Evaluation of convolutional detection architectures for deep-water benthic imagery
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Goal Evaluate different convolutional
detection architectures on benthic
imagery

Challenges ~ What are the right models ? Model
parameters ?

Application  Detection to aid human annotation

Data

Images extracted from video collected by
Remotely Operated Vehicle (ROV),
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Best performance: R-FCN, 100 Box Proposals

Using the unified implementation in the form of a "meta-architecture" [1] provided in the Tensorflow Detection

AP, we evaluate the precision, varying important parameters such as box proposal size and image size.

Three different architectures were tested: Faster R-CNN [2], R-FCN [3] and SSD [4]. The feature extractor used

was ResNet-101 [5]. Models are initialized with the weights pre-trained with the COCO [6] dataset from the
Tensorflow detection model zoo [7].

GPU time benchmarks were calculated on a machine with an Nvidia GeoForce GTX Titan X GPU card.
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(a) SSD.

(b) Faster RCNN.
Figure 1: Huang et. al. 2017, arXiv:1511.10012 [1]

(¢) R-FCN.
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The Single Shot Detector (SSD) works reasonably well for larger species
like Peniagone Sp. A, and runs at roughly twice the speed of other models

Best performance: R-FCN, 300 box proposals
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Figure 2: Example screen capture from Tensorboard which
was useful during model training to monitor model output
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(b) SSD+InceptionV3, 300 pixel Image Resolution

(a) Faster RCNN+Resnet101, 100 proposals
Figure 3: Example detections from two models using a threshold of 0.5.
Both models work well on large animals like the Peniagone Sp. A, but
Faster RCNN works better on the smaller Benthocodon jellyfish in (a)
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Figure 4: Examples of detections with the same model, but different proposals.
More proposals improves the detection capability as seen in the difference between

tiles (a) and (b).
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