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Abstract In recent years, the deep learning has been applied in many image processing tasks.
Deep learning shows an excellent performance and encourages many researchers to apply it to object
recognition, including various popular directions: improve the direction accuracy by updating the
network structure, design a simple network model based on the transformer, and obtain better

detection results through the characteristic analysis of the gantry. The DETR object detection
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model proposed by Facebook Al researchers in 2020 utilize simple encoder-decoder structure, and
views object detection as a direct set prediction problem. The DETR model is simple, general,
and can avoid many manual designs and tuning problems, attracting widespread attention of the
academia and industry. However, due to the limitation of DETR model on the size of input feature
map, too small size will lead to insufficient object information. Although the performance of the
model has been improved to a certain extent, its detection effect on small targets and occluded
targets is not ideal. In the detection of small targets and occluded targets, the entity information
corresponding to features and the relative position information between entities are very key to
target reasoning. However, in DETR model, feedforward neural network FFN only realizes
target information reasoning through weighted summation, and does not consider the interactive
information between features, which has become the main factor affecting the detection effect. In
contrast, humans can easily detect small targets and occluded targets. In order to solve these
problems, we inspire by brain cognition, propose a novel full-inference model, called Capsule-
inference and residual-augmented DETR (CIRA_DETR) inspired by the brain cognition. Firstly,
CIRA_DETR establishes an inter layer residual information enhancement module to enhance the
target related information in the small-scale map by calculating the differences between the large
and small-scale feature maps, which can improve the convergence speed and detection performance
of DETR model without increasing the complexity of the algorithm. Thus, the performance for
small object detection improves by 1. 8%. Then, in order to more closely match the way of human
brain thinks and to better model the hierarchical relationships of intra-knowledge representation
in the neural networks, during the inference process, capsule-inference module is constructed to
explore the object entity information, and utilize the bi-directional attention routing for forward
information delivery and backward information feedback, and then the object class and location
information can be inferenced. With the capsule-inference module, the problems for occlude
object detection has been greatly alleviated. Finally, neuroscience suggests that anything human
sees converges to a continuous attractor in different ways, which may be a curve, a surface, or a
hypersurface. Inspired by this brain science hypothesis of continuous attractor, during the mapping
process for object information, a hypersausage measurement model with stronger nonlinear ability
is introduced to form a more flexible hypersurface, so as to describe the mapping relationship
between features and labels and improve the expression ability of the model for the target. In the
experiment of MS COCO dataset, the object detection precision respectively achieves 25.8%,
48.7% and 62. 7% for small, middle and large objects. Extensive experiments conducted on the
representative MS COCO dataset show the effectiveness of the proposed CIRA DETR model,

especially for object occlusion and small object detection.
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ACTL] ResNet-50 42. 6 61. 2 44.1 21. 4 46. 8 61. 1 58. 0 15.0
YOLO-ACNL26] DarkNet-53 34. 1 58.9 34. 6 20. 5 28.5 45.7 47.0 22.0
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analyzing the existing transformer-based object detection
algorithms, we found that the detection performance for small
objects and occluded objects are poor, and the efficiency of
most algorithms was low large-scale image processing. To
solve the above problems, we analyze the brain-like cognition
idea, and proposed a new rain inspired object detection
approach with inference pattern, namely utilizing capsule

inference and residual augmentation modules (CIRA_DETR).
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First of all, the design of inter-layer residual information
enhancement allowed us to calculate the discrepancy between
different scale of features and enhances the object-related
information in small-scale features, which is achieved without
increasing the model complexity, thus improving the conver-
gence speed and detection performance of the DETR model.
Secondly, in order to be close to the way of human brain
thinking, the hierarchy and transmission way of internal
knowledge representation in the network is simulated, and a
capsule inference module is constructed to combine capsule
construction and information routing methods for object
category and location inference, which can introduce the
relative location information and category association of
objects in the process of inference, and thus, can capture

global information and enhance the detection performance of

targets. Thirdly, based on the brain science inspiration that
things evenlually converge to a continuous attractor, a hyper-
sausage measure model with stronger nonlinear capability is
introduced in the inference process, which is used to form a
more flexible and variable hypersurface, so as to describe the
mapping relationship between features and labels, and
improve the representative ability of model for objects.

This work was supported by the National Natural
Science Foundation of China under Grant No. 61901436. The
project aims to construct view-variant feature extraction
method, and solve multi-view image recognition problems.
The proposed CIRA_DETR is effective for the detection of
small and occluded objects, and the way of mining object
entities provides a new thinking way for the viewpoint

invariance feature extraction.





