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A B S T R A C T   

The soundscape of different habitats can be discriminated by multiple acoustic indices as they have previously 
been related to vegetation characteristics. However, the relationship between acoustic indices and topography 
still needs to be thoroughly evaluated, as well as the variance in the relationship at different spatial scales within 
the same research system. Networks of forest dynamics plots constructed under the same protocol provide an 
ideal research platform for addressing the above issue. Our study investigated the relationship between acoustic 
indices, vegetation, and topographic characteristics at two spatial scales. We recorded soundscapes using 
autonomous recorders across a tropical forest dynamics plot network consisting of 22 plots in Xishuangbanna, 
Yunnan Province, southwest China. To exclude recordings with geophony and with biotic sounds from non-avian 
species, especially from cicadas and frogs, the recordings were previewed aurally and visually, with 9110 min of 
“clear” bird acoustic recordings chosen for final analysis. We assessed the relative importance of tree species 
richness, six vegetation characteristics, and three topographic characteristics for five acoustic signal complexity 
indices, and three statistical indices which describe the properties of frequency spectrum, at 25 m and 50 m 
spatial scales. We found that topographic complexity was the most significant factor influencing acoustic indices. 
The variation explained by topographic complexity ranged from 13.2 % to 47.2 % for the seven best-fitted 
models at both spatial scales. Horizontal vegetation characteristics, including tree density and basal area, 
were also important variables related to acoustic indices. The Acoustic Diversity Index (ADI) and Bioacoustic 
Index (BIO) were not associated with vegetation or topographic characteristics at either spatial scale. Three out 
of seven significant relationships between acoustic indices and vegetation or topographic characteristics dis
appeared as the spatial scale increased from 25 m to 50 m. In contrast, the significant relationship between 
Acoustic entropy (H), the centroid (CENT) and skewness (SKEW) and topographic complexity remained stable. 
Our results suggest that both acoustic signal complexity indices and acoustic statistical indices showed a different 
relationship to vegetation and topographic characteristics in tropical forests, and the strength of these rela
tionship was scale-dependent. This study revealed that topographic complexity might be an effective predictive 
variable for further ecoacoustic research.   

1. Introduction 

Ecoacoustics is an interdisciplinary science investigating sound
scapes and their association with the environment over various temporal 
and spatial scales (Pijanowski et al., 2011; Fuller et al., 2015; Farina and 

Gage, 2017; Dröge et al., 2021). The emerging technology of automatic 
soundscape recording simultaneously collects extensive data across 
large areas and long time periods, avoiding observer bias and distur
bance to wildlife (Campos-Cerqueira et al., 2016; Shonfeld and Bayne, 
2017; Gibb et al., 2019; Do Nascimento et al., 2020; Shamon et al., 
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2021). Despite the data processing challenges (e.g. automated species 
identification), soundscape monitoring is now being recognized as a 
cost-effective way to measure biodiversity and assess ecosystem status 
under environmental change (Wimmer et al., 2013; Gage et al., 2015; 
Krause and Farina, 2016; Farina and Gage, 2017; Do Nascimento et al., 
2020). Although research on soundscapes in terrestrial systems has 
grown in the last decade, few soundscape studies have been conducted 
in the wild tropics compared to temperate areas, as sound complexity 
and biodiversity are higher in the tropical regions than in temperature 
zones (Myers et al., 2000; Scarpelli et al., 2020). 

Multiple acoustic indices have been developed to characterize 
different facets of soundscapes (Pieretti et al., 2011; Villanueva-Rivera 
et al., 2011; Depraetere et al., 2012; Gasc et al., 2013; Sueur et al., 
2014). Species-specific classification approaches that estimate taxo
nomic diversity require complex model-training techniques. Compared 
with it, acoustic indices can be assessed using simple measurements, 
such as the amplitude, evenness, richness, and heterogeneity of an 
acoustic community or soundscape. Such metrics are readily accessible 
on open-source platforms (Sueur et al., 2018a; Villanueva-Rivera and 
Pijanowski, 2018). Acoustic indices are often used as a method of rapid 
biodiversity assessment under the assumption that more biodiverse 
habitats, the more wildlife sounds, and because soundscape can be 
readily quantified using acoustic metrics (Gage et al., 2001; Qi et al., 
2008; Pijanowski et al., 2011; Depraetere et al., 2012; Farina and Gage, 
2017). 

Previous studies have revealed positive relationships between 
acoustic indices and faunal species richness (Sueur et al., 2008b; 
Depraetere et al., 2012; Harris et al., 2016; Bradfer-Lawrence et al., 
2020; Dröge et al., 2021). However, this relationship is inconsistent 
across studies, with some indices showing weak or no associations with 
faunal diversity (e.g. Gasc et al., 2015; Mammides et al., 2017; Jorge 
et al., 2018; Moreno-Gómez et al., 2019). The simultaneous use of 
multiple acoustic indices to obtain complementary soundscape infor
mation is recommended (Sueur et al., 2014). 

How biophony (biologically produced sounds) varies with vegeta
tion characteristics and topography remains largely unknown (Pija
nowski et al., 2011; Farina and Gage, 2017). Relevant research that has 
investigated the relationships between acoustic indices and vegetation 
and/or topographic characteristics in forest ecosystems has not yet 
focused on natural tropical forests in Asia (e.g. Bradfer-Lawrence et al., 
2019; Do Nascimento et al., 2020; Mitchell et al., 2020) (Appendix A: 
Table S1). A few studies (e.g. Myers et al., 2019; Chen et al., 2021; Dröge 
et al., 2021) have incorporated topography as an environmental variable 
related to acoustic indices. For example, Chen et al. (2021) found that 
elevation was the dominant factor influencing acoustic indices. Addi
tionally, the sizes of the study areas where such environmental char
acteristics have been measured range from 8 m (Turner et al., 2018) to 
250 m radius (Machado et al., 2017), potentially rendering comparison 
between these studies flawed or impossible (Table S1). 

Permanent forest dynamics plots have been established worldwide to 
investigate ecological questions, such as understanding the mechanisms 
behind species coexistence, forest dynamics, and ecosystem functioning 
(Hubbell et al., 1999; Anderson-Teixeira et al., 2015; Baker et al., 2017; 
ForestPlots.net, 2021). The shared census and monitoring protocols of 
these plots made such biodiversity monitoring platforms an ideal system 
in which to conduct our research. Here, we investigated the relationship 
between bird acoustic indices and various environmental factors 
including vegetation and topographic characteristics in a network of 
tropical forest dynamics plots in southwest China. We aimed to address 
the following questions: (1) Do acoustic indices have a stronger re
lationships with vegetation characteristics, including floristic composi
tion and vegetation structure, than with topographic characteristics? 
and (2) Do the relationships between acoustic indices and plot-scale 
vegetation/topographic variables weaken or even disappear as the 
spatial scale increases? 

2. Materials and methods 

2.1. Study site 

This work was conducted in Xishuangbanna Dai Autonomous Pre
fecture (21◦08′− 22◦36′ N, 99◦56′− 101◦50′ E) in southwest China, 
bordering Laos to the south and Myanmar to the southwest. The Xish
uangbanna region has a typical monsoon climate with a mean annual 
temperature of 15.1–21.7 ℃ and mean annual precipitation of 
1193–2491 mm (Cao et al., 2006). The region contains the largest and 
northernmost tropical rain forest in China, and more than 80 % of the 
flora in this region belongs to tropical genera and 32.8 % are endemic to 
tropical Asia (Zhu et al., 2006). Nine research sites located within either 
the Xishuangbanna National Nature Reserve or Nabanhe National Na
ture Reserve were used in our study (Fig. 1). We selected 1–7 forest 
dynamics plots per research sites, resulting in a total of 22 plots (Ap
pendix A: Table S2). The minimum distance between research sites was 
3900 m and the distance between plots within one site ranged from 250 
to 1360 m to avoidance sampling overlapping soundscape. All plots 
were 1 ha in area except for BBTD (1.44 ha) and BBWW (1.12 ha). The 
average elevation of the 22 forest plots ranged from 549.96 to 1705.85 
m above sea level. 

2.2. Soundscape monitoring 

2.2.1. Soundscape recordings 
Previous survey of this region indicated that bird activity peaks from 

sunrise to late morning. Song Meter SM4 recorders (Wildlife Acoustics 
Inc., Maynard, USA) were deployed for at least one month in each plot 
from June 28th to September 13rd, 2018. Acoustic recordings were 
collected three times every day from sunrise to late morning (7–10 am) 
in an intervals of 10 min (i.e. 10-min on, 50-min off) (e.g. Ross et al., 
2021) (Appendix A: Table S2). Each weatherproof recorder was equip
ped with an omni-directional microphone. Signals were sampled at 441 
kHz with 16-bits digitization. Sound fragments were recorded in wav 
format and stored on two 16 GB capacity SDHC memory cards for each 
machine. All recorders were stationed on tree trunks at the height of 
2.5–3.0 m in the center of each forest dynamics plot, except in GMS03, 
where the recorder was placed 20 m away from the center to avoid 
sound disturbance from a nearby stream (Appendix A: Fig. S1). 

2.2.2. Recording pretreatment 
We obtained 3126 files of 10 min recordings in total. Due to the 

absence of human disturbance within the research sites, we are confi
dent that the significant contributions to the soundscape are geophony 
and biophony. We aim to relate bird acoustic indices to forest plot-scale 
environmental variables, to exclude undesired sound from the audio 
files besides bird, all the recordings were previewed aurally and visually 
through waveform and spectrogram using Kaleidoscope (v5.4.2) 
(Wildlife Acoustics Inc., Maynard, USA). As previous studies revealed, 
geophonic sources, such as rainfall and wind, are common in the rainy 
season, and recordings also capture biophony from cicadas and frogs in 
addition to the target bird taxa (Bradfer-Lawrence et al., 2019; Chen 
et al., 2021) (Appendix A: Fig S2-S4). 911 relatively “clear” bird acoustic 
recordings were included in the final analysis (Appendix A: Fig. S5; 
Appendix B). 

2.3. Acoustic indices 

We calculated eight acoustic indices for each 10-minute recording, 
including five signal complexity indices, and three statistical indices 
widely used in ecoacoustic research. Moreover, their relationship with 
vegetation, topographic characteristics or both combined was revealed 
by previous studies (Appendix A: Table S1). 

The Acoustic Complexity Index (ACI) focuses on the intensity vari
ations in the amplitude between succeeding time frames for a specific 

X. He et al.                                                                                                                                                                                                                                       



Ecological Indicators 142 (2022) 109229

3

frequency bin (Pieretti et al., 2011). The Acoustic Diversity Index (ADI) 
is calculated by dividing the spectral range of the spectrogram into 
frequency bins and taking the proportion of the signal energy in each bin 
above a threshold. The ADI is the result of the Shannon index applied to 
these bins (Villanueva-Rivera et al., 2011). The Acoustic Evenness Index 
(AEI) is related to the ADI, but uses the Gini coefficient to obtain the 
distribution of the different frequency bins (Villanueva-Rivera et al., 
2011). The Bioacoustic Index (BIO) is calculated as the area under each 
curve including all frequency bands associated with the dB value that 
was greater than the minimum dB value for each curve (Boelman et al., 
2007). Acoustic entropy (H) quantifies sound intensity variation across 
time and frequency. It is calculated as the product of the spectral entropy 
and the temporal entropy of the signal (Sueur et al., 2008b). The mini
mum frequency for the ACI calculation was set to 500 Hz and the 
maximum frequency to 12 kHz. The minimum frequency for the BIO 
calculation was set to 500 Hz, as we noticed that the frequency of bird 
species, such as Megalaimoidea, ranges from 500 to 1800 Hz. Other 
parameters used in the calculation of the signal complexity indices were 
set to default values provided in the R package soundecology (Villa
nueva-Rivera and Pijanowski, 2018). 

The statistical indices describe statistical properties of a frequency 
spectrum, such as mean frequency and median frequency. The three 
frequency spectrum statistical indices were: median frequency of the 
upper half of the spectrum (third quartile: TQ), average frequency 
weighted by amplitude (centroid: CENT), and asymmetry of signals in 
the spectrum (skewness: SKEW), they were calculated with the R 
package seewave (Sueur et al., 2008a). 

2.3.1. Explanatory variables 

2.3.1.1. Vegetation characteristics. Freestanding woody stems ≥ 1 cm 
diameter at 130 cm from the ground (DBH: diameter at breast height) 
were measured, mapped, tagged, and identified in all plots, following 
the same standardized census protocol (Condit, 1998). We extracted tree 
census data of a circle surrounding the autonomous recorders with a 25 
m and 50 m radius. In addition to tree species richness, we estimated 
horizontal and vertical vegetation characteristics for each location. Tree 
density was estimated as the total number of tree individuals recorded 
within the selected circular plot. Basal area was calculated as the total 
area of all living trees at breast height. Tree size variation was estimated 
as the ratio of the standard deviation to the average DBH value of all 
living stands within the circular plot. 

Vertical vegetation characteristics were obtained based on aerial 
photogrammetry within a 25 m and 50 m radius of the recorders. The 
digital surface model (DSM) was surveyed with a Tarot T960 drone 
(TAROT, Wenzhou, China) equipped with a NEX 5 T camera (SONY Inc., 
Tokyo, Japan) from 2015 to 2017. We kept the flying height at 160–400 
m depending on the elevational range for different forest dynamics 
plots. The average overlap of orthophotos was over 80 %, with a pixel 
size of 2.4–5.5 cm. The highest elevation in a 1 m grid was used to build 
the DSM model in 1 m resolution by SAGA GIS 3.0 (https://www.saga-g 
is.org). Based on the canopy height model (CHM) derived by subtracting 
the digital terrain model (DTM) from the DSM, we calculated three 
vertical vegetation characteristics at both the 25 and 50 m radius scales. 

Canopy height was calculated as the mean value of canopy height 
with 1 m resolution. The vertical distribution ratio (VDR) was calculated 

Fig. 1. Location of the nine research sites (A), digital terrain model (DTM) (B) and canopy height model (CHM) (C) of the 1-ha tropical forest dynamics plot CCHS in 
Xishuangbanna, southwest China. 
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with the equation: VDR = (HTmax-HTmed)/HTmax, where HTmax and 
HTmed are the maximum and median values of canopy height within 
the circular plot (Goetz et al., 2007; Zhang et al., 2016). Areas with a 
dense canopy and sparse understory tended to exhibit a low VDR. Areas 
with a more even vertical biomass distribution showed larger values 
close to 1. We quantified canopy closure by the percentage of pixels with 
a height value of more than 10 m (Zhang et al., 2016). The values of 
canopy closure ranged from 0 to 100 with higher values indicating a 
closed canopy and lower values indicating an open canopy. 

2.3.2. Topography 
Three topographic characteristics were obtained for square forest 

plots of 50 × 50 m and 100 × 100 m at each plot, with the recorders 
located at the center. Elevation was calculated as the mean elevation of 
the four corners. The slope was the mean angular deviation from the 
horizontal of each of the four triangular planes formed by connecting 
three of its corners (Harms et al., 2001; Baldeck et al., 2013). Topo
graphic complexity was calculated with the equation: complexity = As/ 
Ap, where As is the total surface area and Ap is the projected area of the 
plot (Ren et al., 2019). 

2.4. Statistical analyses 

The acoustic indices and explanatory variables were all scaled and 
centered. Moran’s I autocorrelation coefficient was calculated using an 
inverted distance matrix between all plots with the R package ape 
(Paradis and Schliep, 2019). This was done to check whether the 
acoustic indices of the 22 sampled plots were spatial independent. 

We conducted linear mixed models (LMMs) for the eight acoustic 
indices to investigate their relationship with the vegetation and topo
graphic characteristics using the R package lme4 (Bates et al., 2015). 
Within each model, the plot and recording month were treated as 
random effects. Models were fit independently at the 25 and 50 m scales 
considering the distance decay of sound in the dense tropical forest and 
refer to former research (Appendix A: Table S1). The 25 m scale models 
included all 911 recordings from the 22 plots, while the 50 m scale 
models included only 20 plots due to the absence of explanatory vari
ables for the GMS03 and BBWW plots, resulting in 828 recordings for the 
following analyses at the 50 m scale (Appendix A: Table S2 and Ap
pendix B). 

We checked for multi-collinearity of explanatory variables using the 

R package car (Fox and Weisberg, 2019). Canopy height and canopy 
closure were excluded from the 25 m scale models. In contrast, canopy 
height, canopy closure, and species richness were excluded at 50 m scale 
models due to variance inflation factors exceeding 10. 

We used the dredge function from the package MuMIn (Bartoń, 
2020), which produces models with all possible combinations of the 
eight and seven fixed explanatory variables (28 = 256 and 27 = 128, 
respectively). The interactions between these fixed variables were not 
included in consideration of overfitting. Model selection was performed 
using the corrected Akaike information criteria (AICc; Burnham and 
Anderson, 2004). Models were considered similar if ΔAICc < 2 (Burn
ham and Anderson, 2004). We calculated the conditional and marginal 
R2 values of the fitted models, and the individual contribution of each 
fixed effect with the packages MuMIn and r2glmm (Jaeger, 2017). 

3. Results 

With all recordings at both spatial scales, tree species richness, tree 
size variation, vertical distribution ratio, slope, and elevation were not 
related to any acoustic indices in the best-fitted models (Table 1 and 
Appendix A: Table S3). The conditional R2 of the fitted models ranged 
from 0.3466 to 0.7607, while the marginal R2 of the significant fixed 
effects of the fitted models ranged from 0.077 to 0.472 (Table 1 and 
Appendix A: Table S4). Tree density was a vital vegetation characteristic 
at the 25 m scale, as it was significantly related to ACI and TQ. The basal 
area was related considerably to ACI at the 25 m and 50 m scales. 
Topographic complexity was the most crucial topographic factor 
significantly related to acoustic indices at both the 25 m and 50 m scales. 
H, CENT, and SKEW had a consistent significant relationships with 
topographic complexity at both spatial scales. In contrast, the significant 
relationship between AEI and topographic complexity, and the rela
tionship between ACI/TQ and tree density, disappeared at the 50 m 
scale. Three out of seven significant relationships between acoustic 
indices and vegetation and topographic characteristics diminished or 
even disappeared from 25 m to 50 m. 

Moran’s I autocorrelation coefficients indicated that our sample plots 
had an independent sampling unit based on the average value of the 
acoustic indices (Appendix A: Table S5) for the 22 sample plots (Ap
pendix A: Table S6). However, spatial autocorrelation was found for six 
out of eight indices with all 911 recordings (Appendix A: Table S6) 
confirming the conservativeness of the soundscape within the selected 

Table 1 
The results of LMMs to detect the influence of vegetation and topographic characteristics on acoustic indices with all recordings selected at the 25 m and 50 m scales in 
tropical forests in Xishuangbanna China. Bolded coefficients represent variables that have a significant effect on the model. R2C are the conditional R2 of the fitted 
models.  

25 m 
scale 

Intercept Species 
richness 

Tree 
density 

Basal 
area 

Size 
variation 

Vertical 
distribution ratio 

Slope Elevation Topographic 
complexity 

AIC R2C 

ACI ¡0.1087 - 0.2731 -0.3817 - - - - - 1284.216 0.3466 
ADIa ¡0.0738 - - - - - - - - 1135.015 0.6418 
AEI 0.0714 - - - - - - - -0.3764 1026.644 0.715 
BIOa ¡0.0054 - - - - - - - - 1241.39 0.4553 
H 0.0288 - - - - - - - 0.5611 871.358 0.7607 
TQ 0.0704 - -0.3305 - - - - - - 1177.381 0.5325 
CENT 0.0000 - - - - - - - 0.4108 1095.499 0.6046 
SKEW ¡0.0228 - - - - - - - -0.3879 1194.92 0.4421 

50 m 
scale 

Intercept  Tree 
density 

Basal 
area 

Size 
variation 

Vertical 
distribution ratio 

Slope Elevation Topographic 
complexity 

AIC R2C 

ACI ¡0.0949  - -0.3143 - - - - - 1182.5 0.3246 
ADIa ¡0.0935  - - - - - - - 1080.905 0.5979 
AEIa 0.0482  - - - - - - - 1039.357 0.625 
BIOa 0.0383  - - - - - - - 1168.67 0.3659 
H 0.0248  - - - - - - 0.5197 854.913 0.7205 
TQa 0.0431  - - - - - - - 1109.626 0.4816 
CENT 0.0029  - - - - - - 0.3128 1064.298 0.5277 
SKEW 0.0139  - - - - - - -0.4445 1086.11 0.4382  

a : NULL model was top performing model for the acoustic indices. 
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forest dynamics plot. The Pearson correlation coefficient of the eight and 
five explanatory variable pairs exceeded 0.6 for the two spatial scales, 
respectively (Fig. 2). 

4. Discussion 

Multiple acoustic indices can discriminate the soundscape of 
different habitat types related to vegetation characteristics (e.g. Fuller 
et al., 2015; Retamosa Izaguirre et al., 2021; Do Nascimento et al., 
2020). However, the relationship between acoustic indices and topog
raphy was rare (but see Dröge et al., 2021; Chen et al., 2021), and the 
variability of this relationship at different spatial scale in the same 
mature protected forest research system has never been studied. In this 
study, we investigated the relationship between acoustic indices and 
vegetation and topographic characteristics in a network of tropical 
forest dynamics plots at two spatial scales. Our results revealed that 
topographic complexity and tree density were significantly related to 
several acoustic indices selected. 

4.1. Acoustic indices and vegetation characteristics 

The vegetation structure was related to bird species richness (Mac
Arthur, 1964; Batáry et al., 2014., Basile et al., 2021). Our results 
confirmed a significant relationship between vegetation structure and 
acoustic indices but not between tree species richness and any acoustic 
indices. Chen et al. (2021) and Turner et al. (2018) found that tree 
species richness showed positive and negative relationships with H and 
AEI, respectively. The selected soundscape could cause a disparity, as 
recordings containing biophony emitted by other fauna (mainly insects) 
were excluded from our study. 

Bird species diversity was usually positively influenced by habitat 

heterogeneity, particularly in forests, as higher complexity in vegetation 
structure tends to provide more resources and nesting sites (Tews et al., 
2004). In our study, tree density was positively correlated to ACI and 
negatively correlated to TQ in the best models at the 25 m scale. As ACI 
measures the variation in sound intensity over time and frequency and 
TQ measures the median frequency of the upper half of the spectrum, we 
can infer that forests with dense plantations hold complex soundscapes 
(unevenly distributed sound across frequency and time), and lower 
frequencies of the upper half of the spectrum. Tree density was previ
ously found to be negatively related to ACI (Turner et al., 2018) and ADI 
(Hao et al., 2021) or neutral to any selected acoustic indices (Chen et al., 
2021). Plot-level tree basal area was negatively associated with ACI in 
the work by Dröge et al. (2021). We also found that the basal area was 
negatively related to ACI at both spatial scales in our study. The basal 
area was positively related to canopy height and canopy closure at both 
spatial scales (Pearson’s r > 0.62, Fig. 2). Higher basal area implied 
bigger trees and mature/old forests located far from the forest borders 
and disturbances. The negative relationship with ACI indicated evenly 
distributed sound intensity in the mature tropical forests in the study 
region. The third horizontal vegetation characteristic, tree size varia
tion, had no relationship with acoustic indices at either scale. 

As an essential indicator of habitat heterogeneity, vertical vegetation 
structure has been found to be closely related to acoustic indices (Pekin 
et al., 2012; Do Nascimento et al., 2020; Hao et al., 2021). The vertical 
distribution ratio had no relationship with any acoustic indices. Mean
while, the model fitting did not include canopy height and canopy 
closure due to variance inflation factors. The canopy height was highly 
correlated with the basal area (Pearson’s r > 0.76 at both spatial scales, 
Fig. 2). As a result, canopy height could be related to ACI, but further 
work is needed to confirm this. 

4.2. Acoustic indices and topography characteristics 

Bird species richness was correlated with multiple factors, such as 
climate, geometric constraints, and food availability along elevational 
gradients (McCain, 2009; Price et al., 2014; He et al., 2019). To the best 
of our knowledge, elevation has been considered a predictor of acoustic 
indices in a few studies (Appendix A: Table S1), Chen et al. (2021) found 
that elevation was significantly related to ADI, AEI, and H. In our study, 
elevation was unrelated to any of the selected acoustic indices. The 
inconsistency could result from more extensive range of elevation of the 
forest plots studied by Chen et al. (1526 m) compared with the our study 
(1078 m), and large latitudinal range of nearly 4◦ in Chen et al. (21◦51′

to 25◦36′ N), compared to less than 1◦ in our study. 
Topographic variability, such as slope, convexity, and roughness, are 

important indicators of habitat heterogeneity. Topography variability 
has been revealed as a determinant of bird distribution, especially in 
tropical forests across hilly regions (Davies et al., 2007; Ribon et al., 
2021). Landscape-scale topographic roughness negatively affects ACI 
and BIO in a grassland ecosystem (Shamon et al., 2021). Forest plot-level 
topographic complexity was first considered in our study. Four out of 
eight acoustic indices at the 25 m scale and three out of eight acoustic 
indices at the 50 m scale were significantly related to topographic 
complexity. Forest plots with high topographic complexity tend to hold 
soundscapes with little variation in sound intensities across frequency 
bands at both spatial scales. 

The marginal R2 value of topographic complexity for the seven fitted 
models ranged from 0.185 to 0.472 (Appendix A: Table S4), indicating 
that topographic features were a crucial environmental driver of 
acoustic indices. Linear mixed models without topographic complexity 
showed a significant relationships between vegetation characteristics 
and the remaining acoustic indices (Appendix A: Table S7). Slope and 
SKEW also strongly correlated with the 25 m scale but this relationship 
disappeared at the 50 m scale. High topographic variability was previ
ously believed to be correlated with high bird diversity. However, as 
previously discussed, other studies failed to confirm the relationship 

Fig. 2. Pearson correlation coefficient of the 10 vegetation and topographic 
characteristics at the 25 m (A) and 50 m (B) scales. 
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between measurements of diversity from bird surveys and species 
identification from an autonomous recording or acoustic indices (e.g. 
Hutto and Stutzman, 2009; Mammides et al., 2017). Additionally, 
Mammides et al. (2021) found that higher species richness could lead to 
higher acoustic evenness. Our research could provide evidence to sup
port this conclusion. Meanwhile, our study may reconfirm the impor
tance of acoustic diversity in the biodiversity assessment (Sueur et al., 
2008b; Pijanowski et al., 2011). 

4.3. Spatial dependence of the relationship between acoustic indices and 
vegetation/topography 

Sound propagation is affected by several factors such as distance, 
barriers, and air absorption (Embleton, 1996; Tarrero et al., 2008). It is 
believed that closed habitats degrade signals more than open habitats. 
The relationship between vegetation/topography and acoustic indices 
was investigated at two spatial scales for the first time in dense tropical 
forest. As expected, nearly half of the significant relationships dis
appeared with increasing the spatial scale, confirming the scale- 
dependence of these relationship. 

ADI and BIO showed no relationship with vegetation and topo
graphic characteristics we measured. Similar significant relationships 
between vegetation and topographic characteristics and ACI and AEI 
were found at both spatial scales, suggesting that they have a stable 
correlation with vegetation or topographic characteristics in the tropical 
forest. Do Nascimento et al. (2020) reported that acoustic statistical 
indices were better than signal complexity indices at identifying habitat- 
specific soundscapes for six natural and two human-modified habitats. 
In our study in an Asian tropical forests, both acoustic statistical and 
signal complexity indices showed a relationship with vegetation struc
ture at both spatial scales. We inferred that habitat type was also an 
important driver for the relationship between vegetation characteristics 
and acoustic indices. 

5. Conclusions 

Thanks to the availability of plot-scale vegetation characteristics and 
detailed topographic information, the spatial dependence of the rela
tionship between acoustic indices, vegetation, and topographic charac
teristics was revealed in the current sudy. Our study system found ACI 
and TQ to be significantly related to vegetation structure characteristics, 
thus, the two indices could be used as an indication of deforestation and 
tropical forest succession in future research. Topographic complexity 
was another important variable for half of the selected acoustic indices. 
Forest plots with high topographic complexity tend to hold soundscapes 
with evenly distributed sound intensity at both spatial scales. Further 
investigation should be dedicated to fully understanding the mecha
nisms underlying the correlation between acoustic indices and sound 
characteristics (Shamon et al., 2021). Our findings indicate the impor
tance of topographic complexity to acoustic indices and that topo
graphic complexity should be considered in future ecoacoustic studies in 
other ecosystems. 
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Bartoń, K., 2020. MuMIn: Multi-Model Inference. R package version 1.43.17. https:// 
CRAN.R-project.org/package=MuMIn. 
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