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RUHR-UNIVERSITY BOCHUM Assessment of Fouling release coatings
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RUHR-UNIVERSITY BOCHUM Analysis of field data

• Counting of diatoms in microfluics works automatically (particle detection)
• Counting of field slides requires manpower as objects on surface are heterogeneous
• Initial DDT/HUDT/EG6 dataset: 4 repl x 9 chem x 60 fov = 2160 Fields of view
• Time for man. analysis per field of view: 5-10 min (depending on coverage, 16 MPix image)

=> 2160 x 7 min = 252 h of counting (30 days by first and second semester students)
• To be analyzed in 2018/2019: >600 slides, (>36000 FOV ≈ 525 days of counting)

Field dataLaboratory data
(N. perminuta)

Nolte, Koc, Barros, Hunsucker, Schultz, Swain, Rosenhahn, Biofouling 2018, 34, 3983

STUDENTS

PhD STUDENTS

ANNOTATED IMAGES

Labeling

Verification Analysis



RUHR-UNIVERSITY BOCHUM Deep learning neuronal network

• Goal : Counting diatoms on field samples with particulates and other artifacts present
• Binary classifier -> Not only detection of presence of an object (yes/no) but probability for occurrence 

in a specified region
• Runs entirely on graphic cards
• Fast analysis (≈1s per image)

Google 
Inception v3

Sequential, deep 
learning neuronal 

network

23·106 20·103

Reduction of free parameters
(less parameters -> faster analysis)

Collaboration with B. Rosenhahn, Institute for Information Technology, Leibnitz-University Hannover
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Challenge similar to
automated driving
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Microscopy data and learning sets

Learning dataset :
• Initial labeling could not be used due to inaccurate labels (edge of diatom or even next to diatom in close vicinity)
• Diatom positions assigned by different users (different accuracy, required careful selection)
• Expert relabeling with markers in the center of the diatoms were necessary
• Data augumentation (Contrast, brightness, mirroring, rotation)

Krause, Koc, Rosenhahn, Rosenhahn, Envir. Sci. Technol. 2020, 54(16), 10022
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•Deep learning counts as good as humans
•Human counting depends on person

• Time required for 600 images was 8 minutes (0.8 s/image)
(would take 70 h by human) 
and DL works non-supervised!

Learning data 
detected

Learning data 
missed

DL result

Krause, Koc, Rosenhahn, Rosenhahn, Envir. Sci. Technol. 2020, 54(16), 10022
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Field data (5 days)Laboratory data (24 h)
(N. perminuta)

Field data (several months)

COMPLEXITY
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Occurrence based 
(random point annotation)

Area based
(manual segmentation)

- Quantitative and consistent visual evaluation of coatings
- Appropriate consideration of positive and negative controls
- Method should work for a broad range of coating types



RUHR-UNIVERSITY BOCHUM From image recognition to semantic segmentation
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Challenges for automated image analysis
• Complex composition of fouling organisms
• Mixture of species at certain spots
• Vicinity of randomly chosen CPCe points can 

be heterogeneous
• Imbalanced panel depending species 

distribution

Data base from FIT : 486 panel images 
Point assignment according to CPCe (24300 data points)

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64

Tubeworm

Coating

Slime
Colonial Tunicate

Colonial tunicate



RUHR-UNIVERSITY BOCHUM Unet architecture for semantic segmentation
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• Not only object detection and counting but semantic 
segmentation

• Labeling of entire panels is time demanding and induces 
a species imbalance

• Separated Panel into patches of ≈5% of the total panel 
size

• ≈300 randomly chosen fully manually segmented images
(13 fully manually segmented panels)

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64



RUHR-UNIVERSITY BOCHUM Manually segmented ground truth data
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Image Human Prediction

• Intersection over union (IOU) of 0.3 for 10 classes
• ≈300 training images BUT high class imbalance
• Architecture optimization and additional labeling of previously unlabeled 

regions/tiles of high entropy (e.g. bare versus slime as bare is underrepresented)

Status in the middle of the project

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64
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L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64



RUHR-UNIVERSITY BOCHUM Semantic segmentation of fouling in the field
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t-SNE (t-distributed stochastic neighbor embedding) of the high-level features extracted by the encoder path of U-Net

(A) Bare coatings

(B) Bare&Slime

(C) Slime

(D) EncrBryoz&Barnacles

(L) Mixed species with slime

(F) Big individual tubeworms

(E) EncrBryoz&Tubeworms

(I) Dense barnacles

(H) Tubeworms&ArbBry

(G) Dense tubeworms

(K) Small tubeworms

(J) Sponges&ColTunicates

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64



RUHR-UNIVERSITY BOCHUM Estimation of sampling error in CPCe annotation
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• Fully segmented panel image was used to ”simulate” CPCe sampling accuracy
• While frequently occurring species that cover larger areas like bare substrate, barnacles, slime or tunicates has 

lower left-out probabilities, small objects like tubeworms have a high leaving out probability

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64



RUHR-UNIVERSITY BOCHUM Fouling progression analysis
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Criticizm on the method: Bias for top surface layer, but fouling organisms with surface contact relevant

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64

Coverage by organisms is 
changing over time



RUHR-UNIVERSITY BOCHUM Point resolved fouling progression analysis

Immersion
duration

Slime

Tubeworms

Encr. bryozoan

Col. tunicate

L. Krause, E. Manderfeld, P. Gnutt, L. Vogler, A. Wassick, K. Richard, M. Rudolph, K. Hunsucker, G. Swain, B. Rosenhahn, A. Rosenhahn, Biofouling 2023, 39(1), 64
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• Very early fouling dominated e.g. by diatoms can be analyzed by image detection using a binary 
classifier

• Labeling and analysis of fouling communities on surfaces can be accomplished by semantic 
segmentation with deep learning

Challenges
• Semantic segmentation has a bias towards the top layer of fouling. Analysis of time series can help.
• Many of the larger species (e.g. solitary tunicates, arborescent bryozoans) collapse if the panels are 

retrieved from water. Is the assessment accurate? (Similar question applies to CPCe method and to a 
lesser degree to for ASTM assessment). Does the analysis of underwater (diver) images help?

• If multiple species are grown symbiotically as new entity, how should such cases be 
analyzed/interpreted?

• Need to define how can the data be reduced into “heavy fouling”, ”light fouling”, and “clean coatings”.

Advantages
• Once established, it may serve as fast and reliable method for fouling assessment with limited human 

bias
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