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A multimodal object detection method based on text and image

YUAN lJiaojiao, HU Yongli, YIN Baocai’
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: In recent years, a large number of multimodal data (image, text, video, audio, etc.) have
emerged on the network. Due to the complementarity between the multimodal data, it has become a
research hotspot in the field of computer vision to use the data for the tasks of classification, detection,
segmentation. As an important research direction in the field of computer vision, object detection has
received more and more research. In the traditional object detection algorithm, researchers only use the
single-mode data of the image to achieve the classification and location of the objects, which does not
consider the impact of text on the performance of the object detection algorithms. This paper focuses on
the object detection algorithm which based on text and images. Firstly, the traditional Faster R-CNN
algorithm is used to extract the features of candidate objects in the image, and the Bi-GRU algorithm is
used to extract the features of text; Secondly, an effective co-attention mode is designed to promote the
interaction between text and images. The experimental results on MS COCO show that the detection
accuracy of this method is higher than the object detection algorithm which only using image
information, and the effective fusion of text and image is achieved.
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Fx

B3 FEMSCOCO02017 #iE&%E R4k o7

R3 HEBAEMSCOCO2017 #imE FRITEREEL

PO R bR

Jiik

AP AP AP, AP, AP, mAP
V1 50.4 311 14.6 352 45.6 319
V2 50.9 32.3 14.8 36.7 46.9 32.8
V3 63.2 475 25.0 46.9 57.1 439
V4 66.0 48.1 27.0 49.6 59.0 47.3
Vs 61.8 422 22.5 42.7 51.9 39.0
V6 62.7 43.5 22.7 43.6 52.8 41.8
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Vi 21.7 30.8 93 10.6 115 10.5
V2 226 33.7 115 12.3 132 123
V3 247 34.6 12.3 145 15.2 14.0
V4 25.6 359 13.1 15.8 15.7 156
Vs 224 30.6 14.5 16.7 15.0 137
V6 234 313 14.6 16.8 16.3 13.9
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