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Abstract
Virtual reality (VR) systems have emerged as platforms for personal interactive audio-visual media experiences.
In order to have a real-world reference against which to evaluate the room acoustics reproduced within VR,
methods are needed to compare the virtual experience with that of a real room. In this work, two pipelines were
developed for evaluating room reverberation over headphones within VR, acoustically and visually. The acous-
tical pipeline involves parameterisation of B-format room impulse responses via the reverberant spatial audio
object (RSAO) and subsequent binaural rendering. The visual pipeline uses stereo 360◦ images to reconstruct
the room geometry and materials that are then translated into binaural via two popular VR software develop-
ment kits. Audio-visual subjective tests were conducted to evaluate the perceived quality and spatial impression
of real rooms, using hidden anchors. The results show RSAO to be the better reverb estimator. However,
the vision-based pipeline proved to provide a better listening experience when compared to the use of sounds
carrying wrong acoustics. Future work will examine interactivity with realistic spatial room reverberation.
Keywords: Acoustics, Reverb, VR, Audio-Visual

1 INTRODUCTION
Virtual reality (VR) is one of the most popular technologies. It allows users to be transported into imaginary
worlds, thus it is widely utilized in industries such as gaming [29] and film production [10]. Moreover, real-
world scenes can be reproduced in VR, by employing 360◦ cameras and spatial audio recordings [15]. This
capability allows VR systems to be employed as an aid for health sciences, creating new non-invasive tests [22],
or supporting long-term patients [18]. VR has also potential in education [8].
In recent years, researchers have mainly focused on improving the visual side of VR reproductions [34, 30].
However, a VR experience would never be perceived as “real” if sounds are not in harmony with the visual
perception [11]. It is fundamental, for instance, that sounds carry reverb information matching what humans
would expect by looking at the environment [2]. This not only makes a virtual environment to seem realistic,
but it also allows a correct perception of the sound source distance [24]. Mathematical models that describe
reverberation have been extensively investigated, with a particular attention to reproducing the physical charac-
teristics of it [36]. Researchers developed methods to describe reverb through sets of parameters [35, 27, 25],
which allow to recreate (and edit) real-world reverb in virtual scenes. The parameterization process is typically
done from recorded acoustical room impulse responses (RIRs). In [35], RIRs were recorded by using an array
composed of four microphones, in a 3D layout. Parameters described the direction of arrival (DOA) of the
main sound component, by looking at several time windows. In [25], parameters were still employed to define
the DOA of the temporal-dependent soundfield components, to improve high-order Ambisonics. Nevertheless, it
also included the description of a diffuse part, following [26]. In [27], instead, we proposed a representation
based on specular early reflections and diffuse late reverberation, aiming at object-based audio [4].
Recently, it has been demonstrated that also from vision it is possible to approximate real rooms’ reverbera-
tion [17]. 3D room geometry reconstruction is a widely explored field in computer vision [31, 3, 39]. In [31],
3D reconstruction was performed from multiple images. In [39], instead, the more challenging scenario where
only one camera position is available was tackled, by exploiting geometrical cues, such as lines and texture.
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Kinect was then used in [3], to generate the depth-map of the room. The material recognition problem, on the
other hand, is more recent. Researchers tried different approaches, for instance, by employing features such as
colors and micro-textures [20]. In [14], we used two 360◦ cameras to generate synthetic RIRs having acoustical
characteristics similar to the captured environment, by first estimating the room geometry and materials.
In [28, 15], we performed an objective evaluation of the quality of the rendered reverb in VR. Nevertheless, it
is difficult to define an objective metric that could reliably describe the quality of a sound that is reproduced in
VR. When in the presence of visual stimuli, the perceptual differences between a real and a synthetic acoustic
environment are not as strictly defined as they are for unimodal scenarios [33]. In VR, a visual component ex-
ists, hence, here, we perform audio-visual subjective tests. We are interested in analyzing the sound quality and
spatial impression, since they are two key features characterizing spatial audio in a virtual acoustic scene [38].
In this paper, we describe two pipelines to render real-world reverb in VR. The first one is based on the analysis
of acoustic signals, i.e. RIRs. It estimates parameters defining reverberant spatial audio objects (RSAOs) [27].
The second pipeline, instead, is based on visual captures made with 360◦ cameras, as we first proposed
in [28, 15]: we perform a geometry and material estimation of the room, hence implicitly containing the re-
verb description. The information estimated via these two pipelines are rendered into VR using Google Res-
onance [12] and Steam VR [37]. For the audio-based pipeline, once obtained the RSAO parameters, we first
record the rendered sounds via using the versatile interactive scene renderer framework (VISR) [7], then, we
reproduce them through an array of 52 virtual loudspeakers, using Resonance. For the visual-based pipeline,
instead, we try both Resonance and Steam VR as renderers for VR. In fact, we test two variants of the same
pipeline. As main contribution we present subjective tests, looking at the sound quality and spatial impression
of sounds reproduced, in VR, via the audio-based pipeline and the two vision-based pipeline variants.
The rest of the paper is structured as: Section 2 describes the proposed pipeline for reproducing real world
acoustics given acoustic recordings; Section 3 introduces the other pipeline, based on visual captures; 4 describes
the subjective experiments and discusses the results; finally, Section 5 draws the overall conclusions.

2 ESTIMATING REVERB FROM ACOUSTIC RECORDINGS
This section describes the first method, which parameterizes room reverberation, given recorded B-format RIRs.

2.1 Reverberant Spatial Audio Objects (RSAOs)
The RSAO, which we previously presented in [27, 5], models enclosed environment reverberation by defining
a set of parameters describing the three RIR components [36]: the direct sound, revealing the position of the
sound source; the early reflections, conveying a sense of the environmental geometry; and the late diffuse
reverberation, indicating the size of the environment. In this paper, we employ RIRs recorded in B-format.
The early reflections are encoded into parameters describing their times of arrival (TOAs), levels, DOAs, and
frequency responses [27]. The late reverberation parameters, instead, describe its temporal envelope for a set of
frequency bands. For each subband, the rate of decay is encoded together with the level in the neighbourhood
of the mixing time [27, 4]. Direct sound’s parameters follow the same flow as for the early reflections’ [27].

2.1.1 Early Reflection Parameters
To estimate TOAs from RIRs, we developed, in [27], a method based on the dynamic programming projected
phase-slope algorithm (DYPSA) [23]. DYPSA detects the early reflections in the W-channel of a B-format RIR
by observing its group delay function G(ω), with ω representing the angular frequency. Sudden variations (i.e.
peaks) correspond to zero crossings in G(ω). The DYPSA output is thus a sequence of non-zero values placed
at the time samples nk, with k being the reflection index. TOAs are calculated as tk = nk/ fs, where fs is the
sampling frequency. The second parameter describing the early reflections is the level [27]. The W-channel of
a B-format RIR is segmented in the neighbourhood of the detected peaks, by using a Hamming window of
length D. The energy is calculated as Ek =

1
D ∑

nk+(D/2)
n=nk−(D/2) |r(n)|

2, where r(n) is the RIR. Ek is then converted
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Figure 1. Overview of the audio rendering from visual captures.

into level as Ak =
√

Ek. DOAs are then estimated by steering a virtual cardioid microphone, considering each
W-channel RIR segment containing the reflections [5]. The output of the steered cardioid can be written as
S(v,n) = 1

2 [r
W (n)+ vxrX (n)+ vyrY (n)+ vzrZ(n)], where v is a spatial vector containing vx = cos(θ)cos(φ), vy =

sin(θ)cos(φ), vz = sin(φ), for 0≤ θ < 2π and π/2≤ φ ≤ π/2, with θ and φ being azimuth and elevation angles,
respectively. rW (n), rX (n), rY (n), and rZ(n) are the four channels of a B-format RIR. The DOA is estimated as
the steered peak containing the most energy: argmaxv ∑n S(v,n)2. The frequency content of the early reflections
is also parameterized by applying the linear predictive coding (LPC) [21] to the W-channel RIR segments. The
output is a 9-th order infinite impulse response filter approximating the reflection frequency response [27].

2.1.2 Late Reverberation Parameters
The exponential decay at different octave bands is the key parameter chosen in RSAO to describe the late
reverberation [27]. To estimate the starting point of this decay, we first need to determine the mixing time [4].
To do so, we calculate the normalized echo density, as was first proposed in [19]. We defined the mixing
time as when the echo density became greater than 1. The late reverberation (i.e. the portion of RIR after
the mixing time) recorded at the W-channel of the B-format RIR is then passed through an octave filter bank,
with the final aim of determining the frequency-dependent decay [27]. The Schroeder energy decay curve is
estimated for each band and an exponential curve fitted to it, based on the decay over the first 20 dB (after the
mixing time). The exponential coefficients are the RSAO late reverb parameters. For each subband, the length
of an onset ramp rising linearly from zero at the first early reflection to the noise gain in the neighbourhood of
the mixing time is also encoded. This allows an increase of diffuse energy even before the mixing time [5].

3 ESTIMATING REVERB FROM VISUAL CAPTURES
This section describes the system implemented for audio rendering from visual captures with 360◦ cameras,
based on [15]. Figure 1 shows the pipeline for spatial audio reproduction in VR of a real environment.
A scene is captured by vertically aligned 360◦ cameras. Two captured fish-eye images are mapped and stitched
into an equirectangular image. They are aligned to the room coordinate axes to identify the principal room
directions. Then the process is split into two stages: semantic object classification and 3D scene reconstruction.
Depth of the scene is estimated by using correspondence matching with spherical stereo geometry [15]. For
correspondence matching, any feature matching algorithm can be used for the image pair. We use the feature-
based dense block matching method [16] which detects occlusion regions and ambiguous regions. For semantic
scene segmentation and object classification, the equirectangular image is projected onto a unit cube centred on
the camera to produce general perspective images and each projected image goes through the semantic object
labelling pipeline. SegNet [1] is used in the proposed pipeline. SegNet provides a model trained on the SUN
RGB-D indoor scenes dataset [32] to semantically segment structure and objects in indoor scene images. The
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Table 1. Size, acoustic properties, and recording setup information of the four rooms.

Room Dimensions (m3) Mic/Camera Position (m) Loudspeaker Position (m) RT60 (ms)
MR 5.61×4.28×2.33 [0.33,2.12,1.00] [3.00,2.12,1.00] 270
ST 14.55×17.08×6.50 [5.00,6.94,1.50] [5.00,4.94,1.50] 913
CY 10.10×19.00×− [3.35,12.63,1.70] [5.42,14.99,1.69] 688
KT 6.64×3.46×2.67 [1.59,4.10,1.71] [1.98,1.95,1.68] 350

output labels from SegNet are back-projected to the original equirectangular format.
Based on the object labels and depth information, object-labelled cuboids are reconstructed to represent the
scene structure. All 2D points on the captured image are projected to the 3D space using the depth information
estimated in the previous section. This 3D point cloud is segmented into clusters based on the object labels.
From this object point clouds, block structures are reconstructed based on their point occupancy to build an
approximated geometry of the scene. This output is directly imported to Unity to build a VR environment. The
Google Resonance [12] or Steam [37] Audio package is used to simulate spatial audio in the Unity engine.
Resonance Audio provides 22 types of materials with their acoustic attributes, and Steam provides 11 preset
materials and 1 custom material. We map the object labels to the acoustically closest material types in the pro-
vided audio package. Both Resonance and Steam calculate the early reflections via using head-related transfer
functions (HRTFs) belonging to the closest DOA estimated via ray tracing. However, Resonance renders the
reverberation through a set of virtual loudspeakers, whereas Steam calculates a single binaural RIR to convolve
with the sound: Steam’s goal is to generate an accurate acoustic simulation; Resonance aims to bring the spatial
audio experience to mobile devices, thus reducing the computational complexity.

4 SUBJECTIVE EXPERIMENTS
The aim is to evaluate the perceived quality and spatial impression (compared to the visual reproduction) of the
reverb estimated via the two presented pipelines. Static headphones were used for the sound reproduction, and
a screen for observing the related room images.

4.1 Listening Test Setup
Four rooms were tested: a meeting room (MR), a large recording studio (ST), a courtyard (CT), and a kitchen
(KT). The 360◦ images were captured using a couple of Ricoh Theta cameras. RIRs were recorded by using
the swept-sine method with a sampling frequency of 48 kHz [6], employing a Genelec 8020B as sound source.
Regarding the microphone, we used a Soundfield MK5 B-format microphone in ST and MR; whereas in CY
and KT the B-format Ricoh TA-1 3D Audio Microphone. The rooms’ dimensions, recording setups, and re-
verberation times (RT60s) are reported in Table 1. Two sounds were employed: an anechoic speech from the
TIMIT dataset [9]; and a clarinet recorded in anechoic environment, downloaded from the OpenAirLib library.
Two tests were carried out, looking at subjective attributes that are known to determine a reproduced sound
quality [13]: the “spatial impression” and the “overall quality”. Listeners were presented with MUSHRA in-
terfaces having multiple sliders to rank each stimulus against the attribute under test (see Figure 3), within a
discrete scale of integer numbers between 0 and 5. We built three methods to produce the stimuli. The first
one, here referred as “Resonance”, estimated the room acoustics by employing the visual-based pipeline in Sec-
tion 3, and reproduced using Google Resonance as renderer in VR [12]. Also the second one, named here as
“Steam”, followed the visual-based pipeline in Section 3, nonetheless, it employed the Steam Audio package,
to reproduce sounds in VR [37]. The third method is based on the RSAO [27]. To reproduce in VR the sounds
generated from the RSAO parameters estimated following Section 2, we first rendered them via VISR, the S3A
project’s object-based renderer [7], defining 52 virtual loudspeakers on a sphere around the listening position.
These speakers were equispaced on 3 rings: 24 at elevations 0◦, 12 at 30◦, and 12 at −30◦. The same virtual
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Figure 2. Overview of the four methods used to generate the stimuli.

Figure 3. Screenshots of the MUSHRA interfaces for the two tests. The spatial impression test (left) presents
5 stimuli, named between A and E (randomly assigned to the RSAO, Resonance, Steam, B-format, and Wrong
room sounds), and two anchors named as N and M. The overall quality test (right) presents 4 stimuli, named
between A and D (randomly assigned to the RSAO, Resonance, Steam, and B-format sounds).

loudspeakers were then defined using Google Resonance for the playback. All the sounds were recorded, in
VR, at the listening position, as .wav files. They were then embedded into the MUSHRA interfaces, developed
in Max MSP. An overview of the methods used for producing sounds in VR is in Figure 2.
To have hidden anchors defining high quality reproduction, we also generated binaural sounds from B-format
recordings (named during the analysis as “B-format”). This conversion was done using the NoiseMakers Ambi-
Head plugin, in Reaper. As low anchor, we simply used a sound carrying a wrong reverberation (i.e. related to
another room). Twenty listeners were tested. However, four of them were discarded from the analysis, having
been identified as unreliable: by observing just the anchors’ scores, listeners who did not correctly identify them
more than two times were discarded. This was considered as an indicator of misunderstanding about the task.

4.2 Spatial Impression
This test was performed by reproducing sounds through headphones, while providing the panoramic photos of
the related room under investigation. The MUSHRA interface used is depicted in Figure 3 left. Eight pages
were tested, one for each combination of tested room and sound. Listeners were asked to: “Please, rate the
stimuli between 0 and 5, looking at how much the spatial impression matches what you would expect from
the room in the image”. For this test, two hidden anchors were used: one, to be rated as 4, was the binaural
sound obtained from B-format, as discussed in Section 4.1; whereas, to be rated as 1, it was a sound related
to a room having completely wrong reverb. Although being hidden among the three pipelines to test, these two
anchors were also explicitly provided to the listeners as reference for stimuli to rate as 1 and 4, respectively.
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Figure 4. Subjective scores for spatial impression (top three) and overall quality (bottom three). On each box,
the horizontal red line represents the median of the distribution, the bottom and top edges of the boxes are the
25th and 75th percentiles, respectively. The whiskers show the most extreme non-outlier data points, whereas
the outliers are depicted as red crosses. The black circles are the means of the distributions.

Table 2. P-values of paired t-tests between the different methods’ ratings across both music and speech. h = 1
means that the test rejects the null hypothesis of the two results belonging to normal distributions with equal
means (95 % of confidence). When h = 0, it cannot reject the null hypothesis with a 95 % of confidence.

Wrong vs Resonance Resonance vs Steam Steam vs RSAO RSAO vs B-format
Spatial Impression 8 ·10−12 (h = 1) 0.007 (h = 1) 0.340 (h = 0) 7 ·10−13 (h = 1)

Overall quality – 0.014 (h = 1) 0.457 (h = 0) 2 ·10−14 (h = 1)

The results are reported in Figure 4, top row. As expected, the overall rating shows both means and medians
of the three methods to be lower than the anchor given by the binaural sound. Furthermore, all their spatial
impressions are rated higher than the wrong room reverb. Comparing the three methods, RSAO presents the best
mean and median, in fact it estimates the reverb directly from acoustic recordings, rather than from an image
as the other two. Between Resonance and Steam, subjects seem to prefer Steam, in terms of spatial impression,
when comparing the reproduced sound to the related room image. The other two figures split between the two
pieces of content: music and speech. The trend observed in the overall score is mainly given by the music
results. Instead, for speech, every method seems to provide similar spatial impression. This is related to the
speech frequency spectrum being broader than the clarinet’s. This masks better issues already found in the past,
when Google Resonance was employed to reproduce single sinusoids [28]. In Table 2, we report the results of
paired t-tests. With a 95 % confidence, the distribution of Resonance’s rates has different mean from Steam’s.
RSAO rates, instead, cannot be claimed to be statistically different from Steam’s, given the 16 samples.

3366



4.3 Overall Quality
Here, the photos of the room under investigation were shown to the listeners just to provide an idea of the
acoustics they should expect. Nevertheless, they only needed to compare the stimuli overall sound quality,
scoring them between 0 and 5. The interface used in depicted in Figure 3 right. Eight pages were tested, one
for each combination of tested room and sound. Only the B-format signal was used as hidden anchor (a wrong
room reverb does not necessarily mean a lower sound quality), but not provided as explicit reference.
The results are reported in Figure 4, bottom row. As expected, the overall rating shows both means and medians
of the three methods (i.e. RSAO, Resonance, and Steam) to be lower than the anchor. The interesting part of
these results is that, comparing the three methods, RSAO and Steam presents better means and medians than
Resonance. Nonetheless, since the percentiles clearly overlap, we reported in Table 2 the results of paired t-
tests. From them, it is possible to claim that, with a 95 % confidence, the distribution of Resonance is different
from Steam’s. Whereas, as for the spatial impression, RSAO rates cannot be claimed to be statistically different
Steam’s. However, in general, it has to be taken into account that, to render RSAO, virtual loudspeakers were
utilised with Google Resonance. Therefore, RSAO’s results may be, perhaps, biased towards a lower rate. This
is going to be better tested in the future, by running additional subjective tests, where RSAO will be reproduced
in VR also using Steam. Looking at the other two figures, with music, RSAO performs better than both
Steam and Resonance. On the other hand, for speech, Resonance seems to be the best. As mentioned above,
the frequency spectra of the two sounds makes the difference: when Resonance plays the clarinet, a white
background noise is audible. With speech, instead, the broader range of frequencies masks this problem [28].
This difference in quality may be also generated by the differences between Resonance and Steam during the
rendering stage. As already discussed in Section 3, Resonance renders the reverberation through a set of virtual
loudspeakers, whereas Steam calculates a binaural RIR. This makes Steam preferable when a high sound quality
is required; nonetheless, Resonance is preferable for fast rendering applications.

5 CONCLUSION
We evaluated two pipelines for the generation of spatial reverb in VR: one based on the RSAO parameterization;
the other on the calculation of room geometry and materials, from images. For the visual-based, we employed
either Google Resonance or Steam Audio to renderer the acoustics, thus we tested a total of three methods.
Two subjective tests were undertaken. The first one looked at the spatial impression, whereas the second one
aimed to evaluate the overall quality of the sound reproduction. In general, the results proved RSAO to create
a better representation of the reverb, since it estimates it by looking directly at acoustic signals. However, in
scenarios where RIRs are not available, the visual pipeline is a good alternative, performing better than just
assigning a wrong reverb. The method employing Steam showed to create a more accurate reverb with respect
to Google Resonance, in general. However, this is due to the different goals of the two tools: Steam’s aim is
to produce high fidelity reverb; nonetheless, Resonance was mainly developed for fast rendering applications.
Future work will look at methods to reproduce RSAO in VR. Moreover, more participants will be included into
the analysis. Additional tests will be also run, evaluating dynamic rendering and reproduction of reverb.
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