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Deep Convolutional Neural Networks for 

Efficient Pose Estimation in Gesture Videos

Tomas Pfister1, Karen Simonyan1, James Charles2 and Andrew Zisserman1

Reliable 2D upper body pose estimation in long videos in real-time 

for gesture recognition.

Goal

Method

Motivation

Contributions

1 2

Experiments

1. A pose estimation ConvNet for learning from temporal information

2. Investigation of search space reduction by pre-segmenting the video foreground

3. Benefits of estimating the pose from multiple input frames

BBC TV Sign Language

Charles et al. Our work

Computation time Component evaluation

Comparison to previous work

Address problems with previous approaches:

Unconstrained poses Need foreground 

segmentation

SEG. NOT 

REQUIRED

Speed

2 fps

100 fps

Temporal Pose ConvNet

Multiple frames 

in colour channels
Direct regression 

of upper-body pose coordinates

 ImageNet’13 winner-like net

retrained from scratch with L2 loss

Evaluation measure: % of pixels within 6px of GT  (scale on left)

N0 20 40 60 80 100 120 (px)

Dataset

20 hours of video

(15h train, 5h test) 

with automatically generated 

ground truth
[1] Buehler, P., Everingham, M., Huttenlocher, D.P., Zisserman, A.: Upper body detection and tracking in extended signing sequences. IJCV (2011)
[2] Charles, J., Pfister, T., Everingham, M., Zisserman, A.: Automatic and efficient human pose estimation for sign language videos. IJCV (2013) 
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