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DRFnet: Dynamic receptive field
network for object detection
and image recognition

Minjie Tan, Xinyang Yuan, Binbin Liang and Songchen Han*

School of Aeronautics and Astronautics, Sichuan University, Chengdu, China

Biological experiments discovered that the receptive field of neurons in the
primary visual cortex of an animal’s visual system is dynamic and capable of
being altered by the sensory context. However, in a typical convolution neural
network (CNN), a unit's response only comes from a fixed receptive field,
which is generally determined by the preset kernel size in each layer. In this
work, we simulate the dynamic receptive field mechanism in the biological
visual system (BVS) for application in object detection and image recognition.
We proposed a Dynamic Receptive Field module (DRF), which can realize the
global information-guided responses under the premise of a slight increase in
parameters and computational cost. Specifically, we design a transformer-style
DRF module, which defines the correlation coefficient between two feature
points by their relative distance. For an input feature map, we first divide the
relative distance corresponding to different receptive field regions between
the target feature point and its surrounding feature points into N different
discrete levels. Then, a vector containing N different weights is automatically
learned from the dataset and assigned to each feature point, according to
the calculated discrete level that this feature point belongs. In this way, we
achieve a correlation matrix primarily measuring the relationship between the
target feature point and its surrounding feature points. The DRF-processed
responses of each feature point are computed by multiplying its corresponding
correlation matrix with the input feature map, which computationally equals
to accomplish a weighted sum of all feature points exploiting the global and
long-range information as the weight. Finally, by superimposing the local
responses calculated by a traditional convolution layer with DRF responses,
our proposed approach can integrate the rich context information among
neighbors and the long-range dependencies of background into the feature
maps. With the proposed DRF module, we achieved significant performance
improvement on four benchmark datasets for both tasks of object detection
and image recognition. Furthermore, we also proposed a new matching
strategy that can improve the detection results of small targets compared with
the traditional IOU-max matching strategy.
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TABLE 7 Performance comparisons with various SOTA detection frameworks on the KITTI dataset.

Method Backbone KITTI dataset
Airplane Car Person
SSD Vggl6 300*300 81.04 37.10 40.66 52.93
512*512 86.42 42.00 44.25 57.56
retinaNet Resnet18 600*600 91.46 78.96 79.67 83.36
YOLO v3 Darknet53 416*416 91.4 67.8 70.6 76.6
640*640 94.8 77.3 81.3 84.5
Classical backbone Resnet50 320%320 93.91 62.65 63.66 73.40
Resnet101 320#320 95.53 67.72 76.68 79.98
ResneXt50(32 x 4d) 320#320 94.78 66.41 70.65 77.28
ResneXt101(32 x 84) 320#320 96.20 73.45 81.60 83.75
DREF+Backbone DRE-Resnet50 320%320 94.22 63.78 66.61 74.87
DRE-Resnet101 320%320 95.93 70.38 78.3 81.54
DRF-ResneXt50(32 x 4d) 320*320 94.80 65.96 71.60 77.45
DRF-ResneXt101(32 x 84) 320#320 96.55 75.51 83.42 85.16

The symbol 1 indicates that the higher the mAP number, the better the performance.

FIGURE 6

Several examples of detection results on the KITTI dataset with and without the proposed DRF using the FPN and the proposed matching
strategy as the object detection framework. We can see that the objects with very small size such as pedestrians in the middle image have been
clearly detected (the second and fourth rows) compared with that of the detection results without DRF (the first and third rows).

Comprehensive experiments on four datasets show that our
proposed method can effectively improve the performance of
target detection and image recognition compared with other
SOTA methods, especially in small target recognition tasks
with low resolution. The experimental results support that the
neuron’s dynamic receptive field mechanism can effectively
capture local and global contextual relations, thereby helping
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the network to detect difficult targets with occlusion and low
resolution. Our future work intends to simulate and integrate
more visual neuron information processing mechanisms to
build a neural network that is more in line with the target
detection and recognition mechanism of our visual system,
which has become an important driver of progress for next-
generation artificial intelligence (Zador et al., 2022).
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TABLE 8 Detection results on Airport dataset by replacing the penultimate residual block of the last stage of Resnet50 with the proposed DRF, DCN
v1 (Dai et al., 2017), and DCN v2 (Zhu et al., 2019) for comparison.

Image size 320 x 320 Airport dataset

Method Airplane Person

Resnet50 98.8 95.1 55.1 83.0
Resnet50 + DCN vl 98.83 95.09 53.72 82.54
Resnet50 + DCN v2 99.00 95.41 54.64 83.02
Resnet50 + DRF 99.24 (+0.24) 95.64 (+0.23) 58.26 (+3.62) 84.38 (+1.36)

The symbol 1 indicates that the higher the mAP number, the better the performance.

TABLE 9 Top-1 accuracy and Top-5 accuracy on CIFAR-10 and CIFAR-100 of the proposed DRF-based network when being evaluated on an image
recognition task.

Models Parameters CIFAR-10 CIFAR-100

ResNeXt-29,16 x 32d 23.97M 4.05G 88.51 99.58 74.56 93.53
ResNeXt-29,16 x 164 4.92M 826.94M 88.47 99.56 74.16 93.19
SKNet-29 7.19M 874.91M 88.86 99.36 75.23 93.7
ResNeXt-29+DRE 16 x 164 6.33M 881.76M 89.26 99.74 75.27 93.92
SE-ResNeXt-29,16 x 164 5.32M 826.85M 89.63 99.62 73.67 92.84
SE-ResNeXt-29+DRE 16 x 164 6.83M 883.57M 89.94 99.68 73.9 92.77

The symbol 1 indicates that the higher the mAP number, the better the performance.
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