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Executive summary 

During recent phases of EMODnet Geology the generation of quantitative sediment 

maps have been a novel and valuable data product. As opposed to traditional maps 

that present the distribution marine sediments as categorical or thematic classes, the 

quantitative sediment maps present the relative proportions of each of the sediment 

components: mud (grain size d < 63 μm), sand (63 μm ≤ d < 2 mm) and gravel 

(d ≥ 2 mm) as continuous predictions ranging from 0%-100%. Previous analysis 

focussed on the northwest European continental shelf, as this was an area with good 

spatial coverage of both environmental predictor layers and thousands of high quality 

groundtruth samples. Having demonstrated the application of this analysis approach 

and subsequently observed the use of those maps by other scientists and institutions, 

the intention is to repeat these analyses for other European sea regions. However, the 

amount and quality of input data, i.e. groundtruth samples and full coverage predictor 

variables, vary between regions which has the potential to limit the use of the 

quantitative modelling approaches in some areas. Before applying these analyses 

more extensively there is a need to understand how differences in groundtruth data 

quality impact the quality of maps produced.  

This study explores some of these issues through three case studies. Each case study 

made use of the previously published northwest European continental shelf data, 

manipulating the groundtruth data and then running the same analyses to observe 

how changes to the input data influence the quality of model outputs. The first case 

study investigated how many training samples are required to produce accurate 

products. The second case study explored whether to include historical or less robustly 

analysed groundtruth samples as training data in the modelling process, and if this 

changed depending on the spatial scale. The third case study investigated how 

precisely sediment fraction information should be measured in order for the samples 

to be included in the models.  

As expected the most accurate maps were produced from the largest training dataset 

of robustly measured sediment samples, however, the three case studies provide 

other useful insights into the number of samples and minimum data standards that can 

be applied in future analyses in other regions of Europe. It appears preferable to apply 

strict minimum data standards for which groundtruth training samples to include in the 

modelling process rather than seek to include as many samples as possible. Case 

study two showed that use of the historic and visual assessment samples for modelling 

reduced the quality of the models’ predictions. By comparison, in case study one 

decreasing sample size resulted in relatively minor decreases in model predictive 

performance, as models derived from 2500 samples produced predictions that 

explained 83%-87% of the variance and the thematic maps were >90% as accurate 

as the models derived from >30,000 samples. It was also the case that including 

sediment samples with less precise sediment fraction data decreased the predictive 

performance of the models, further supporting the need for rigorous selection of 



 

 

training data. Where training samples were manipulated in a controlled manner, by 

rounding sediment fraction data to be less precise, the map products were robust to 

minor changes (rounding sediment fraction percentages to integer values) but beyond 

this, decreases in predictive performance were more visible. Finally, should only 

thematic class groundtruth samples be available, the third case study presented a 

method for generating quantitative maps from these data. However, given how this 

approach negatively impacted the models’ predictive performance, it would generally 

be preferable to discard these samples instead. The recommendations that come from 

these three case studies will guide the methods applied for other sea regions of Europe 

to produce new robust quantitative sediment map products. 

Summary of recommendations for quantitative sediment map analysis: 

• It is important to apply strict minimum standards for the quality and vintage of 

groundtruth sediment samples which are to be included in the modelling 

process. 

• Increasing the number of model training samples will improve the quality of 

mapped products, but only if the sediment fraction information were precisely 

measured.  

• Filtering model training data to remove sediment fraction samples that were 

estimated using visual assessment will likely improve the quality of mapped 

products. 

• The precision of groundtruth sample sediment fractions should at least be 

measured to the nearest percentage point to produce the most accurate 

mapped products. 

• Sediment samples that are only recorded as thematic classes should be 

discarded from quantitative sediment mapping, rather than an estimate of the 

fractions of mud, sand and gravel being applied. 

• If the information is available, sample metadata should include a record of the 

method used to measure sediment fractions, thereby allowing the most 

appropriate samples to be selected for model testing and training. 

• To validate the accuracy of mapped products, a subset of the most recent and 

reliable samples should be used to as testing data. 
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1. Introduction 

Seabed sediment maps are foundational datasets for government and the commercial 

sector to make decisions about how to utilise and manage the marine environment. These 

maps, which depict the distribution of different substrates at the surface of the seabed, are 

used in a wide range of applications such as: providing a proxy for the distribution of seabed 

habitats (Brown et al., 2011; Populus et al., 2017); to indicate the provision of ecosystem 

services (Diesing et al., 2020; Luisetti et al., 2019); to inform the placement of marine 

infrastructure (Baker and Harris, 2012); and to support the development of designated 

protection zones (Ware and Downie, 2019). Through years of work by the EMODnet 

Geology community, the standardisation of substrate classification schemes and 

harmonisation of maps across national boundaries have facilitated the creation of full 

coverage substrate maps around European waters (Kaskela et al., 2019). These maps are 

continually being updated to finer resolutions and adopting new mapping methods where 

the data allows.  

One such method development has been the creation of quantitative sediment maps 

(Stephens and Diesing, 2015). Traditional sediment mapping approaches have focussed on 

predicting the distribution of fixed thematic classes. When modelling sediment substrates 

these have generally separated the classes based on the sediment grain sizes. The 

classification schemes adopted within EMODnet Geology have been developed from the 

Folk triangle (Folk, 1954; Long, 2006), which defines different classes based on the relative 

proportions of mud (grain size d < 63 μm), sand (63 μm ≤ d < 2 mm) and gravel (d ≥ 2 mm) 

within a sample. Classification schemes such as Folk 5, Folk 7 and Folk 16 use different 

numbers of classes to subdivide this triangle, with the number representing the total number 

of classes (including one ‘Rock and boulders’ class not captured within the triangle) (see 

Figure 3 in Kaskela et al., 2019). The focus of quantitative sediment maps has instead been 

to predict these fractions (mud, sand and gravel) as three separate layers. Each output layer 

has values ranging from 0-1 (or 0%-100%) with the sum of the three layers for any given 

location equalling one. This is achieved by applying multiple regression models, such as a 

machine learning algorithm, to predict a likely response variable from a range of predictor 

variables. The first study of this kind (Stephens and Diesing, 2015) predicted sediment 

fractions with reasonable success (independent data showed the two models explained 66% 

and 71% of the variance) over an extensive area of the northwest European continental 

shelf (that included areas of seabed within Belgium, Denmark, France, Germany, the 

Netherlands, Norway, Republic of Ireland and the United Kingdom). 

Since this study, creating these kinds of map products has been an active area of 

development within EMODnet Geology Work Package 3. Through access to new predictor 

layers and a refinement of the modelling approach, these maps were updated by Mitchell et 

al. (2019) to both produce predictions at a finer spatial scale and expand the extent of 

coverage. While still focussing on the northwest European continental shelf these maps 

were expanded to include areas within the national maritime boundaries of Belgium, 

Denmark, France, Germany, Netherlands, Norway, Republic of Ireland, Sweden and the 
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United Kingdom and Channel Islands. In a separate case study, Diesing (2015) also 

explored the suitability of these quantitative approaches at a fine scales (10 m resolution) 

using an area of the UK where high resolution multibeam echosounder data were available.  

Given the increased granularity of the predicted sediment fraction layers these map products 

have been utilised as input layers for a number of other studies. These include: modelling 

infaunal distributions (Cooper et al., 2019) and diversity (Thompson et al., 2021); predicting 

sediment biogeochemistry (Diesing et al., 2020; Luisetti et al., 2019); and modelling 

hydrodynamics influence on the seabed (Williams et al., 2019). These maps have other 

advantages over traditional thematic maps as well. For instance, the prediction sediment 

fractions layers can be simply converted to any classification scheme and maps of prediction 

uncertainty can be easily extracted (Mitchell et al., 2019).  

Following the success of these previous EMODnet Geology case studies, applying these 

techniques more extensively across all the partner countries sea-basins would be desirable, 

thereby creating sediment grainsize fraction maps for wider use. The methodology used to 

produce the predictions of sediment fractions utilise machine learning models. Machine 

learning models apply a correlative approach whereby the model is trained using a set of 

predictor variables, that indicate something about the environment (e.g. depth, topography, 

current speed etc), and reference data, for which the outcome is known (e.g. groundtruth 

samples). Therefore, the accuracy of the reference data is important in order to appropriately 

train the models and thereby produce accurate predictions. Hence the first studies used the 

northwest European continental shelf as a study area given it has most groundtruth samples 

available that contained sediment fraction information.  

Sediment grab samples have been frequently collected by government, commercial and 

scientific research organisations for a multitude of reasons (e.g. geological, environmental 

or navigational purposes). While sediment grain size is frequently recorded, the method by 

which these are measured varies depending on the organisation and application. The 

Northeast Atlantic Marine Biological Analytical Quality Control (NMBAQC) scheme have 

developed a standardised set of best practices for processing sediment particle size data 

(Mason, 2016). These are based on a combination of sieving and laser diffraction methods. 

However, sieving or laser diffraction methods are costly, time consuming and, depending on 

the original purpose, potentially unnecessary. So, for many organisations within Europe, 

including those who are partners of the NMBAQC, visual assessment by experts remains a 

common approach. This was evident in the 13 datasets that were combined for Mitchell et 

al (2019). Certain grain size percentages were rounded to the nearest 10% or 25% (such 

as 50% sand/50% mud or 25% gravel/75% sand) in unusually high frequency within the 

nationally compiled datasets. While the metadata did not record how the samples had been 

measured its likely these round numbers had been estimated by visual assessment rather 

than analysed using quantifiable laboratory methods. Another common issue of sample data 

quality relates to the age of samples. Sediment type can change over time, particularly 

following major storm events, so those countries with large historical datasets may find that 

not all samples are currently relevant. In addition, historical samples collected prior to the 

adoption of Global Positioning System may be imprecisely positioned. This locational error 
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has been observed to reduce machine learning model performance (Graham et al., 2008; 

Mitchell et al., 2017).  

While issues like old and imprecisely positioned samples or visually assessed samples were 

discarded from the previous analyses, their impact on model performance and map 

accuracy was not explicitly measured. Even if the samples are less precise, these samples 

still tell us something about the environment where that sample was taken (e.g. a visual 

assessment of 50% sand/50% mud may in fact be predominantly sand or mud, but it’s 

definitely not ‘Gravel’). So, it’s possible that inclusion of these samples in the models may 

actually improve predictions, particularly if the number of precisely measure sediment 

samples are limited. For other sea regions where recent and robustly measured samples 

may be limited or not available at all, it’s important to understand how or in what situations 

the less robust samples should not be discarded.  

The dataset previously published in Mitchell et al. (2019) provides an ideal dataset to test 

some of these approaches. While 45,000 samples were used in that previous analyses, this 

was only after approximately a third of the samples had been discarded due to age or 

apparent imprecision. Given the readily available combination of robust predictor variables 

and a large number of both laboratory-analysed samples and less robust samples this study 

looked to test some of the typical modelling decisions made to understand the trade-offs of 

using groundtruth data suspected to contain errors. By simulating different data situations 

this report presents a series of small case studies that examine different trade-offs for 

generating quantitative sediment maps from less precise groundtruth samples. The results 

from these case studies are used to produce a number of recommendations about how to 

produce better maps from less reliable data in other sea-regions. The intent is for these 

recommendations to be implemented under subsequent EMODnet-Geology phases. 

This report presents three case studies which explore how changes to the groundtruth 

samples used to train the machine learning models influence the final predictions and map 

accuracy. These case studies explore: 

• How many laboratory-assessed sediment samples are required to produce reliable 

maps; 

• Whether the inclusion of less robust samples can increase map accuracy, and 

whether this varies at different spatial scales; and 

• How precise do samples need to be in order to produce reliable maps?  
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2. Data and Methods 

These case studies use the data previously described in Mitchell et al. (2019) which cover 

an area of the northwest European continental shelf which includes areas within the national 

maritime boundaries of Belgium, Denmark, France, Germany, Netherlands, Norway, 

Republic of Ireland, Sweden and the United Kingdom and Channel Islands (Figure 1). 

 

Figure 1. Study area of the northwest European continental shelf and the location of 

groundtruth samples used in the three case studies. (a) Training and (b) testing samples 

previously used by Mitchell et al. (2009) were thought to be laboratory measured (Inferred 

Laboratory Measured). (c) the samples previously discarded by Mitchell et al. (2009) were 

termed Inferred Visual Assessment and used the second case study only. 
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Predictive models were trained using the same eight predictor variables as Mitchell et al. 

(2019). These were: bathymetry, bathymetric position index (calculated at two spatial 

scales), distance from coast, current speed, orbital velocity of waves at the seabed and 

suspended inorganic particulate matter (calculated for both the summer and winter). All 

predictor variables were available in World Geodetic System 1984 with a grid size of 1/8 arc 

minute * 1/8 arc minute (7.5 arc seconds or approximately 130 m by 230 m).  

The sediment sample groundtruth observations were collated from 13 national marine or 

geological institute databases (Supplement S1; Mitchell et al., 2019). Approximately 68,000 

samples were available where particle size composition data had been recorded in the form 

of percentages of mud, sand and gravel. Samples were initially split into two groups: those 

used in Mitchell et al. (2019) that were recent and likely to be laboratory analysed; and those 

that were discarded from the Mitchell el al. (2019) analysis (samples before 1990 or sampled 

suspected to be based on visual assessment). These are hereon termed Inferred Laboratory 

Measured (ILM) and Inferred Visual Assessment (IVA) respectively. As the metadata for 

these samples did not record how particle size composition data had been assessed, the 

IVA samples were deduced by searching for frequently occurring figures rounded to the 

nearest five that were common in the data. A subset of the ILM samples were then selected 

as a testing dataset to be withheld from model training in all the case studies (Table 1). This 

testing dataset used the same samples that were originally withheld in Mitchell et al. (2019). 

Where multiple groundtruth samples were available within a single unit of analysis (i.e. a 

predictor variable pixel) the average percentages of mud, sand and gravel were calculated 

to produce one set of fractions that was considered representative of that pixel (Table 1).  

Table 1. Number of groundtruth samples available. 

 No. raw samples No. available at 7.5 arc second 

resolution 

IVA (training) 12,681 12,114 

ILM (training) 36,832 30,679 

ILM (testing) 18,754 15,281 

Total 68,267 58,275 

 

Compositional data of both the training and testing data were converted to two additive log-

ratios (alr) (Aitchison, 1986) that could then be independently modelled separately, with any 

zeros in the mud sand or gravel fractions converted to the lowest observed fraction (0.01) 

within the data (as per, Lark et al., 2012). As per Mitchell et al. (2019) the gravel fraction 

was used as the denominator using the formulae:  

𝑎𝑙𝑟𝑚 =  log (
𝑚𝑢𝑑

𝑔𝑟𝑎𝑣𝑒𝑙
) = log(𝑚𝑢𝑑) − log (𝑔𝑟𝑎𝑣𝑒𝑙)  (1) 
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𝑎𝑙𝑟𝑠 =  log (
𝑠𝑎𝑛𝑑

𝑔𝑟𝑎𝑣𝑒𝑙
) = log(𝑠𝑎𝑛𝑑) − log (𝑔𝑟𝑎𝑣𝑒𝑙)  (2) 

The random forest prediction algorithm (Breiman, 2001) was selected for all analyses using 

the randomForest package (Liaw and Wiener, 2018) in R (R Development Team, 2019). All 

forests were tuned with 500 trees and all other model parameters kept as default. Separate 

models were fitted for the two response variables (alrm and alrs) and the models’ quality was 

assessed using the ‘variance explained’ and mean of the squared prediction error (MSE), 

measured against the test dataset observations that had been withheld for all models.  

The two additive log-ratios were back-transformed to predict the three sediment fractions 

(mud, sand and gravel) using the formulae: 

𝑚𝑢𝑑 =  
𝑒𝑥𝑝(𝑎𝑙𝑟𝑚)

𝑒𝑥𝑝(𝑎𝑙𝑟𝑚)+𝑒𝑥𝑝(𝑎𝑙𝑟𝑠)+1
  (3) 

𝑠𝑎𝑛𝑑 =  
𝑒𝑥𝑝(𝑎𝑙𝑟𝑠)

𝑒𝑥𝑝(𝑎𝑙𝑟𝑚)+𝑒𝑥𝑝(𝑎𝑙𝑟𝑠)+1
  (4) 

𝑔𝑟𝑎𝑣𝑒𝑙 = 1 − (𝑚𝑢𝑑 + 𝑠𝑎𝑛𝑑)  (5) 

Model predictions were also converted to thematic classes for comparison between different 

treatments. This included two of the commonly used classification schemes by the EMODnet 

Geology community (Kaskela et al., 2019), Folk 5 and Folk 16, as well as the EUNIS Level 

3 classification for broadscale sedimentary habitats, which is based on the simplified Folk 

triangle (Long, 2006). Classification accuracy was measured based on the observed versus 

predicted sediment type, with the different treatments compared based on overall accuracy. 

Additional insights into model success may also be gained by comparing different accuracy 

measures or the spatial predictions. However, for computational speed and simplicity, these 

were not considered here.  

Each case study is described below: providing a brief rationale for how these analyses relate 

to less precise samples, the methodology of how the data were treated and the results.  

3. Case Study 1 – Number of samples 

3.1. Rationale 

Random forest models are a type of machine learning model which use real world 

observations to train an algorithm and in turn can then be applied to predict the most 

probable outcome in new areas based on a set of known predictor variables. Therefore, 

machine learning models are unreliable when predicting into novel environments which they 
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do not have training observations to fit the algorithm. Machine learning models are therefore 

sensitive to the number of samples used (Hernandez et al., 2006; Mitchell et al., 2017; Wisz 

et al., 2008), particularly when the relationships between the predictor variables and 

observed outcomes are complex. This sensitivity to the number of samples is not necessarily 

linear, as model performance may improve rapidly at first with the addition of samples, but 

then improvements in model performance diminish as the number of samples increase 

beyond a certain point (Hernandez et al., 2006; Wisz et al., 2008). 

Within the northwest European continental shelf there were tens of thousands of samples 

available, which provided ample samples for both model testing and model training. 

However, this may not be the case for other European sea regions, where less laboratory 

measured samples are available. This case study explores the relationship between the 

number of laboratory analysed samples and predictive performance of the models to provide 

an indication of the number of samples required for other similar quantitative sediment 

mapping analyses. 

3.2. Data treatment 

Using only the ILM training samples, bootstrap sampling with replacement was performed 

to provide training datasets ranging in size from 100 samples to 30,679 samples (the entire 

ILM training dataset). The alrm and alrs models were then trained with no additional tuning 

and their predictive performance was tested against the same ILM testing dataset.  

3.3. Results 

As training sample size decreased the accuracy of model predictions also decreased, 

however, this change was not linear. More training samples resulted in alrm and alrs models’ 

predictions having a greater variance explained (and smaller MSE), when assessed using 

the testing data. The relationship generally followed a logarithmic scale (Figure 2). Once the 

sediment fraction maps were translated into thematic maps a similar same relationship was 

observed (Figure 3). The greatest changes were observed when training sample sizes were 

less than 1000 samples. By 2500 training samples the explained variances of the models 

were 83% and 87% of the explained variance of the two additive log-ratio models derived 

from the full training dataset (30,679 samples), and thematic map accuracy was >90% of 

the maximum achieved overall accuracy. The minimum sample size assessed was 100 

training samples, by which point the overall accuracy of the thematic maps was 

approximately equivalent or below the no information rate for the three classification 

schemes.  
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Figure 2. Effect of training sample size on the variance explained (solid lines and scale bar 

on the left side) and mean of the squared prediction error (MSE) (dashed lines and scale bar 

on the right side) of the two additive log-ratio models.  

 

Figure 3. Effect of training sample size on the overall accuracy once the quantitative sediment 

predictions were converted into thematic maps. Final sediment predictions were classified 

based on the EUNIS Level 3, Folk 5 and Folk 16 classification schemes (represented by 

different colours. The dashed lines represent the no information rate of each of the thematic 

map for the classification scheme of the same colour, calculated from the testing samples. 
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4. Case Study 2 – Using less robust samples 
across multiple spatial scales 

4.1. Rationale 

Presented with the situation of a European marine region that only has a limited number of 

recent laboratory measured samples but an abundance of samples classified using expert 

visual assessment and/or samples several decades old, its necessary to consider what can 

be done with those less robust samples. Is it preferable to reject all samples that do not meet 

the necessary data quality standards, even if this means the training dataset may be very 

small (explored in Case Study 1)? Or would it be better to retain the less robust samples in 

model training? This case study explores the trade-off between developing quantitative 

sediment maps from less robust samples or a combination of less robust and recent 

laboratory measured samples.  

When considering how best to overcome the limitations of less robust samples this case 

study also includes spatial scale as a factor that could be altered when less robust samples 

are to be included in the models. Given the spatial mismatch between the grab samples 

used (<1 m2 for all grab types) versus the minimum mapping unit (the predictor variable 

pixels are ~30,000 m2), it’s unlikely that any one sample is entirely representative of the local 

conditions. In the previous study, Mitchell et al. (2019) calculated the average mud, sand 

and gravel fractions for pixels where multiple groundtruth observations were present. This 

same logic could be applied when including the less robust samples to train the model, as it 

is likely that the average mud, sand and gravel fractions from multiple samples are more 

representative of the true fractions than when only one sample is available. In the most 

detailed resolution (7.5 arc seconds) the number of groundtruth samples that were taken 

within the same pixel were generally limited. However, that number will increase as the 

pixels become larger, meaning more training samples will be generated as an average of 

multiple samples compared to a single sample. 

4.2. Data treatment 

Analyses used five combinations of the IVA training and ILM training quantitative sediment 

samples (Table 2). These were: the IVA training samples only; an equal number of IVA 

training samples and ILM training samples; twice as many ILM training samples as IVA 

training samples; three times as many ILM training samples as IVA training samples; and 

the ILM training samples only. In the first four treatments the number of IVA training samples 

were kept constant and the ILM training samples were varied. For a single spatial scale, the 

predictions were then generated and tested against the same reference dataset made up 

entirely of ILM samples. 
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Table 2. Total number of samples used to train the alrm and alrs models for each data 

treatment. For each of the four spatial resolutions used, models were generated using five 

different combinations of IVA and ILM data. The ratio of samples used for each treatment was 

based on the raw samples, prior to averaging within each grid cell.  

Ratio of raw 

samples IVA and 

ILM datasets 

Spatial resolution 

7.5 arc seconds 15 arc seconds 30 arc seconds 60 arc seconds 

Number of samples 

1:0 (IVA : ILM) 12,114 11,898 11,466 10,416 

1:1 (IVA : ILM) 23,161 22,544 21,197 18,269 

1:2 (IVA : ILM) 33,334 32,173 29,495 24,157 

1:3 (IVA : ILM) 42,539 40,752 36,657 28,842 

0:3 (IVA : ILM) 30,679 28,932 25,946 19,687 

 

These quantitative sediment maps were then generated for the five combinations of IVA 

training and ILM training samples in four spatial scales (7.5, 15, 30 and 60 arc seconds). To 

prepare the data, the eight predictor variables were resampled onto a common grid for each 

of the four spatial resolutions using a cubic resampling approach in ArcGIS (ESRI, 2016). 

Once these grids had been generated the average mud, sand and gravel fractions were 

calculated for each pixel where multiple samples were present. For those treatments that 

used a mix of IVA and ILM samples, each sample had an equal weighting. As the density of 

samples varied across the study area, increasing the pixel size reduced the total number of 

training cells, but a doubling of size did not result in half the final number of samples.  

4.3. Results 

Model predictive performance was highest for models derived from the ILM training samples 

only. Once the IVA samples were added to this training dataset, despite increasing the 

sample size the predictive performance decreased. The decrease in explained variance of 

the testing dataset was ~3% in the alrm and alrs models and a decrease of ~1% of overall 

accuracy of the thematic maps, regardless of the spatial scale used. The worst models were 

those generated from only the IVA samples, which had explained variances that were 29%-

34% less than the ILM only models and 20%-25% less of the variance than the 1:1 IVA:ILM 

training data. Once the sediment fraction predictions were converted to thematic maps these 

also resulted in decreased overall accuracy when the less robust IVA samples were included 

in the models. Of note were the overall accuracies of the Folk 16 thematic maps derived 

from IVA only data. For these maps the overall accuracy was less than the no information 

rate, i.e. had the whole map been predicted as the most common class (Sand) it would have 

been more accurate than the IVA only maps.  
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Figure 4. Model performance and map accuracy of quantitative sediment maps derived from 

different combinations of IVA and ILM training data, generated across four spatial scales. The 

variance explained of the (a) alrm and (b) alrs models used to predict sediment fractions were 

calculated from withheld testing data. Having generated thematic maps using three different 

classification schemes (c) Folk 16, (d) Folk 5 and (e) EUNIS level 3, the map accuracy was 

also calculated against the withheld testing data. Columns are grouped by the ratio of IVA to 

ILM samples used to train the models and colours represent the different spatial scales. For 

each model the no information rate is overlaid on the bar.  

5. Case Study 3 – Less precise samples 

5.1. Rationale 

The third case study explores the question of: how precisely do the sediment fractions need 

to be measured? When compiled at a national level the databases contain samples from 
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numerous studies that were assessed using a mixture of techniques such as laser 

diffraction, sieving and expert visual assessment. Different methods, and even different 

laboratories, can produce slightly different results from the same samples (Konert and 

Vandenberghe, 1997; Passchier, 2007; Rodríguez and Uriarte, 2009; Silburn et al., 2018). 

In particular, the expert visual assessment would be the most subjective, and reliably 

estimating the proportion of mud, sand and gravel would be highly dependent on the analyst. 

Mitchell et al. (2019) discarded samples where recorded fractions were rounded 

percentages (e.g. 10%, 20% or 25%), as the assumption was these had been estimated 

and not accurately measured. Whether these percentages were assigned directly in the field 

or a written description of the sediment was recorded and then fractions estimated at a later 

date, these probably represent the most imprecise data. However, given that the analytical 

methods can produce small differences in the results it would be useful to understand how 

sensitive the models are to varying levels of imprecision in the training data. 

While there are many reasons why measuring highly precise sediment fractions are 

desirable, it is unknown whether this precision is required for producing quantitative 

sediment maps given the other sources of error within the modelling process. The models 

published in Mitchell et al. (2019) explain 63% and 68% of the variance, so there remains a 

reasonable amount of variation within the data not explained by the models. Strong (2020) 

provides a detailed assessment of many of the potential sources of error common to habitat 

mapping approaches. Many of these are likely to occur within the current quantitative 

sediment analysis and data (e.g. sampling resolution, choice of model algorithm, selection 

of predictor variables, uncertainty within predictor variables and replication of samples). 

Therefore, it’s worth considering how important sample imprecision is, given the many other 

possible sources of error present within the entire modelling process. 

As many national sediment sample archives from other regions of Europe have a large 

proportion of samples derived from expert visual assessment it would be valuable to 

understand how precise data samples should be before they start to reduce model accuracy. 

This case study explores this question by simulating different levels of precision within the 

training dataset and then running the same modelling approaches on these less precise 

data.  

5.2. Data treatment 

The ILM training dataset was used to assess different levels of precision by rounding the 

mud, sand and gravel data to different levels of precision. Seven different levels of precision 

were assessed by rounding the mud, sand and gravel fractions to the nearest: 0.01%, 0.1%, 

1%, 5%, 10% 25% and 50%. This was applied using the full ILM training dataset at 7.5 

seconds resolution. From these less precise mud, sand and gravel fractions the two additive 

log-ratios were calculated, and the same modelling approach described previously was 

followed.  
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In addition, three further datasets were created to simulate samples where the mud, sand 

and gravel fractions had been estimated from written descriptions. To do this the centroid 

values of mud, sand and gravel were calculated from the Folk triangle for the Folk 16, Folk 

5 and EUNIS level 3 classification schemes (Figure 5). All samples were from the ILM 

training dataset were then assigned these centroid values based on the thematic class that 

that sample would have been assigned. For example, a sample from the ILM training dataset 

which had 51% mud, 46% sand and 2% gravel would be classified as a ‘Slightly gravelly 

sandy mud’ in the Folk 16 classification scheme and ‘Mud to muddy sand’ in the Folk 5 and 

EUNIS level 3 classification schemes. Therefore, it would be reassigned the values 67.9% 

mud, 29.1% sand and 3% gravel for Folk 16, 53.625% mud, 43.875% sand and 2.5% gravel 

for Folk 5 and 58.5% mud, 39% sand and 2.5% gravel for EUNIS level 3. Once the mud, 

sand and gravel fractions had been recalculated based on the thematic classes for each 

dataset the two additive log-ratios were calculated and the same modelling approach 

described previously was followed.  
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Figure 5. All sediment samples from the ILM training dataset were reclassified based on 

the (a) Folk 16, (b) Folk 5 and (c) EUNIS level 3 classification schemes, shown here on the 

Folk triangles. Percentages and fractions are not drawn to scale. Each of these sediment 

samples were assigned the percentages of mud, sand and gravel shown in the adjacent 

table. Values were calculated based on the centroid of each class within the Folk triangles. 

5.3. Results 

Rounding the sediment fraction data to the nearest percentage point in the training 

groundtruth data had a minimal effect on the models’ explained variance and thematic map 
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overall accuracy. In comparison to the models derived from the unaltered data, the explained 

variance decreased by 4% and 3% for the alrm and alrs models respectively, and the overall 

accuracy increased by <1% for the Folk 16 map but decreased by 3% for the Folk 5 and 1% 

for the EUNIS level 3 maps (Figure 6). As the sediment fraction data were made less precise 

through rounding, the decrease in model predictive performance and accuracy became 

more noticeable. In the most extreme example, where sediment fraction data were rounded 

to the nearest 50%, the two models’ explained variance decreased by 28% and 23% 

compared to the unaltered data. Once the sediment fraction predictions were concerted to 

thematic maps the difference in model performance was less dramatic (5% for Folk 16, 8% 

for Folk 5 and 6% for EUNIS level 3).   



 

 
  17 

  

  

 

 

Figure 6. Predictive performance and thematic map accuracy of model outputs that were 

generated from training data containing varying levels of sediment fraction precision. 

Different levels of precision were simulated by rounding the sediment fractions (percentages 

of mud, sand and gravel) in the training data. Predictive performance was assessed using the 

testing data based on the (a) alrm and (b) alrs models’ variance explained, and the overall 

accuracy of the thematic maps using three different classification schemes (c) Folk 16, (d) 

Folk 5 and (e) EUNIS level 3. The dashed red line represents the variance explained and 

overall accuracy of the original unaltered data and the solid line represents the no information 

rate of the thematic maps. 
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The second component of the case study, which simulated using thematic class groundtruth 

samples to estimate sediment fractions and use these for analyses, found that these data 

were of limited use for generating reliable maps. This included the classification scheme that 

retained the most precise information, Folk 16, and assigned all training samples to one of 

15 sediment classes. The quantitative sediment maps that were derived from these 

reclassified data had much lower predictive performance than the maps derived from the 

original unaltered sediment data (Figure 7). For the Folk 16 training samples the decrease 

in the alrm and alrs models’ variance explained relative to the unaltered data were 10% and 

7% respectively. Once translated into thematic classes this had the greatest reduction in 

overall accuracy at the Folk 16 level (down 6%), while the Folk 5 and EUNIS level 3 overall 

accuracies decreased by 3% each. Where training samples were converted to less precise 

classification schemes (i.e. Folk 5 and EUNIS level 3 which only have four sediment classes 

each), the quality of map products decreased further, and in some instances were even 

below the no information rate (Figure 7c and 7d).  
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Figure 7. Predictive performance and thematic map accuracy of model outputs that were 

generated from training data which had been reclassified to different classification schemes. 

Training sediment fractions were assigned based on the centroid value within the Folk 

triangles (Figure 5), and this sediment fraction data were then used in the quantitative 

sediment mapping process. Predictive performance was assessed using the testing data 

based on the (a) alrm and (b) alrs models’ variance explained, and the overall accuracy of the 

thematic maps using three different classification schemes (c) Folk 16, (d) Folk 5 and (e) 

EUNIS level 3. The dashed red line represents the variance explained and overall accuracy of 
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the original unaltered data and the solid line represents the no information rate of the 

thematic maps. 

6. Discussion 

The three case studies each provide valuable insights into how changes to the groundtruth 

samples, used to train the machine learning models, influence the quality of the quantitative 

sediment maps produced. To briefly summarise: the first case study observed that model 

predictive performance decreased as training sample size decreased; the second case 

study observed that at all spatial scales and ratios of IVA to ILM samples assessed, the IVA 

samples reduced the quality of the models; and the third case study observed that the quality 

of models withstood minor levels of imprecision in the sediment fraction data. Individually 

the findings of each of these case studies are not necessarily surprising, but considering 

these three case studies together provide some interesting lessons for future work. Given 

the intention of future EMODnet Geology phases is to develop further quantitative sediment 

maps for other regions within Europe, the results are discussed in this context, and a number 

of recommendations based on the case studies are identified. 

The first case study observed that increased sample size of quantitative samples used for 

model training produced better predictive performance and more accurate maps. This result 

was expected as this relationship is well documented (Foody, 2009; Millard and Richardson, 

2015; Wisz et al., 2008). What is noteworthy is quantifying the strength of this relationship 

so we can apply these recommendations to similar analyses in other sea-basins of Europe 

in the near future. Even as the sample size increased to ~30,000 samples the variance 

explained of the models and overall accuracy of the thematic maps had not completely 

plateaued, however, the greatest increases in predictive performance occurred as the 

training sample size increased to 1000 samples (Figure 2 and Figure 3). Given the number 

of countries covered, it is unlikely that other regions will have as many samples as the 

northwest European continental shelf, but it is encouraging that as few as 1000 samples, 

but preferably 2500, can produce reasonable results. It is also worth considering this in the 

context of the second case study, as models developed from as few as 300 ILM samples 

(i.e. ~1% of the training samples) outperformed the models and maps developed from 

~12,000 IVA samples (based on variance explained and thematic map overall accuracy). 

This suggests that each reliable sediment sample – i.e. that is recent, accurately positioned 

and precisely measured – has far greater value to the modelling process than the historic 

samples which may have one or a combination of these issues. 

Assessing the quality of sediment samples prior to inclusion in the analysis is an important 

stage in the modelling process. As any model will generally contain some error (here the top 

performing additive log-ratio models explained 63-68% of the variance), it can be that some 

inaccuracy in the training data are tolerated if it provides observations in new areas. 

However, in the second case study the inclusion of IVA samples into the training dataset 

decreased the models’ explained variance by ~3% and thematic maps’ overall accuracy by 

~1% (comparing 1:3 IVA to ILM samples to ILM samples only (Figure 4)). This was the case 
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for all spatial scales assessed. This suggests that the IVA data contain too much error to be 

useful to train the models. The third case study provided an example of less precise data 

that could be included in the model. The influence on variance explained and thematic map 

accuracy was minimal where sediment fractions were rounded to the nearest percentage 

point (Figure 6). However, beyond this the decrease in the quality of model outputs became 

more noticeable.  

The second case study only presented one method of including the less robust groundtruth 

sediment samples in the modelling process. Models which included IVA samples gave these 

samples equal weighting to the ILM samples regardless of their spatial location or how 

densely sampled that environmental space was. This was the simplest approach of including 

the IVA samples, however, other methodologies might identify ways of improving the map 

products compared to those ILM only samples. For example, only retaining IVA samples for 

locations or positions within environmental space that were not sampled by ILM samples. 

One such area within this study site is off the west coast of Scotland which had a limited 

number of ILM samples but many IVA samples (Figure 1). Exploring other methods to 

improve the quantitative sediment maps using IVA samples was beyond the scope of this 

report, but would be an area for further research. 

In national databases, where sediment samples only contain the thematic class of the 

samples and not the measured sediment fractions, the results of the third case study 

suggest these samples should be discarded. By estimating the mud, sand and gravel 

fractions based on the centroid of the Folk triangle, it was possible to use these as training 

data to generate quantitative sediment maps from these data. However, even for the most 

detailed descriptions (Folk 16 classes), the model predictions were worse in terms of both 

variance explained and thematic map accuracy (Figure 7).  

These results suggest the need to focus on applying clear minimum standards for the data 

to be utilised in the model rather than incorporating all samples regardless of vintage or 

quality. From the northwest European databases, only limited information was available to 

assess sample quality (such as year collected and instrument type). Therefore, samples 

were grouped into IVA or ILM samples by inferring the measurement technique rather than 

this being recorded within the sample metadata. Applying best judgement in determining 

which samples to include in the modelling process may be the only option. These 

considerations of data quality should also consider the data withheld in the testing or 

validation dataset. As reference samples may also contain errors (Strahler et al., 2006), 

these could result in a misleading estimation of map accuracy. Therefore, strict data 

standards should also be applied to the testing samples in order to reliably assess map 

quality. 

These case studies only investigated some of the issues associated with the groundtruth 

samples used to train the models and did not consider the other source of data: the predictor 

variables. Mitchell et al. (2019) used a combination of bespoke predictive layers generated 

for the analysis and previously existing data (e.g. EMODnet Bathymetry Consortium, 2016). 

Countless other variables could be considered for inclusion in the analysis for other areas, 
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such as terrain variables (Brown et al., 2011; Lecours et al., 2017) or oceanographic 

variables (e.g. Diesing et al., 2020). Further, simple location specific variables such as 

distance from rivers (Mitchell et al., 2021), or latitude and longitude could also be considered 

in any future analysis, depending on the processes suspected to drive sediment distributions 

within that region.  

With the intention to develop further quantitative sediment maps for other regions within the 

EMODnet Geology project, this report has addressed some of the considerations for 

identifying suitable groundtruth data. Nevertheless, it may be that for some areas the 

quantity and quality of the sediment sample data do not meet these standards. Should this 

be the case, the three presented case studies should provide some indication of how that 

will impact the quality of mapped outputs.  
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