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Abstract: As deep learning technology has been developed and applied to various fields, it is
gradually changing from an existing single image based application to a video based application
having a time base in order to recognize human behavior. However, unlike 2D CNN in a single image,
3D CNN in a video has a very high amount of computation and parameter increase due to the addition
of a time axis, so improving accuracy in action recognition technology is more difficult than in a single
image. To solve this problem, we investigate and analyze various techniques to improve performance
in 3D CNN-based image recognition without additional training time and parameter increase. We
propose a time base ensemble using the time axis that exists only in the videos and an ensemble in the
input frame. We have achieved an accuracy improvement of up to 7.1% compared to the existing
performance with a combination of techniques. It also revealed the trade-off relationship between

computational and accuracy.
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[Fig. 1] A typical video model has a fixed mini-batch size even if the lengths of the images are all different, as shown in the figure. For
this reason, the mini-batch size extracted as shown on the top of the picture may include the entire image, or may not include the entire
images as shown below. Therefore, the video recognition model trained in a fixed mini-batch size regardless of the overall size of the

image is strongly trained in changing the frame
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Ensemble by
average or voting

[Fig. 2] General ensemble technique used in deep learning based
on CNN
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[Fig. 3] Spatially transform the input image, making multiple
outputs from one model and ensemble
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feature
frame extractor ﬁ
E average .
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Replace with adaptive
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b Predict

[Fig. 4] The general CNN structure extracts features from the
feature extractor as above, and then flattens after average
pooling to enter fc. To use our method, simply modify the
average pooling’ layer to the adaptive average pooling’ layer
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[Table 1] 3D ResNeXt 101 performance in HMDBS1 action
recognition benchmark. 3 channels of RGB modality are input.
modalities stacked 32,64,128,250 consecutive frames, and the
spatial size of the image is (112,112). All performance is the
result of fine-tuning the pre-trained weight of Kinetics400

Model Modality Frame Accuracy
ResNeXt-101 RGB 32 69.1%
ResNeXt-101 RGB 64 70.2%
ResNeXt-101 RGB 128 71.1%
ResNeXt-101 RGB 250 72.6%

[Table 2] 3D ResNeXt 101 performance in HMDBSI1 action
recognition benchmark. 2 channels of Flow modality are input.
modalities stacked 32,64,128,250 consecutive frames, and the
spatial size of the image is (112,112). All performance is the
result of fine-tuning the pre-trained weight of Kinetics400

Model Modality Frame Accuracy
ResNeXt-101 Flow 32 71.1%
ResNeXt-101 Flow 64 70.2%
ResNeXt-101 Flow 128 71.8%
ResNeXt-101 Flow 250 70.6%

[Table 3] 3D ResNeXt 101 performance in HMDBS51 action
recognition benchmark. 3 channels of RGB modality are input.
All performance is the result of fine-tuning the pre-trained
weight of Kinetics400. Horizontal is the image with horizontal
flip applied to the input image. Lastly, Vertical is an image with
vertical flip applied

Combination of

A
Ensembles ceuracy

Model Modality

ResNeXt-101 RGB Original 69.1%

ResNeXt-101 RGB Original+Horizontal 71.9%

ResNeXt-101 RGB Original+Vertical 69.0%
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Right-top crop

Left- dOWh crop

—:-’“‘V;'“ el
Right-down crop

[Fig. 5] The above picture is an image of horizontal filp, left-top crop, right-top crop, left-down crop, and right-down crop of the original
picture to ensemble the input. In addition, horizontal flip can be combined with each crop method, so a total of 6 combinations can be made

[Table 4] 3D ResNeXt 101 performance in HMDBS1 action
recognition benchmark. 3 channels of RGB modality are input.
All performance is the result of fine-tuning the pre-trained
weight of Kinetics400. ‘Single’ is augmentation applied to the
input image every single frame, and ‘All’ is the same
augmentation applied to all frames. Also, all augmentation is
horizontal flip

Model Modality | Ensemble method | Accuracy
ResNeXt-101 RGB Original 69.1%
ResNeXt-101 RGB Single 66.9%
ResNeXt-101 RGB All 70.2%
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[Table 5] 3D-ResNeXt-101 performance in HMDB-51 action
recognition benchmark. 3 channels of RGB modality are input.
All performance is the result of fine-tuning the pre-trained
weight of Kinetics400. In the surrender of “Combination of
Ensembles,” ‘1° represents the original image, and ‘2’ is the
horizontal filp. 3 to 6 are left-top, right-top, left-down, and
right-down crops sequentially

Model Modality | Combination of Ensembles | Accuracy

ResNeXt-101| RGB 1 69.1%
ResNeXt-101| RGB 1+2 70.9%
ResNeXt-101| RGB 1+2+3 71.8%
ResNeXt-101| RGB 1+2+3+4 72.4%
ResNeXt-101| RGB 1+2+43+4+5 72.6%
ResNeXt-101| RGB 1+2+3+4+5+6 73.5%

[Table 6] 3D-ResNeXt-101 performance in HMDB-51 action
recognition benchmark. 3 channels of RGB modality are input. All
performance is the result of fine-tuning the pre-trained weight of
Kinetics400. Temporal is the time axis with the best performance
of 250f, and spatial is the ensemble of six input images

Model Modality Ensemble method Accuracy
ResNeXt-101| RGB Original 69.1%
ResNeXt-101| RGB Original+Temporal 72.6%
ResNeXt-101| RGB | Original+Temporal+Spatial | 76.2%

[Table 7] performance comparison between the traditional
ensemble technique and our proposed ensemble technique

Model Parameters Ensemble method Accuracy

ResNeXt-101| 82.5M Original (base line) 69.1%

ResNeXt-101| 82.5M *6 | Multi model ensemble (6) | 76.4%

ResNeXt-101 82.5M Ours Full ensemble 76.2%
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