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Feature detection and recognition of spatial noncooperative
objects based on deep learning

LI Linze, ZHANG Tao

(Department of Automation, Tsinghua University, Beijing 100084, China)

Abstract: To meet the intelligence requirements of feature detection and recognition of a spatial noncooperative target,
the deep learning method—Mask Region-based Convolutional Network (Mask R-CNN)—is applied to the task using the
idea of Region-based Fully Convolutional Network (R-FCN) and Light-head R-CNN as references to improve the detec-
tion speed to meet the real-time requirements of spatial tasks. Results obtained from the aforementioned study shows
that the modified Mask R-CNN can shorten the detection time by 20% compared with the original version. Considering
that deep neural networks require large sample datasets for training, this paper proposes a method for constructing a vir-
tual environment for sample collection to build datasets, thus constructing the feature detection of spatial objects and
datasets for recognition. The experimental result shows that the network learns the corresponding characteristics very

well on the database generated from the virtual environment, and thus, the network can be migrated to the real task.
Keywords: spatial noncooperative targets; feature detection and recognition; deep learning; R-FCN; light-head R-CNN;

modified mask R-CNN; dataset construction; transfer learning
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Table 2 Experimental results

HebR  ERMLEITA BRI
AP 84.430 73024
50
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0
AP’ 92382 79.834
APg 72.547 54.887
APy 85.938 72.395
APy 96.386 91.547
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Table3 Comparison of improved Mask R-CNN to tradi-
tional Mask R-CNN

fob IR 8 HRATAR HE RSB 25 Pk
VAN
! BE I SNk BE0E SNk
AP 83.740 84.430 72.674 73.024
50
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CAAI [EPr N T3 HEZ 1L (CICAI 2021)
CAALI International Conference on Artificial
Intelligence (CICAI 2021)

The CAALI International Conference on Artificial Intelligence (CICAI 2021) will be held at Hangzhou, China on
May 29th-30th. CICAL is organized by Chinese Association for Artificial Intelligence (CAAI). The aim of CICAI is to
promote advanced research in Al, and foster scientific exchange between researchers, practitioners, scientists, students,
and engineers in Al and its affiliated disciplines.

CICAI 2021 will be a hybrid conference with both online and in-person presentations.

The program committee of CICAI 2021 invites the submission of papers for the technical program of the confer-
ence. High-quality original submissions are welcome from research results and applications of all areas of Al including
but not limited to the following areas:

* Brain Inspired Al

* Optimization

* Machine Learning

» Multi-agent Systems

» Computer Vision

* Humans and Al

* Natural Language Processing

* Al Ethics, Privacy, Fairness and Security
» Knowledge Representation and Reasoning
* Explainability, Understandability, and Verifiability of Al
* Data Mining

» Multidisciplinary Research with Al

* Robotics

* Applications of Artificial Intelligence

* Al Ethics, Privacy, Fairness and Security

* Other Al related topics



