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According to the Sonotope Hypothesis, the heterogenous nature of the acoustically sensed, but not yet interpreted, environmental sounds (i.e., sonoscape) is created by the spatial and temporal conformation of sonic patches (sonotopes) as recently been described in a Mediterranean rural landscape. We investigated the Sonotope Hypothesis in a mountain beech forest of the Northern Apennines, Italy that is notoriously poor in soniferous species. Our aim was to test whether sonotopes were temporally distinct over seasonal and astronomical timeframes and spatially configured in relation to vegetation variables. We used the Acoustic Complexity Index (ACItf) to analyze the heterogeneity of sonic information gathered from an array of 11 sound recorders deployed within a lattice of eleven 4-ha hexagonal sample sites distributed throughout a 48-ha managed beech forest. We visualized and described the temporal patterns of ACItf between seasons (May–June and July–August 2021), across six astronomical periods (Night I, Morning Twilight, Morning, Afternoon, Evening Twilight, and Night II), and according to two aggregated frequency classes (≤2000 and >2000 Hz). We introduced Spectral Sonic Signature (SSS) calculated from the sequence of ACItf values along frequency bins as a descriptor of the dynamic production of sounds across spatial and temporal scales. We calculated Mean Spectral Dissimilarity to compare SSS values across temporal periods and between sample sites. We identified sonotopes by grouping similar SSS for each sample site generated from cluster analyses and visualized their spatial arrangements. Frequencies ≤2000 Hz (mainly geophonies from wind and rain) were more prevalent than frequencies >2000 Hz (mainly biophonies from songbirds). Despite there being no strong relationship to vegetation variables and minimal biophony and anthropophony, distinct sonotopes still emerged for every astronomical and seasonal period. This suggests that the sonoscape expresses distinct spatial and temporal sonotope configurations associated with the temporal and spatial patterns of geophysical events that generate geophonies with minimal animal or anthropogenic occurrences. A new strategy based on the reintroduction of indigenous trees and shrubs in managed clearings should be considered for enhancing local biodiversity conservation along with ecoacoustic monitoring based on the Sonotope Hypothesis.
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1 Introduction

Vibrations generated from geophysical, biological, and/or anthropogenic activities that occur within a distinct location are inherently ambiguous without a receiver. The spatial and temporal domain of these ambiguous vibrations can be referred to as the vibroscape, derived from the Latin word “vibratio” (meaning trembling motion) and the Middle Dutch word “scap”(or ship, meaning condition or quality) (https://www.etymonline.com/). A receiver, such as an organism or microphone, possess specialized organs or mechanisms that can sense or detect these vibrations as sound waves. In this way a vibroscape becomes an acoustically sensed sonic field or sonoscape, referencing the Latin word “sonus” (meaning sound). Through neurological (or computer) processes, the sonoscape is decoded and interpreted into categories of sounds where the emergence of meaning is formed (Farina and Villa, 2023). The interpreted sonoscape is unique to every individual organism based on their unique sensitivity, mechanisms, abilities, and experiences to detect and interpret sound. In this way, the physical vibrations of a male European robin (Erithacus rubecula) syrinx can be sensed by the hearing organs of another robin and is subsequently interpreted as a distinct song that possesses meaning to regarding health, territory, etc. These emergent properties and their terminology are explained further by Farina and Li (2022), p. 12.

Following the Ecoacoustics Theory (Farina and Gage, 2017), a sonoscape can be partitioned into sonotopes (Hedfors, 2004; Farina, 2014; Matsinos and Tsaligopoulos, 2018; Farina et al., 2023) as spatially distinct sonic patches much like the patchwork of geobotanical geophysical features of a landscape possesses ecotopes (Zonneveld, 1972; Whittaker et al., 1975). Recently, we published the first empirical evidence supporting the Sonotope Hypothesis (Farina et al., 2023). The significance of this work was not simply the revelation of sonotopes through the scientific process, but also the discovery that sonotopes exhibit dynamic compositions and spatial arrangements depending on a daily astronomical period and seasonal time of year (Farina et al., 2023).

Although we had identified acoustic communities (Farina and James, 2016) as an important contributor to the temporal and spatial shifts displayed by sonotopes, we did not find a measurably relevant relationship between sonotope patterns and the landcover types. In that landscape, the distribution of vegetation cannot be distinguished into patches and matrices (Farina et al., 2023), a configuration, commonly found in rural landscapes across the Mediterranean (Vos, 1993), and defined by Addicott et al. (1987) as “undivided heterogeneity”.

It is not surprising given that soniferous species composition can exhibit differential responses to landscape heterogeneity making a direct link to landcover type unclear (Herrando et al., 2003). Soniferous species that occupy landscapes with heterogeneous land uses are often those adapted to utilizing an assorted mosaic of landcover types (Morgan and Gates, 1982; Berg and Pärt, 1994; Berg, 2002). However, it is often the case that vegetation structure is a more important characteristic of the landscape for species richness and acoustic diversity than any particular landcover type (Moskát, 1988; Pekin et al., 2012; Schall et al., 2018; Basile et al., 2021). More than likely, the complex vegetation structure of the rural terraced systems we had studied (Farina et al., 2023) was the important land feature contributing to the heterogeneous arrangements of the sonotopes.

Building on the Sonoscape Hypothesis, we propose that the relationship between the sonic environment and vegetation may be scalable. For instance, we know that the three components of decoded sonoscape: geophony, biophony, and technophony, have been linked to specific landcover types at large spatial scales (Joo et al., 2011; Mullet et al., 2016; Quinn et al., 2022). Moreover, the structure of vegetation plays an important role in the sonic and spatial patterns of acoustic communities (Farina et al., 2015; Do Nascimento et al., 2020; Dröge et al., 2021) that in turn influence the temporal patterns and spatial configuration of sonotopes (Farina et al., 2023). Therefore, it is reasonable to assume that the emergent properties of sonotopes may behave similarly to the way species with small home ranges are largely influenced by local-scale habitat structure and species with large home ranges are affected by broader landscape patterns (Forsman et al., 1984; Rolstad, 1991; Andren, 1994). This deduction could explain how vegetation and acoustic communities influence the expression of sonotopes.

However, we must also take into consideration the close relationship sonotopes have with seasons and with daily astronomical periods (Farina et al., 2023). Specifically, we have documented, in the Mediterranean region, that sonotope dynamics are closely associated with shifts in acoustic community species composition between seasons (e.g., spring: bird choruses, late summer and fall: insect stridulations) and differences in activity patterns during astronomical periods (e.g., diurnal bird choruses, crepuscular, and nocturnal insect stridulations) (Farina et al., 2023). Consequently, it is important for the temporal characteristics of sonotopes to be measured along with vegetation to understand the relationships of these dynamic sonic phenomena.

To reveal a patchwork of sonic heterogeneity, Farina et al. (2023) purposefully selected their study area to have a heterogenous landcover with diverse acoustic communities. We set out to continue this work with the intention to investigate if Sonotope Hypothesis could be applied in a study area with homogeneous landcover and low acoustic community diversity. If so, we would expect sonotopes to be associated spatially with the local vegetation structure and temporally by the sounds from the geophysical environment (e.g., wind, rain) between seasons and astronomical periods. Results from testing these conditions would empirically contribute to a better understanding of the Sonotope Hypothesis and provide some explanatory evidence of why sonotopes display dynamic spatial and temporal patterns, opening an unexplored field in ecoacoustics research (Figure 1).




Figure 1 | Conceptual framework of the “Sonotope hypothesis”. The vibroscape in its latent status is sampled with a spatial arrangement of Autonomous Recording Units that detect sonic information, transforming it into a sensed status or Sonoscape. The computation of the Acoustic Complexity Index as the Spectral Sonic Signature and the derivative Spectral Sonic Dissimilarity, partitioned into two frequency classes (≤2000, >2000 Hz), are analyzed temporally at seasonal and daily astronomic scales and spatially at local and landscape scales.






2 Materials and methods



2.1 Study area

We conducted our study in a forest of European beech (Fagus sylvatica L.) located in the Tosco-Emiliano Apennines National Park of the Ventasso municipality, Northern Tuscany, Italy (44°18’12” North; 10°13’10” East) (average elevation: 1300 m above sea level) (Figure 2). This beech forest grows along the slopes of the Northern Apennines range on a moraine system of coarse-grained sandstone of the “Macigno” formation dating back to the late Oligocene and early Miocene (Baroni et al., 2018) and deposited during the last glaciation. Geologic characteristics also include an upper Triassic chalk formation (Madonia and Forti, 2003; Puccinelli et al., 2015) that exhibits karstic depressions or “dolines”, occupied by ephemeral bogs and lakes like the Pranda Lake (Federici per. com., Carminati et al., 2013) at the border of the study area. In contrast to the heterogeneous patchwork of rural vegetation that occurs at lower elevations, the beech forest of the Northern Apennines is homogenous and extensive along a mountain belt from 1200 to 1825 m above sea level (Pezzi et al., 2007; Pezzi et al., 2008).




Figure 2 | Spatial distribution of eleven 4-ha sample cells and placement of sound recording sample sites.



Although in the recent past Fagus sylvatica stands were intensively used to charcoal production, the forest management policy of Tosco-Emiliano Apennines National Park today focuses on the retention of the oldest trees for the eventual conversion of stands into old-growth (Coppini and Hermanin, 2007; Nocentini, 2009). Fagus sylvatica is the dominant tree species due to the selective cutting in the past of species that are less adapt to charcoal production like Acer pseudoplatanus L., Sorbus aucuparia L., Laburnum alpinum Mill. and Abies alba Mill (Nocentini, 2009; Benatti et al., 2018).

The forest is characterized by a dense, uniform canopy approximately 15–20 m above the forest floor that prevents the growth of herbs and forbs, creating a blanket understory of leaf litter. However, because selective cutting is not spatially or temporally uniform, some parts of the forest exhibit stands of even-aged trees nearly devoid of understory vegetation while other areas have been left fallow, resulting in a recruitment of Fagus sylvatica shrubs and stands of uneven-aged trees.

Temperatures in the region range from 1.7–7.3°C (  = 12.36°C,   = 5.36; May–June) and 7.5–27.9°C (  = 17.05°C,   = 4.70; July–August). There are more days of precipitation in May (  = 11.52 days,   = 17.95) than July (  = 1.68 days,   = 4.03) and August (  = 2.45 days,   = 5.65), with June having the fewest days of precipitation (  = 0.57 days,   = 1.86).




2.2 Site selection and sound sampling

We selected the study site specifically to test the hypothesis that sonotopes that are present in a homogeneous landcover type with low acoustic community diversity will be spatially associated with local vegetation structure and temporally with variable sonic events of the geophysical environment (e.g., wind, rain) between seasons and astronomical periods. Therefore, we selected a study site that had the homogenous landcover type of beech forest but also possessed differential vegetation structures and known low songbird diversity (Farina, pers. com). Following methods applied by Farina et al. (2023) and Farina and Li (2022), pp 22–25, using satellite imagery from GoogleEarth™ (Google LLC, Mountain View, California, USA), we opted for a 48-ha rectangular area west of Pranda Lake. We then overlaid eleven 4-ha hexagonal cells as a framework for ensuring spatial independence of sample sites (Figure 2). The hexagon geometry is extensively used in modeling the neighborhoods in a raster grid (Holland et al., 2007). We placed a point in the center of each hexagon, spaced 180 m apart, and located these points with a GPS in the field.

We deployed 11 AudioMoth recorders (AM) (version 1.2.0) (Hill et al., 2019) within 10 m of pre-assigned coordinates, depending on the location of suitable sites, and mounted at 1.2 m above the ground on the trunks of trees. We programmed recorders to sample the ambient sonic environment, at a sample rate of 32,000 Hz with medium-low microphone gain (28.7 db) (Hill et al., 2019). We scheduled recorders to run for 5 minutes, pausing for 60 seconds between recordings, over a 24-h period, totaling 240 files a day saved in WAV audio format. We sampled over the seasonal periods of spring to summer (01 May–30 June) and late summer (01 July–27 August) of 2021.




2.3 Vegetation sampling

We sampled vegetation on June 2021 when trees and shrubs had full leaf development. Vegetation characteristics were collected along four transects (50 m x 3.40 m each) that extended linearly in the North, South, East, West direction from each recording station following a standard sampling procedure (Mueller-Dombois and Ellenberg, 1974). We counted the number of all living and dead trees that had a diameter at breast height (dbh) ≥3 cm along each transect. We measured the dbh for all counted trees (Supplementary Table 1). We estimated the percent canopy cover every 5 m using Canopy Cover Free App (Easlon and Bloom, 2014) and percent ground cover every 10 m using the Canopeo App (Oklahoma State University) (Patrignani and Ochsner, 2015; Shepherd et al., 2018). We measured the height of 10 randomly selected trees located within a 50-m radius from each recording device using the Alboreal Tree App (www.arboreal.se) (Team, 2022). A detailed description of vegetation parameters is illustrated in Supplementary Tables 1, 2. Figure 3A shows panoramic images of each recording station.




Figure 3 | Groupings of 11 sample sites within a mountain beech forest of Tosco-Emiliano Apennines National Park, Northern Tuscany, Italy based on vegetation characteristics: (A) Panoramic pictures of vegetation around the sample sites; (B) their level of similarity according to 56 vegetation variables calculated using Hierarchical K-means clustering; and (C) Extracted as the first and the second dimension of a PCA applied to the K-means classification.






2.4 Data analysis



2.4.1 Vegetation analysis

To determine the spatial heterogeneity of living and dead trees within each site, we calculated a dissimilarity index of tree diameter between the four sampling transects using the Manhattan distance index (Legendre and Legendre, 1998). We then determined the diversity of living tree diameters using the Shannon H’ index (Shannon and Weaver, 1948).

We classified our sample plots using a hierarchical K-means clustering (Ghwanmeh, 2007; Qi et al., 2017) according to 56 measured vegetation variables (Tables 1S, 2S) using the res.hk function in R (Kassambara, 2017a; R Core Team, 2023). This function computes a hierarchical cluster analysis and cuts the trees into k-clusters, then computes the center of each cluster and then finally computes K-means by using the cluster center as the initial cluster. K-means improves the initial partitioning made by hierarchical clustering. The importance of each vegetation variable in the characterization of each sampling plot was obtained by a Principal Component Analysis (PCA) in R (Kassambara, 2017b). A hierarchical cluster method was used to compare vegetation dendrograms with sonic dendrograms using the ward linkage (JMP®, Version 16, SAS Institute Inc., Cary, NC, 1989–2023).




2.4.2 Temporal analysis of the sonoscape

Farina et al. (2023) found that the sonic expressions of sonotopes are closely linked to astronomical periods in a 24-h day and between seasons. Based on this evidence, we grouped our sonic data into distinct temporal periods over a 24-h period and seasonally. Subsequently, we analyzed our data according to two seasonal periods: spring to summer (May–June) and late summer (July–August). We divided our daily data according to six astronomical periods. We categorized these as (1) Night I (00:00 to morning twilight when the sun’s disk is at 18° below the horizon), (2) Morning twilight (morning twilight to sunrise), (3) Morning (sunrise to noon), (4) Afternoon (noon to sunset), (5) Evening twilight (sunset to evening twilight when the sun’s disk is at 18° below the horizon), and (6) Night II (evening twilight to 23:59) (Figure 4). We acquired astronomical data for every day of sampling using the http://wave.surfreport.it/ online ephemeris application and https://gml.noaa.gov/grad/solcalc/ for calculating noon. We synchronized each recording with their respective astronomical period and categorized them accordingly with a value between 1 and 6 based on the aforementioned numeric categories.




Figure 4 | Illustration of the six astronomical temporal periods of a 24-h day: Night I, Morning Twilight, Morning, Afternoon, Evening Twilight, and Night II.






2.4.3 Frequency analysis of sonoscape

In order to better understanding the role of geophonies and of biophononies in the composition and dynamics of sonotopes, we have adopted a threshold of 2000 Hz to discriminate geophonies (≤2000 Hz) from biophonies (>2000) (Gage and Axel, 2014; Mullet et al., 2016; Mullet, 2020).




2.4.4 Data processing and acoustic indices

We calculated the Acoustic Complexity Index (ACItf), as described by Farina et al. (2016), for each 5-minute sound file within the frequency range 0–16,000 Hz at 1-second intervals across 508 frequency bins separated at 31.25 Hz frequency intervals, using SonoScape™ (Farina and Li, 2022). We omitted the first four frequency bins and we applied an intensity filter to the Fast Fourier Transform matrix to exclude index values <0.01 to avoid confusing our analyses by low-frequency vibrations generated by recording devices.

We have used a Spectral Sonic Signatures (SSS) vector to represent the distribution of ACItf along frequency bins. Every element of such vector was obtained as sum of ACItf values inside each frequency bin along a time interval.

The difference between SSS was measured with the Mean Signature Dissimilarity index (MSD), calculated by averaging the values of the standardized Manhattan distance (Legendre and Legendre, 1998, see also Sueur et al., 2008; Lellouch et al., 2014), known also as Camberra metric (Lance and Williams, 1966):

	

where j is the number of frequency bin (j=1 to 60 for ≤2000 Hz class, j=1 to 448 for >2000 Hz class), i is the number of comparisons in the matrix, q = n x p is total number of MSD values obtained.

The MSD was used to comparing Spectral Sonic Signatures belonging to seasons (two elements (May–June, July–August): 1 comparison), astronomical periods (six elements (Night I, Morning twilight, Morning, Afternoon, Evening twilight, Night II): 15 comparisons), frequency categories (two elements (≤2000, >2000 Hz): 1 comparison), recording stations (eleven elements (AM2, AM4….AM13): 55 comparisons).

The standardization of ACItf values is required to avoid bias caused by the differential size in ACItf that occur between the frequency bins of each frequency interval. In this way, MSD of each comparison may vary from 0 when both elements have the same value, to 1 when one of the two elements is equal to 0.




2.4.4 Spatio-temporal sonotope analysis

We identified the spatial relationship of sonotopes with time using a hierarchical cluster analysis of total ACItf for each recording station according to astronomical period and season using the ward linkage (JMP®, Version 16, SAS Institute Inc., Cary, NC, 1989–2023), and using a clustering resolution of four trees. We assumed the cluster analysis would reveal sonotopes with a spatial composition of small patches, large patches, and spatially-disjunct patches or a sonically homogenous sonoscape where sonic patches are not distinguished. Figure 5 shows different models of how sonotopes may be aggregated inside a sonoscape.




Figure 5 | Three models of sonotope geographical repartition inside a sonoscape. (A) Uniform (one unique sonotope coincident with the sonoscape. (B) Fully heterogenous sonoscape where each sonic patch of geographical sonic competence represents a distinct sonotope. (C) Patchy sonoscape where sonotopes resulting from clumped and disjunct AMs. A sonic patch is defined as the spatial competence of a recording station.



In order to express the heterogeneity of how sonotopes are distributed in the landscape, we propose the inverse of the Gini-Simpson concentration index (Gini, 1912; Simpson, 1949; Greenberg, 1956; Berger and Parker, 1970):

	

where i is the number of sonic patches obtained from contiguous stations belonging to the same sonotope, pi=Sp/N, Sp=number of contiguous stations belonging to the same sonotope, N=number of recording stations in a study area, in our case N=11. This index is 0 when the sonoscape is only composed of one typology of sonotope, and tends asymptotically to 1 with the increase of sampling units, when all the recording stations belong to different sonotopes.

The Sonotope Heterogeneity operates in a spatially explicit condition where non-contiguous sample stations (i.e., hexagons) that exhibit similar sonic activity in a given season and astronomic period are considered as separate entities. Hexagons that do not share at least one side in common (one-neighbor rule) are classified as a single sonotope. In Figure 5A, the seven sample stations represented are all geographically contiguous and the spatial membership is coincident with the sonotope classification. In Figure 5B, every station belongs to a different sonotope whose spatial membership is coincident with sonotope classification. In Figure 5C, the sample stations are classified into three different types of sonotopes. Two sample stations belong to Type 1, three to Type 2, and two to Type 3. However, while the Types 2 and 3 are contiguous, the two Type 1s are not, so they are considered distinct sonotopes. In this case the sonoscape is composed of four separate sonic patches. According to the formula above, this example returns a value of Sonotope Heterogeneity of A=0, B=0.85, C=0.69.




2.4.5 Sonotope-vegetation relationship

In order to evaluate the effects of vegetation on the spatial aggregation of AMs in distinct sonotopes, we compared the dendrograms obtained from the classification of the AMs according to the Spectral Sonic Signature for each astronomical and seasonal partitioning in accordance to (1) the dendrogram generated from clustering AMs based on 56 vegetation parameters and (2) 56 dendrograms created by aggregating AMs according to each single vegetational parameter.

The level of similarity between the vegetation dendrograms and the SSS dendrograms were tested using the Goodman-Kruskal gamma coefficient (γ) (Baker, 1974) which was obtained using the dendextend and cor.dendlist functions (Kassambara, 2017a) in R. This approach made it possible to determine whether sonic patterns were associated with vegetation structure (i.e., γ near 1 or −1). With γ near 0 it means that SSS dendrograms are not statistically similar to the dendrograms obtained from the vegetational variables.






3 Results



3.1 Vegetation patterns

Sample sites were grouped into four distinct clusters based on their vegetation characteristics (Figures 3B, C). The height of vegetation (17.33 ± 1:24 m) was similar across all plots, and weakly correlated to the tree diameter (Pearson 0.32, p<0.0003), confirming the presence of a uniform canopy cover across the area independently from the age of the stand. Competition for light and limited resources from soil have favored homogeneous vertical development of trees.

Recording stations AM04 and AM09 possessed vegetation characteristics notably distinct from one another and all other stations (Figure 3A). This may be partially due to these stations’ spatial orientation to others. AM04 was located at the northwestern edge of the study area while AM09 was located on the south central, outer edge of the study area (Figure 3B). AM04 is characterized by trees with the largest diameter and by a high number of young trees possessing diameters of 3, 6, and 9 cm, respectively. This station had characteristics indicating a conversion into old growth. AM09 is characterized by the lowest density of ground cover and highest density of trees with diameters between 6 to 18 cm. In this station there were no recent conversion practices, and the stand reflects the past use of charcoal production with trees of the same age.

Conversely, two separate vegetation groups emerged. The first was composed of AM05, AM06, AM07, AM08, and AM10, and the second group of AM02, AM11, AM12, and AM13 (Figures 3B, C).

The first group is characterized by a higher density of ground vegetation cover, the highest density of trees with a diameter of 3 cm, and a high heterogeneity in the distribution of ground cover between the four transects. The second group was characterized by a higher density of dead trees and living trees with a diameter between 12 to 18 cm. Although AM02, AM11, AM12, and AM13 were grouped based on similar vegetation characteristics, AM11, AM12, and AM13 were spatially clustered on the eastern side of the study area while AM02 was located on the far western side of the study area (Figure 3B). Sample sites AM05, AM06, AM07, AM08, and AM10 all shared hexagonal boundaries and were spatially grouped more centrally in the study area (Figure 3B). The contribution of the 56 vegetation variables to the characterization of the sampling stations is shown in Supplementary Figure 1 for the first 5 components after the application of a Principal Component Analysis. In Supplementary Tables 1, 2, the vegetation variables are described and summarized.




3.2 Sonic patterns



3.2.1 ACItf patterns

ACItf was notably higher in May–June compared with July–August over all the astronomical periods (Wilcoxon Matched Pairs Test (N=6, T=0.00, Z=2.20, p=0.0277) (Figure 6).




Figure 6 | Distribution of ACItf (reduced by 10000) (all AM aggregated) in the two seasons and for each astronomical period.



Spectral Sonic Signature over the six astronomical periods exhibited distinct differences between May–June and July–August (Figures 7A–D).




Figure 7 | (A–D) Spectral Sonic Signatures belonging to the AMs and distinct according to two frequencies: ≤ 2000 Hz and >2000 Hz and two seasons (May–June, July–August). It is also reported the Mean Spectral Dissimilarity (MSD) obtained by a full comparison of the Spectral Sonic Signatures of the different astronomical periods. The two categories of frequencies are represented at a different ACItf scale to assure resolution at frequencies >2000.



Spectral Sonic Signature expressed higher values of ACItf in the ≤2000 Hz class than in the >2000 Hz class. The frequencies >2000 Hz have lower ACItf values in May–June than in July–August. The frequencies ≤2000 have a well-differentiated SSS between astronomical periods with the exception of AM6 and AM2, in May–June.

In July–August, frequencies >2000 have a well-differentiated SSS between all the astronomical periods excluding AM6 and AM2 (Figure 7D).




3.2.2 Mean spectral dissimilarity

Mean Spectral Dissimilarity among astronomical periods for our entire study area was higher in May–June than in July–August (Wilcoxon Matched Pairs Test (N 6, T 1.00, Z 1.99, p<0.027) with a slight increase from Morning Twilight to Night II (Table 1). Similarly, when frequency intervals of ≤2000 Hz and >2000 Hz were compared, Mean Spectral Dissimilarity among astronomical periods was higher in May–June than in July–August for both frequency classes (≤2000 Hz: Wilcoxon Matched Pairs Test = N 6, T 0.00, Z 2.2013, p<0.027; >2000 Hz: Wilcoxon Matched Pairs Test = N 6, T 1.00, Z 1.9917, p<0.046) (Table 1).


Table 1 | Values on Mean Spectral Dissimilarity between AMs obtained from the distribution of Spectral Sonic Signature among astronomical periods, seasons, and between frequency classes.



There was no significant difference in MSD among recording stations between May–June and July–August (Wilcoxon Matched Pairs Test: N=11, T=24, Z=0.80, p<0.42). This was also the case when MSD was compared among recording stations between the two seasons, but separated by frequency class ≤2000 Hz (Wilcoxon Matched Pairs Test: N=11, T=13.5, Z=1.73, p<0.08) and >2000 Hz (Wilcoxon-matched pairs test: N=11, T=24.5, Z=0.75, p<0.44) (Table 2).


Table 2 | Mean Spectral Dissimilarity of recording stations (AMs) obtained from the distribution of Spectral Sonic Signature over astronomical periods (Tot), seasons (May–June, July–August), and frequencies classes (≤2000 and >2000).






3.2.3 Sonotope patterns

Cluster analysis of ACItf revealed sound sample sites could be distinguished differentially as sonotopes across six astronomical periods during both seasonal periods (May–June and July–August) (Figure 8). While there was no significant difference in how sonotope configurations differed among astronomical periods when compared between seasons (Wilcoxon Matched Pairs Test: N=15, T=40, Z=1.139, p=0.25), there were distinct configurations among astronomical periods within each season. Specifically, the configuration of sonotopes in May–June was more similar across all astronomical periods from Morning Twilight to Night II, while sonotope configuration of Night I was more unique than other astronomical periods except Morning (Table 3). During July–August, sonotope configurations expressed more unique patterns between astronomical periods, with Night I exhibiting the most unique arrangement when compared to all other astronomical periods (Table 3). Notably, there was no difference in sonotope configuration between Evening Twilight and Night II during both seasons (Table 3).




Figure 8 | Dendrograms obtained clustering the AMs according their Spectral Sonic Signatures in different astronomic periods (NI=Night I, MT=Morning Twilight, MO=Morning, AF=Afternoon, ET=Evening Twilight, NII=Night II and at two seasons MJ=May–June; JA=July–August. The AMs are also represented with hexagons of different colors according the position in dendrogram tree. AMs with the same color represent distinct sonotopes that change in space and time. The colors in each dendrogram are independent from the others along the astronomic periods.




Table 3 | A Matrix obtained applying the Goodman-Kruskal’s gamma index to the dendrograms of each astronomic period during the two seasons.



Sonotope Heterogeneity was not significantly different among astronomical periods when compared between seasons (Wilcoxon Matched Pairs Test: N=6, T=2, Z=1.4832, p=0.13) (Table 4). However, May–June expressed higher Sonotope Heterogeneity values during Night I and Afternoon than other astronomical periods while sonotopes all had similarly high heterogeneity for all astronomical periods except Morning in July–August (Table 4). Recurrent patterns of sonotopes were apparent for the sonotope aggregate of AM02, AM05, AM04 (100% of temporal episodes). Recurrent aggregations were also evident between AM11 and AM13 (83.3% of temporal episodes), between AM09 and AM12 (100% of temporal episodes), and between AM08 and AM10 (75% of temporal episodes) (Figure 8).


Table 4 | Sonotope Heterogeneity in the different astronomical periods. Values close to 1.00 indicate highest heterogeneity.






3.2.4 Correlation between vegetation variables and sonotopes

There was no correspondence with any astronomical sonotope configuration and the spatial distribution of vegetation within this beech forest. The spatial configuration of sonotopes for May–June (γ=0.0465, =0.033) and July–August (γ=0.011, =0.007) were not significant in comparison to vegetation configuration by sample site (Wilcoxon Matched Pairs Test: N=6, T=2, Z=1.78, p=0.074). However, we found that sonotopes and vegetation dendrograms of the 56 separate vegetation parameters had a higher γ values in May–June than July–August (Wilcoxon Matched Pairs Test: N=56, T=503.0, Z=2.4063, p=0.016144) (Supplementary Figure 2).






4 Discussion

Our investigation of sonotopes within this homogeneous beech forest expands on the findings of Farina et al. (2023) to build further evidence of the Sonotope Hypothesis. Our study area was characterized as a homogenous landcover class because it possessed virtually no ground cover vegetation and consisted of a uniformly dense canopy of trees dominated by one species, European beech (Fagus sylvatica L.) (Pezzi et al., 2007; Pezzi et al., 2008). However, we found that the dimension and density of beech trees at localized sample sites demonstrated quite different structural characteristics creating an evident mosaic of tree trunk diameters with some areas intermixed with various stages of young trees. Consequently, our study area had a relatively heterogeneous vegetation structure that was placed into four statistically distinct groups despite its homogeneous landcover classification. While this finer-scaled heterogeneity is likely due to the spatially and temporally inconsistent methods of selective cutting, it provided an acceptable experimental setting to test whether sonotopes are expressed in a homogenous landcover class and, if so, are they linked to localized vegetation structure? We tested these relationships within the temporal context of seasons and astronomical periods, and the spatial context of 11 sample plots.

The overall sonoscape was characterized by a predominance of low-frequency sounds ≤2000 Hz over both seasonal and astronomical periods. The sources of low-frequency sonic events are commonly attributed to geophony produced by wind when in rural and remote areas (Mullet et al., 2016; Farina et al., 2021b). Although mid- to high-frequency sounds >2000 Hz, associated with biophony (Gage and Axel, 2014; Farina and James, 2016), were more subtle than low-frequency geophonies, biophony throughout our study area was more prevalent in July–August, when the breeding season of birds was at the end, than in May–June. Concurrently, sonic events were more dissimilar among astronomical periods in May–June than July–August which may be explained by the fact that this region commonly experiences more wind in May and early June with daily wind events throughout a 24-h period than it does in July and August (https://beach-weather.com/Southern-Europe/Italy/Tuscany/averages/#windinfo).

Despite this being a managed and recovering Mediterranean forest, the type of geophonically dominated soundscape is more commonly documented in subarctic environments and winter (Mullet et al., 2016; Mullet, 2020) and is not suggestive of a healthy forest for songbirds and stridulating insects. Perhaps what is also unusual is that breeding birds in this region are more sonically active between May and June, not July and August (Farina, 1997). It is not clear to us why we documented higher biophonic activity that did not concur with known songbird breeding phenology.

Recovering beech forests like our study area have been known to host a higher species diversity when there is more complex vegetation structure and a high number of standing dead trees (Laiolo et al., 2004). While we do report a relative measure of vegetation structural complexity and some biological activity, this beech forest appears to be more like a “green desert” commonly seen in monoculture plantations (Horák et al., 2019), and probably the result of the continued impact of intensive charcoal production (Benatti et al., 2018). Although the forest appears to be suitable habitat, the dominance of geophony and low occurrence of biophony is evidence the current management of this forest is not yet suitable for songbirds and stridulating insects, indicators sometimes used to measure forest health (Canterbury et al., 2000; Moir and Brennan, 2007). Sonic activity has proven to be a prime clear indicator of similar long-term effects of human-caused forest degradation practices in the United States’ national forests (Krause et al., 2011).

We confirmed sonotopes were differentially expressed within the homogenous landscape of our study area using the improved ACItf and novel Mean Spectral Dissimilarity and Sonotope Heterogeneity in conjunction with cluster analysis and Goodman-Kruskal gamma coefficient. While sonotope arrangements were mostly static over astronomical periods in May–June and relatively more dynamic in July–August, their configurations were similar when compared between seasons. This suggests that sonic activities do change throughout a 24-h day, depending on the season, but the way they are arranged in space remained consistent between the seasons of May–June and July–August. This could be explained by the ecological relationship we found between the configuration of sonotopes and vegetation structure. Specifically, the explicit way sonotopes were spatially configured were directly linked to the arrangements of vegetation structure and these relationships was stronger in May–June than in July–August.

The predominance of geophonies and the ecological link between sonotope configuration and vegetation structure could explain why sonotopes were mostly static across astronomical periods in May–June and had a stronger relationship than in July–August. For instance, with relatively few biophonic activity, May–June experienced more wind than July–August, such geophysical event would generate very specific geophonic phenomena consistent with the structure of vegetation at localized areas (Miller, 1978). This can be considered with the fact that wind can behave temporally in a way that creates long periods of ephemeral geophony, generating very consistent and mundane periods of sonic production (Mullet et al., 2016; Farina et al., 2023). Yet, Night I stood out as the most dissimilar astronomical period of both seasons. This was likely an indicator that Night I was a period when more sonically energetic geophonies, biophonies, and anthropophonies are absent, creating a unique period when only a low-frequency background sound of geophonic ambience is present in a way humans describe as natural quiet (Mullet et al., 2017a; Farina et al., 2023). While natural quiet is seen as a quality of some landscapes (Mace et al., 2004; Mullet et al., 2017b), it can also be an indicator of sonic extinctions where the Spectral Sonic Signature of an ecosystem is destroyed to such an extent, the sonic environment never recovers to its original state (Monacchi, 2013). We know that the old-growth European beech forests of Sasso Fratino Integral Reserve (Central Apennines, Italy), untouched by human intervention for 500 years, possesses a rich diversity of biophony (Farina et al., 2021a). Our results paint a stark contrast.




5 Conclusion and recommendations

The ecological and evolutionary role sonotopes play within the environment is not fully understood and requires further study (Carothers and Jaksić, 1984; Kronfeld-Schor and Dayan, 2003; Bennie et al., 2014). However, we lay one more block of knowledge to building the foundation of the Sonotope Hypothesis proposed by Farina (2014). Here, we have revealed that sonotopes are also evident within a homogenous landscape and their ecological relationship to the physical environment is closely linked to localized arrangements of vegetation structure. We obtained evidence that sonotopes are influenced by physical-biological factors operating at a local scale.

The Mean Spectral Dissimilarity, a good companion of the Spectral Sonic Signature, when applied to the overall collection of autonomous recording units, represents a robust proxy of the internal sonic heterogeneity, and an important index for an inter-regional ecoacoustic comparison. The six astronomical delimitations that we have used could be in the future refined adding further partitioning based on the vocal habits of focal species.

The strict relationship between time and space is demonstrated by the emergence of separate sonotopes summarized in the Sonotope Heterogeneity Index.

The analysis of the sonoscape and of the sonotopes requires new methodological implementations that we can summarize in the following points:

	1. Utilization of an adequate grid of audio recorders according to a scaled geometry to improve the representation of the variability in the geophony, biophony and technophony of the area. For instance, the number of recording stations should be more consistent to grasp the environmental variability at a larger scale and to carry out a multiscale comparison. In the same studied area, a tentative simulation, has demonstrated that 30 recording stations could cover the variability of the entire landscape, paving the way for new ecological evaluations.

	2. Collection of detailed vegetational variables selected according not only to an alleged relationship with animal traits but also to a relationship with geophonic agents like wind and rain.

	3. Detailed description of weather conditions like direction and wind speed, solar radiation, humidity and temperature at every recording site, that for the effects on sound transmission, become functional to a geophonic evaluation.

	4. Tuning the astronomical repartition of the daily time according to different biogeographic regions, and selecting appropriate seasonal partitioning capable of detecting the variability of the acoustic communities.

	5. Implementation of the cluster analysis and its statistical validation in the identification of the sonotopes.

	6. Implementation of the Mean Spectral Dissimilarity algorithm to improve the better interpretation of the Spectral Sonic Signature that guides the process of sonotope identification.

	7. Improving the graphical representation of sonotopes adopting spatial explicit representation of their distinctiveness and spatial diversity.



The presence in this forest of only one species of tree (Fagus sylvatica) is probably the main cause of the biophonic poverty. The eradication of spontaneous trees like Sorbus aucuparia, Laburnum alpinus, Juniperus communis, or Abies alba, and of dead trees and logs during decades of charcoal utilization, has dramatically reduced the habitat suitability (scarcity of breeding places and food resources), with a negative impact on biodiversity that still persists. Despite the fact that is not the main goal of this paper to discuss the management policy of this forest, we encourage an ecological restoration oriented not only to improve the spatial complexity of the existing stands, but also devoted to increase the variety of trees and shrubs that actually is very low. Contemporarily it would be desirable to increase the spatial and structural heterogeneity of the stands creating clearings that could favor the ecological succession. The ecoacoustics monitoring applying the Sonotope Hypothesis procedure could be an efficient methods at local and at landscape scale, to track future desirable successes of the suggested strategies.
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