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Abstract

1 Introduction and Motivation
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2 Methodology

Fig. 1: Processing pipeline for machine learning related projects
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Fig. 2: Cropped RGB (left) and created ground truth image (right) of the Jade-Weser-Port
in Wilhelmshaven. Undamaged and corrosion class are shown in black and white,
respectively.
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Hentropy(Qm) =−Σk pmklog(pmk) (2)
Hgini(Qm) = Σk pmk(1− pmk) (3)
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3 Application to real Data

3.1 Segmentation with Random Forest



3.2 Segmentation with DeeplabV3+

(a) Segmented images from ResNet-50 Deeplab
V3+ segmentation model

(b) Segmented images from Random Forest

Fig. 4: Correct classification of corrosion is coloured in green, blue are false positive (clas-
sified corrosion where there is none) and red false negatives (did not detect the
corrosion)

3.3 Validation



Table 1: Results of chosen Random Forest and Deeplab V3+ classifiers

Random Forest Deeplab V3+

Metric RGB RGB & IHLS ResNet-50 VGG-16 BN

Total uncertainty 0.2538 0.2618 0.0161 0.1121
Overall accuracy [%] 94.1 93.8 96.2 95.2
F1 Score [%] (class 0, 1) 96.8, 59.9 96.6, 59.3 98.0, 71.7 97.4, 68.3
Pixel-wise IoU [%] (class 0, 1) 93.8, 42.8 93.5, 42.2 96.0, 55.9 95.0, 51.9

Table 2: Cross validation results of the RGB Random Forest and ResNet-50 Deeplab V3+
model

RGB Random Forest ResNet-50 Deeplab V3+

Metric Mean Standard dev. Mean Standard dev.

Total uncertainty 0.2519 0.0084 0.0181 0.0015
Overall accuracy [%] 94.1 0.3 95.8 0.3
F1 Score [%] (class 0, 1) 96.8, 59.7 0.2, 1.0 97.8, 69.4 0.2, 0.5
Pixel-wise IoU [%] (class 0, 1) 93.8, 42.5 0.3, 1.0 95.4, 53.2 0.2, 0.6

4 Discussion and Outlook
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