"m Check for updates

Journal of Korea Robotics Society (2022) 17(4):425-430
https://doi.org/10.7746/jkros.2022.17.4.425

ISSN: 1975-6291 / eISSN: 2287-3961 425

ERA 2 e v QAL 3] A
A2 73] ORI

Small Marker Detection with Attention Model in
Robotic Applications

A A

37

Minjae Kim', Hyungpil Moon "

Abstract: As robots are considered one of the mainstream digital transformations, robots with machine
vision becomes a main area of study providing the ability to check what robots watch and make
decisions based on it. However, it is difficult to find a small object in the image mainly due to the flaw
of the most of visual recognition networks. Because visual recognition networks are mostly convolution
neural network which usually consider local features. So, we make a model considering not only local
feature, but also global feature. In this paper, we propose a detection method of a small marker on the
object using deep learning and an algorithm that considers global features by combining Transformer’s
self-attention technique with a convolutional neural network. We suggest a self-attention model with
new definition of Query, Key and Value for model to learn global feature and simplified equation by
getting rid of position vector and classification token which cause the model to be heavy and slow.
Finally, we show that our model achieves higher mAP than state of the art model YOLOr.
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[Table 1] Comparison of object detectors on the MS COCO
dataset (AP = Average Precision)

Model APs AP APy AP,
YOLOV4® | 64.9% 24.3% 26.1% 55.2%
YOLOV3" | 55.3% 15.2% 33.3% 42.8%

SSD®! 43.1% 6.6% 25.9% 41.4%
RFBNet” | 54.2% 16.2% 37.1% 47.4%
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2.1 Model Structure
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[Fig. 1] Model Architecture - YOLOr with Attention Block
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[Fig. 2] Attention Block 1* Step - Definition of Query, Key and Value
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[Fig 3] Attention Block 2™ Step - Multiplication of Query, Key and Value
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[Fig. 4] Attention Block 3™ Step - Return to Input Size

[Fig. 5] Custom Cargo Dataset. (a) Sample Full Image, (b)
Cropped Image 1, (c) Cropped Image 2
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2.2 Training Result
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[Fig. 6] Graph of Training Result. (a) Training Box Loss, (b)
Training Classification Loss, (¢) Training Objectness Loss, (d)
Validation Box Loss, (¢) Validation Classification Loss.,(f)
Validation Objectness Loss
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[Fig. 7] Graph of Training Result. (a) Recall, (b) Precision, (c)
mAP (mean Average Precision) > 0.5
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[Table 2] Comparison of our object detector and YOLOr

Model Recall Precision mAP
Ours 95.2% 72.0% 91.1%
YOLOr 94.2% 36.4% 81.6%

[Table 3] Confusion Matrix of our object detector and YOLOr

Model TP FP FN
Ours 2028 788 102
YOLOr 2006 3505 124

*Number of Total Object =2130
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[Fig. 8] Grad-CAM and Prediction result according to distance
from the camera (Left-Bottom: 235.5 cm, Right-Bottom: 257
cm, Left-Top: 278.5 cm, Right-Top: 300 cm). (a) Original
Image, (b) Grad-CAM of YOLOr, (c) Prediction of YOLOr, (d)
Grad-CAM of Qurs, (e) Prediction of Ours
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[Fig. 10] Small object detection. (a) Object Detection with
Sailing, (b) Object Detection with Driving
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