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Abstract
Many aquatic animals swim by undulatory body movements and understanding the diversity of
these movements could unlock the potential for designing better underwater robots. Here, we
analyzed the steady swimming kinematics of a diverse group of fish species to investigate whether
their undulatory movements can be represented using a series of interconnected multi-segment
models, and if so, to identify the key factors driving the segment configuration of the models. Our
results show that the steady swimming kinematics of fishes can be described successfully using
parsimonious models, 83% of which had fewer than five segments. In these models, the anterior
segments were significantly longer than the posterior segments, and there was a direct link between
segment configuration and swimming kinematics, body shape, and Reynolds number. The models
representing eel-like fishes with elongated bodies and fishes swimming at high Reynolds numbers
had more segments and less segment length variability along the body than the models
representing other fishes. These fishes recruited their anterior bodies to a greater extent, initiating
the undulatory wave more anteriorly. Two shape parameters, related to axial and overall body
thickness, predicted segment configuration with moderate to high success rate. We found that head
morphology was a good predictor of its segment length. While there was a large variation in head
segments, the length of tail segments was similar across all models. Given that fishes exhibited
variable caudal fin shapes, the consistency of tail segments could be a result of an evolutionary
constraint tuned for high propulsive efficiency. The bio-inspired multi-segment models presented
in this study highlight the key bending points along the body and can be used to decide on the
placement of actuators in fish-inspired robots, to model hydrodynamic forces in theoretical and
computational studies, or for predicting muscle activation patterns during swimming.

1. Introduction

Undulatory swimming by fishes, where thrust is
generated by the body and caudal fin through
continuous, wave-like bending motions (Gray 1933,
Bainbridge 1963), (Wardle et al 1995), (Di Santo et al
2021), has been a source of inspiration for underwa-
ter robotics for many years (Raj and Thakur 2016).
Body bending kinematics in fishes varies with mor-
phology (i.e. body geometry and stiffness), swimming

speed and body size (Webb 1982), (Webb et al 1984),
(Jayne and Lauder 1995), (Gillis 1997), (Tytell 2010),
(Akanyeti and Liao 2013a). There have been numer-
ous investigations exploring this kinematics diversity
and studying underlying biomechanical and hydrody-
namic mechanisms (Altringham and Ellerby 1999),
(Lauder and Tytell 2005), (Shadwick and Lauder
2006) with the expectation of gaining novel insights
into the ecological and evolutionary processes (Fish
1996), (Blake 2004), (Van Rees et al 2015), (Webb
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1984), (Mu¨ller and van Leeuwen 2004), informing
fisheries conservation and management (Tan et al
2021), (Castro-Santos et al 2009) and designing bet-
ter robots (Zhong et al 2017), (Marchese et al 2014),
(Katzschmann et al 2018), (Kruusmaa et al 2014).

Bio-inspired robots are often made from inter-
connected segments (Liu and Hu 2010), (Su et al
2014), (Low and Chong 2010), and it is a non-trivial
problem to identify the optimal segment configura-
tion (i.e. number of segments, relative length of each
segment, and whether a given segment should be
rigid or flexible) that allows the replication of undu-
latory swimming with high propulsive efficiency. Sev-
eral methods have been proposed to estimate some
of the design parameters automatically (Valdivia y
Alvarado and Youcef-Toumi 2006), (Yu et al 2007), (El
Daou et al 2014), (Karakasiliotis et al 2016), (Ozmen
Koca et al 2018). These methods usually start with the
analysis of body midline kinematics, either recorded
from biological experiments or generated artificially
using analytical models. They look for parsimonious
segment configurations (minimum number of seg-
ments) that minimize the difference between actual
and predicted midlines. These multi-segment mod-
els can then be transformed into actual robot designs
with further theoretical considerations on mechani-
cal properties of the body and how it interacts with
the surrounding fluid.

To date, the segmentation methods have been
applied to study one species at a time, and we have a
limited understanding of how optimal segment con-
figurations should vary with morphology across a
diversity of fish species, swimming speeds and body
sizes to maintain high swimming efficiency. This is
a reasonable concern as robots may have different
sizes, shapes, and ranges of swimming speeds than
the biological counterparts that inspired their design.
A systematic comparison of multi-segment models
across multiple species could help begin to explore
the design space more effectively and pave the way
for more quantitative basis of bioinspired underwater
robot designs.

With the general aim of bridging the gap between
biology and robotics in the design of aquatic undu-
latory locomotor systems, here we present optimal
segment configurations for a diverse group of fishes
during steady swimming. We address the follow-
ing questions: (1) how many segments are required
to describe the bending kinematics accurately; (2)
should these segments have equal or variable-length
throughout the body; (3) how does segment config-
uration change with swimming speed and body size;
(4) is there a connection between segment config-
uration and kinematics variables that are tradition-
ally used to describe midline kinematics (e.g. tail beat
amplitude, wavelength, and maximum body curva-
ture); and (5) what is the relationship between seg-
ment configuration and body shape?

We also test whether optimal segment configu-
rations can be partitioned into discrete categories
as fishes that use undulatory swimming have been
historically divided into four groups or swimming
modes (i.e. anguilliform, sub-carangiform, carangi-
form and thunniform swimmers). The categorization
of fishes into swimming modes is based on morpho-
logical traits and presumed patterns of midline kine-
matics (Breder 1926), (Lindsey 1978). However, our
recent work (Di Santo et al 2021) has called the valid-
ity of this categorization into question by showing
that undulatory movements in fishes represent more
of a continuum rather than discrete modes.

The study presented in this manuscript continues
probing into this topic using a new kinematics analy-
sis approach. Our initial investigation using data from
ten fish species (Fetherstonhaugh et al 2021) showed
that each fish had a distinct segment configuration
even though they are all classified as sub-carangiform
swimmers. Here, we build on this initial investigation
by extending the segment analysis to a new and much
larger dataset including 44 species with representa-
tives from all four swimming modes and covering a
significantly wider range of body shapes, sizes, and
speeds.

2. Methods

2.1. Dataset
Our dataset was collected at four sites: Harvard Uni-
versity (Lauder Lab), Whitney Laboratory for Marine
Bioscience at the University of Florida (Liao Lab),
University of Rhode Island’s Greenfins Tuna Facility
and U. S. Geological Survey’s S.O. Conte Anadromous
Fish Research Centre (Conte Lab), and has been pre-
viously published (Goerig et al 2021).

The dataset includes 151 steady swimming video
sequences from 44 species (43 fish species and
one species of fish-like chordate, Branchiostoma
lanceolatum). It consists of swimmers from all
four classic swimming modes: anguilliform (23%),
sub-carangiform (55%) carangiform (16%) and
thunniform (6%), and covers a wide range of
Reynolds numbers (Re = 440–5.7 × 106) including
both laminar and turbulent regimes where body
length (L) and swimming speed (U) varied between
L = 0.3 m–1.1 m and U = 0.01 m s−1 –7.4 m s−1,
respectively (figure 1(a)).

All swimming sequences were filmed using a high-
speed camera with a sampling rate of 120 frames
per second or higher. For each sequence, at least ten
frames from one tail beat were digitized to obtain
full body midline kinematics. All body midlines con-
sisted of 200 equally spaced x and y coordinates where
the first (x1, y1) and last (x200, y200) coordinates cor-
responding to the most anterior (snout) and poste-
rior (tail tip) midline points, respectively. All midline
points were normalized to L.
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Figure 1. Dataset used in this study. (a) Distribution of individual data points (circles) across swimming speed (y-axis) and body
length (x-axis). Color codes swimming mode; anguilliform (magenta), sub-carangiform (teal), carangiform (black) and
thunniform (blue). During analysis, data points were divided into two groups, low Re (< 1.5 × 105) and high Re (> 1.5 × 105)
(grey dashed line). (b) Distribution of individual data points in morphological space (one data point per species): x-axis and
y-axis show perimeter (estimated as an ellipsoid) and AR (width divided by depth) of the body at 50% SL. (c) Silhouettes of all
fish species from lateral (top panels) and dorsal views (bottom panels) showing body height and width, respectively. All
measurements are shown in grey. Mean silhouette for each swimming mode (color-coded) is also shown.

The dataset also includes measurements of body
shapes for all tested species which were obtained inde-
pendently from museum specimens (Di Santo et al
2021). Measurements were taken from side (lateral)
and top (dorsal) views to estimate body width (bw,
thickness along left-right axis) and depth (bd, height
along ventral-dorsal axis) at various locations along
the body: 10%, 25%, 50% 75% 90% and 100% stan-
dard length (SL). From these, we calculated aspect
ratio (AR) and perimeter length around the ante-
rior–posterior axis (P) using equations (1) and (2),
respectively,

AR =
bw

bd
(1)

P = 2 × π ×
√

b2
w + b2

d

8
(2)

AR varied between 0.45–4.80 at 10%, 0.27–1.12 at
25%, 0.19–0.95 at 50%, 0.12–0.93 at 75%, 0.25–1.58
at 90% and 0.15–0.86 at 100% SL. P varied between
0.13–0.84 at 10%, 0.17–1.40 at 25%, 0.16–1.73
at 50%, 0.14–1.47 at 75%, 0.09–0.36 at 90% and
0.04–0.38 at 100% SL (distribution of data points

at 50% SL is shown in figure 1(b)). These measure-
ments as well as body silhouettes (figure 1(c)) high-
light the morphological diversity of fishes included in
the dataset.

2.2. Estimation of multi-segment models
We employed the segment growing method (SGM)
proposed in (Fetherstonhaugh et al 2021) to gener-
ate a multi-segment model (M̂) which describes the
fish body midlines (M) as a series of linear (rigid)
segments (s) connected with joints (j).

Briefly, starting from the most anterior midline
point (x1, y1), the first segment (s1) was created with
an initial length 0.005L and grown with 0.005L incre-
ments until the segment error, E1, exceeded a thresh-
old value defined by the user a priori (0.01L). When
E1 exceeded the threshold, s1was stopped growing
and fixed with a joint (j1) at the end. Next, the sec-
ond segment (s2) was created with the same ini-
tial length and this time was grown from j1 until
the error (E2) between the segment and the midline
exceeded the threshold. This iterative process contin-
ued until the most posterior midline point along the
body was reached. At the end, the SGM produced
a parsimonious multi-segment model (SGM model
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herein after) which consisted of segments with vari-
able lengths, each of which described a finite portion
of the actual midline.

The accuracy (A) of a SGM model was then
defined as percentage of L based on the maximum
segment error in the model:

A = 100 ×
(

1 − max
i∈M̂

Ei

)
(3)

where i is the index of all segments found in the SGM
model M̂. The error for segment i, Ei, was calculated
using

Ei =
1

t

T∑
t=1

Di(t) (4)

where Di(t) is the maximum perpendicular distance
between the segment line and actual midline curve.
Di (t) was estimated independently for each time
frame, t, and then averaged over the entire tail beat
cycle, T.

The user-defined threshold controls the tradeoff
between the accuracy and the complexity of a SGM
model. The smaller the threshold, the more accurate
the model is however, it also becomes more com-
plex by having more segments. The 0.01L thresh-
old value, used in this study, was determined using
a trial-and-error process after preliminary testing on
multiple datasets (figure 2(a)). The more detailed
description of how SGM works was presented in
(Fetherstonhaugh et al 2021).

2.3. Data analysis
Custom-written Matlab scripts were used to imple-
ment the SGM and analyze all data.

2.3.1. Comparison with equal-length segment
models
The performance of SGM models was compared to
models consisting of equal-length segments, where
segment joints are distributed evenly across the
body. Equal-length segments are common in robots
described in the literature (Yu et al 2007); espe-
cially while designing the posterior body (Liu and Hu
2006), (Ay et al 2018). Relative difference in perfor-
mance (ΔA) was calculated using,

ΔA = 100 ×
(

Av − Ae

Av − As

)
(5)

where Av Ae and As correspond to the accuracies
of SGM, equal-length segment and single-segment
models. A single segment model represents the worst-
case scenario where body midlines were represented
with a single segment like a rigid plate (i.e. for each
frame a line was drawn to connect the first and last
midline points). Here, the difference between Av and
As was used as a baseline against which the difference
between Av and Ae was compared.

We predict negative correlation between ΔA and
number of segments, i.e. ΔA will be large in models

with fewer segments and it will decrease as number
of segments increases (i.e. ΔA → 0). Multiple T-tests
with Bonferroni correction were performed to evalu-
ate whether ΔA was statistically different from 0.

2.3.2. Analysis of segment configuration
In all models, segment configuration was evaluated
using several parameters: number of segments, rel-
ative length of head segments (shead), relative length
of tail segments (stail), and segment length variabil-
ity along the body. The segment length variability was
measured using coefficient of variation (CV),

CV =
δ

μ
(6)

where μ and δ are the mean and standard deviation of
segment lengths in the model. The higher the CV, the
higher the variability (CV = 0when the model had
equal-length segments). Length ratio (Rh:t) between
head and tail segments was also measured (Rh:t = 1
when lengths of head and tail segments were equal),

Rh:t =
shead

stail
(7)

CV and Rh:t were plotted to study how segment length
variability changed with increasing number of seg-
ments, and multiple T-tests with Bonferroni correc-
tion (one test per segment number) were performed
to evaluate whether mean values were significantly
different from equal-length segment scenario (i.e.
CV = 0and Rh:t = 1). We predict that there will be
more variability in models with fewer segments (i.e.
CV � 0and Rh:t � 1), and it will decrease as number
of segments increases (i.e. CV → 0 and Rh:t → 1).

2.3.3. Relationship between segment configuration
and swimming kinematics
Assuming that there is an association between the
bending kinematics of fishes and the segment config-
uration of their respective SGM models, we measured
the correlation (r) between kinematic variables (i.e.
tail beat frequency, body wavelength, head oscillation
amplitude, tail oscillation amplitude, ratio of head:tail
oscillation amplitude, maximum curvature and max-
imum curvature location along the body) and seg-
ment configuration variables (i.e. segment number,
shead, stail, CV and Rh:t). The methods used to calcu-
late the listed kinematic variables are described in (Di
Santo et al 2021). We predict that fishes undulating
along the entire body will require more segments than
those whose bending movements are restricted to the
posterior body. We also predict that fishes with greater
head oscillations will have shorter head segments.
Similarly, we can assume that fishes with greater tail
oscillations and maximum body curvature will have a
higher segment length variability along the body, i.e.
posterior segments will be shorter than the anterior
segments to accommodate for higher body curvatures
towards the tail.

4
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Figure 2. (a) Overall SGM model accuracy versus segment number for one representative fish; yellowfin tuna (T. albacares,
L = 110 cm, U = 1.6L s−1). Midlines generated by the three-segment model mimics the actual tuna midlines with more than
98% accuracy. Segment configuration of the model is also shown where s1 and s3 correspond to head and tail segments,
respectively, and j1 and j2 show joint positions connecting three segments (i.e. s1 and s2, and s2 and s3). (b) SGM models
superimposed on actual video frames: (top left) tuna from the same video sequence presented in (a); (top right), American eel
(A. rostrata, = 38 cm, U = 0.7L s−1); (bottom left) mackerel (S. scombrus, = 23 cm, U = 1.3L s−1); (bottom right) brook trout
(S. fontinalis, = 19 cm, U = 0.8L s−1).

We also looked at whether a priori grouping of
fishes into distinct swimming categories or modes
as described in (Breder 1926), (Lindsey 1978) would
help explaining the variations seen in the of seg-
ment configurations of SGM models. These categories
were originally proposed based on kinematic differ-
ences observed in key species (e.g. eel for anguilli-
form and tuna for thunniform swimmers), and were
assumed to describe the kinematic diversity of all
fishes (hereinafter distinct swimming modes hypoth-
esis). If this hypothesis is correct, the segment con-
figuration of the SGM models will vary based on
swimming mode; anguilliform, sub-carangiform, or
thunniform. Eel-like fishes (i.e. anguilliform swim-
mers) having more flexible and elongated bodies will
require more segments than fishes with relatively stiff
body anatomy (i.e. carangiform swimmers). Con-
versely, fishes with longest wavelength due to a more
rigid anatomy will require the fewest segments (i.e.
thunniform swimmers). However, our recent kine-
matics analysis on multiple species has challenged this
view (Di Santo et al 2021). We found quite a few
examples of fishes sharing similar kinematic patterns
although assigned to different swimming modes, and
vice versa (fishes adopting different kinematic pat-
terns although assigned to a same swimming mode).
In this case, we may not see recognizable differences
between SGM models assigned to different modes.

We used Kruskal Wallis tests to compare segment
number in SGM models and one-way analysis
of variance to compare other segment configu-
ration parameters, followed by Tukey–Kramer
multiple comparison tests. We performed the sta-
tistical analysis twice using two different data sets.
First, we compared SGM models of four canoni-
cal species traditionally used to define the classic

fish swimming modes: American eel—Anguilla
rostrata—anguilliform, brook trout—Salvelinus
fontinalis—sub-carangiform, mackerel—Scomber
scombrus—carangiform, and tuna—Thunnus
albacares—thunniform (figure 2(b)). This analysis
included 40 video sequences (ten per species).
Second, we repeated our analysis on the entire data
set, where we assigned each species to one of four
swimming modes based on common use in the
existing literature.

2.3.4. Relationship between segment configuration
and Reynolds number
It has been previously shown that scaling laws govern-
ing the undulatory movements of aquatic swimmers
may vary between laminar and turbulent regimes
(Gazzola et al 2014), (Tytell et al 2016), (Smits 2019)
which are characterized by Reynolds number, Re,

Re =
ρUL

μ
(8)

where ρ is the density of the fluid, and μ is the
dynamic viscosity.

We hypothesize that the SGM models will
have more segments and less length variability at
high Re when body amplitudes increase anteri-
orly (Akanyeti et al 2017). To test this hypothesis,
SGM models were divided into two groups using a
threshold, Rethreshold = 1.5 × 105: group 1 consisted
of models representing data points with low Re
(Re < Rethreshold) and group 2 consisted of
models representing data points with high Re
(Re > Rethreshold). Here, Rethreshold was determined
after analyzing the distribution of data points in
figure 1(a). Kruskal Wallis and Tukey–Kramer multi-
ple comparison tests were used to compare segment
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numbers between the two groups. One-sample
Kolmogorov Smirnov test was performed to evaluate
whether segment configuration parameters (shead,
stail, Rh:t and CV) came from normal distributions
in each group. The null hypotheses were rejected at
5% significance level, i.e. the distributions were not
normal. Hence, the non-parametric Wilcoxon rank
sum test was performed to evaluate whether their
mean values were different at 5% or less significance
level.

2.3.5. Relationship between segment configuration
and morphology
We first checked whether body shape could predict the
size of SGM models. Linear discriminant analysis clas-
sifier (LDA-classifier) was trained to predict segment
number using an input vector consisting of shape
measurements AR and P (multiple measurements
along the body as described in section 2.1). The per-
formance of the LDA-classifier was evaluated based
on the percentage of correctly classified instances.
For instance, if a model had three segments and the
LDA-classifier predicted the same number, this would
correspond to a correctly classified instance. The con-
fusion matrix, a table summarizing the prediction
results, was also visualized to investigate incorrectly
classified instances. We then looked at whether body
shape could predict segment lengths and variabil-
ity. Multiple linear regression model (MLR-model)
was fitted to predict segment configuration param-
eters (shead, stail, Rh:t and CV) using the same input
vector described above. The performance of the
MRL-model was evaluated using the coefficient
of determination (r2). To evaluate the interactions
between Re, body shape and segment configuration,
LDA and MLR analysis were repeated three times: (1)
using low Re models in the first group, (2) using high
Re models in the second group, and (3) using all SGM
models.

3. Results

All results are reported as mean ± standard devia-
tion for continuous variables (e.g. shead), and median
(interquartile range) for discrete variables (e.g. seg-
ment number).

3.1. Accuracy and segment configuration of SGM
models
The mean accuracy of the SGM models was above
95% (figure 3(a)), and 83% of the SGM mod-
els had fewer than five segments (figure 3(b)). In
general, the SGM models performed significantly
better than equal-length segment models with an
improvement close to 50% in two-segment, 30%
improvement in three-segment and 15% improve-
ment in four-segment models; after that there was

no significant difference between SGM and equal-
length segment models (supplementary figure 1
(https://stacks.iop.org/BB/17/046007/mmedia)).

The mean joint positions and segment config-
uration of the SGM models are presented in sup-
plementary tables 1 and 2, respectively. While shead

became shorter with increasing number of segments,
stail mostly stayed the same; confined posteriorly in the
last 20% of the body (figures 4(a) and (b)). Head seg-
ments were consistently longer than the tail segments
regardless of the number of segments in the model.
All Rh:t values were significantly higher than the base-
line where shead = stail (figure 4(c)). Similarly, anterior
segments were longer than the posterior segments.
Again, all CV (representing the variability in segment
length) values were significantly higher than the base-
line where all segments had equal length (figure 4(d)).

3.2. Relationship between segment configuration
and swimming kinematics
There was a correlation between kinematic variables
and the segment configuration of the SGM models
(table 1). Most notably, the models representing fishes
with higher oscillation amplitude and frequency had
more segments, shorter shead as well as lower Rh:t and
CV. Posterior–anterior shift of the maximum cur-
vature point along the body (towards the head) had
a similar effect on the segment configuration (i.e.
more segments and less variability). In addition, fishes
with longer propulsive wave required fewer segments
but the correlation between wavelength and segment
number was not as high.

We next compared the SGM models of four
species each of which was a representative of a swim-
ming mode. We found that the segment configura-
tion of the eel models was different than the rest: eel
models had more segments and shorter shead than the
trout, mackerel, and tuna models, as well as lower
Rh:t and CV than the trout models (supplementary
table 3). We found similar results, when the analysis
was extended to all species. The anguilliform mod-
els and to a lesser extent the sub-carangiform models
were likely to have more segments than the models
representing the other two swimming modes (supple-
mentary figure 2). The anguilliform models also had
shorter shead and lower Rh:t and CV (figure 5). In both
datasets, stail length did not change between the swim-
ming modes (supplementary table 3 and figure 5(b)).

3.3. Relationship between segment
configuration, Re and morphology
The separation of the anguilliform models from oth-
ers was not related to speed or body length as the
mean Re was only significantly higher in the thunni-
form models. We next split the SGM models into two
groups (low versus high Re) and compared their seg-
ment configurations. The high Re models had shorter
shead as well as lower Rh:t and CV compared to the low
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Figure 3. (a) Histogram of the SGM models’ accuracy. The mean accuracy was 97.2 ± 0.9% with minimum and maximum
values of 93.4% and 98.4%, respectively. (b) Histogram of the SGM models’ segment number (3[3–4]): 4% (two-segment
models), 50% (three-segment models), 29% (four-segment models), 11% (five-segment models) and 6% (six-segment models).

Table 1. Correlation coefficients between kinematics and segment
configuration variables. Markers † and ∗ indicate statistical significance at
p < 0.001 and p < 0.05, respectively.

Seg. No. shead (L) stail (L) Rh:t CV

Tail beat freq. 0.30† −0.44† 0.03 −0.35† −0.45†

Body wavelength −0.24† 0.13 0.07 0.04 0.07
Head amplitude 0.50† −0.50† −0.07 −0.33† −0.40†

Tail amplitude 0.53† −0.49† −0.10 0.32† −0.40†

head:tail ratio 0.37† −0.48† −0.03 −0.32† −0.40†

Max. curvature 0.17∗ −0.10 −0.22† 0.14 0.06
Max. curv. location −0.31† 0.28† −0.07 0.22† 0.17∗

Re models. The high Re models also had one more

segment than the low Re models, though this differ-

ence was not statistically significant (supplementary

table 4).

The segment configurations of both low and high

Re models were closely associated with body shape.

86% of the segment number predictions were correct

for the LDA-classifier trained and tested on low Re

models, and 78% for the LDA-classifier trained and

tested on high Re models. Both classifiers had max-

imum prediction error of one segment in all incor-

rectly classified instances (see confusion matrix tables

in figure 6(a)). For both classifiers, the class means

of the input shape parameters (AR and P) are pre-

sented in supplementary table 5. The performance of

the multi linear regression models linking body shape

to other segment configuration variables were mod-

erate to high (actual versus predicted shead is shown

in figure 6(b) as an example), except for stail where

no significant association was found. The analysis

of coefficients (presented in supplementary table 6)

indicated that the shape parameters within the first

and last quarter of the body (around head and tail

regions) significantly contributed to the overall per-

formance of the MLR-models. When LDR-classifiers

and MLR-models were trained and tested on the

entire dataset (without Re separation), the associ-
ations were still significant, but the predictive per-
formance dropped by 16% (segment number), 55%
(shead), 45% (Rh:t), and 48% (CV). This suggests that
the relationship between segment configuration and
body shape may depend on Re and thus vary between
laminar and turbulent flow regimes.

4. Discussion

We analyzed the steady swimming kinematics of a
large group of freshwater and marine fish species
with vastly different morphologies. To the best of our
knowledge, this is the most comprehensive dataset
available on fish kinematics and covers a wide range
of speeds, body lengths and all four classically defined
swimming modes. We used a novel approach to
model the midline kinematics of every individual as
a series of interconnected segments, i.e. SGM which
is described in detail in (Fetherstonhaugh et al 2021).
Compared to more traditional midline analysis meth-
ods, such as measuring Strouhal number (Taylor
et al 2003), optimal specific wavelength (Nangia et al
2017), or describing body amplitude envelope using
nonlinear regression fits (Di Santo et al 2021), the
SGM models provide pragmatic design guidelines

7



Bioinspir. Biomim. 17 (2022) 046007 O Akanyeti et al

Figure 4. (a) Mean joint positions for two, three, four, five and six-segment SGM models. Horizontal error bars indicate one
standard deviation from the mean. (b) Histogram of head (grey) and tail (orange) segment lengths. (c) Length ratio between head
and tail segments (Rh:t) across models with different segment numbers. Rh:t = 1 is plotted as a reference for equal-length segment
model (dashed line). (d) (CV measuring segment length variability along the body) across models with different segment
numbers. CV = 0 is plotted as a reference for equal-length segment model (dashed line). In both (c) and (d), marker ∗ indicates
data points which are higher than the baseline at a significance level, p < 0.01, and vertical error bars indicate one standard
deviation from the mean.

for articulated robots. By highlighting the key bend-
ing points along the body, the SGM models can be
used in a variety of applications. For example, they
can orient the placement of actuators in fish-inspired
robots, compare midline kinematics between robots
and fishes, estimate hydrodynamic forces in theoret-
ical and computational studies, and predict muscle
activation patterns in fishes.

During analysis of SGM models, we mainly
focused on comparing the lengths of first (head) and
last (tail) segments as both segments are considered
to play a key role in propulsion (Anderson et al 1998),
(Van Buren et al 2019), (Lucas et al 2020), (Lighthill
1993), (Akanyeti et al 2017). Plus, all models had a
head and tail segment irrespective of whether they
had two or six segments. We also studied the seg-
ment length variability of models, whether they had
equal-length or variable-length segments. We evalu-
ated variability using two metrics, the length ratio
between head and tail segments and the CV, which
allowed us to compare models with different segment

numbers objectively. Because there is a finite body
length, more segments would constrain the variation
of each more so than fewer segments. By evaluating
variability in relation to mean segment length, the
CV provided a more robust statistical measure than
alternatives such as standard deviation.

Our results show that steady swimming kinemat-
ics in fishes can be successfully described with a
limited number of rigid segments (up to six). The
majority of the SGM models (83%) were made from
four or fewer segments, and in these models, the
anterior segments were longer than the posterior seg-
ments. These are encouraging findings for engineers
as technological constraints often limit the number
of segments used in multi-segment robots due to
the complexity and cost of adding actuators to con-
nect adjacent segments. Previous studies have already
shown that the segment numbers can be further
reduced by designing hybrid robots which are made
of rigid anterior and flexible posterior segments (Low
and Chong 2010), (White et al 2021). In this design

8



Bioinspir. Biomim. 17 (2022) 046007 O Akanyeti et al

Figure 5. Models’ segment configuration versus swimming mode. A, anguilliform; S, sub-carangiform; C, carangiform; T,
thunniform. (a) Head segment length (shead). (b) Tail segment length (stail). (c) Length ratio between head and tail segments (Rh:t).
(d) CV. Error bars indicate one standard deviation from the mean (circle). Marker ∗ indicates statistical significance at p < 0.01.
Horizontal dashed lines in (c) and (d) show baseline Rh:t = 1 and CV = 0 values (equal-length segment model).

approach, the anterior segments are often used to
house batteries, electronics, sensors, and actuators of
the robot, although in recent years there has been
significant push to design robots with more evenly
distributed sensing and actuation capabilities (Ven-
turelli et al 2012), (Thandiackal et al 2021), (Jusufi
et al 2017), (Rossi et al 2011).

Overall, the SGM models had highly variable seg-
ment configurations, and we investigated whether
these variations could be linked to swimming kine-
matics, morphology and Re. The key findings are dis-
cussed below.

4.1. Weak association between segment
configuration and body wavelength
Kinematic variables, head and tail amplitude, maxi-
mum curvature and body wavelength all contributed
to the segment configuration of the SGM models,
though not as much as expected (table 1). Most
notably, our initial hypothesis that fishes with longer
wavelength will require fewer number of segments
was not confirmed, the correlation between the two
variables was weak. For instance, all SGM models
derived from brook trout had three segments (except
one with four segments) even though the wavelength

between individual data points varied to a great extent
(from 0.63L to 1.37L with mean0.95 ± 0.22L). We
also did not find any correlation between body wave-
length and head segment length. We believe that the
length of head segment is a good indicator of where
the undulatory wave is initiated because its joint with
the vertebral column approximates the first bending
point along the body.

4.2. Distinct segment configuration in
anguilliform models
The common view that fish locomotion can be cate-
gorized into distinct swimming modes has been very
influential in fish-inspired robotics research (Sfakio-
takis et al 1999). We have recently shown that there
are no clear boundaries between swimming modes,
and often fishes exhibit similar midline kinematics
regardless of assigned swimming mode (Di Santo
et al 2021). In that study, we proposed that the
categorization of swimming modes relates to mor-
phological traits rather than actual bending kine-
matics. Apart from anguilliform swimmers having
significantly shorter wavelength than species classi-
fied in other modes, we did not find any signifi-
cant differences between groups when key kinematic
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Figure 6. Relationship between morphology and segment configuration at low Re (<= 1.5 × 105, purple) and high Re
(>1.5 × 105, orange). (a) Segment number prediction using linear discriminant analysis. Confusion matrix tables showing true
(row) and predicted (column) segment numbers. Numbers in the diagonal cells show correctly classified data points. Grey color
map indicates distribution of data points across the table (darker colors corresponding to higher percentages). Overall, percentage
of correctly classified data points are 86% (low Re) and 78% (high Re). (b) Head segment length prediction using multiple linear
regression analysis. r2 values are 0.70 (low Re) and 0.76 (high Re) at a significance level, p < 0.01. Circles show individual data
points. Ideal prediction, (y = x, dashed line) is also plotted as a reference.

parameters (ratio between head and tail oscillations,
body curvature, and amplitude and phase envelopes)
were compared.

Our results here also do not support the distinct
swimming mode hypothesis, particularly with regard
to the sub-carangiform, carangiform and thunni-
form swimming categories. The SGM models did
not significantly vary across swimming modes except
for models describing anguilliform swimmers. The
anguilliform models had more segments and less seg-
ment length variability along the body, suggesting that
anguilliform swimmers recruit the anterior portion
of their body to a greater extent than other species.
Anguilliform models also had shorter head segments,
suggesting that the undulatory body wave is initi-
ated more anteriorly in anguilliform swimmers. Our
results also show that the length of the tail segment
did not change as much across the models, and the
tail joint was around the last fifth of the body (except
in models with two segments). Although different fish
species exhibit a variable caudal peduncle (the region
where caudal fin attaches to the body) in thickness
and tail fin shape (Lauder 2000), the consistency of
tail segments in SGM models suggests that fishes may
move their caudal fins in a similar way (at least in two
dimensions), which may be a result of common adap-
tation to improve propulsive efficiency. With multi-
ple short segments in the posterior body region (i.e.
higher degrees of freedom), it should become easier
to control the angle and amplitude of the tail so that
the momentum of the undulatory wave can be trans-
ferred into the fluid more effectively.

4.3. Strong association between segment
configuration and body shape
We found a strong association between shape and
the configuration of SGM models. Over 70% of the
variability in segment number and length of head
segments, and more than 35% of the variability in
segment length of the models is explained by two
shape parameters measured at different locations
along the body: AR and perimeter length. We chose
to consider these two parameters because they are
correlated with bending stiffness. AR is indicative
of relative body thickness along the medial-lateral
(bending) axis, while perimeter length estimates over-
all body thickness. All else being equal, bending
stiffness should increase with increasing AR and
perimeter. We speculate that the association between
shape and SMG models would be even stronger if we
had shape measurements for every individual in the
dataset.

Fishes also exhibit a large diversity of head mor-
phologies, which affects flow sensing (Chambers et al
2014), (Yanagitsuru et al 2018) and feeding perfor-
mance (Carroll et al 2004). In contrast, we know less
about how head morphology affects bending kine-
matics and swimming performance (Rouleau et al
2010), (Langerhans 2009). In this study, we found
that, at low Re, the head shape was closely related to
the segment configuration of the SGM models (sup-
plementary table 6). The models describing fishes
with relatively thicker heads (e.g. Atlantic spade-
fish—Chaetodipterus faber, perimeter at 25% of body
length, P25 = 1.01L) had longer anterior segments
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(shead = 0.63L) and higher segment length variability
(Rh:t = 0.79and CV = 4.67) than models describing
fishes with thin heads (e.g. American eel, A. ros-
trata, shead = 0.16L, Rh:t = 0.18and CV = 0.64). In
fish biomechanics literature, we often find simpler
measurements of body shape (e.g. maximum depth,
width, and their positions along the body) being
reported. When we retrained the MLR-model for shead

prediction using only these simpler measurements, its
performance dropped by more than 50%, highlight-
ing the utility of more comprehensive morphometric
measurements (including head shape).

Our dataset consisted of elongated (e.g. Atlantic
hagfish—Myxine glutinosa), fusiform (e.g. brown
trout—Salmo trutta) and deep-bodied fishes (e.g.
sheepshead—Archosargus probatocephales) (i.e. no
dorsoventrally compressed fishes). The SGM models
describing elongated fishes (high AR and low perime-
ter) had higher segment numbers, their head seg-
ments were shorter, and they had equal segments
along the body in comparison with the SGM mod-
els describing fusiform (moderate AR and moderate
perimeter length) and deep-bodied fishes (low AR
and high perimeter). However, there were a few out-
liers. For instance, the models describing elongated
inshore lizardfish (Synodus foetens), had relatively low
segment numbers (three to four) and long head seg-
ments (covering more than 40% of the body). Sim-
ilar observations were made previously for models
describing other elongated fishes such as Northern
barracuda (Sphyraena borealis) and Florida gar (Lep-
isosteus platyrhincus) (Fetherstonhaugh et al 2021).
These fishes are considered to have high flexural stiff-
ness (Long and Nipper 1996) (Long et al 1996), and
it was likely that the SGM models describing stiff
fishes had overall fewer segments than those describ-
ing flexible fishes. Although shape is a key determi-
nant, other factors including internal anatomy (e.g.
number of vertebrae) and muscle activation patterns
of fishes influence the resultant undulatory kinemat-
ics; hence, we expect that the segment configuration
of SGM models would also depend on these factors. In
addition, knowing more about these factors will help
engineers design better robots; for example, while
deciding on the material properties of segments (e.g.
length, weight, and modulus of elasticity) and how
they are actuated.

4.4. Segment configuration in laminar
and turbulent regimes
Our dataset consists of fishes swimming in the
inertial regime (Re � 1). The boundary layer of
inertial swimmers is governed by either laminar or
turbulent flows where transition from laminar to tur-
bulent is expected to occur at Re between 103–105

(Anderson et al 2001). Previous studies have shown
that scaling relations, linking kinematics to speed and
size, are different between the two regimes due to

the type of drag dominating each regime; skin fric-
tion drag in laminar flows and pressure drag in tur-
bulent flows (Gazzola et al 2014). In our study, we
found a similar dichotomy between the SGM mod-
els at low and high Re. The low Re models had fewer
segments with longer head segments, and higher seg-
ment length variability along the body than high Re
models. Recruitment of anterior body at high Re
could be an adaptation to reduce pressure drag or
boost thrust (Lighthill 1969), (Gemmell et al 2016),
(Akanyeti et al 2017), (Lucas et al 2020). Alternatively,
it could be related to improving other functions such
as sensing and respiration (Akanyeti et al 2016). Like-
wise, while predicting segment configuration in rela-
tion to body shape, we achieved higher performance
by training a separate classifier/regression model for
each Re group.

In our analysis, we used Rethreshold = 1.5 × 105 to
split the data between low and high Re, which was an
order of magnitude higher than the threshold used in
(Gazzola et al 2014); i.e. 104. Repeating our analysis
using that lower threshold did not improve the pre-
diction performance; on the contrary, we saw a signif-
icant drop at high Re (e.g. from r2 = 0.70 to r2 = 0.36
in head length prediction), and the results at low Re
were inconclusive as there were only nine data points
with Re < 104. The differences in the four experimen-
tal setups (which were used to collect the dataset ana-
lyzed in this study) may be a plausible explanation
for the higher Rethreshold having a better fit in the cur-
rent analysis. With this threshold, the high Re group
mostly consisted of data points collected at the Conte
Lab. Compared to the other three setups which were
geared toward measuring sustained swimming ability
in laboratory settings, the Conte Lab’s experimental
flume allowed fishes to swim at volitional high speeds
in more natural conditions (Castro-Santos 2005).

5. The future of multi-segment models

Our work shows that multi-segment models with six
or fewer rigid segments are sufficient to describe the
undulatory kinematics of fishes, that the anterior seg-
ments of the models are typically longer than their
posterior segments, and that the segment configu-
ration of the models are highly variable depending
on the Re, swimming pattern, and body morphology
of fishes. We also show that this variability cannot
be explained by a priory grouping of fishes into dis-
tinct swimming modes. These findings have two main
implications for future fish-inspired robot designs.
First, the geometry and Re of a robot should be con-
sidered a priori before deciding how to partition its
body into segments, especially in the anterior part.
A fusiform robot swimming at low Re may need
to be more streamlined with a long head segment
to reduce drag, whereas an elongated robot swim-
ming at high Re may require shorter head segments
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to produce thrust. In contrast, we see more align-
ment in the posterior portion of the SGM models,
where segments progressively get shorter to account
for increased body curvatures toward the tail. Several
studies have already shown that this specific poste-
rior segment configuration may improve the swim-
ming performance of freely swimming robots (Yu et al
2007), (White et al 2021).

Second, the segment configuration of many fish
robots is determined based on artificial midlines gen-
erated by the sinusoidal travelling wave equation.
This equation is assumed to approximate actual
fish midlines reasonably well at least during steady
swimming (Tytell and Lauder 2004) and Kármán
gaiting (Akanyeti and Liao 2013b), and it is com-
monly used in numerical simulations to study
fish locomotion (Borazjani and Sotiropoulos 2008,
Borazjani and Sotiropoulos 2009), (Li et al 2021).
The equation takes two input parameters (amplitude
envelope and wavelength) to generate proto-midlines
tailored for different swimming modes; for instance,
wavelength= 0.5L for anguilliform swimmers and 1L
for carangiform swimmers. Our results show that this
simplified approach is not sufficient to capture all the
kinematics diversity observed in steady swimming of
fishes, and propulsive wavelength is not a good pre-
dictor of the key bending points along the body. We
argue that the performance of fish-inspired robots
will improve if they are designed based on real fish
kinematics and morphometric measurements, and
this approach has been applied recently for the con-
struction of a tuna-inspired robot (White et al 2021).
We provide SGM models (supplementary table 7) to
be used in fish-inspired robotic platforms. In addi-
tion, data-driven classifier and regression models pre-
sented in this study (supplementary tables 5 and 6)
will enable robotics researchers to determine optimal
segment configurations for body shapes and Re that
are not listed in supplementary table 7.

5.1. Limitations and future work
There are several limitations to our study. First, our
analysis considers only steady swimming kinemat-
ics, and it is unclear how SGM models may dif-
fer when modelling unsteady swimming kinematics
(e.g. turn, acceleration, escape and station holding
in turbulent flows, see (Domenici and Blake 1997),
(Liao 2007) for extended review of these behaviors).
Our complementary investigation from one individ-
ual shows that the configuration of SGM models
can vary across behaviors; accelerating fish require
more segments than steadily swimming fish, steady
swimming fish require more segments than Kármán
gaiting fish, and Kármán gaiting fish require more
segments than gliding fish (supplementary figure 3).
This behavior dependency poses a challenging ques-
tion for robotics researchers: how to design a
reconfigurable fish robot that is capable of chang-

ing its segment configuration automatically? Second,
the SGM models are based on horizontal midline
kinematics and do not consider three-dimensional
body–fin and fin–fin interactions. Previous stud-
ies have shown that these interactions play key role
to improve stability and propulsive efficiency (Liu
et al 2017), (Matthews and Lauder 2021). Third,
this study is only concerned with describing the
midline kinematics accurately and identifying fac-
tors that may help us explain the variation we see
in SGM models. However, it does not tell us why
these variations exist in the first place nor how they
relate to swimming performance and efficiency. For
this, we need to better understand the mechanical
and hydrodynamic forces controlling the kinemat-
ics. In this context, several theoretical models have
been proposed to study fish swimming and guide
robot designs (Epps et al 2009), (Tytell et al 2010),
(Zhong et al 2018).

Future work will focus on analyzing how the seg-
ments of SGM models move with respect to each
other and the earth frame of reference, as well as
how these motions vary in relation to Re, morphol-
ogy and swimming mode. We have also started build-
ing a modular fish robot which will allow us to
explore different segment configurations (e.g. add
more segments or increase the length of head seg-
ment) and evaluate the resulting swimming perfor-
mance systematically.
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