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Fuel o'l consumpt'on (FOC) accounts for two-th'rds of a vessel’s voyage expenses and 
more than a quarter of 'ts operat'ng costs, mak'ng 't a key econom'c performance 'nd'cator. 
Sh'pp'ng compan'es are pr'or't's'ng the adopt'on of fuel eff'c'ency strateg'es (Gkerekos, 
Lazak's, and Theotokatos, 2019), and my company 's no except'on. In add't'on, the recent 
regulatory push for em'ss'on reduct'on makes 't 'ncreas'ngly necessary to lower the fuel 
amount used and the resultant em'ss'on levels (Bakka et al., 2022). Mar'ne b'ofoul'ng 's 
well recogn'sed for creat'ng fr'ct'onal res'stance, wh'ch d'm'n'shes a sh'p's propuls'on 
eff'c'ency and 'ncreases fuel consumpt'on. The decl'ne 'n eff'c'ency can range from 5% to 
15% of propuls'on power and fuel usage (Schultz et al., 2010), and hard foul'ng accounts 
for at least 110 m'll'on tons of add't'onal carbon em'ss'ons yearly (Prevljak, 2025). 
Clean'ng the propeller and hull reduces foul'ng, but 's costly and may damage the sh'p's 
ant'-foul'ng systems; therefore, 't should only be undertaken when necessary (Bakka et al., 
2022; Liu et al., 2022). 
This study aims to assist managers in developing condition-based predictive maintenance   
(James, 2025; Chen et al., 2024) models to schedule optimal cleaning timings(Liu et al., 
2022) and eventually reduce fuel costs and emissions(Zeronorth.com, 2024). 

Hypothes)s  

‘’We hypothes'se that b'ofoul'ng has a s'gn'f'cant effect on the performance of the sh'p and 
fuel consumpt'on’’. 

To determ'ne the correlat'on between the sh'ps' foul'ng cond't'on and fuel performance 
(Bakka et al., 2022), a controlled sea tr'al 'nvolv'ng two s'ster sh'ps, H'lde A. (H.A.), wh'ch 
was recently cleaned, and Marguer'te A. (M.A.), wh'ch was cleaned four years ago, has 
been establ'shed. Th's tr'al operates under s'm'lar, stable cond't'ons to 'solate the b'ofoul'ng 
effect and quant'fy the 'ncrease 'n fuel consumpt'on.  

a.)Data sources and var)ables of )nterest 

In convent'onal approaches, a d'ver assesses the sh'p's cond't'on, prov'd'ng descr'pt've 
results (L'u et al., 2022). Noon reports are st'll ut'l'sed but have low data frequency and are 
prone to human error. Modern sensors enable h'gh-def'n't'on, accurate, real-t'me data 
collect'on (Zeronorth.com, 2024), wh'ch can be eas'ly analysed us'ng b'g data analys's, 
modell'ng, and AI.  

Data Sources 

These three dev'ces are mar'ne sensors des'gned for vast amounts of real-t'me data 
acqu's't'on. 
DR(Voyage Data Recorder)- Provides time-stamped navigational and engine parameters 
records, including speed over ground (SOG), RPM, and position. 
Yokogawa Mass Type Flowmeter- Captures real-time fuel mass flow rates (in tonnes/hour) 
to calculate propulsion energy input. 
Trelleborg TSX5 Shaft Power meter- Measures torque and RPM to calculate total shaft 
power (kW) 
Other data sources are:  
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Noon Reports  - To check for the last clean'ng dates , weather data , and load factors . 
Cloud Transm'ss'on Logs – Records the 'ntegr'ty and frequency of satell'te-based data 
transm'ss'on. 
AIS-based route match'ng 's used to control for a s'm'lar voyage/env'ronment.  
Storm Geo S-Insight Monthly Reports, where vessel performance general data, such as 
wind, wave, current, average disposal, average speed, hull and propeller clean'ng h'story, 
can be traced. 
 

b.)Variables of interest are :  

Primary variables are : 

1-Fuel Mass Flow Rate(t/h): The amount of fuel consumed per hour, measured 'n tonnes 
per hour. 
2-Speed Over Ground(knots): The vessel’s actual speed relat've to the Earth, measured 'n 
knots (naut'cal m'les per hour). 
3-Shaft Power RPM: The rotat'onal speed of the propeller shaft 'n revolut'ons per m'nute 
shows how fast the eng'ne 's turn'ng the shaft. 
4-Total Shaft Power(kW): The mechan'cal power del'vered by the eng'ne to the propeller 
shaft, measured 'n k'lowatts (kW), dr'ves the sh'p forward. 
 
Control variables are : 
5-Weather: wind, wave, and current are analysed at similar values to eliminate confounding 
effects on the experiment. 
6-Load Factor: Cargo weight and average disposal (mt) are analysed at similar values to 
eliminate confounding effects. 
7-Ship specifications/technical factors: Both ships are 176m long, with a capacity of 2100 
TEUs, and were built in 2005 in the same shipyard. They use the same engine and shaft 
generator regarding brand, number, and condition.  
8. Categorical Factor: Biofouling status, cleaned vs fouled.  
 
The sea trial measures variables 1-4 for both ships, with variables 5-7 being control 
variables kept constant or analysed at similar values to isolate biofouling as the leading 
cause of changes(Bakka et al., 2022).  
 
c.)Data collect)on method 

Data was collected v'a IoT sensors, transm'tted through satell'te commun'cat'on servers, 
and processed us'ng cloud analyt'cs platforms. Data arr'ved d'rectly at the b'g data solut'on 
software Storm Geo s-Ins'ght, a fleet performance management solut'on that ut'l'ses AI, 
satell'te data, IoT sensors, and advanced analyt'cs to enhance fleet effect'veness 
(StormGeo, 2025). It 's capable of 'nterpret'ng the data 'n 'ts or'g'nal format and process'ng 
data f'les d'rectly(Jones, 2017).  

Data was collected at h'gh frequency over 12 days, w'th 100–300 sensor data pulses 
transm'tted da'ly, represent'ng sampl'ng 'ntervals of approx'mately 5 to 15 m'nutes. Storm 
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Geo v'sual'sed the extracted data as a scatter plot, wh'ch has been used for further 
analys's and modell'ng.  

d.)Analys)s d)scuss)on 

The analys's 's based on a superv'sed learn'ng approach, where a model 's tra'ned on 
labelled data. For 'nstance, 'n Graph 1, the 'nput var'able 's Speed Over Ground(SOG), 
and the output (target) var'able 's Fuel Consumpt'on. The object've 's to learn the mapp'ng 
from 'nput to output, where each observed speed 's assoc'ated w'th a known fuel 
consumpt'on value. Once tra'ned, the model and the h'stor'cal data are used to pred'ct fuel 
consumpt'on for new speed values, enabl'ng forecast'ng future consumpt'on patterns 
across vary'ng vessel speeds. Regress'on analys's was chosen for 'ts pred%ct%ve modell%ng 
capab'l't'es(Stylianos Kampakis et al., 2022), as well as for 'ts transparency and the 
s'mpl'c'ty of 'ts underly'ng algor'thm(Harris, 2022).  

The Regression graphs were generated us'ng AI-supported tools(Sardis, 2023), 
'mplement'ng Python and the Matplotl'b l'brary for data. In all the charts below, the X-ax's 
's 'ndependent, the Y-ax's 's the dependent var'able, and the scatter plot 's raw data. 

 

Graph 1 (Raw data scatterplot) 

Speed Over Ground(SOG) vs Total Fuel Consumpt'on Mass Flow 

 

 

polynom'al regress'on 

 
Axes : X-axis: Total fuel consumption(t/h) ; Y-axis: Speed over ground (kts) 
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Purpose: To measure how eff'c'ently each vessel converts fuel 'nto speed.  
F'nd'ng: H.A. cons'stently ach'eves h'gher speeds than M.A. under the same fuel 'nput.  
For example, M.A.'s speed 's lower at a 1.2 t/h fuel flow rate. 
Interpretat'on: Loss 'n propuls'on eff'c'ency caused by hull foul'ng and 'ncreased 
res'stance.  

The grey shaded area illustrates performance loss from fouling, specifically, the extra fuel 
needed to overcome increased hull resistance. Although fuel flow remains constant, vessel 
speed decreases in fouled conditions, requiring more fuel to match the performance of a 
clean hull. 

Graph 2 (Raw data scatterplot) 

Speed Over Ground over Shaft 1 RPM 

 
Note that red po'nts near 0–10 RPM and 0–10 knots l'kely represent no'se or low-power 
operat'on and should be excluded as outl'ers. 

polynomial regression  

 

Axes:  X-axis: Shaft 1 RPM(rotat'ons per m'nute of the pr'mary shaft); Y-axis: Speed over 
ground (knots) 
Purpose: To measure propuls'on eff'c'ency by demonstrat'ng the effect of  Shaft 1 RPM on 
speed. H'gher speed at lower RPM 'nd'cates a cleaner hull. 
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Finding: For H.A., speed 'ncreases at an accelerat'ng rate w'th RPM. In contrast, M.A. 
speed shows a flat response- shaft RPM fa'ls w'th no s'gn'f'cant speed 'mprovement to 
produce a correspond'ng speed ga'n, even at 125 RPM.  
Interpretat'on: Clear loss of propuls'on 'neff'c'ency. 

 

Graph 3 

Total Shaft Power over SOG 

 
 

polynomial regression 

 

Axes : X-axis: Speed over ground (kts); Y-axis: Total Shaft Power (kW)         
Purpose: To measure propuls'on eff'c'ency by demonstrat'ng the effect of speed on  Total 
Shaft Power.  
F'nd'ngs:   Shaft power 'ncreases exponent'ally w'th speed. M.A. cons'stently requ'res 
more shaft power than H.A. at all speeds, espec'ally above 11 knots. 
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Interpretat'on: Ind'cates reduced propuls'on eff'c'ency for M.A., lead'ng to h'gher fuel 
consumpt'on. 
 
 
 
Graph 4 
 
Total Da'ly Fuel Consumpt'on Mass  over SOG 

 
polynom'al regress'on  

  
The regress'on chart does not show data between 0 and 8 knots because the data was 
'ntent'onally generated start'ng from 8 knots due to scattered outliers (Jones, 2017), likely 
idle/port periods, or invalid voyage data. 

Axis : X-axis: Speed over ground (kts); Y-axis: Total daily fuel consumption(t/d) 
Purpose: To measure propuls'on eff'c'ency by demonstrat'ng the effect of speed on Total 
da'ly fuel consumpt'on.  
F'nd'ngs:  Fuel consumpt'on r'ses w'th speed for both sh'ps, but M.A. cons'stently 
consumes more than H.A. at comparable speeds,  
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Interpretat'on: The w'den'ng gap at h'gher speeds reflects the compound'ng fuel penalty 
caused by foul'ng, h'ghl'ght'ng the cost of delayed clean'ng. 
 
Recommendat+ons and expected results 

The sea trial confirmed that biofouling increases hull resistance and raises fuel 
consumption by  5%–7%.  
The following actions are recommendations : 

- A  limitation is the short trial duration. H.A., recently cleaned, should serve as a zero-
fouling performance baseline. High-frequency data collection should continue until its 
next drydocking (in 4–5 years) to build a long-term performance trend and train 
predictive models that detect degradation and trigger cleaning alerts. 

- Annual comparisons between fuel use and hull fouling- ideally with visual inspections- 
will strengthen correlations with performance decline and improve predictive model 
accuracy over time(Pavin and Vlatko Knežević, 2023). 

- The data can evaluate current anti-fouling paint performance and benchmark fuel 
efficiency against fouling progression, enabling objective assessment of new 
technologies for evidence-based procurement decisions. 

- Drydocking usually occurs every five years due to the high cost and off-hire time. 
However, M.A.’s drydocking should be done earlier since the efficiency loss is 
significant. 

- It is recommended to keep M.A.’s cruising speed at optimal levels to reduce excessive 
fuel use until cleaning can be performed, as higher speeds lead to exponential 
consumption increases. 

- S'nce b'ofoul'ng 's 'nev'table and frequent clean'ng 's not cost-effect've, long-term 
m't'gat'on strateg'es-  'nclud'ng retrof'tt'ng or upgrad'ng propuls'on systems- should 
be cons'dered to offset the operat'onal and fuel costs over t'me. 

These actions are essential for developing an effective predictive maintenance model. By 
continuously collecting high-frequency data on hull condition, fuel consumption, and vessel 
performance, thresholds can be defined to trigger alerts when efficiency deviates beyond 
an acceptable range. Over time, this enables condition-based algorithms that recommend 
cleaning based on predicted performance loss, not fixed schedules or manual inspections. 
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