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Introduction
Sea bottom depth can be estimated by exploiting the information contained in optical images,
collected by satellite sensors.

High resolution satellite images allow to describe the coastal zone with high accuracy (although
this implies a reduction of the spectral information).

When some in-situ depth measurements are available, the application of accurate supervised
techniques to multi-spectral satellite data allows to extend bathymetry estimate to a much wider
geographical area.

These remote sensing techniques could represent a useful support to Rapid Environmental
Access (REA) activities.

We applied a neuro-fuzzy technique to two case studies and we analyzed different situations of
in-situ data availability.

Our approach:
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Case studies
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Castiglione 2007 case
• Image acquired on April 27th, 2007 at 10:32 UTC
• In-situ depth measurements collected in June 2007
• Calm sea conditions

• Image acquired on July 14th, 2008 at 10:32 UTC
• In-situ depth measurements collected in Sept. 2008
• Slight sea conditions

Castiglione 2008 case
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We have used two multi-spectral Quickbird images of the area of Castiglione della Pescaia
(Grosseto, Italy) acquired on different dates.

• Spatial resolution: 2.44 m
• Bands:b1 @ 485    nm (Blue)

b2 @ 560    nm (Green)
b3 @ 660    nm (Red)
b4 @ 814.5 nm (NIR) 

In-situ truth data:
• collected by the Istituto Idrografico della Marina (IIM)
• acquired by means of a multi-beam echo sounder
• referred to the average sea level measured in Genoa
• accuracy on depth measurement: 0.01 m
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A supervised method for bathymetry estimation

Input: 
bands b1,b2, b3 (VIS) ANFIS

Output: 
estimated bottom depth

Desired output:
in-situ measured depth

• System input and corresponding output
• For each image we selected those pixels where in-situ measurements were available.
• Each selected pixel corresponds to an element in the data set: {[L1, L2, L3], dm}

Dataset

radiance vector in-situ measured 
depth

Advantages:
1) Rule structure and membership functions are derived from the dataset by means of the 
supervised learning procedure

2) Interpretability is preserved 

3) ANFIS can be regarded as a grey-box model

4) Only few parameters must be provided.
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A supervised method for bathymetry estimation
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2008 case

Transept 1

Test transept
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Transept 2
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Castiglione 2007 case
Pre-processing

• STD calculation: dataset randomly split into
three subsets: training set , validation set and
test set.

• ANFIS initialization: grid partitioning approach.

- Georeferencing
- Land masking (threshold on the NIR band)
- Foam removal (threshold on the red band)
- Speckle noise reduction (median filter):
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we evaluated the performance obtained using different
kernel dimensions (3x3, 5x5, 7x7, 9x9, 11x11 and 17x17
pixels)

Mean values obtained by running the algorithm
many times for each filtering window.6
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Castiglione 2007 case: Results
First experiment
• We randomly split the dataset into three subsets: 
- Training set: 3623 elements
- Validation set: 3602 elements
- Test set: 3615 elements

• Initial Fuzzy Inference System structure: fuzzy c-means clustering algorithm. The number of
clusters has been chosen by training ANFIS for many times starting from different FIS structures,
each one obtained by fuzzy c-means with a different number of clusters.
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• Each time we computed the error on the
training, validation and test sets.

• In order to reduce random initialization
effects, we iterated this procedure and we
computed the mean error on the training,
validation and test sets.

• Then we chose the number of clusters
corresponding to the minimum mean
error on the validation set, which resulted
to be 32.
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Castiglione 2007 case: Results
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Mean STD on the 

training set (cm)

Mean STD on 

the test set (cm)

Mean STD on the 

test transept (cm)

33.8 36.7 28.3

• 300 ANFIS training epochs
• Multiple runs

First experiment
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Path 
P1
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P2

Second experiment: Limited data availability
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Path
Mean STD on 

training set (m)

Mean STD on 

test set (m)

Mean STD on 

transept (m)

P1 0.294 0.512 0.583

P2 0.331 0.470 0.499

P3 0.378 0.452 0.431

P4 0.289 0.627 0.473
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Path P3 gives the best
performance:

10

Castiglione 2007 case: Results

Path P3:

Optimal number of clusters for 
the fuzzy c-means algorithm: 5

Second experiment: Limited data availability
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Castiglione 2008 case: Results
- Transept 1: test set (143 elements )
- Transept 2: training set (267 elements) and validation set (241 elements)

• Pre-processing: median filter (kernel dimension: 11x11 pixels)
• Optimal number of clusters for the fuzzy c-means algorithm: 5
• Depth estimate is limited to depths above -14 m (reduced signal to noise ratio)

On the test set we achieved
a mean STD of about 0.64 m
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In-situ measured depth

Estimated depth
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Conclusions
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We have approached bathymetry estimation by applying a supervised neuro-fuzzy technique to
two high resolution multi-spectral satellite images.

We have achieved very accurate performance:
Castiglione 2007 case: mean STD of 36.7 cm on the test set composed by one third of the
complete dataset.

Accurate performance is achieved also using a limited number of training pairs (mean STD of
45.2 cm on the test set when using path P3).

According to these results, we are able to give some useful indications regarding the optimal
path to be used when planning a bathymetric data collection.

Limited data availability together with unfavourable sea conditions (Castiglione 2008 case) give a
slightly worse performance (a mean STD of about 64 cm).
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Thank you!
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Backup
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A supervised method for bathymetry estimation
The model
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ANFIS (Adaptive Network-based Fuzzy Inference System) [1]

Advantages:
1) Rule structure and membership functions 
are derived from the dataset by means of 
the supervised learning procedure

2) Interpretability is preserved 

3) ANFIS can be regarded as a grey-box 
model

4) Only few parameters must be provided.

Hybrid learning algorithm for ANFIS training:
- backpropagation gradient descent method (antecedent parameters)
- least-squares method based on Kalman filter (consequent parameters)

Example of Takagi-Sugeno rules

The associated ANFIS network

[1] Jang, J.-S. R., "ANFIS: adaptive-network-based fuzzy inference
systems," IEEE Trans. Syst. Man. Cybernet. 23(3), 665-685 (1993).
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