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Visualization of bat “echo space” using acoustic simulation 1 

 2 

 3 

Abstract 4 

Behavioral experiments with acoustic measurements have revealed the intriguing 5 

strategies of flight navigation and the use of ultrasound by echolocating bats in various 6 

environments. However, the echolocation behavior of bats has not been thoroughly 7 

investigated in regard to the environment they perceive via echolocation because it is 8 

technically difficult to measure all the echoes that reach the bats during flight, even with 9 

the conventional telemetry microphones currently in use. Therefore, we attempted to 10 

reproduce the echoes of bats during flight by combining acoustic simulation and 11 

behavioral experiments with acoustic measurements. As a result, we visualized the 12 

spatiotemporal changes in the echo incidence points detected by bats during flight, which 13 

enabled us to investigate the “echo space” revealed through echolocation. In addition, we 14 

could observe how the distribution of visualized echoes concentrated at the obstacle 15 

edges after the bats became more familiar with their environment. Furthermore, our 16 

results indicate that the direction of preceding echoes affects the turn rates of the bat's 17 

flight path, revealing their original echolocation behavior.  18 

 19 

Introduction 20 

Humans rely heavily on vision as a result of their exceptionally high visual acuity 21 

1. This superiority of human vision has guided the direction of technological development 22 
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in recent years. For instance, image recognition and simultaneous localization and 23 

mapping technologies using stereo and monocular cameras, such as automated driving, 24 

have advanced rapidly, particularly in combination with deep learning 2,3. The accuracy 25 

of image processing technology has significantly improved in recent years and hence, is 26 

an important technological element in the field of sensing. 27 

In contrast to humans, other animals optimize their behavior in weak vision or 28 

grasp their environment with sensory organs other than vision. For instance, echolocating 29 

bats mainly operate in the dark (e.g., caves and at night) where they cannot rely on vision 30 

but can perceive their environment via acoustic sensing using ultrasound 4. Knowledge 31 

about a bat’s sonar system has been accumulated through various experiments that, for 32 

instance, determined how bats alter ultrasound characteristics in response to various 33 

situations 5–7 and quantitatively measured the high acoustic acuity of the bat’s sonar 8,9. 34 

Using the basic principle of sensing with one transmitter and two receivers, bats can 35 

estimate object distance based on the echo delay time 10,11 and can localize objects by 36 

relying on the information difference between the echoes reaching the left and right ears 37 

12. This simple principle is also commonly used in the field of engineering, so that the 38 

bat’s sonar has been proposed as a model for object localization 13 and obstacle avoidance 39 

algorithms 14,15, and is practically applied to an autonomous robot 16–18. Ultrasonic 40 

sensing has been widely utilized to perceive our environment in a simple manner, as it is 41 

relatively inexpensive to produce and handles a much smaller amount of data compared 42 

to methods based on vision. Further improvements in acoustic sensing technology can be 43 

expected if knowledge of bat biosonar systems can be incorporated into the field of 44 

engineering. 45 
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Previous studies on the bats’ behavior suggest that information about space or an 46 

object can differ depending on whether it was acquired via vision or echolocation. For 47 

instance, bats are known to collide with a smooth surface wall during flight 19 in cases 48 

where pulses are transmitted at a certain angle to the wall so that no echo is returned.  In 49 

other words, a smooth surface wall is perceived as an empty space by bats, although the 50 

same wall can be perceived visually. In another example, nectar-feeding bats 51 

(Glossophaga soricina) were able to find the feeder in approximately half the time when 52 

the dish-shaped leaves of Marcogravure ebenezer were attached to the feeder. The dish-53 

shaped leaves reflect echoes of similar intensity at wide angles and consequently make it 54 

easier for the bats to detect it 20. These examples demonstrate how we can imagine the 55 

difference in perception based on sound and vision.  56 

Since humans are highly focused on visual perception, one effective approach to 57 

better understand how the acoustic perception of bats works can be to visualize the world 58 

as perceived by sound. Thus it is necessary to focus on the echoes received by the bats 59 

rather than on the emitted pulses. Therefore, as one of the first studies, we aim at 60 

investigating the echolocation strategy of bats based on the information received from 61 

echoes. Since, it is difficult to measure all the echoes reaching both ears of a bat during 62 

flight, even with a conventional telemetry microphone 21 or an onboard acoustic logger 22, 63 

we propose a new approach. In particular, we propose to combine information from 64 

behavioral experiments (e.g. flight paths, emitted pulse directions) with acoustic 65 

simulation to estimate the echoes that reach the right and left ears of a bat in flight. Based 66 

on this acoustic simulation, we can reconstruct the locations and directions of echoes and 67 
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thus visualize the “echo space” as the entirety of these echoes. In addition, we examine 68 

how the echo space changes as the bats become more familiar with their environment. 69 

 70 

Results 71 

Bats (Rhinolophus ferrumequinum nippon) were allowed to fly repeatedly through 72 

a course with acrylic plates as obstacles, and their flight trajectories and pulse 73 

information (direction, intensity, and timing of emission) were measured 23. The same 74 

obstacle course layout as in the behavioral experiment was constructed as a two-75 

dimensional acoustic simulation space, and acoustic simulation was performed using the 76 

finite-difference time-domain (FDTD) method. With the information on the positions and 77 

pulses of the bats acquired in the behavioral experiment, we could determine the echoes 78 

that reached the positions of the right and left ears of the bats in flight in the simulation. 79 

Based on the left and right echo delay times we then estimated the echo incidence points 80 

and visualized them as the echo space (Supplementary Movie S1).  81 

Spatial learning affects echo incidence point distribution  82 

 The echo incidence points were mostly concentrated near the inner edge of the 83 

obstacle wall (Fig. 1 & 2A,). Therefore, we selected those echo incidence points that 84 

were located within the inner half of the obstacle wall to investigate the effect of spatial 85 

learning on their distribution. We modeled the distance from the echo incidence points to 86 

the inner edge of the walls using generalized linear mixed effect models. We found that 87 

echo incidence points after spatial learning were located closer to the inner edge than 88 

before spatial learning (contrastFirst/Last: ratio=1.2 ±0.07 SE, df=1053, t-ratio=3.6, 89 
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p<0.001, Fig. 2B). And the average distance of echo incidence points to the inner wall 90 

edge during the first flight was at 6.3 ± 0.4 SE cm, while it was at an average distance of 91 

5.2 ± 0.3 SE cm during the last flight.  92 

 93 

Figure 1. Flight direction, pulse directions, and echo incidence points during the 94 

first and last flight. Subplots of exemplary flight paths depict the flight directions (red 95 

solid lines), pulse directions (arrows), and echo incidence points (square plots) of 96 

individual bats (Bat A, Bat B, and Bat C) during the first flight and last flight. The color 97 

of the echo incidence points is the same as the color of the pulse from which the echo 98 

incidence point was generated, and its size is proportional to the sound pressure of the 99 

echo. Please note that one emitted pulse can result in several echo incidence points. 100 

First flight Last flight

Bat A

Bat B

Bat C
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 101 

Figure 2. Distribution of echo incidence points on obstacle walls during the first and 102 

last flight. a The histogram shows the probability of echo incidence points being located 103 

at various distances to the inner edge of the obstacle (acrylic walls) during the first and 104 

last flight. b Box plots summarize data on the distances between echo incidence points 105 

and the inner edge within the inner half of obstacle walls for the first and last flight, while 106 

the black whisher plots represent model-related means (black circle) and associated 95% 107 

confidence intervals. These results are based on a model that fit the data well (based on 108 

residual plots) and that explained significantly more variance than its null model 109 

(χ2=12.95, df=1, p<0.001). Also, the effect of the spatial-learning-factor in the model was 110 

found to be significant (χ2
type-II-Wald=13.0, df=1, p<0.001). 111 

 112 

Flight path planning and spatial learning 113 

 It has been suggested in a previous study that the direction of pulse emission 114 

precedes the turn rate change in a bat's flight toward a target 24. To investigate the 115 

relationship between the pulse and echo direction, respectively, and the turn rate, we also 116 

a b
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plotted individual-specific time-series (Fig. 3A, B, see Supplementary Figs. S2, S3 for 117 

data on all the individuals) and found that although both, pulse and echo direction change 118 

precedes the turn rate change, the echo direction changes more smoothly and precedes the 119 

turn rate change with a larger time lag than the pulse direction (Fig. 4A). To test this 120 

observation statistically and to test for any effects of spatial learning, we determined the 121 

individual-specific time delay τmax at which a pulse or an echo direction, respectively, are 122 

maximally correlated to a turn rate. After modeling τmax as a function of the bat’s 123 

experience in interaction with the type of direction (echo or pulse), we found that, during 124 

the first flight, pulse and echo direction changes preceded the turn rate change at 186 ± 125 

54 ms and 377 ± 54 ms, respectively. In this case, the echo direction change tended to 126 

precede the turn rate with a larger time lag than that of the pulse direction change 127 

(contrastEcho/Pulse: ratio=191 ± 68 SE, df=18, t-ratio=2.8, p=0.069, Fig. 4B). During the 128 

last flight, the time lags between the pulse and echo direction change and the turn rate 129 

change decreased slightly to 74 ± 54 ms and 233 ± 54 ms, respectively (Fig. 4B). Also, 130 

the difference between time lags of echo and pulse direction changes decreased slightly 131 

(contrastEcho/Pulse: ratio=159 ± 68 SE, df=18, t-ratio=2.3, p=0.19, Fig. 4B).  Based on the 132 

inter-peak time lag difference between echo and pulse direction of 191 ms (= 377 ms – 133 

186 ms) during the first flight, we estimate that an echo direction might affect the 134 

direction of the fifth (4.6 ± 1.9)  pulse following that echo. In contrast, we estimate that 135 

the echo direction possibly affects the direction of the third (3.0 ± 1.6) pulse during the 136 

last flight. 137 
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 138 

Figure 3. Time series plots of the pulse direction and turn rate, and echo direction 139 

and turn rate in the first flight. a Time series plot of the pulse direction (red rhombus 140 

plot) and turn rate (black solid line) in the first flight for each bat. b Time series plot of 141 

the echo direction (plotted) and turn rate (solid black line) for each bat in the first flight. 142 

The echo direction plot shows the echo incidence points with the highest sound pressure 143 

generated by a single pulse. The color of the echo direction plot depends on the obstacle 144 

(acrylic plate) on which the echo incidence is localized: blue indicates the first acrylic 145 

plate, green the second acrylic plate, yellow the third acrylic plate, and gray the echo 146 

source that was not localized on the obstacle. 147 

a b

Bat A

Bat B

Bat C
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 148 

Figure 4. Correlation coefficients between the pulse direction and turn rate and 149 

between the echo direction and turn rate for the first and last flight. a Correlation 150 

coefficients between the pulse direction and turn rate (solid red line) and between the 151 

echo direction and turn rate (solid blue line). The dotted lines represent 95% confidence 152 

intervals. b The statistical comparison of individual-specific time lag data shows means 153 

(circles) and 95% confidence intervals (whiskers) for echo and pulse directions during the 154 

first and last flight. These results are based on a model that fit the data well (based on 155 

residual plots) and that explained significantly more variance than its null model 156 

(parametric bootstrap test, stat=16.0, df=3, p=0.007). The effect of the spatial-learning-157 

factor in interaction with the type of information (echo or pulse) was found to be not 158 

significant (χ2
type-II-Wald=0.12, df=1, p=0.7) while the single effects showed a clear effect 159 

First flight

Last flight

a

b
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(flight (first vs. last): χ2
type-II-Wald=7.07, df=1, p=0.008; information (echo vs. pulse): χ2

type-160 

II-Wald=13.25, df=1, p<0.001).   161 

 162 

 163 

Discussion  164 

 The aim of this paper is to use a new approach based on a combination of 165 

behavioral experiments and acoustic simulation in order to visualize the echo space and 166 

ultimately to gain more knowledge about how bats might perceive their environment 167 

acoustically.  The results that we obtained using this new approach point towards 168 

differences between the information of surroundings acquired acoustically and visually. 169 

For instance, based on the echo incidence point distribution we found that bats appear to 170 

focus on the inner edges of the target walls when passing them, rather than scanning the 171 

entire obstacle which is usually happening when information is collected visually. Also, 172 

they seemed to focus more on the edge after spatial learning. We believe that a large 173 

number of pulses before spatial learning 23 resulted in a wider distribution of echo 174 

incidence points compared to the distribution after spatial learning where fewer pulses 175 

were emitted. Furthermore, we observed that depending on the characteristics of emitted 176 

pulses, such as the directivity or direction, the position and number of echo incidence 177 

points and consequently the contained information varies (Supplementary Movie S1). 178 

Also, the echo incidence point and the returning echo come not always from the same 179 

direction as the emitted pulse. This is different from the visually collected information, 180 

where the gaze direction is the same as the direction of reflected light 25. Thus, together 181 

with previous studies that presented how echolocating bats misperceive objects 26, our 182 
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data demonstrate how different information from visually perceived objects can be to 183 

information perceived via sound. Consequently, for understanding the behavior of a bat 184 

flying through an obstacle course, not only the direction of emitted pulses but also the 185 

location of generated echo incidence points should be considered at the same time. 186 

 In a previous study, it was shown that the number of pulses emitted during flight 187 

decreased with progressing spatial learning 23, which appears to be in agreement with our 188 

finding that the echo space also changed between the first and last flight. After bats have 189 

become familiar with the obstacle course, the echo incidence points are concentrated at 190 

the edge of the target, which is important for grasping the obstacle space. As a result, bats 191 

seem to reduce the number of pulses necessary for collecting this information. Bats are 192 

known to have spatial and shape memory 27–30; therefore, by matching received 193 

information with the memorized space, it could be possible to obtain the necessary 194 

information about the space using a small number of pulses. 195 

 The bats are affected by not only the pulse direction but also the echo direction, and 196 

the time of influence is earlier in the echo direction than in the pulse direction. This is a 197 

natural result, considering that bats change the characteristics of the following pulse 198 

based on information of the previous echoes. For instance, previous studies have 199 

suggested that the Doppler shift compensation behavior is based on the echoes of the 200 

previous one to three pulses 31, and in the bat's target direction anticipation behavior, the 201 

model best matches the measured data when the target velocity is estimated from the 202 

echoes of the previous five pulses 32. In the present study and during the first flight, we 203 

found a positive correlation peak of the pulse direction that preceded the turn rate change 204 

by 186 ms, which is similar to the time lag obtained in an obstacle environment in a 205 
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previous study 33. In contrast, the echo direction change preceded the turn rate change by 206 

377 ms (Fig. 4A) which suggests that the effect of the pulse direction on the turn rate may 207 

be a secondary result of the echo direction affecting the turn rate. Based on our results we 208 

estimated that the echo direction possibly affects the direction of approximately the fifth 209 

pulse during the first flight, which is consistent with the results of the above-mentioned 210 

study 31,32. In comparison the first flight, we found that the echo direction possibly affects 211 

the direction of earlier pulses during the last flight. Thus bats might be able to reduce the 212 

time required to determine the turn rates and pulse directions after the arrival of echoes 213 

when they have become familiar with their surroundings. 214 

 In this study, we found that bats tend to focus more on the inner edges of obstacles 215 

after spatial learning. Therefore, it is important to identify the edges of objects for object 216 

recognition and avoidance. In the case of object identification using images from 217 

cameras, there are many algorithms that can be used for edge extraction, such as the 218 

Scale-Invariant Feature Transform 34. In contrast, in sound object recognition, diffracted 219 

waves are reflected from the edges as echoes in addition to a direct wave (see 220 

Supplementary Fig. S4 and Supplementary Movie S1). In other words, in sound-based 221 

object recognition, solely information from the direct wave and diffracted wave from the 222 

edge is contained in the echoes. In contrast to object recognition by images, sound-based 223 

methods may be more efficient because only minimal information is required. In this 224 

study, we simulated the echoes and visualized echo space based on an engineering 225 

approach; however, it is necessary to reproduce the actual process in bats more precisely 226 

in the future, so that we can obtain a clearer understanding of the space perceived by bats.  227 

For instance, we should include the directivity of the ear position by introducing the 228 
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head-related transfer function (HRTF) of the bat, including its ears, in the acoustic 229 

simulation space and a moving source to reflect the effect of the Doppler shift during 230 

flight to obtain more detailed spatial information. In addition, a bat auditory processing 231 

algorithm should be introduced into the post-echo processing such as the spectrogram 232 

correlation and transformation (SCAT) model 35–37. We believe that this approach of echo 233 

simulation is a useful first step towards elucidating the perception space by bats. 234 

 235 

Methods 236 

 237 

Study species  238 

 Seven adult Japanese greater horseshoe bats (Rhinolophus ferrumequinum nippon, 239 

three males and four females) were used for the behavioral experiment. The bats of this 240 

species emit pulses consisting of a short initial FM component (iFM), a constant 241 

frequency component (CF), and a terminal FM component (tFM). These pulses are 242 

accompanied by overtones. Among the overtones, the second overtone, which has a CF 243 

component of approximately 68–70 kHz, has the highest sound pressure 21.  244 

 245 

Experimental setup and procedure 246 

 The experiment was conducted in a corridor [4.5 m (L) × 1.5 m (W)] bordered by 247 

chains within a flight chamber [9 m (L) × 4.5 m (W) × 2.5 m (H)]. Three acrylic panels [1 248 

m (W) × 2 m (H)] were placed in the corridor next to the chain-walls, alternating on the 249 

left and right side, with each panel being spaced 1 m apart from each other 250 

(Supplementary Fig. S5). The seven bats were allowed to fly one after the other from the 251 
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starting position through the obstacle course to a net behind the starting position 12 times. 252 

At the time of their first flight, they were completely unfamiliar with the obstacle course. 253 

Also, the experimenter carried each bat to the starting position of the flight while 254 

covering the bat with his hands to prevent it from collecting information about its 255 

surroundings.  After a bat has flown through the course once, the experimenter 256 

immediately captured the bat using a 50 cm × 50 cm insect net. Then the bat was allowed 257 

to drink water from a plastic pipette and was brought back to the starting point by the 258 

experimenter who was covering them with their hands while carrying. During the 259 

experiment, only infrared lights were used in the flight chamber. Two high-speed video 260 

cameras (MotionPro X3; IDT Japan, Inc., Tokyo, Japan; 125 frames per second) recorded 261 

the flight paths of the bats, and microphones arranged in an array around the flight 262 

chamber recorded the emitted pulses of the bats to calculate the direction of pulse 263 

emission. We also calculated the pulse emission timing of the bats by measuring the 264 

pulses they emitted using a telemetry microphone attached to the bat's head. The methods 265 

were performed in accordance with the Principles of Animal Care (publication no. 86-23, 266 

revised 1985) issued by the National Institute of Health in the USA and regulations and 267 

pre-approved by the Animal Experiment Committee of Doshisha University. Please refer 268 

to the publication of Yamada et al. 23 for further methodological details.  269 

 270 

Finite-difference time-domain (FDTD) method 271 

 We used the two-dimensional FDTD method to simulate the echoes that return to 272 

the positions of the right and left ear of bats during their flight. The FDTD method is one 273 

of the numerical methods developed by Yee to solve Maxwell's equations, which are the 274 
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governing equations of electromagnetic waves 38. It has been widely used in the field of 275 

acoustics since Madariaga adapted it for elastic waves 39. The method uses the governing 276 

equations of motion and the continuity of sound pressure as given in equations [1] and 277 

[2].  278 𝝏𝒑𝝏𝒕 + 𝝆𝒄𝟎𝟐𝛁 ∙ 𝒖 = 𝟎 [𝟏] 279 

𝝏𝒖𝝏𝒕 + 𝟏𝝆 𝛁𝒑 = 𝟎 [𝟐] 280 

 where p is the sound pressure, u is the particle velocity vector, 𝝆 is the medium density, 281 

and 𝒄𝟎 is the speed of sound. The following equations are obtained by discretizing the 282 

above governing equations on a staggered grid.  283 

𝒑𝒊,𝒋𝒏+𝟏 = 𝒑𝒊,𝒋𝒏 −  𝝆𝒄𝟎𝟐∆𝒕∆ (𝒖𝒙𝒊+𝟏𝟐,𝒋𝒏+𝟏𝟐 −  𝒖𝒙𝒊−𝟏𝟐,𝒋𝒏+𝟏𝟐 +  𝒖𝒚𝒊,𝒋+𝟏𝟐
𝒏+𝟏𝟐 −  𝒖𝒚𝒊,𝒋− 𝟏𝟐

𝒏+𝟏𝟐 ) [𝟑] 284 

𝒖𝒙𝒊+𝟏𝟐,𝒋𝒏+𝟏𝟐 =  𝒖𝒙𝒊+𝟏𝟐,𝒋𝒏−𝟏𝟐 −  ∆𝒕𝝆∆ (𝒑𝒊+𝟏,𝒋𝒏 −  𝒑𝒊,𝒋𝒏 ) [𝟒] 285 

𝒖𝒚𝒊+𝟏𝟐,𝒋𝒏+𝟏𝟐 =  𝒖𝒚𝒊+𝟏𝟐,𝒋𝒏−𝟏𝟐 −  ∆𝒕𝝆∆ (𝒑𝒊+𝟏,𝒋𝒏 −  𝒑𝒊,𝒋𝒏 ) [𝟓] 286 

where ∆ is the grid interval and ∆𝒕 is the time resolution. The terms 𝒑𝒊,𝒋𝒏 , 𝒖𝒙𝒊,𝒋𝒏 , and 𝒖𝒚𝒊,𝒋𝒏  287 

are the sound pressure and particle velocity at a position (x, y) = (i∆, j∆) and time t = n∆𝒕, 288 

respectively. The sound propagation is calculated by alternately solving equations [3], 289 

[4], and [5]. In addition, because FDTD is a time- and not a frequency-domain acoustic 290 

simulation, diffuse attenuation is included, while the absorption attenuation is not. 291 

 292 

Visualization of echo incidence points 293 
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Simulation space set-up 294 

 In the behavioral experiment, the obstacle walls (acrylic plates) were reaching from 295 

the floor to the ceiling, so that bats avoided them by changing their horizontal flight path. 296 

To obtain the direction of the bat’s pulse emission, a microphone array was placed at a 297 

height of 1.2 m. To recreate this setup in our simulation space, we created a two-298 

dimensional space (x–y) on the height level of the array microphones (z = 1.2 m). The 299 

FDTD simulation space was located inside the corridor (4.5 m × 1.5 m) as shown in  300 

Supplementary Fig. S6A, and the absorption boundary condition was the Mur second-301 

order boundary condition 40. As presented in Table S1, the Courant–Friendrichs–Lewy 302 

(CFL) number was 0.57. The spatial resolution (dx) was 0.3 mm. And the densities of air 303 

and acrylic were 1.29 kg/m3 and 1.18 kg/m3, with a bulk modulus of 142.0×103 Pa and 304 

8.79×109 Pa, respectively. 305 

 306 

Echo simulation 307 

To simulate the echoes that returned to the position of the bats' ears, we used 308 

information on the bats’ pulse emission position and direction obtained from the 309 

behavioral experiment. A sinc function signal with a wide frequency band and high time 310 

resolution were used in the simulation space as the emitted pulse. It was flat up to 110 311 

kHz and the duration was 0.073 ms (Supplementary Fig. S6B). The sinc function signal 312 

was emitted from two source positions (simulating the bat’s nostrils), which were set at 313 

1.25 mm each on the left and right side from a given pulse emission position and in the 314 

direction of emission which was both obtained from the behavioral experiment 315 

(Supplementary Fig. S7A; note that 1.25 mm is based on the half wavelength of the CF2 316 
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frequency of R. ferrumequinum nippon (68 kHz)) 41,42. Receiver positions (simulating the 317 

bat’s ears) of the returning echoes in the simulation were set at 10 mm left and right from 318 

the pulse emission points (note that 10 mm is based on the distance between the ears of R. 319 

ferrumequinum nippon) (Supplementary Fig. S7A). In the simulation, the impulse 320 

responses (echoes) at the two receiver positions were calculated using the FDTD method. 321 

Then, the bat’s pulse was convolved with these impulse responses to obtain echoes. The 322 

bat’s pulses in the simulation were the downward FM components created up to the third 323 

harmonic, which has been reported to be used for distance discrimination 43. The 324 

downward FM component has a duration of 2 ms and the first harmonic decreases 325 

linearly from 34 kHz to 25 kHz, corresponding to the terminal FM component of the 326 

echolocation pulse in R. ferrumequinum nippon (Supplementary Fig. S7B). The first and 327 

third harmonics were set to a sound pressure level of -40 dB based on the second 328 

harmonic 44. The sampling frequency was 2 MHz (1 / dt). 329 

 330 

Calculation of echo incidence points 331 

 Bats estimate the distance to an object based on the time delay between the emitted 332 

pulse and the echoes 10,11. In the simulation, this echo delay was calculated by cross-333 

correlating the simulated left and right echoes with the bat’s pulses. The peak value of the 334 

autocorrelation of the pulse was normalized, and the peak time above the threshold of the 335 

cross-correlating signal was extracted for the left and right echoes (Supplementary Fig. 336 

S8). The threshold value was set to 0.02 to detect almost all the peaks. The left and right 337 

peak times were matched within a window of the maximum time difference between the 338 
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two receiving points (2.5 mm / 340 m/s = 7.4 µs), and combinations of the left and right 339 

peak times ([tr, tl]) were obtained. The echo incidence points ((xecho, yecho)) were then 340 

calculated by solving the following two elliptic equations determined by the calculated 341 

peak times using the pulse emission positions obtained in the behavioral experiments 342 

(i.e., the centers of the two source positions in the simulation) and the left and right 343 

receiver positions in the simulation space as the focal points. The pulse emission position 344 

was set to y = 0 and the direction of pulse emission was set to x = 0. 345 (𝒙𝒆𝒄𝒉𝒐 −  𝒙𝒓𝟎)𝟐𝒂𝒓𝟐 +  (𝒚𝒆𝒄𝒉𝒐 −  𝒚𝒓𝟎)𝟐𝒃𝒓𝟐 = 𝟏 [𝟔] 346 

(𝒙𝒆𝒄𝒉𝒐 −  𝒙𝒍𝟎)𝟐𝒂𝒍𝟐 +  (𝒚𝒆𝒄𝒉𝒐 −  𝒚𝒍𝟎)𝟐𝒃𝒍𝟐 = 𝟏 [𝟕] 347 

𝒂𝒓 =  𝒕𝒓 ∙ 𝒄𝟎𝟐  , 𝒃𝒓 =  √𝒂𝒓𝟐 −  (𝒙𝒓 −  𝒙𝒓𝟎)𝟐 348 

𝒂𝒍 =  𝒕𝒍 ∙ 𝒄𝟎𝟐  , 𝒃𝒍 =  √𝒂𝒍𝟐 −  (𝒙𝒍 − 𝒙𝒍𝟎)𝟐 349 

where xr0 is the center position between the pulse emission position and the right receiver 350 

position, and xl0 is the center position between the pulse emission position and the left 351 

receiver position (see Supplementary Fig. S9). An animation of the process of echo 352 

incidence point visualization using acoustic simulation is shown in Supplementary Movie 353 

S1. 354 

 355 

Statistical Analysis 356 

Effect of spatial learning on the echo incidence point distribution 357 

 We were interested in testing whether the positions of echo incidence points on the 358 
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obstacle walls changed depending on the spatial learning status of the bats (first vs. last 359 

flight). Since the bat’s task in the behavioral experiment was to avoid the inner sides of 360 

the obstacle walls, we considered those echo incidence points that were located on the 361 

inner half of the walls and calculated the distance of these points to the inner edge. We 362 

modeled this data as a function of the bat’s spatial learning status (first vs. last flight) 363 

using generalized linear mixed effect models (function glmmTMB, package 364 

glmmTMB_1.0.2.1) 45 assuming a negative binomial error distribution (nbinom1) due to 365 

overdispersion. Because several echo incidence points can result from one pulse and 366 

several pulses were used per bat, we included a random effect with a pulse-ID nested 367 

within the bat-ID. The quality of the model fit was graphically examined (function in 368 

package DHARMa_0.3.3.0) 46 and its overall significance was determined by comparing 369 

it to the respective null model that contains only the random effect via a χ2-test (function 370 

anova in stats) 47. The significance of the factor coding for the bat’s experience was 371 

derived from a type-II-Wald- χ2-test (function anova, package car_3.0-10) 48 while the 372 

factor-levels were compared based on least-square-means (function lsmeans, package 373 

emmeans_1.5.4) 49. The statistical significance level was set at p = 0.05. 374 

 375 

Effects of spatial learning on flight path planning 376 

 We calculated the turn rate at 1 ms intervals from the acquired flight paths. The turn 377 

rate is the time derivative of the flight path. To investigate the relationship between the 378 

turn rate and the pulse and echo direction, respectively, we shifted the turn rate data by a 379 

time lag of τ in 10 ms steps from -100 ms (to the left) up to + 600 ms (to the right) 380 

relative to the pulse and echo direction, respectively, and calculated the corresponding 381 
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correlation coefficients. The 95% confidence intervals for the correlation coefficients 382 

were determined by a Fisher transformation of the correlation coefficients to the 383 

following 384 

ranges385 ±𝒛𝜶/𝟐 𝟏√𝒏−𝟑 [𝟖] 386 

where n represents the number of data and 𝒛𝜶/𝟐 is 1.96 for 95% confidence interval.  387 

Then, we extracted the τ-values that were associated with the highest correlation 388 

coefficients for each bat and each category (first vs. last flight) and modeled them on the 389 

scale of seconds as a function of the degree of spatial learning (first vs. last flight) in 390 

interaction with the factor describing the type of information used by the bat (echo vs. 391 

pulse) using linear mixed effect models (function lmer, package lme4_1.1-26) 50. We 392 

added the bat-ID as a random effect to the model due to the repeated sampling of the 393 

same individuals. The quality of the model fit, the significance of factors within the 394 

model, and the comparisons between factor-levels were conducted using the same 395 

functions as mentioned above. The overall model significance was tested against the 396 

respective null model using parametric bootstrapping (function PBmodcomp, package 397 

pbkrtest_0.5-1.0) 51. 398 

 399 

Data Availability 400 

 The data used in this study and the code used in the analysis are available at 401 

GitHub, 402 

https://github.com/tsmyu/Visualization_of_bat_echo_space_by_using_acoustic_simulatio403 
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