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Problem Statement

Implementa4on

Today, video feeds from phone or droid cameras are used for augmented
reality or 3D reconstruc.on. Addi.onally, recent explora.on using rendered
image data for deep learning has shown we can perform viewpoint es.ma.on
[4] in single images. Using these observa.ons, we create a dataset of
rendered image sequences to emulate video frames and use a a VGG Net [3]
aJached to a Recursive Neural Net (RNN) to predict an object’s 3D bounding
box for a given image sequence. Extending this technique to predict feature
points for point cloud crea.on would be the most useful applica.on.

We build a deep learning architecture with Tensorﬂow [1] using an out-of-box
VGG19 network and replacing all but the ﬁrst fully connected layer with an
RNN. The image sequences are fed through the VGG as a large batch of
images and reshaped back into a sequence before going through the RNN.
The output of the network is the 3D bounding box of the object.
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• RNN layers: 1

Future
Extending this method it to perform 3D feature point predic.on would be the
logical next step. Addi.onally, the model probably can be improved by
training on larger datasets with longer image sequences. This can be achieved
by training and tes.ng on more computa.onally powerful machines. Finally,
aspects of the dataset can be improved. The current cropping scheme is too
randomized to mimic video data accurately and some of the 3D models do not
render correctly in Blender.
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Sample of rendered image sequences ager resizing and padding. This displays
6 diﬀerent classes from the 12 total categories of PASCAL 3D+.

Results of our VGG+RNN model on our dataset.

MSE: the mean squared diﬀerence between the ground truth bounding box
and our model’s output
IOU: intersec.on volume over the union volume of the 3D bounding boxes
Accuracy: we say our model is correct if the IOU > 0.3

Data
We created a dataset of synthe.c images by rendering ShapeNet models [2]
from a variety of diﬀerent viewpoints. We adjusted the rendering pipeline
from the Render For CNN paper [4] to meet our speciﬁc needs.
Rendering Pipeline:
1. Render: render each image sequence of a 3D model using Blender
viewpoints calculated by semi-randomly interpola.ng the ini.al viewpoint
2. Crop: crop the images according to [4] except images within a given
sequence are cropped the same with minimal randomiza.on
3. Overlay: each rendered image sequence are given a randomly sampled from
the SUN397 dataset
4. Preprocess: all images are resized and/or padded to be 224x224 and given a
4th channel of 0 or 1 indica.ng the 2D bounding box around the object
Data Set:
• Training examples: 50 image sequences of length 20 for each of the 12
classes from PASCAL 3D+ [5] for a total of 530 image sequences (10%
removed for valida.on and tes.ng)
• Labels: ground truth 3D bounding boxes, (x, y, z, width, height, depth)
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Preliminary test results for our VGG19+RNN model. The ground truth
bounding box is show in black around the 3D model. Our model’s output is the
yellow bounding box. These results are displayed in Blender.

Discussion
The model was able to produce semireasonable results with minimal
training of 100 training iterations and
batch size of 5. The loss continually
decreases over these training
iterations showing that with more
training and hypertuning, the model
should be able to improve.
Additionally, training on image
sequences longer than 15 should
produce even better results.

Test data: Currently tes.ng is done on the rendered image sequences. It
would produce a more accurate Other 3D datasets with real images are
available for tes.ng but do not have the 3D bounding box labels we require.
Addi.onally, there does not seem to exist a 3D dataset with image sequences
or video frame data.

