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Abstract: Successive room impulse response (RIR) measurements exhibit subtle variations, mainly caused by atmospheric 
fluctuations due to spatiotemporal air-temperature differences. This work extends the image source method by incorporating 
temperature-induced variability through global deterministic drift and stochastic local volatility. Measurements in a shoebox 
room show that the proposed model reproduces key behaviors observed in practice, including the structure of differential 
RIRs, temporal variance of early reflections and coherence of late reverb, which fluctuation-free simulations fail to capture. 
The method increases realism without increasing the algorithmic complexity, enabling simulations that better reflect the var
iability encountered by algorithms in real measurement scenarios. VC 2026 Author(s). All article content, except where otherwise noted, 
is licensed under a Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). 
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1. Introduction

Most acoustic simulators based on the image-source method (ISM) generate identical room impulse responses (RIRs) 
across repeated runs for identical source–receiver configurations and room geometries (Allen and Berkley, 1979). When 
variability is desired, additive white Gaussian noise (AWGN) is typically added to the synthesized RIR to emulate mea
surement noise. However, real-world measurements exhibit subtle variations between successive RIR estimates that 
increase with frequency and cannot be attributed solely to measurement noise, as demonstrated in several studies 
(Prawda, 2025; Prawda et al., 2023, 2024). One major contributor to these differences is atmospheric variability within 
rooms, in particular, local air temperature fluctuations (Melikov et al., 1997). These fluctuations introduce additional 
uncertainty in the RIRs and may therefore degrade beamforming, room geometry estimation, and especially acoustic- 
based human localization algorithms, which localize silent humans via minute RIR variations induced by the human 
body (Bhattacharjee et al., 2025; Kim et al., 2020; Lawrence et al., 2025; Wang et al., 2024; Yang et al., 2022).

To systematically study the degradation induced by temperature fluctuations, a simple and flexible simulation 
model is desirable. In Prawda et al. (2024), these effects were quantified in terms of drift, describing global temperature 
changes, and volatility, describing local, spatially varying fluctuations. Atmospheric variability was investigated in simula
tion using stochastic reverberation models that are valid only for late reverberation (Badeau, 2018, 2019), and therefore 
do not capture the impact of these effects on early reflections and the direct sound. This limitation is particularly critical 
for applications in which the early reflections play a crucial role, e.g., the aforementioned acoustic-based human 
localization.

In this letter, we propose an extension of the ISM (Allen and Berkley, 1979) that incorporates both drift and 
volatility. The proposed model is implemented in the open-source diffraction-enhanced image source method (DEISM) 
simulator (Xu et al., 2024). We validate the approach using real-world measurements, with a particular emphasis on early 
reflections. Beyond listener tracking, the proposed framework enables more realistic data augmentation for learning-based 
methods and improves simulation fidelity for spatial audio and beamforming applications, all without increasing the com
putational complexity.
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2. Background

2.1 Instantaneous coherence

In Secs. 2.2 and 4.3, we examine the similarity between successive RIR estimates ĥ1ðtÞ and ĥ2ðtÞ, obtained with unchanged 
loudspeaker and microphone positions and with no modifications performed to the room, where t denotes time. The 
(real-valued) RIR estimates are modeled as 

ĥ1ðtÞ ¼ h1ðtÞ þ n1ðtÞ and ĥ2ðtÞ ¼ h2ðtÞ þ n2ðtÞ; (1) 

where h1=2ðtÞ is the RIR and n1=2ðtÞ is stationary additive noise. We assume h1=2ðtÞ and n1=2ðtÞ to be zero-mean and to have 
power spectral densities (PSDs) Sh1h1=h2h2ðt; f Þ and Sn1n1=n2n2ðt; f Þ ¼ Snnðf Þ, where f indicates frequency. Furthermore, we 
assume that all terms are mutually uncorrelated except for h1ðtÞ and h2ðtÞ, and that both RIRs exhibit identical PSDs, i.e., 
Sh1h1ðt; f Þ ¼ Sh2h2ðt; f Þ. The latter holds under the assumption of a constant average room temperature and the fact that local 
temperature fluctuations constitute a random process that affects h1ðtÞ and h2ðtÞ equally, resulting in identical expected auto
correlations and PSDs. Following McCarthy (1997), the instantaneous coherence between ĥ1ðtÞ and ĥ2ðtÞ can be expressed as 

c2
ĥ1ĥ2
ðt; f Þ ¼

jSĥ1ĥ2
ðt; f Þj2

Sĥ1 ĥ1
ðt; f ÞSĥ2 ĥ2

ðt; f Þ
; (2) 

where Sĥ1 ĥ2
ðt; f Þ is the cross-spectral density between the RIR estimates. Based on the modeled RIR estimates in Eq. (1) 

and the previously introduced assumptions regarding term-wise correlations, Eq. (2) can be reformulated as (Benesty 
et al., 2008; Prawda et al., 2024), 

c2
ĥ1ĥ2
ðt; f Þ ¼

SNRðt; f Þ
1þ SNRðt; f Þ

� �2

�
jSh1h2ðt; f Þj
Sh1h1ðt; f Þ

� �2

¼ c2
SNRðt; f Þ � c

2
h1h2
ðt; f Þ; (3) 

where SNRðt; f Þ ¼ Sh1h1ðt; f Þ=Snnðt; f Þ. Here, c2
SNRðt; f Þ describes the coherence in terms of spectral signal-to-noise ratio 

(SNR) between h1ðt; f Þ and n1ðt; f Þ, and c2
h1h2
ðt; f Þ denotes the coherence in terms of similarity between h1ðt; f Þ and 

h2ðt; f Þ without any noise present.

2.2 Atmospheric fluctuations

To model the atmospheric fluctuations, we follow the derivation from Prawda et al. (2024) by discretizing the room vol
ume into equally sized small voxels, where the (temperature-dependent) speed of sound within the k-th voxel is ckðt1Þ

and ckðt2Þ at time instants t1 and t2. For a given acoustic path, the times of arrival (TOAs) sðt1Þ and sðt2Þ will slightly dif
fer, resulting in a TOA difference of 

Dsðt1; t2Þ ¼ sðt1Þ − sðt2Þ ¼
XK

k¼1
lk

1
ckðt1Þ

−
1

ckðt2Þ

� �

¼
XK

k¼1
lkDfkðt1; t2Þ; (4) 

where K is the number of voxels traversed and lk denotes the path length travelled in the k-th voxel. If we assume the 
change factors Dfkðt1; t2Þ to be a set of K independent and identically distributed random variables with finite mean and 
variance, Dsðt1; t2Þ becomes a Generalized Wiener Process for large K, i.e., 

Dsðt1; t2Þ � N gðt1; t2Þs; #ðt1; t2Þ
ffiffiffi
s
p� �2

� �

; (5) 

where Nðl;r2Þ is the normal distribution with mean l and variance r2, s ¼ E½sðt1Þ� denotes the TOA assuming a con
stant speed of sound (relative to the average room temperature at time t1), and gðt1; t2Þ and #ðt1; t2Þ are the drift and vol
atility (Durrett, 2019; Prawda et al., 2024). Drift captures the change in the mean room temperature between t1 and t2, 
and volatility models the intensity of local temperature fluctuations over the same time interval. As the volume of the 
voxels tends towards zero, K will be large regardless of the acoustic path length; therefore, all TOA differences can be 
modeled according to Eq. (5). Note that the assumptions regarding independent and identical distribution regarding 
Dfkðt1; t2Þ can be further weakened to different distributions (Petrov, 2000) and weak correlation (Sunklodas, 2000).

The drift between two real-world RIRs can be estimated by computing the windowed fractional delay between 
the signals over time as in Postma and Katz (2016). Since a change in average room temperature causes all propagation 
times to stretch by a fixed proportion, the fractional delay grows linearly over time. The (dimensionless) drift is equal to 
the slope of the delay (in seconds) per unit of time. The volatility, given in s=

ffiffi
s
p
¼

ffiffi
s
p

, between two real-world RIRs can 
be quantified by modeling the expected coherence following (Prawda et al., 2024). In particular, the expected cross- 
correlation [evaluated across the random Dsðt1; t2Þ for a specific s] between two signals d1ðtÞ ¼ dðt − sÞ and d2ðtÞ
¼ dðt − s þ Dsðt1; t2ÞÞ is given by a normal density, i.e., 

Rd1d2ðs;Dsðt1; t2ÞÞ ¼
1

#ðt1; t2Þ
ffiffiffiffiffiffiffiffi
s2p
p e−1=2 Dsðt1 ;t2Þ−gðt1 ;t2Þ=#ðt1;t2Þ

ffiffi
s
p

ð Þ
2

: (6) 
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The expected cross-spectral density is computed as1 

Sd1d2ðs; f Þ ¼ FDsðt1 ;t2ÞfRd1d2ðs;Dsðt1; t2ÞÞg ¼ e−igðt1;t2Þ2pf e−1=2 s#ðt1;t2Þ
24p2f 2½ �; (7) 

where F�f�g denotes the Fourier transform and i is the imaginary unit. If we assume each acoustic path of an RIR to be 
uncorrelated, the instantaneous coherence at time t between two RIRs affected by temperature fluctuations can be mod
eled with the instantaneous coherence between d1ðtÞ and d2ðtÞ for s ¼ t, i.e., 

c2
h1h2
ðt; f Þ �

jSd1d2ðt; f Þj
2

Sd1d1ðt; f ÞSd2d2ðt; f Þ
¼ jSd1d2ðt; f Þj

2
¼ e−t#ðt1 ;t2Þ

24p2f 2
: (8) 

Using Eq. (3), the volatility between two RIR estimates can be computed as 

#ðt1; t2Þ ¼ arg min
#ðt1 ;t2Þ

ðtlim

0

ðf2

f1

c2
ĥ1ĥ2
ðt; f Þ − c2

SNRðt; f Þ jSd1d2ðt; f Þj
2

� �
df dt

�
�
�
�
�

�
�
�
�
�
; (9) 

where tlim specifies the temporal integration limit, and f1=2 define the frequency interval over which the volatility is evalu
ated. Note that Eq. (3) is valid only for gðt1; t2Þ ¼ 0, as otherwise Sh1h1ðt; f Þ ¼ Sh2h2ðt; f Þ is no longer satisfied. 
Consequently, drift compensation (DComp), such as time-stretching through resampling (Postma and Katz, 2016), is 
required before volatility estimation.

2.3 Differential RIR

The differential RIR is the difference between two RIR estimates at different time instances and given by two studies 
(Lawrence et al., 2025; Svensson and Nielsen, 1999), 

Dĥ
ðDtÞ
1 ðtÞ ¼ ĥ1ðtÞ − ĥ2ðtÞ ¼ h1ðtÞ − h2ðtÞ þ n1ðtÞ − n2ðtÞ; (10) 

where Dt indicates the time elapsed between the RIR estimates ĥ1ðtÞ and ĥ2ðtÞ. Since n1ðtÞ and n2ðtÞ are uncorrelated, 
the noise power of n1ðtÞ − n2ðtÞ is 2r2

n, where r2
n is the noise power of the individual noise terms. Although one might 

expect jh1ðtÞ − h2ðtÞj � jn1ðtÞ − n2ðtÞj and therefore differential RIRs to consist of only noise in a static environment, 
measurements from real-world environments instead reveal clear structural correlations between the RIRs and their dif
ferential counterparts. In Sec. 4.3, we show that such correlations do not arise in simulated RIRs unless temperature fluc
tuations are modeled.

3. Extended image source method

The ISM simulates an RIR given the loudspeaker and microphone locations rl ¼ ½xl; yl; zl� and rm ¼ ½xm; ym; zm� under 
idealized conditions. The room is assumed to be cuboid-shaped with length, width, and height given by Lx, Ly, and Lz, 
and the coordinate origin is placed at the room corner, resulting in the room occupying the first octant. Each of the walls 
has reflection coefficients bx1

, bx2
, by1

, by2
, bz1

, and bz2
, where the subscripts a1 and a2 (a 2 fx; y; zg) of bð�Þ correspond 

to the walls at a ¼ 0 and a ¼ La. By defining triples p ¼ ðpx; py; pzÞ and q ¼ ðqx; qy; qzÞ, where each element of p and q 
takes on integer values [0, 1] and [−N, N], respectively, we obtain two sets P and Q of size 8 and ð2N þ 1Þ3. These indi
cate mirroring of the image source with respect to the room walls intersecting the origin and the number of wall-pair tra
versals along each axis, respectively. Note that the value of N bounds the maximum reflection order, but does not equal 
it. The RIR between the loudspeaker and the microphone can now be formulated, with both transducers modeled as 
omnidirectional, as (Habets, 2006; Xu et al., 2024) 

hðrm; rl; tÞ ¼
X

p2P

X

q2Q
bp;q

dðt − sp;qðrm; rlÞÞ

4pjjRp;qðrm; rlÞjj2
; (11) 

where dð�Þ is the Dirac delta function, jj � jj2 is the ‘2-norm, bp;q ¼ bjqx−pxj
x1

bjqx j
x2

bjqy−pyj
y1

bjqy j
y2

bjqz−pz j
z1

bjqz j
z2 

is the attenuation fac
tor associated with the current image source, Rp;qðrm; rlÞ is the vector from the current image source to the microphone, 
given by 

Rp;qðrm; rlÞ ¼ xm − xl þ 2pxxl − 2qxLx; ym − yl þ 2pyyl − 2qyLy; zm − zl þ 2pzzl − 2qzLz½ �
>: (12) 

sp;qðrm; rlÞ is the corresponding TOA, computed as 

sp;qðrm; rlÞ ¼
jjRp;qðrm; rlÞjj2

c
; (13) 

and c is the (predefined and constant) speed of sound.
We now extend the standard ISM to simulate an RIR with given drift and volatility values g and #. Specifically, 

for each image source ðp; qÞ, we replace the deterministic TOA sp;qðrm; rlÞ in Eq. (11) with a perturbed TOA 
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sp;qðrm; rlÞ þ eðsp;qðrm; rlÞ; g; #Þ, where e is an independent random perturbation drawn according to Eq. (5) with 
s ¼ sp;qðrm; rlÞ. This yields 

~hðrm; rl; tÞ ¼
X

p2P

X

q2Q
bp;q

dðt − sp;qðrm; rlÞ − eðsp;qðrm; rlÞ; g; #ÞÞ

4pjjRp;qðrm; rlÞjj2
; (14) 

where 

eðsp;qðrm; rlÞ; g; #Þ � N gsp;qðrm; rlÞ; #

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

sp;qðrm; rlÞ

q� �2
 !

: (15) 

Note that the perturbations are drawn independently across image sources, corresponding to the assumption that distinct 
acoustic paths traverse independent sets of voxels. This approximation becomes less accurate for paths that share (long) 
common segments. As an example, the proposed extension was incorporated into DEISM, which is publicly available at 
https://github.com/audiolabs/DEISM. The extension requires only Oð1Þ additional computation per path, leaving the 
overall algorithmic complexity unchanged.

If two RIRs are simulated with the same volatility #, the perturbations e1 and e2 are independent, so the vari
ance of their difference e1 − e2 is 2#2sp;qðrm; rlÞ. To obtain a desired inter-simulation volatility #ðt1; t2Þ, the per- 
simulation volatility must therefore be set to # ¼ #ðt1; t2Þ=

ffiffiffi
2
p

. Alternatively, one may assign # ¼ 0 to one simulation and 
# ¼ #ðt1; t2Þ to the other. This yields the same inter-simulation volatility but renders one RIR deterministic, which may 
introduce artifacts when multiple pairs share an identical, unperturbed reference, e.g., in data augmentation scenarios. 
Similarly, to simulate a given drift gðt1; t2Þ between two RIRs, we can assign g ¼ 0 to one simulation and g ¼ gðt1; t2Þ to 
the other. Equivalently, the speed of sound from Eq. (13) may be modified to c ¼ ~c=½1þ gðt1; t2Þ� for one simulation, 
where ~c is the speed of sound used for the other simulation.

In practical use, gðt1; t2Þ can be selected to be proportional to the expected global temperature variation, and 
thus to the change in the environment’s speed of sound, between times t1 and t2. Since empirical data on typical volatility 
values in real-world scenarios remain limited, #ðt1; t2Þ can be chosen either from a short calibration sequence in the real- 
world target environment or arbitrarily set to increase with the growing time difference between t1 and t2. The values we 
observed, together with those reported in Prawda et al. (2024), range from 2� 10−6 to 2� 10−5 ffiffi

s
p

, though further mea
surements across diverse environments may reveal different characteristic levels.

4. Evaluation

4.1 Experimental setup

We estimated real-world RIRs as a direct comparison with the extended ISM. The measurements were taken in a 
shoebox-shaped room with dimensions 9:54 m� 3:82 m� 2:56 m with an estimated reverberation time (T60) of approxi
mately 1.9 s. The T60 was estimated using backward integration (Schroeder, 1965) and subsequent estimation of the slope 
of the linear part of the RIR’s energy decay. A Neumann KH 80 DSP loudspeaker (Neumann, Berlin, Germany) and eight 
dbx RTA-M measurement microphones (dbx, Sandy, UT) were placed in the room according to the floor plan in Fig. 1, 
with the loudspeaker oriented toward the east side of the room. The positions of the loudspeaker, microphones, and 
room boundaries were measured using a laser rangefinder, and the measurement setup was deliberately configured in an 
asymmetric layout to increase temporal separation between early reflections. The microphone recording levels were level- 
matched within the audio interface (MOTU Stage B-16; MOTU, Cambridge, MA) to 60:25 dB at 250 Hz and 60:35 dB 
at 1 kHz using a GRAS 42AG sound calibrator (GRAS, Holte, Denmark). The recordings exhibited a SNR of approxi
mately 40 dB and the room temperature was constantly monitored during the experiment using a SensorTec UFT75-ST3 
temperature and humidity sensor (Meltec Systems, Netphen, Germany). During the experiment, the measured tempera
ture slowly drifted from 20:2�C to 20.1 �C and the relative humidity from 39:0 % to 39:2 %. The absolute humidity stayed 

Fig. 1. Experimental setup for both real-world and simulated RIRs.
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constant at 6:8 g=m3. The room’s heating system was switched off for the entire measurement session, and no disturban
ces such as ventilation, door movements, or open windows occurred. Before performing the first measurement, the room 
was allowed to settle undisturbed for 15 min.

The RIRs between the loudspeaker and each microphone were simultaneously estimated using 1 s exponential 
sine sweeps spanning 60 Hz–20 kHz, incorporating a 50–60 Hz fade-in and a 20–24 kHz fade-out. Each sweep was fol
lowed by 3 s of silence, and the RIRs were estimated via deconvolution of the recorded signals (Farina, 2000). 
Additionally, the RIR estimates were bandpass-filtered after deconvolution using a zero-phase, second-order-sections 
5th-order Butterworth filter. First, a high-pass filter with cutoff 60 Hz was applied, followed by a low-pass filter with cut
off 20 kHz. Both filtering stages used forward-backward processing (scipy.signal.sosfiltfilt in Python) to elimi
nate phase distortion and ensure a maximally flat passband. In total, 400 RIRs were captured at a sampling rate of 
48 kHz, 50 for each microphone, over the course of approximately 8.6 min. The measurement sequence consisted of 10 
back-to-back sweeps, followed by 80 s of silence, repeated five times. Both the extended pause and the 10-sweep grouping 
were introduced to provide a trade-off between maintaining continuous RIR estimation and reducing loudspeaker heating 
from biasing the results.

4.2 Simulation parameters

We generate simulated RIRs using the DEISM introduced in Xu et al. (2024), noting that any ISM-based simulator could 
be used instead. Among other features, DEISM includes the possibility to use complex impedances and angle-dependent 
reflection coefficients. The room was modeled as an ideal shoebox with the same dimensions as the real environment, 
and both the loudspeaker and microphones were treated as ideal omnidirectional sources and receivers. The wall acoustic 
impedances were set to the real-world values inferred from the measured reverberation time, following the procedure in 
Prinn and Badeau (2026). For each loudspeaker-microphone pair, we simulated 50 RIRs of length 1 s with a maximum 
reflection order of 75, using the real microphone coordinates. The sampling rate was 48 kHz, and the speed of sound was 
fixed at 343:5 m=s, matching the value estimated from the first measured RIRs. During the simulations, the drift parame
ter g from Eq. (14) was set to increase linearly from 0 to 3� 10−4. The volatility parameter # was set to 0

ffiffi
s
p

for the first 
simulation and then increased linearly from 4� 10−6 to 1:4� 10−5 ffiffi

s
p

. These parameter ranges were selected such that 
the simulations mimic the observed real-world late reverberation behavior.

To ensure comparable SNR between the simulations and the measurements, we added the measured noise from 
each real-world RIR to its corresponding simulated RIR at the same SNR. The noise was extracted from the late tail of 
each measured RIR, where the signal had already decayed below the noise floor. Finally, we applied the same bandpass 
filter used in the real-world processing chain. For comparison, we also generated two fluctuation-free simulation sets: one 
augmented with additive real-world noise (ARN) and one with AWGN, both added at identical SNR and followed by the 
same bandpass filtering. We refer to these as the ARN and AWGN cases.

4.3 Comparison and discussion of results

The comparison between real-world and simulated RIRs is carried out by examining the volatility estimates, the behavior 
of the differential RIRs, and the variance of the early reflections. To compare the volatility estimates, we first apply 
DComp following Postma and Katz (2016), reducing the residual drift to gðt1; t2Þ < 5� 10−7, corresponding to a reduc
tion in maximum drift from 14.4 down to 0.024 samples per second. Volatility is then estimated using Eq. (9), where 
each estimate is formed between the first measurement and every subsequent one. Since the instantaneous coherence is 
highly susceptible to noise, we approximate it using short-time coherence evaluated on 1024-sample windows with a hop 
size of 512. Within each window, the PSDs are estimated using Welch’s method (Welch, 1967), employing 128-sample 
segments with a 64-sample hop and a fast Fourier transform (FFT) length of 1024. Following Prawda et al. (2024), tlim is 
set such that the volatility is evaluated only while the RIR maintains at least 30 dB SNR, since lower SNRs tend to pro
duce unreliable coherence estimates. The volatility is individually evaluated at frequencies from 6 to 19 kHz in 1 kHz 
increments, using the FFT bin closest to each target frequency. Frequencies below 6 kHz were omitted, as the volatility 
estimation is less accurate in this range since the fluctuations predominantly affect higher frequencies. For completeness, 
we also computed the median volatility estimates across all frequencies without applying DComp, as well as on the ARN 
and AWGN cases.

The results in Fig. 2 show that the real-world volatility estimates steadily increase with the time difference 
between measurements, with a noticeable initial jump, the cause of which warrants further investigation. The volatility 
estimates of the simulations that include atmospheric fluctuations behave similarly, whereas the ARN and AWGN cases 
remain at zero. Moreover, the gap between the DComp and non-DComp estimates widens as the drift increases, under
scoring the need to correct even small drifts before estimating volatility. Despite the improved alignment, the estimated 
volatility values from the simulation are slightly lower than the parameters used for the simulation. A plausible explana
tion is the finite reflection order used during the simulation, which may lead to slightly higher-than-expected coherence. 
Note that the apparent divergence of the volatility estimates across frequencies over time is a visual effect of the increas
ing volatility. Their relative differences remain within 65% at all times.
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A qualitative comparison is performed using one exemplary differential RIR. Figure 3(a) shows the first RIR 
measured at microphone 2, together with the differential RIR computed from the first and last measurements with 
DComp. As can be observed, the differential RIR broadly follows the shape of the original RIR, but at a level roughly 
30 dB lower. The simulated counterpart with atmospheric volatility and DComp in Fig. 3(b) exhibits similar behavior, 
albeit at only approximately 20 dB level difference. This larger discrepancy is consistent with the early reflection variance 
analysis in the following. In contrast, the ARN and AWGN cases yield a differential RIR that consists only of uniform 
noise, resulting in large deviations from the differential RIR that includes atmospheric fluctuations during high-energy 
peaks of the RIR.

Finally, we investigate the variance of the early reflections. Prominent peaks within the first 60 ms of each RIR 
were manually identified, after which the RIRs were upsampled by a factor of 1000 to enable precise peak tracking. The 
temporal variance of these peaks was then computed across all 50 RIRs for each microphone. This analysis was per
formed with and without DComp, and additionally on the ARN and AWGN cases. The results are shown in Fig. 4. Note 
that for a sampling rate of 48 kHz, a variance of 10−11 corresponds to a standard deviation of the TOA jitter of approxi
mately 

ffiffiffiffiffiffiffiffiffiffiffi
10−11
p

� 48 000 � 0:15 samples. The range of the real-world variances with DComp extends approximately one 
order of magnitude below the lower bound expected from the lowest volatility estimate, indicating that longer acoustic 
paths are needed for temperature-induced fluctuations to fully develop in the RIRs. In contrast, the variances of the 

Fig. 3. Qualitative comparison of simulated and real-world RIR using a differential RIR at microphone 2. When atmospheric fluctuations 
are incorporated, the simulated differential RIR follows the shape of the underlying RIR, closely matching the behavior of the real-world dif
ferential RIR. In contrast, the ARN and AWGN cases produce only noise. The dotted lines represent the difference between the differential 
RIRs and the RIR after applying a 10-sample moving average smoothing.

Fig. 2. Comparison of real-world and simulated volatilities. Results are averaged across all eight microphones. Simulations that include 
atmospheric fluctuations (colored lines) align more closely with real-world estimates than the ARN and AWGN cases. Note that the simula
tion index is aligned with the measurement timeline, although the simulation itself does not evolve in physical time.
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simulations with fluctuations and DComp fall well within the range defined by the volatility parameters, which also 
explains the discrepancy between the level differences in Figs. 3(a) and 3(b). The variances obtained without DComp 
appear more similar because they are dominated by the drift component. These observations suggest that the model 
assumptions made in Sec. 3 are better satisfied by late reverberation than by early reflections. Nevertheless, the ARN and 
AWGN cases differ from the measurements by approximately two orders of magnitude, with the ARN case producing 
slightly lower variance than the AWGN case. Follow-up analysis suggests that this stems from the real-world noise exhib
iting a non-flat spectrum with elevated low-frequency energy, which reduces its impact on the early reflection TOA esti
mates. Additionally, the ARN and AWGN cases exhibit a slight time-dependence, which can be attributed to the gradual 
reduction in early reflection amplitudes over time, decreasing the SNR. These results indicate that, despite the proposed 
model’s limitations, it still yields much more realistic behavior than the standard ISM, even when enhanced with noise.

5. Conclusion

We introduced an extension of the ISM that incorporates temperature fluctuations as a deterministic temperature 
drift and stochastic local volatility to more realistically simulate repeated RIR estimates. A comprehensive compari
son between real-world measurements and simulations in a shoebox room demonstrated that the model captures 
several characteristic behaviors observed in practice. The simulated atmospheric volatility estimates closely follow 
those derived from measurements, and the differential RIRs exhibit the same qualitative structure, in contrast to 
fluctuation-free simulations, where differential RIRs reduce to uncorrelated noise. The early reflection analysis fur
ther revealed similar variance patterns between measurements and simulations, with the real-world variances dis
playing a larger spread. This suggests that the specific acoustic path of each early reflection has a greater impact on 
the variance, whereas the late reverb is less sensitive to the exact path, motivating further model refinement. We 
also observed that the current model produces RIRs with slightly lower volatility than the chosen values, warranting 
further investigation. Nonetheless, the proposed model yields a substantially more realistic representation of 
repeated RIR measurements than the standard ISM, even when augmented with AWGN or real-world noise, without 
increasing the computational complexity.
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Fig. 4. Early reflection variance across all microphones for DComp, non-DComp, ARN and AWGN cases. Simulations that include atmo
spheric fluctuations more closely match real-world observations than the ARN and AWGN cases, though they exhibit a smaller spread than 
observed in the measurements. The dashed lines bound the variance range predicted by the volatility parameters used.
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