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Summary 

Freshwater fish populations face a significant threat due to the 

fragmentation of river systems, leading to a decline in their numbers. Despite 

the construction of fish passages aimed at mitigating these impacts, their 

relatively low efficiency remains a challenge. Existing research primarily 

focuses on understanding fish behaviour individually, often overlooking 

collective behaviour dynamics, particularly in relation to flow dynamics. This 

thesis addresses this gap by analysing fish collective behaviour across varying 

flow velocities. An experimental campaign conducted from May to June 2021 

with wild Telestes muticellus provided the groundwork for the study. An 

artificial intelligence-based approach is developed to extract trajectory data 

of individual fish from videos taken during the experimental campaign. The 

study investigates the social facilitation effect across different group sizes and 

flow velocities while also examining pairwise interactions using linear 

approaches. Furthermore, a novel transfer entropy-based method is 

introduced to quantify information transfer, considering non-linear dynamics. 

This research contributes to a deeper understanding of fish collective 

behaviour and its interaction with flow dynamics, offering insights for 

enhancing fish passage design and conservation efforts in freshwater 

ecosystems.
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Introduction 

Background 

In recent decades, there has been a significant decline in migratory freshwater fish 
populations, largely attributed to the proliferation of engineering interventions such as 
dams, weirs, and culverts 1. These structures pose substantial threats to these species, as 
they represent barriers to their migration routes, often resulting in blockage, injury or 
delay 2. Proposed solutions to alleviate this pressure involve the construction of fish 
passages, which vary from more nature-like to hard-concrete structures 3,4. Despite their 
widespread implementation, our understanding of their efficacy is limited, with some 
studies revealing the ineffectiveness of such passages, particularly for non-salmonid 
species 5,6. Consequently, substantial research efforts have been directed towards 
improving fish passage efficiency 7. 

Addressing this low passage efficiency requires a comprehensive understanding of 
fish behaviour and swimming performance. In this regards, many knowledge gaps persist, 
notably in the domain of collective behaviour among gregarious species in flowing 
waters. It is well-established that aggregation in fish can influence swimming 
performance, stress, and behaviour 8. Nevertheless, collective behaviour is frequently 
overlooked when it comes to fish passage design and assessment. Specifically, there is a 
paucity of information concerning the impact of flow hydrodynamics on the collective 
behaviour of riverine fish. Given the diverse flow conditions characterising the natural 
habitats of these species, these knowledge gaps significantly impede our comprehensive 
understanding of collective behaviour of riverine species. Bridging these gaps is essential 
to developing more effective fish passage designs and, consequently, ensuring the 
conservation and restoration of migratory freshwater fish populations. 



2 Fish collective behaviour in flowing waters 

 

Objectives 

The aim of this thesis is to explore the interplay between collective behaviour and 
bulk flow velocity in riverine fish.  

To accomplish this goal, three specific objectives were set, namely: 

i. investigate social facilitation in fish at different flow velocities, focusing 
on exploratory behaviour and swimming activity; 

ii. quantify mutual fish interactions at different flow velocities; 
iii. disentangle linear and non-linear mutual interactions and quantify 

information transfer among fish pairs. 

In order to achieve these objectives, the first research action undertaken was to 
conduct and present a comprehensive literature review, delving into the current research 
landscape regarding collective behaviour in riverine fish, with a special emphasis on 
applications for fish passage. Building upon this review, which identified relevance and 
literature gaps, an experimental campaign was conducted in May-June 2021 to investigate 
the collective behaviour of Italian riffle dace (Telestes muticellus) under varying flow 
velocities. A specialised movable flume, conceived and constructed at Politecnico di 
Torino, was employed to conduct the experiments. The apparatus comprised an open 
channel flume with transparent walls, allowing control over flow rate and water depth. 
The pre-existing functionality of the flume at the commencement of this study expedited 
its immediate utilisation. The author was responsible for conceiving and implementing 
the sensory system while also contributing to the development of some components to 
optimise flow stability. After completing the experimental campaign, the author devised 
a methodology tailored to the equipment used in this study for extracting trajectory data 
from videos. This methodology employed a two-step approach, which included fish 
detection using artificial intelligence (deep learning) and a custom-made tracking 
algorithm.  
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Thesis structure 

Chapter 1 establishes a comprehensive framework within the existing literature 
concerning the intricate relationship between hydrodynamics and collective behaviour in 
freshwater fish, specifically emphasising its applications in the context of fish passage. 
This Chapter delineates the significance of investigating the interplay between flow 
velocity and collective behaviour. These foundational insights serve as the underpinning 
for the subsequent Chapters, providing a solid groundwork for the entire study. 

Chapter 2 delineates the developed methodology for extracting fish trajectories from 
videos captured during the experimental campaign. This methodology consists of two 
integral components: Detection and Tracking. In the Detection phase, objects are 
identified within the image frame. This phase involved the implementation of a 
customized Deep Learning approach, wherein two Convolutional Neural Networks were 
trained to detect fish heads in videos recorded both from the bottom and the side of the 
flume. The Tracking phase involved the reconstruction of fish trajectories over time using 
the detection data obtained. In order to accomplish this, an algorithm rooted in a Kalman 
filter with integrated identity recognition was devised and applied. 

The subsequent three Chapters are dedicated to addressing the three stated objectives 
by utilising trajectory data acquired during the experimental campaign to investigate fish 
collective behaviour under distinct water velocities. Chapter 3 delves into a detailed 
examination of the interplay between flow velocity and social facilitation as per objective 
i. This analysis specifically scrutinised fish exploration and swimming activities across 
varying group sizes (i.e., single fish, two fish, six fish). This section characterizes the 
spatial utilisation by fish in both the horizontal and vertical planes, providing a 
comprehensive analysis and discussion of the observed behaviours. 

Chapter 4 addresses objective ii by delving into the interaction dynamics among fish 
pairs. Here, linear cross-correlation analysis is employed to scrutinise these interactions, 
extracting key variables, including decorrelation distance, response time, and spatial 
arrangement patterns between fish. This section systematically introduces, presents, and 
discusses the influence of flow velocity and boundary effects on the observed 
interactions. 

In the fifth and final Chapter, we introduce a pioneering methodology, named state-
based transfer entropy, to explore fish non-linear information transfer, aligning with 
objective iii. This innovative approach, rooted in information theory, addresses certain 
limitations of transfer entropy, making it more accessible to audiences beyond the fields 
of physics and mathematics. In contrast with traditional linear cross-correlation analysis, 
this methodology enables the precise quantification of direct information transfer 
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between fish pairs. The resulting outcomes are compared with those presented in Chapter 
4, providing a robust cross-validation for the identified key parameters. 

Each Chapter in this thesis is crafted as an independent article, intended for 
submission to peer-reviewed journals. While adapted for the thesis structure, the content 
retains its scholarly integrity. Chapter 1 has been published in Advances in Hydraulic 
Research of the GeoPlanet: Earth and Planetary Sciences book series 9, while Chapter 3 
has been published in Scientific Reports, with Chapter 2 included as Supplementary 
Material 10. A manuscript for Chapter 4 has been finalised and is ready for submission to 
Animal Behaviour, and a manuscript for Chapter 5 is currently being prepared for 
submission. 

The concluding section brings closure to this work by providing a concise overview 
of the accomplished objectives and summarizing the key findings. Additionally, it offers 
reflections on potential avenues for future research.



 

Chapter 1. Aggregation in 
riverine fish from a fish 
passage perspective
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Abstract 1 

According to the most recent Living Planet Report, freshwater fish species are 
among the most threatened species on Earth, with many of them showing a decline in 
population due to altered river connectivity caused by barriers. Fish passages are 
conservation measures aimed at mitigating the impact of such obstructions for migratory 
freshwater fish, providing corridors that should not harm, kill, stress, or excessively delay 
fish movement. Despite many species being gregarious, research aiming at assessing and 
improving passage efficiency has focused almost solely on behaviour and swimming 
performance of individual fish. Collective behaviour can, in fact, affect the way fish 
approach, enter, and pass a fishway. The mechanisms for which group behaviour affects 
fish movement in hydrodynamically complex environments, such as those occurring 
within fish passages, are multiple and not limited to: reduced energy expenditure, better 
navigation, reduced stress levels, increased exploratory behaviour, and change of 
predation dynamics. In this work, we review current research to illustrate how collective 
behaviour can be relevant for fish passage research. Our aim is to provide an overview of 
how collective behaviour might affect fish passage efficiency and how future research 
could improve fish passage design. 

  

 
1 This chapter has been accepted for publication in in Advances in Hydraulic 

Research of the GeoPlanet: Earth and Planetary Sciences book series.  
Citation: Mozzi, G., Manes, C., Nyqvist, D., Domenici, P., & Comoglio, C. (2023). 

Aggregation in Riverine Fish: A Review from a Fish Passage Perspective. International 
School of Hydraulics, 265-280. 
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1.1 Introduction  

The loss of biodiversity caused by climate change and other anthropogenic activities 
is among the most concerning environmental issues of our time. The estimated rate at 
which species go extinct is so fast that the scientific community warns that a sixth mass 
extinction is ongoing 11. Freshwater ecosystems are vital for global biodiversity, hosting 
approximately 10% of the total known species and one-third of all vertebrate species, 
despite occupying less than 1% of Earth's surface 12. They also constitute vulnerable 
ecosystems, as freshwater species are those showing the most dramatic population 
decline. Migratory freshwater fishes represent an emblematic example of such loss, with 
a reported global decline of about 76% in abundance from 1970 to 2016 1. 

Migratory fish regularly move along rivers for their survival, requiring different 
environments and resources for reproduction, foraging, hiding, and resting 13. As a result, 
river fragmentation caused by dams, weirs, and culverts represents a tremendous 
challenge for migratory fish, and the increasing number of obstructions has been 
recognised as a critical driver for population decline. A survey conducted for 290 species 
found that habitat loss and degradation, particularly barriers to migration routes, 
represented the major threat 14. 

Dams are constructed for various purposes, such as flood control, water supply, 
recreation, navigation, and electricity generation 15, and over the last century, the number 
of barriers in rivers has increased. A study by Grill et al. (2019) shows that only 37% of 
the global rivers longer than 1 000 km remain free-flowing over their entire length 16. 
Artificial impoundments larger than 100 m2 worldwide are estimated to be around 16.7 
million, and this number is expected to increase 17. Although in some cases these 
structures are obsolete and removable 18–20, many will likely have to remain in place to 
play a role in both climate change mitigation and adaptation 21. Dams can, in fact, store 
water during times of drought 22, regulate water flow to prevent flooding 23, and generate 
renewable energy through hydropower, which can help reduce reliance on fossil fuels and 
mitigate climate change impacts 24. As a result, migratory fish need to be supplied with a 
route for passing these barriers. 

Fish passes - also referred to as fishways or fish passages- are artificial structures 
that provide a corridor for fish to safely overcome an anthropogenic obstacle along the 
river. They are built by opening an alternative waterway in the river and can be either 
built as concrete structures or nature-like 3,4. Overall, the goal of every fish pass is to 
promote safe and timely fish movement across a barrier. A fishway should not 
substantially alter a fish's typical migration and life cycle: it should not cause excessive 
delay, stress, injuries and - obviously – mortality 25. 
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Even though much work on fish passes has focused on design principles 3,4,7,26–31, 
information regarding their effectiveness, once they are in place, is not as exhaustive. In 
fact, in contrast with the increasing number of fish passages constructed worldwide, a 
relatively small proportion has an integrated monitoring system to assess passage 
efficiency 5. At many sites where assessments have been conducted, efficiency is 
relatively poor, especially for non-salmonid species (~60% vs ~25%) 5,6.  

The variable functionality of fishways highlights the need for new research-based 
solutions and approaches to mitigate the effects of barriers on migration. This is no trivial 
work: fishways must attract fish to their entrance, induce them to access and pass through 
and provide them with all conditions to do so without harm or delay 32. This implies that 
fishway design should involve different aspects related to behaviour and locomotion. 
Among these, collective behaviour has been almost entirely neglected in investigations 
concerning fish passage, while it could represent a relevant aspect to consider when 
targeting gregarious species.  

In this work, we illustrate why and how aggregation can be relevant in relation to 
fish passage. Additionally, we advance some reflections on how this aspect can be 
integrated into future research. 
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1.2 Collective behaviour in hydrodynamically 
complex environments 

Living and moving in a group can bring multiple benefits, such as reduced energy cost of 
movement, reduced stress, better navigation, foraging benefits, information transfer, and 
reduced predation risk 8. Over the years, many researchers have focused on understanding 
collective behaviour, its evolution, functional complexity and factors affecting it 33–36. 
Collective behaviour in swimming fish can manifest itself through two main modes: 
schooling and shoaling 37. Schooling involves a group of fish swimming together and 
interacting in an organized and coordinated way, while shoaling involves groups that stay 
close together without movement synchronisation or polarization between individuals.  

In the aquatic environment, hydrodynamic forces play an important role in shaping 
collective behaviour because they influence both the speed at which information 
propagates through a group as well as the structure of the group itself 38–40. For instance, 
high turbulence levels can disguise the presence of other fish that would usually be 
detected through their sensory line, thus reducing their ability to detect and transfer 
information to other group members, as well as stimuli response of the whole group 39. 
Additionally, hydrodynamics can affect school structure by influencing where individuals 
position themselves within a school due to favourable, energy-saving flow conditions 40. 
Here, we illustrate key aspects of collective behaviour that could be relevant from the 
perspective of fish passage research and design. 

1.2.1 Energy expenditure 

The reduction in locomotion costs associated with schooling is confirmed in the 
literature by multiple experimental studies. By analysing tail beat frequency and oxygen 
consumption, it was observed that energy savings associated with schooling might exceed 
20% in golden shiners (Notemigonus crysofeucas 41), sea bass (Dicentrarchus labrax 42), 
and roach (Rutilus rutilus 43). These reduced locomotion costs were found to be related 
to the position of fish in the school, with trailing individuals saving more energy 
compared to the fish in front of the school. Additionally, Marras et al. (2015) found that 
grey mullet (Liza aurata) swimming in a group would have reduced swimming costs 
regardless of their position in the school 44. From tail beat frequency analysis, they 
observed that even individuals swimming in front of their neighbours would gain 
energetic benefits compared to fish swimming in isolation at the same speed, although 
less than companions swimming at the rear of the school. 

Despite this experimental evidence, mechanisms for which fish save energy while 
schooling remain not fully understood, and the research community still does not 
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converge on one theoretical framework. The idea that synchronized movement could 
bring energetic benefits due to the exploitation of hydrodynamics dates back to the theory 
of Weihs (1973), who proposed a 2-dimensional model of schooling fish improving 
swimming performances by assuming a diamond-shaped configuration 45. Even if a 
diamond pattern could justify the decreased energy costs of moving in water, no evidence 
of a consistent occurrence of this configuration has been observed in nature. The 
limitations of such theory lay in the strictly 2D approach, as well as the assumption of 
fish keeping a constant position relative to the group and not adapting to flow gradients.  

Different studies have then proposed models coupling behavioural rules with 
hydrodynamics, trying to depict the complexity of interactions among individuals at 
different flow conditions. Gazzola et al. (2016) first proposed a model using vortex 
dipoles to represent swimmers, showing that – in contrast with classical agent-based 
model rules - a reinforcement learning algorithm could explain the adaptive response of 
individual swimmers and, therefore, schooling in complex hydrodynamic environments 
46. Verma et al. (2018) also used reinforcement learning to find positions where 
numerically simulated swimmers could best exploit the shed vortices created by 
neighbouring fish 47. They found that when fish place themselves following off-centre a 
steady leader, they could gain energy benefits by synchronizing the head movement with 
the wakes even in unsteady flows. Filella et al. (2018) used numerical simulations to 
demonstrate the advantage of cohesive schooling in a large group of swimmers emerging 
from an in-line configuration 48. 

To identify the rules governing individual interactions in schools, many studies 
involving laboratory experiments have been conducted. Among these, the study by Katz 
et al. (2011) stands out 33. These authors studied interactions between golden shiners 
(Notemigonous crysoleucas) swimming in groups of 2, 3, 10 and 30. The analysis of 
trajectories showed that individual motions do not result from linearly averaging the input 
from each separate neighbour (as it was commonly assumed in previous research on 
collective behaviour), hence highlighting the complexity of group dynamics and multi-
information processing. Their work led to a successive study on collective states (i.e. 
swarm, milling, and polarized groups) that analysed the emerging coherent patterns of 
fish groups 36. Even though these studies reveal exceptional insights into collective 
behaviour, no information can be derived regarding response to hydrodynamics, as they 
were conducted in shallow aquariums with quiescent water. 

In uniform flows at different mean velocities, Ashraf et al. (2016) studied pairs of 
red nose tetra fish (Hemigrammus bleheri), revealing an increase in synchronisation of 
the caudal fin between pairs with increasing speed, possibly related to energy savings 49. 
In addition, they observed that the distance between nearest neighbours stayed constant, 
arguing that it was maintained by visual contact. In contrast, Li et al. (2020) showed that 
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pairs of goldfish (Carassius auratus), regardless of whether their vision or lateral line 
sensing were impaired, synchronized their tail-beat movement depending on their front-
back distance (a strategy referred to as ‘vortex phase matching’ 50). De Bie et al. (2020) 
observed that the preferred configuration of pairs of Eurasian minnows (Phoxinus 
phoxinus) depended on the mean flow velocity 51. Fish showed a higher tendency to swim 
closely in a side-by-side configuration at high velocities, whereas, in the absence of flow, 
they tended to minimize visual impediments by employing a ‘leader-follower’ strategy. 

In another study by Ashraf et al. (2017), the 3D positions of red nose tetra fish were 
recorded at different flow velocities in shallow water, finding that fish tended to swim 
side-by-side at high velocities 52. Although position was recorded in the vertical 
coordinate, the water depth in these experiments was very shallow - only 2.2 cm, resulting 
in a depth-to-Body-Length ratio of 0.6. This shallow depth is not fully representative of 
behavior in a truly three-dimensional flow domain. 

Overall, these studies consistently demonstrate that schooling is very much affected 
by mean flow velocities in ways that seem to promote energy-saving in predominantly 
shallow flows where swimming is essentially constrained over two dimensions. Very 
little is known about energy-saving strategies adopted by individuals swimming in three-
dimensional flow domains. Moreover, the effects of other hydrodynamic metrics on 
schooling, such as turbulence, remain to be studied.   

Understanding these dynamics is crucial for the design of fish passages, which aim 
to recreate suitable hydrodynamic conditions for migrating fish. Currently, principles of 
fish pass design aiming at recreating suitable hydrodynamic conditions are commonly 
based on swimming performance curves of fish swimming alone. As far as energy 
expenditure is concerned, this probably represents a conservative (hence effective) design 
approach. However, it does not account for the complex energy-saving behaviors seen in 
schooling fish in natural environments.  By gaining a deeper understanding of how fish 
in schools conserve energy while swimming in hydrodynamically complex environments, 
we can improve the design of fishways to better support the natural behavior and energy 
efficiency of migrating fish, thereby increasing passage efficiency and reducing passage 
timing.  

1.2.2 Navigation  

Migration is often undertaken in large groups for many taxa, including fish 53,54. 
Experimental studies showed that fish can better follow migration routes with other 
conspecifics and that homing accuracy usually increases with group size 55–57. Over time, 
different explanations for this phenomenon have been suggested.   
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According to the ‘many wrongs’ principle, groups can average out information errors 

individuals make, resulting in higher accuracy 58–60. The leadership theory, instead, 
considers navigation led by informed individuals that guide the rest towards the correct 
destination 57. Another explanation is that information passes progressively from 
informed individuals to uninformed ones over time, what is called social learning 61–63. 
Collective learning consists instead of the generation of navigation information of the 
group over time through social interactions 64. Finally, emergent sensing consists of the 
ability of the group as a whole to sense and follow gradients through social interactions, 
like a distributed sensor 55.  

These mechanisms are not mutually exclusive, and navigation can result from a 
complex interplay between them, which might depend on species, life stage, environment, 
and navigational task 65. In fact, navigation is not used exclusively for migration but also 
for other tasks such as finding food, shelter, or the entrance of a fish pass 65–67. As a result, 
collective navigation may result in an easier and faster discovery of a fish pass entrance 
and a lower passage time 68.  

1.2.3 Stress  

Since schooling provides antipredator benefits thanks to dilution and confusion 
effects 69–72, it may reduce the need for vigilance and thereby reduce stress. In salmonid 
species, social hierarchies can cause social stress 73–76, but for most gregarious animals, 
the presence of conspecifics results in physiological benefits by significantly lowering 
metabolic rates. This phenomenon - commonly referred to as the ‘calming effect’ - has 
been observed in different gregarious fish in both standing waters and flowing conditions 
77–80, regardless of whether or not they swim in schools 81. Moreover, social interactions 
can result in a faster recovery from stress, as solitaire fish take longer to return to a normal 
physiological state after an acute stress event (e.g., a simulated predator attach or brief air 
exposure) than fish in groups 79,82,83. 

Results from the studies on stress response presented here highlight the importance 
of collective behaviour in fish passes from a physiological perspective. In fact, fish passes 
must not only facilitate the movement across a barrier but also ensure that the process 
does not cause excessive stress on the fish. This is because the crossing of a fish pass has 
the potential to cause acute stress in fish, which can temporarily impact various 
physiological aspects, such as metabolism 84, memory 85, and locomotion 86. From this 
point of view, it seems imperative to design fishway hydrodynamics to avoid as much as 
possible group fragmentation not only to improve navigation but also to minimise stress 
levels during migration. Lower stress levels in groups can also affect behaviour and 
potentially increase the passage performance of migratory fish 87.  
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1.2.4 Exploration 

The trade-off between searching for resources and avoiding predators affects the 
degree of exploratory behaviour of fish. Exploration is usually linked with an individual's 
inclination to take risks (also referred to as boldness) and results from an interplay 
between personality traits, physiological needs and external conditions 88. "Animal 
personalities" can be described as consistent and stable differences in behaviour within a 
population that are consistent across various contexts 89. Individuals with different 
behavioural types or "personality traits" exhibit suites of correlated traits, which are also 
known as "syndromes" 89. In groups, there will be fish that tend to assume bolder or 
dominant behaviour compared to other companions 90, changing pathways of information 
transfer among group members 91. As a result, group personality composition can 
influence individuals' interactions with their environment and other group mates, thus 
affecting foraging performances, collective decision-making and predation avoidance 92. 
The willingness of a fish to take the risk to explore unfamiliar or unsheltered 
environments will also depend on its physiological needs (e.g. foraging or reproduction) 
and external conditions, such as light, predation, or hydraulic stimuli 93–98.  

Social facilitation is the mechanism that refers to an increased level of boldness in 
animals in the presence of other conspecifics. Different studies proved that this 
phenomenon occurs in some freshwater species 99–101. Magnhagen and Bunnefeld (2009) 
observed that fish that alone were the shiest displayed the most changes in behaviour, 
becoming bolder when in a group, whereas fish that exhibited a bolder personality trait 
kept similar behaviour in the presence of conspecifics 101. Cote et al. (2011) also showed 
that fish dispersal was affected by group mean boldness score, with individuals being 
more likely to disperse with bold members regardless of their own personality type 102.  

From a fish passage perspective, a fish pass represents a novel environment. For 
some species, social facilitation might affect the willingness of a fish to approach and 
enter a fish pass 103. A study evaluating fish guidance structures in a downstream 
laboratory facility found that solitary barbels (Barbus barbus) tended to seek shelter in 
the flume and were reluctant to move, while small groups of barbels displayed higher 
motivation to swim through the flume 103.  

1.2.5 Predation 

The attraction of predators at the entrance of fish passes is a phenomenon observed 
at many sites across the globe. Fish shoals concentrating in these confined areas can 
induce intensified predation from other larger fish, birds, mammals or reptiles 104–107. A 
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combination of high population densities and long resident time at the entrance of a fish 
pass can result in increased predation risks 108.  

From this perspective, shoaling provides anti-predator benefits due to an interplay 
of lower predation probability (‘dilution effect’), lower predator success (‘confusion 

effect’), and higher vigilance of the group as a whole 69,109,110. For instance, Landeau & 
Terborgh (1986) observed that largemouth bass (Micropterus salmoides) performed 
better in capturing solitary silvery minnows (Hybognathus nuchalis) than when they were 
in a group, taking much longer to prey as school size was increased, as a result of the 
‘confusion effect’ 109. The ‘dilution effect’ instead, indicates the lower chance for an 

individual to be captured when in the presence of other potential prey and has been 
observed in different experimental studies 69,71,72. Additionally, individuals can better 
discern the presence of a predator by olfactory and visual cues provided by informed 
group mates 111,112. Fish that have perceived the presence of a predator may change their 
behaviour by displaying a fright response, which other group mates can observe 110,113.  

The presence of predators stalling at fish pass sites is mainly determined by the rich 
abundance of fish found at the entrance or the exit of such structures 114. However, this 
concentration of prey may result from low fish pass efficiency and the consequent 
crowding at the fishway entrance, rather than from collective behavior itse. These 
findings highlight the importance of designing fishway entrances that are highly attractive 
and accessible to fish, to reduce predation risks and improve passage efficiency. 

1.3 Implications for fish passage design and future 
research 

The concepts presented here highlight the need to take group behaviour into account 
in fish passage science. We suggest taking collective behaviour into account throughout 
different phases of river management, including evidence-based design, implementation 
and monitoring. Certainly, engineers in charge of designing a fish pass could benefit from 
research into group behaviour of freshwater species. 

For all the aspects previously discussed, individuals passing a fishway alone, 
separated from the rest of their group, may face problems continuing migration, 
particularly along a highly engineered river with multiple consecutive fish passes. Group 
fragmentation caused by a challenging and delayed movement through a fish pass may 
inhibit the ability of fish to complete their migration successfully. Although scientific 
evidence strongly support the role of collective behaviour during migration 56,67,115, little 
is known about the effect of fishway hydrodynamics on school fragmentation.  
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For instance, laboratory investigations could provide experimental-based knowledge 

on schooling mechanisms and preferred flow conditions by groups, providing vital 
information concerning fish pass attractivity. Schools could also be investigated to find 
velocity and turbulence thresholds at which groups are no more able to swim coordinately 
and transfer vital information within.  

Field studies also represent a central source of information. As biotelemetry 
technologies such as acoustic, passive integrated transponders (PIT), and radio telemetry 
continue to develop rapidly, researchers are increasingly able to study fish groups in their 
natural habitats. Moreover, the development of user-friendly and accessible artificial 
intelligence techniques is converting large datasets, such as geographical position data 
and video recordings, to effective and time-saving sources of information on fish 
movement and behaviour, both in field and laboratory settings 116,117. In the past, for 
instance, videos had to be manually examined by a person, but now automated object 
detection methods such as deep learning are becoming more available 118–120. Thanks to 
all these technologies, it is now possible to comprehensively study the relationships 
between passage efficiency, group size and other abiotic factors, such as light, sound and 
hydrodynamics. 

Also, installing monitoring frameworks, such as fish counters, could help to gain 
insight into the behaviour of fish at existing structures 121, even from a collective 
behaviour standpoint. The data provided by fish counters, which typically include the 
number of fish that pass through, the time taken to pass, and the number of attempts, can 
offer valuable insights into the efficacy of fish passage over extended periods of time. 
With regard to modelling, collective behaviour could be incorporated into existing 
approaches, such as Agent-Based Models (ABMs), often utilized to simulate fish 
movement and behaviour at strategic locations 122. Increasing the prediction performance 
of such models would better inform engineers, biologists and practitioners involved in 
freshwater conservation management.  

These new data sources, combined with the expertise of professionals and 
researchers from different disciplines, could result in new evidence-based guidelines for 
fish pass design with optimized geometry and hydraulic flow conditions for gregarious 
species.
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Abstract  2 

This Chapter outlines the methodology developed to track fish positions in flow 
domains where optical access is disturbed by a changing background, e.g. a free surface 
of an open channel flow. At these conditions, classical computer segmentation software 
often proves inadequate for detecting small objects. The methodology comprises two 
primary components: detection and tracking. Detection involves identifying objects in an 
image against the background, and for this phase, a deep learning approach was 
employed. Two convolutional neural networks were trained to detect fish in videos 
showcasing an open channel flume's horizontal and lateral views, with fish swimming at 
various velocities. The validation of the convolutional neural networks resulted in F1 
scores of 96% and 91% for the bottom and side videos, respectively. The second phase, 
tracking, involves assigning the identity to each detected object in an image to reconstruct 
its trajectory over time. An algorithm based on a Kalman filter with an embedded identity 
recognition approach was developed for this purpose. The tracking phase's validation 
included visual checks by an operator for overlapping between fish heads and tracking 
data. The tracking performance was assessed by quantifying the number of correct swaps 
between fish. The tracking approach achieved an 87% success rate in correctly capturing 
swaps for the bottom videos. 

 
Figure 2.1: Video fish tracking pipeline: detection and tracking 

 
2 This chapter has been included as Supplementary Material in a work published in 

Scientific Reports.  
Citation: Mozzi, G., Nyqvist, D., Ashraf, M. U., Comoglio, C., Domenici, P., 

Schumann, S., & Manes, C. (2024). The interplay of group size and flow velocity 
modulates fish exploratory behaviour. Scientific Reports, 14(1), 13186. 
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2.1 Introduction 

In the realm of experimental research on animal behaviour, the utilisation of videos 
has become a pivotal tool over the past decades 123,124. Videos enable the accurate 
identification and tracking of animals in controlled environments as well as in their 
natural habitats, offering invaluable insights into behaviour, population dynamics, and 
environmental changes. Manual extraction of data from videos, traditionally performed 
by operators, imposed limitations on the duration of experiments and the quantity of 
collected data 125. In order to overcome these constraints, automated object detection has 
emerged as an essential advancement. 

Early approaches to automated object detection in videos relied on handcrafted 
features and classical computer vision algorithms. Feature-based methods explored the 
use of distinctive features specific to animals, such as contour shapes, key body points, 
or texture patterns 126,127. These approaches aimed to improve robustness and accuracy by 
focusing on characteristics unique to different species. However, the manual design of 
features limited the adaptability of these methods to diverse datasets and species 128. 
Classical computer vision algorithms refer to traditional, pre-deep learning methods used 
in computer vision tasks. These algorithms are based on mathematical and heuristic 
techniques designed to process and analyse visual data. In the context of object detection, 
classical computer vision algorithms often include methods like edge detection 129, 
contour analysis 130, and color-based segmentation 131. These methods can be applied in 
both air and water mediums. However, while effective in replicable laboratory conditions 
with still water, they face challenges in dealing with complex backgrounds and varying 
lighting conditions, as encountered in natural field settings or temporary setups - such as 
the one utilised in this thesis - which do not guarantee highly detailed replicable 
conditions. 

The evolution of tools for animal detection in videos has transitioned over the years 
to more sophisticated Artificial Intelligence (AI) approaches 132. The introduction of 
machine learning techniques marked a significant shift in object detection. Methods like 
Support Vector Machines (SVMs) and Random Forests were employed to learn 
discriminative features from training data 133,134. While providing improved performance 
compared to handcrafted features, these techniques faced challenges in handling large 
datasets and achieving high precision in complex scenarios. 

The advent of deep learning, particularly Convolutional Neural Networks (CNNs), 
revolutionised object detection in video 135. CNNs demonstrated unparalleled success in 
learning hierarchical representations from raw data, automatically extracting features 
relevant to the task. For instance, an exemplary open-source toolbox for animal posture 
estimation is DeepLabCut, developed by Lauer et al. (2022) 136. In scenarios where it is 
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pertinent to extract the animal's position within the picture frame exclusively, alternative 
techniques may be more favourable, particularly for non-computer scientists, owing to 
their ease of training. For example, region-based deep-learning architectures constitute 
valuable tools for object detection, ranging from the inception of Region-based CNNs (R-
CNN) to subsequent improvements like Fast R-CNN and Faster R-CNN 137–139. A shift 
away from region-based approaches is observed with architectures like Single Shot multi-
box Detectors (SSD) 140, and You Only Look Once (YOLO) 141. These approaches 
introduced the concept of anchor boxes, representing a departure from dynamically 
proposed regions in R-CNN. Anchor boxes offer a fixed set of bounding box priors for 
the model to adjust during training, facilitating a more streamlined and efficient real-time 
detection process. 

You Only Look Once (YOLO) is a real-time object detection algorithm based on 
CNN, developed by Redmond et al. (2016) 141. The algorithm operates by dividing the 
input image into a grid, directly predicting bounding boxes and class probabilities for 
each grid cell. In contrast to R-CNN methods, YOLO streamlines the object detection 
process by simultaneously handling both localisation and classification within a single 
neural network. This approach enhances computational efficiency, making it particularly 
suitable for real-time applications like video analysis and autonomous systems. Since its 
inception in 2016, YOLO has undergone several iterations, culminating in its latest 
version at the time of writing, YOLOv9 142. Each proposed version has consistently 
refined the algorithm's performance and adaptability across various object detection tasks 
143. In this study, we utilised YOLOv4 - the latest open-source version available at the 
time of the experimental campaign - as the primary tool for fish head detection in videos. 
Despite being among the earlier versions, YOLOv4 exhibited sufficient speed and 
accuracy, particularly since real-time processing was not required. In fact, fish detection 
was conducted in post-processing after the end of the experimental campaign. 

After completing the detection phase in all its parts (i.e., training, testing, and 
implementation), the tracking phase follows. This phase transforms individual objects in 
each image frame into data points, forming trajectories that describe the object's position 
over time. A commonly employed method to accomplish this is the Kalman filter 144. The 
Kalman filter, a recursive mathematical algorithm, is utilised to estimate the state of a 
dynamic system from a series of noisy measurements. It involves distinct phases, 
including prediction, update, and state estimation, making it particularly well-suited for 
ensuring a consistent and smooth trajectory of the object across frames, even in the 
presence of missing detections or uncertainties. In cases involving multiple fish, assigning 
identities before the filter’s estimation of their positions at a given time step is necessary. 
To address this requirement, we integrated a stochastic identity recognition routine within 
the Kalman filtering process. This routine is founded on comparing the predictions of the 
Kalman filter with the detections from the successive time step.  
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2.2 Video dataset 

Videos for developing of the tracking methodology were captured during an 
experimental campaign conducted in May 2021. The experiments involved with wild 
juvenile Italian riffle dace (Telestes muticellus) swimming in an open-channel flume with 
transparent walls and took place in a hatchery near the capture location. White diffusing 
panels and LED lights, positioned on tripods, were used to create the highest contrast 
between the fish and the background. Detailed descriptions of the experimental set-up, 
fish capture, holding procedure, and the experimental protocol can be found in Chapter 
3, section 3.2 “Materials and methods”, along with a schematic representation of the 
experimental apparatus (Figure 3.2).  

Videos were recorded from both the bottom and the side positions of the flume using 
Sony FDR-AX43 camera (1920 × 1080 pixels, 50 fps). A total of 120 experiments were 
conducted across  three different flow velocity and three group sizes (20 x 3 experiments 
with single fish, 10 x 3 experiments with two fish, and 10 x 3 experiments with six fish), 
each lasting 7 minutes. This resulted in a dataset comprising 2 520 000 frames. Examples 
of video frames from bottom and side camera are shown in Figure 2.2 and Figure 2.3 
below. 

 

Figure 2.2: Frame sample from bottom-view  
video recording six-fish experiment (low velocity treatment, 10cm/s) 



An AI-based method for fish tracking 23 

 

 

 

Figure 2.3: Frame sample from side-view 
 video recording two-fish experiment (low velocity treatment, 10cm/s) 

 

2.3 Detection 

For the detection phase, two networks were trained - one for the bottom and one for 
the side videos, each with approximately 10 000 annotated images. The resulting F1 
scores for the bottom and side Convolutional Neural Network (CNN) were 96% and 91%, 
respectively. Each CNN provided bounding boxes that enabled the detection of fish heads 
in each frame, with each detection providing the coordinates of the centroid of the 
bounding box, as well as its height, width, and confidence level [0,1] indicating the 
accuracy in representing a fish head, determined by the network. 

2.3.1 Annotation 

Both bottom and lateral video frames were annotated using LabelImg, a cross-
platform GUI tool for image annotation, and saved in YOLO-compatible format. The 
annotation involved drawing a rectangle around the fish head. This approach was chosen 
because fish heads are more distinguishable and easier to detect compared to their entire 
bodies 118. Initially, 2 000 images from single-fish experiments across three different flow 
velocities were manually annotated to (1 000 for bottom views and 1 000 for side views). 
Images from all velocity treatments were equally represented to ensure CNNs were 
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trained to detect fish under varying flow conditions (higher velocities resulted in more 
background disturbances). 

Each of the preliminary CNNs was trained using these 1 000 annotated images and 
an additional 200 frames without fish. Subsequently, the CNNs were applied to annotate 
another 4 000 frames from experiments involving two-fish and six-fish groups (2,000 
from bottom views and 2,000 from side views). The annotations generated were imported 
into LabelImg and manually adjusted as necessary. This iterative process continued until 
a total of 10 000 annotated images were obtained for each camera view. 

2.3.2 Training 

We trained two YOLOv4 CNNs using the Darknet framework 145. The training 
dataset for the final CNNs consisted of approximately 10 000 images from each camera 
view (bottom and side). In order to optimise training efficiency, images were cropped 
into two parts and used for training. Additionally, images without fish were included to 
maximise detection performance. The parameters used to train the final CNNs are 
provided in Table 2.1. 

Table 2.1: Training parameters for CNNs on bottom-view and side-view videos 
Architecture YOLOv4 
Number of input images 10 000 
Input image resolution* 1020 x 1080 
Number of iterations 6000 
Batch size 64 
Subdivisions 64 
Training\Testing ratio 85/15 
Resolution after down-sizing 384x384 

*images were divided in half, so the number of input images for the network doubled 
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2.3.3 Testing CNN performances 

Various parameters can be used when evaluating the performance of neural networks 
for object detection. One commonly employed parameter is the F1 score 146, which 
represents the harmonic mean of precision and recall: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹1 = 2 ∙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑇𝑃 + 𝐹𝑃𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Where 𝑇𝑃, 𝐹𝑃, 𝐹𝑁 are the number of true positive, false positive and false negative, 
respectively. Another metric commonly used to evaluate detection performance is the 
mean average precision value (mAP) 141. It is calculated by averaging each class's average 
precision (AP) values across different intersection-over-union (IoU) thresholds (e.g., 
mAP50 measures the mean average precision at an IoU threshold of 0.5). The AP 
represents the area under the precision-recall curve for a specific class. The IoU threshold 
determines the required overlap between the predicted bounding box and the ground truth 
bounding box for a detection to be considered correct. A higher mAP50 value indicates a 
more accurate network alignment with the mark around the fish's head. 

Table 2.2 and Table 2.3 present an overview of how these performance indicators 
vary with increasing iteration numbers for the bottom and side CNN, respectively. After 
two training sessions with 6,000 iterations each, the indicators for the bottom CNN were 
as follows: precision, recall, mAP50, and F1 score were all 96%. For the side CNN, the 
precision was 90%, the recall was 93%, mAP50 was 98%, and the F1 score was 92%.  

In order to filter the results of the detection process, a confidence level threshold of 
0.3 was applied 147. In the case of false positives - where more detections were obtained 
than the actual number of fish present in the flume - detections with higher confidence 
levels were prioritised and selected. 
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Table 2.2: Bottom-view CNN performances with the training iteration number. Number of detections, ground-
truth, mean average precision (50), precision, recall, F1 score, True Positive (TP), False Positive (FP), False 

Negative (FN) and average Interception over Union (IoU). 
 Iterations 
 0 1000 2000 3000 4000 5000 6000 
Detections 2653347 10841 7213 7774 7189 7943 8055 
Ground-truth 3574 3574 3574 3574 3574 3574 3574 
mAP0.50 0 90.8 93.2 94.2 94.5 95.8 95.9 
Precision0.25 0 0.93 0.95 0.96 0.95 0.96 0.96 
Recall0.25 0 0.90 0.95 0.95 0.95 0.95 0.96 
F1 0 0.91 0.95 0.95 0.95 0.96 0.96 
TP 0 3207 3384 3383 3396 3413 3415 
FP 2541117 254 174 144 174 143 141 
FN 3574 367 190 191 178 161 159 
Average IoU 0 67.5 73.3 73.8 74.1 74.8 75.2 

 

Table 2.3: Side-view CNN performances with the training iteration number. Number of detections, ground-
truth, mean average precision (50), precision, recall, F1 score, True Positive (TP), False Positive (FP), False 

Negative (FN) and average Interception over Union (IoU). 
 Iterations 
 0 1000 2000 3000 4000 5000 6000 

Detections 12530 12530 5890 6377 5535 5075 4882 
Ground-truth 2963 2963 2963 2963 2963 2963 2963 
mAP0.50 0 90.62 96.66 96.13 97.38 97.48 97.45 
Precision0.25 0 0.73 0.87 0.87 0.88 0.90 0.90 
Recall0.25 0 0.80 0.90 0.91 0.92 0.94 0.93 
F11 0 0.76 0.88 0.89 0.9 0.92 0.92 
TP2 0 2375 2674 2696 2730 2774 2769 
FP3 899534 899 411 389 376 314 317 
FN4 2963 588 289 267 233 189 194 
Average IoU 0 52.74 68.04 68.69 70.27 73.52 73.48 
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2.3.4 Detections along the vertical coordinate 

In the side videos capturing six-fish groups, a high occurrence of fish swimming side-by-
side at the bottom of the flume was observed. This led to numerous complete occlusions, 
where fish positioned closer to the camera would obstruct those swimming next to them. 
To assess the relevance of this issue, the number of missing detections was quantified. 
For each side video, the missing detections (𝑀𝐷) were calculated as:  

𝑀𝐷𝑁𝑓𝑖𝑠ℎ = 1 −
𝑁𝐶𝑁𝑁 𝑑𝑒𝑡

𝑁𝑓𝑖𝑠ℎ ∙ 𝑁𝑓𝑟𝑎𝑚𝑒𝑠
 

Where 𝑁𝐶𝑁𝑁 𝑑𝑒𝑡  is the number of CNN detections in the trial, 𝑁𝑓𝑖𝑠ℎ is the group size (i.e. 
number of fish present in the flume) and 𝑁𝑓𝑟𝑎𝑚𝑒𝑠  is the number of frames in the video 
trial. On average, 𝑀𝐷1 (i.e. 𝑀𝐷𝑓 with 𝑁𝑓𝑖𝑠ℎ =1, which is the case of single fish) was 
approximately 16%. This value was attributed to fish swimming in low-contrast areas 
with the background, such as the upstream honeycomb, or when they were at rest or 
impinged against the downstream grid. In the case of two-fish groups, the average 𝑀𝐷2 
was around 24%, while for six-fish groups, 𝑀𝐷6 escalated to 45%. The increasing number 
of 𝑀𝐷𝑓 with group size (𝑁𝑓𝑖𝑠ℎ) can be attributed to the numerous occlusions arising from 
fish swimming side-by-side in the side camera view. Although the rate of 𝑀𝐷1 for single 
fish was deemed acceptable for input into our tracking algorithm, the elevated occlusion 
rate for six-fish groups hindered the efficacy of the custom-made algorithm described 
below. Vertical space use analysis was therefore performed from CNN detections without 
additional filtering. It is worth emphasizing that the elevated occurrence of occlusions 
primarily took place in the lower section of the flume. This means that the fish's depth 
(i.e., distance from the flume bottom) was slightly overestimated for two-fish groups and 
significantly overestimated for six-fish groups. This overestimation was not considered a 
limitation, as it provided a conservative result aligning with the assumption made for our 
horizontal 2D analysis (see Chapter 3). 
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2.4 Tracking 

For the tracking phase, a custom algorithm developed in MATLAB 148 was used to 
convert CNN detections (i.e., positions of the identified fish in single video frames) into 
tracking trajectories (i.e., the path taken by each fish over time through the video 
sequence). This algorithm is based on a Kalman filter approach 144, which embedded an 
identity recognition routine employing a stochastic approach to assign fish identity in 
videos featuring two or six fish. This routine systematically analyses all possible 
combinations of fish trajectories between two consecutive frames and selects the solution 
that minimises the overall group acceleration during this interval. This relatively 
straightforward method was developed for its compatibility with integration into the 
Kalman filter and its computational efficiency, particularly for our most data-intensive 
videos (i.e., six-fish groups). The algorithm parameters were set to maximise tracking 
performance during occlusions (i.e., frames in which one or more fish in a video sequence 
become partially or entirely obscured by other objects or the environment). The 
performance of the tracking algorithm was validated using a randomly selected sample 
of 2 minutes of videos featuring six-fish groups. By comparing the algorithm's output 
with a visual check conducted by an operator, it was determined that the algorithm 
accurately assigned identity in 87% of occlusions. 

2.4.1 Kalman filter 

A Kalman filter 144 was implemented to retrieve a filtered trajectory of the fish from the 
noisy and/or missing detections (i.e. measurements). The filter applied uses a 2D (x,y) 
model with constant velocity. 

The state vector describes the state of the fish at a certain time-step t:  

𝑥⃗𝑡 = [

𝑥
𝑦
𝑥̇
𝑦̇

] 

Which comprises the position coordinates (𝑥, 𝑦) and their velocity (𝑥̇, 𝑦̇). After every time 
step (∆𝑡), the model produces a predicted state 𝑥𝑝 and an estimated state 𝑥𝑒 based on 
actual measurements (𝑧𝑡) of the object. Being 𝑥𝐶𝑁𝑁,𝑡 and 𝑦𝐶𝑁𝑁,𝑡 the detections from the 
CNN at the time step 𝑡, the actual measurement (𝑚⃗⃗⃗𝑡) can be calculated as:  

𝑚⃗⃗⃗𝑡 = [𝑥𝐶𝑁𝑁,𝑡 , 𝑦𝐶𝑁𝑁,𝑡 ,
𝑥𝐶𝑁𝑁,𝑡 − 𝑥𝐶𝑁𝑁,𝑡−1

∆𝑡
,
𝑦𝐶𝑁𝑁,𝑡 − 𝑦𝐶𝑁𝑁,𝑡−1

∆𝑡
]𝑇 
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Initial state 

The initial estimated state will start from the initial measure: 

𝑥0
𝑒 = 𝑚0 = [

𝑥𝐶𝑁𝑁,0
𝑦𝐶𝑁𝑁,0
0
0

] 

In order to begin the prediction of the next state, the estimate uncertainty matrix (or 
covariance matrix) needs to be computed. This matrix represents the covariance between 
the error in the estimated state and the error in the measurement of the state and provides 
an indication of the accuracy of the state estimate. Assuming no correlation between 
estimation errors on x and y, in position (𝑐𝑜𝑣𝑎𝑟(𝑥, 𝑦) = 0) and velocity (i.e., 
𝑐𝑜𝑣𝑎𝑟(𝑥̇, 𝑦̇) = 0), the covariance matrix becomes a diagonal matrix. The initial 
covariance matrix is: 

𝑉0 = [

𝑣𝑎𝑟(𝑥) 0 0 0
0 𝑣𝑎𝑟(𝑦) 0 0

0
0

0
0

𝑣𝑎𝑟(𝑥̇) 0

0 var(𝑦̇)

] 

Prediction 

The current predicted state is based on the previously estimated state: 

𝑥𝑡
𝑝
= 𝐴𝑥𝑡−1

𝑒  

Where A is the dynamic matrix (or state transition matrix): 

𝐴 = [

1 0 ∆𝑡 0
0 1 0 ∆𝑡
0
0

0
0

1 0
0 1

] 

Also, the predicted covariance matrix is updated based on the previous step: 

𝑉𝑡 = 𝐴𝑃𝑡−1𝐴
𝑇 + 𝑄 

With Q being the process noise covariance matrix, which represents the uncertainty 
of the process and measurement noises: 

𝑄 = 𝜎𝑎
2𝐺 ∙ 𝐺𝑇  
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Being 𝜎𝑎 the standard deviation on the acceleration and 𝐺: 

𝐺 =

[
 
 
 
 
1
2⁄ ∆𝑡2

1
2⁄ ∆𝑡2

∆𝑡
∆𝑡 ]

 
 
 
 

 

Estimation 

After the prediction, the estimation is updated with the actual measurement 𝑧𝑡. 

𝑥𝑡
𝑒 = 𝑥𝑡

𝑝
+ 𝐾(𝑚𝑡 − 𝐻𝑥𝑡

𝑝
) 

Where H is the measuring matrix: 

𝐻 = [

1 0 0 0
0 1 0 0
0
0

0
0

1 0
0 1

] 

And is 𝐾 the Kalman gain: 

𝐾𝑡 =
𝑉𝑡−1𝐻

𝑇

𝐻𝑃𝑡−1𝐻
𝑇 + 𝑅

 

With R being the noise covariance matrix: 

𝑅 =

[
 
 
 
𝜎𝑥 0 0 0
0 𝜎𝑦 0 0

0
0

0
0

𝜎𝑥̇ 0
0 𝜎𝑦̇]

 
 
 

 

The covariance matrix is also then updated: 

𝑉𝑡 = (𝐼 − 𝐾𝑡𝐻) ∗ 𝑉𝑡−1 

The Kalman gain K indicates whether the model should trust the measurement (𝐾 →
1) or the prediction (𝐾 → 0). With this method, at the time steps where there is a missing 
detection, the Kalman gain will be zero, and the state of the fish will be estimated from 
previous states (assuming constant velocity). 
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Figure 2.4: Example of observed and estimated position for single fish. 

 Data refer to the initial 100 frames (2 sec) of the first experiment with single fish, low velocity (10cm/s). 
Note that 1 cm ≈ 30 pixels. 

Velocity dumper 

By using a constant velocity model, the filter estimates an undetected object by 
following a linear trajectory. As a result, for time periods in which the object is not 
detected, the estimated position keeps moving at a constant velocity, and when the non-
detection interval is long, the object can also move out of the boundaries. In order to solve 
this issue, a condition on the prediction was added if the position was not measured: 

𝑖𝑓 𝑚𝑡 = 𝑁𝑎𝑁 →  𝑥𝑡
𝑝
= 𝐷 · 𝐴𝑥𝑡−1

𝑒  

𝐷 = [

1 0 0 0
0 1 0 0
0
0

0
0

𝑑𝑣 0
0 𝑑𝑣

] 

Where 𝑑𝑣 (0 ≤ 𝑑𝑣 ≤ 1) is a dumper that reduces the velocity from the previous time 
step. 

2.4.2 Identity recognition 

In the case of a single fish, the Kalman filter can be applied to the measurement to 
retrieve a filtered trajectory. For multiple fish, however, it is necessary to relate the object 
of a new time step to the previous one (see Figure 2.5). This was done by assigning a 
probability to all possible configurations of the fish identities between consecutive time 
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steps (permutations). Only two combinations (𝑁𝑝 =2) are possible in the case of two fish. 
In the case of 6 fish, however, there are 720 possible permutations (𝑁𝑝 =720). 

For each configuration, the sum of the norms of the acceleration vectors is 
calculated.  

𝑏𝑖,𝑡 = ∑ |𝑎⃗𝑘,𝑡|

𝑁𝑓𝑖𝑠ℎ

𝑘

 

𝑎⃗𝑘,𝑡 =
𝑣⃗𝑘,𝑡 − 𝑣⃗𝑘,𝑡−1

∆𝑡
 

𝑣⃗𝑘,𝑡 =
𝑚𝑘,𝑡 −𝑀1 ∙ 𝑥𝑘,𝑡−1

𝑒

∆𝑡
 

𝑣⃗𝑘,𝑡−1 = 𝑀2 ∙ 𝑥𝑘,𝑡−1
𝑒  

Where 𝑀1 and 𝑀2 are matrixes that extract position and velocity from the state 
vector, respectively: 

𝑀1 = [
1 0 0 0
0 1 0 0

] 

𝑀2 = [
0 0 1 0
0 0 0 1

] 

The probability of each configuration q is then calculated as: 

𝑞𝑖,𝑡 = 1 −
𝑏𝑖,𝑡

∑ 𝑏𝑗,𝑡
𝑁𝑝
𝑗=1

 

{
𝑖𝑓 𝑁𝑓𝑖𝑠ℎ = 2 → 𝑁𝑝 = 2     
𝑖𝑓 𝑁𝑓𝑖𝑠ℎ = 6 → 𝑁𝑝 = 720

 

Identity was therefore assigned by selecting the configuration with the highest 
probability among the Np possible permutations: 

𝑏𝑡̿ = 𝑚𝑎𝑥𝑖=1..𝑁𝑝(𝑞𝑖,𝑡) 
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Figure 2.5: Velocity combinations of six-fish group for two consecutive time-steps 

 
Figure 2.6: Example of observation and estimated positions for six fish. 

 Data refer to the initial 100 frames (2 sec) of the first experiment with six fish, low velocity (10cm/s). Note 
that 1 cm ≈ 30 pixels.  
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2.4.3 Validation 

The tracking performance of videos captured by the bottom camera was assessed by 
evaluating the accuracy of the identity algorithm. The primary objective was to examine 
the assignment of identities during occlusions, which occurred when two or more fish 
crossed paths. The algorithm's performance was visually verified to determine if the 
assigned identities were correct or if there were instances of swapping (see Figure 2.8). 
In order to minimise the occurrence of identity swaps during occlusions, filter parameters 
were optimised using a trial-and-error approach. Visual confirmation was conducted on 
a randomly selected two-minute subset of videos from three velocity treatments, resulting 
in a total of 50 occlusions. The optimised filter parameters yielded an identity accuracy 
of 87% for the analysed occlusions. 
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Figure 2.7: Detections from YOLOv4 over frame 

 
Figure 2.8: Results from tracking from Kalman filter with embedded the identity recognition algorithm 
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Abstract 3 

Social facilitation is a well-known phenomenon where the presence of conspecifics 
enhances an individual's performance in a specific task. As far as fishes are concerned, 
most studies on social facilitation have been conducted in standing-water conditions. 
However, especially for riverine species, these conditions represent the exception rather 
than the rule, and the effects of hydrodynamics on social facilitation remain largely 
unknown. To bridge this knowledge gap, we designed and performed flume experiments 
where the behaviour of a gregarious fish species (Telestes muticellus) in varying group 
sizes and at different mean flow velocities was studied. An artificial intelligence (AI) 
deep learning algorithm was developed and employed to track fish positions in time and 
subsequently assess their exploration, swimming activity, and space use. Results indicate 
that energy-saving strategies seem to dictate space use in flowing waters regardless of 
group size. Instead, exploration and swimming activity increased by increasing group 
size, but the magnitude of this enhancement - which quantifies social facilitation - was 
modulated by flow velocity. These results have implications for how future research 
efforts should be designed to understand the social dynamics of riverine fish populations, 
which can no longer ignore the contribution of hydrodynamics. 

 

Figure 3.1: Graphical abstract of Chapter 3 

 
3 This chapter has been published in Scientific Reports.  
Citation: Mozzi, G., Nyqvist, D., Ashraf, M. U., Comoglio, C., Domenici, P., 

Schumann, S., & Manes, C. (2024). The interplay of group size and flow velocity 
modulates fish exploratory behaviour. Scientific Reports, 14(1), 13186. 
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3.1 Introduction 

Social facilitation refers to the phenomenon in which an individual's performance in 
a particular task is enhanced by the presence of conspecifics 149. It has been extensively 
studied in diverse organisms, ranging from insects to birds and mammals 150–152, 
highlighting its importance in understanding social dynamics and ecological processes. 
In the aquatic realm, fish, with their varied social structures and diverse behaviours, offer 
a fascinating opportunity to explore social facilitation in different contexts. Among 
gregarious species, fish can display social facilitation in relation to foraging 153,154, 
predator avoidance 155,156, and exploration 100,101,157,158. For instance, during foraging, 
groups of minnows (Phoxinus phoxinus) and goldfish (Carassius auratus) exhibited a 
reduction in duration and frequency in hiding behaviour as group size increased (2, 4, 6, 
12, and 20 individuals) 157. Interestingly, this group size effect was more marked on 
minnows than goldfish, possibly due to the higher schooling tendency of the former 
species. A study on three-spined sticklebacks (Gasterosteus aculeatus) reported that 
groups exhibited higher activity levels and demonstrated quicker resumption of foraging 
when exposed to simulated predation risk compared to a fish alone 158. Another 
experiment showed that when young-of-the-year perch (Perca fluviatilis) were tested in 
single versus four-fish groups, the fish in groups spent more time exposed and approached 
areas close to a predator for feeding more quickly than single fish 101.  

Although the energetic benefits of schooling are widely recognised 41–44, the works 
on social facilitations are typically carried with fish in standing waters. In riverine 
environments, however, these conditions represent only a limited portion of available 
habitats, and very little is known about how social facilitation acts on fish groups in 
running waters. Some hints that hydrodynamics might play an important role in the 
dynamics of fish groups can be gathered only from a handful of studies, which report that 
flow velocities can regulate the structure and polarization of fish schools 159, which, in 
turn, can affect information transfer among individuals 39. Another limitation in the 
existing literature relates to the fact that most of the past experimental studies were 
performed either by forcing fish to swim in very shallow waters 52 or by neglecting their 
activity in the water column without thoroughly validating the exclusivity of horizontal 
motion 33,50,51,100. This not only hampers the interpretation of results within the horizontal 
plane but also overlooks fish's spatial utilisation of the water column. Recognising how 
fish shoals navigate available space in flowing waters is important for understanding their 
social dynamics, including the exploitation of boundaries for energy saving. 

This paucity of knowledge about how hydrodynamics affects social facilitation 
represents a bottleneck to understanding the dynamics of fish populations in riverine 
environments. Here, we focus on how being in a group influences the exploratory 



Social facilitation in exploring fish under different flow velocities 41 

 

 

behaviour of individual fish and, in turn, how this is affected by hydrodynamics. This is 
relevant because exploratory behaviour is key to acquiring vital resources such as food, 
shelter, and mating partners while also facilitating the acquisition of other valuable 
information about their surroundings, including the presence of predators and 
environmental changes 160. From a practical standpoint, this holds relevance for 
developing efficient management strategies related to river flow regulation, restoration 
efforts, and the design of fish passage structures 161. This is particularly crucial in light of 
the severe decline observed in migratory fish populations, often attributable to river 
fragmentation 14. 

The aim of the present study is to investigate the role and interplay of social 
facilitation and mean flow velocity in dictating the exploratory and swimming behaviour 
of riverine fish. To accomplish this goal, we conducted flume experiments on groups of 
wild juvenile Italian riffle dace (Telestes muticellus) swimming in open channel flows. 
We hypothesise that i) group size increases the explored area (hereafter referred to as EA) 
and the swimming trajectory length (hereafter referred to as TL) of individual fish, 
meaning that social facilitation takes place and ii) the magnitude of this response is 
affected by flow velocity. Additionally, we investigated the preferred swimming areas, 
referred to as space use, to enrich the interpretation and discussion of results pertaining 
to EA and TL. 
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3.2 Materials and methods 

3.2.1 Experimental set-up 

Experiments were conducted in a hydraulic flume with water supplied by a 
recirculation pump connected to a downstream storage tank via a series of pipes (Figure 
3.2). Flume walls were made of transparent Perspex with an aluminium frame. The test 
section was delimited upstream by a honeycomb aluminium flow straightener and 
downstream by a movable stainless-steel grid with a mesh size of 0.5cm x 0.5cm. The 
test section had a maximum volume of 30 cm x 150 cm x 30 cm; its length could be 
regulated by moving the downstream grid, while the pump frequency (controlled with an 
inverter) and the height of a downstream sharp-crested weir controlled the flow rate and 
depth. Pictures of the experimental apparatus can be found in the Appendix (Figure S 1). 

A PT100 thermoresistance was used to measure the temperature of the water, and a 
440 W chiller regulated the temperature. A flowmeter (AquaTransTM AT600, Baker 
Hughes) installed on the steel pipe at the bottom of the collection tank measured the flow 
rate. Water level was measured 5 cm upstream of the downstream grid with an ultrasonic 
sensor (BUS0025, BALLUFF). A data acquisition device (DAQ USB-6002, National 
Instruments) collected and transferred data to a personal computer for logging. The bulk 
flow velocity, calculated by multiplying the flow rate with the fixed width of the channel 
and the water level monitored through the ultrasonic sensor, was consistently monitored 
on the computer from a LabVIEW interface (National Instruments). The data acquisition 
device also allowed for the control of the lighting of three LED diodes installed beneath 
the flume within the camera view, used to synchronise video recorded from multiple 
cameras. 

 
Figure 3.2: Schematic representation of the experimental set-up 



Social facilitation in exploring fish under different flow velocities 43 

 

 

3.2.2 Fish capture and holding 

Italian riffle dace (Telestes muticellus) is a small-sized (<15 cm), omnivorous, 
gregarious fish native to streams and rivers on the Italian peninsula (Figure S 2a in the 
Appendix) 162. About 100 juvenile Italian riffle dace of average length of 5.14 cm (SD ± 
0.34 cm) were captured through electrofishing in Noce stream (44°56′18.52″N 

07°23′11.24″E) in northern Italy (Figure S 2 b and c). Fish were then taken to a nearby 
hatchery and placed in flow-through tanks. After one week, fish were transferred to an 
artificial pond fed by river water with an average temperature of 15.4 °C (SD ± 0.9°C) 
(see Figure S 3a in the Appendix). Here, they could feed ad libitum thanks to the organic 
matter incoming from the stream. 

The fish were relocated to three separate tanks (each of 200 x 60 x 15cm3) supplied 
with spring water at 13.6 °C  (SD ± 1°C) inside the hatchery 90 hours before the start of 
the experiments to acclimatise to the hatchery conditions. Each tank was divided into 
three compartments, with dimensions of 60 x 60 x 15cm3, each hosting less than 20 fish 
(Figure S 3c). Opaque plastic panels were placed atop to provide a protective covering 
against potential disturbance caused by passing operators. Experiments were conducted 
in June 2021, and water temperatures in the hatchery tanks and the outside pond were 
continuously monitored throughout the experimental period. 

3.2.3 Experimental protocol 

Randomised experiments utilised three different group sizes (one, two, and six fish), 
exposing all fish to a sequence of mean flow velocities: low, medium, and high (10, 20, 
and 35 cm/s, respectively). We adopted this specific protocol with increasing velocity due 
to the substantial number of fish required. Testing flow velocity separately would have 
necessitated 300 wild fish of similar size to achieve statistically robust results. This 
quantity exceeded what was considered reasonable to extract from the river by the 
province fisheries authorities. Furthermore, the experiment timeframe was limited due to 
the approaching summer temperature increase. To conduct experiments with minimal 
temperature variation and a reasonable number of fish, we opted for an increasing velocity 
protocol, acknowledging the potential temporal dependence of velocity. However, we 
believe this choice did not impact our results; detailed discussions on this aspect are 
provided in Section 3.4. 

The study comprised a total of 100 fish: 20 trials for single fish (i.e., 20 fish), 10 
trials for two-fish groups (i.e., 20 fish), and 10 trials for six-fish groups (i.e., 60 fish), with 
each fish tested only once. Randomisation was obtained by employing a block sequence 
comprising two trials with single fish (labelled as “A”), one trial with two fish (“B”), and 
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one trial with six fish (“C”). Each unique combination of these trials within a block was 

assigned a number from 1 to 15 (e.g., 1 = “AABC”, 2 = “AACB”, 3 = “ABAC”, etc.). 

Subsequently, we utilised the 'rand' command in MATLAB 148 to generate a sequence of 
10 random numbers ranging from one to 15. This process yielded a random sequence of 
10 blocks, each consisting of two single-fish trials, one two-fish trial, and one six-fish 
trial. Each group was exposed to three consecutive mean flow velocities: 10 cm/s for 15 
minutes (5 minutes considered for acclimation 163 and 10 minutes for the actual trial), 20 
cm/s for 10 minutes, and 35 cm/s for 10 minutes. Water depth was kept at 15 cm (i.e., 
about three fish body lengths), while water temperature was maintained at 14 °C (SD ± 
0.3 °C) throughout the experiments.  

If a fish rested at the downstream grid, it was gently tapped with a rod from behind, 
but no more than three times per group within the same velocity treatment. We adopted 
the gentle tapping method specifically because, on occasion - particularly post-release in 
the flume at 10 cm/s - fish tended to rest in the corners between the lateral walls and the 
downstream grid, aligning their bodies with the flow and with the tail resting on the grid. 
Observations indicated that this behaviour was not a result of fatigue: in a separate 
experiment focusing on fatigue, fish exhibited visible signs of hyperventilation, with their 
bodies flattened against the downstream grid. Consequently, we attributed the occasional 
tendency of fish to remain stationary more to volition or stress. To motivate swimming, 
we opted for gentle tapping 163, recognizing the slight interference with the experiment. 
In this context, we considered potential behavioural anomalies resulting from tapping to 
be comparable to the stress induced by the unfamiliar environment coupled with the 
capture-and-release process. While acknowledging the compromise introduced by 
tapping, we believe it is a reasonable trade-off to encourage swimming activity in the 
experimental setting. After each trial, the fish were anaesthetised in clove oil (Aromalabs, 
USA; approximately 0.05 ml clove oil/l water) and measured for weight and fork length. 
Some individuals underwent physiological analysis, assessing cortisol and oxidative 
stress levels in muscle tissue. The complete procedure and results can be found in 
Schumann et al. (2023) 164. 

3.2.4 Data analysis 

A reference system was defined with the origin at the honeycomb's bottom-right 
corner of the flume (upstream end of the experimental arena). The x-axis was aligned 
with the flow direction, the y-axis was set as transversal to the water flow in the horizontal 
plane, and the z-axis was defined as the vertical coordinate. Units of fish position resulting 
from the video analysis were converted from pixels to centimetres in the defined reference 
system using the coordinates of the four corners of the swimming arena for each video, 
as described in Nyqvist et al. 165. 
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Data analysis was conducted using R v4.0.5 166. Fish positions obtained from video-
tracking were utilised to compute the following metrics: i) explored area (EA), ii) 
trajectory length (TL), and iii) space use, with the first two only analysed in the horizontal 
plane (𝑥, 𝑦) – as vertical space use revealed that fish mostly stayed close to the flume 
bottom (see Section 3.3.2). EA was defined as the group-average ratio of the area covered 
by each fish to the total horizontal arena. To calculate EA, a 60 x 30 cm grid representing 
the experimental arena was utilised, and the cumulative count of newly covered 1 cm2 
cells by each fish along its path was determined and normalised by the total number of 
cells in the grid (i.e., 1800). Subsequently, the EA was calculated as the average of this 
count among all the fish in the investigated group. TL was determined as the horizontal 
distance swam by fish within a trial relative to the previously defined stationary reference 
system. Like EA, TL was calculated by averaging the trajectories of all fish in the group. 
Finally, space use was defined using two metrics: the first was 𝑃𝐻(𝑥, 𝑦), representing the 
probability density associated with a fish occupying a specific horizontal position (𝑥, 𝑦). 
The second was 𝑃𝑉(𝑧), which represents the probability density of the vertical position 
of fish along the normal coordinate 𝑧. Both metrics were calculated utilising fish positions 
from all experiments conducted under the respective velocity and group size conditions. 
𝑃𝐻  and 𝑃𝑉  were retrieved using a Kernel density estimation approach 167 with a fixed bin 
width of 1 cm for discretisation of both 𝑃𝐻  and 𝑃𝑉   in all spatial coordinates.  

Plots of 𝑃𝐻   and  𝑃𝑉 were generated using the geom_density_2d and ggridges 
commands in the ggplot2 v.3.4.0 168 package in R, respectively. In the case of 𝑃𝐻 , a 
logarithmic scale was employed to enhance the differences between trials. Estimating 𝑃𝑉 
posed challenges due to the numerous occlusions observed from the side camera’s 

perspective. To derive 𝑃𝑉, a weighing approach was employed based on the total 
detections of each experiment. However, it is important to note that this approach led to 
an overestimation of 𝑃𝑉 as group size increased. The overestimation was a consequence 
of fish swimming closely together at the bottom of the flume, resulting in overlapping 
within the lateral camera view. For more comprehensive details, please refer to the 
Chapter 2, Section 0. 

The statistical analysis was conducted using the rstatix (v0.7.0 169) package in R with 
a significance threshold set at a p-value of 0.05. Space use medians of probability density 
functions P𝐻̃(𝑥), P𝐻̃(𝑦) and P𝑉̃(𝑧) were employed to characterise the overall positioning 
of fish along all three spatial coordinates (𝑃𝐻(𝑥) and 𝑃𝐻(𝑦) are the marginal distributions 
of 𝑃𝐻(𝑥, 𝑦) and the tilde symbol stands for median of a distribution). For all analysed 
variables, each velocity treatment resulted in a sample size of N=[20,10,10] for [1,2,6] 
group sizes, respectively. 

Data from EA, TL, P𝐻̃(𝑥), P𝐻̃(𝑦) and P𝑉̃(𝑧) did not fulfil the assumptions for 
parametric tests (Shapiro-Wilk test with p-value < 0.05). Consequently, non-parametric 
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tests were employed to examine the impact of group size and velocity on these variables. 
To test the hypothesis that social facilitation influenced EA and TL, we used the one-
sided Jonckheere-Terpstra trend test, expecting larger effects for larger groups sizes 
170,171. Effects of group size on EA and TL was tested for each velocity separately. With 
regards to the effect of group size on space use (i.e., P𝐻̃(𝑥), P𝐻̃(𝑦) and P𝑉̃(𝑧)), our focus 
was directed towards detecting differences rather than trends. As a result, we utilised the 
Kruskal-Wallis test for these variables 172. The Friedman test was employed to examine 
the effect of flow velocity (within-subject factor), taking repeated measures across flow 
velocities into account 173. In cases of significant effect of velocity from the Friedman 
test, we conducted post-hoc analyses using paired Wilcoxon signed-rank test174. To 
account for multiple comparisons, we adjusted p-values of post-hoc tests using the 
Bonferroni correction method 175. 

In order to determine whether the results from the horizontal analysis were biased 
by fish movement in the water column, we conducted an additional bottom-filtered 
analysis. This analysis was performed by removing frames in which at least one fish in 
the group was detected higher than 5 cm from the bottom. Bottom-filtered explored area 
(EA*), trajectory length (TL*), and horizontal space use (𝑃𝐻∗(𝑥, 𝑦)), were computed for 
all the trials. As the trajectory length accumulates over the number of frames, TL* was 
adjusted by considering the number of non-filtered frames as follows:  

𝑇𝐿∗ = 𝑇𝐿 ∙
𝑁𝑓𝑟𝑎𝑚𝑒𝑠

𝑁𝑏𝑜𝑡𝑡𝑜𝑚
 

Where 𝑁𝑓𝑟𝑎𝑚𝑒𝑠 represented the total number of frames in each trial, and 𝑁𝑏𝑜𝑡𝑡𝑜𝑚 the 
number of frames in which no fish was detected above 5 cm.  
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3.3. Results 

3.3.1. Explored area and trajectory length 

The majority (75%) of fish displayed an EA lower than 20% and a TL lower than 13 
m when alone in the flume (Figure 3.3). By contrast, fish belonging to groups of six had 
an average EA of 19% (SD ± 13%), 38% (SD ± 18%), and 26% (SD ± 12%) at 10, 20, 
and 35 cm/s, respectively. Most (75%) of individuals of the six-fish group had a TL higher 
than 13 m at medium and high velocities, but at low velocity, they swam on average 11 
m (SD ±5 m). Fish swimming in pairs displayed an intermediate behaviour, with an 
average EA of 20% (SD ± 7%), 27% (SD ± 17%), and 17% (SD ± 11%) for low, medium, 
and high velocity, respectively. The average TL of fish in groups of two was 12 m (SD ± 
4m) at 10 cm/s, 14 m (SD ± 5 m) at 20 cm/s and 12 m (SD ± 5m) at 35 cm/s (Figure 3.3). 
Overall, fish displayed the highest EA and TL in groups at medium and high velocities, 
while group size had no effect at lower flow conditions. 

The Jonckheere-Terpstra test revealed a significant positive trend with group size on 
EA and TL only for the medium and high velocities. Please note that a positive trend 
indicates that EA and TL increase with group size. At a velocity of 10 cm/s, group size 
did not display a significant trend on EA (z = 1.40, p-value > 0.05) or TL (z = 0.99, p-
value > 0.05). By contrast, at the velocity of 20 cm/s, group size significantly increased 
EA (z = 3.27, p-value < 0.001) and TL (z = 3.42, p-value < 0.001). At the maximum 
investigated velocity, 35 cm/s, trends in group size were significant for EA (z = 3.49, p-
value < 0.001) and TL (z = 4.33, p-value < 0.001). 

Friedman test showed that in fish belonging to groups of six, flow velocity exhibited 
a significant effect on both EA and TL (χ2(2) = 11.4, p-value = 0.007 for EA, and 

χ2(2) = 20, p-value < 0.001 for TL). For single fish, instead, velocity only showed 

significance for EA (χ2(2) = 6.46, p-value < 0.05) and not for TL (p-value > 0.05). 

Notably, in two-fish groups, velocity did not play a significant role in either EA or TL (p-
value > 0.05). Post-hoc analysis revealed that flow velocity had a significant effect on EA 
for single fish between medium and high velocities (20 and 35 cm/s, respectively, Table 
1). For six-fish groups instead, the effect on EA was significant in the transition between 
low and medium flows (10 and 20 cm/s, respectively), while the effect on TL was 
significant comparing all velocity conditions. 
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Figure 3.3: Explored area (EA, top) and trajectory length (TL, bottom) for each fish in the horizontal plane. In 
the case of two and six-fish groups, values represent the group average. The diamonds represent the mean 

values. 
Table 3.1: Post-hoc analysis on the effect of flow velocity 

 on explored area (EA) and trajectory length (TL) with paired Wilcoxon test with Bonferroni adjustment for p-
values. NS stands for non-significant (p-value ≥ 0.05). For clusters in which the Friedman test did not show 

significance, post-hoc analysis was not computed (-). 
Cluster Pairwise 

comparison 
EA TL 

Single fish 10 vs. 20 cm/s NS (-) 
10 vs. 35 cm/s NS (-) 
20 vs. 35 cm/s 0.0342 (-) 

Two fish 
groups 

10 vs. 20 cm/s (-) (-) 
10 vs. 35 cm/s (-) (-) 

 20 vs. 35 cm/s (-) (-) 
Six fish 
groups 

10 vs. 20 cm/s 0.0078 0.0063 
10 vs. 35 cm/s NS 0.0021 
20 vs. 35 cm/s NS 0.0049 

 

3.3.2. Space use 

Horizontal probability density, 𝑃𝐻 , revealed that at the lowest velocity, fish tended 
to stay close to the upstream honeycomb grid while they relocated towards the 
downstream end of the flume and closer to the side walls as flow velocity increased 
(Figure 3.4). For similar velocities, all group sizes tended to occupy similar areas. 
However, larger groups occupied a broader area compared to smaller groups at all three 
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flow velocities, and the central region was sparsely occupied, particularly for single fish. 
Fish occupied the largest area at the medium velocity (20 cm/s) for all group sizes. As far 
as vertical space use 𝑃𝑉 is concerned, fish mostly remained within the first 5 cm from the 
flume bottom and swam closer to the bottom as velocity increased (Figure 3.5). Notably, 
the vertical analysis underestimated the actual number of fish at the bottom of the flume 
(see Chapter 2, Section 0). Velocity had a significant effect (Friedman test, p-value = 
0.0231) on the longitudinal and vertical median positions (identified as P𝐻̃(𝑥) and P𝑉̃(𝑧), 
respectively) of the fish for all group sizes (Table 3.2). In contrast, lateral median position 
(P𝐻̃(𝑦)) was only affected by velocity for six-fish groups. Group size did not significantly 
affect the median position of fish (Kruskal-Wallis test, p-value > 0.05). 

 
Figure 3.4: Horizontal probability density (𝑃𝐻) illustrating fish distribution at various flow velocities (10, 20, 

and 35 cm/s) and group sizes (1, 2, and 6). 𝑃𝐻 is obtained through Kernel density estimation, utilising fish 
positions (x, y) from all experiments conducted under the respective velocity and group size conditions. In 

each panel, water is flowing from left to right. 
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Figure 3.5: Vertical probability density (𝑃𝑉) for different group sizes and velocities (bottom of the flume: 𝑧=0; 
free water surface: z=15cm). Each PV is retrieved with Kernel density estimation of all vertical fish positions 

detected at the respective flow velocity and group size. 
 Table 3.2: Effect of group size and velocity on medians of probability distributions in the three coordinates 

(x, y, z) representing longitudinal, lateral and vertical positions, respectively. The effect of group size 
(between-subject factor) was assessed with Kruskal-Wallis test, while the impact of velocity (within-subject 

factor) was analysed through Friedman test (df=2 for all tests). NS stands for non-significant (p-value ≥ 0.05). 
Factor Cluster 𝑃𝐻̃(𝑥) 𝑃𝐻̃(𝑦) 𝑃𝑉̃(𝑧) 
Group size 1 10 cm/s NS NS NS 
 20 cm/s NS NS NS 
 35 cm/s NS NS NS 
Velocity 2 Single fish 0.0327 NS < 0.001 
 Two-fish group 0.0052 NS 0.0113 
 Six-fish group < 0.001 0.029 < 0.001 
1Between-subject factor: Kruskal-Wallis test, 2Within-subject factor: Friedman test 

 

3.3.3. Bottom-filtered analysis 

Upon visual comparison of bottom-filtered EA* and TL* (Figure 3.6) with the 
unfiltered data (Figure 3.3), it can be seen that the main trend remained consistent. Similar 
to the unfiltered analysis of the entire water volume, group size did not impact EA* and 
TL* at the lowest velocity (10 cm/s). However, EA* increased with larger group sizes at 
both medium and high velocities (20 and 35 cm/s, respectively), replicating the findings 
observed in the unfiltered analysis on EA. Similarly, the trend of TL* with group size 
was similar to that observed in the entire volume analysis (TL). Specifically, six-fish and 
two-fish groups exhibited comparable TL* values at the medium velocity, significantly 
higher than those of single fish. Conversely, at the highest velocity, an increase in TL* 
was observed with larger group sizes, perfectly mirroring the results from the unfiltered 
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analysis. By comparing differences in means, it can be seen that the variation in EA* 
stays below 7.5% (|EA-EA*|,  

Table 3.3), while in TL is below 1.5 cm (|TL-TL*|,  

Table 3.3). Also, regarding horizontal space use (𝑃𝐻∗(𝑥, 𝑦), Figure 3.7), the 
distributions are highly similar to what observed in the entire volume (𝑃𝐻(𝑥, 𝑦), Figure 
3.4). Variations in medians positions are less than 2 cm for the longitudinal position 
(|𝑃𝐻∗(𝑥) − 𝑃𝐻(𝑥)|,  

Table 3.3) 1.1 cm for the lateral one (|𝑃𝐻∗(𝑦) − 𝑃𝐻(𝑦)|,  

Table 3.3). 

 
Figure 3.6: Bottom-filtered explored area (EA*, top) and trajectory length (TL*, bottom) for each fish in the 
horizontal plane. Filtering was implemented by considering only frames in which no fish was detected above 
5cm from the flume bottom. Values are averaged for the group, and the rhombi represent the means. TL* is 

adjusted for the number of non-filtered frames (TL*=TL · Ftot /Fbottom, with Ftot being the total number of 
frames in each trial and Fbottom the number of frames in which no fish was detected above 5cm in the vertical 

coordinate). 
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Figure 3.7: Bottom-filtered horizontal probability density (PH*) illustrating fish distribution at various flow 

velocities (10, 20, and 35 cm/s) and group sizes (1, 2, and 6). Filtering was performed by disregarding frames 
in which at least one fish was detected above 5cm from the flume bottom. Water is flowing from left to right. 

 
Table 3.3: Mean explored area and trajectory length for unfiltered analysis  

(EA, and TL) and for bottom-filtered analysis (EA*, and TL*), and median values of longitudinal and lateral 
position (𝑃̃𝐻(𝑥) and 𝑃̃𝐻(𝑦) for unfiltered data, and 𝑃̃𝐻∗(𝑥)and 𝑃̃𝐻∗(𝑦) from bottom filtered analysis). Filtering 
was performed by removing frames in which at least one fish was detected above 5 cm in the water column. 
 Mean explored 

area (%) 
Mean trajectory 

length [m] 
Median 

longitudinal 
position [cm] 

Median lateral 
position [cm] 

  𝐸𝐴̅̅ ̅̅  𝐸𝐴∗̅̅ ̅̅ ̅ 𝑇𝐿̅̅̅̅  𝑇𝐿∗̅̅ ̅̅̅ P̃H(𝑥) P̃H
∗
(𝑥) P̃H(𝑦) P̃H

∗(𝑦) 
1 fish, 10 cm/s 9.9 9.2 8.3 9.8 2.57 2.67 9.75 9.19 
1 fish, 20 cm/s 14.0 13.6 9.4 10.2 4.55 3.87 5.47 4.83 
1 fish, 35 cm/s 8.8 8.8 6.1 6.5 55.3 55.3 23.7 23.7 
2 fish, 10 cm/s 20.1 15.6 12.0 12.4 3.72 3.54 15.6 14.5 
2 fish, 20 cm/s 27.1 26.4 14.4 14.5 35.0 33.6 8.88 8.19 
2 fish, 35 cm/s 17.6 17.5 11.2 12.2 52.3 52.4 28.0 27.8 
6 fish, 10 cm/s 19.1 11.7 11.1 10.4 4.09 3.82 9.08 9.08 
6 fish, 20 cm/s 38.3 30.8 16.5 16.3 16.9 18.9 11.4 10.8 
6 fish, 35 cm/s 26.1 24.0 14.7 14.6 49.6 49.8 26.7 26.7 

3.4 Discussion 
Overall, the results demonstrate that individuals within groups exhibited higher 

exploratory behaviour (i.e. higher EA) and swimming activity (i.e. higher TL) compared 
to fish swimming alone and that these increments were found to be affected by flow 
velocity. Preferred swimming areas - denoted by horizontal and vertical space use (𝑃𝐻  
and 𝑃𝑉, respectively) - were mainly governed by flow velocity and not that much by group 
size. We observed that fish spontaneously swam in the near-bottom region, and the 
horizontal bottom-filtered analysis revealed no discernible differences in the primary 
trends of EA, TL, and 𝑃𝐻  when compared to the unfiltered data (Figure 3.4 and Figure 
3.7). Thus, we could reasonably assume that the estimation of EA, TL and 𝑃𝐻  through a 
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two-dimensional reconstruction of trajectories was highly representative of fish 
behaviour within the entire volume. 

In order to make them feasible, treatments were conducted consecutively with an 
increase in flow velocity within a trial. This carries a potential time dependency, where 
higher velocities always occur after a longer time in the flume. Even though it cannot be 
definitely established, there are good reasons to believe that the observed effect of 
velocity is real and not a hidden effect of time in the flume. Previous studies on guppies 
(Poecilia reticulata) and mosquitofish (Gambusia holbrooki), revealed that the influence 
of time on exploratory behaviour becomes significant after three 176 and four hours 100, 
respectively. Fish are also unlikely to fatigue under the time and velocities of the 
experiment. Most of similar-sized Telestes muticellus, were able to swim for longer than 
30 min at 35m/s in a dedicated (single fish) fatigue test 177. Given this and the relatively 
short duration of our experimental trial, it is reasonable to infer that flow velocity exerted 
a more pronounced influence within the studied timeframe compared to the role of time 
itself.  

Horizontal density distribution showed that locations of high fish density areas were 
unaffected by group size but were significantly influenced by velocity (Table 3.2). As 
flow velocity increased, fish moved towards the downstream grid and near-wall regions 
(Figure 3.4). On the vertical plane, they positioned themselves closer to the flume bottom 
as velocity increased, regardless of group size (Figure 3.5). It is interesting to note that 
flow velocity played a role in its horizontal and vertical positioning (𝑃𝐻  and 𝑃𝑉, 
respectively). These space use patterns are likely driven by the need to seek less 
challenging flow conditions, as local velocities near the walls or bottom boundary layer 
are typically lower than in central regions or the intermediate layers of the water column 
178,179. 

The increase of exploration and swimming activity with increasing group size is a 
form of social facilitation, intended as the promotion and enhancement of exploration and 
swimming activity in the presence of conspecifics 100,101,157,158. This type of social 
facilitation is reported in the literature for other species in standing water, including 
minnows (Phoxinus phoxinus) 157, goldfish (Carassius auratus) 157, perch (Perca 
fluviatilis) 101, three-spine sticklebacks (Gasterosteus aculeatus) 158, and juvenile 
mosquitofish (Gambusia holbrooki) 100. In the present study, we sought to expand upon 
the current understanding by investigating social facilitation in running waters. 
Interestingly, we found that the effect of group size on EA and TL seemed to vary with 
flow velocity, with minimal discernibility at the lowest velocity and becoming more 
prominent at higher velocities (Figure 3.3 and Table 3.1). But why should flow velocity 
affect social facilitation? We propose three hypotheses explaining the observed 
behaviour: competition, stress reduction, and energy saving from coordinated swimming.  
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Competitive displacement may emerge among individuals seeking energetically 

favourable areas, typically characterised by lower flow velocities (e.g., near the flume 
walls 179). Fish swimming alone tended to linger in these areas, resulting in reduced 
variability in their positional patterns compared to when swimming in groups (Figure 
3.4). Swimming with conspecifics introduces the potential for competition over these 
desirable locations, which may lead to greater spatial variability and increased 
exploration by each individual as they interchangingly displace each other while seeking 
the best spots. Flow velocity could mediate the intensity of such competition by 
exacerbating the necessity for seeking refuge in these areas at higher velocities. However, 
if competition were the sole factor at play, the impact on EA and TL would be less 
prominent. When examining medium and high velocities, we observe a substantial 
increase in average EA and TL, nearly doubling in two-fish groups compared to single-
fish groups (Figure 3.3). Given the near symmetry of the flume and flow-field conditions, 
even if both fish were to closely compete for a single favourable area and displace each 
other, it is unlikely that the overall covered area and trajectory would double as there 
would be plenty of other very favourable spots available nearby. Hence, it is improbable 
that competition alone accounted for the observed increase in EA and TL with group size 
at medium and high velocities. 

The second hypothesis relates to the calming effect of social facilitation, which 
reduces stress levels in fish when in the presence of conspecifics, as reported in the 
literature 77. Results from physiological analysis indicated that fish swimming in group 
exhibited lower cortisol and oxidative stress levels in muscle tissue compared to solitary 
counterparts 164. It plausible that under low flow conditions, fish may experience reduced 
stress, thereby diminishing the significance of the presence of others (i.e. group effects 
such as social facilitation). Conversely, higher velocities might induce greater stress in 
fish, amplifying the impact of conspecific presence. Studies on rainbow trout 
(Oncorhynchus mykiss) and turbot (Scophthalmus maximus) have shown a relationship 
between stress and flow velocity, with increasing stress responses and oxidative damage 
observed for increasing flow velocities 180,181. 

The third explanation centres around the energetic benefits of swimming in a group 
182. Qualitative observations indicated a common tendency for fish to swim and school 
together, with some exceptions like solitary individuals near the downstream grid. 
Coordinated swimming (schooling) allows fish to take advantage of hydrodynamic 
features, resulting in energy conservation strategies 41–44,183,184. As fish save energy from 
locomotion, they may allocate these reserves towards exploring their environment and 
exhibiting increased movement within the available arena when in groups, especially 
under challenging hydrodynamic conditions, namely at 20 and 35 cm/s.  
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To support this hypothesis, we assess the level of hydrodynamic challenge faced by 
the fish in our experiments by comparing the employed flow velocities with the so-called 
Maximum Sustained Velocity (𝑈𝑚𝑠) as estimated using the formula suggested by Videler 
185. 𝑈𝑚𝑠 identifies the crossover between the sustained and prolonged swimming range. 
The former indicates a range of velocities (lower than 𝑈𝑚𝑠) that fish can maintain for 
more than 200 mins, using only aerobic energy reserves 186. The latter instead identifies 
a range of velocities (higher than 𝑈𝑚𝑠) that are much more energetically demanding as 
they involve the use of anaerobic energy reserves, which eventually run out, hence 
leading fish to fatigue 186. Note that the reliability of Videler’s formula to estimate 𝑈𝑚𝑠 is 
generally low as it does not account for effects of important factors such as e.g. 
temperature and species 187. However, it can be used to provide some reference values 
that are valid for discussion purposes. In our case (i.e. fish with a body length of 5 cm), 
the Videler’s equation estimates 𝑈𝑚𝑠 = 27 cm/s. This implies that the lowest velocity 
utilised in our experiments (10 cm/s) was probably well within the sustained range and 
hence not energetically challenging for the fish. In contrast, the medium (20 cm/s) and 
highest investigated velocities (35 cm/s) are either close to or greater than the estimated 
𝑈𝑚𝑠 meaning they could belong to the more challenging prolonged range Considering 
that the fish swam at the highest velocity for 10 minutes, it is reasonable to infer that they 
were far from fatigue, given that 𝑈𝑚𝑠  provides an order of magnitude for fish swimming 
continuously for 200 minutes (note that boundaries between different ranges are far from 
being sharp).   

These considerations support the hypothesis that energetics might have played a role 
in modulating the effect of flow velocity on social facilitation observed in our study. 
Nevertheless, it remains challenging to discern whether the effects of flow velocity on 
social facilitation are attributable to a single mechanism or a combination of the three 
herein identified. Furthermore, certain individuals and groups may be primarily 
influenced by one mechanism, while others may experience a greater impact from another 
due to the substantial intraspecific variability observed in wild animals 188. Nonetheless, 
these findings fulfil a dual purpose by highlighting the critical role of flow velocity in 
behavioural research on rheophilic species 189–192 and by emphasising the importance of 
integrating group behaviour in the field of ecohydraulics. 

Overall, these findings have practical applications for conservation management 
purposes. Despite the extensive construction of fish passages to mitigate freshwater 
migratory fish decline, numerous structures suffer from low passage efficiency 5,6. An 
effective exploratory behaviour is crucial for fish to search and locate entrances of 
fishways at river barriers 5,6,30, and while extensive research has been done to assess and 
enhance the attractiveness of such entrances for individual fish 5,162,193, very little was 
known about the case of shoaling fish 67,108. Furthermore, gaining insights into the spatial 
utilisation of shoals, both horizontally and vertically, in confined environments can 
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provide relevant evidence for the efficient design of fish passages, resulting in optimised 
configurations that align with fish spatial preferences, particularly under challenging flow 
conditions 194. 

This Chapter offers insights into the interplay between flow velocity and social 
facilitation on fish exploration and swimming activity. We found that social facilitation 
occurs even with as few as two fish, but its effects vary depending on flow velocity. This 
means that caution should be exerted when interpreting findings from experiments 
conducted in aquariums and tanks with stagnant waters, as they may not entirely capture 
the effects of social facilitation on fish behaviour, particularly for rheophilic species. 
Since river habitats often exhibit diverse flow conditions, neglecting hydrodynamics 
could lead to unrepresentative or biased outcomes. Conversely, a comprehensive 
understanding of collective behaviour becomes imperative when investigating the 
behaviour of gregarious species inhabiting flowing waters. In essence, this study 
underscores the necessity of accounting for the intricate relationship between 
hydrodynamics and social interactions to gain a more holistic perspective on fish 
behaviour.



 

Chapter 4. Flow velocity and 
boundary effects on fish 
interactions
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Abstract 

The origin of coordinated collective motion in fish has been a longstanding inquiry 
among researchers. In the realm of freshwater migratory fish, understanding the 
intricacies of conspecific interactions holds significant implications for conservation 
efforts, especially as populations face steep declines due to river fragmentation. To 
address this, a thorough comprehension of environmental factors is essential. Previous 
studies examining the influence of flow velocity on shoaling tendencies have produced 
conflicting results, and there is a noticeable data scarcity regarding behaviours at 
relatively high velocities (i.e. investigated velocities were of the order of about four body 
lengths per second at most), which correspond to conditions that may be encountered 
during migration through fish passages. The impact of boundaries, such as riverbanks and 
concrete walls in fish passages, on fish interaction in flowing waters remains largely 
unexplored despite the recognition that certain species migrate along riverbanks to 
conserve energy. In this Chapter, we aim to address gaps in the current literature by 
scrutinizing the interaction dynamics of pairs of Telestes muticellus across three distinct 
flow velocities and in different regions of a confined open channel flume. Specifically, 
we investigated the influence of velocity and boundaries on pair interactions, examining 
both longitudinal and lateral motions across different spatial patterns. Furthermore, we 
quantified the response time for the longitudinal and lateral components at the three 
different flow velocities.   
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4.1 Introduction 

Coordinated collective motion is a fascinating phenomenon observed ubiquitously 
in the animal kingdom, from formations of flocking birds to the intricate patterns of 
swarming ants and schooling fish 8. These coordinated patterns arise from individual 
social interactions, forming the basis for these intriguing behavioural phenomena. In the 
case of migratory freshwater fishes, the investigation of these interactions finds important 
applications. Since the 1970s, these species have witnessed a global population decline 
of 76%, with river fragmentation identified as the primary cause 14. As previously 
explained in Chapter 1, many fish species migrate in coordinated groups 65, and 
understanding the social dynamics driving their movements can contribute to improving 
the planning of conservation strategies and fish passage design 195. 

Throughout the years, multiple approaches have attempted to elucidate the principles 
governing school formation and coordination, including hydrodynamic 45,50, particle 
physics 196, and data-driven approaches 36,197, each offering unique insights into the 
mechanisms driving coordinated swimming behaviour. However, most of these studies 
were carried out considering standing water conditions. This represents a strong 
limitation because, while migrating, fish are most often exposed to complex 
hydrodynamic features and the current understanding of how individuals process and 
combine social and hydrodynamic information is relatively poor 198. 

Prior studies have yielded conflicting results regarding the effect of flow velocity on 
shoaling tendencies among various species. Guppies (Poecilia reticulata) displayed 
reduced shoaling time with increasing flow velocities 199, whereas wild zebrafish (Danio 
rerio), chubs (Leuciscus cephalus), and minnows (Phoxinus phoxinus) showed increased 
shoaling tendency with increasing flow velocities 51,200,201. Notably, these studies have 
consistently defined shoaling as fish being less than four Body Lengths (BL) apart, except 
Shelton et al. (2020) 200, who employed five BL, and Allouche & Gaudin (2001) 201, where 
the metric used to define shoaling was not reported. Although a threshold of four BL is 
widely accepted in the literature to characterise fish shoaling in standing waters 33,202,203, 
its a priori applicability to running waters is questionable. In general, the effect of flow 
velocity on the so-called decorrelation distance between two fish (i.e. the distance beyond 
which the two fish stop interacting and hence the distance that can be taken as a threshold 
to define whether two fish are shoaling or not) has never been investigated. 

The impact of flow velocity on swimming formation has also been explored, 
specifically for red nose tetra fish (Hemigrammus bleheri), zebrafish (Danio rerio), and 
minnows (Phoxinus phoxinus) 49,51,52,204. Across these studies, a preference for a side-by-
side configuration granting energetic benefits over high flows was consistently observed. 
Nevertheless, it is worth noting that the flow conditions examined in these studies ranged 
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between 0 and 2BL, with an exception reaching 4.3 BL/s 49,52. These intervals are 
somewhat limited, and there is little knowledge about behaviours at higher velocities. 
This is particularly relevant for investigating scenarios in which fish encounter 
hydrodynamically challenging environments, such as fish passages 205,206. 

Experimental observations on the effect of flow velocity on fish interaction in shoals 
are also quite limited. Chicoli et al. (2014) found that mutual responses among individuals 
of giant danio (Devario aequipinnatus) were more pronounced in still water compared to 
flowing conditions 39. They suggested that this might be attributed to a weaker signal 
sensed by the lateral line as masked by ambient flow, making the transmission of 
hydrodynamic information from neighbouring fish more challenging. De Bie et al. (2020) 
calculated information transfer among pairs of minnows (Phoxinus phoxinus) in three 
different conditions – one with no flow, one with low flow (5.5 cm/s, 1 BL/s), and one 
with high flow (11 cm/s, 2 BL/s) –  but no evident differences between treatments were 
discussed for this metric 51. To measure information transfer, they computed cross-
correlation functions of fish ground velocity, discovering that the rear fish was much more 
likely to react to the front one than the other way around, which suggests information 
transfer flowed predominantly from front to back. Additionally, they identified peaks in 
velocity cross-correlation functions to determine the timescale over which fish responded 
to each other, finding it to range between 0.3 and 0.5 seconds with no reported differences 
between treatments. 

Ultimately, nearly all previous works either simulated or observed shoaling 
behaviour in open waters, neglecting the potential impact of boundaries such as side 
walls. Several species are known to migrate along the river banks, including salmon 
(Oncorhynchus nerka), and barbel (Luciobarbus comizo, L. microcephalus) 207–209. This 
behaviour is primarily induced by the tendency of fish to avoid excessive velocities and 
upwellings in the main channel to save energy for migration 210. Collective behaviour is 
often modelled as a multi-body dynamical problem whereby attractive and repulsive 
forces between agents dictate the social dynamics of the group. The effects of boundaries 
on group behaviour are often modelled as attraction forces. For instance, in a study 
performed in still water tanks, Herbert-Read et al. (2011) measured the attraction force 
exerted by lateral walls, finding it to be additive to the one exerted by group mates 211. 
This phenomenon is termed thigmotaxis (or “wall-hugging”) and can be attributed to 
excessive stress 212. In the case of running waters, the attraction force of lateral walls 
could also represent an energy-saving strategy, as near-wall regions are characterised by 
reduced flow velocities where fish spend less energy in locomotion, a concept often 
referred to as wall holding 179,211. To our knowledge, no study has investigated the effect 
of boundaries on fish interaction in running waters. 



62 Fish collective behaviour in flowing waters 

 
The aim of this work is to investigate interactions of fish exposed to flow velocities 

ranging from 2 to 7 BL/s throughout a confined swimming arena and hence accounting 
for boundary effects. Adhering to the reductionist approach 33,49,51, we analyse the 
trajectories of fish pairs within three flow conditions in four distinct regions of the flume. 
This deliberate choice aligns with the requirement to measure fundamental interaction 
metrics, focusing on the simplest subsystem of a shoal. Our objective is to characterise 
interactions in terms of (i) shoaling time, (ii) mutual relative positioning, and (iii) cross-
correlation functions. With the latter, we aim to quantify interactions across varying 
relative distances and orientations between fish, considering different boundary regions 
and estimating response times. These metrics offer insights into the spatial scale at which 
interactions are significant and the speed and efficiency of information transfer within a 
shoal, thereby impacting their decision-making processes 213. 
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4.2 Materials and methods 

4.2.1 Animals, experimental protocol, trajectory data 

Italian riffle dace (Telestes muticellus) is a social fish species native to the streams 
and rivers of the Italian peninsula, which, despite its abundance, has been relatively 
understudied 162. This study involved a cohort of 20 wild juvenile Italian riffle dace, with 
an average length of 5.14 cm (SD ± 0.34 cm). Experiments were conducted in May 2021 
within an open-channel flume featuring transparent walls. The flume was equipped with 
a combined pump-inverter system, enabling precise flow rate control and a downstream 
weir of adjustable height, allowing for control of water depth. The experiment protocol 
entailed introducing fish pairs into the flume with a bulk flow velocity (𝑈𝐵 estimated as 
flow rate per unit wet area) of 10 cm/s (𝑈𝐵10). This flow velocity was kept constant for 
15 minutes, with the duration divided into an initial 5-minute habituation period followed 
by a 10-minute trial period. Subsequently, the flow velocity was incrementally raised to 
20 cm/s (𝑈𝐵20) and maintained at this level for an additional 10 minutes. Finally, pairs 
were exposed to the highest flow velocity of 35 cm/s (𝑈𝐵35) for 10 minutes. Water depth 
was constantly maintained at 15 cm throughout the entire experiment. Comprehensive 
details regarding the animals and the experimental setup can be found in Chapter 3. The 
analysis of vertical positioning, as presented in Chapter 3, indicated that fish 
predominantly remained within the first 5 cm from the flume bottom. This behaviour 
allowed us to approximate their trajectory as two-dimensional within the horizontal plane. 

4.2.2 Overview of data analysis 

Video recordings were analysed only in the last 7 minutes of each trial velocity. This 
was done to avoid potential disturbances in fish behaviour due to the velocity transient. 
The fish’s positional data (expressed in cm, with a precision of ± 3mm and a sampling 
rate of 50 frames per second) were acquired using an AI-based approach that was 
employed to analyse video recordings captured from the camera positioned below the 
channel, as detailed in Chapter 2. 

The reference system was defined with its origin on the head of the Leading fish (L). 
The x-axis was aligned with the flow direction, while the y-axis was oriented transversely 
to the water flow within the horizontal plane (Figure 4.2). Data were analysed to compute 
shoaling times, relative positioning of fish and cross-correlation functions as described in 
Sections 4.2.3, 4.2.4, and 4.2.5. Cross-correlation functions were utilised to quantify fish 
interactions and estimate decorrelation distances (𝐷𝑑) and response times (𝑡𝑟), (i.e. the 
time after which a fish, on average, responds to the movement of the other fish). The 
swimming arena was divided into four swimming regions (Back, Front, Centre and Side, 
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Figure 4.1) in order to assess the effect of boundaries on the metrics listed above 
(definition of the swimming region is detailed in Section 4.2.4).  

Data analysis was carried out using R version 4.0.5 166. Plots were created using the 
ggplot2 package (version 3.4.0, 168), and statistical analysis was performed using the 
rstatix package (version 0.7.0, 169) in R, with a significance threshold set at p < 0.05. 

4.2.3 Shoaling time and relative position 

The shoaling time was computed as the fraction of time for which fish stayed within 
a threshold distance that, in order to ensure the robustness of the results, was varied as 2, 
4, 6, and 8 BL. Shoaling time data exhibited did not fulfil the assumptions for parametric 
tests (Shapiro-Wilk test with p-value < 0.05). Hence, the Friedman test was employed to 
explore the influence of flow velocity (𝑈𝐵) on shoaling times, considering 𝑈𝐵 as a within-
subject factor to account for repeated measures across different flow velocities 173. Plots 
of the relative position in the swimming arena were generated using the geom_density_2d 
command in the ggplot2 v.3.4.0 35 168 package in R. 

4.2.4 Swimming regions 

The arena was partitioned into four distinct swimming regions (𝑆𝑅): Back, Front, 
Centre, and Side (Figure 4.1). The Front and Back regions were delineated as areas within 
a 5 cm (equivalent to 1 BL) distance from the upstream and downstream grids, 
respectively. The Side region was defined as the lateral area located within 2.5 cm 
(equivalent to 0.5 BL) from the side walls but remained at least 5 cm away from the 
upstream or downstream grids (already designated as part of the Front and Back regions). 
The Centre region was subsequently identified as the central area not included in the other 
defined regions. These values were selected based on observations from the fish position 
distribution analysis previously described in Chapter 3. More specifically, the median 
distance from lateral walls at 𝑈𝐵35 was found to be below 0.5 BL, while the median 
distance from the upstream or downstream at 𝑈𝐵10 was below 1 BL.  

After defining the swimming regions (𝑆𝑅), we calculated the time fish spent in each 
region for each experiment (𝑡𝑆𝑅, expressed in s). To obtain a representation devoid of bias 
arising from the varied area extensions of 𝑆𝑅, we also computed the fraction of time fish 
spent in each 𝑆𝑅, normalised for the area extension of each 𝑆𝑅 (𝑡𝑆𝑅∗ ). We employed the 
Friedman test to investigate the impact of 𝑆𝑅 and 𝑈𝐵 on both 𝑡𝑆𝑅 and  𝑡𝑆𝑅∗  173. The 
Friedman test was also utilised to assess the effect of 𝑆𝑅 on correlation (𝑐𝑢,𝑛(𝑆𝑅) and 
𝑐𝑣,𝑛(𝑆𝑅), refer to Section 4.2.5 for details). 
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Figure 4.1: Schematic representation of the bottom-view of the test section 

, along with the delimitation of Swimming Regions (𝑆𝑅: Front, Centre, Side and Back). Water flows from left 
to right. 

4.2.5 Cross-correlation functions 

To quantify the interaction between fish pairs, we employed cross-correlation 
functions of fish velocity components along the longitudinal (𝑢) and lateral coordinate 
(𝑣) 33,214. The fish were identified as the Lead (L) and the Rear (R), depending on their 
longitudinal coordinate, and the mean correlation was estimated from the ensemble 
average of the 𝑁 experiments: 

𝐶𝑢(𝑟, 𝜏) ≝
1

𝑁
∑𝑐𝑢,𝑛(𝑟, 𝜏)

𝑁

𝑛=1

   (𝑁 = 10) 

Where 𝜏 is a time lag, 𝑟 = (
𝑑
𝜃
) represents the vector distance between the two fish, 

whereby 𝑑 is the absolute distance between the fish and 𝜃 is the angle between them, 
ranging from 0 to 90°, defined as 0° for fish staying side-by-side and 90° when in an in-
line configuration (Figure 4.2).  
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Figure 4.2: Coordinate reference system 

For each time lag 𝜏 and each 𝑛𝑡ℎ experiment, 𝑐𝑢,𝑛(𝑟, 𝜏) was estimated as a Pearson 
correlation coefficient, a widely used statistic used to quantify the linear relationship or 
degree of association between two variables 215. The cross-correlation function between 
the longitudinal velocity of the Lead fish (𝑢𝐿,𝑛) and the Rear fish (𝑢𝑅,𝑛) is therefore 
computed as:  

𝑐𝑢,𝑛(𝑟, 𝜏) =
∑ (𝑢𝐿,𝑛(𝑡) − 𝑢𝐿,𝑛̅̅ ̅̅ ̅ )(𝑢𝑅,𝑛(𝑟, 𝑡 + 𝜏) − 𝑢𝑅,𝑛̅̅ ̅̅ ̅ (𝑟))𝑡

√∑ (𝑢𝐿,𝑛(𝑡) − 𝑢𝐿,𝑛̅̅ ̅̅ ̅ )
2

𝑡 √∑ (𝑢𝑅,𝑛(𝑟, 𝑡 + 𝜏) − 𝑢𝑅,𝑛̅̅ ̅̅ ̅(𝑟) )
2

𝑡

 

Where 𝑡 is time and the overbar symbol refers to time averaging. 

To determine the spatial scale of fish interactions and quantify the decorrelation 
distance 𝐷𝑑, cross-correlation functions 𝑐𝑢,𝑛(𝑟, 𝜏) with zero-time lag (𝜏 =0) were 
calculated at chosen relative distances between fish (i.e. at chosen distances d and 
regardless of 𝜃). Specifically, data were discretised into two body length (BL) increments 
across the range of 0 to 14 BL, and the mean correlation 𝐶𝑢(𝑑) was computed: 

𝐶𝑢(𝑑) =
1

𝑁
∑𝑐𝑢,𝑛(2(𝑖 − 1) < 𝑑 < 2𝑖, 𝜏 = 0)

𝑁

𝑛=1

         𝑖 = [1…7] 

A correlation threshold was set as 0.05, designating any correlation values below 
this threshold as statistically insignificant. This threshold was selected based on a 
correlation analysis between the velocity time series of two unrelated fish associated with 
different randomly selected experiments, revealing that 95% of random correlations fell 

0° ≤ 𝜃 ≤ 90° 
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below 0.05. Employing a conservative approach, the decorrelation distance 𝐷𝑑 was 
defined as the distance beyond which the mean correlation coefficient remained 
consistently below 0.05 for each velocity component and 𝑈𝐵 (i.e., 𝐶𝑢(𝑑 > 𝐷𝑑) < 0.05 
and 𝐶𝑣(𝑑 > 𝐷𝑑) < 0.05). For all analyses further described, this decorrelation distance 
was employed as a threshold to filter out the time intervals in which fish were too far 
apart to interact. 

The effect of relative orientation on fish interactions was assessed by computing 
zero-lag correlation functions 𝑐𝑢,𝑛(𝑟, 𝜏 = 0) at time intervals when the fish were 
positioned at specific intervals of 𝜃, and a relative distance below the decorrelation 
distance 𝐷𝑑: 

𝐶𝑢(𝜃) =
1

𝑁
∑𝑐𝑢,𝑛(𝜋 12⁄ (𝑖 − 1) < 𝜃 < 𝜋 12⁄ 𝑖, 𝑑 < 𝐷𝑑 , 𝜏 = 0)

𝑁

𝑛=1

      𝑖 = [1…6] 

In order to examine the effect of the swimming regions (𝑆𝑅), 𝑁 cross-correlation 
functions were computed for each 𝑆𝑅𝑖, at a zero-time lag and a relative distance below 
the decorrelation distance 𝐷𝑑:  

𝑐𝑢,𝑛(𝑆𝑅) = 𝑐𝑢,𝑛(𝑆𝑅𝑖 , 𝑑 < 𝐷𝑑 , 𝜏 = 0)          𝑆𝑅𝑖 ∈ [Back, Centre, Front, Side] 

Cross-correlation functions of fish velocities were computed across different time 
lags (𝜏 = [−5…5] s) for any 𝑟, where the relative distance (𝑑) was less than the 
decorrelation distance 𝐷𝑑. This analysis aimed to quantify response times, defined as the 
𝜏 values corresponding to peaks in 𝑐𝑢,𝑛(𝜏, 𝑑 < 𝐷𝑑) 33. The average response time (𝑡𝑟) was 
then calculated as: 

𝑡𝑟,𝑢 =
1

𝑁
∑𝜏𝑀𝐴𝑋,𝑢,𝑛

𝑁

𝑛=1

 

𝜏𝑀𝐴𝑋,𝑢,𝑛 ∶  𝑐𝑢,𝑛(𝜏𝑀𝐴𝑋) = max
𝜏
(𝑐𝑢,𝑛(𝜏))  

Data pertaining to correlation functions and response times did not fulfil the 
assumptions for patametric tests (Shapiro-Wilk test with p-value < 0.05). Consequently, 
the Friedman test was employed to assess the impact of flow velocity as a within-subject 
factor, accounting for repeated measures across varying 𝑈𝐵 173.  
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4.3 Results 

4.3.1 Position and shoaling time 

Shoaling time is found to be statistically unaffected by 𝑈𝐵, irrespective of the 
threshold distance applied to consider fish shoaling (Friedman test, p-value > 0.05 for 2, 
4, 6, and 8 BL). Specifically, for a threshold distance of 4 BL, average shoaling times 
(mean ± standard deviation) constitute 79% ± 35%, 85% ± 31%, and 83% ± 30% of the 
total time in the flume for 𝑈𝐵10, 𝑈𝐵20, and 𝑈𝐵35 respectively. 

Analysis of the relative position within the entire flume region reveals distinct 
patterns: at 𝑈𝐵10 and 𝑈𝐵20, fish tended to adopt a side-by-side configuration, while at 
𝑈𝐵35, an in-line configuration was prevalent (Figure 4.3). However, examination of 
relative positions within different swimming regions (Figure 4.4) indicates that the 
relative orientation is dictated by a combined effect of the specific region where fish were 
swimming and velocity. In particular, the relative positioning of fish swimming in the 
Front and Centre region is evidently affected by 𝑈𝐵: at 𝑈𝐵10 and 𝑈𝐵20, the predominant 
configuration was side-by-side, while at the highest flow velocity, pairs also started to 
adopt an in-line configuration. Relative positioning in the Back region is also influenced 
by 𝑈𝐵, albeit to a lesser extent. 
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Figure 4.3: Relative position of fish pairs for different flow velocities 𝑈𝐵10, 𝑈𝐵20, and 𝑈𝐵35 (10, 20 and 35 

cm/s of bulk velocity, respectively). Water is flowing from left to right. 

 
Figure 4.4: Relative positions of fish pairs for different swimming regions and different flow velocities 

velocities 𝑈𝐵10, 𝑈𝐵20, and 𝑈𝐵35 (10, 20 and 35 cm/s of bulk velocity, respectively). Front and Back regions 
are defined within 5 cm (1 BL) of upstream and downstream grids, respectively. Areas within 2.5 cm (0.5 BL) 
from lateral walls are defined as Side (remaining at least 5 cm away from grids), and the Centre region is the 

central area not covered by other defined regions. Water is flowing from left to right 
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The analysis of the time spent by fish in each region, denoted as 𝑡𝑆𝑅 (Figure 4.5, 

left), reveals that at 𝑈𝐵10, fish predominantly occupied the Front region. At 𝑈𝐵20, the 
distribution was more even, while at 𝑈𝐵35, fish primarily swam next to the lateral walls, 
specifically in the Side region. These tendencies are confirmed by the normalised fraction 
of time spent in each region, denoted as 𝑡𝑆𝑅∗  (Figure 4.5, right), which accounts for the 
extension of each SR. The only notable difference between the figures is the fraction of 
time spent in the Centre region, as it has the most extension, indicating that fish tended 
to swim near boundaries. 

Statistical analyses of both 𝑡𝑆𝑅 and 𝑡𝑆𝑅∗  confirm that at 𝑈𝐵10 and 𝑈𝐵35, fish tended to 
swim in specific regions (Table 4.1), specifically in the Front and Side regions (Figure 
4.5). Conversely, the effect was not statistically significant at 𝑈𝐵20 (Table 4.1). The 
analyses also indicate that the 𝑈𝐵 significantly influenced the utilisation of the Front, and 
Side regions by fish. 

 
Figure 4.5: Swimming region usage as time spent by fish swimming in each region 𝑡𝑆𝑅 (a) and fraction of time 

normalised for the extension of the SR areas 𝑡𝑆𝑅
∗  (b) for different flow velocities (UB10 = 10 cm/s, UB20= 

20cm/s, and UB35= 35cm/s). Front and Back regions are defined within 5 cm (1 BL) of upstream and 
downstream grids, respectively. Areas within 2.5 cm (0.5 BL) from lateral walls are defined as Side 

(remaining at least 5 cm away from grids), and the Centre region is the central area not covered by other 
defined regions. N experiments = 10. 

  

a
) 

b
) 
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Table 4.1: Effect of swimming region (𝑆𝑅) and flow velocity (UB)  
on fish swimming region usage. Namely, time spent by fish swimming in each region (𝑡𝑆𝑅) and the fraction of 

time normalised for the extension of the 𝑆𝑅 areas (𝑡𝑆𝑅
∗ ). The analysis is conducted with the Friedman test 

(df=2 for all tests). NS indicates non-significant (p-value ≥ 0.05). 
Factor Cluster 𝑡𝑆𝑅 (p-values) 𝑡𝑆𝑅

∗  (p-values) 
SR 𝑈𝐵10 (10 cm/s) 0.003 < 0.001 

 𝑈𝐵20 (20 cm/s) NS NS 
 𝑈𝐵35 (35 cm/s) < 0.001 < 0.001 

𝑈𝐵 Back NS NS 
 Centre 0.045 NS 
 Front 0.003 0.002 
 Side < 0.001 < 0.001 

 

4.3.2 Relative distance and orientation effects on fish 
interaction 

The mean longitudinal cross-correlation function computed over different relative 
distances, 𝐶𝑢(𝑑) displays positive values, albeit lower than 0.2 (Figure 4.6, top left). Such 
values drop below 0.05 when the distance between fish exceeds 5 BL for 𝑈𝐵10 and 𝑈𝐵35, 
while for 𝑈𝐵20, they drop beneath this value for 𝑑> 6 BL. For the lateral velocity 
component, 𝐶𝑣(𝑑) drops below the threshold value at 3 BL for 𝑈𝐵35, 4 BL for 𝑈𝐵10, and 
6 BL for 𝑈𝐵20 (Figure 4.6, top right). For the following analysis, we conservatively used  
6 BL as the distance of decorrelation 𝐷𝑑. 

The effects of relative orientation on fish interaction are captured by 𝐶𝑢(𝜗) and 
𝐶𝑣(𝜗) (Figure 4.6, bottom panels). 𝐶𝑢(𝜗) exhibits a trend at 𝑈𝐵10, displaying an 
increasing correlation with increasing 𝜗, reaching above 0.25 when fish displayed an in-
line configuration. A similar but less pronounced behaviour is observed at 20 cm/s. 
However, the correlation exhibits no discernible trend at 𝑈𝐵35, remaining consistently 
below 0.15. 

Conversely, 𝐶𝑣(𝜗) displays opposite trends at 𝑈𝐵10 and 𝑈𝐵20, reaching the largest 
values at 𝜃=0° (side-by-side configuration) and registering correlations of 0.3 and 0.25 
for 𝑈𝐵20 and 𝑈𝐵10, respectively. These correlations gradually decrease, falling below 0.15 
at higher angles (i.e. approaching an in-line configuration). In the case of 𝑈𝐵35, a similar 
trend is observed, albeit generally lower, with the maximum correlation staying below 
0.2 for 𝜃 =0°. 
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Figure 4.6: Mean zero-time lag correlation between fish velocities for the three flow velocities UB (UB10 = 10 

cm/s in blue, UB20= 20cm/s in green and UB35= 35cm/s in red). Top panels are for correlation for different 
distances between fish on the longitudinal (𝐶𝑢(𝑑), panel a), and lateral (𝐶𝑣(𝑑), panel b). Bottom panels 

represent correlation for different orientations (𝐶𝑢(𝜗) and 𝐶𝑣(𝜗), panels c and d, respectively). 𝜃=0° 
corresponds to a side-by-side configuration, while 𝜃=90° stands for an in-line arrangement. The coloured 

bands represent the standard deviation (N=10 experiments). 

4.3.3 Boundary effects on interactions 

To assess whether boundary effects influenced interactions between pairs, we 
calculated 𝑁 zero-time lag correlation functions on the longitudinal (𝑐𝑢(𝑆𝑅)) and lateral 
(𝑐𝑣(𝑆𝑅)) velocity components for each swimming region (𝑆𝑅, Figure 6). Longitudinal 
motion exhibits significant correlation (i.e., with a median higher than 0.05) solely in the 
Centre and Side regions (Figure 4.7a), although at 𝑈𝐵20, a significant correlation is 
observed only in the Side regions. Conversely, for lateral motion (Figure 4.7b), a 
significant correlation is found in the Centre and Front regions (except for t𝑈𝐵35, at which 
correlation is significant only in the Centre). Statistical analysis reveals that the effect of 
the swimming region is significant across all 𝑈𝐵 for both longitudinal and lateral motion 
(Friedman test, p-value < 0.05). 

a
) 

b
) 

c
) 

d
) 
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Figure 4.7: Zero-time lag correlation functions in different swimming regions (SR) on the longitudinal (a) and 

lateral (b) velocities for the three flow velocities UB (UB10 = 10 cm/s in blue, UB20= 20cm/s in green and 
UB35= 35cm/s in red). Areas within 2.5 cm (0.5 BL) from lateral walls are defined as Side (remaining at least 
5 cm away from grids), and the Centre region is the central area not covered by other defined regions. Number 

of experiments N=10. 

4.3.4 Response time 

Cross-correlation functions help to depict the response time of interaction by 
showing peaks in correlation at certain time lags (𝜏). Negative lags depict a correlation 
comparing the velocities of the Lead fish at the current time with the delayed velocity of 
the Rear fish (L responds to R). On the other hand, positive lags correspond to a delay in 
the Lead fish (R responds to L). 𝐶𝑢(𝜏) shows two prominent peaks, one for the positive 
𝜏 and one for the negative (Figure 4.8a). The peaks occur at lags of magnitude 0.47 ± 
0.31, 0.47 ± 0.44, and 0.54 ± 0.5 sec for flow velocities of 𝑈𝐵10, 𝑈𝐵20, and 𝑈𝐵35, 
respectively. Statistical analysis reveals that 𝑈𝐵 did not affect such response times 
(Friedman test, p-value >0.05). By contrast, 𝐶𝑣(𝜏) displays only one major peak on the 
positive lags for all flow velocities (Figure 4.8b). In this case, the peaks are located at 
0.73 ± 0.49 s lags for 𝑈𝐵10, 0.54 ± 0.29 s for 𝑈𝐵20, and 0.28 ± 0.12 s for 𝑈𝐵35. Statistical 
analysis shows that 𝑈𝐵 significantly affects the response time, as estimated from 𝐶𝑣 
(Friedman χ2= 12.8, df = 2, p-value <0.05). 

a
) 

b
) 
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Figure 4.8: Mean cross-correlation functions of longitudinal (a) and lateral (b) velocity time series between 

the Leading fish and the Rear fish for the three flow velocities. Positive lags (𝜏) means that the Lead is 
delayed (Rear responds to Lead), and negative lags represent the Lead fish responding to the Rear. The 

coloured bands represent the standard deviation (N=10 experiments). 
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4.4 Discussion 

The results presented in Section 4.3.1 indicate that flow velocity (𝑈𝐵) has no 
appreciable effect on shoaling time. The available literature on this matter presents 
inconsistent findings, with some studies indicating either an increase 51,200,201 or a 
reduction in shoaling time with increasing flow velocities 199,216. Notably, the work by De 
Bie et al. (2020) 51 stands out as the sole research work that specifically examined and 
isolated the impact of flow velocity in a controlled flume experiment, unlike the other 
studies that included additional variables such as habitat 200,201, predation 201 and 
parasitism 199. De Bie et al. (2020) reported that pairs of minnows (Phoxinus phoxinus) 
displayed an increase in shoaling time with increasing flow velocity. However, it is 
crucial to note that their findings were specific to time windows associated with fish 
swimming in the central area of the chosen arena, meaning that data pertaining to other 
regions of the flume were filtered out of the analysis. This represents a significant 
difference that makes the work by De Bie et al. (2020) and ours (where the entire 
swimming arena was considered in the computation of shoaling time) hardly comparable. 

It is also plausible that, in the experiments herein discussed, the lack of observable 
alterations in shoaling time under varying flow conditions may be attributed to shoaling 
being significantly induced by a need to reduce stress, which, contrary to, e.g. energy 
saving, might be not necessarily dependent of the hydrodynamic challenge fish are 
exposed to. This hypothesis is supported, to some extent, by the findings of Schumann et 
al. (2023), who conducted physiological analyses of the fish investigated in our 
experimental campaign 164. Their results revealed a reduction in cortisol and oxidative 
stress levels as group size increased, indicating a calming effect on the fish induced by 
the presence of conspecifics 77–80. 

For the highest investigated flow velocity, fish clearly tended to swim in-line in the 
Side region (specifically 56% of the time, Figure 4.5a), suggesting that, in such 
hydrodynamically challenging conditions, space use was dictated by energy-saving 
strategies. Near the walls, the mean velocity decreases, leading to lower drag experienced 
by fish and consequently higher attractiveness for this region - a phenomenon observed 
in studies involving single fish as well 179,184,217.  

At the lowest flow velocity instead, fish preferred side-by-side positioning in the 
Front region, accounting for 61% of the total time (Figure 4.5a). This observation might 
be linked to hydrodynamic conditions created by the honeycomb grid (unexplored in this 
study), potentially attracting fish for energy-saving reasons. Alternatively, the tendency 
of pairs to position themselves immediately downstream of the honeycomb grid could be 
driven by behavioural factors. It is plausible that the low water flow we imposed might 
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resemble natural conditions that induce fish to adopt drift-foraging behaviours. Drift 
foraging involves fish lingering in low-velocity areas alongside faster currents, where 
abundant drifting invertebrates are transported 218,219. While scientific literature on the 
foraging habits of Telestes muticellus is limited, observations of drift-foraging behaviour 
in other benthic cyprinids, such as Phoxinus phoxinus 220, lend support to this hypothesis. 

At the intermediate velocity, no statistically significant differences were found in the 
usage of different swimming regions (Table 4.1). For these hydrodynamic conditions, 
fish swam uniformly around the swimming arena, and the attractive forces exerted by 
lateral walls or the upstream grid were insignificant. This observation aligns with 
previous analyses presented in Chapter 3, where peak exploration was reported for 20 
cm/s. A possible explanation for this behavior is that the medium velocity represents an 
optimal speed for horizontal movement 221. At the lowest velocity, fish tended to utilize 
the water column more, whereas at the highest velocity, they sought refuge near the lateral 
walls 179(see further discussion below).  

Within the central region - where the influence of lateral walls and grids is negligible 
- a transition from predominantly side-by-side to a mixed in-line and side-by-side 
configuration was observed for increasing flow velocities. These results are in contrast 
with those of Ashraf et al. (2016) 49 who, in an experimental protocol similar to ours, 
report that (i) fish spontaneously tended to occupy the central region of the channel at all 
flow conditions, always avoiding the lateral walls and; (ii)  fish progressively adopted a 
side-by-side configuration (referred to as the “phalanx” configuration by the authors) for 

increasing flow velocities. The authors hypothesised that such a side-by-side 
configuration minimised energy expenditure via the synchronisation of tail-beat 
frequency. 

Contrary to point (i), our results indicate that as flow velocity increases, fish tend to 
avoid the central part of the channel, showing a clear tendency to swim right next to the 
lateral walls (Figure 4.5). Moreover, our results contradict point (ii) because, for 
increasing flow velocities, fish tend to deviate from a side-by-side configuration in any 
swimming region (Figure 4.4). It should be noted that the experiments presented by 
Ashraf et al. (2016) were performed under significantly different conditions, which 
perhaps explains such different results. Firstly, they employed a very shallow channel 
(i.e. the ratio between channel height and fish body length was about 0.6, whereas, in the 
present experiments, it was about 3). In the shallow conditions employed by Ashraf et al. 
(2016), the region next to the lateral walls might have provided a limited hydrodynamic 
advantage to fish, as its body create a significant blockage. Consequently, a non-
negligible flow diversion/acceleration is generated around the fish’s body, leading to 
increased skin friction, generation of lift forces, and ultimately, body destabilisation 
(similar flow-induced forces are discussed in Przybilla et al. (2010) 222). Secondly, the 
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swimming arena employed by Ashraf et al. (2016) was very short (about 20 cm, i.e. 5 BL 
long, whereas our channel was 60 cm, i.e. 12 BL long). This limited length resulted in the 
development of a very thin boundary layer in the lateral region (as well as the top and 
bottom of the channel), making it less viable for hydrodynamic benefits. 

Moreover, Ashraf et al. (2016) employed flow velocities ranging from 0.77 to 4 
BL/s, whereas the range investigated herein is between 2 and 7 BL/s. Notably, at flow 
velocities of 10 and 20 cm/s (equivalent to 2 and 4 BL/s), we also report a tendency of 
fish to swim side-by-side, except for the Side region (see Figure 4.3 and Figure 4.4). 
However, such a tendency disappears at 35 cm/s (i.e. 7 BL/s). It is plausible that the side-
by-side configuration ceases to be optimal at such fast flows, prompting fish to find more 
hydrodynamic benefits by swimming in proximity to the lateral walls. This holds 
particularly true in deep flows, as water depth can prevent excessive local blockage and 
allow for the development of a thicker boundary layer. Such a hypothesis would reconcile 
our results with those of De Bie et al. (2020), who also observed the “phalanx” 

configuration at their highest flow but utilised a velocity range limited to 1 and 2 BL/s. 

In order to estimate the degree of hydrodynamic challenge experienced by the fish, 
the so-called Maximum Sustained Velocity (𝑈𝑚𝑠) can be instrumental. 𝑈𝑚𝑠 marks the 
transition between sustained (i.e. the regime that can be sustained indefinitely without 
inducing fatigue, relying solely on aerobic energy reserves) and prolonged (i.e. a regime 
in which the fish utilises the anaerobic energy reserves, which are finite and eventually 
leads to fatigue) swimming ranges. As previously detailed in Chapter 3, 𝑈𝑚𝑠 can be 
estimated by the Viedeler equation 185, and in our case, is 𝑈𝑚𝑠= 27 cm/s (5.4 BL/s), which 
surpasses the velocities employed in previous studies. This suggests that the broader 
velocity range employed in our study is more likely to encompass various regimes, each 
presenting different challenges to the energetics of the fish. Specifically, the lowest 
velocity in our experiments (2 BL/s) likely fell well within the sustained range, posing no 
significant energetic challenge for the fish. In contrast, the medium (4 BL/s) and highest 
investigated velocities (7 BL/s) are either close to or exceed the estimated 𝑈𝑚𝑠, 
suggesting that they may belong to the significantly-more energetically-demanding 
prolonged range. 

In the analysis of fish interactions, we found that, up to a relative distance of 6 BL, 
the correlation between fish velocities remained significant (Figure 4.6 a,b), though this 
result is contingent upon the threshold we defined for negligible correlation (0.05). 
Interestingly, the maximum correlation occurs at the medium velocity (20 cm/s), 
coinciding with the velocity at which fish exhibited the highest exploration rate (refer to 
Chapter 3). Moreover, results reveal a higher correlation between fish in lateral than 
longitudinal motions. In lateral motions, there is a more rapid decrease in correlation at 
the highest flow intensity (35 cm/s, Figure 4.6b). This observation is likely attributed to 
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fish spatial preferences rather than hydrodynamic factors. As fish tended to stay close to 
the lateral walls at high flow velocities, their lateral motion was constricted, resulting in 
a lower correlation.  

Similar conclusions can be drawn by looking at the dependence of correlation on the 
relative orientation (Figure 4.6 c,d). In fact, results confirm higher correlations of the 
longitudinal component when fish adopt an in-line configuration, typically observed in 
the Side region. Conversely, longitudinal correlations are lower for a side-by-side 
configuration, where fish tend to better coordinate through their lateral movements. The 
lateral coordination is presumably facilitated by communication supported by visual cues, 
and the side-by-side positioning ensures that both fish are in each other's field of view. In 
the in-line configuration, the leading fish cannot exploit such kind of communication. 

In general, as fish tend to swim in specific areas based on flow conditions (Figure 
4.5, Table 4.1), their spatial choices and arrangements affect the degree of interaction. At 
lower velocities, fish predominantly spend time side-by-side in the Front region (Figure 
4.4 and Figure 4.5) and consequently interact more over lateral motion (Figure 4.6d and 
Figure 4.7). In contrast, in faster flows, they tend to favour an in-line formation next to 
the lateral walls (Figure 4.4 and Figure 4.5), therefore promoting coordination through 
their longitudinal motion (Figure 4.7).  This phenomenon can be characterised as a 
“Positioning bias”, suggesting that the spatial distribution of fish within the environment 

significantly shapes their interactions. Interestingly, at the intermediate velocity - where 
fish distributed themselves most evenly across the arena - they displayed the highest 
correlation for both velocity components (Figure 4.6 a,b), representing an optimum not 
only for exploration but also in terms of interaction.  

The cross-correlation functions reported in Figure 4.8 provide hints about how 
communication between fish occurs. Our results reveal a bidirectional interaction in 
longitudinal motion, as depicted by the nearly symmetrical double peaks (Figure 4.8a). 
Unexpectedly, this bidirectional interaction persists even at the highest flow velocity 
(𝑈𝐵35), where fish predominantly adopt an in-line configuration (see Figure 4.3). When 
fish swim in an in-line arrangement, the Rear fish is likely to respond to the Lead fish’s 

longitudinal motion (i.e. peak in 𝐶𝑢(𝜏) for positive 𝜏) as a result of a visual cue. However, 
interpreting the reverse (i.e. the peak of 𝐶𝑢(𝜏) for negative 𝜏) is challenging, as it is 
unclear how the Lead fish can respond to the motion of the Rear fish, especially in faster 
flows when the Rear fish is mostly directly behind the other, potentially outside its field 
of view. The utilisation of the lateral line could be an explanation, given that cyprinids 
are reported to possess numerous superficial neuromasts on the tail fin 223. These 
neuromasts, constituting the lateral line, serve as specialised sensory organs that enable 
fish to detect changes in water movement and pressure 224. However, it is possible that at 
high flow velocities, the hydrodynamic footprint of the Rear fish becomes masked by 
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mean flow and turbulence, as suggested in previous studies 39,51. Interestingly, video 
recordings revealed that in the Side region, the Rear fish occasionally collided with the 
Lead fish, prompting a swift longitudinal acceleration response. It is plausible that this 
collision-induced acceleration serves as the predominant factor behind the observed 
bidirectional interaction. 

Conversely, lateral motion demonstrated that interaction followed a dominant 
direction whereby the Rear fish responded predominantly to the Lead fish (𝐶𝑣(𝜏) in 
Figure 4.8b), with the response time influenced by flow velocity. This suggests 
heightened alertness in fish exposed to faster flows. Higher stress responses and oxidative 
damage at elevated flow velocities were observed for rainbow trout (Oncorhynchus 
mykiss) and turbot (Scophthalmus maximus) 180,181, potentially leading to heightened 
alertness 225. It would be interesting to investigate further the impact of flow velocity on 
response time in other riverine species using dedicated experimental protocols. 

All the findings presented in this Chapter complement studies that exclusively 
analysed fish interactions in open fields, away from walls. Studies conducted exclusively 
in such settings run the risk of potential misinterpretation, failing to accurately represent 
the natural behaviour of fish when swimming in proximity to walls as normally 
encountered in the form of river banks or concrete structures in fish passages. 
Additionally, our results provide valuable insights for Agent-based Models (ABM) 
developers seeking to incorporate upstream migration of fish groups 53,54. We successfully 
quantified key parameters, including threshold distances for interactions (Figure 4.6), 
trends with relative positioning (Figure 4.3, Figure 4.4), response times (Figure 4.8), and 
the influence of boundaries on interactions (Figure 4.7). As ABMs gain prominence in 
conservation management, integrating evidence-based interaction rules - such as the 
effect of flow velocity and boundaries on fish collective behaviour - can significantly 
enhance their simulation applicability 226. This is particularly pertinent in engineered 
sections like fish passages, where knowledge of fish behavioural patterns is essential to 
ensure high passage efficiency 5.  

As a final remark, it is important to recognise the inherent limitations of correlation 
analysis. This method focuses solely on linear relationships, yet animal interactions can 
frequently be non-linear 196. Moreover, correlation coefficients are limited in their ability 
to establish direct cause-and-effect relationships or provide precise quantification of 
information transfer magnitude and direction. Looking ahead, an intriguing path for 
future research could involve delving into these interactions using different approaches 
rooted in information theory. Such investigations have the potential to provide a 
comprehensive understanding of information transfer and leadership dynamics among 
fish as a function of different environmental factors. 
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Abstract 

This Chapter introduces a novel approach, termed "state-based transfer entropy", to 
investigate information transfer between animal pairs from their trajectory data. The 
research focuses on overcoming limitations associated with traditional linear cross-
correlation analysis, such as linearity and the inability to capture genuine information 
transfer. The study adopts information theory, specifically transfer entropy, as a powerful 
tool to analyse the causal relationships governing fish interactions. Classical 
computations of transfer entropy from continuous variables face challenges in estimating 
their probability density distribution. Our approach overcomes this issue by classifying 
states based on a physical representation of the underlying system dynamics. In the 
validation process, the results obtained through the state-based transfer entropy approach 
are compared against findings from traditional cross-correlation analysis, presented in the 
previous Chapter. The aim is to demonstrate the efficacy and reliability of the state-based 
transfer entropy approach in uncovering meaningful insights into the causal dynamics 
within fish pairs. 
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5.1 Introduction 

Information transfer, in the context of animal behaviour, refers to the exchange of 
meaningful signals or cues between individuals, influencing their behaviour and decision-
making processes 227. Understanding the mechanisms and patterns of information transfer 
among fish can offer insights into the formation of coordinated shoals, including 
navigation during collective migration 65,213. In Chapter 4, linear cross-correlation 
analysis was utilised to assess fish interaction across three flow velocities in terms of 
distance of decorrelation, boundary effects, and response time. Linear cross-correlation 
analysis is a simple and widely used method but faces inherent limitations, primarily its 
linearity and the inability to capture genuine information transfer. Considering the 
prevalent nonlinear dynamics in animal behaviour 228, these limitations become 
substantial, necessitating alternative analytical tools to capture the intricacies inherent in 
animal interactions.  

In this context, the application of information theory has emerged as a powerful tool, 
providing a data-driven framework to explore the causal relationships that govern the 
behaviours of living organisms 229. Information theory is a branch of applied mathematics 
and electrical engineering developed by Shannon (1948) that involves quantifying and 
analysing the amount of information contained in signals and data 230. It deals with 
concepts such as entropy and mutual information and offers a mathematical foundation 
for understanding information and its transmission. Mutual information quantifies the 
shared information between two variables and has been used in some studies of animal 
behaviour 231,232. However, its inherent symmetry poses challenges in discerning the 
directionality of information flow – an essential aspect of understanding causal 
relationships.  

Transfer Entropy (TE), first introduced by Schreiber (2000), shares some of the 
properties of mutual information but takes the dynamics and direction of information into 
account, assessing the flow of information from one variable to another over time 233. TE 
considers the temporal sequence of events, providing an understanding of how one 
variable causally influences the future states of another. TE has emerged as a relevant 
metric for quantifying information transfer in fish, finding application in various studies 
examining collective information flow within shoals 234–236, leadership dynamics 237, fish-
robot interactions 229,238, and prey-predator dynamics 239. 

One of the significant drawbacks in utilising TE for analysing information transfer 
from experimental results lies in the challenge of estimating the probability density 
distribution (PDF) of continuous variables. Commonly employed estimators, such as the 
Gaussian-distribution model, Kernel estimation, and the Kraskov-Stogbauer-Grassberger 
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(KSG) technique, come with their own set of limitations 240. The Gaussian distribution 
model, while parameter-free, assumes linearity – a critical limitation in the context of 
animal behaviour 241. Kernel-estimators aim to replicate the PDF of a variable, providing 
model-free flexibility for measuring nonlinear relationships 233,242. However, they are 
highly susceptible to the parameter choice for binning frequency. The Kraskov-
Stogbauer-Grassberger (KSG) technique represents an advancement in kernel estimation, 
incorporating dynamic binning frequency adjustments based on the density of the 
samples, thereby mitigating errors in PDF estimation 243. Despite their effectiveness in 
computing TE on continuous data, these estimators are associated with high 
computational costs and implement complex algorithms, often opaque to the user, 
potentially leading to misinterpretations of TE results. 

In response to these challenges, Staniek and Lehnertz (2008) theorised an extension 
of TE employing a symbolic approach to discretise continuous variables (i.e., symbolic 
transfer entropy) 244. This approach involves transforming continuous data into symbolic 
sequences by categorising the data into discrete symbols or states based on specific 
criteria, such as ranking the continuous variables as higher or lower. Symbolic TE 
provides a robust and computationally feasible alternative for capturing information 
transfer in complex systems, such as those found in biological or behavioural studies. 
Porfiri et al. (2017) applied this method to study fish information transfer 245. Their 
approach, however, holds some limitations, as it is highly dependent on noise, with the 
risk of misinterpretation or loss of information. For instance, if a variable is nearly 
constant but noisy, the symbolic representation will still rank higher or lower states, 
potentially introducing misleading information into the analysis. 

This Chapter presents a novel TE-based approach termed “state-based transfer 
entropy” to investigate information transfer between fish pairs. This method offers a 

simplified and robust solution to the challenges posed by continuous variables. It builds 
upon the symbolic TE introduced by Staniek and Lehnertz (2008) 244, but instead of 
ranking the variables as higher or lower, state-based TE classifies states that embody a 
physical representation of underlying system dynamics. To explore its potential and 
identify the limitations imposed by classical linear correlation analyses, the results 
obtained through this new approach are compared against findings presented in Chapter 
4.   
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5.2 Methods 

5.2.1 Entropy and mutual information 

The concept of entropy originates from thermodynamics but has been applied in 
various fields, including information theory. In the context of information theory, entropy 
is a measure of the uncertainty or randomness associated with a random variable: the 
greater the uncertainty or the randomness, the higher the entropy.  

For continuous random variables, calculating entropy entails integrating their 
probability density function (PDF). In frequent scenarios where the exact PDF of a 
continuous variable is unknown, such as in experimental research on natural phenomena, 
estimators can be applied to discretise the variable and approximate PDF 241–243. This 
approach transforms the problem of entropy calculation into a sum of probabilities for an 
approximated discrete variable. For a discrete random variable 𝑋 with probability 
distribution 𝑃(𝑥), the entropy 𝐻(𝑋)  is calculated as: 

𝐻(𝑋) = − ∑ 𝑃(𝑥)log [𝑃(𝑥)]

𝑥 ∈ 𝑋

 

The choice of the logarithm base determines the unit of measurement: based 2 yields 
“bits”, while a natural base 𝑒 yields “nats”.  

In 1948, Shannon introduced the concepts of joint entropy, conditional entropy and 
mutual information, which serve as the pillars of information theory (Figure 5.1) 230. 

For two discrete variables 𝑋 and 𝑌 with a joint probability distribution of 𝑃(𝑥, 𝑦) 
(i.e. the probability of both occurring simultaneously), the joint entropy 𝐻(𝑋, 𝑌) is given 
by: 

𝐻(𝑋, 𝑌) = −∑ 𝑃(𝑥, 𝑦)log [𝑃(𝑥, 𝑦)]
𝑥 ∈𝑋
𝑦∈𝑌

 

Conditional entropy 𝐻(𝑋|𝑌), instead, measures the information needed to describe 
the outcome of 𝑋 when the value of another random variable 𝑌 is known. It can be 
computed as: 

𝐻(𝑋|𝑌) = −∑𝑃(𝑥, 𝑦) log [
𝑃(𝑥, 𝑦)

𝑃(𝑦)
]

𝑥∈𝑋
𝑦∈𝑌

= 𝐻(𝑋, 𝑌) − 𝐻(𝑌) 
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Mutual information 𝐼(𝑋; 𝑌) between two discrete variables 𝑋 and 𝑌 quantifies their 
mutual dependence and is given by: 

𝐼(𝑋; 𝑌) = −∑𝑃(𝑥, 𝑦) log [
𝑃(𝑥, 𝑦)

𝑃(𝑥)𝑃(𝑦)
]

𝑥,𝑦

 

It directly measures the amount of information, either in “nats” or “bits”, gained 

about one variable by observing the other. An essential property of mutual information is 
its symmetry, meaning that 𝐼(𝑋, 𝑌) = 𝐼(𝑌, 𝑋). 

 
Figure 5.1: Information diagram for entropies in Information Theory 

5.2.2 Transfer entropy 

Transfer entropy (TE) is grounded in the concept of conditional mutual information 
from 𝑌 to 𝑋 given 𝑍 (𝐼(𝑋; 𝑌|𝑍)). This quantifies how much information the source 
variable 𝑌 provides about the destination variable 𝑋, given the known value of a third 
variable 𝑍 (condition). When we consider two discrete variables assuming specific values 
over time (𝑋(𝑡), 𝑌(𝑡)), this metric can quantify the impact of variable 𝑌 in predicting the 
state of variable X (see representation in Figure 5.2) 233. In this case, the source is variable 
𝑌 at the time step 𝑡 (𝑌𝑡), the destination is variable 𝑋 at the future time step (𝑋𝑡+1), and 
the condition is the current state of destination variable 𝑋 (𝑋𝑡). This formulation leads to 
the concept of TE from the variable 𝑌 to the variable 𝑋  denoted as: 

𝑇𝐸𝑌→𝑋 = 𝐼(𝑋𝑡+1; 𝑌𝑡|𝑋𝑡) = 𝐻(𝑋𝑡+1|𝑋𝑡) − 𝐻(𝑋𝑡+1|𝑋𝑡 , 𝑌𝑡) 
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This metric captures the directed influence or predictability between variables and 

is asymmetrical (𝑇𝐸𝑌→𝑋 ≠ 𝑇𝐸𝑋→𝑌). Mathematically, TE is computed as: 

𝑇𝐸𝑌→𝑋 = ∑ 𝑃(𝑥𝑡+1, 𝑥𝑡 , 𝑦𝑡) log [
𝑃(𝑥𝑡+1|𝑥𝑡 , 𝑦𝑡)

𝑃(𝑥𝑡+1|𝑥𝑡)
]

𝑥𝑡+1∈𝑋
𝑥𝑡∈𝑋
𝑦𝑡∈𝑌

 

By rearranging terms using the relation 𝑃(𝐴|𝐵) ∙ 𝑃(𝐵) =  𝑃(𝐴, 𝐵), the explicit 
formula for TE becomes: 

𝑇𝐸𝑌→𝑋 =∑𝑃(𝑥𝑡+1, 𝑥𝑡 , 𝑦𝑡) log [
𝑃(𝑥𝑡+1, 𝑥𝑡 , 𝑦𝑡)𝑃(𝑥𝑡)

𝑃(𝑥𝑡+1, 𝑥𝑡)𝑃(𝑥𝑡 , 𝑦𝑡)
]

𝑥,𝑦

 

 
Figure 5.2: Information diagram for transfer entropy. The orange circle denotes the entropy associated with 
the source variable (Y), the blue circle represents the entropy linked to the current state of the destination 

variable (X), and the green circle represents the entropy associated with its future state. Transfer entropy from 
the source variable Y to the destination variable X is depicted by the red contoured shape. 

5.2.3 Effective, net and total transfer entropies 

Depending on the nature of the discrete variables, which may not be purely random, 
calculating TE could yield misleading results. In order to mitigate this issue, it is advisable 
to compute Effective Transfer Entropy (𝐸𝑇𝐸), which removes potential biases from the 
quantification of information transfer 246. It is advisable to run multiple synthetic 
simulations to ensure that 𝐸𝑇𝐸 is representative of the noise in the destination variable. 
𝐸𝑇𝐸 is calculated by subtracting from TE an average TE from “synthetic” sources 
(𝑌𝑠𝑖𝑛𝑡ℎ,𝑖) entirely uncorrelated with the destination variable. Being 𝑁𝑠 the number of 
synthetic simulations, 𝐸𝑇𝐸 is calculated as follows: 
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𝐸𝑇𝐸𝑌→𝑋 = 𝑇𝐸𝑌→𝑋 −
1

𝑁𝑠
∑ 𝑇𝐸𝑌𝑠𝑦𝑛𝑡ℎ,𝑖→𝑋

𝑁𝑠

𝑖
 

An example of a synthetic source involves utilising the trajectory of a fish from a 
distinct experiment. It is noteworthy that 𝐸𝑇𝐸 is invariably a non-negative value (𝐸𝑇𝐸 ≥
0). Thus, in cases where the mean synthetic TE surpasses the actual TE, the 𝐸𝑇𝐸 will be 
zero.  

In situations where measuring the directionality of information transfer is of interest, 
such as identifying follower/leader dynamics, the net Transfer Entropy (𝑛𝑒𝑡𝑇𝐸) can be 
computed: 

𝑛𝑒𝑡𝑇𝐸𝑌→𝑋 = 𝑇𝐸𝑌→𝑋 − 𝑇𝐸𝑋→𝑌 

Similarly, the total Transfer Entropy (𝑡𝑜𝑡𝐸𝑇𝐸) represents the total amount of 
information transmitted within the system: 

𝑡𝑜𝑡𝑇𝐸𝑌↔𝑋 = 𝑇𝐸𝑌→𝑋 + 𝑇𝐸𝑋→𝑌 

Additionally, net and total Effective Transfer Entropies (𝑛𝑒𝑡𝐸𝑇𝐸, 𝑡𝑜𝑡𝐸𝑇𝐸) can be 
computed by analysing the difference and the sum of 𝐸𝑇𝐸 from 𝑌 to 𝑋 and from 𝑋 to 𝑌, 
respectively. 

5.2.4 State-based approach 

To address the challenges of computing TE on continuous variables, we propose a 
novel approach: the state-based transfer entropy. This approach is inspired by the 
symbolic TE introduced by Staniek and Lehnertz (2008) 244, which approximates the 
system’s behaviour as a sequence of discrete symbols based on a given criteria. In contrast 

with criteria that categorise variables as higher or lower than their previous value, such 
as the one Porfiri et al. (2017) applied to fish trajectories 245, we suggest defining states 
as a physical representation of fish motion. 

In its simplest form, state-based TE involves a three-state system, where fish motion 
is categorised as forward, backwards, or stationary (states 1, -1, and 0 in Figure 5.3a, 
respectively):  

{

𝑖𝑓 𝑢 < −𝑢𝑡ℎ  → 𝑠𝑡𝑎𝑡𝑒 " − 1"
𝑖𝑓 𝑢 > 𝑢𝑡ℎ  → 𝑠𝑡𝑎𝑡𝑒 “1”

𝑖𝑓 − 𝑢𝑡ℎ ≤ 𝑢 ≤ 𝑢𝑡ℎ  → 𝑠𝑡𝑎𝑡𝑒 “0”
 



90 Fish collective behaviour in flowing waters 

 
In this approach, discrete variables are represented as vectors with discrete elements 

[𝑋𝑡 , 𝑌𝑡] ∈ [−1,0,1]. The intermediate “stationary” state, defined by the threshold velocity 

𝑢𝑡ℎ, categorises fish movement. Longitudinal velocities below this threshold are 
considered insignificant, allowing the capture of meaningful changes in motion and 
responses between fish. This choice not only reduces system instability to noise -

especially crucial when the movement along the flow's longitudinal axis (x-axis) is nearly 
zero - but also reflects actual swimming behaviour. Within a stationary reference system, 
in fact, these states can be associated with bursting, drifting, and station holding, 
respectively. 

This discretised framework proves particularly useful when analysing information 
transfer from animal trajectories. It directs focus toward changes in motion in response 
to a group mate rather than emphasizing velocity magnitude, which may not be 
particularly significant in this context. Importantly, this approach eliminates challenges 
associated with binning and significantly reduces computation costs. 

Likewise, a three-state system can be defined for the direction transversal to the 
flow, with the definition of a threshold velocity on the lateral component (𝑣𝑡ℎ, see Figure 
5.3b):  

{

𝑖𝑓 𝑣 < −𝑣𝑡ℎ  → 𝑠𝑡𝑎𝑡𝑒 " − 1"
𝑖𝑓 𝑣 > 𝑣𝑡ℎ  → 𝑠𝑡𝑎𝑡𝑒 “1”

𝑖𝑓 − 𝑣𝑡ℎ ≤ 𝑣 ≤ 𝑣𝑡ℎ  → 𝑠𝑡𝑎𝑡𝑒 “0”
 

This configuration allows the system to capture a significant lateral motion of the 
fish, distinguishing whether it swims towards the right side of the flume, the left side, or 
remains neutral. 

 
Figure 5.3: Definition of three-state system on the longitudinal direction (a), and lateral direction (b) 
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5.2.5 Data analysis 

Data analysis was carried out using R version 4.0.5 166. A detailed description of the 
experimental protocol and trajectory data can be found in Chapter 3 and Chapter 4. 
Similar to the linear cross-correlation analysis discussed in Chapter 4, the reference 
system was defined with its origin on the head of the Leading fish (L). The x-axis is 
aligned with the flow direction, and the y-axis is oriented transversely to the water flow 
within the horizontal plane (see Figure 4.2). 

 
Figure 5.4: Coordinate reference system 

As in the analysis presented in Chapter 4, we explored information transfer among 
fish pairs across various spatial configurations and response times for the three flow 
velocities employed (bulk velocity, 𝑈𝐵). Specifically, we investigated total and net 
effective transfer entropies for different relative distances (𝑑), orientations (𝜃) and 
response times (𝜏): 𝑡𝑜𝑡𝐸𝑇𝐸𝑢(𝑑, 𝜃, 𝜏), 𝑡𝑜𝑡𝐸𝑇𝐸𝑣(𝑑, 𝜃, 𝜏), 𝑛𝑒𝑡𝐸𝑇𝐸𝑢(𝑑, 𝜃, 𝜏), 
𝑛𝑒𝑡𝐸𝑇𝐸𝑣(𝑑, 𝜃, 𝜏). The effects of 𝑑 and 𝜃 were investigated as of Chapter 4, with 𝐸𝑇𝐸 
being computed for distance intervals 2(𝑖 − 1) < 𝑑 < 2𝑖 BL with 𝑖 ∈ [1… 7] and 
orientation intervals 𝜋 12⁄ (𝑖 − 1) < 𝜃 < 𝜋 12⁄ 𝑖 with 𝑖 ∈ [1… 6].  

Response time was investigated by introducing a time lag (𝜏) into the source 
variable:  

𝑇𝐸𝑌,𝜏→𝑋 = 𝐼(𝑋𝑡+1; 𝑌𝑡−𝜏|𝑋𝑡) 

Effective transfer entropies with varying time lags (𝜏) were computed to quantify 
response times, spanning between 0 to 5 seconds. Similarly to the approach taken in 
Chapter 4 with cross-correlation analysis, the peaks in 𝑡𝑜𝑡𝐸𝑇𝐸 were used as estimators 
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to depict the mean response time of fish interacting with one another 33. The response 
time 𝑡𝑟 was calculated as the mean lags at which the maximum 𝑡𝑜𝑡𝐸𝑇𝐸 occurred for each 
experiment (𝑛): 

𝑡𝑟,𝑢 =
1

𝑁
∑𝜏𝑀𝐴𝑋,𝑢,𝑛

𝑁

𝑛=1

 

𝜏𝑀𝐴𝑋,𝑢,𝑛 ∶  𝑇𝐸𝑌,𝑢,𝑛,𝜏𝑀𝐴𝑋→𝑋,𝑢,𝑛 = max𝜏
(𝑇𝐸𝑌,𝑢,𝑛,𝜏→𝑋,𝑢,𝑛) 

5.2.6 Parameter selection 

In order to compare the results obtained from TE and linear cross-correlation 
analysis, we measured 𝑡𝑜𝑡𝐸𝑇𝐸 and 𝑛𝑒𝑡𝐸𝑇𝐸 for two distinct three-state systems, one for 
the longitudinal component (𝑢, Figure 5.3a), and one for the lateral velocity component 
(𝑣, Figure 5.3b). Velocities of the Lead and Rear fish represented source and destination 
variables accordingly. For each of the three flow velocities (𝑈𝐵10, 𝑈𝐵20, and 𝑈𝐵35 
representing 10, 20 and 35 cm/s respectively), calculations of 𝑡𝑜𝑡𝐸𝑇𝐸 and 𝑛𝑒𝑡𝐸𝑇𝐸 
involved averaging the results across the ten experiments (𝑁 = 10): 

{
 
 
 
 

 
 
 
 𝑡𝑜𝑡𝐸𝑇𝐸𝑢 =

1

𝑁
∑ (𝑇𝐸𝑢𝐿,𝑛→𝑢𝑅,𝑛 + 𝑇𝐸𝑢𝑅,𝑛→𝑢𝐿,𝑛)

𝑁

𝑛

𝑛𝑒𝑡𝐸𝑇𝐸𝑢 =
1

𝑁
∑ (𝑇𝐸𝑢𝐿,𝑛→𝑢𝑅,𝑛 − 𝑇𝐸𝑢𝑅,𝑛→𝑢𝐿,𝑛)

𝑁

𝑛

𝑡𝑜𝑡𝐸𝑇𝐸𝑣 =
1

𝑁
∑ (𝑇𝐸𝑣𝐿,𝑛→𝑣𝑅,𝑛 + 𝑇𝐸𝑣𝑅,𝑛→𝑣𝐿,𝑛

𝑁

𝑛
)

𝑛𝑒𝑡𝐸𝑇𝐸𝑣 =
1

𝑁
∑ (𝑇𝐸𝑣𝐿,𝑛→𝑣𝑅,𝑛 − 𝑇𝐸𝑣𝑅,𝑛→𝑣𝐿,𝑛)

𝑁

𝑛

  

To determine threshold velocities for defining states (𝑢𝑡ℎ, 𝑣𝑡ℎ), a sensitivity analysis 
was conducted on 𝑡𝑜𝑡𝐸𝑇𝐸. Initial values of synthetic simulations (𝑁𝑠) was set to 30; 
details on the retrieval of synthetic simulations are provided later in this Section. For 
every 𝑈𝐵, 𝑡𝑜𝑡𝐸𝑇𝐸𝑢 and 𝑡𝑜𝑡𝐸𝑇𝐸𝑣 were computed with 𝑢𝑡ℎ and 𝑣𝑡ℎ ranging from 0 to 10 
cm/s (𝑢𝑡ℎ, 𝑣𝑡ℎ ∈ [0, 0.1, 0.5, 1, 1.5, 2, 5, 10] cm/s). Time frames in which fish were more 
distant than the decorrelation distance (𝐷𝑑 = 7 Body Lengths, BL), retrieved in Chapter 
4, were filtered out for sensitivity analyses. Threshold velocities 𝑢𝑡ℎ and 𝑣𝑡ℎ were 
identified as the velocities corresponding to peaks in 𝑡𝑜𝑡𝐸𝑇𝐸𝑢  and 𝑡𝑜𝑡𝐸𝑇𝐸𝑣, respectively. 

Once that 𝑢𝑡ℎ and 𝑣𝑡ℎ were determined, a second sensitivity analysis was conducted 
to identify the optimal number of synthetic simulations (𝑁𝑠) to compute 𝐸𝑇𝐸. Values of 
𝑡𝑜𝑡𝐸𝑇𝐸 were calculated for 𝑁𝑠 ranging from 0 to 100 (𝑁𝑠 ∈ [0, 5, 10, 15, 20, 30, 50, 
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100]). Synthetic simulations quantify the amount of noise in the destination variable by 
calculating information transfer between this variable and another completely unrelated 
one. For each of the 30 experiments (i.e., ten experiments at 𝑈𝐵10, 𝑈𝐵20, and at 𝑈𝐵35), 
synthetic simulations were generated by randomly sampling fish trajectories from the 
remaining 29. As the synthetic source is unrelated to the destination, the Lead fish or the 
Rear trajectories were sampled regardless. For the 𝑛th  experiment, synthetic TE was 
calculated using, as the source variable, the state time series of a fish from another 
experiment (𝑚 with 𝑚 ≠ 𝑛) randomly sampled. For instance, synthetic TE for the 
longitudinal component of the Rear fish in the 𝑛th experiment is computed as: 

𝑇𝐸𝑠𝑦𝑛𝑡ℎ→𝑢𝑅,𝑛 = 𝑇𝐸𝑢,𝑚→𝑢𝑅,𝑛       ;   𝑚 ≠ 𝑛 

Where 𝑢,𝑚 represents the longitudinal state vector of either the Lead or Rear fish 
from the 𝑚th experiment. This definition provides a pool of 58 total trajectories to 
randomly sample from. When 𝑁𝑠 exceeded this value, an option to reverse trajectories in 
time was added, effectively doubling this number. The 𝐸𝑇𝐸  of the Lead fish to the Rear 
fish in the 𝑛th experiment is computed by substituting TE with the mean synthetic TE 
calculated for a number of simulations 𝑁𝑠: 

𝐸𝑇𝐸𝑢𝐿,𝑛→𝑢𝑅,𝑛 = 𝑇𝐸𝑢𝐿,𝑛→𝑢𝑅,𝑛 −
1

𝑁𝑠
∑ 𝑇𝐸𝑠𝑦𝑛𝑡ℎ,𝑖→𝑢𝑅,𝑛

𝑁𝑠

𝑖
 

 

Figure 5.5: Synthetic simulations for calculation of effective transfer entropy (𝐸𝑇𝐸) from the Lead fish to the 
Rear one in the 𝑛th experiment. The 𝐸𝑇𝐸 (grey box) is calculated by subtracting a synthetic transfer entropy 
(𝑇𝐸𝑠𝑦𝑛𝑡ℎ, pink box) from the transfer entropy (𝑇𝐸, yellow box). The synthetic transfer entropy is calculated 

using trajectory data from another experiment (𝑚 ≠ 𝑛) as source variable. 
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5.3 Results 

5.3.1 Parameter selection 

The sensitivity analysis on threshold velocities (𝑢𝑡ℎ, 𝑣𝑡ℎ Figure 5.6) revealed a 
discernible trend in 𝑡𝑜𝑡𝐸𝑇𝐸 for both velocity components. 𝑡𝑜𝑡𝐸𝑇𝐸 exhibited an initial 
increase until values near one cm/s, followed by a subsequent decrease. In both 
longitudinal and lateral components, the apex of 𝑡𝑜𝑡𝐸𝑇𝐸 was observed at 𝑈𝐵20, 
succeeded by 𝑈𝐵10, while the highest velocity (𝑈𝐵35) exhibited the lowest 𝑡𝑜𝑡𝐸𝑇𝐸. For 
subsequent analyses, the values of 𝑢𝑡ℎ and 𝑣𝑡ℎ were set to one cm/s for all flow velocities, 
as it approximately corresponds to the condition at which 𝑡𝑜𝑡𝐸𝑇𝐸 reached a maximum 
for all 𝑈𝐵 and both velocity components. This choice resulted in state 0, representing 
“stationary” motion, being the most frequently observed state in both components (Figure 
5.7).  

The results from the second sensitivity analysis on the number of synthetic 
simulations (Figure 5.8) demonstrated that 𝑡𝑜𝑡𝐸𝑇𝐸 decreased with increasing 𝑁𝑠 until 
reaching a plateau at 𝑁𝑠 = 20. This consistent trend was observed across all 𝑈𝐵 in both 
the longitudinal (Figure 5.8a) and lateral components (Figure 5.8b). In order to enhance 
computational efficiency, the number of synthetic simulations for 𝐸𝑇𝐸 computation was 
optimised and set at 𝑁𝑠 = 20. In alignment with the sensitivity analysis on threshold 
velocities, 𝑡𝑜𝑡𝐸𝑇𝐸 exhibited its highest values at 𝑈𝐵20, succeeded by 𝑈𝐵10 and 𝑈𝐵35, 
respectively. 

 
Figure 5.6: Sensitivity analysis on 𝑡𝑜𝑡𝐸𝑇𝐸 for threshold velocities on the longitudinal (a) and lateral (b) 

components 

a
) 

b
) 

b
) 
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Figure 5.7: State frequency for threshold velocities of 1 cm/s for longitudinal (a) and lateral (b) components 

 
Figure 5.8: Sensitivity analysis for the number of synthetic simulations (𝑁𝑠) for the computation of total 

effective transfer entropy (𝑡𝑜𝑡𝐸𝑇𝐸) on the longitudinal (a) and lateral (b) components 

5.3.2 Relative distance and orientation 

Analysing the total effective transfer entropy between fish pairs (Figure 5.9) 
provides significant insights. Regarding the effect of relative distance (𝑑), the 
longitudinal velocity component exhibits an expanded range of positive 𝑡𝑜𝑡𝐸𝑇𝐸𝑢  values 
with increasing 𝑈𝐵 (Figure 5.9a). At the 𝑈𝐵10, 𝑡𝑜𝑡𝐸𝑇𝐸𝑢  is high when fish are less than 2 
BL apart, diminishing rapidly to zero at 6 BL. This trend persists 𝑈𝐵20, extending 
information transfer until a distance of 8 BL. For 𝑈𝐵35, though 𝑡𝑜𝑡𝐸𝑇𝐸𝑢 is generally 
lower, some transfer persists up to when fish are 10 BL apart. A similar pattern is 
observed for the lateral component (Figure 5.9b), although short-range 𝑡𝑜𝑡𝐸𝑇𝐸𝑣  appears 
slightly lower than for the longitudinal component. 

Regarding relative orientation (Figure 5.9 c,d), the effect is less pronounced than 
relative distance (Figure 5.9 a,b). At 𝑈𝐵10, the maximum value of 𝑡𝑜𝑡𝐸𝑇𝐸𝑢 occurs at 𝜃 = 

a
) 

a
) 

b
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90° (Figure 5.9c), indicating fish aligned in an in-line pattern. At both 𝑈𝐵10 and 𝑈𝐵20, 
𝑡𝑜𝑡𝐸𝑇𝐸𝑢  shows oscillations without a discernible trend. Conversely, at 𝑈𝐵35, 𝑡𝑜𝑡𝐸𝑇𝐸𝑢  
peaks around 40°. For the lateral velocity component, this peak is slightly extended at 
around 40-50° (Figure 5.9d). At 𝑈𝐵10 and 𝑈𝐵20, 𝑡𝑜𝑡𝐸𝑇𝐸𝑣  is higher for low angles, 
corresponding to fish in a side-by-side configuration. 

Examining the net effective transfer entropy offers insights into the directionality of 
information flow (Figure 5.10). A positive 𝑛𝑒𝑡𝐸𝑇𝐸 indicates predominantly Front-to-
Rear information flow, while a negative value of 𝑛𝑒𝑡𝐸𝑇𝐸 suggests a stronger Rear-to-
Front flow. For the longitudinal velocity component, 𝑛𝑒𝑡𝐸𝑇𝐸𝑢  is close to zero for short-
range distances (i.e., less than 2 BL), remaining overall positive for distances between 2 
and 6 BL. Subsequently, it returns to zero, coinciding with totETE being zero as well. A 
similar trend is observed for the lateral component, except for 𝑈𝐵35, where  𝑛𝑒𝑡𝐸𝑇𝐸𝑣  is 
slightly below zero for relative distances between 2 and 7 BL. 

With regards to the effect of relative orientation (𝜃) on the direction of information 
flow, it can be seen that in the longitudinal component, 𝑛𝑒𝑡𝐸𝑇𝐸𝑢  remains approximately 
zero for 𝑈𝐵10 and 𝑈𝐵20 (Figure 5.10c). However, at 𝑈𝐵35, a dominant information flow 
emerges from the Rear fish to the Lead one, particularly evident at an angle 𝜃 around 40°. 
In contrast, for the lateral component, 𝑈𝐵10 exhibits oscillations of 𝑛𝑒𝑡𝐸𝑇𝐸𝑣 around zero, 
indicating no prevalent information flow (Figure 5.10d). At 𝑈𝐵20, 𝑛𝑒𝑡𝐸𝑇𝐸𝑣  turns 
negative for angles between 20 and 60°. For 𝑈𝐵35, the information flow is directed from 
Rear to Lead for angles below 20°, while for higher angles, the Rear fish appears to 
respond to the Lead fish. 
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Figure 5.9: Total effective transfer entropy on longitudinal (a,c) and lateral (b,d) components for different 

relative distances (a,b) and orientations (c,d). 𝜃=0° corresponds to a side-by-side configuration, while 𝜃=90° 
stands for an in-line arrangement. The coloured bands represent the standard deviation (N=10 experiments). 

 
Figure 5.10: Net effective transfer entropy for the three flow velocities 𝑈𝐵 (𝑈𝐵10 = 10 cm/s in blue, 𝑈𝐵20= 
20cm/s in green and 𝑈𝐵35= 35cm/s in red). Left panels (a,c) represent the longitudinal component, and right 

(b,d) represent the lateral one. Top panel different relative distances (a,b) and orientations (c,d). 𝜃=0° 
corresponds to a side-by-side configuration, while 𝜃=90° stands for an in-line arrangement. The coloured 

bands represent the standard deviation (N=10 experiments). 

5.3.3 Response time 

The analysis of response times reveals distinct patterns for the longitudinal and 
lateral components (Figure 5.11 a,b, respectively). For the longitudinal component, the 
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highest 𝐸𝑇𝐸𝑢  is observed at 𝑈𝐵20, while at 𝑈𝐵10 and 𝑈𝐵35, 𝐸𝑇𝐸𝑢  shows comparable 
values. Overall, 𝐸𝑇𝐸𝑢𝐿→𝑢𝑅 from the Lead fish to the Rear one (dashed lines, Figure 5.11a) 
is comparable with 𝐸𝑇𝐸𝑢𝑅→𝑢𝐿in the opposite direction (solid lines, Figure 5.11a). The 
response times (𝑡𝑟) for longitudinal motion are found to be 0.29 ± 0.32 s, 0.23 ± 0.35 s, 
and 0.13 ± 0.09 s for 𝑈𝐵10, 𝑈𝐵20, and 𝑈𝐵35 respectively. 

On the lateral component, information transfer is generally higher, with the highest 
𝐸𝑇𝐸𝑣  observed at 𝑈𝐵20, followed by 𝑈𝐵10 and 𝑈𝐵35, respectively. Information flows 
predominantly from the Lead to the Rear (𝐸𝑇𝐸𝑣𝐿→𝑣𝑅 > 𝐸𝑇𝐸𝑣𝑅→𝑣𝐿   dashed lines and solid 
lines, respectively, Figure 5.11b) for all 𝑈𝐵. The response times for the lateral component 
are 0.22 ± 0.19 s for 𝑈𝐵10, 0.31 ± 0.30 for 𝑈𝐵20, and 0.17 ± 0.15 for 𝑈𝐵35. Statistical 
analysis indicates no significant effect of 𝑈𝐵 on 𝑡𝑟 for either the longitudinal or lateral 
components (Friedman test, p-value > 0.05). 

 
Figure 5.11: Effective transfer entropies at various time lags (𝜏) for the three flow velocities 𝑈𝐵 (𝑈𝐵10 = 10 
cm/s in blue, 𝑈𝐵20= 20cm/s in green and 𝑈𝐵35= 35cm/s in red). The left (a) panel represent the longitudinal 

component, and the right (b) panel represent the lateral component. Solid lines denote effective transfer 
entropy computed with the Rear fish’s state as the source variable and the Lead fish’s state as the destination 

variable. Dashed lines indicate ETE with the information flow reversed from the Lead fish towards the Rear 
one. 
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5.4 Discussion 

In this study, we introduced a state-based Transfer Entropy (TE) approach to 
quantify information transfer, providing an alternative to linear cross-correlation analysis. 
Unlike linear cross-correlation, our approach captures non-linear patterns and allows for 
the description of directional flow. The state-based TE, while requiring the fine-tuning of 
parameters such as velocity thresholds (𝑢𝑡ℎ, 𝑣𝑡ℎ, Figure 5.6) and the number of synthetic 
simulations (𝑁𝑠, Figure 5.8), provides a straightforward method for investigating 
information transfer dynamics. Note that the choice of threshold velocities carries a 
meaningful interpretation, as the "stationary" state emerged as the most frequent state in 
both components (see Figure 5.7). This observation aligns with expectations, considering 
that the interacting fish likely perceive states involving motion as significant events. 

Comparing state-based TE results with those obtained from linear cross-correlation 
analysis (Chapter 4) reveals both similarities and differences. Results from 𝑡𝑜𝑡𝐸𝑇𝐸 on 
relative distance and orientation (Figure 5.9) show similar major trends to mean linear 
correlation. Despite these similarities, some differences can be observed. Firstly, the 
distance at which fish pairs ceased to interact appeared to be more extended when 
measured through state-based TE than cross-correlation analysis. This disparity could 
stem from nonlinear interactions influencing the observed patterns 228, or it might be 
generated from the lack of a threshold for 𝑡𝑜𝑡𝐸𝑇𝐸 to ascertain the significance of 
information transfer—a strategy we previously employed in linear cross-correlation 
analysis (utilizing a threshold of 0.05). Secondly, results from the response time exhibited 
no statistical influence of flow velocity, and the peaks in response times appeared to be 
less clear (i.e. more diffused) compared to those observed in the cross-correlation 
analysis.  

The most notable contribution of the state-based TE approach lies in its ability to 
distinguish the direction of information flow - from the Lead fish to the Rear fish and vice 
versa. Values of 𝑛𝑒𝑡𝐸𝑇𝐸 not only describe the directionality of information flow but also 
quantify its magnitude. For short-range distances (i.e., less than 2BL), information flow 
is bidirectional, as indicated by nearly zero 𝑛𝑒𝑡𝐸𝑇𝐸𝑢  and 𝑛𝑒𝑡𝐸𝑇𝐸𝑣  (Figure 5.10 a and b, 
respectively) while 𝑡𝑜𝑡𝐸𝑇𝐸𝑢 and 𝑡𝑜𝑡𝐸𝑇𝐸𝑣  display peaks (Figure 5.9 a,b, respectively). 
This implies that when fish are in close proximity, the Lead fish respond to the Rear as 
much as the Rear responds to the Lead. This might seem counterintuitive, as the Rear fish 
is often outside the Lead fish's field of view. However, at such short distances, the Lead 
fish can still sense the Rear one even when it is not visible. This phenomenon is enabled 
by the lateral line, which is composed of neuromasts that extend to the fish’s tail 223, 
allowing the Lead to detect of the trailing neighbour through the pressure field generated 
by the flow diversion around its body.  
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As the distance between fish increases, the predominant direction of information 

flow shifts from front to back. This directionality is particularly evident in both the 
longitudinal and lateral components, with the exception of the lateral component at the 
highest flow velocity (Figure 5.10b). In this case, 𝑛𝑒𝑡𝐸𝑇𝐸𝑣  approaches zero, albeit 
slightly negative. Importantly, the associated 𝑡𝑜𝑡𝐸𝑇𝐸𝑣  is found to be relatively limited 
(Figure 5.9b), implying that information flow in the lateral component at high velocities 
is diminished, regardless of its direction. These findings provide insights into the 
nonlinear and bidirectional nature of information transfer among fish pairs, reinforcing 
and extending our earlier discussions in Chapter 4. 

Regarding response time, the findings appear less conclusive compared to those of 
the linear cross-correlation analysis, showing considerable individual variation. Unlike 
the observations in Chapter 4, no discernible effect of 𝑈𝐵 on response time was observed. 
This discrepancy might arise from nonlinear dynamics in fish interactions, which could 
not be captured by linear cross-correlation analysis. Despite the observed variability, the 
peaks on the longitudinal component of 𝐸𝑇𝐸𝑢 were found to be indistinguishable between 
the front-to-back and back-to-front directions. This observation confirms the bi-
directionality of information flow along the longitudinal component, as hypothesised in 
Chapter 4. In contrast, the lateral component exhibited distinct peaks only in the front-to-
back direction of 𝐸𝑇𝐸𝑣, whereas the reverse direction displayed a more ambiguous 
response. The overall response times, as depicted by the state-based TE, ranged from 0.13 
to 0.31 s. 

Looking ahead, it would be valuable to fully explore other features of the state-based 
TE approach, with particular emphasis on its inherent flexibility in extending the number 
of states as necessary, thus enabling more intricate categorisations. Conventional methods 
of computing TE quantify information transfer between only two variables, often limited 
to velocity or acceleration on one component. In contrast, the state-based TE categorises 
fish motion into a finite number of states, which allows the consideration of more 
components. For instance, future studies could explore the dynamics of information 
transfer within a system defined by both longitudinal and lateral components 
simultaneously, such as a five-state system (Figure 5.12 as an example). 

Such system could provide a more comprehensive yet discretised physical 
representation of fish motion in the horizontal plane. This proves especially valuable 
when studying fish in an open channel flow, where the longitudinal and lateral 
components carry distinct meanings that can evolve with changes in velocity. Thus, our 
approach provides a practical method to extend TE analysis to continuous data, offering 
comprehensive insights into the information flow between variables. It is important to 
acknowledge that discretising the system into finite transition states may introduce some 
loss of detail. However, the state-based TE approach enables a comprehensive analysis 
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by encompassing states that reflect the fish's physical swimming behaviours, such as 
bursting, drifting, and station holding for the longitudinal component. 

 
Figure 5.12: Definition of five-state system for the representation of fish motion within the horizontal plane  

In conclusion, the choice of an approach for studying animal interactions should be 
guided by the specific goals of the study. If the primary aim is to quantify interaction, 
classical linear cross-correlation analysis, as demonstrated in Chapter 4, serves this 
purpose effectively. However, TE-based approaches are more appropriate, albeit more 
complex, when the goal is to evaluate actual information transfer and determine its 
directionality, particularly in situations such as studying leader personality traits or 
predator-prey interactions. The method proposed in this study seamlessly integrates the 
robustness of TE in computing information transfer among variables with the simplicity 
of a symbolic approach. This combination offers a valuable tool for researchers seeking 
a comprehensive understanding of information flow in complex behavioural dynamics. 
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Conclusions 

In this study, we delved into the intricate relationship between flow velocity and 
collective behaviour. A comprehensive review of existing literature was conducted, 
exploring various facets where this interplay holds practical significance, including 
energy expenditure, navigation, stress, exploration and predation. We then presented a 
specialised methodology grounded on deep-learning that successfully allowed the 
tracking fish groups in videos with an unstable background. This method was then applied 
to extract data from an experimental campaign involving groups of Telestes muticellus 
under three different flow velocities. The results revealed a combined effect of flow 
velocity and social facilitation (objective (i)). Increased group size enhanced exploration 
and swimming activity among fish, but this effect was found to be modulated by flow 
velocity. Importantly, social facilitation did not play a significant role under low flow 
conditions, emphasizing the importance of incorporating hydrodynamics into the analysis 
of riverine fish behaviour. Linear cross-correlation analysis was then utilised to assess 
interaction between fish pairs (objective (ii)). The analysis of linear interaction between 
fish velocities indicated that interactions predominantly occur within a relative distance 
of 6BL, with lateral motion exhibiting more dominance than longitudinal motion, 
especially in side-by-side configurations. The innovative state-based transfer entropy 
approach further validates these findings, providing additional insights into information 
flow dynamics (objective (iii)). Interestingly, the results indicate that, at medium 
velocities, fish display the highest levels of exploration, swimming activity, and 
information transfer. 

Moving forward, there are several avenues for future research that can enhance our 
understanding of the intricate dynamics between flow conditions and collective behaviour 
in riverine fish. Firstly, exploring additional hydrodynamic parameters beyond flow 
velocity, particularly turbulence, could offer a more nuanced perspective on how 
environmental factors shape fish behaviour. Secondly, extending our interaction analysis 
to encompass shoals with greater numbers than fish pairs will provide a more 
comprehensive view of group dynamics.  
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Furthermore, translating our experimental findings into practical applications, such 

as developing design guidelines for fish passage or integrating them into existing models 
simulating fish migration, holds immense potential for promoting the conservation of 
migratory species. To achieve this, further steps are needed to convert and apply 
fundamental research into practical guidelines. For example, experimental studies 
investigating group dynamics at simulated fish passages could be the first step in 
understanding how the findings presented in this work apply to more complex 
environments. Addressing these aspects in future studies will can contribute to the 
development of more effective strategies for fish passage design and the overall 
preservation of freshwater fish populations.
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Appendix 

 

Figure S 1: Experimental apparatus. Picture of the flume in place with swimming fish (a), lateral cameras (b), 
and technical scheme (c) 

c) 

b) a) 



126 Fish collective behaviour in flowing waters 

 
 

 

 

Figure S 2: Fish capture. Italian riffle dace (Telestes muticellus, a), electrofishing (b), and sorting (c) during 
the experimental campaign 

a) b) 

c) 
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Figure S 3: Fish storage. Outside artificial pond fed by river water (a), indoor of the hatchery (b), inside 
storage tanks fed by spring water (c) 

  

a) 

b) c) 
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