because this speed 

bin was selected for normalization purposes. The variability distributions of the two body sides 

were averaged (30+ steps on each side). Faint dashed lines connect dots of individual flies, 

thick black lines connect the average values of all bins. Average values were calculated for all 

bins with 5 or more flies. n-values display the number of flies in each speed bin. 
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Figure 5: Temporal variability decreases with increasing walking speeds. (A) Phase diagrams 

of a representative fly for different speed ranges. Each dot represents the current phase of the 

reference leg at the time of the dependent leg lift-off. The reference leg is for contralateral pairs 

the left and for ipsilateral pairs always the posterior leg. The vector lines (blue) point to the 
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average phases and have average resultant length. Light blue wedges indicate 5 and 95 

percentiles of the distribution. (B) Variability distribution of ipsi- and contralateral phase 

relations for different speed ranges. Each dot represents the normalized variability of 30+ steps 

of one fly. Only flies with 30 or more measurements between 5 and 6 BL s-1 were added to the 

analysis pool, because this speed bin was selected for normalization purposes. The variability 

distributions of ipsilateral pairs of both body sides have been averaged (30+ steps for each 

pair). Faint dashed lines connect dots of individual flies, thick black lines connect the average 

values of all bins. Average values were calculated for all bins with 5 or more flies. n-values 

display the number of flies in each speed bin. 

We measured spatial and temporal variability for individual flies and different speed ranges 

and normalized the result by dividing all values by the variability between 5 and 6 BL s-1 to 

achieve comparability. The average of the relative variability values for speed ranges was 

taken to illustrate the trend. Normalized and averaged variability values for all flies reveal a 

distinct decrease of both spatial (Figure 4 Bi and Bii) and temporal (Figure 5 Bi and Bii) 

variability with increasing walking speeds. The average decrease for AEP clustering is almost 

linear and similar for all legs. The decrease for PEPs is more prominent for walking speeds 

between 3 and 8 BL s-1 and is substantially weaker for front legs.  

The decrease in temporal variability described by contralateral phase relations is again weaker 

for front legs and reached a negative plateau for values above 6 BL s-1. Ipsilateral phase 

relations are almost identical between middle and front legs and hind and middle legs and 

show a very smooth transition from strong decreases at low walking speeds towards a negative 

plateau at higher walking speeds.  

Overall, variability decreased more strongly for the temporal aspects. Spatial variability 

decreased linearly and temporal variability seemed to reach a negative plateau at high walking 

speeds. However, all measured aspects on average showed a clear and consistent decrease 

of variability in walking behavior with increasing walking speeds. 

3.3.4 Static stability necessitates increased accuracy at higher walking speeds 

The static stability of original step cycles (SCs) was analyzed and compared to standardized 

steps to test how sensitive static stability is to temporal and spatial variability.  
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Static stability is a likely candidate for what flies want to control for when generating their motor 

output, because stumbling or falling due to instable configurations is inefficient and can, for 

example, obstruct reproductive success in male flies, because they have to successfully chase 

a female to reproduce (Bateman, 1948). Unsystematic variability can be understood as random 

deviations from the intended movement and should therefore result in less stable stepping for 

most cases. Systematic variability on the other hand can result from neural or biomechanical 

mechanisms which have the purpose to optimize on a step-by-step basis for a certain 

parameter of walking behavior, such as static stability.  

The hypothesis for our analysis was as follows: if the higher level of variability at low walking 

speeds results from spontaneous adjustments that increase the acute static stability, then 

individual steps should be more stable, on average, compared to averaged steps, because 

averaging largely eliminates the exact matching of timing and positioning between the legs for 

a particular step or SC. 

However, the stability of the averaged step was higher than the average stability of the 

individual steps for all flies and speed ranges. This shows that flies – at least from the static 

stability view point – should aim to perform an idealized step which they deviate from due to 

their unsystematic variability.  



 

Chapter 3: Speed-related changes in kinematic variability in walking Drosophila  |  87 

 



 

Chapter 3: Speed-related changes in kinematic variability in walking Drosophila  |  88 

Figure 6: Static stability demands increased accuracy at higher walking speeds. (A) Example 

of a static stability polygon (black connected dots) formed by all legs in stance phase at the 

presented instant in time. Green connected dots indicate the estimated center of mass and the 

closest point on the stability polygon. (B) Static stability graphs over the course of individual 

and partially or completely averaged SCs. Grey lines in (Bi) display the stability values for the 

steps as they were originally performed by the animal. In (Bii) and (Biii) show stability values 

for the same steps as on (Bi), but with averaged trajectories or phases, respectively. Blue lines 

show the stability of the corresponding average step. Green lines indicate the average stability 

of all individual steps (grey lines, partially averaged or original). (C) Summarized results for all 

flies with at least 30 steps in one of the three speed ranges. Each dot represents the average 

stability of 30 steps of one fly. Boxplots show the 5, 25, 50, 75, and 95 percentiles of the 

distributions. Red dots correspond to steps as they were originally performed by the animal, 

green dots to original phases with averaged trajectories, blue dots to averagde phases with 

original trajectories, and white dots to averaged phases with averaged trajectories. (Ci) 2 to 4 

BL s-1, (Cii) 5 to 7 BL s-1, (Ciii) 8 to 10 BL s-1. 

Original steps and averaged steps both became generally less stable the faster flies walk. This 

can readily be explained by the decreasing number of legs which are simultaneously in stance 

phase with increasing walking speed. The decreased stability at high walking speeds means 

that disturbances of or imperfections in the motor output more quickly result in stumbling or 

falling. As shown in the previous section, flies compensate for that by decreasing the variability 

of stepping with increasing speeds. The question arising therefore is, whether flies walk more 

variable at low speeds just because the longer stance phases allow for it, or due to some yet 

unknown factor. 

3.3.5 Walking speed, TCS, and coherence are all correlated with variability 

To analyze and compare how walking speed, TCS, and coherence relate to spatial and 

temporal variability, we performed a similar analysis as presented in Figures 4 and 5. Here we 

used tripod cycles (see Materials and Methods) instead of SCs to be able to calculate TCS 

and coherence, which is why Figures 7A and 8A differ slightly from Figures 4B and 5B. Apart 

from this difference we performed exactly the same analysis: we defined bins for all three 

parameters, namely walking speed, TCS, and coherence. We took data of each fly with 30 or 

more steps in a parameter bin and calculated the spatial and temporal variability. Finally we 
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normalized the results by dividing all variability values by the variability of the bin which 

contained data of the largest number of flies. The resulting normalized variability values are 

plotted on Figures 7 and 8. 

 

 

Figure 7: Variability distribution of AEPs and PEPs for different walking speeds, TCS, and 

coherence values. Each dot represents the normalized variability of 30+ steps of one fly. The 

variability distributions of the two body sides were averaged (30+ steps on each side). Faint 

dashed lines connect dots of individual flies, thick black lines connect the average values of all 

bins. n-values display the number of flies in each speed bin. Average values were calculated 

for all bins with 5 or more flies. (A) Variability of AEPs and PEPs plotted against walking speed, 

(B) against TCS, and (C) against coherence. 
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Figure 7 shows that walking speed, TCS, and coherence are all negatively correlated with 

spatial variability measured as the 2D variance of AEP and PEP distributions. Overall, the 

correlations seem to be linear and highly similar for all three parameters, as well as for AEPs 

and PEPs. 

 

Figure 8: Variability distribution of contra- and ipsilateral phases for different walking speeds, 

TCS, and coherence values. Each dot represents the normalized variability of 30+ steps of 

one fly. The variability distributions of ipsilateral pairs of both body sides have been averaged 

(30+ steps for each pair). Faint dashed lines connect dots of individual flies, thick black lines 

connect the average values of all bins. n-values display the number of flies in each speed bin. 

Average values were calculated for all bins with 5 or more flies. (A) Variability of contra- and 

ipsilateral phases plotted against walking speed, (B) against TCS, and (C) against coherence. 

The variability of contralateral and ipsilateral phases is also negatively correlated with all three 

parameters. Contralateral phases of front legs show the weakest correlation in all cases. TCS 
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shows an almost linear relationship with the variability of ipsilateral and contralateral phases. 

Walking speed and coherence on the other hand show a stronger correlation at lower and a 

slightly weaker correlation at the higher part of the parameter ranges. Apart from these small 

differences, correlations with temporal variability seem very similar for all three parameters, as 

we already observed for the spatial variability depicted in Figure 7. This high similarity between 

all three parameters demonstrates, that they all, despite their different definitions, capture 

important aspects of walking behavior, which are connected to motor variability. 

3.3.6 Proxies for variability yield similar results for TCS and coherence 

We used Z-scores describing the deviation from the average of the whole distribution as 

proxies for variability, which allowed us to directly assign a variability value to every step in the 

data set. We plotted these Z-scores separately for AEPs and PEPs (Figure 9) as well as for 

contralateral and ipsilateral phases (Figure 10) against walking speed, TCS, and coherence. 

Because the data was too dense to observe individual data points, we calculated probability 

density functions, which we visualized in form of heat maps in Figures 9 and 10, together with 

contour lines for visual guidance and regression lines for quantification purposes. 
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Figure 9: Heat maps displaying the probability density functions of Z-Scores against walking 

speed, TCS, and coherence. Z-Scores here describe the standardized deviation from average 

values of AEP and PEP distributions (see Figure 1). Standardized means that the average 

value was subtracted and everything was divided by the standard deviation. The color bar to 

the right indicates the probability density and the contour lines help to identify the regions for 

certain density values. Slope and r2 values belong to the dashed regression line. The center 

of all data points is marked with a red x. (A) Z-Scores of AEPs and PEPs plotted against 

walking speed, (B) against TCS, and (C) against coherence. 

Figure 9 shows a different shape of the distribution of spatial variability Z-scores and walking 

speed compared to TCS and coherence. While the former approximates a triangle shape with 

the highest data concentration on the lower left side of the center, TCS and coherence both 

show a more elliptical distribution with the highest data concentration shifted towards the lower 

right side of the center. Both the slope and r2-values indicate a stronger correlation of TCS and 

coherence compared to walking speed. 
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Figure 10: Heat maps displaying the probability density functions of Z-Scores against walking 

speed, TCS, and coherence. Z-Scores here describe the standardized deviation from contra- 

and ipsilateral average phases. Standardized means that the average value was subtracted 

and everything was divided by the standard deviation. The color bar to the right indicates the 

probability density and the contour lines help to identify the regions for certain density values. 

Slope and r2 values belong to the dashed regression line. The center of all data points is 

marked with a red x. (A) Z-Scores of contra- and ipsilateral phases plotted against walking 

speed, (B) against TCS, and (C) against coherence. 

Results for temporal variability Z-scores in Figure 10 are highly similar to those for the spatial 

ones in Figure 9. Figure 10B shows an even higher concentration of data for TCS than for 

coherence in panel C, which might contribute to the slightly larger r2-values for TCS. 

Additionally, the r2-values are larger for all parameters for ipsilateral than for contralateral 

phases variability.  

Overall the analysis using variability proxies revealed a weak correlation with all three 

parameters. It was the weakest for walking speed, which also showed a different shape of 

correlation, as the contour lines for both spatial and temporal variability aspects demonstrate. 
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The high similarity for TCS and coherence on the other hand indicates that they measure 

similar aspects of walking behavior. 

3.3.7 TCS is a better predictor for variability than walking speed 

We used tripod coordination strength (TCS) to quantify the tripodness of stepping sequences 

and compared this proxy for interleg coordination against walking speed regarding the relative 

spatial and temporal variability. TCS is a simple measure which indicates how close a 

sequence of walking behavior is to an ideal tripod coordination. It is positively correlated with 

walking speed, while TCS values for certain speed values can vary substantially, especially for 

intermediate speeds (Figure 11A). This variability of TCS values at intermediate speeds 

allowed us to separate the two factors in the following way: first we restricted the speed range 

to 5.05 to 5.8 BL s-1 (Figure 11A), calculated the variability of steps with high TCS values and 

divided it by the variability of the low TCS steps. In this analysis, values below 1 are associated 

with flies with reduced variability for high TCS values and above 1 for those with increased 

variability. We then restricted the TCS range to 0.64 to 0.70 TCS, keeping the largest part of 

the walking speed range (Figure 11B) and proceeded with the same steps as for the restricted 

walking speed range.  
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Figure 11: TCS is a better predictor for variability than walking speed. (A) Walking speed range 

limited to 5.05 to 5.8 BL s-1. Steps belonging to the lower 50 % of TCS values are shown in 

red, upper 50 % in green. Every fly has its own median TCS value, which is why the border 

between lower and upper halves of TCS values are not separated at one identical TCS value 

for all flies. (B) TCS range limited to 0.64 to 0.7 TCS. Steps with low walking speeds are shown 

in red, high walking speeds in blue. As for TCS, separation of lower and upper halves is 

individual for each fly. (C) Relative spatial and temporal variability for the subsets of data shown 

in (A) and (B). For each fly, the variability of high TCS (green) and high walking speed (blue) 

steps was calculated and divided by the variability of the respective low TCS and low walking 

speed group. This way, normalized variability values below one demonstrate, that the fly 

walked less variable with higher TCS values or walking speeds, respectively. (Ci) Normalized 

variability of AEPs. (Cii) Normalized variability of PEPs. (Di) Normalized variability of 

contralateral phase relations. (Dii) Normalized variability of ipsilateral phase relations. Each 

dot represents results for one fly, mean results are indicated with an orange bar. (D) Variability 

of high TCS or walking speed contralateral and ipsilateral phase relations divided by their low 
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scoring counterparts. Each dot represents results for one fly, mean results are indicated with 

an orange bar. 

As the results in Figure 11 C and D show, high-to-low TCS comparison yielded significantly 

reduced variability values for high TCS steps both spatially and temporally, while the high-to-

low walking speed comparison did only result in a significant difference for PEP variability. The 

effect size along the TCS dimension is much larger for temporal (phase relations in Fig. 11D) 

than for spatial variability (APEs and PEPs in Fig. 11C), while it was the other way around for 

the coherence dimension. Overall, this analysis demonstrates that interleg coordination (here, 

approximated with TCS) is negatively correlated with variability, while walking speed alone 

only shows significant effects for spatial variability measures. This result indicates that walking 

speed does not have a strong direct impact on motor variability, but affects it due to its 

correlation with interleg coordination. 

3.3.8 Coherence is a better predictor for variability than walking speed and TCS 

To directly compare walking speed, TCS, and coherence with regard to their capacity for the 

prediction of spatial and temporal variability we extended the analysis presented in Figure 11 

by comparing walking speed and TCS to our coherence measure (Figure 12 and 13). To keep 

all three analyses comparable, we used the same limits for the narrowed ranges of the three 

parameters. 
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Figure 12: Coherence is a better predictor for variability than walking speed. (A) Walking 

speed range limited to 5.05 to 5.8 BL s-1. Steps belonging to the lower 50 % of Coherence 

values are shown in red, upper 50 % in green. Every fly has its own median Coherence value, 

which is why the border between lower and upper halves of TCS values are not separated at 

one identical Coherence value for all flies. (B) Coherence range limited to 0.9 to 0.962 

Coherence. Steps with low walking speeds are shown in red, high walking speeds in blue. As 

for Coherence, separation of lower and upper halves is individual for each fly. (C) Relative 

spatial and temporal variability for the subsets of data shown in (A) and (B). For each fly, the 

variability of high Coherence (green) and high walking speed (blue) steps was calculated and 

divided by the variability of the respective low Coherence and low walking speed group. This 

way, normalized variability values below one demonstrate, that the fly walked less variable 

with higher Coherence values or walking speeds, respectively. (Ci) Normalized variability of 

AEPs. (Cii) Normalized variability of PEPs. (Di) Normalized variability of contralateral phase 

relations. (Dii) Normalized variability of ipsilateral phase relations. Each dot represents results 

for one fly, mean results are indicated with an orange bar. (D) Variability of high Coherence or 
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walking speed contralateral and ipsilateral phase relations divided by their low scoring 

counterparts. Each dot represents results for one fly, mean results are indicated with an orange 

bar. 

Figure 12 C and D show significant effects along the coherence dimension with the narrowed 

range of walking speeds for AEPs and PEPs as well as contralateral and ipsilateral phases. In 

contrast, we could not find any significant difference along the walking speed dimension with 

the narrowed range of coherence values. This finding suggests that our coherence measure 

can predict variability with even higher accuracy than TCS, which, in turn, was already shown 

to be more predictive than walking speed in Figure 7. 

 

Figure 13: Coherence is a better predictor for variability than TCS. (A) TCS range limited to 

0.64 to 0.7 BL s-1. Steps belonging to the lower 50 % of Coherence values are shown in red, 

upper 50 % in green. Every fly has its own median Coherence value, which is why the border 
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between lower and upper halves of TCS values are not separated at one identical Coherence 

value for all flies. (B) Coherence range limited to 0.9 to 0.962 Coherence. Steps with low TCS 

are shown in red, high TCS in blue. As for Coherence, separation of lower and upper halves 

is individual for each fly. (C) Relative spatial and temporal variability for the subsets of data 

shown in (A) and (B). For each fly, the variability of high Coherence (green) and high TCS 

(blue) steps was calculated and divided by the variability of the respective low Coherence and 

low TCS group. This way, normalized variability values below one demonstrate, that the fly 

walked less variable with higher Coherence values or TCS, respectively. (Ci) Normalized 

variability of AEPs. (Cii) Normalized variability of PEPs. (Di) Normalized variability of 

contralateral phase relations. (Dii) Normalized variability of ipsilateral phase relations. Each 

dot represents results for one fly, mean results are indicated with an orange bar. (D) Variability 

of high Coherence or TCS contralateral and ipsilateral phase relations divided by their low 

scoring counterparts. Each dot represents results for one fly, mean results are indicated with 

an orange bar. 

The overall difference between the TCS and coherence dimension depicted in Figure 13 is 

small. Especially for AEPs and ipsilateral phases the relative variability values for TCS and 

coherence are highly similar. For PEPs and contralateral phases on the other hand we observe 

a reasonably large decrease along the coherence dimension, while values along the TCS 

dimension are neutral on average. However, the small effect size together with the mixed 

results for both spatial and temporal aspects of variability are first and foremost another 

indication of the general similarity of TCS and coherence. Still, taken together with the indirect 

comparison over walking speed in Figures 7 and 12, our findings indicate that the coherence 

measure is an even better predictor of variability than TCS. 
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3.4 Discussion 

In this study, we analyzed an extensive data set of straight walking fruit flies along the 

dimension of walking speed and focused on systematic changes in stepping variability and 

how intersegmental influences relate to them. We used this data set to analyze in detail how 

common parameters of walking behavior, such as step durations, duty cycles, or phase 

relations change systematically with walking speed (Figure 2). To quantify how potential 

intersegmental influences affect the timing and coordination of leg movements we established 

a measure of coherence of these influences. This measure was used on artificially created 

footfall patterns (Figure 3 D and E) and proofed to be proportional to the systematic changes 

of interleg coordination presented in Figure 2. For both spatial and temporal variability we found 

negative correlations with walking speeds (Figure 4 B and Figure 5 B). Systematic analysis of 

static stability revealed that mean steps are more stable than individual steps, even if only the 

temporal or the spatial aspect were averaged. Additionally, static stability markedly decreases 

with increasing walking speeds, possibly suggesting the necessity for increased accuracy of 

individual leg stepping and interleg coordination (Figure 6 C). Correlating spatial and temporal 

variability with walking speed, TCS, and coherence in Figures 7 and 8 showed, that all three 

parameters are negatively and mostly linearly correlated with all measured aspects of 

variability. Usage of a single step-based proxy for variability in Figures 9 and 10 revealed that 

walking speed differs from TCS and coherence with regard to its data concentration and overall 

shape in the heat map depiction. Limiting the range of walking speed and then TCS while 

allowing almost full range variance of the other parameter (Figure 11 A and B) revealed that 

TCS, in direct comparison, can more accurately predict the stepping variability than walking 

speed (Figure 11 C and D). Directly testing the predictive capabilities of coherence against 

walking speed in Figure 12 showed that coherence can predict both spatial and temporal 

variability more accurately than walking speed, even more consistent and with a larger effect 

size than TCS in the homologous analysis in Figure 11. Direct comparison of TCS and 

coherence in Figure 13 again indicates that coherence is the best predictor for variability 

analyzed in this study. 
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Walking speed is arguably the most important high level parameter affecting all over aspects 

of walking behavior. We calculated how nine basic kinematic parameters change with walking 

speeds in our extensive data set and plotted the results in Figure 2. In doing so, we were able 

to reproduce most findings of previous studies (DeAngelis et al., 2019; Mendes et al., 2013; 

Strauß and Heisenberg, 1990; Szczecinski et al., 2018; Wosnitza et al., 2013). One difference 

was that swing duration for our data set decreased from ~40 ms to ~25 ms, while DeAngelis 

et al. show an increase from ~30 to ~40 ms for a similar range of walking speeds. Mendes et 

al. and Sczcecinski et al. on the other hand report a small decrease in swing duration which 

was in a similar range as what we observed. However, we used the mean results from Figure 

2 to construct artificial footfall patterns (Fig. 3D) which did not contain any noise, but strictly 

followed the statistics of recorded walking behavior. These artificial footfall patterns were used 

to evaluate our coherence measure, which we established to quantify how well attuned the 

incoming coordinating signals from different adjacent legs were. For the estimation of these 

intersegmental signals we assumed that similar rules as described by Cruse in 1990 for the 

stick insect (Fig. 3A) are also valid in the fruit fly. We found a consistent positive correlation 

between our coherence measure and increasing walking speeds, both for recorded behavior 

and artificial data (Fig. 3E). Testing the coherence measure on artificial data without step-to-

step variability thereby proved that we did not just reproduce the inverse of the decrease in 

variability which can be observed with increasing walking speeds. 

Many aspects of changes in interleg coordination related to different walking speeds are widely 

studied (DeAngelis et al., 2019; Mendes et al., 2013; Szczecinski et al., 2018; Wosnitza et al., 

2013); however, one aspect which has not yet received a lot of attention is the step-to-step 

variability and how it changes with walking speed. We were able to successfully replicate the 

finding that the temporal variability of leg movements decreases with increasing walking 

speeds (Figure 5) (DeAngelis et al., 2019; Mendes et al., 2013). Additionally, we could for the 

first time quantify the decrease of spatial variability with increasing walking speeds for a large 

data set (Figure 4). The finding of decreasing variability for higher walking speeds seems 

counterintuitive at first, since larger activation amplitudes of muscles are usually associated 
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with proportionally increased motor noise (Harris and Wolpert, 1998; Schmidt et al., 1979; 

Todorov, 2004), or in other words, variability. A common hypothesis to explain this discrepancy 

in insects is that sensory feedback plays a diminishing role with increasing walking speeds 

(Berendes et al., 2016; Isakov et al., 2016), or from a different perspective, that inter-limb 

coupling becomes stronger at high speeds (Aminzare et al., 2018; Aminzare and Holmes, 

2019). The first interpretation is based on the idea that sensory feedback produces variability 

due to situation-dependent adaptions of leg movements, while the second interpretation 

congruently says that fast walking is mostly centrally driven and open-loop aspects dominate. 

Following these interpretations that sensory feedback is the cause of high variability at slow 

walking, it should be expected that this variability is to some degree systematic and serves a 

purpose.  

One parameter that could be optimized through sensory feedback is static stability. Small 

animals like flies are more affected by elastic and viscous forces than by inertia; hence static 

stability is crucial, because it directly impacts the fly's ability to maintain balance and avoid 

falling while walking (Szczecinski et al., 2018). We therefore analyzed the static stability of 

individual steps and compared it to averaged steps calculated for the same animal. This way 

we could test whether the variability of individual steps increases the static stability compared 

to averaged steps, in which the situation dependent adaptions of leg movements are smoothed 

out. We found that averaged steps in all cases were more stable compared to the stability of 

individual steps, even if only the temporal or the spatial aspect were averaged (Figure 6C). 

Individual steps being less stable than averaged ones indicates that either sensory feedback 

is not mainly used to improve static stability, or other factors are producing the observed 

variability. We also observed that static stability decreases significantly with increasing walking 

speeds, reducing the margin for variability, as deviations from the optimal configuration more 

rapidly lead to instability when static stability is already diminished. Conversely, at lower 

walking speeds, longer stance phases allow for greater variability in stepping. (Schilling et al., 

2013). It is possible that flies produce more variable motor output during slow walking simply 
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because precise control is not required to maintain static stability. However, it seems more 

likely that the changes in variability are driven by the neural control system itself. 

A fly’s nervous system produces a continuum of interleg coordination patterns converging to 

the so-called tripod coordination at high walking speeds (DeAngelis et al., 2019; Wosnitza et 

al., 2013). TCS is a simple measure of how tripod a certain pattern is. It produces reliably high 

values for tripod-like patterns and gradually lower values for patterns further down the 

continuum (Wosnitza et al., 2013). It is impossible to properly assess the temporal interaction 

of six legs with a single number, but we found TCS to be a well-suited proxy to analyze how 

variability changes with interleg coordination and whether it is significantly different from 

walking speed. In addition to walking speed and TCS we tested our coherence measure 

against variability. Similar to TCS, the coherence measure is also based on the timing of lift-

off and touchdown events, but it is based on assumed coordinative signaling between directly 

adjacent legs. In contrast, TCS is based on the overlap of swing phases in tripod groups and 

thus combines legs which are not directly adjacent. However, all three parameters show a 

clear negative and mostly linear correlation with both spatial and temporal variability, as 

depicted in Figures 7 and 8. This high similarity shows that walking speed, TCS, and coherence 

describe important aspects of walking behavior which are connected to each other and to the 

causes of spatial and temporal variability. Direct comparison of all three parameters with regard 

to the strength of correlation is difficult, because it was impossible to use the same data 

subsets for their calculation. However, to allow fair comparison, we used the standardized 

deviation from a fly’s mean AEP, PEP, contra-, or ipsilateral phase relation as a proxy for 

variability. This procedure enabled us to assign spatial and temporal variability values to each 

tripod cycle, which were then correlated with walking speed, TCS, and the coherence of the 

same tripod cycle. The results in Figures 9 and 10 replicate the finding of negative correlations 

for all three parameters, but additionally reveal that walking speed is distinct from TCS and 

coherence, as it shows a different shape of contour lines and a shift of the highest data 

concentration to the left of the mean. TCS and coherence on the other hand show larger r2-

values than walking speed and are again highly similar to each other. This similarity might 
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come from the fact that both measures are derived from timings of lift off and touch down 

events, although the coherence measure only considers directly adjacent legs and TCS in 

contrast is based on swing phases within tripod groups, which do not contain directly adjacent 

legs. However, walking speed, TCS, and coherence on average all show shape wise similar 

correlations with variability (Figures 7 and 8), while direct comparison using a proxy for 

variability indicates that TCS and coherence are stronger correlated with variability than 

walking speed (Figures 9 and 10). An even more direct comparison of all three parameters is 

needed to make more definitive statements. 

The central problem of comparing walking speed, TCS, and coherence with regard to variability 

is that all three parameters are correlated with each other. Our idea to solve this issue was to 

separate the factors from each other as much as possible. We made use of the fact that we 

observe a range of different TCS values for all walking speeds, particularly for intermediate 

speeds (Figure 11A). This allowed us to separate the two factors by restricting the variability 

of one at a time while allowing almost the full range of the other. Comparison of the relative 

variability of TCS and walking speed in Figure 11 C and D revealed that TCS, or the underlying 

change in coordination patterns, is better correlated with variability than walking speed. TCS 

captures highly significant differences in relative variability for both contra- and ipsilateral 

phase relations while walking speed shows a much smaller effect (Fig. 11D); hence walking 

speed seems to more indirectly affect temporal variability due to its effect on interleg 

coordination. For spatial variability the effect is much smaller, but also shows a slight 

advantage of TCS over walking speed (Fig. 11C). However, these results suggest that the 

decrease in variability with increasing walking speeds arises from systematic changes in phase 

relationships between adjacent legs along the continuum of interleg coordination patterns.  

The coordination rules proposed by Cruse et al. provide a well-established framework to 

explain how insect legs are controlled in a decentralized manner (Cruse, 1990; Cruse et al., 

2007). While the existence and importance of central pattern generators (CPGs) for insect 

locomotion is extensively documented (Bässler and Wegner, 1983; Bidaye et al., 2018; 

Pearson, 1972; Wilson, 1961; MacKay-Lyons, 2002; Mantziaris et al., 2020), it remains largely 
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unclear how their activity is aligned with each other. Sensory feedback and/or state-dependent 

signaling are the most likely candidates to fill the gap. The individual leg CPGs can be 

understood as oscillators and the signals coming from sensory feedback and CPGs of contra- 

and ipsilaterally adjacent legs provide coupling (Berendes et al., 2016; Cruse, 1990). 

Entrainment of any oscillator is the strongest when all incoming influences are coherent and 

do not contradict each other (Pikovsky et al., 2001). We applied all temporal influences as 

described by Holk Cruse in 1990 on exemplary footfall patterns and observed, that these 

assumed signals indeed become more coherent and less contradicting the faster a fly walks 

(Fig. 3B). This observation is well captured in our coherence measure, as the examples in 

Figure 3C and the coherence values of all recorded walking bouts in Figure 3E show. 

Additionally, the coherence measure is shown to yield similar results for artificial footfall 

patterns (Fig. 3D) and recorded data (Fig. 3E). Coherence values of artificial footfall patterns 

are systematically higher than most coherence values of recorded walking bouts, probably 

because the unsystematic noise in the recorded data negatively affects the coherence of 

intersegmental influences, while the artificial footfall patterns are based on averaged values 

and therefore do not contain noise. Direct comparison of our coherence measure and walking 

speed in Figure 12 revealed highly significant differences between them. The coherence 

measure on average shows a clear effect for all spatial and temporal parameters, while walking 

speed completely fails to detect a significant correlation for any of the four parameters. This 

clear result suggests that our coherence measure, and even more than TCS, captures most 

of the systematic variability, while walking speed seems to only indirectly affect variability due 

to its correlation with the continuum of interleg coordination patterns. Finally, we addressed 

the arising question if our coherence measure can more accurately predict variability than TCS 

(Figure 13). TCS only showed a clear effect on the variability on AEPs, while our coherence 

measure additionally detected a variability decrease for PEPs and showed slightly larger effect 

sizes for contralateral and ipsilateral phase relations. Figures 7 and 8 showed that all three 

parameters are linearly correlated with variability, hence similar differences should be 

expected for the ranges of high and low scoring groups shown in panels A and B of Figures 
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11 to 13. We currently have no hypothesis for the different effects of TCS on AEP and PEP 

variability in Figure 13C, or an explanation why the difference between TCS and walking speed 

in Figure 11 C and D are much more pronounced for temporal aspects than for spatial once. 

However, the overall consistency of the findings that TCS and coherence in direct comparison 

were superior to walking speed in predicting variability and the fact that coherence more 

reliably detected variability than TCS clearly hint towards a connection of intersegmental 

influences and variability.  
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4 Chapter 4: An advanced setup for studying freely-walking 

Drosophila 

  

4.1 Introduction 

Investigating the walking behavior of freely-moving Drosophila has the potential to provide key 

insights into the neural and biomechanical mechanisms underlying legged locomotion. 

However, capturing this behavior with high spatial and temporal resolution presents significant 

technical challenges, especially when considering the rapid leg movements and fine-scale 

kinematic changes characteristic of walking behavior in flies. For instance, the typical swing 

phase duration of Drosophila melanogaster is approximately 30 ms (Chapter 3), necessitating 

the use of frame rates around 200 Hz to capture a minimum of 5 to 6 frames per swing phase. 

This is critical for accurately detecting the transition points between the swing and stance 

phases, as well as the precise lift-off and touch-down positions. Additionally, the small body 

size of Drosophila, approximately 2 mm in length, presents a further challenge. High-resolution 

recordings of fly behavior require either close proximity of the camera to the subject or the 

application of significant optical zoom. Achieving a large depth of field is advantageous for 

obtaining sharp images, yet it poses a tradeoff with the need for short exposure times to 

minimize motion blur, because optimizing both parameters reduces the amount of light 

reaching the camera sensor during image acquisition. Previous approaches for studying fly 

locomotion, such as multi-animal tracking systems (TRex: Walter and Couzin, 2021) or ball-

tracking setups (Berendes et al., 2016; Seelig et al., 2010), have their own limitations. TRex 

for example struggles to balance the need for high frame rates and high resolution over 

extended periods of live recordings. Ball tracking setups, on the other hand, involve tethering 

of the fly and letting it walk on an air-suspended ball, which might have unforeseeable effects 

on the expressed behavior, such as the influence of the ball’s curvature on walking kinematics 

or the absence of visual flow.  
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Here, I describe an advanced setup that is designed to address these challenges by 

continuously recording walking behavior in freely moving Drosophila at frame rates of up to 

200 Hz with high video resolution. The setup allows for long-term behavioral studies without 

sacrificing detail in the captured data, which is crucial for analyzing the fine but systematic 

nuances in both leg tip kinematics and interleg coordination patterns (see chapters 2 and 3). 

The higher resolution of the new camera enabled the capture of the entire arena, while 

maintaining the relative size of the fly in pixels consistent with the previous setup. This 

improvement ensures that the entire body of the fly is captured in every video frame, whereas 

data from the previous setup were sometimes unsuitable for analysis when parts of the fly were 

outside the frame. Furthermore, this new system incorporates robust data pre-selection 

methods, enabling researchers to focus on specific parameters of interest, such as walking 

speed or curvature of walking trajectories, while filtering out irrelevant or unwanted behaviors. 

A use case for the new setup presented here is the analysis of trajectory curvature based on 

three different analytical approaches. The first approach is an integral component of the data 

pre-selection algorithm applied on the raw data which comes out of the setup. It is used for 

detection of segments of walking behavior within a defined range of curvature values and is 

based on smoothing spline functions. The second approach approximates segments of 

walking behavior with a circle and thereby provides a simple and easy to interpret way for 

quantifying the curvatures of trajectories. The third approach measures how flies adjust their 

body orientation in relation to their path, providing an interesting extension to the other two 

methods which are entirely based on the curvature of walking trajectories. The advantages 

and limitations of each approach are discussed and compared, resulting in the suggestion to 

combine the spline function and the body orientation approach for further analysis of curved 

walking behavior. However, the example of curvature analysis demonstrates how the 

enhanced capabilities of the setup presented here can be leveraged to analyze specific 

aspects of Drosophila walking behavior. 
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In summary, this advanced setup offers a comprehensive solution for studying Drosophila 

walking behavior with high spatial and temporal resolution, addressing key limitations of 

previous tracking systems.  

 

4.2 Materials and Methods 

4.2.1 Experimental setup 

Except for the camera the exact same hardware components as for parts one and two of this 

thesis were used. Please go section 2.3.2 for a detailed description. However, the most 

important aspects of the setup are described here again.  

The recording arena consisted of an inverted glass petri dish (diameter: 60 mm) as the walking 

substrate and a watch glass (diameter: 100 mm) as the lid. This arrangement formed a closed 

chamber with a curved dome tapered towards the edge of the petri dish, similar to an inverted 

FlyBowl (Simon and Dickinson, 2010). To record flies walking on the glass substrate the Atlas 

ATX051S-MC camera (LUCID Vision Labs, Richmond, BC, Canada) was used for this new 

version of the setup. The major advantages of this new camera are the more than two times 

higher resolution (as compared with the previous setup) and the 10 Gigabit Ethernet 

connection which allowed us to continuously grab frames with a resolution of 2000-by-2000 

pixels at a recording rate of 200 Hz. The camera was equipped with an object-space telecentric 

lens (focal length 55 mm, model: Computar TEC-55, CBC America, Cary, North Carolina, 

USA). The camera was located on the side of the setup and its view was directed at the 

experiment chamber from below via a surface mirror tilted at an angle of 45° (Figure 1).  
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Figure 1: Schematic of the experimental setup. The watch glass covering the petri dish is not 

depicted. 

The scene was illuminated with 60 infrared (IR) LEDs (wavelength: 830 nm, opening angle: 

20°) arranged in a concentric ring around the chamber. Video data was acquired at 200 Hz 

and a shutter time of 400 µs.  

4.2.2 Software changes 

The new camera enabled capturing of the whole arena, but for continuous recording at 200 Hz 

a new data processing solution was needed, because full resolution frames could not be stored 

fast enough. The first step was to implement the software in Python instead of Matlab, which 

allowed for usage of free source software packages. The first adaption was the use of 

multiprocessing to more efficiently distribute the load of tasks required for data acquisition on 

multiple processor kernels. However, the central, yet unsolved, problem was the amount of 

data which needed to be handled in a very short period of time: a single grayscale frame at 

2000-by-2000 pixels resolution is 4 megabytes (MB) of disc space. At a capture rate of 200 Hz 

this accumulates to 800 MB in a single second. This amount of data per second cannot be 

written on a conventional hard drive and even if it was possible, the data load would be 

inefficient to handle.  
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Figure 2: Example shot from the setup at full resolution of 2000-by-2000 pixels (4 MB disc 

space). The green outlines around the fly measures exactly 200-by-200 pixels (0.04 MB disc 

space). 

The simple solution was to only keep the part of each image which is relevant, namely the part 

in which the fly was located (Figure 2, green outlines). To reliably isolate the fly from the original 

video frames, a fast and robust detection algorithm was required. With a frame capture rate of 

200 Hz, the interval between consecutive frames is only 5 ms, necessitating the completion of 

all operations within this time frame to prevent data accumulation in RAM. In the previous 

setup, a threshold operation followed by a blob detection algorithm was used to determine the 

fly’s position. However, for full-scale frames, this process exceeded the 5 ms limit and was 



 

Chapter 4: An advanced setup for studying freely-walking Drosophila  |  112 

therefore performed after the recording had concluded. To enable faster, yet reliable real-time 

tracking of the fly’s position during live recordings, a new detection algorithm was developed. 

This approach involved (1) down sampling the video frames by a factor of 4, (2) converting 

them into binary images using a brightness threshold, and (3) applying the median function to 

the white pixel values along the x- and y-axes. This way, the center of the largest object with 

brightness values above threshold (the fly) could reliably be detected in less than 5 ms and 

with an accuracy of 4 pixels. Around the position of the fly a 200-by-200 pixels large square 

was cut out of the video frame. In this snippet, the position of the fly was again determined with 

the same approach as before but without down sampling to have more exact coordinates and 

a smoother walking trajectory. The resulting 200-by-200 pixels snippet was written to the hard 

drive. This way. each frame needed only one percent of the disc space the full frame would 

have needed, which was even further reduced by low-loss compression algorithms applied 

with FFmpeg (codec: libx264, compression factor: 14). One hour of recordings using these 

settings results in a video file of approximately 2 gigabytes (GB), whereas the uncompressed, 

full-resolution version (2000-by-2000 pixels) of the same video would require approximately 

5760 GB of disk space. In addition to the frame snippet containing the fly the exact position of 

that snippet in the original video frame was stored to keep track of the walking trajectory and 

to enable reconstruction of the original view. Exact time points of recording for each frame 

were saved to enable the post hoc detection of frame drops. Every 20 frames the full resolution 

frame showing the whole arena and the cropped version showing just the fly were displayed 

in the graphic user interface (GUI) to enable live supervision during experiments (Figure 3). 
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Figure 3: Screenshots of the graphic user interface (GUI) used for controlling the setup. (A) 

Test recording view. The left side shows the control panel for camera and file handling. The 

lower part of the control panel shows the selected recording parameters section, which 

provides a slider for setting the brightness threshold. The pixels with brightness values above 

the current threshold are displayed in real time with a red overlay in the cropped view on the 

right. The whole arena and the most recent walking trajectory of the fly are shown in the middle. 

(B) Experimentation view. The lower part of the control panel on the left now shows the 

Experiment parameters which are used to select where files are saved and what additional 

information is stored. The cropped view on the right shows the video frames as they are written 

to the hard drive, but with a 20-fold lower frame rate. 

The positions of the fly for the last 5 seconds were depicted with a green line on the whole 

arena view (mid sections of panels A and B in Figure 3). A test-acquisition mode without data 

storage was implemented to adjust lighting, focus, camera settings, and recording parameters, 

such as the brightness threshold, prior to an experiment (Figure 3A). The GUI also provided 

the opportunity to add information like the age and sex of a fly (Figure 3B, control panels on 

the lower left side). The pixels-to-mm ratio could also be saved with the other information, but 

needed to be manually determined by placing a piece of grid paper on top of the walking 

substrate and measuring the number of pixels equaling 1 mm. 

4.2.3 Behavioral experiments 

Experiments were performed in the same way as for the old setup (see 2.3.3), but the whole 

arena was captured continuously due to the advanced hardware (camera and the 10 Gbit s-1 

ethernet connection) and optimized detection algorithm described above. 

4.2.4 Processing of recorded behavior 

The adjustments in hard- and software allowed for continuous video recordings for multiple 

hours. The resulting data sets contained the complete set of behavior a fly can produce in the 

setup, such as walking, grooming, inspecting the outer rim of the arena, and standing still for 

minutes. To algorithmically filter these data sets, a set of three parameters was defined. These 

parameters were: (1) walking speed, (2) curvature of the walking trajectory, and (3) distance 

to the center. All three parameters were calculated and assigned to each individual video 
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frame. In addition, a minimum trajectory length was established to filter out segments that, 

while valid, were too short for analysis purposes. 

Walking speed was calculated by measuring the distances between the fly positions in every 

21th frame (corresponding) to smooth out speed fluctuations which happen when legs 

transition between swing and stance phase. An additional benefit of smoothing was the 

reduction of noise caused by both the discretization inherent in the detection algorithm and the 

brightness fluctuations of the moving fly body. These fluctuations can affect which pixels 

surpass the brightness threshold, thereby influencing the determination of the fly position. 

Trajectory curvature was approximated by fitting a spline function to an equidistantly 

resampled version of the trajectory, followed by evaluating this spline to compute a curvature 

value at each point along the original trajectory. The application of the spline function effectively 

filtered out minor bumps, wiggling of the fly body, and artifacts from the detection algorithm, 

while preserving genuine changes in the direction of movement. To acquire a basis for the 

spline function to work on, the original walking trajectories were rearranged into equidistant 

pieces. This means that the original trajectory was resampled and after every 0.25 mm a new 

anchor point was taken. These anchor points then formed the equidistant trajectory and were 

used to calculate separate spline functions for the x- and y-components. These separate spline 

functions could be combined afterwards, resulting in a smoothed version of the original 

trajectory, which left out smaller bumps and spikes in the trajectory but reflected changes in 

the overall direction of movement. Because this smoothed trajectory was fully based on the 

spline functions, these functions could directly be used to calculate the curvature at any point 

of the trajectory. 

For the calculation of the distance to the center the position of the arena in the original camera 

frame needed to be estimated. For this purpose, the smallest circle containing all recorded fly 

positions was calculated and the center of that circle was the approximation of the center of 

the arena. The distance of each point on the walking trajectory to this approximated arena 
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center was calculated to enable subtraction of every behavior which happened close to the rim 

of the arena. 

All consecutive frames meeting the set criteria for walking speed, curvature, and distance to 

the center formed one potential walking bout. If this bout met the set minimum trajectory length, 

it was committed to the analysis pool. 

4.2.5 Additional approaches for curvature analysis 

In addition to the curvature analysis based on the spline function described above two 

additional approaches for assessing the curvature of walking trajectories were employed to 

analyze and compare advantages and limitations of each approach. The second approach 

was angular velocity, or more precisely the average change in body orientation for each mm 

of walking trajectory. The calculation of body orientation was based on determining the main 

body axis, defined by neck and abdomen markers, which were automatically annotated using 

DeepLabCut (Mathis et al., 2018). The difference in body orientation between the first and the 

last frame of each trajectory was measured in degrees and divided by the total length of the 

trajectory in mm. Because each trajectory already followed a single curve in either right or left 

direction, this approach reliably provided the average turning rate of the fly for that specific 

trajectory. 

For the third approach a circle was fitted to the walking trajectory and the inverse of the circle's 

radius was used as the curvature value. To achieve this, the trajectory was rotated so that the 

first and last positions were aligned vertically. The first and last positions, along with the most 

extreme x-position of the rotated trajectory, were used to construct a circle that passed through 

all three points. The inverse of the radius of this circle was then taken as the curvature value 

for the trajectory.  

To compare all three approaches, a set of curved trajectories was extracted from a 2-hour 

recording session with a single fly. The settings for this extraction were as follows: walking 

speed range: 1.5 to 20 mm s-1 (corresponds to approx. 1 to 10 body lengths (BL) per second); 
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relative distance to center: up to 90 % of the diameter of the arena; curvature: 0.05 to 0.3 

radius-1 (radius in mm); minimum trajectory length: 6 mm (corresponds to approx. 3 BL). The 

resulting trajectories were categorized into left and right turns and ordered based on their 

curvature values as determined by the spline function approach. Each trajectory was color-

coded according to the curvature values calculated with all three methods – spline function, 

body orientation, and circle-fitting. This color-coding allowed for a visual comparison of how 

each approach represented the curvature of each trajectory and highlighted the similarities and 

differences between the methods.  
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4.3 Results 

4.3.1 Selection of valid segments 

The relevance of specific parts of the recorded behavior largely depends on the scientific 

question being addressed. The approach presented here enables the flexible definition of 

ranges for two key parameters of walking behavior: walking speed and the curvature of walking 

trajectories. Setting lower and upper limits for both parameters typically results in segmentation 

of the original trajectories, as demonstrated in Figure 4B and Figure 5B. 

 

Figure 4: Example of the speed analysis. (A) Left: Walking trajectory of a fly colored according 

to its walking speed displayed on the right. Walking speed is color-coded with a color map 

ranging from dark blue (standing/slow walking) to yellow (fast walking). A schematic figure of 

a fly is displayed in the arena center for size comparison. (B) Left: Same walking trajectory as 

in A, but only segments between 6 and 10 mm s-1 are selected and colored according to the 

walking speed displayed on the right. The black dashed square indicates the capture area of 
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the previous version of the setup. The red dashed square highlights the region that could be 

effectively used for data analysis, as parts of the fly were usually not out of the frame when its 

center was located outside of the effective area. 

Figure 4A illustrates exemplarily how walking speed varies over time during a relatively short 

part of a recording session. Despite the applied smoothing (see Methods), it is evident that the 

fly tended to accelerate rapidly for short periods before decelerating just as quickly. This 

behavior results in long sequences of walking within a narrow range of speeds being relatively 

rare, as seen in the example for a range of walking speeds between 6 and 10 BL s-1 in Figure 

4B. The advantage of continuously capturing the entire arena is also evident in this case, as a 

large fraction of the behavior of interest was observed outside of the previous capturing area 

(Figure 4B, black dashed square, compare 2.3.2). Note that only frames displaying the entire 

fly body could be used for analysis, which is why the effective area (Figure 4B, red dashed 

square) is even smaller than the total previous capture area. 
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Figure 5: Example of the curvature analysis. (A) Walking trajectory of a fly (dark grey line), 

equidistant points along the trajectory (light grey dots), and the spline function which was fitted 

to the equidistant points. The spline function is colored according to its curvature. A schematic 

figure of a fly is displayed in the lower left corner for size comparison. (B) Only regions of the 

spline function below 0.3 curvature are shown; this is associated with straight walking. 
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Figure 5A demonstrates that the curvature of the fly's walking behavior also fluctuates 

regularly, similar to what was observed for walking speed. Restricting the curvature to values 

below 0.3, i.e. straight walking, as shown in Figure 5B, leads to segmentation of the original 

trajectory. Many of these segments within the defined curvature range are very short, making 

them unsuitable for further analysis. 

Figure 6A shows the walking trajectory recorded over a 2-hour session with a single fly. While 

not all flies exhibit this level of spontaneous activity, this example illustrates the substantial 

amount of data that can be generated with the presented setup. However, it is evident that the 

fly primarily walked along the outer rim of the arena, a common observation in these kinds of 

setups. While this behavior may also be of interest, most types of analyses will likely focus on 

free-walking behavior without direct interaction with the arena's borders. To address this, a 

third criterion based on the fly's distance from the center was implemented to efficiently filter 

out behavior occurring too close to the rim. Figure 6B displays all behavior recorded within 90 

percent of the arena’s diameter. 

 

Figure 6: Example of the distance-to-center analysis. (A) The whole trajectory recorded for 

one fly over 2 hours. The trajectory is colored according to the time at which it was recorded 

during the session (see color bar on the right). A schematic figure of a fly is displayed in the 

lower left corner for size comparison. (B) Trajectory segments outside 90 percent of the arena's 

diameter are shown in grey, indicating that they are excluded from the analysis in this example. 



 

Chapter 4: An advanced setup for studying freely-walking Drosophila  |  122 

For most experiments, all three parameters presented here – walking speed, curvature, and 

distance to the center – need to be controlled. The fact that each frame is assigned a value for 

these parameters enables to systematically and efficiently search for segments of walking 

behavior which meet all criteria simultaneously (Figure 7). 

 

 

Figure 7: Example of the selection process for valid segments. Red filled squares indicate that 

the value of the parameter assigned to a frame was not in the defined range, while green 

squares indicate frames within parameter range. Only segments of walking behavior which are 

in range of all three parameters and are additionally of at least minimal length are chosen for 

analysis. 

After the selection process schematically illustrated in Figure 7, the video segments selected 

for analysis, along with the associated meta data, are saved separately to a designated 

directory. The data format of these extracted segments was designed to be compatible with 

the analysis pipeline used before, enabling the automated annotation of body parts with 

DeepLabCut (DLC, Mathis et al. 2018) and application of all analysis tools which were 

developed for data from the previous setup. The whole process of data pre-selection described 

here takes only a short time (in the order of seconds) and all used parameters are readily 

adjustable. Overall, the advanced version of the experimental setup together with the 

optimized analysis pipeline allows to record more data and analyze it faster and more 

conveniently while retaining the same spatial and temporal resolution as for the previous setup. 
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4.3.2 Use case: Curvature analysis 

To showcase the new analysis pipeline and to investigate the advantages and limitations of 

the curvature assessment with a spline function (see Methods), two alternative approaches 

were employed. Figure 8A shows the whole trajectory over the course of a two-hour 

experiment as well as the selected segments of curved walking behavior. The settings (see 

Methods) resulted in 67 selected trajectories, which were grouped into 27 turns in left and 40 

in right direction (Figure 8B). The results of the circle fitting approach depicted in Figure 8Cii 

are similar to those of the spline function approach with an average difference of 0.016 radius-1. 

The observed differences between the two approaches probably result from the fact that both 

of them are derived from application of fitting algorithms, which necessarily result in 

simplification of the underlying data. In other words: the spline-function and the circle-fitting 

approach are both biased, but in different directions. The clear advantage of the spline function 

is that it can be applied to any shape of trajectory, while the circle fitting only works well for 

preselected, relatively even arcs. A characteristic of the spline function approach is that it is 

based on multiple parameters, from the distance between equidistant points on the original 

trajectory to tolerance and the weighting of different points on the trajectory for the smoothing 

splines. These number of parameters, which can all have a strong effect on the outcome, can 

be an advantage, as they allow for configuration of the approach for different purposes, but 

they also make the approach less objective, because there is no perfect set of parameters and 

each variation yields different results, to some extent. The curve fitting on the other hand is a 

simple algorithm and provides an easily understandable interpretation of trajectory curvature, 

as all smooth curves eventually approximate a circle. 
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Figure 8: Comparison of different approaches for assessing the curvature of walking 

trajectories. (A) The whole trajectory recorded for one fly over two hours in grey and all 

segments selected for analysis colored according to their mean curvature value as determined 

with the spline functions approach (see Methods section). A schematic figure of a fly is 

displayed in the lower left corner for size comparison. (B) Trajectories from (A) grouped in left 

and right turns and ordered according to their mean curvature value as determined with the 

spline-function approach. (C) Left: Schematic illustrating segments of circles with different radii 

colored according to the corresponding curvature values in radius-1 (see color bar on the right). 
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A schematic figure of a fly is displayed for size comparison. Right: The same trajectories as in 

B in the same order, but colored according to the curvature value as determined with the circle-

fitting approach. (D) Left: Schematic illustrating how the difference in body orientation between 

the first and the last frame of a trajectory were calculated. The angle ‘a’ was divided by the 

total length of the walking trajectory to determine the curvature value. Right: The same 

trajectories as in B and C in the same order, but colored according to results of the body 

orientation approach. Red and magenta lines at the start and end point of the trajectories 

indicate the body positions in the first and last frame. 

Although displaying the same trend as in B and C, color coding of trajectories according to the 

change of body orientation in Figure 8Dii shows clear differences to the spline function 

approach. One particularly clear example for this is the third trajectory of left turns, which had 

a relatively high curvature value according to the spline function approach and simultaneously 

shows very low change in body orientation. Observation of the raw video data revealed that 

the fly was standing prior to this walking segment and turned into the walking trajectory with 

the initiation of walking. This issue could be reduced by using a higher minimum walking speed 

to increase the distance between the walking behavior and standing. Another idea would be 

to cut of the first part of each selected segment to reduce the influence of what ever happened 

before the parameters entered the set range, but this approach would also reduce the amount 

of data which is left for analysis. Other examples, like the fourth right turn in Figure 8Dii, show 

a final body orientation (magenta line) which is not in line with the last piece of the trajectory. 

Here, the orientation of the fly’s body changed more slowly than the direction of walking, 

resulting in slight side walking behavior (data not shown). While the change in body orientation 

is a good measure for detecting and quantifying these idiosyncrasies, it does not always 

correlate well with the observed curvature on the trajectory level. 

The different methods for quantifying curve walking behavior presented here all have their own 

advantages and limitations. The spline function approach is the only one applicable on the raw 

data sets, as circle-fitting only works for relatively short and smooth trajectories and the precise 

determination of the body angle depends on previous annotation of the body axis. However, 

for further analysis a combination of either spline-function or circle-fitting with body orientation 
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is probably the best choice to differentiate between the shape of the trajectory and how the fly 

oriented itself. 

4.4 Discussion 

The changes applied to the setup, consisting of the new camera, the optimized fly detection, 

and the new approach for data pre-selection, provide multiple advantages. Now, the entire 

arena can be continuously captured for practically unlimited periods of time, allowing for a 

more comprehensive view of a fly's behavior and much richer data sets. The fast and reliable 

filtering of behavior based on walking speed and curvature as two of the most central 

parameters defining walking behavior represents a critical advancement. The new analysis 

pipeline is well-suited to quickly extract subsets of data for addressing specific scientific 

questions.  

However, a fundamental limitation of the approach presented here is that it can only be used 

for studying a single fly at a time, while other state of the art approaches, like TRex (Walter 

and Couzin, 2021), can track hundreds of individuals at once. TRex reliably tracks the position, 

speed, and orientation of multiple individuals and can be used on various different species 

(Walter and Couzin, 2021). In contrast, the approach presented here is highly specialized and 

allows for the detailed analysis of single flies at frame rates of up to 200 Hz. TGrabs, the real-

time tracking version of TRex, only works with frame rates up to 60 Hz (Walter and Couzin, 

2021), which is too low for the analysis of Drosophila leg kinematics, because Drosophila can 

exhibit stepping frequencies of up to 20 Hz (approx. 50 ms per step) and swing durations below 

30 ms (see 3.3.1). At a frame rate of 60 Hz, this would on average result in less than 3 frames 

per swing phase, which is insufficient to accurately capture the transitions between swing and 

stance phases, as well as precise lift-off and touch-down positions. A frame rate of 60 Hz would 

also lead to significant discretization effects, impairing the differentiation between inter leg 

coordination patterns and resulting in an overall loss of detail. Live detection of the fly’s position 

is crucial though, because the amount of data accumulating at 200 Hz and a resolution of 

2000-by-2000 pixels cannot be stored to a hard drive continuously. The high spatial resolution 
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again is needed to track freely moving flies in a relatively large area to obtain sufficiently long 

segments for the characterization of walking behavior.  

One approach to solve this trade-off situation between recording frequency and video 

resolution is the FlyMAD system, which uses a mirror attached to a two-axis galvanometer to 

keep the camera view directed to the fly position (Bath et al., 2014). This way, the FlyMAD 

system simultaneously achieves high frequency and high resolution recordings of freely 

walking Drosophila while keeping the resolution low enough to allow for continuous capturing. 

In a sense, FlyMAD works very similarly to what the setup described here does, with the 

difference that FlyMAD achieves this largely via additions to hardware. However, the FlyMAD 

system is a highly developed and complex system which is difficult to implement and maintain, 

hence it might be less robust and prone for malfunctions. These putative difficulties in the 

handling of the FlyMAD system might be a reason for it not being used for any study since it 

has been described for the first time in 2014.  

Another alternative is the ball tracking setup, in which flies are tethered to a fine wire and 

placed on an air-suspended ball that acts as a spherical treadmill (Berendes et al., 2016; Seelig 

et al., 2010). This approach can be used for high resolution recordings of walking flies from 

multiple angles with a high resolution of the fly’s body, enabling high detail 3-D reconstruction 

of leg kinematics (Günel et al., 2019; Haustein et al., 2024; Lobato-Rios et al., 2022). However, 

continuous capturing using multiple cameras is not feasible due to the rapid accumulation of 

large amounts of data. Simpler versions with a single camera still necessitate tethering flies 

and placing them in the right position over the ball prior to experiments. This procedure makes 

all walking behavior recorded in the ball tracking setup somewhat artificial, because flies have 

to walk on a curved surface, do not experience visual flow, get different feedback from pushing 

against the ground, and have to deal with increased inertia, because the ball is multiple times 

heavier than the fly.  

Overall, the advantages of the setup presented here lie in its relatively simple and robust 

design, as well as its ability to continuously record freely moving flies with high spatial and 
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temporal resolution over extended periods of time. This combination of precision and durability 

makes it well-suited for detailed long-term behavioral studies. 

The presented use-case of comparison between different curvature assessment methods 

highlights key advantages and limitations within each approach. The spline function approach, 

while flexible and capable of capturing complex trajectory shapes, relies on various adjustable 

parameters, such as the distance between equidistant points, tolerance, and the option to 

apply different weightings to every point on the trajectory. This flexibility is beneficial for 

adapting the method to different experimental needs, but it also introduces some degree of 

subjectivity, because the settings strongly depend on the researcher’s assessment of the 

respective fit. In contrast, the circle-fitting method, though more constrained and primarily 

suited for relatively smooth and continuous arcs, provides a straightforward and easily 

interpretable measure of curvature. The differences observed between assessment of the 

trajectory curvature and measuring changes in body orientation show that both aspects need 

to be considered when analyzing curved walking behavior in Drosophila, because leg 

kinematics probably depend significantly on both. 

In conclusion, the combination of advanced hardware, optimized detection algorithms, and 

flexible analytical approaches provides a powerful framework for studying fly locomotion. The 

use-case of curvature analysis showed how specific segments of walking behavior could be 

extracted and further analyzed from a large data set, giving an example for the new 

opportunities provided by the improved setup. Future work could build upon these findings by 

incorporating additional parameters at the level of raw recordings, such as body orientation or 

leg kinematics, to enable even more precise and efficient data selection. This would allow for 

a deeper analysis of Drosophila locomotion and provide a more comprehensive and versatile 

approach for addressing specific scientific questions. 
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5 Chapter 5: General Discussion 

In this dissertation, I created an extensive data set of freely-walking Drosophila and applied 

PCA to investigate systematic components of inter- and intraindividual variability (chapter 2). 

The same data set was used to analyze the relationship between walking speed and variability 

of leg tip kinematics (chapter 3). Finally, I developed an advanced version of the setup which 

was initially used for generating the data set (chapter 4). 

A key contribution of this work is the finding that Drosophila walking behavior is not uniform 

across individuals, even within highly controlled experimental conditions. Despite being 

genetically similar and raised in identical environments, the flies exhibited distinct walking 

styles, particularly in terms of interleg coordination and posture. This interindividual variability, 

captured by PCA, reveals that specific principal components (PCs 2, 4, and 5) are associated 

with idiosyncratic aspects of walking behavior, while other components (PCs 1 and 3) are 

linked to more universal features of locomotion, such as the continuum of interleg coordination 

patterns which is observed in flies. The ability to decompose these distinct aspects of walking 

behavior into different PCs provides a powerful framework for characterizing and quantifying 

data of freely-walking flies. One example for this is the presented use of PCs 2, 4, and 5 for 

identification of systematic postural changes caused by optogenetic inhibition of sensory 

neurons (chapter 2). This demonstrates the potential of this approach to serve as a sensitive 

and efficient method for quantifying the effects of genetic or environmental perturbations on 

walking behavior. 

The findings presented for the PCA analysis also raise important questions about the 

relationship between walking speed and behavioral variability. As walking speed increases, 

the contribution of interindividual differences (captured by PCs 2, 4, and 5) decreases, while 

the contribution of interleg coordination patterns (PCs 1 and 3) increases. This suggests that 

higher walking speeds impose stricter constraints on motor coordination, potentially due to the 

stability requirements of fast locomotion. This preliminary finding from the PCA analysis that 

variability decreases with increasing walking speeds is further elaborated on by specifically 
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examining the relationship between walking speed, spatial and temporal variability, and 

interleg coordination. I show that both spatial and temporal variability of leg movements 

decrease as walking speed increases and that TCS, as a measure of interleg coordination, is 

a better predictor for variability than walking speed. I additionally introduce the concept of 

coherence as a measure of how well-timed putative intersegmental influences between 

adjacent legs are. The coherence measure is based on a set of coordination rules, often 

referred to as Cruse rules after Holk Cruse, which have been demonstrated experimentally in 

the stick insect Carausius morosus. In direct comparison, this coherence measure outperforms 

both walking speed and TCS in predicting motor variability, suggesting that the synchronization 

of leg movements plays a crucial role in reducing variability at higher speeds (chapter 3). 

Another feature of this thesis is the development and application of an advanced experimental 

setup designed to address several challenges in studying Drosophila walking behavior. 

Previous methods, such as the multi-animal tracking systems TRex (discussed in chapter 4), 

presented limitations in terms of spatial and temporal resolution, which were insufficient for 

capturing the rapid leg movements and subtle kinematic details that characterize fly 

locomotion. The new system introduced in this work resolves these issues by offering 

continuous, high-resolution recordings at frame rates of up to 200 Hz. This setup not only 

enables long-term behavioral studies of freely moving flies but also ensures that fine-scale 

details of leg tip kinematics and interleg coordination are captured. Another strength of the new 

system is its ability to isolate specific parameters of interest through a robust data pre-selection 

process. This process allows for the usage of key parameters such as walking speed and 

trajectory curvature to efficiently and reliably select segments of interest or exclude unwanted 

behavior. As for the previous version of the setup, the selected segments of behavior can be 

automatically annotated with DLC and the resulting data of leg-tip and body marker positions 

can be used to address specific scientific questions. One example for this is the presented 

analysis of trajectory curvatures with different approaches (chapter 4), in which the annotation 

of the fly’s body axis was used to quantify the change in body orientation relative to the 

trajectory length. Here, the opportunities of the new setup were used to conveniently filter for 
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curved trajectories, which was combined with DLC annotations to demonstrate that both the 

trajectory shape and the relative orientation of the fly need to be considered when studying 

curve walking. 

In summary, this thesis explores the variability and individuality of Drosophila walking behavior, 

revealing that despite genetic and environmental similarities, flies exhibit distinct locomotor 

patterns. Principal components analysis (PCA) effectively decomposes walking behavior into 

both universal coordination features and individual-specific adaptations. The identification of 

these components facilitates the quantification of behavioral responses to genetic and 

environmental interventions, as demonstrated through optogenetic manipulation. Furthermore, 

the analysis of walking speed and variability highlights that higher speeds reduce individual 

differences while enhancing coordination, suggesting greater motor constraints at high speeds. 

The application of coherence as a measure of leg synchronization suggests that systematic 

changes in interleg coordination towards more tripod-like patterns play a larger role in the 

decrease of variability than the increase of walking speed itself. The development of an 

advanced experimental setup, capable of capturing high-resolution behavioral data at 200 Hz, 

addresses limitations of previous methods, enabling detailed and long-term analyses of 

walking dynamics. The system’s capacity for efficient data pre-selection and annotation allows 

for precise examination of specific aspects of walking behavior, as shown in the trajectory 

curvature analysis. This work not only advances insights into insect locomotion but also 

provides a foundation for future research into motor control mechanisms. 

Looking forward, future research could build on this work by expanding the analysis to include 

a wider range of behaviors, such as curve walking or obstacle negotiation, as well as 

investigating the effects of aging, sex, or genetic diversity on the idiosyncrasies and variability 

of walking behavior. The application of more advanced dimensionality reduction techniques, 

such as UMAP or t-SNE, could also provide deeper insights into potential non-linear 

relationships within walking kinematics. The Cruse rules or a different set of coordination rules 

could be proposed and confirmed for Drosophila, enabling a more detailed and precise 

analysis of coherence and its relationship with kinematic variability. The same is true for a 
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potential model based approach reflecting the weakly coupled oscillators controlling single leg 

movements in insects, which could yield novel insights into whether and how the entrainment 

dynamics of multiple CPGs affect variability. For the experimental setup an obvious expansion 

would be the option to record two or more individuals and their interactions simultaneously. 

In conclusion, this thesis represents a significant step towards a better understanding of the 

interplay between general locomotor patterns and individual-specific motor output. The 

methods and findings discussed here have far-reaching implications for the study of motor 

control across species, offering a framework that could be applied to other insects or even 

vertebrates to explore the genetic and environmental factors contributing to behavioral 

variability. 
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