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Abstract: The oceanic crust consists mostly of basalt, but more evolved compositions may be far more

common than previously thought. To aid in distinguishing rhyolite from basaltic lava and help guide

sampling and understand spatial distribution, we constructed a classifier using neural networks and

fuzzy inference to recognize rhyolite from its lava morphology in sonar data. The Alarcon Rise is

ideal to study the relationship between lava flow morphology and composition, because it exhibits a

full range of lava compositions in a well-mapped ocean ridge segment. This study shows that the

most dramatic geomorphic threshold in submarine lava separates rhyolitic lava from lower-silica

compositions. Extremely viscous rhyolite erupts as jagged lobes and lava branches in submarine

environments. An automated classification of sonar data is a useful first-order tool to differentiate

submarine rhyolite flows from widespread basalts, yielding insights into eruption, emplacement, and

architecture of the ocean crust.

Keywords: seafloor classification; lava morphology; remote sensing; machine learning; fuzzy logic;

oceanic spreading ridge

1. Introduction

Seafloor produced at spreading ridges consists mostly of basaltic lava; however, more evolved rock

compositions are not as rare as previously believed. In fact, non-basaltic compositions might often be

associated with ridge axis discontinuities [1–4] and thereby constitute a significant fraction of oceanic

crust. The difficulty of locating these outcrops of non-basaltic rock types during the limited time and

distance of deep-sea dives motivates this study to investigate alternate methods of prospecting for

high-silica submarine lava types. Alarcon Rise, in the Gulf of California, is a unique ridge segment with

lava flows with mafic, intermediate, and felsic compositions (Figure 1). The goal of this study was to

determine whether morphology can be used to identify submarine lava flows of different compositions.

Basalt submarine lava morphologies are mainly controlled by lava effusion rate [5,6] sheet to

pillow flows [6–12]. Lava containing more silica is typically described as large pillows for andesite or

dacite composition (e.g., [13,14]) (Figure 2). In 2012, the first spreading ridge rhyolites were discovered

along a faulted ridge and breccia-covered mound in Alarcon Basin [15].
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Figure 1. The Alarcon Rise is the south en-echelon ocean spreading ridge in the Gulf of California

(black box in inset). Note that the map is oriented with north toward the upper right, and coordinate

tics are spaced at 5 arc-minute intervals. The entire area of autonomous underwater vehicle (AUV)

bathymetry at the Alarcon Rise is our study area, and three Area of Interest (AOI) locations (red boxes)

referred to in this study are the volcanic shield (South AOI), volcanic cone (Central AOI), and high-silica

ridge (North AOI).

We anticipated differences in lava flow morphologies would result from lava composition changes

just as increasing viscosity can change basaltic lava flows from sheet to pillow flow [8,16]. Evidence

from the visual geologic mapping suggests that rhyolites display a morphology distinct from that

of other lava compositions, suggesting that an automated classifier could identify that morphologic

threshold in meter-scale resolution bathymetry data. Here, we investigated geomorphic characteristics

inherent to rhyolitic submarine lava flows at spreading ridges. To aid in distinguishing a geomorphic

fingerprint for rhyolitic lava from that for basaltic lava, we constructed an artificial intelligence classifier.

Rhyolitic submarine domes and lava morphology have been described previously in volcanic

arcs [17,18], fore-arcs [19], and convergent continental margins [20,21] at Alarcon Rise was recovered

from a 500 m-diameter dome protruding from a 9 km-long ridge (Figure 2); we wanted to determine

geomorphic differences in lava flows as their silica composition changes. Chadwick et al. [22] noted

that multibeam bathymetry gridded at 1 m provides sufficient resolution to directly measure dikes,

faults, and lava flows. To study individual rhyolitic lava flows rather than volcanic edifice properties

at Alarcon Rise, we utilized the same type of 1 m gridded multibeam bathymetry from which rhyolitic

flows can be delineated by texture.
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Figure 2. Comparison of the scale of intermediate and basaltic pillows in Remotely Operated Vehicle

(ROV) Ricketts photographs. The white line represents 1 m for each image. Basalt pillows have average

diameters of ~1 m, whereas intermediate pillows consistently have much larger diameters >1 m;

intermediate pillows also have roughly striated surfaces and extreme radial jointing.

2. Data Collection

MBARI completed mapping and sampling expeditions to the Alarcon Rise in 2012 and 2015.

MBARI mapped approximately 165 km2 of the Alarcon Rise using autonomous underwater vehicle

(AUV) D Allan B. Data with a 1 m lateral and 0.1 m vertical resolution were collected by a Reson 7125

200 kHz multibeam sonar system at 60–90 m above the seafloor in 2015 to map the spreading ridge; raw

data are available at doi:10.1594/IEDA/324367 [23]. MBARI processed the raw multibeam sonar data in

MB-System. The data were processed following the procedures in Caress et al. [24] for removing bad

navigation fixes, matching features on adjacent and crossing tracklines to tighten the relative navigation

and manual editing to remove sonar artifacts. Because the classification is resolution-dependent, higher

resolution grids would be more sensitive to lava morphology expressed at the meter scale. Gridding at

finer intervals <1.0m introduces stochastic noise which degrades all of the derived-bathy data used

in the classifications. We used the resulting 1 m gridded bathymetric data in this study to minimize

noise and as appropriate to the beam sounding density of these data [15,23]. Resolution provided by

1 m gridded data retains the scale of roughness to distinguish lava megapillows (>1 m diameter) and

jagged flows suspected to represent higher-silica lava from smoother flows typical of basalts.

MBARI conducted two sampling expeditions to the Alarcon Rise on the R/V Western Flyer. Three

hundred and sixty-two lava flow samples were collected along the spreading ridge. ROV Doc Ricketts

collected 314 in situ rock samples, and R/V Western Flyer collected 27 samples of glass chips and rock

fragments by rock corer. Subsequent MBARI cruises following the two main sampling expeditions
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retrieved 21 additional lava samples that we used in this study. Samples collected in 2012 by ROV Doc

Ricketts have a geographic uncertainty of ~20 m, [15], and rock corer samples of ~10 m.

Following the sampling expeditions, Clague et al. [15] analyzed each sample for geochemical

composition. Volcanic glass from most samples was basalt with MgO of 6.0–8.6 wt%; however, some

samples collected from north Alarcon Rise (north AOI, Figure 1) had low MgO wt% and SiO2 57–78 wt%,

corresponding to intermediate-to-felsic compositions [15]. Classification of rock type follows Clague et

al. [15], with rhyolites containing SiO2 74–78 wt.%.

3. Ridge Description

The Alarcon Rise is an intermediate spreading ridge with a full-spreading rate of ~50 mm/a [25].

The geomorphology of the Alarcon Rise, like that of other intermediate-rate (40–80 mm/a) ridges,

contains regions similar to faster and slower spreading ridges [9]. We divided Alarcon Rise into

segments north and south of 23◦36’ N based on kilometer-scale geomorphic differences and spreading

axis continuity (Figure 3), following Clague et al. [15]. Sheet flows form broad low-relief lava shields

over the south segment of the Alarcon Rise and a ~700 m-diameter pillow mound. The central portion

of the Alarcon Rise exhibits a flat-topped volcanic cone with a ~700 m diameter, and smaller pillow

mounds (100–200 m diameters) and sheet flows also cover the central region. All samples collected

from the south and central sections of the Alarcon Rise were basaltic.

The north segment of the Alarcon Rise resembles slow-spreading ridges with faults and fissures

400–600 m long and axial volcanic ridges (e.g., [26]). A ~9 km long axial ridge separates the north

segment to the west of the ridge into large (>1 m diameter) pillows with deep (>1 cm) striations giving

the bathymetry of this area a hummocky texture (Figure 2). These are all evolved lava compositions [15].

To the east of the ridge, quasi-circular, smooth pillow mounds and smooth sheet flows dominate.

A ~500 m diameter rhyolite dome protrudes from the axial ridge (Figure 4). The rhyolite dome has

a jagged surface composed of angular, blocky lava flows and breccia (Figure 5). Similar observations

regarding submarine rhyolite domes constructed from elongated brecciated lobes >1 m in diameter

and angular blocks of lava have been made in arc settings [18,21]. Rhyolite flows likely formed as

autobrecciated, jagged, or “toothpaste” morphology.
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Figure 3. Examples of the distinct geomorphic provinces at the Alarcon Rise from Figure 1. Samples

with basalts on mounds on the east and rhyolites cropping out on the ridge to the west were collected in

the north AOI (top panel), which shows the rhyolitic dome and part of a 9 km-long ridge. The central

AOI is dominated by a 700 m-diameter volcanic cone in the lower left of the map area shown (middle

panel). The south AOI is dominated by a hummocky lava shield to the east side of the spreading axis

(bottom panel).
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Figure 4. 3D perspective of the high-silica region in the north AOI at 3× vertical exaggeration.

The rhyolite dome extrudes from a central ridge that separates the high-silica zone to the west. Lava on

the rhyolite dome create a jagged texture of the seafloor. In contrast, quasi-circular basalt mounds have

smoother surfaces in the AUV bathymetry.

 

 

Figure 5. Examples of rhyolitic lava flows in ROV Doc Ricketts images. Laser spacing (red dots) is

70 cm. Rhyolitic flows can be blocky and angular with deep corrugation (left), form branches with

jagged nodules (middle), or sometimes resembles blocky breccia (right).
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4. Lava Morphology Characteristics of Basalt to Rhyolite

Submarine flow morphologies of evolved lava compositions have been recorded at some propagating

ridge tips, overlapping spreading centers, ridge-transform intersections, and supra-subduction

spreading [1–4,27,28]. Andesites and dacites formed elongated, large (<1 m diameter) pillow lavas

with deep striations at the Galapagos Spreading Center and the eastern limb of 9◦ N East Pacific Rise

overlapping spreading center [13]. Where the Juan de Fuca Ridge propagates past the Blanco Transform

Zone, andesites and dacites were recovered from two small domes 200–500 m in diameter [14].

To determine if geomorphic characteristics can be used to classify submarine rhyolite flows and

basalt flows at the Alarcon Rise, we took quantitative measurements of the geomorphology at type

locations chosen from the bathymetry and rock samples. The rough texture, abundance of hummocks,

and jagged surface of the rhyolite dome is visually distinct from the smooth texture, low density of

local peaks and uniform surface of basalt mounds. To quantify these differences for machine-learning

classification, we derived three datasets from the original 1 m-resolution bathymetry: maximum slope,

bathymetric position index (BPI), and slope range. However, all the evaluated variables are known to

have issues for being input-resolution-dependent. The evaluation of results obtained using different

input resolutions is a known issue, discussed further in Section 9.

Classification variables were chosen on the basis of a combination of their ability to quantify the lava

morphology at the scale of the bathymetry data and an iterative process where combinations of variables

were tested to remove redundancy and lower classification uncertainty. Initially, we considered many

variables for inclusion in the classification scheme including depth, aspect, slope, and rugosity indices.

Principal component analysis (PCA) analysis indicated these variables were highly correlated with

slope or BPI. We discarded the most redundant variables and retained the three described here.

Although we focused on lava flow scale with pixel-based classification, we integrated information

at both scales with our neighborhood size of slope, BPI, and slope range. Depth and aspect biased the

classifier towards specific depths and azimuth directions, respectively, and the rugosity index that

most effectively distinguished local and ridge-scale roughness was BPI.

Slope is thought to have a profound effect on lava morphology, and previous classifications found

it useful [5,29–32]. We calculated slope at a 1 m grid spacing using Horn’s method to find the maximum

slope in a 3 × 3 m moving window where the ratio of the rate of change of the surface in the horizontal

to the vertical direction determined the slope [33]. Faults appeared as linear, near-vertical features in

multibeam sonar bathymetry (Figure 6). To reduce the influence of faulting on the slope values of lava

flows, we removed all grid cells with slope values above >45◦. Setting this threshold also removed

many of the sonar artifacts. We used >45◦ slope to mask faults in the original bathymetry before

deriving other datasets. We observed that most basaltic lava flows formed slopes < 20◦, whereas the

majority of rhyolitic flows had slopes 20–40◦ (Figure 6).

To capture the pattern of small hummocks of high-silica lava flows at the rhyolite dome and west

of the north ridge, we calculated the BPI. The BPI is the vertical difference between a depth of a point

on the seafloor and the mean depth of a user-specified region [34]. We calculated BPI over a 0.5 km

moving window chosen to capture vertical variation at a scale large enough to distinguish the rhyolite

dome (diameter ~500 m) as the largest feature of interest (Figure 7). Basalt generally does not form local

peaks or high slopes, indicated by BPI values near 0. Rhyolitic flows often build multi-tiered structures

of individual hummocks, reflected by the bimodal distribution of BPI values (Figure 7, bottom panel).
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Figure 6. Slope (top panel) showing that rhyolites are associated with steep slopes, along with many

intermediate compositions. Slope values >45◦ were only associated with faults and removed from the

dataset used for lava morphology classification.

Slope profiles taken at the rhyolite dome and basalt mounds indicated that rhyolitic lava had not

only higher slopes than basalts but also a distinctive range of slope values (Figure 8). A 10 × 10 m

neighborhood, roughly 3 times the size of the moving window used for the slope calculation, was

chosen to be larger than large-pillow size but also as small as possible. Rhyolite flows typically show

a larger range of slope values than basalt flows. Slope range of more than 20◦ captures the jagged

nature of rhyolite at the 10 m scale. Most basaltic lava flows form smooth-surfaced volcanic features,

indicated by a slope range of <10◦. We calculated the range of slope in 10 m blocks using a directional

filter parallel to the spreading ridge axis. Directional filtering combined with the 45◦ threshold limited

the influence by extensional faulting. A principal component analysis confirmed that slope and slope

range datasets were not redundant, as one would expect from the different window sizes.
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Figure 7. Bathymetric position index (BPI) values at the 0.5 km scale at the Alarcon Rise for two

examples within the North AOI (top panel) and to the south of that region (middle panel) to illustrate a

mainly basaltic flows and the rhyolitic area. Basalt samples from flat terrain about a zero value with a

few basalts collected on isolated pillow mounds resulting in a high BPI value (bottom panel). Most

rhyolitic samples had high BPI values.
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Figure 8. The top panel shows the locations of the slope profiles at the rhyolite dome (white lines)

and on a basalt mound (black lines) shown in the lower two panels. The slope profiles were taken

parallel to the axis to diminish any residual effects of faulting. Slope values for rhyolitic lava flows are

consistently higher than those of basalt pillow mounds. Slope ranges of rhyolite flows are also greater

than those of basaltic flows.
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5. Lava Morphology Classification Method

Here, we attempted a classification of basalts and rhyolites at Alarcon Rise using an adaptive

neuro-fuzzy inference system (ANFIS) that has proven effective at distinguishing lava morphology

using sonar data [32]. Artificial intelligence classifiers are powerful tools for mapping submarine

volcanic features (e.g., [31,35–37]). ANFIS combines the processing power of an artificial neural

network with fuzzy logic [38]. Neural networks mimic the human nervous system by using processing

nodes (neurons) connected to one another via weighted paths. Fuzzy classification is particularly

appropriate because it models the natural continuum of lava composition expressed through the

changing geomorphology of submarine lava flows. Unlike hard classification systems that assume

discrete boundaries between homogenous classes, ANFIS uses fuzzy logic to assign a continual grade

to heterogeneous classes with indistinct boundaries [38,39]. This is the first study to apply fuzzy

inference classification to classify seafloor lava compositions. Limitations of the current methods

are that categorical groups designed by the classifier give very little sense of the uncertainty of the

classification beyond standard accuracy assessment.

The ANFIS classifier was constructed in MatLab using the Fuzzy Logic Toolbox and syntax library.

Bathymetric data rasters were converted to xyz point tables for each pixel in the raster containing

geospatial coordinates and the value associated with each input (slope, BPI, or slope range). After

loading the ANFIS library in Matlab, a training cycle was initiated to find the best assignment functions

of predetermined classes (basalt and rhyolite). The ANFIS learning process involves three steps. First,

the system constructs if-then rules from the training data provided. Second, membership distribution

functions are assigned to fit the value of the pixels in the classes represented by the training data.

Third, ANFIS creates the neural-network structure that stores the rules. This process is repeated in

each training cycle, when the weights of paths between each node are adjusted to minimize the error

between the training input values and the classified output values.

Once the smallest class assignment uncertainty was reached during training, the structure of the

classification was saved as a Fuzzy Inference System (FIS). Data to be classified were then loaded to

the FIS. The rules created during the training cycle were applied in Matlab, and each row on the matrix

(representing a different spatial point) was assigned a probability of belonging to a signature class.

We trained ANFIS to recognize basalt and rhyolite from slope, BPI, and slope range values

extracted at ground-referenced locations of rock samples comprising the training data (Figure 9).

ANFIS created three membership functions to distinguish between the classes. The iterative learning

process inherent to the design of ANFIS determines the number of membership functions. ANFIS

optimizes the classification by selecting the lowest number possible of membership functions to

produce the lowest classification uncertainty from the training cycle. One hundred and fifty-six

basalt and 30 rhyolite samples were used to train the classifier (data available in Clague et al. [15] as

supplementary tables). The learning phase required <10,000 iterations to achieve a training accuracy

of 84%. We reserved data from 52 basalt, 13 rhyolite, and 79 intermediate samples to test the accuracy

of our classification.

To classify lava flows at the Alarcon Rise, we divided the 165 km2 of 1 m bathymetry into point

grids of non-overlapping 2 × 2 pixels representing 4 m2 of seafloor as multibeam echosounder survey

data (Figure 9). The pixel values for slope, BPI, and slope range at the geographic location of each point

were extracted along the entire Alarcon Rise. ANFIS classified each point on the basis of the knowledge

base developed during the learning phase. We then converted the classified point grids to a classified

raster data. Each pixel represented 4 m2 of the spreading ridge. We smoothed the classification to

diminish the effect of speckle with a 10 m majority filter that selected for the most common value to

replace the assumed mis-classified outlier value. The classified zones were then defined using the

boundary clean and nibble functions in the Spatial Analyst toolbox of ArcGIS 10.4 to make cohesive

classified regions more prominent on the map.
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Figure 9. Adaptive neuro-fuzzy inference system (ANFIS) classification workflow. Ground-reference

samples of basalt or rhyolite are divided into independent testing and training datasets. Slope, BPI at

the 500 m scale, and slope range values are extracted at the training datapoints. The classifier then

creates membership functions and classification rules. The resulting fuzzy inference system (FIS)

classifies every 4 m2 of seafloor with a probabilistic estimate of belonging to a rhyolite or basalt class.

We tested the accuracy of our classification by reserving the testing data and comparing the sample

composition to the ANFIS-assigned class.

6. Training Data Selection

To classify lava composition on the basis of the geomorphic attributes of submarine lava

flows, we needed to compile a robust dataset of ground-referenced samples. Training data are

ground-referenced points with known lava compositions that provide representative examples of each

class. The samples collected in 2012 and 2015 limited our training data selection and spatial distribution.

Only 45 samples were rhyolite, less than the minimum recommendation made by Congalton [40]

of 50 samples per class. We rejected samples that were located at bathymetric data gaps, faults,

or sedimentary basins off axis. If more than one sample of the same composition was collected at a

given location for a certain lava flow, only one of the samples was used to help mitigate the effects

of clustering common in deep-sea sample collection. These criteria further reduced to 2 rhyolitic,

5 intermediate, and 22 basaltic samples from the ground-referenced dataset suitable for training the

classifier. We designated 75% of the remaining samples as training data and reserved 25% for accuracy

assessment that were somewhat randomly selected but still spatially distributed.

7. Accuracy Analysis

A full and robust accuracy analysis was precluded by the small number and clustered spatial

distribution of samples available for the classification of rhyolitic lava flows on the seafloor. Error

and accuracy matrices provide a quantitative assessment of classification performance when remotely

sensed categorical data meet the requirements outlined in Congalton [40]. To better evaluate the

reliability of accuracy assessment metrics in light of the limitations imposed by the relatively small

number of ground-reference samples—a typical situation in deep-ocean studies—we present two

scenarios to gain an understanding of how consistently ANFIS performed as the testing datasets
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changed for each scenario or whether slight changes in the assessment data might affect the accuracy

assessment. We present normalized accuracy matrices for each scenario to diminish the effect of

sampling bias [40], such as bias from the paucity of rhyolitic samples.

We calculated three accuracy metrics for each scenario. Overall accuracy is the number of samples

correctly classified divided by the number of samples. Producer’s accuracy (PA) is a descriptive statistic

that indicates omission error when a pixel is excluded from the correct class by misclassification.

User’s accuracy (UA) accounts for errors of commission when a point is assigned to the incorrect class

and reflects the likelihood that a user would find that any given pixel on the map is misclassified.

Kappa coefficient measures agreement from 0 (no agreement) to 1 (complete agreement) between the

ground-referenced data and the classified map [41]. Unlike overall accuracy, Kappa coefficients adjust

for chance agreement between classification and testing data.

Scenario 1 compared 52 basaltic samples to 13 rhyolite samples (Table 1). Classification performed

better for basaltic morphology than rhyolite morphology; 38% of rhyolite samples were classified

correctly (Table 1). UA in Scenario 2 increased to 100% (Table 2) by removing two basalt testing samples

that were collected on talus slopes.

Table 1. Normalized accuracy assessment. PA: producer’s accuracy, UA: user’s accuracy.

Ground Reference Classes

ANFIS Classes Basalt Rhyolite Total Possible PA UA

Basalt 0.78 0.19 0.97 78% 81%
Rhyolite 0.22 0.81 1.03 81% 79%

Total 1.0 1.0 2
Overall Accuracy 80%

Kappa Value 0.60

Overall accuracy remained consistent in the range of 80–95%, and Kappa was in the range of

0.60–0.90. Testing points were collected from both on and off the rhyolite dome, where distinctive

jagged rhyolite flows were evident, and four samples were classified as rhyolite. Three points were

collected along the flanks of the dome, and six were located outside the rhyolite dome (Figure 10).

Our testing data contained only one point outside the dome as rhyolite, which ANFIS classified

correctly. In Scenario 1 (Table 1), the value of the Kappa coefficient indicated moderate-substantial

agreement between the classified map and the ground-reference data, and Scenario 2 was 0.90 (Table 2),

indicating nearly perfect agreement [41].

Table 2. Normalized accuracy assessment of data without basaltic talus.

Ground Reference Classes

ANFIS Classes Basalt Rhyolite Total Possible PA UA

Basalt 1.0 0.1 1.1 100% 91%
Rhyolite 0 0.9 0.9 90% 100%

Total 1 1 2
Overall Accuracy 95%

Kappa Value 0.90

Removal of basaltic talus points from the testing dataset increased the accuracy associated with

our classification. This illustrated the constraints on the ability to separate a geomorphic signature of

rhyolitic lava flows from those of basaltic talus or breccia. Talus and rhyolite on the seafloor had the

same geomorphic signature in 1 m-resolution bathymetry because rhyolite commonly emplaces as

either breccia or jagged flows in submarine environments [18–21,42]. When we removed two talus

basalt samples in the testing data that were mis-classified as rhyolite, 100% of pixels classified as

rhyolite were correct.
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Figure 10. Map of testing data of 13 points reserved to test the classification accuracy for a rhyolitic

geomorphic fingerprint, most on the main rhyolite dome, and one sample located at a smaller rhyolite

dome to the north. Not all basaltic testing data are shown here.

8. Classification Results

To determine value ranges for the basaltic and rhyolitic classes, we compared the classified pixel

value at each basalt and rhyolite sample location. The pixels were bi-modally distributed: basaltic

samples clustered at the value of 0.9, and rhyolitic samples at 1.9; 75% of rhyolite and <3% of basalt

were classified with values ≥1.7. Therefore, we defined the rhyolite class as including values ≥1.7.

All pixels with values <1.7 were assigned to the basalt class (Figure 10). One of the benefits of fuzzy

classification is the ability to manipulate the breaks between classification classes and test various

scenarios to find those that apply in different areas on the basis of the testing data.

The resulting classification illustrates the distribution of lava flows with basaltic and rhyolitic

geomorphic characteristics (Figure 11). ANFIS classified 94.5% of the Alarcon Rise as basalt (156 km2

of seafloor). The remaining 5.5% was classified as rhyolite (9 km2). The north ridge segment appeared

to contain the majority of classified rhyolite, which is consistent with seafloor observations of rhyolite

domes. ANFIS identified the ridge as mostly having a rhyolitic signature, including the rhyolite dome.

Basalt was found to dominate the south ridge segment of the Alarcon Rise. Areas in this segment that

ANFIS identified as rhyolitic appeared limited to the slopes of the larger volcanic cones [15] (Figure 12).

Many pillows with high-to-intermediate silica content were classified as large basaltic pillows. Like

submarine lava flows of intermediate composition observed elsewhere [13,14,27], the diameter and

surficial striations of intermediate flows at the Alarcon Rise appeared to be larger and deeper than

those of basaltic pillow lava (Figure 2). These are characteristics below the resolution of the sonar

data in this study. Nevertheless, the number of samples assigned to the basaltic class increased with

decreasing bulk silica content (Table 3).
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Figure 11. The vast majority of the Alarcon Rise was correctly classified as basaltic (light shading, top

panel), with a rhyolitic signature (white outlines) dominantly in the north. Inset of the North AOI

(red box) shows the majority of rhyolitic samples correctly classified with a rhyolitic fingerprint along

with some intermediate samples classified as rhyolitic. The class break was chosen at a value of 1.7

because 75% of rhyolitic samples and only 3% of basaltic samples were classified with values equal to

or above 1.7.

Table 3. Normalized percent of pixels assigned by classification for known sample lava composition.

Classification
Results

Sample Composition

Basalt
(208 Samples)

Basaltic Andesite
(19 Samples)

Andesite
(37 Samples)

Dacite
(22 Samples)

Rhyolite
(43 Samples)

% Basalt 97 89 76 73 26

% Rhyolite 3 11 24 27 74
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Figure 12. Classified map of the Alarcon Rise in three geomorphologic regions with testing data.

The north region contains the majority of lava flows classified as rhyolite. The west side of the ridge

also has a distinctly rhyolitic lava morphology compared to seafloor east of the ridge. The majority of

the rhyolitic dome was classified with rhyolitic compositions. The central region was mostly classified

as basalt. One notable exception is the edge of the volcanic cone. This is likely due to brecciated lava

flows and talus at the steep sides. ANFIS correctly classified the southern lava shield as basaltic.
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9. Discussion

This work shows that basalt flows can be distinguished in meter-scale bathymetry data from

jagged rhyolites, and ANFIS classification can be used to distinguish these categories. Intermediate

and basaltic pillow lava likely form similarly, but pillow diameter increases due to increased viscosity,

slower effusion rate, and lower eruption temperature [43]. Intermediate-composition lava flows can

exhibit a broad geomorphic range [28], yet intermediate-composition lava erupts in the submarine

environment as large pillow flows mostly commonly [1–4,13,14]. Our interpretation of basaltic andesite,

andesite, and dacite at the Alarcon Ridge is consistent with these observations (Figure 13).

 

 

Figure 13. Intermediate-composition lava flows form hummocky mounds west of the north ridge at the

Alarcon Rise. These mounds are similar in diameter to basaltic pillow mounds (100–200 m) but form

rougher textures. We attribute the hummocks to the formation of large megapillows (>1 m diameter).

Vertical exaggeration = 3×.

As the only known location of rhyolite erupted at an oceanic spreading ridge, the Alarcon Rise

presents an unprecedented opportunity to address the way in which composition relates to lava

morphology in an ocean rift zone environment (Figure 14). The most abrupt geomorphic change in

this study was associated with dacitic to rhyolitic transition, when viscosity increased by 1–2 orders of

magnitude [44]. Our results indicate that the formation of brecciated lava domes is characteristic of

rhyolitic submarine lava flows. Rhyolite at the Alarcon Rise is emplaced as breccia, just as observed in

other environments [18–21,42].

Our study revealed differences between rhyolitic and basaltic lava morphology at lava flow

scale (10 m). We also initially experimented with backscatter and gray-level cooccurrene matrix

(GLCM) textures using the 2012 side-scan sonar; however, coverage gaps at the rhyolite dome, sonar

shadows, and lack of coverage relative to the 2015 multibeam data forced us to abandon the side-scan

in this study to create a more comprehensive classification based over areas of suspected rhyolite.

Incorporating both multibeam bathymetry and side-scan sonar backscatter datasets tends to improve

the performance of the classifiers [32,45]. Incorporating sonar backscatter and GLCM textures may

improve our classification results (e.g., [31,32,36,46,47]).
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Figure 14. Changes in lava flow geomorphology and inferred emplacement processes with lava

composition. Low-viscosity basaltic lava may erupt as sheet, lobate, or pillow morphologies depending

on lava effusion rate. Lava flows with intermediate composition will emplace as pillows with diameters

>1 m. The surfaces of these pillows will have striations ~10 cm deep, compared to basaltic pillows with

striations ~1 cm deep. Rhyolitic lava flows will form jagged branches or may brecciate upon eruption.

Classifying geologic features at different scales is traditional practice in geomorphology (i.e., mound

versus mountain). Investigation of the scale of different variables related to the composition of lava

flows revealed underlying properties of the lava emplacement and thus proved to be a meaningful

basis to construct the classification. For example, a scale of 100 m for the slope range rather than

10 m would have been trying to classify a completely different property than the wavelength of lava

flow emplacement. Some scale-independent measures such as Bathy-morphons have been introduced

recently [48], and future work should evaluate the morphon concept [49] for potential improvements

to the ANFIS method.

The relationship between submarine lava flow geomorphology and lava composition also enhances

our understanding of seafloor lava emplacement processes for a variety of compositions. Viscosity

differences between basaltic and intermediate compositions can decrease the lava effusion rate. Slower

moving lava would experience greater cooling and not be able to flow far on the seafloor under typical

conditions, thus building hummocky pillow mounds [26]. Rhyolitic lava may emplace even slower

than intermediate lava, creating brecciated domes such as the one found at the Alarcon Rise.

10. Conclusions

This study provides a first attempt at detecting and determining the spatial distribution of

submarine lava flows with a rhyolite composition. In spite of visually observing only <0.5% of the

seafloor along the axial zone, classification of the sonar map using ANFIS revealed approximately 95%

of the seafloor at the Alarcon Rise is composed of sheet, lobate, or pillow lava flows, while rhyolite

and talus account for 5%. The Alarcon Rise is a unique setting containing the broadest range of

lava composition seen yet at a spreading ridge, so our results do not necessarily imply that rhyolite

comprises 5% of all oceanic spreading ridges. This study shows that sonar-based classification is a
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useful first-order tool to identify rare high-silica submarine lava flows at oceanic spreading ridges and

reveals universal relationships between lava composition and geomorphology.

Our study showed that geomorphic changes in submarine lava flows have thresholds related

to composition and emplacement of flows (Figure 14). Basaltic lava yields a variety of lava

geomorphologies ranging from sheet lava to pillow. This range contracts to only pillow morphology

for intermediate compositions. Although basaltic andesite may form elongate or bulbous pillows,

the diameter and depth of surficial striations increase in andesitic and dacitic lava flows. Despite the

differences in flow scale for intermediate lava compositions, they remain a challenge to distinguish

from basaltic pillows in 1 m gridded bathymetry. The most dramatic geomorphic threshold separates

pillowed dacites from jagged rhyolites. Our classifier can identify areas on the seafloor that exhibit

a jagged or brecciated texture but does not perform as well at distinguishing lava talus from the

jagged-brecciated flows.
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