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Abstract:

Video event recognition according to content feature faces great challenges due to complex scenes and
blurred actions for surveillance videos. To alleviate these challenges, we propose a spatial-temporal
structure of deep Convolutional Neural Networks for video event recognition. By taking advantage of
spatial-temporal information, we fine-tune a two-stream Network, then fuse spatial and temporal feature at a
convolution layer using a conv fusion method to enforce the consistence of spatial-temporal structure. Based
on the two-stream Network and spatial-temporal layer, we obtain a triple-channel structure. We pool the
trajectory to the fused convolution layer, as the spatial-temporal channel. At the same time, trajectory-
pooling is conducted on one spatial convolution layer and one temporal convolution layer, to form another
two channels: spatial channel and temporal channel. To combine the merits of deep feature and hand-crafted
feature, we implement trajectory-constrained pooling to HOG and HOF features. Trajectory-pooled HOG
and HOF features are concatenated to spatial channel and temporal channel respectively. A fusion method
on triple-channel is designed to obtain the final recognition result. The experiments on two surveillance
video datasets including VIRAT 1.0 and VIRAT 2.0, which involves a suit of challenging events, such as
person loading an object to a vehicle, person opening a vehicle trunk, manifest that the proposed method can
achieve superior performance compared with other methods on these event benchmarks.

Our contribution including:

1. We utilize two-stream Network to extract spatial feature and temporal feature, and fuse spatial and
temporal feature at a convolution layer by using a conv fusion method, which can enforce the consistence of
spatial-temporal structure.
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2. To combine the merits of deep feature and hand-crafted feature, we implement trajectory-constrained
pooling to HOG and HOF features, which can more accurately represent local feature of the happening
actions.

3. We design a trajectory-pooled triple-channel structure. Triple-stream structure can model the spatial-
temporal information better.

4. We conduct an extensive set of experiments, which demonstrates that our method can obtain
excellent performance.
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