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In the field of Autonomous Robotics,
object detection is a key element for a
robot to interact with the world. A robot
needs to be aware of its surroundings in
order to take the appropriate action for
those surroundings. Through extensive
research, algorithms to detect objects
and determine their location in images
have been developed, however, these
algorithms require a large amount of
high quality images of the objects.
Several objects don't have significant
data on them, making detecting them
through conventional methods
challenging. We put forward a method
of detecting objects without significant
data on them via extracting features and
matching the presence of those features
against known outputs for objects [3].
This method functions by creating
binary feature extractors and using the
output of several feature extractors to
create a vector representation of an
object. This vector representation is
then matched against a list of several
objects that were not in the original
dataset and their expected output from
those feature extractors to find the
closest match. This match is the
classification of that object.

Feature extractors can be as simple as
whether or not an object is made of
biological material, or whether or not an
object can tangle the propeller of an
underwater robot. The Faster R-CNN
[2] neural network was attempted to
train to locate objects in an image and
classify them as biological or
non-biological, able to tangle or not able
to tangle, and metal or nonmetal. These
models would be applied to images and
their output was vectorized. The vector
representations of objects in the image
would be matched against hard-coded
representations of known but unseen
objects via the K-Nearest Neighbor
algorithm. The closest neighbor in
feature space will be treated as the
classification. These feature extractors
were trained using high performance
computing resources via the Minnesota
Supercomputing Institute. The
TrashCan dataset was used for training

[1].

: C ;Ah;IéTEC
Fig 2. Results of the biological material
feature extractor. It is visually apparent that
the object detection is not of high quality.

Fig 1. Results of the metal vs non-metal
feature extractor. Clearly shown, the object

C_JQ’TEC detection is of low quality, leading in poor

results.

The feature extractors were trained via
the Minnesota Supercomputing Institute
(MSI). While MSI offers high
performance GPUs to assist in training
deep neural networks, these GPUs
(Tesla K40m and Tesla v100) did not
have the required support from PyTorch
[4] to fully utilize their capabilities. This
imposed a significant time cost to
training feature extractors, going up to
and exceeding 24 hours for a single
epoch, resulting in spurious and
inaccurate object detection via feature
extractors. The results of the object
detection are shown below. As shown,
the feature extractors are able to
somewhat accurately locate objects in
frame, but are not able to accurately
classify them nor discard spurious
detected objects. Additional training is
need to accurately detect objects.

Conclusion

While this implementation of Zero-shot
learning has significant flaws relating to
object detection, the core method put
forward still holds promise. This method
is not perfect, as it still requires some
human effort to annotate the expected
output from feature extractors. However,
this still requires significantly less
human effort when compared to the
requirement for perfectly annotated
images.
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