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Fig.3 Partial convolution—based channel reconstruction unit
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validation of different convolution methods in the CRU

W AR HAaER mAP GFLOPs  Params/M
N — — 89.7 277 254
— N — 88.7 26.3 253
— — N 91.2 25.1 25.2
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VHR-10 LA ¢ DIOR ${ 4 4£ F A7 5055, i 45 SR an
F5 R, 1ENWPU VHR-10 508 45 19 S2 06 25 3L 4
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Table 5 Comparison of detection accuracy (AP) for

specific objects on the NWPU VHR-10 and DIOR datasets

NWPU VHR-10 DIOR
25541
ACRFNet A9 ACRFNet A
KAL 99.9 99.0 925 93.7
FeEk7 99.3 99.7 95.7 95.1
X 93.7 94.1 55.9 57.0
£k 91.6 89.2 92.2 94.7
T 97.6 97.7 77.8 79.8

T RPIMEFERR A —

5T, ACRFNet 54 30 ik iy i f:

3.7 AXFES-EERAES LS

R B UEAS S ETERG B S R A B 2 () S T
AT, /E NWPU VHR-10 5 DIOR %k 8 4E I
5 20 3 it B MR H AR Iy s - TR B L 3t
FESSHEN R, LRESRNEK6 iR,

%6 A[EFAZEENWPU VHR-10 5 DIOR #1155 _F il
b R

Table 6 The comparison results of different methods on
NWPU VHR-10 and DIOR datasets

. NWPU Params/
WIRES DIOR GFLOPs
VHR-10

Faster R-CNN(Ren 5§,2017) 87.6  63.1 1344  41.1
RetinaNet(Lin4#,2018) 892 657 1287 362
CenterNet(Duan %% ,2019) 85.1 73.9 35.1 32.6

YOLOX (Dong % ,2024) 92.3 66.9 73.8 253
YOLOv7(Fan%§,2024) 92.1 82.5 104.7 36.9
GLFE-YOLOX(Gu%,2024) 90.9 78.9 84.2 425
PCViT(Li%%,2024) 96.6 80.3 349.1 112.4
MSNet(Gao %,2025) 96.0 753 98.1 29.8

QAGA-Net R50(Song%5,2025)  94.1  69.5 291.0 672
SED-DETR(Yin%,2025) 947 803 710 522
ACRFNet(Wen % ,2025) 912 740 362 259
AR5 912  81.1  25.1 25.2

T RPN R — 5 e 4l 2R
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Table 7 The comparison results of different methods on HRRSD dataset

J7i: mAP/% GFLOP/s Params/M K% BEERM% % WERI% iR %
ARST-YOLOv7 (AL 45 ,2025) 93.0 170.6 78.8 100.0 91.0 96.0 99.0 99.0
MSNet(Gao %:,2025) 93.4 98.1 29.8 99.5 9.8 97.3 96.5 97.8
CenterNet(Duan%,2019) 91.8 35.1 326 98.5 94.4 88.5 85.4 94.4
ACRFNet(Wen % ,2025) 92.1 36.2 25.9 98.6 93.8 96.0 93.7 96.1
KSR 92.3 25.1 25.2 99.3 94.8 96.2 89.0 95.6
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Fig.6  Detection results visualization of decoupled and coupled

localization heads
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Fig.7 Detection results visualization of ablation study on SRU and PCRU
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Fig.8 Detection results visualization of different convolution methods in CRU
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Fig.9 Detection results visualization of different methods for specific targets on the NWPU VHR~-10 and DIOR datasets
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Lightweight remote sensing image target detection based
on spatial-channel reconstruction

GE Yun'‘,CHEN Jinliang', WEN Ning’, CEN Yubo',WANG Anni', WANG Ting**

1. School of Software, Nanchang Hangkong University, Nanchang 330063, China;
2. School of Civil Engineering and Transportation, Nanchang Hangkong University, Nanchang 330063, China;
3. Shanghai Longcheer Technology Company Ltd., Shanghai 200233, China;
4. Huihang (Jiangxi) Digital Technology Company Ltd., Nanchang 330038, China

Abstract: In the field of computer vision, lightweight target detection in remote sensing images is an academically challenging research

topic. With the continuous improvement in the accuracy of remote sensing target detection, the complexity of models has increased

significantly. Existing remote sensing object detection methods struggle to strike a good balance between accuracy and model complexity.

Unlike conventional natural images, remote sensing images have a large imaging area, limited available information, and a multitude of

target types. The vast amount of background information can easily interfere with detection, and the excessive number of target categories
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makes it difficult to achieve high-precision detection of specific targets. Moreover, targets in remote sensing images are densely packed and
arbitrarily rotated and exhibit significant scale variations, posing a great challenge for target localization. While the accuracy continues to
improve in remote sensing image target detection, models have become increasingly complex in pursuit of high precision. These complex
models’ heavy computational load and large parameter count severely restrict practical application on resource-constrained devices; model
lightweighting has become a key factor in promoting technological application.

To address the aforementioned issues, this study proposes a lightweight remote sensing image target detection method based on spatial-
channel reconstruction, aiming to maintain high-precision detection of circular and rectangular targets while reducing model complexity.
First, in response to the redundant information within feature maps at the spatial dimension, a spatial reconstruction unit is adopted. It
separates feature maps on the basis of the richness of spatial features (i.e., into groups with abundant spatial information and groups with
redundant spatial information) and then performs cross-reconstruction operations on the two groups to reduce spatial feature redundancy and
enhance the spatial feature representation of remote sensing image targets. Subsequently, to address the redundancy of channel information
in feature maps, a partial convolution-based channel reconstruction unit is proposed. It divides feature maps into two parts along the channel
dimension: One part uses partial convolution for efficient feature extraction, and the other part uses pointwise convolution to obtain hidden
detailed information. The two parts are weighted, reconstructed, and then concatenated to extract features at a decreased computational cost and
enhance the representation of important channels.

The lightweight method based on spatial-channel reconstruction is applied to ACRFNet, an adaptive circular receptive field network for
remote sensing image target detection. Experimental results on the NWPU VHR-10, DIOR, and HRRSD datasets verify its performance.
Specifically, the method can maintain or even improve detection accuracy while significantly reducing the model’ s computational load and
parameter volume. Compared with other mainstream methods for remote sensing image target detection, the proposed method demonstrates obvious
advantages in balancing detection accuracy and model complexity, especially for circular and rectangular targets that are difficult to detect.

The proposed method effectively solves the core problem of balancing detection accuracy and model complexity. By reducing feature
redundancy, it overcomes the deployment limitations of complex models on resource-constrained devices, retains good adaptability to
typical targets, and provides reliable technical support for the practical application of remote sensing target detection technology.

Key words: remote sensing imagery, object detection, circular target, model lightweighting, reconstruction unit
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