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ABSTRACT

In this paper, a novel method for analysis of binaural room im-

pulse responses is presented. Individual reflections are localized

in time and frequency from a measured binaural room impulse re-

sponse based on the continuous cross-wavelet transform (XWT).

The directions of the reflections are then analyzed based on KE-

MAR and CIPIC reference data lookup, and compared a previous

approach. Analysis of the directions and arrival times of reflec-

tions allows detailed study of measured binaural room impulse re-

sponses. The reflections can also be resynthesized based on the

continuous wavelet transform (CWT) and spread apart in time, re-

sulting in a slow-motion room impulse response that can be useful

for room acoustics design as well as in teaching room acoustics.

1. INTRODUCTION

Binaural room impulse responses (BRIRs) are encountered in many

audio applications. The binaural impulse responses potentially

hold a lot of useful information, which can not be directly seen in

the time and frequency domain representations of the responses.

One could ask, for example, where the individual reflections are

located in time, what is their frequency content, and what direc-

tions are they coming from. Because a lot of binaural room im-

pulse responses have been measured from concert halls, a method

for extracting this kind of information could be useful.

The problem of time-localizing reflections from a binaural room

impulse response has already been partly tackled by the authors

[1]. The previously presented method allows the localization of

reflections in time, but ignores the frequency dimension and does

not allow estimating the direction-of-arrival. In the current work,

the reflections are localized in both frequency and time using a

segmentation algorithm borrowed from image processing. The

segmentation algorithm is applied to the continuous cross-wavelet

transform (XWT), which is basically the cross-spectrogram be-

tween two continuous wavelet transforms (CWT). When the time-

frequency areas where each reflection resides are located, the az-

imuth angle of each reflection is estimated by comparing the in-

teraural parameters of the reflection to a lookup table constructed

from measured head-related transfer function (HRTF) data. Two

HRTF databases are used: the KEMAR [2] and CIPIC [3] databases.

The time-domain reflections can also be extracted by inverting the

CWT at the time-frequency regions which the reflections occupy.

These reconstructed reflections are used for slow-motion auraliza-

tion [4]. Comparisons to a previous approach are also made. The

approach is based on a method for time-localizing early reflec-

tions proposed by Kuster [5]. In addition, the azimuth angles of

the reflections are estimated by calculating the cross correlation

and mapping the lag of the maximum to azimuth angle.

The problem of detecting arrival times of room reflections has

been investigated before by other authors. Kuster [5] used adaptive

thresholding of the time-domain response to detect arrival times of

early reflections from a single channel measured room impulse re-

sponse. It was reported that the method can confidently detect 1–5

early reflections. Defrance et al. [6] reported a method for de-

tecting the arrival times of reflections from a monaural room im-

pulse response measured acoustically by firing a pistol. The direct

sound part was used as an atom in a matching pursuit algorithm,

so that the arrival times of sound rays were detected. However, the

correspondence of the detected arrival times with the main early

reflections in the room was not tested.

Previous approaches in localizing individual reflections in

room impulse responses also include the work of Roper and

Collins [7, 8], who applied microphone arrays to localize reflec-

tions in a listening room for purposes of room compensation in

loudspeaker listening. The method involves the emitting of chirp

pulses, matched filtering, matching pursuit, time-difference-of-

arrival (TDOA) estimation, and the image source method. The

combination of these methods permits localizing the listener, the

sound sources, and the image sources (reflections) in a room. The

results indicate that with this kind of a system it is possible to lo-

calize the first and second order image sources correctly. However,

the method is not based on analysis of impulse responses measured

the standard way. It also requires the acquisition of multichannel

signals from a microphone array. Other approaches that utilize

multichannel signals include the work of Gover et al. [9], Park and

Rafaely [10], and Rafaely et al. [11]. The approach proposed in

the current study differs from the previous approaches in the way

that it is based on binaurally recorded impulse responses measured

in the standard way using sweep or MLS signals.

Wavelet methods have been used in analysis of room impulse

responses before. Loutridis [12] described how the continuous

wavelet transform can be used for decomposing room and loud-

speaker impulse responses, and for estimating modal frequencies

and the reverberation time. Other audio applications of the con-

tinuous wavelet transform include noise reduction and signal com-

pression [13], intermodulation effects analysis [14], sound synthe-

sis [15] and sound signal modeling [16]. The wavelet decomposi-

tion has been used for approximating room impulse responses in

simulations [17].

This paper is structured as follows. First, the wavelet analy-
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sis method for binaural room impulse responses will be presented,

along with the proposed reflection segmentation method. Then,

the method for estimating the azimuth angles of the reflections is

presented and evaluated. Finally, an application of the proposed

reflection segmentation method to slow-motion auralization is dis-

cussed.

2. WAVELET ANALYSIS FOR EXTRACTING

REFLECTIONS

In order to extract individual reflections from a binaural room im-

pulse response, the reflections have to be first localized in time and

frequency. Previous work of the authors concentrated on localiz-

ing the reflections in time using the continuous wavelet transform

[1]. That work is extended in this section to include the frequency

dimension as well.

2.1. Continuous wavelet transform

The continuous wavelet transform (CWT) for a discrete sequence

x(n) is defined by the equation (adapted from [18])

Wx(n, s) =
1√
s

N−1
X

n′=0

x(n′)ψ∗

0

„

n′ − n

s

«

(1)

where n is the discrete time index, N is the length of the discrete

time series x(n), s is the scale, n is the translation, ψ0(η) is a

complex valued wavelet function (sometimes termed the mother

wavelet). Complex conjugation is denoted by asterisk (∗). The

equation basically correlates scaled and translated wavelet func-

tions with the input sequence in order to build a time-frequency

representation of the sequence. In practice, the equation is imple-

mented in the frequency domain. It should be noted that all quan-

tities in this section are non-dimensional, unless indicated other-

wise. For the sake of clarity, only discrete versions of the equa-

tions are given (a continuous-time treatment of the CWT can be

found in e.g. [12]).

In this work, the wavelet function used is the Morlet wavelet

[18]

ψ0(η) = π−1/4ejω0ηe−η2/2
(2)

where t is a dimensionless time parameter and ω0 is a dimen-

sionless oscillating period of the wavelet. The oscillating period

determines the frequency resolution of the CWT [12] and here it is

set to ω0 = 6, a value also used in [18].

It is often convenient to convert the scale to frequency in Hertz.

For the Morlet wavelet, it proceeds as follows. First, the relation-

ship between the scale s and the so called equivalent Fourier period

λ is given as [19, 18]

λ =
4πs

ω0 +
p

2 + ω2
0

, (3)

which is converted to frequency (in Hz) by

f =
fs
λ

= fs ·
 

ω0 +
p

2 + ω2
0

4πs

!

(4)

where fs is the sampling frequency in Hz.

When binaural signals are analyzed, the reflections can be lo-

calized based on the magnitude of the continuous cross-wavelet

transform (XWT) (adapted from [20])

|WLR(n, s)| = |WL(n, s)W ∗

R(n, s)| (5)

where WL(n, s) and WR(n, s) are the CWTs of the left and right

ear signals, respectively.

The set of scales sj included in the transform can be conve-

niently described as power of two as (adapted from [18])

sj = s02
jδj , j = 0, 1, . . . , J (6)

J =
1

δj
log2

„

smax

s0

«

(7)

where δj is the scale resolution, J is the total number of scales

minus one, s0 is the minimum scale, and smax is the maximum

scale. In the wavelet transform computations in this work, the val-

ues used were δj = 1/32, J = 288, s0 = 2, and smax = 1024.

This results in 289 different scales. However, scales corresponding

to frequencies below approximately 300 Hz (scale indices j larger

than 199) were discarded, because the interest was on reflections

that are well-localized in time, and not on the room modes.

2.2. Segmenting the reflections

After calculating the XWT, the reflections are localized in time

and frequency utilizing a segmentation procedure. Since the XWT

can be seen as a gray-scale image, the watershed segmentation

algorithm was chosen for segmenting [21]. The watershed algo-

rithm is a basic algorithm for segmenting gray-scale images. The

watershed function of the Image Processing Toolbox was used

with default parameters for the segmentation in MATLAB.

Fig. 1 illustrates the process of segmentation. First, the base-2

logarithm of the magnitude (absolute value) of the XWT is taken,

and the result is scaled so that the maximum is at zero (top panel

in Fig. 1). A thresholding operation is then applied to discard

the parts of the response that have small correlation between left

and right ear signals, compared to the direct sound, which is usu-

ally where the maximum is located (middle panel in Fig. 1). The

threshold values used in the experimental part of this work were

between 9–14 decibels below the maximum. The thresholded XWT

is then scaled between [0, 1], the discarded parts are set to minus

infinity, and the resulting image is then passed to the watershed al-

gorithm, resulting in a matrix where the segments are marked with

ascending numbers from left to right and top to bottom. The bot-

tom panel of Fig. 1 illustrates this segmentation by marking each

segmented reflection with a different shade of gray.

After the segmentation, some fine tuning is still needed. The

segmentation may result in segments that are excessively large or

small in terms of area on the time-frequency plane. Therefore, lim-

its for acceptable segment area are set. In this work, the segments

had to have an area in the range of 300–50000 “pixels” (when the

XWT is seen as a 2D image). The top panel of Fig. 2 shows this

final segmentation result, where the segment areas are in the afore-

mentioned range. It can be seen that small segments present in

some of the “holes” (in bottom panel of Fig. 1) have disappeared.

In this case there were no excessively large segments.

One also needs to be aware that the direct sound is some-

times broken into multiple segments by the segmentation algo-

rithm. Therefore, it may be necessary to manually choose to com-

bine a few of the first segments. It is also possible that reflections

are merged to one segment. Both of these problems happen at var-

ious parts of the response, due to reflections overlapping in time

and frequency, which is why they can not be avoided completely.

The proposed method of segmenting reflections is compared

to a previous monaural approach for time-locating early reflections

proposed by Kuster [5]. This baseline method utilizes on adaptive
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Figure 1: Segmentation of a BRIR. Top panel: the XWT of a bin-

aural room impulse response. Middle panel: thresholded XWT.

Bottom panel: segmentation result.

thresholding, where the magnitude mean of the impulse response

h(n) at time index n is first calculated as (adapted from [5])

µ(n) =
1

Nµ

n+Nµ
X

m=n−Nµ

|x(m)| (8)

where Nµ = ⌊(Tµfs/2)⌉ is the number of samples corresponding

to half of the length of the averaging filter of length Tµ seconds.

Rounding to nearest integer is denoted by ⌊·⌉. Based on the local

mean µ(n), a binary signal containing the reflection locations is

calculated as (adapted from [5])

hp(n) =



0, ∀h(n) < ǫµ(n)
1, ∀h(n) ≥ ǫµ(n)

(9)

where ǫ is a parameter which defines the threshold. The lower the

value of ǫ, the more sensitive the algorithm is to detect reflections.

Because it was found that the algorithm finds multiple sequential

peaks corresponding to a single reflection, a one-dimensional dila-

tion operation is applied to hp(n). The dilation is performed with

a structuring element [1111111] so that peaks close to each other

are combined to a contiguous sequence. The times of reflections

are then taken to be the indices of the center points of contiguous

sequences of ones in hp(n).

2.3. Reconstructing the reflections

Later in this study (see Sections 3 and 4), the time-domain re-

flections corresponding to the segmentation have to be recovered.

Based on the segmentation of the XWT, each reflection can be re-

constructed by using the wavelet transform reconstruction formula

which reconstructs the time-domain signal as a sum of real parts

of the wavelet transformWx(n, sj) inside the bounding box of the

segmented reflection in question, i.e., over a set of scales ranging

from scales indices Jmin to Jmax and time indices Nmin to Nmax
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Figure 2: Segmented BRIR. Top panel: segmented XWT. Middle

and bottom panels: left and right channels of the corresponding

BRIR, respectively.

(adapted from [18])

x(n) =
δj

CδΨ0(0)

Jmax
X

j=Jmin

ℜ{W (n, sj)}√
sj

, n ∈ [Nmin, Nmax]

(10)

where δj is the scale resolution (δj = 1/32 used in this work),

Cδ is a reconstruction factor dependent on the wavelet function

(Cδ = 0.776 for the Morlet wavelet used here), and Ψ0(0) is a

scaling factor (Ψ0(0) = π−1/4 for the Morlet wavelet). The scale

is denoted by sj . The reconstruction of Eq. (10) is applied to the

CWTs of the left and right channel signals separately. The XWT

is only used for the segmentation.

Fig. 3 shows an example of the reconstruction for a single re-

flection, which has its correlation peak between 14.5–15 ms. The

top panel shows the original time-domain response during the time

interval the reflection occupies. In the middle panel, the reflec-

tion reconstructed using Eq. (10) is depicted. Both the left and

right ear signals resemble a sine-like waveform. It can be seen

that this particular reflection is localized to the left, because the

left channel waveform has a larger amplitude and the left channel

waveform precedes the right channel waveform by approximately

0.7 ms. This can be seen as the time difference between the highest

peak of the left channel signal close to 14 ms and the next peak of

the right channel signal just after the 14.5 ms mark. The bottom

panel shows the segmented part of the XWT, which specifies the

bounding box inside which Eq. (10) is evaluated. The correlation

peak is seen as the darkest area in the bottom panel around 14.5–

15 ms. Even though the original signal in the top panel has a peak

around 13.3 ms in the left channel, this is not the reflection that

is segmented here, as the actual correlation peak is in a frequency

range close to 1000 Hz (the darkest area in the XWT in bottom

panel).
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Figure 3: Reconstruction example of a single reflection. Top panel:

the full-band reflection in the time domain. Middle panel: the

reflection reconstructed using the bounding box. Bottom panel:

the corresponding segmented area of the XWT. In the first two

plots, the left and right channel signals are illustrated by bold and

dashed lines, respectively.

3. ESTIMATING THE AZIMUTH ANGLE OF THE

REFLECTIONS

In order to study the segmented reflections in more detail, a method

for localizing the azimuth angle of the reflections was implemented.

The method is based on matching the estimated interaural time dif-

ferences (ITDs) and interaural level differences (ILDs) computed

from a reflection to reference values obtained from the KEMAR

[2] and the CIPIC [3] HRTF databases.

3.1. Azimuth angle estimation method

First, reference values of interaural parameters are computed for

each elevation and azimuth angle combination. Palomäki et al.

[22] have reported that when learning sound source direction with

a neural network, elevation angle estimation requires some head

rotation information, which can be simulated by using localiza-

tion cues from two azimuth angles (head rotations) simultaneously.

The problem here may be even harder because the goal is to local-

ize a very short sound, i.e. a single reflection, which also typically

has a narrow bandwidth. The entire KEMAR and CIPIC data sets,

with all elevations, are nevertheless used in order to avoid cone-

of-confusion problems [23] which would happen if the elevation

angle were forced to zero. The elevation angle is only used for

matching with the reference HRTF data, since it can not accurately

be estimated from the individual reflections.

A previously used way [24] of extracting ITD and ILD param-

eters from HRTFs for binaural localization of speech is to use a

filterbank (gammatone, for example) and then feed it with HRTF-

processed sinusoids having frequencies equal to the center fre-

quencies of the filter bank. The means of the interaural cues cal-

culated from the corresponding filter outputs are then used to con-

struct a map which links the ILD and the ITD cues at each fre-

quency band to the azimuth angle. In this work, a white noise

burst of 100 ms length is convolved with the HRIRs. The CWTs

for the left and right channels are then calculated using the con-

volved burst as input. The reference ITD and ILD values are then

calculated from the CWTs.

The ILD reference values for each frequency band f are cal-

culated from the CWTs of the white noise bursts convolved with

the KEMAR/CIPIC HRIRs in the time domain using the formula1

ILD(f) = 20 × log10

„
P

n |ℜ {WR(n, f)} |
P

n |ℜ {WL(n, f)} |

«

(11)

where WL(n, f) and WR(n, f) represent the complex-valued

CWTs of the white noise bursts convolved with the left and right

ear HRIRs, respectively. The corresponding ITD reference val-

ues were calculated using the delayestm.m function [25], with

ℜ{WL(n, f)} and ℜ{WR(n, f)} as the input signals. The afore-

mentioned function basically calculates the cross-correlation and

then refines the peak location estimate (which is the ITD) using

upsampling. The function was modified so that the peak is only

searched between lags of -1 ms and +1 ms, which is a realistic

range for the ITD. The KEMAR database contains only one data

set of the KEMAR dummy-head, while the CIPIC database has 45

subjects, including the KEMAR head. Therefore, for the CIPIC

database, mean of the interaural parameters computed from all

subjects was used as the reference data.

When the reference interaural parameters have been calcu-

lated, it is possible to localize the individual reflections by match-

ing the ILD and ITD of each segmented reflection. The interau-

ral parameters are calculated from the CWTs of the left and right

channel inside the bounding box of the reflection in question, in

the same manner as for the KEMAR/CIPIC HRIRs. Since the ILD

is only useful at higher frequencies and the ITD at lower frequen-

cies, an ITD/ILD crossover frequency of fc = 1.5 kHz was found

good for matching. The matching is done simply by comparing

the ILD and ITD values at each frequency band of the reflection as

defined by the bounding box, using

(θ, φ) = (12)

arg max
(θ,φ)

(

−Pfmax

fmin
(ITDref(f, θ, φ) − ITD(f))2 , f ≤ fc

−Pfmax

fmin
(ILDref(f, θ, φ) − ILD(f))2 , f > fc

where ITDref(f, θ, φ) and ILDref(f, θ, φ) are the reference ITD

and ILD values at frequency f for azimuth angle θ and elevation

angle φ calculated from the KEMAR/CIPIC data. The elevation

angle in the KEMAR data set ranges from −40◦ to +90◦ in 10◦

steps. The number of azimuth angles per elevation varies with

the elevation angle, having a resolution of 5◦ for elevations from

−20◦ to +20◦ and less at lower and higher elevations. In total

the data set consists of 710 locations. In the CIPIC data set, the

elevation angle has a resolution of 5.625◦, ranging from −40◦ to

+230.625◦. The azimuth angles sampled in CIPIC are −80◦ ,

−60◦, −55◦, −45◦ to +45◦ in 5◦ increments, +55◦, +60◦, and

+80◦. The total number of locations in the data set is 1250.

In the baseline method, the lag corresponding to the maximum

value of the cross-correlation between the signals within a 1.3 ms

window, centered at each reflection detected using the method by

Kuster [5] (as described in Sec. 2.2), is mapped to the azimuth

1Conversion between scale and frequency is done with Eq. (4). Fre-
quencies are used exclusively from now on.
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angle using (adapted from [26])

θ = sin−1

„

τmax · c
dhead

«

(13)

where τmax is the lag of the cross-correlation maximum (in sec-

onds), c is the speed of sound, and dhead = 0.2 m is the diameter

of the head.

3.2. Evaluation of azimuth angle estimation from segmented

reflections

The azimuth angle estimation method was tested with four differ-

ent responses — measured and simulated responses of two dif-

ferent listener/source configurations in a lecture hall with dimen-

sions 12 m × 7.3 m × 2.6 m. The sound source was at height of

1.2 m and the height of the listener was 1.7 m. The lecture hall

is illustrated in Fig. 4. The recordings were real-head record-

ings made using small electret microphones, and the simulated

responses were produced by the image-source method [27] with

reflections included up to the 4th order, as well as with first order

edge diffraction and late reverberation modeling [28]. The time

delays and arrival angles of reflections in the simulated responses

were known a priori, which permits comparisons to the reflections

segmented and analyzed by the proposed algorithm.

Figures 5–8 illustrate the reflections segmented by the pro-

posed algorithm. The analysis is only performed up to 30 ms from

the direct sound, which corresponds to 10.2 meters of sound prop-

agation in the air when the speed of sound is 340 m/s. The reflec-

tions arriving later than 30 ms are much weaker and it is hard to

tell whether they are just caused by statistical fluctuations or ac-

tual surface reflections in the room. The top panels of Figs. 5–8

plot the segmented reflections with asterisks (∗), and the simulated

reflections with crosses (×). For each of the four responses, the

threshold value (see Sec. 2.2) is set to a value that results in the

algorithm detecting as many reflections as were present in the sim-

ulated responses between 0–30 ms from the direct sound. This is

necessary in order to have fair comparisons between the different

methods. The azimuth angles are shown as a function of time, in

order to show both the time and azimuth angle estimation perfor-

mance of the proposed algorithm. The segmented reflections clos-

est in time to each of the simulated reflections are joined by solid

lines. The middle panels of Figs. 5–8 show the absolute time er-

rors between each simulated reflection and the closest segmented

reflections. The bottom panels show the corresponding azimuth

angle errors.

Figures 5 and 6 show how reflections segmented from simu-

lated room impulse responses are localized by the algorithm. From

the top panels one can see that the algorithm finds reflections close

to the simulated reflections. This is to be expected as there is a

correspondence between the model used in the simulation and the

impulse response that was analyzed, because the impulse response

was generated from the model. From the time and azimuth error

plots one can conclude that the time localization error is mostly

< 1 ms, and the angle localization error < 40◦. However, there is

a larger azimuth error for most reflections arriving after 20 ms and

between 10–15 ms for the first and second receiver positions, re-

spectively. For the first receiver position (Fig. 5) the large time er-

rors for these reflections indicate that the reflections were actually

missed by the algorithm, probably because they are too weak in

amplitude. In the case of the second receiver position (Fig. 6) be-

tween 10–15 ms, there are modeled reflections close to each other

receiver
position r1

position r2
receiver

source
sound

Figure 4: The measurement room. Left: a photo of the room.

Right: a room model used for simulations with the source and

receiver positions.

in time, and they come from several directions. Because the reflec-

tions in the simulated responses are wide-band, there is significant

overlap in frequency as well and the correct angles can not be re-

covered. Instead, the reflections are localized in between the true

angles.

Figures 7 and 8 are similar plots but now the impulse responses

that were analyzed are measured responses. A few of the seg-

mented reflections are relatively close to the simulated ones, but it

is hard to tell whether or not this is a coincidence. Examples of

this are the second and third reflections (after the direct sound) in

Fig. 7, between 0–5 ms. In Fig. 9, an example of the performance

of the baseline algorithm is shown for the measured response in

the first receiver position. It is seen that the baseline algorithm can

locate most of the reflections quite accurately in time, but there

are difficulties in estimating the angle accurately, especially when

there are many reflections close to each other in time.

Tables 1 and 2 summarize the time and azimuth errors for the

proposed method when using the KEMAR and CIPIC databases

with the proposed method, respectively. Table 3 presents the same

information for the baseline method. The tables present the val-

ues of the threshold (or ǫ for the baseline algorithm, see Sec. 2.2),

number of valid reflections (within ±1 ms from the nearest mod-

eled reflections), the number of simulated reflections (which equals

the number of detected reflections in this evaluation), and the means

and standard deviations of the time and azimuth errors. The errors

are calculated by finding the nearest valid detected reflection for

each simulated reflection, calculating the time and angle error, and

then taking the mean and standard deviation of the errors. Tables

1 and 2 reveal that in terms of the azimuth angle, the proposed al-

gorithm finds reflections closer in time to the simulated reflections

from the simulated responses compared to the measured ones. The

azimuth angle estimates seem to be of the same order (around 30◦)

for receiver position 1 for measured and simulated responses. In

receiver position 2, there are differences of 12.1◦ and 18.8◦ be-

tween simulated and measured responses with the KEMAR and

CIPIC databases, respectively. Overall, the errors in azimuth an-

gle estimation are larger in position 2 compared to position 1. This

may be due to there being more reflections coming from the sides

in position 2, and the accuracy of the angle estimation decreas-

ing when the reflections come from the sides. With the baseline

method, the time errors are smaller for the simulated responses

compared to the proposed method. The angle errors are of the

same order, and position 2 has larger error than position 1.
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Figure 5: Segmented reflections and the localization errors (po-

sition 1, simulated response, CIPIC data). Top panel: Localized

reflections. The crosses ’×’ denote the reflection locations in the

room model at the current position, and asterisks ’∗’ mark the re-

flections as localized by the algorithm. The room model reflections

that come from behind the listener are mirrored to the front. Mid-

dle panel: the absolute value of the time difference between each

simulated reflection and the closest segmented reflection. Bottom

panel: the absolute value of the azimuth angle difference between

each simulated reflection and the closest segmented reflection.
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Figure 6: Same as Fig. 5 but for position 2, simulated response.
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Figure 7: Same as Fig. 5 but for position 1, measured response.
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Figure 8: Same as Fig. 5 but for position 2, measured response.
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Figure 9: Same as Fig. 5 but for position 1, measured response,

and using the baseline method.

4. APPLICATION: SLOW-MOTION AURALIZATION

The presented analysis method can be applied in slow-motion au-

ralization of measured binaural room impulse responses. This au-

ralization method makes it possible to hear the room reflections in

detail by increasing the time delays between the reflections. The

timing, frequency content, and direction of individual reflections

can be heard in this slow-motion response [4].

4.1. Constructing the slow motion impulse response

After each reflection has been reconstructed, the slow motion im-

pulse response is constructed. For this reconstruction, the exact

time indices of the reflections have to be known and the time dif-

ferences between each reflection and the direct sound have to be

increased by multiplying the delays with a constant factor K.

Each reflection is localized in time by summing the scale axis

out of the absolute value of the XWT of each segmented reflection

inside its bounding box, and adding the maximum location to the

left edge of the bounding box. The time index of the direct sound,

which is assumed to be the global maximum of the XWT (which

might not hold in all cases), is then subtracted from the time lo-

cation calculated before. The result is the time difference of the

reflection relative to the direct sound.

After segmenting, time-localizing, and reconstructing each of

the reflections, the slow motion response can be constructed. Dif-

ferent factors K can be chosen to hear different aspects of the im-

pulse response. Typical values could be K ∈ {10, 50, 100, 150}.

The reconstructed time-domain reflections are placed in the slow-

motion response so that the time differences of the reflections rel-

ative to the direct sound are multiplied by K and the samples

of time-domain reflections at the maxima of the corresponding

XWTs as described before are placed to that exact time index. Fig.

10 shows examples of responses of measured and simulated BRIR

at listening position 1 in the lecture room, slowed down using the

proposed method with K = 100. One can see that there is some

correspondence between the responses at the first reflections.
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Figure 10: An example of slowing down a simulated and a mea-

sured response (K = 100, position 1).

5. DISCUSSION AND CONCLUSIONS

A method for segmenting and analyzing reflections from a binaural

room impulse response was presented, and evaluated. It is shown

that the method can segment reflections from simulated reflections

quite accurately, but the estimates of the azimuth angles of the re-

flections are not very accurate compared to the ground truth from

the room model. With measured responses, there is an even larger

discrepancy. However, the room model does not match reality ex-

actly, which probably explains many of the differences. In mea-

sured responses there is also measurement noise and diffraction,

which makes reliable estimation of the azimuths angles of the re-

flections difficult. Furthermore, the room used for the evaluation

is small, which results in the reflections being closer to each other

in time compared to concert halls, for example. Future work in-

cludes improvements of the azimuth angle estimation method, and

investigation into the possibilities of estimating the elevation an-

gle. Different segmentation methods could also be tried.

The present study raises questions on where are the limits of

analyzing reflections from a binaural room impulse response, es-

pecially from measured data. It is clear that it is possible to seg-

ment the reflections only up to the mixing time [29], where the

sound field becomes more or less diffuse. Even before the mix-

ing time, the reflection density keeps increasing and there is more

and more overlap between the reflections, both in time and in fre-

quency. The overlap causes problems in both segmentation and

direction-of-arrival estimation.
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Table 1: Accuracy of the segmentation (KEMAR)

Position Thr. # valid/det Mean time err. Std. time err. Mean azi. err. Std. azi. err.
[ms] [ms] [◦] [◦]

1 (mod.) -13.74 35/36 0.23 0.23 33.2 35.1
2 (mod.) -13.30 29/30 0.23 0.15 42.1 32.9
1 (meas.) -12.95 34/36 0.34 0.28 30.7 23.1
2 (meas.) -9.65 27/30 0.37 0.32 54.2 47.8

Table 2: Accuracy of the segmentation (avg. of the 45 subjects of CIPIC)

Position Thr. # valid/det Mean time err. Std. time err. Mean azi. err. Std. azi. err.
[ms] [ms] [◦] [◦]

1 (mod.) -13.74 35/36 0.23 0.23 29.9 29.2
2 (mod.) -13.30 29/30 0.23 0.15 35.6 30.4
1 (meas.) -12.95 34/36 0.34 0.28 28.7 21.7
2 (meas.) -9.65 27/30 0.37 0.32 54.4 43.9

Table 3: Accuracy of the segmentation (baseline)

Position ǫ # valid/det Mean time err. Std. time err. Mean azi. err. Std. azi. err.
[ms] [ms] [◦] [◦]

1 (mod.) 2.27 36/36 0.19 0.16 32.9 34.3
2 (mod.) 1.53 30/30 0.21 0.16 38.6 36.0
1 (meas.) 2.25 36/36 0.28 0.19 30.8 26.7
2 (meas.) 2.50 29/30 0.22 0.16 52.2 34.5
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