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Maintaining Sewer System Video Old workflow
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Sewer pipes under any cities must be checked and replaced when necessary.
One method for inspection is using a remote-controlled camera on wheels D .
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damages. Such manual task is slow and tedious, which is an opportunity for
automation; in this case with deep learning.
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Figure 2: New inspection workflow with Al integration.

' How to automate?

In short, a deep object detector (EfficientDet-D0) was trained on newly
annotated dataset to perform automatic damage detections in later
inspection videos. Furthermore, future feedbacks from experts can
automatically be used to improve the detector.
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Figure 1: Remote-controlled robot recording a video inside a sewer pipe.

How does the data look like within the pipeline?

From each recorded video, pipe’s inner surfaces are unrolled, reconstructed and projected onto a single RGB image using techniques from (Kunzel et al., 2018).
The resulting images are usually very wide, so they are divided into multiple smaller patches along the pipe’s length. After that, these patches are then fed to the
object detector for localization and classification of defects.
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Figure 3: Visualization of data within the proposed pipeline.
How well does it perform? Accuracy over all defects in test set (N=1549) 0,77 %

83% 16,23 %

According to the evaluation by the domain experts, quite good.
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Figure 4: Network’s detections on a test patch. =1 Precision - Recall
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