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most categories of corals are unseen). S
Some local features (e.g. texture and edge) are the primary Figure 5. A pair of images from the EFC dataset.(Left)Reflectance image, (Right) Figure 7. Confusion matrices. Results from (Up) [5] and (bottom) our

representations for corals. Fluorescence image methods based on combined FC6 and CONV3 features from (left)
| : A. Results on Reflectance images reflectance images, (middle) fluorescence images and (right) both images.
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Contribution CONV3 89.2+0.8%

We proposed a method based on CNN and vector of locally Figure 3. The structure of VGG-F. £C6 38 3+ 0.8% In the case of lacking sufficient training data, CNN off-the-

aggregated descriptors (VLAD) encoding for coral image . INi
ggregate p ( ) 9 g Output size (NXN X D) CONV3LFCE 89,91 0.8% shelf features outperform training a small network from
classification. scratch.

We investigated the combined strength of two types of deep CONV3 13 X13 X256 [5] 87.81+1.1%
features (i.e. FC features and CONV features) in coral image CONVA4 13X 13X 256
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Low dimensional compact encoded convolutional features
achieve comparable and better results against fully

classification. .
We evaluated the transferability of deep CNN features to coral CONV5 13X 13X 256 B. Results on Fluorescence images connected features on reflectance and fluorescence coral
Images.

classification for two Iimage modalities (reflectance and FC6 1X1X4096 m
fluorescence). St Cnension ceLracy We suggest, in visual tasks, deep convolutional features

Tablel. The sizes of CONV and FC feature of VGG-F. o
| CONV3 512 86.511.0% should be the first choice for a new dataset, which is very
B. Feature encoding FC6 4096 85.4+1.0% different from the original dataset for training deep networks.

Ch aIIengeS o s 7 CONV3+FC6 4608 86.7 +1.0% Combining features from convolutional and fully connected
4 * 777 _ 85 54129 layers can further improve the overall accuracy.

Physical properties of the water medium (e.g. absorption and | | %}:{; % F [5]
scattering), cause underwater images to suffer from color CONVfeatures i 22 o 2 mERERnR

degradation which is not present in the ground images. T _;:;_*T.-' C. Results on fused images
Water turbidity and floating particles result in underwater N

y e References

Images exhibiting low contrast and limited visibility. m 1] A. Mahmood, M. B S An. E Sohel E B d R H
. vVianmoaodq, . bennamoun, >. AN, F sS0nel, . bousSsald, K. A0OVeY,

n case c.)f cor al species, they have large variations in A CONV3 1024 90.70.8% G.Kendrick, and R. Fisher, “Coral classification with hybrid feature
morphologies, size, color, shape, and texture across classes, Local features P Ce 2197 90 4+ 0.8% representations,” in Image Processing (ICIP), 2016 IEEE International
whose boundaries are often ambiguous. (T~ (- = Conference on, pp. 519-523, IEEE, 2016.
Class imbalance (|e non-coral Species often predominate IN CONV3+FC6 9216 91.40.8% [2] J. Yos_inski, J. Clune, Y. Bengio, ?nd H. Lipson, “.HOW trans_ferable gre
the whole set) results in misclassified minority coral classes. [5] — 90.5+0.8% features in deep neural networks?,” in Advances in neural information
processing systems, pp. 3320-3328, 2014.
. RN - . , [3] K. Chatfield, K. Simonyan, A. Vedaldi, and A. Zisserman,”Return of the
f- VLAD + PCA - I T *~ REF(+FC6) | devil in the details: Delving deep into convolutional nets,” arXiv preprint
et > B pi | D i e 1 arXiv:1405.3531, 2014.
e T REF [4] H. J’egou, M. Douze, C. Schmid, and P. P’erez, “Aggregating local
FEHH: AR 105 A I a | descriptors into a compact image representation,” in Computer Vision and
CONV features K-means clustering Encoded CONYV features g oo it B . ! -
attern Recognition (CVPR), 2010 IEEE Conference on, pp. 3304-3311,
IEEE, 2010.
[5] O. Beijbom, T. Treibitz, D. I. Kline, G. Eyal, A. Khen, B. Neal, Y. Loya, B.
G. Mitchell, and D. Kriegman, “Improving automated annotation of benthic
survey images using wide-band fluorescence,” Scientific reports, vol. 6, p.

23166, 2016.

Figure 4. The framework of VLAD encoding [4] for CONV features.

he VLAD descriptor is constructed by accumulating the
differences between each local feature and their corresponding
nearest centers.
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