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Automatic Target Recognition Study using Knowledge Graph and
Deep Learning Models for Text and Image data
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ABSTRACT

Automatic Target Recognifion (ATR) fechnology is emerging as a core technology of Future Combat Systems (FCS). Conventional
ATR is performed based on IMINT (image information) collected from the SAR sensor, and various image-based deep leaming models
are used. However, with the development of IT and sensing fechnology, even though data/information related to ATR is expanding
tfo HUMINT (human information) and SIGINT (signal information), ATR sfill contains image orienfed IMINT data only is being used. In
complex and diversified battlefield situations, it is difficult to guarantee high-level ATR accuracy and generdlization performance with
image data alone. Therefore, we propose a knowledge graph-based ATR method that can utilize image and text data simultaneously
in this paper. The main idea of the knowledge graph and deep model-based ATR method is fo convert the ATR image and fext info
graphs according to the characteristics of each data, align it to the knowledge graph, and connect the heterogeneous ATR data
through the knowledge graph. In order to convert the ATR image info a graph, an object-tag graph consisting of object tags as nodes
is generated from the image by using the pre-frained image object recognition model and the vocabulary of the knowledge graph.
On the other hand, the ATR fext uses the pre-frained language model, TF-IDF, co-occurrence word graph, and the vocabulary of
knowledge graph to generate a word graph composed of nodes with key vocabulary for the ATR. The generated two types of graphs
are connected to the knowledge graph using the entity alignment model for improvement of the ATR performance from images and
texts. To prove the superiority of the proposed method, 227 documents from web documents and 61,714 RDF triples from dbpedia were
collected, and comparison experiments were performed on precision, recall, and fl-score in a perspective of the entity alignment..
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(Figure 1) Comparison between conventional image-text embedding (upper) and the
proposed knowledge graph alignment (lower) approaches
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