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Abstract— Developing computational methods to 
automatically identify the Gulf Stream North Wall (GSNW) 
and similar currents in the ocean is a long-standing need for 
many types of operational ocean models. Specifically, the 
Feature-Oriented regional modeling system requires an 
accurate digitization of the GSNW and Rings (eddies) on a 
regular basis. Typical methods to determine its position and 
boundaries require skilled human operators to do a time-
consuming manual extraction of visualized features. These 
experts are performing a feature extraction task that can be 
automated to save time, guarantee objectivity, and potentially 
increase precision.  
 
In this paper we present first-results from two independent 
approaches of addressing this issue. In one of the approaches, 
the dynamical approach, the methodology begins by finding 
the most-likely bounds of iso-sea-surface-height contours 
within which the Gulf Stream north wall might fall. Other 
features, such as eddies, which are also captured, will be set-
aside after a round of shape analysis. Any gap in the isoheight 
contours is filled with segments that are generated by 
combining the slopes from different heights.  
 

The second, a machine-learning approach uses an artificial 
neural network over a GSNW dataset, which has been 
generated weekly over past six years (2009-2015) by analysts.  
An artificial neural network is a type of learning algorithm 
designed as a system of neurons with connections among 
them.  This neural network will first use the analyst-
designated GSNW paths to determine the neural weights of 
the radial basis functions. Then the network will use the 
concurrent sea-surface height and temperature data that were 
used to identify those lines, and train itself to develop a smart 
network which will be able to identify GSNW paths from the 
concurrent satellite images on its own, with little to no human 
intervention. 

 
In the long-term, we expect to merge the two techniques in a 
unique and unifying construct to be used operationally. A 
general approach of this methodology has the potential of 
being used for other similar operational modeling, reanalysis 
and skill assessment of numerical model system with data 
assimilation.  
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I. INTRODUCTION  
 

Developing objective and automated methods to 
identify the Gulf Stream North Wall (GSNW) and similar 
currents in the ocean is a long-standing need for many types of 
operational ocean models such as those employed in 
MARACOOS and other similar operations [1,2,3,4,5]. 
Specifically, the Feature-Oriented regional modeling system 
requires an accurate digitization of the GSNW and Rings 
(eddies) on a regular basis [1,2,3]. To identify and extract the 
Gulf Stream North Wall (GSNW) from a multiple set of 
satellite images is time-consuming for manual operators. 
However, automating this process is not straightforward. 
While the Gulf Stream transports heat northward in the 
Atlantic Ocean, the North Wall is not an isotherm. In addition 
to this, sea surface temperature measurements are very 
susceptible to occlusion, with datasets often missing entire 
regions of importance needed for feature detection [5]. 
 In addition to sea surface temperature, sea surface 
height and sea surface velocity (derived from height) can be 
an indicator of the stream's location. The stream travels more 
quickly than the surrounding water and due to its speed the 
height difference (or pressure gradient) is also greater than the 
surrounding region. Altimeter derived sea surface height 
anomalies (height, in short) are a possible identifier for the GS 
axis or north wall [6]. It is possible to find an isoheight 
contour within the bounds of the Gulf Stream, but there is no 
uniform height or velocity that can possibly be a synonym to 
the stream's north wall. 
 In difference to our previous work on utilizing SST 
and neural network for feature detection [7,8,9], we 
investigate here the possibility of using SSH and neural 
network in a synergistic way. In this paper, we present the 
results from a first attempt from both approaches starting with 
a dynamical approach using the sea surface height to 
approximate the position of the GSNW. Points along the 
isoheight contours are separated into groups based on 
proximity and a single group is selected as the backbone of 
our Gulf Stream model. 
 The Dynamical approach and its results are discussed 
first. The Neural network methodology and its first results are 
described next. We present a comparison of both methods for 
a particular week in June 2014 then. Finally we discuss the 
findings of this preliminary study and outline a number of 
recommendations for carrying out this research in the near 
future to fruition.  
 

II. DYNAMICAL APPROACH 

 
Since our current technique relies on first extracting the 
isoheight contour, there is still an open question as to what 
height value would result in the closest approximation to the 
North Wall. Currently we are using a heuristic, extracting the 
isoheight contours at 25 centimeters above the reference 
ellipsoid. It seems that this contour is always found 
somewhere within the Gulf Stream and within 2014’s 

historical data an extraction at this height always results in a 
feature within the bounds of the Gulf Stream. 
 It is possible that a closer contour can be chosen – 
optimized for each dataset – through some analysis of the 
surface speed or vorticity, given that the stream’s shape is 
determined by its motion. This might be an important step in 
improving the current algorithm. 
 We begin by extracting the 25-centimeter contour 
from the sea surface height data supplied by Aviso. The height 
data has a ground sample distance (GSD) of 0.25 degrees. For 
each two consecutive data points in every row and column, we 
check to see if the contour of 25 centimeters should fall 
between their respective height values. If the contour falls 
between them, the arc length between the points and the 
difference in their height values are both calculated. Using 
these values and assuming a linear distribution of height 
across the arc, we approximate a point where the 25 cm value 
occurs. The new point is selected as part of the isoheight 
contour. This process results in a set of coordinates 
representing the isoheight contour. 
 The set of coordinates is then separated into groups 
based on proximity. First, each latitude/longitude pair is 
considered its own group. Then, groups are compared to 
determine if any latitude/longitude pair in one group is in 
close proximity to a latitude/longitude pair in the other. If two 
groups are in close proximity, they are combined to form a 
single group. Proximity of coordinates is determined based on 
great-circle distance. Any pairs within 34 kilometers of one 
another are considered "close". This distance is tentative and 
was chosen because of the height data’s inherent granularity. 
Consecutive points in the region of interest can be anywhere 
between 17 and 39 kilometers apart. Typically, the isoheight 
contours are captured at slightly finer granularity, so distances 
higher than 34 kilometers have led to false positives in the 
group combination process. 
 Once groups have been separated, a procedure to 
determine selection of the Gulf Stream group begins. This is 
done by comparing the longitudinal lengths of the groups. The 
group that spans the longest west-east stretch is selected. The 
other groups, some of which are eddies, are set aside for future 
analysis. 
 

III. RESULTS FROM DYNAMICAL APPROACH 

 
The above methodology has been applied to a set of SSH 

images for selected weeks of January, March, June, August 
and October of 2014. These weeks were selected based on the 
level of complexity of the Gulf Stream path configuration. 
During January and March, the straight/wavy meandering of 
the GS path was reasonably well identified by this approach 
(See Figure 1) as matched with the analyst’s path. An added 
advantage of the usage of SSH contouring idea is the 
avoidance of ambiguity in detection of the GSNW path for 
regions where the SST data is unavailable for a week of two 
due to clouds/winter storms. As an example, see Fig. 1 right 
panel for the region from 62W to 50W. 



  
 

  

 
 
 Our preliminary results are encouraging. Typically 
the isoheight contour that is being extracted is fairly 
comparable to the operator’s manually extracted path from the 
historical data. The automated technique tends to deviate most 
from the operator’s path in places where eddies are being 
formed or have recently formed. Another circumstance that 
seems to cause disagreement between our technique and the 
operator’s path is westward stream movement, which happens 
over subsections of the stream. 
 It is difficult to determine when to classify some 
parts of the isoheight contour as eddies rather than as part of 
the stream since many eddies are parts of the stream which 
have diverged from its body. It might not be possible to do 
this accurately while considering only sea surface height. 
Another potential problem is data unavailability in time. 
While the height value we use for our contour seems quite 
good for some days, it deviates farther from the operator’s 
path on others. Seasonal changes probably dictate the best fit 
for the height value, but our current technique does not take 
this time-dependence into account. 
 Another hurdle we have yet to overcome is that of 
validation. Currently human operators carry out identification 
of the GSNW. In order to validate our techniques, some 
comparison between our results and the results of manual 
extraction is necessary. We are still considering available 
distance measurements to calculate the “closeness” of the two 
paths. Even when this is completed, we will be comparing our 
results with manual extractions, which are prone to human 
error. We recognize that this is not the same as comparison to 
the actual GSNW coordinates, as the manual extraction is 
simply an approximation susceptible to the inaccuracies of the 
human eye. 
 Note that so far, the technique has only been applied 
to SSH. The results from applying the technique to SSH have 
been superimposed onto SSH images and SST images from 
the same day. The reason for this is to reinforce an 
understanding of what this technique is doing and compare the 
isoheight contour that is being extracted with another key 
GSNW indicator (SST). 
 

IV. NEURAL NETWORK APPROACH 
 
 Next, we present a technique for GSNW detection 
that is being developed using a multilayer perceptron as the 
basis for the detection. The complexity of a problem like this 
lends itself to being solved with a learning, approximation 
algorithm such as an artificial neural network. The long-term 
goal of this project is to test and compare a variety of neural 
network and other learning approaches to GSNW detection. 
The first technique chosen was an MLP because of its 
simplicity in comparison to other types of neural networks. 
 Multilayer Perceptrons (MLP) networks are 
commonly used to solve approximation problems. MLP are 
feed forward networks with one or more hidden layers of 

 
 

 
 

 
 

 
 

Figure 1: Visualization of feature extraction results for historical data 
from 24 March 2014 (Upper two panels) and for 20 October 2014 (lower 
two panels). The solid black line is the GSNW extracted by a manual 
operator. The dotted black line is the GSNW extracted by the automated 
algorithm. The other dotted lines are for other extracted features which 
could be eddies or other anomalous features. The lines are superposed on 
the corresponding Sea surface height field in color (top and third from 
top)  and on Sea Surface temperature (second from top and bottom). 



nonlinear perceptron elements. They usually employ sigmoid 
functions as nonlinearities and a version of backpropagation 
learning algorithm for training.  
 The MLP is designed to act as a nonlinear amplifier. 
The input sequence used for the training should be selected so 
that it spans the entire amplitude range of the input signal. The 
usual MLP topology is shown in Fig. 1. The NN is trained by 
backpropagation to eliminate the nonlinear signal distortions 
and improve the quality of signal transmission.  
 Backpropagation represents a supervised learning 
approach, where the weight adjustment is guided by the 
teaching signal and the penalty/reward of the error in the NN 
response. It adjusts its weights via the teaching signal 
(expected output) and usually utilizes least mean square error 
to perform the training process. MLP are feed forward 
networks with one or more hidden layers of nonlinear 
perceptron elements between the input and output layers. In 
our experiments we utilize a single hidden layer as multiple 
researchers have shown its suitability for majority of cases.  
 

 The input layer introduces input values into the 
network. Input units are special, not applying any activation 
function or other processing to their values. The hidden layer 
performs processing and classification of features, which are 
patterns helping in determining the output. Any number of 
hidden layers can be used, but as the number of the layers 
increases, the learning algorithm (usually standard 
backpropagation or its different modifications) becomes more 
difficult to implement, which is another reason to use the 
smallest number of hidden layers, that are capable to solve the 
specific problem. The only difference is that the final outputs 
of the output are passed on to the world outside the neural 
network.  
 The output  of a two hidden layer perceptron model 
with  units in the first layer,  units in the second layer, and 
input  is 

(1)    

where  is the weight vector between the -th of the input 
and the -th units of the hidden layer,  is the threshold of 
the -th unit of the -th hidden layer,  is the activation 
function (for example Heaviside function, logistic sigmoid, 
Gaussian sigmoid etc),  is the weight between the -th unit 
of the hidden layer and the output. The process of determining 
the weights and thresholds is called learning or training. In the 
multilayer feedforward perceptron model the basic learning 
algorithm is the backpropagation, which is a gradient descent 
method [10,11].  
 
 The backpropagation algorithm (BP) is used in order 
to minimize the mean square error between the actual and the 
desired output of a MLP network. The input patterns are 
presented to the network in some sequence, during the 
learning phase. Then each of these training patterns is 
propagated forward layer by layer and then an output pattern 
is computed. This output is then compared to the desired 
output and according to this comparison an error value is 
determined. In order to reduce the error, the calculated error is 
used to adjust the weights on the connections coming into the 
output layer. Then the errors are propagated backwards 
towards the input layer, adjusting weights between hidden 
layers and between the input and first hidden layer, which 
results to the further reducing of the error. This procedure is 
repeated until no further reduction in error occurs, or the level 
of error encountered is between the acceptable limits.  

V. APPLICATION OF NN FOR GSNW DETECTION 
 
 The method used for this project involves two steps: 
data preprocessing and the MLP. Significant preprocessing of 
the data is required to convert it all into a format that is 
compatible with the neural network. That data is then fed into 
the MLP, which produces a classification of points - at a 
granularity of 0.25° of latitude and longitude - as being part of 
the north wall of the Gulf Stream or not. Figure 3 shows the 
GSNW network as implemented for this study. 

Note that the number of hidden nodes is independent 
of the number of parameters.  Adding more nodes will usually 
increase the accuracy of the network while also increasing the 
time for training.  We tested values between 35 and 55 for the 
network and settled on 55 because it produced the best 
results.  We considered larger numbers, but the network took 
too long to train.  Training the best network with 55 hidden 
nodes took between 10 and 12 hours, which was the upper 
limit for what we considered was practical for our tests. 
 Also, it is not easy to define the relationships 
between the physical parameters and the hidden layers in the 
network.  The network starts out with random biases and then 
adjusts them all during training in an effort to move toward a 
better classification rate.  There isn't really one bias associated 
with each input parameter.  The biases are associated with the 

 
 

Figure.2: The MLP topology for performing the equalization  
of communication channels 

 



connections between nodes, so, for each input parameter there 
is a separate bias on each of its 55 connections to the hidden 
nodes.   
   
 

 
 The data preprocessing starts with reading in all of 
the relevant data. For each week’s worth of data, this included 
sea surface height, sea surface temperature, and, in the case of 
training and testing data, coordinates that made up the line 
plotted by an expert representing the gulf stream north wall. 
The granularity of each of these is different from the others. 
All of this information is mapped to a grid of coordinates, 
each 0.25° apart. For fields that exceeded this granularity, this 
is achieved by averaging all values corresponding to points 
within a range of 0.125° of each point. Once a value is 
determined in this manner for each field for each point in the 
grid, missing data points have to be filled in. There is 
significant missing data, particularly in the sea surface 
temperature. This is resolved for each point with a missing 
value by averaging values of each point adjacent to it. Once 
this is all done, the data is normalized to work better with the 
network. This normalized data is converted into training and 
testing datasets for running through the network. Multiple 
datasets are generated, using various combinations of the 
inputs: sea surface height, sea surface temperature, latitude, 
longitude, date (converted to day-of-year), speed, and largest 
height difference between a point and the points immediately 
to its left, top, and top-left.  Multiples of each of these 
configurations is also generated with different ratios of GSNW 
to non-GSNW points, ranging from the true ratio to an even 
ratio for better representation of GSNW points.  

  For our network, we utilize a hidden layer with 55 
neurons, 7 inputs and 1 output unit. Research has shown that 
two different learning rates (between input and hidden and 
between hidden and output) facilitate faster and better 
convergence. We also employ a momentum term designed to 
prevent wild swings of the neuron weight corrections due to 
outliers. These parameters are set to 0.0010 for learning rate 
input/hidden, 0.0005 for learning rate hidden/output and 
0.0010 for momentum term. The data produced through 
preprocessing is fed into the network with a roughly 75/25 
split of training to testing data. Training has been done using 
data for spring, summer, and fall of 2014. 
 
 

VI. PRELIMINARY RESULTS FROM THE NEURAL NETWORK 
 
 In this section we present the results from our first 
attempt using the above methodology.  The best classification 
percentage has so far been achieved using all of the above-
mentioned input attributes.  The network that achieved this has 
been applied to data for the weeks of 2014-05-26, 2014-06-02, 
2014-06-09, and 2014-06-16.  Selected results are shown in 
Figure 4 for the weeks of 2014-5-26 and for 2014-06-16. The 
NN was trained using the data during May-June of 2014. 
 
 The most immediately noticeable aspect of these 
results is that there is not a great deal of variation in the points 
plotted by the network from week to week.  Similarly 
noticeable is how many there are points there are.  The 
network incorrectly classifies many points as being part of the 
GSNW.  To attempt to account for this, a simple post-
processing algorithm has been applied that takes the average 
of the latitude values of the plotted points at each longitude 
and plots those as a line, shown in the figures in black. 
 Possible causes for the limited results so far include 
the following. First, the lack of variation in the points plotted 
by the network from week to week likely indicate an over 
fitting of the network to the training data.  This could 
potentially be improved upon by expanding the training 
dataset to include multiple years worth of data.  This would 
expose the network to more variation in the line and possibly 
allow it to better identify some of the less common features of 
it, like the sharp dips around -57° longitude in figures 2 and 3.   
 Another potential cause of problems is the way the 
network addresses each point individually.  In a problem like 
this one, the point’s context is important.  This context is 
taken into account very little in this network, in the height 
difference attribute. Because the network is setup to address 
each point individually, it is not ideal for considering this 
context in a more meaningful way. This could potentially be 
addressed with a more complex training algorithm or by 
taking an altogether different approach. Beyond these, other 
learning algorithms may be better suited to solving a problem 
of this complexity, including other types of neural networks. 
Major next steps for this project will focus on these concerns. 
 

 
 

Figure 3. The GSNW Network. Each of the input attributes (on the left) 
for each point is fed into the network.  The values are modified by the 
weights associated with each connection and each of the 55 hidden 
nodes.  The output buffer produces a value between 0 and 1, indicating 
whether to classify the point as part of the GSNW (closer to 1) or not 
(closer to 0). 
 



 
 
 
 
 

VII. A COMPARISON OF THE TWO APPROACHES  
 
 Next, we present a case where both of the above 
methods (dynamical and NN) were applied to the images of 
week of June 02, 2014. The results are presented in Figure 5. 
 There are several things to note from the comparison. 
First, The straight-line extension drawn by the human operator 
was necessary for providing suitable boundary outflow 
condition to the numerical model, which was restricted to 
53W. The NN method might interpret this as “human errors” 
and should thus exclude these particular instances from 
training. Second, note that the dip in the digitized path at 
around 65°W, was captured by both NN and dynamic 
algorithm as a separate feature. A closer look at the velocity 
field appeared to indicate a closed contour – possibly an eddy. 
Such discrepancies elucidate the necessity of using both NN 
and dynamic algorithm in a synergistic manner. 
 An interesting difference between the two approaches 
is that the dynamical approach currently seeks to output a 
path, whereas the neural network approach is outputting a 
range of points. The range of points represents an area of 
uncertainty wherein the path most probably lies. Finding the 
path within this area of uncertainty through post-processing is 
a viable research direction. 
 The type of neural network used in this case serves 
very well in generalizing decisions, surfaces, etc. As such, it is 
understandable that the output would be a general view of 
where the north wall has appeared throughout the studied 
period. Whether due to human error, eddies or other 
interferences, the swings in the dynamical approach are 
present and accounted for in the multitude of classified points, 
east of 65W. While we utilize a well-studied NN in this work, 
it is obvious that the approach needs adjustments and, 
possibly, post-processing. Given the nature of the data, 
however, the network has performed very well in determining 
the region of the north wall. Hence, the conjecture that 
additional post-processing is necessary to provide the closer 
approximation of the GSNW.  
 

 
 

 
 

Figure 4 - Network applied to week of 2014-05-26 (left) and for 
2014-06-16 (right). Note (i)  how the region identification for GSNW 
is similar between the two due to the training being restricted to a 
season, and (ii) how the identified regions are different in the high-
amplitude, large-meandering GS regions to the east of 65W. 

 



 
 
 

VIII. DISCUSSION AND FUTURE WORK 
 
 It is clear from the above results that both dynamical 
method (with SSH) and the NN algorithm show promises for 
automatic detection of the GSNW based on concurrent SSH, 
SST and other images. In this section, we first outline a few 
key points that have been identified and are being investigated 
currently. We then describe some of immediate research areas 
for the near future.  
 First or all, we note that the SSH certainly helps 
when there are clouds and SST is not available. This is clear 
from Figure 1 (bottom-right panel), when the SST images are 
not available for the human operator to detect the GS. In 
future, we would like to quantify the difference between SSH 

derived path and SST derived path (by gradient method and/or 
by human operator) for six years of data to understand the 
implications of the dynamic method and use this information 
with the NN technique for synergistic detection of the GSNW. 
 Second, there could be a seasonal dependence of the 
GSNW on its isoheight contour specification. What is that 
range? We will carry out a statistical analysis of all five years 
of data to get this range and fix the isoheights (probably 
month-by-month). 
 Third, how do we identify eddies/Rings/loops? What 
kind of criteria should we use? Eddies can be described as 
features maintaining a rotational flow within their closed 
contours. Detecting a closed contour is an indication that the 
feature being analyzed is an eddy. Finding that the vorticity 
within the closed contour is consistently in the same direction 
– especially if the vorticity just outside the feature is in the 
opposite direction – seems fairly conclusive. It bears 
experimentation but we should be able to identify eddies by 
detecting the closed contours and through vorticity 
comparison. Note that the network also does not seem to be 
very influenced by the two eddies (at 59W and between 53 
and 56W in the bottom panel of Figure 5).  
 Fourth, what is the role of vorticity and speed in 
defining the GSNW signature? Is it supplementary to SSH and 
SST? After taking a look at vorticity, I have wondered if it is a 
more appropriate baseline for identifying the Gulf Stream than 
SSH. I believe that it is possible to separate the Gulf Stream’s 
zero-vorticity line from that around it by shaving false 
positives. Most of the false positives will be at points with 
lower speed/temperature than the GS so you could use those 
as selection criteria (this would likely leave some eddies). 
 Fifth, how do we use both dynamical method and the 
neural network to come up with a synergistic and objective 
way of identifying the GSNW? Are there cases when we 
should use one over the other? -- There might be a way to 
narrow down the search region using the network, and then 
search within this reduced region using the dynamical method. 
Also, if the NN method proves better at deciding when an 
eddy is separate from the stream that will be very valuable to 
guide the dynamical method chose an isoheight after eddy-
detection and eliminating such regions from the final image. 
Incidentally, preliminary analysis suggests that it might also 
be possible to separate the GSNW’s zero-valued isovorticity 
contour from similar contours of nearby features by utilizing 
other datasets and information such as speed, temperature and 
SSH itself.  
 Finally, a few comments about the future of the NN 
research are outlined next. The NN approach utilized here is 
performing well for its goal – classification and generalization 
of and based on past data. However, it is obvious that a 
refinement is necessary to better pinpoint the GSNW. In view 
of this, two possible options are envisioned. Option one entails 
the utilization of unsupervised and supervised learning, in that 
order. The first step would handle the clustering of the general 
area of GSNW positioning. The second, supervised step would 
then act on that area along and provide the function 
approximation of the actual GSNW line. In the first step, we 

 
 

 
 

Figure 5. A comparison of the NN-derived GSNW region (top) with the 
dynamical approach derived GSNW path (bottom) for the week of 2014-
06-02. The NN captures the region of GSNW reasonably well to the west 
of 70W, where the GS maintains a rather straight meandering 
configuration. However, the region identification algorithms need further 
refinement to the east of 65W.  

 



would utilize self-organizing map (SOM) for its excellent 
grouping skills [12]. A considerable amount of work has been 
done to prove the utility of SOM in such kind of applications 
[13]. In step two, we propose radial basis functions, another 
known neural network suitable for function approximation 
[14]. As a second option, we conjecture that the multilayer 
perceptron (MLP) utilized here will benefit significantly by a 
post-processing step, which will probably require statistical 
methodology. The goal is to significantly refine the 
generalized conclusion of the MLP by the use of image 
processing methodology used in face recognition, for 
example. 
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