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Overview
Our work explores a new controlled approach

to spatiotemporal ConvNet realization.
•A small vocabulary of theory motivated, analytically
defined filtering operations are cascaded to yield hi-
erarchical representations.

•The same set of operations are repeatedly applied
via a recurrent connection; however, different infor-
mation, F , is extracted at each pass as the input
changed due to the operations of the previous pass.

•All the primitive operations are specified analytically
and therefore do not require training.

•The resulting representation is readily interpretable.
•The proposed network yields state-of-the-art results
on the task of dynamic texture recognition.

1. Convolution
•Convolution provides local measurements of
spacetime orientation in the input imagery, V (x),
x = (x, y, t).

•A basis set of 3D Gaussian derivatives,
G

(3)
3D(θi, σj), with θ and σ denoting 3D orienta-

tion and scale, resp., is used at all layers and the
number of feature maps is defined theoretically.

C(x; θi, σj) = G
(3)
3D(θi, σj) ∗ V (x)

2. Rectification
•Two path rectification conserves the signals’ mag-
nitude and phase information.

•Squaring allows consideration of the results in
terms of spectral energy.

E+(x; θi, σj) = (max[C(x; θi, σj), 0])2

E−(x; θi, σj) = (min[C(x; θi, σj), 0])2
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3. Normalization
Normalization is used to minimize sensitivity to
multiplicative contrast variations and for practical
signal representation.

Ê(x; θi, σj) = E(x; θi, σj)∑M
m=1E(x; θm, σj) + ε
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4. Spatio-Temporal Pooling
•Spatiotemporal pooling is performed following a
frequency decreasing path. Thus, the same set
of filters in the convolution block operate on
lower spatiotemporal frequencies at each
subsequent layer thereby revealing new
information from the originally input signal.

Sk(x; θi, σj) =↓τ
(
G3D(γ) ∗ Ê(x; θi, σj)

)

•Since the signal properties of the proposed
architecture have been specified analytically,
pooling parameters are precisely determined.

5. Cross-Channel Pooling
The extracted feature maps are combined via cross-
channel pooling to capture common attributes
across maps while preventing the number of maps
from exponential increase.

Lk(x; θi, σj) = 1
M

M∑
m=1

Sk(x; θi, σj, θk−1
m )

6. Illustrative Examples
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•This synthetic example illustrates the emergence of
abstract features via recurrent processing.

•Layer 1 extracts the local motions, while Layer 2
extracts the more abstract global motion patterns.

 Scan the QR code above to see a YouTube video showing SOE-Net at work. 
The video is an animation of the figure on the left side. It illustrates the different 

levels of abstraction of SOE-Net both on synthetic and real life examples. 

Application: Dynamic Texture Recognition
Sample Dynamic Textures

 

Bonfire Foliage Calm water Car traffic Waving Flag 

Dynamic Textures are prevalent phenomena in the visual world and the
basis for many other applications such as:

•Video indexing.
•Dynamic scene segmentation and recognition.
•Change detection for video surveillance and monitoring.

Results
Comparison to a learning based 3D CNN

YUVL1 YUVL2 YUVL3 Alpha Beta Gamma Dyntex_35
C3D [1] 88.0 89.8 85.5 100 96.3 95.0 96.3
SOE-Net 95.6 91.7 91.0 98.3 96.9 93.6 97.7

Table 1: Comparison of SOE-Net features versus C3D features.

Comparison to DT recognition state-of-the-art
Alpha Beta Gamma Dyntex_35 Dyntex++

Method SVM NCC SVM NCC SVM NCC NN NCC SVM

Learning-based

[2] - - - - - - - - 63.7
[3] - - - - - - 98.6 - -
[4] - - - - - - - - 92.8
[5] 87.8 86.6 76.7 69.0 74.8 64.2 99.0 97.8 94.7

Hand-crafted

[6] 84.9 83.6 76.5 65.2 74.5 60.8 - 97.6 89.9
[7] 82.8 - 75.4 - 73.5 - - 96.7 89.2
[8] - - - - - - - 96.5 88.8
[9] 83.3 - 73.4 - 72.0 - - 97.1 89.8
[10] - 85.0 - 67.0 - 63.0 - - -

SOE-Net 96.7 96.7 95.7 86.4 92.2 80.3 97.7 93.1 94.4
Table 2: Comparison to state-of-the-art methods on Dynamic Texture recognition.
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