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Multi-Scale Feature Enhancement Network Based on Large Kernel
Convolution and Dense Object Refinement for Remote Sensing Images

WANG Zhankui, QIN Pinle, ZENG Jianchao
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Abstract: Due to the large difference in the scale of the object, the arbitrary direction and the dense distri-
bution of the object in the remote sensing image, the existing detection methods rarely pay direct attention
to the dense edge information and the object cannot obtain a suitable receptive field, so it is difficult to
have good detection results in remote sensing detection. In order to solve the above problems, this paper
proposed a multi-scale feature enhancement network based on large kernel convolution and dense object
refinement (LKCSFP-NET) for remote sensing image detection. Firstly, the network based on SKNET
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added a cavity convolution to form a large kernel convolution block (LKB) to obtain the best sensitivity
field for small targets and improve the adaptability and accuracy of the network to multiple scales. Sec-
ondly, on the basis of FPN, the centralized spatial feature pyramid CSFP module was added to solve the
problem of low detection efficiency of remote sensing images due to dense object distribution and complex
detection background by combining global semantic information with local semantic information. The
experimental results show that on the DOTA and HRSC2016 public datasets, the average detection accu-
racy of the proposed algorithm on the two datasets is 74.90% and 96.60% , respectively, which is 1. 36
and 0. 63 percentage points higher than that of the baseline network, which is better than most existing
models. The proposed LKCSFP-NET has stable performance in the two public datasets, and has good
detection results for small objects and densely arranged objects, which is higher than the detection accu-
racy of most existing models, and can be well applied to the detection of remote sensing objects.
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Tab.1 Comparison of different methods in DOTA datasets %
Jrik: PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
RSDet 89.80 82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 63.90 65.60 67.20 68.00  72.20
SCRDet 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21  72.61
DRN 89.71 82.34 47.22 64.10 76.22 74.43 85.84 90.57 86.18 84.89 57.65 61.93 69.30 69.63 58.48  73.23
R3Det 88.76 83.09 50.91 67.27 76.23 80.39 86.72 90.78 84.68 83.24 61.98 61.35 66.91 70.63 53.94  73.79
S2Anet 89.11 82.84 48.37 71.11 78.11 78.39 87.25 90.83 84.90 85.64 60.36 62.60 65.26 69.13 57.94  74.12

Rol Transformer  88.65 82.60 52.53 70.87 77.93 76.67 86.87 90.71 83.83 82.51 53.95 67.61 74.67 68.75 61.03  74.61
Mask OBB 89.61 85.09 51.85 72.90 75.28 73.23 85.57 90.37 82.08 85.05 55.73 68.39 71.61 69.87 66.33  74.86
SASM 86.42 78.97 52.47 69.84 77.30 75.99 86.72 90.89 82.63 85.66 60.13 68.25 73.98 72.22 62.37 = 74.92
DODet 89.34 84.31 51.39 71.04 79.04 82.36 88.15 90.90 86.88 84.91 62.69 67.63 75.47 72.22 45.54  75.49
Oriented RepPoints 87.02 83.17 54.13 71.16 80.81 78.40 87.28 90.90 85.97 86.25 59.90 70.49 73.53 72.27 58.97  75.97
Baseline(ORCNN) 95.10 75.70 48.70 68.30 73.40 87.90 90.00 94.20 73.40 80.80 59.60 62.50 81.50 59.90 69.00  74.60

LKCFFP;NET 96.30 78.30 48.70 68.40 72.90 86.60 90.20 94.10 73.50 81.40 62.00 66.90 82.30 54.10 67.50  74.90
ours
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Fig. 5 Example of detection results for HRSC2016 dataset
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