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Figure 1: Successfully detecting remote sensing objects requires
the use of a wide range of contextual information. Detectors with
a limited receptive field may easily lead to incorrect detection re-
sults. “CT” stands for Context.



' Background
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Figure 2: The wide range of contextual information required for
different object types is very different by human criteria. The ob-
jects with red boxes are the exact ground-truth annotations.
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Figure 4: A conceptual illustration of LSK module.

RF | (k, d) sequence #P FLOPs
2 (23,1) 40.4K 42.4G
65, 1H)— (7,3 11.3K 11.9G
29 (29, 1) 60.4K 63.3G
3,1)—(5,2)—(7,3) | 113K 13.6G

Table 2: Theoretical efficiency comparisons of two representa-
tive examples by expanding single large depth-wise kernel into a
sequence, given channels being 64. k: kernel size; d: dilation.



' Method

classLSKmodule(nn.Module):
def__init__(self, dim):
super().__init__ ()
self.conve= nn.Conv2d(dim, dim, 5, padding=2, groups=dim)
self.convl= nn.Conv2d(dim, dim, 7, stride=1, padding=9, groups=dim, dilation=3)
self.conve_s= nn.Conv2d(dim, dim//2, 1)
self.convl_s= nn.Conv2d(dim, dim//2, 1)
self.conv_squeeze= nn.Conv2d(2, 2, 7, padding=3)
l self.conv_m= nn.Conv2d(dim//2, dim, 1)

S
| defforward(self, x):
—@—Y attnl= self.conve(x)

X © Channel C ion @ E Addition ) ElementProduct (8 Sigmoid
attn2= self.convl(attnl)

Avg _‘
—> Max - ‘ Conv
Pool / F2oN
i l—@/ .
’ ref.image attnl= self.conve_s(attnl)

Figure 4: A conceptual illustration of LSK module. attn2= self.convl_s(attn2)

Larger |
Kernel |

Selection

attn= torch.cat([attnl, attn2], dim=1)
avg_attn= torch.mean(attn, dim=1, keepdim=True)
max_attn, _= torch.max(attn, dim=1, keepdim=True)
agg= torch.cat([avg_attn, max_attn], dim=1)
sig= self.conv_squeeze(agg).sigmoid()
attn= attnl* sig[:,0,:,:].unsqueeze(l)+ attn2* sig[:,1,:,:].unsqueeze(l)
attn= self.conv_m (attn)
return x* attn



' Experiments

(k, d) sequence RF Num. FPS mAP (%)
(29, 1) 29 1 18.6 80.66
5,1)— (7,4 29 2 20.5 80.91
GB,1)—5,2)— 7,3 29 3 19.2  80.77

Table 3: The effects of the number of decomposed large kernels
on the inference FPS and mAP, given theoretical receptive field
being 29. We adopt LSKNet-T backbones pretrained on ImageNet
for 100 epochs. Decomposing the large kernel into two depth-wise
kernels achieves the best performance of speed and accuracy.

(ki,dy) (ka,dy) CS SS|RF FPS mAP (%)
3. 1) (52 - - |11 221  80.80
G, (7,3) - - |23 217 8094
(7.1) (9.4 - - |39 213 8084
G, ) (1,3) v - |23 196 8057
Gl 3.3 - |23 207 813

Table 4: The effectiveness of the key design components of the
LSKNet when the large kernel is decomposed into a sequence
of two depth-wise kernels. CS: channel selection (likewise in
SKNet [30]); SS: spatial selection (ours). We adopt LSKNet-T
backbones pretrained on ImageNet for 100 epochs. The LSKNet
achieves best performance when using a reasonably large receptive
field with spatial selection.



' Experiments

Framework \ mAP (%) | ResNet-18 LSKNet-T
_ Oriented RCNN [67] 79.27 81.31 (+2.04)
Pooling

e, g || > || RS Rol Transformer [17] 78.32 80.89 (+2.57)

F 207 81.23 SZA-Net [20] 76.82 80.15 (+3.33)

v 20.7 81.12 R3Det [65] 74.16 78.39 (+4.23)

e AbL d ; “h ffz‘ﬁ 8‘1;3:1 _ , #P (backbone only) 112M  4.3M (-62%)

able 5: Ablation study on the effectiveness of the maximum an

average pooling in spatial selection of our proposed LSK mod- FLOPS (backbone osly) 38.1G 19.1G (-50%)
ule. We adopt LSKNet-T backbones pretrained on ImageNet for Table 6: Comparison of LSKNet-T and ResNet-18 as back-
100 epochs. Best result is obtained when using both. bones with different detection frameworks on DOTA-v1.0. The

LSKNet-T backbone is pretrained on ImageNet for 100 epochs.
The lightweight LSKNet-T achieves significant higher mAP in
various frameworks than ResNet-18.



' Experiments

Group | Model tbackbone only) #P  FLOPs mAP (%) Matiod Fre. mAV @71 mal(dyr #4 FLOTs|
. DRN [46] IN : 92.70 2 8
Baseline | ResNet-18 11.2M  38.1G 79.27 CenterMap [56] IN ) 95.80 o 195
Lares || SvOLCM]  BAM O SERG 8L Rol Trans. [12] IN 8620 i 55IM 200G
Kernel ConvNeXt V2-N [59] 15.0M 51.2G 80.81 G. V. [64] IN 88.20 _ 41.1M 198G
MSCAN-S [15] 13.1IM  45.0G 81.12 R3Det [64] IN 89.26 96.01 41.9M 336G
. SKNet-26 [10] 14.5M  58.5G 80.67 DAL [44] IN 89.77 - 36.4M 216G
Selective: | o NeSt-14 1) 86M 579G  79.51 GWD [70] IN 8985 9737 474M 456G
Attention | ¢ \e-18 [34] 140M 507G 79.69 S2ANet [20] IN 9017 9501  386M 198G
Ours | + LSKNet-S 144M 544G 81.48 AOPG [0] N 9034 96.22 - -

—— ——— —— ReDet [21] IN 90.46 97.63 31.6M :

P Dl || CRNESL 1) FENIE  Rente BILE0 O-RCNN [67] IN 90.50 97.60  4LIM 199G
Table 7: Comparison on LSKNet-S and other (large ker- RTMDet [43] CO 90.60 97.10 523M 205G
nel/selective attention) backbones under O-RCNN [62] frame- « LSKNet-S (ours) IN 90.65 98.46 31.0M 161G
work on DOTA-v1.0, except that the Prev Best is under RT- Table 8: Comparison with state-of-the-art methods on the
MDet [43] framework. All backbones are pretrained on ImageNet HRSC2016 dataset. The LSKNet-S backbone is pretrained on
for 100 epochs. Our LSKNet achieves the best mAP under simi- ImageNet for 300 epochs, the same with most compared meth-
lar complexity budgets, whilst surpassing the previous best public ods [68, 20, 62]. mAP (07/12): VOC 2007 [15]/2012 [16] metrics.

records [43].
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Method Pre. | mAP 1t | #P ] FLOPs | PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC
One-stage

R3Det [6¥] IN 76.47 | 41.9M 336G 89.80 8377 48.11 66.77 7876 8327 87.84 9082 8538 8551 6557 6268 67.53 7856 72.62
CFA [19] IN 76.67 36.6M 194G 89.08 8320 5437 66.87 81.23 8096 87.17 90.21 8432 86.09 5234 6994 7552 80.76 67.96
DAFNe [25] IN 76.95 - - 89.40 8627 53.70 6051 82.04 81.17 88.66 90.37 83.81 87.27 5393 6938 7561 8126 70.86
SASM [24] IN 79.17 36.6M 194G 89.54 8594 5773 7841 79.78 8419 8925 90.87 5880 8727 6382 6781 7867 7935 69.37
AO2-DETR [Y] IN 79.22 | 743M 304G 89.95 8452 5690 7483 80.86 8347 8847 90.87 86.12 8855 6321 6509 79.09 82.88 7346
S2ANet [20] IN 79.42 38.6M 198G 88.89 83.60 57.74 8195 79.94 83.19 8911 90.78 84.87 87.81 70.30 6825 7830 77.01 69.58
R3Det-GWD [70] IN 80.23 41.9M 336G 89.66 84.99 59.26 82.19 7897 8483 87.70 90.21 86.54 86.85 7347 67.77 7692 79.22 7492
RTMDet-R [17] IN 80.54 | 52.3M 205G 88.36 8496 57.33 80.46 80.58 8488 88.08 9090 8632 8757 6929 70.61 78.63 8097 79.24
R3Det-KLD [72] IN 80.63 41.9M 336G 89.92 8513 59.19 81.33 78.82 8438 8750 89.80 8733 87.00 7257 71.35 77.12 79.34 78.68
RTMDet-R [3] CO | 81.33 52.3M 205G 88.01 86.17 58.54 8244 8130 84.82 8871 90.89 88.77 87.37 7196 71.18 8123 8140 77.13
Two-stage

SCRDet [71] IN 72.61 - - 89.98 80.65 52.09 6836 6836 6032 7241 9085 8794 8686 6502 66.68 6625 6824 6521
Rol Trans. [17] IN 74.61 55.1IM 200G 88.65 82.60 5253 7087 7793 7667 86.87 90.71 83.83 8251 5395 67.61 7467 6875 61.03
G.V. [64] IN 75.02 | 41.1M 198G 89.64 8500 5226 77.34 7301 73.14 86.82 90.74 79.02 86.81 59.55 7091 7294 70.86 57.32
CenterMap [56] IN 76.03 41.1M 198G 89.83 84.41 54.60 7025 77.66 7832 87.19 90.66 8489 8527 5646 69.23 7413 71.56 66.06
CSL [69] IN 76.17 37.4M 236G 90,25 8553 54.64 7531 7044 7351 77.62 90.84 86.15 86.69 69.60 68.04 7383 71.10 68.93
ReDet [21] IN 80.10 31.6M - 88.81 8248 60.83 80.82 7834 8606 8831 90.87 8877 8703 68.65 6690 79.26 79.71 74.67
DODet [ 7] IN 80.62 - - 89.96 8552 58.01 81.22 7871 8546 8859 90.89 87.12 87.80 70.50 71.54 8206 7743 7447
AOPG [5] IN 80.66 - - 89.88 8557 6090 81.51 7870 8529 8885 90.89 87.60 8765 71.66 68.69 8231 77.32 73.10
O-RCNN [62] IN 80.87 | 41.1M 199G 89.84 8543 61.09 79.82 79.71 8535 88.82 90.88 86.68 8773 7221 7080 8242 78.18 74.11
KFloU [ 73] IN 80.93 58.8M 206G 89.44 8441 6222 8251 80.10 86.07 88.68 9090 8732 8838 72.80 7195 7896 7495 7527
RVSA [57] MA | 81.24 | 114.4M 414G 88.97 8576 6146 81.27 7998 8531 8830 90.84 85.06 8750 66.77 73.11 84.75 8I1.88 77.58
* LSKNet-T (ours) IN 81.37 | 21.0M 124G 89.14 8490 61.78 83.50 81.54 8587 88.64 90.89 88.02 8731 7155 7074 78.66 79.81 78.16
# LSKNet-S (ours) IN 81.64 | 31.OM 161G 89.57 86.34 63.13 83.67 8220 86.10 88.66 90.80 8841 8742 7172 69.58 7888 81.77 76.52
* LSKNet-S* (ours) | IN | 81.85 | 31.0M 161G 89.69 8570 6147 8323 81.37 86.05 88.64 90.88 8849 8740 71.67 7135 79.19 8177 80.86

Table 9: Comparison with state-of-the-art methods on the DOTA-v1.0 dataset with multi-scale training and testing. The LSKNet backbones
are pretrained on ImageNet for 300 epochs, similarly to the compared methods [68, 20, 62]. *: With EMA finetune similarly to the
compared methods [43].

Model | G.V.*[64] | RetinaNet* [12] | C-RCNN*[2] | F-RCNN*[52] | Rol Trans.*[12] | O-RCNN[62] | » LSKNet-T | » LSKNet-§
mAP(%) | 2992 | 30.67 | 38 | 32.12 | 35.29 | 4560 | 4693 | 4787
Table 10: Comparison with state-of-the-art methods on the FAIR1IM-v1.0 dataset. The LSKNet backbones are pretrained on ImageNet for
300 epochs, similarly to [65, 20, 6.2]. *: Results are referenced from FAIRIM paper [5].
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Figure 5: Eigen-CAM visualization of Oriented RCNN detection framework with ResNet-50 and LSKNet-S. Our proposed LSKNet can
model a much long range of context information, leading to better performance in various hard cases.
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