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CONTEXT COMPARISON OF DEEP LEARNING ARCHITECTURES HIiDDEN MARKOV MODEL

Goal: Surgical video frames classification 294 % 394 3 294 3¢ 394 % 64 34-ayer resicul > Initial state probabilities

> Videos of size 1920x1080 Shot at 25 frames per sec- > Matrix of probabilities of transition between states
ond at IRCAD research center in Strasbourg, France > (Gaussian parameters for emissions of observations
> 27 training videos (mean and co-variance matrix)

> 15 testing videos
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> Online prediction: P(y\xi,xi_l,mi_g, ) ] fully connected+ReLlU E 5 3 0123 45 6 1
S Usefull to _._ softmax vg. output probas of mode
> Monitor surgeons
> Trigger automatic actions CONCLUSION
D [ A M Model Type Accuracy (%) Future works:
BEEP LEARNING ETHODS InceptionV3 (4 Extraction (repres. of ImageNet) 60.93 > Eme tun‘mg CNN on full trainset (not only 80%)
Random split 4+ sampling (1f/s): InceptionV3 |4 From Scratch (repres. of M2CAT) 69.13 > Ensembling several ﬁn.e tuned.l CNNs
> Training set: 22 videos (59,493 images) InceptionV3 |4 Weldon [3]| (both representations) 78.18 .esults are reproducible with Tqrch7.
> Validation set: 5 videos (8,062 images) InceptionV3 [4 Fine-tuning (both representations) 79.06 gltltlub .com/Cadene/torchnet-m2caiworkflow
> Testing set: 15 videos (28,732 images) ResNet200 2] | Fine-tuning (both representations) 79.24 arxiv.org/abs/1610.05541
“From Scratch” : End-to-End Learning
Forward
COMPARISON OF SMOOTHING METHODS
Temporal Method Accuracy Val (%) | Jaccard Val | Jaccard Test
No Smoothing 79.24 — —
Avg Smoothing 85.97 74.67 -
Backward Avg + HMM Online 88.90 81.60 71.9
"Extraction” : Pre-trained CNN Avg + HMM Offline P34 37.59 —
vid & cnn err 13.8 %, hmm err. 7.8 %, hmm off err. 4.7 %
Forward 7
B > 6 :;m':c'“m”t avraged over 5 frames) l 1 Cadene et al. Master’s Thesis : Deep Learning for Visual
CNN 5 e hmim offline ' Recognition. arXv, 2016.
Loss 4 — hmm |
] | ||| | 2 He K. et al. Identity Mappings in Deep Residual Networks.
: ECCYV, 2016.
S Sackars 1 | 3 Durand et sl WELDON: Weakdy Superyied Lessning of Docy
"Fine-Tuning” : Both approaches ! ’ 00 vid 9, cnn err. 19'8 %, hmm err. 15.0 %, hfm off err. 10.9 % 200 =00
— cnn {output averaged over § frames] 4 Szeggedy et al. Rethinking the inception architecture for com-
6 — puter vision CVPR, 2015.
5 = ymm offline
4 — hmm 5 Diederik et al. Adam: A Method for Stochastic Optimization.
; || 1 | LI | ICLR, 2014.
’ | 6 Simonyan et al. Very deep convolutional networks for large-
1 | 1 scale image recognition. ICLR, 2014.
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