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Abstract

In this paper, we show that current approaches using large
square kernels or transformer-based global modeling aggre-
gate contextual information uniformly across spatial dimen-
sions, leading to feature dilution and localization errors for
elongated targets. To mitigate this issue, we propose Strip
R-CNN, the first work to systematically explore large strip
convolutions for remote sensing object detection. Our key in-
sight is that strip convolutions enable directional feature ag-
gregation along the dominant spatial dimension of slender
objects, reducing background interference while preserving
essential geometric information. We design two core compo-
nents: (i) StripNet, a backbone network employing sequential
orthogonal large strip convolutions to capture anisotropic spa-
tial patterns, and (ii) Strip Head, which enhances localization
precision by incorporating strip convolutions into the detec-
tion head. Unlike previous large-kernel approaches that suf-
fer from computational redundancy and isotropic limitations,
our method achieves superior performance with remark-
able efficiency. Extensive experiments on multiple bench-
marks (DOTA, FAIR1M, HRSC2016, and DIOR) demon-
strate significant improvements, with our 30M parameter
model achieving 82.75% mAP on DOTA-v1.0, establishing a
new state-of-the-art record while providing new insights into
anisotropic feature learning for remote sensing applications.

Code — https://github.com/HVision-NKU/Strip-R-CNN

Introduction
Remote sensing object detection has gained significant at-
tention in recent years due to its application in aerial images
captured by drones and satellites (Li et al. 2024c,b,e,f,a).
A popular pipeline is built on the basis of rotated boxes
to cover objects of interest. Due to boundary discontinuity
and square-like problems (Yang et al. 2021b,c; Yang and
Yan 2020) and the urgent need to capture long-range in-
formation (Li et al. 2023; Cai et al. 2024), many research
breakthroughs have been made to develop stronger rotated
object detectors, including object representations (Xie et al.
2021; Xu et al. 2021; Li et al. 2022; Xiao et al. 2024), IoU-
simulated loss functions (Yang et al. 2021b,c; Yang and Yan
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Figure 1: Statistics of the DOTA dataset (Xia et al. 2018)
and the detection performance of several recent state-of-the-
art detectors. We can see that slender objects (aspect ratio >
3) occupy a non-negligible proportion and detection perfor-
mance of previous state-of-the-art models declines as aspect
ratio increases.

2020; Yang et al. 2022), and foundation models (Li et al.
2023; Pu et al. 2023; Cai et al. 2024; Li et al. 2025), etc.

Despite the great progress made by previous work, suc-
cessfully detecting high aspect ratio objects, which are
prevalent in remote sensing object detection, is still a chal-
lenging problem. As illustrated in Fig. 1, the statistics of the
widely used DOTA dataset (Xia et al. 2018) show that slen-
der objects are quite common in remote sensing scenarios
and usually occupy a large proportion of the data. However,
existing object detection methods (Xie et al. 2021; Li et al.
2023; Cai et al. 2024; Yang et al. 2021b,c; Han et al. 2020)
often struggle with slender objects, and the detection perfor-
mance decreases as the aspect ratio of objects increases.

We argue that the difficulties in detecting these slender
objects arise from two primary challenges. First, high aspect
ratio objects contain rich feature information along one spa-
tial dimension, while exhibiting relatively sparse feature in
the other. Traditional detectors based on convolutional neu-
ral networks mostly extract input feature maps within square
windows. This design greatly restricts their ability to effec-
tively capture the anisotropic context, which can be com-
monly found in remote sensing images, leading to the ex-
cessive extraction of irrelevant information from surround-
ing areas. Second, high aspect ratio objects pose consider-
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Figure 2: A comprehensive comparison of detection perfor-
mance on the DOTA dataset of various remote sensing object
detectors.

able challenges in regression tasks due to their unique geo-
metric properties. In remote sensing object detection, unlike
general object detection, an additional angle regression is
required. For high aspect ratio objects, even a small error in
angle estimation can lead to significant deviations from the
ground truth.

To date, there are few works considering how to deal with
challenging high aspect ratio objects. A generic approach
widely used in previous methods is to enlarge the receptive
field of models with large-kernel convolutions (Ding et al.
2022, 2024). A typical example should be LSKNet (Li et al.
2023), which introduces large-kernel convolutions with a
spatial selection mechanism to capture long-range contex-
tual information. PKINet (Cai et al. 2024) further extends
LSKNet with a parallel large square conv structure to en-
hance the performance for large variation of object scales.
However, the parallel paradigm of using multiple large-
kernel convolutions exacerbates the computational burden,
and the complicated block design further restricts model ef-
ficiency. For the high variation of the object aspect ratio, how
to efficiently use large-kernel convolutions is still an open
question.

In this paper, we propose Strip R-CNN to handle the chal-
lenging slender objects, which can efficiently combine the
advantage of the square convolution and the strip convo-
lution with less feature redundancy. Our design principles
are two-fold. First, the new network architecture should be
simple and efficient. Second, it should be good at handling
objects of different aspect ratios even when they are high.
Given the characteristics of the objects in remote sensing im-
ages, we propose using orthogonal large strip convolutions
as the main spatial filters, which comprise the core compo-
nent of our StripNet backbone, called strip module. Fur-
thermore, to conquer the second challenge mentioned above,
we strengthen the localization branch with our strip mod-
ule in the newly proposed Strip Head, thereby achieving
precise object localization. Combining the two new compo-
nents, our method is quite simple but can generalize well to
objects of especially high aspect ratios as shown in Fig. 1.

To our knowledge, Strip R-CNN is the first work to ex-
plore how to take advantage of large strip convolutions for

remote sensing object detection. Despite simplicity and the
lightweight nature, our Strip R-CNN achieves state-of-the-
art performance on the standard DOTA benchmark with-
out bells and whistles, as shown in Fig. 2. Notably, our
model Strip R-CNN-S with only 30M learnable parame-
ters achieves the best results on DOTA leaderboard with
82.75% mAP. We also conduct extensive experiments on
several other remote sensing datasets, including FAIR1M,
HRSC2016, and DIOR, and show the superiority of our Strip
R-CNN over other methods. We hope that our design prin-
ciples could provide new research insights for the remote
sensing imagery community.

Related Work
Remote Sensing Object Detection. Generic object detec-
tion typically relies on horizontal bounding boxes to de-
tect objects (Chen et al. 2025; Zheng et al. 2022b; Ren
et al. 2015; Zheng et al. 2020, 2022a). However, in re-
mote sensing scenarios, where objects are arbitrarily ori-
ented, horizontal boxes often fail to precisely localize ob-
jects and tend to include background information or other
objects (Xia et al. 2018). Therefore, rotated bounding boxes
are generally adopted for object representation. Early rep-
resentations of rotated bounding boxes use five parameters
(x, y, w, h, θ) (Ding et al. 2019; Yang et al. 2019; Yu and Da
2023). However, due to the periodicity of the angle, training
models based on this representation often face boundary dis-
continuity problems in regression (Yang and Yan 2020; Yang
et al. 2022, 2021b). To address this issue, several approaches
propose improved representations (Xie et al. 2021; Xiao
et al. 2024; Li et al. 2022; Xu et al. 2021; Wang et al. 2019;
Yi et al. 2021; Fu et al. 2020; Yang et al. 2021a) for rotated
bounding boxes. For instance, Oriented R-CNN (Xie et al.
2021) replaces the angle with midpoint offsets, leading to
a six-parameter representation (x, y, w, h,△α,△β), which
significantly enhances detector performance. COBB (Xiao
et al. 2024) introduces a continuous representation of rotated
boxes with nine parameters based on the aspect ratio of the
minimum enclosing rectangle to the rotated bounding box
areas. There are also approaches focusing on mitigating the
discontinuity problem in boundary regression through loss
functions (Yang et al. 2021b,c; Hou et al. 2023; Cheng et al.
2022b; Qian et al. 2021). For example, GWD (Yang et al.
2021b) and KLD (Yang et al. 2021c) convert rotated bound-
ing boxes into 2D Gaussian distributions and use Gaussian
Wasserstein Distance and Kullback-Leibler Divergence as
the loss functions. KFIoU (Yang et al. 2022) uses Gaussian
modeling and Kalman filtering and propose the SKewIoU
Loss.

Despite the great progress made by previous work, suc-
cessfully detecting high aspect ratio objects, which are
prevalent in remote sensing object detection, is still a chal-
lenging problem. Our method carefully considers the diffi-
culties posed by these objects and take advantage of large
strip convolutions to make our network generalize well to
the challenging slender objects, which to our knowledge has
not been explored before in this research field.
Large Kernel Networks for Remote Sensing Object De-
tection. Convolution with large kernel has been an emerging
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Figure 3: Structural concept comparison between our pro-
posed StripNet and other representative methods using
large-kernel convolutions, including LSKNet (Li et al. 2023)
and PKINet (Cai et al. 2024).

and promising solution to remote sensing object detection,
which has been validated to have highly competitive per-
formance against the Transformer-based methods in image
classification and segmentation (Guo et al. 2022a,b; Ding
et al. 2022). In remote sensing object detection, some ap-
proaches put efforts on employing large-kernel convolutions
to get long-range contextual information (Li et al. 2024d;
Cai et al. 2024). For example, LSKNet (Li et al. 2024d) uti-
lizes large kernel convolutions and a selection mechanism
to model the contextual information needed for different ob-
ject categories. PKINet (Cai et al. 2024) arranges multiple
large-kernel convolutions in parallel to extract dense tex-
ture features across diverse receptive fields, and introduces
a context anchor attention mechanism to capture relation-
ships between distant pixels. However, the parallel paradigm
of leveraging multiple large-kernel convolutions exacerbates
the computational burden, and the complicated block design
makes the model not efficient. Regarding the high variation
of the object aspect ratio, how to efficiently make use of
large-kernel convolutions is still an open question. To our
knowledge, Strip R-CNN is the first work to explore how to
take advantage of large strip convolutions for remote sensing
object detection.

Strip R-CNN
In this section, we describe the architecture of the proposed
Strip R-CNN. Our goal is to advance rotated object detec-
tors with large strip convolutions so that the resulting model
can perform well on objects of different aspect ratios. This
is different from previous work that emphasizes the impor-
tance of large square kernel convolutions as shown in Fig. 3.

Overall Architecture
Based on the O-RCNN framework (Xie et al. 2021), our
Strip R-CNN replace the backbone and detection head
with our StripNet backbone and Strip Head, respectively.
Specifically, the backbone is mainly composed of basic
blocks proposed as illustrated in Fig. 4, which consists of
two residual sub-blocks: the strip sub-block and the feed-
forward network sub-block. The strip sub-block is built upon
a small-kernel standard convolution and two convolutions
with large strip-shaped kernels to capture robust features
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Figure 4: Structure of our basic block and StripNet back-
bone.

Model {C1, . . . , C4} {D1, . . . , D4} #Params FLOPs

⋆ StripNet-T {32, 64, 160, 256} {3, 3, 5, 2} 3.8M 18.2G

⋆ StripNet-S {64, 128, 320, 512} {2, 2, 4, 2} 13.3M 52.3G

Table 1: Variants of StripNet backbone. Ci: feature channel
number; Di: number of strip blocks in each stage i.

for objects of different aspect ratios. For the feed-forward
network sub-block, we simply follow LSKNet (Li et al.
2023), which is used to facilitate channel mixing and fea-
ture refinement. For the stem layers, we keep them the same
to LSKNet (Li et al. 2023). For the detection head, we
strengthen the localization branch with our proposed strip
module, resulting in our Strip Head.

StripNet
Large square kernel convolutions provide essential long-
range contextual information for remote sensing applica-
tions. PKINet (Cai et al. 2024) introduces parallel large
square kernel convolutions and spatial attention mecha-
nism to extract spatial information. However, the parallel
paradigm of leveraging multiple large-kernel convolutions
exacerbates the computational burden, and the complicated
block design makes the model not efficient. Our objective
is to efficiently extract essential features for objects of vary-
ing aspect ratios. The outcome is a sequential paradigm that
efficiently combines the advantages of both standard and
strip convolutions without requiring additional information
fusion module. In what follows, we provide a detailed de-
scription of our basic block: strip module.

Given an input tensor X ∈ RC×H×W with C chan-
nels, a depthwise convolution with square kernels K ∈
RC×kH×kW is first applied to extract local contextual fea-
tures, yielding Z, where H ×W and kH × kW are the fea-
ture size and kernel size, respectively. In practical use, we
set kH × kW to 5 × 5. After the initial depthwise convolu-
tion, we use two sequential depthwise convolution of large
strip-shaped kernels to better capture objects of high aspect
ratios. The output is denoted as Ẑ. Unlike standard convolu-
tions that extract features from a square region for each time,
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Figure 5: Comparison of Oriented R-CNN head and Strip
Head. Our Strip Head incorporates the strip module into the
localization head.

large strip convolutions allow the network to focus more on
features along either the horizontal or the vertical axis. The
combined use of horizontal and vertical large strip convo-
lutions enables the network to collect directional features
across both spatial axes, enhancing the representations of
elongated or narrow structures in spatial dimension.

To further enhance the interaction of the features across
the channel dimension, a simple point-wise convolution is
applied to transform Ẑ to Y. In this way, each position of the
resulting feature map Y encodes both horizontal and vertical
features across a wide spatial area. Finally, following (Guo
et al. 2022b; Hou et al. 2024), we regard the feature map Y
as attention weights to reweigh the input X , which can be
formulated as Ŷ = X · Y, where ‘·’ denotes the element-
wise multiplication operation. Fig. 4 provides an illustration
of our strip module. In our experiments, we will discuss how
to choose the kernel size of the strip convolutions.

Our backbone network StripNet consists of four stages,
each comprising repeated StripNet blocks. The detailed con-
figurations of different variants of our StripNet backbone are
shown in Tab. 1. It is important to emphasize that our Strip-
Net is much simpler than previous remote sensing object de-
tectors using large-kernel convolutions as shown in Fig. 3.
We do not utilize any spatial or channel attention mecha-
nisms in our basic block design nor compound fusion op-
erations with different types of large-kernel convolutions.
This makes our StripNet quite simple but has great perfor-
mance on different remote sensing detection benchmarks.
Moreover, we found that there is no significant difference in
applying horizontal strip convolutions before vertical ones
or vice versa. Both approaches are effective.

Strip Head
In localization tasks, models should be sensitive to trans-
formations, as the accuracy of localization depends on the
positions of input objects. Previous strong rotated object de-
tectors (Cai et al. 2024; Li et al. 2023) adopt the Oriented
R-CNN framework (Xie et al. 2021), whose detection head
shares the same linear layers for classification and local-
ization. However, linear layers have limited spatial corre-
lation as demonstrated in (Wu et al. 2020), making them
transformation-insensitive and unsuitable for precise local-
ization.

A better solution might be to decouple the classification
and localization tasks and using small kernel convolutions

Figure 6: Spatial correlation map comparison of the Ori-
ented R-CNN head and our Strip Head. Strip Head has more
spatial correlations in the output feature maps.

in the localization branch as suggested in (Wu et al. 2020).
However, our analysis of spatial correlation maps shows that
small kernel convolutions capture only short-range spatial
correlations, as illustrated on the left of Fig. 6. These short-
range correlations are inadequate for accurately localizing
slender objects, which require long-range dependencies. To
effectively localize objects of varying aspect ratios, we argue
that the localization head should be able to capture long-
range dependencies, similar to those handled by the back-
bone network. Large strip convolutions capture both hori-
zontal and vertical features across a broad spatial area, which
provide the extended spatial correlations necessary for better
localization. Therefore, we propose Strip Head, which lever-
ages large strip convolutions to enhance the detector’s local-
ization capabilities. As illustrated at the bottom of Fig. 5,
the localization branch begins with a standard 3 × 3 con-
volution to extract local features. Then we add a strip mod-
ule, followed by a fully connected layer to collect long-range
spatial dependencies.

Benefiting from the proposed strip module, our Strip Head
produces more spatial correlations in the output feature
maps, as shown in Fig. 6. In the experiments section, we
will show that this design can notably improves the detec-
tion capability compared to the Oriented R-CNN head.

Experiments
Experiment Setup
Datasets. We conduct extensive experiments on five popular
remote sensing object detection datasets. For detailed usage
of the datasets, kindly refer to Supplementary Materials.

• DOTA-v1.0 (Xia et al. 2018) is a large-scale dataset for
remote sensing detection which contains 2,806 images,
188,282 instances, and 15 categories.

• DOTA-v1.5 (Xia et al. 2018) is a more challenging
dataset which contains 403,318 instances and 16 cate-
gories.

• FAIR1M-v1.0 (Sun et al. 2022) is a remote sensing
dataset consisting of 15,266 images, 1 million instances,
and 37 categories.

• HRSC2016 (Liu et al. 2016) is a remote sensing dataset
that contains 1061 aerial images and 2,976 instances.
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Method mAP PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC

Single-Scale

EMO2-DETR (2023) 70.91 87.99 79.46 45.74 66.64 78.90 73.90 73.30 90.40 80.55 85.89 55.19 63.62 51.83 70.15 60.04

AO2-DETR (2022) 72.15 86.01 75.92 46.02 66.65 79.70 79.93 89.17 90.44 81.19 76.00 56.91 62.45 64.22 65.80 58.96

SASM (2022) 74.92 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

O-RCNN (2021) 75.87 89.46 82.12 54.78 70.86 78.93 83.00 88.20 90.90 87.50 84.68 63.97 67.69 74.94 68.84 52.28

ReDet (2021) 76.25 88.79 82.64 53.97 74.00 78.13 84.06 88.04 90.89 87.78 85.75 61.76 60.39 75.96 68.07 63.59

R3Det-GWD (2021b) 76.34 88.82 82.94 55.63 72.75 78.52 83.10 87.46 90.21 86.36 85.44 64.70 61.41 73.46 76.94 57.38

R3Det-KLD (2021c) 77.36 88.90 84.17 55.80 69.35 78.72 84.08 87.00 89.75 84.32 85.73 64.74 61.80 76.62 78.49 70.89

ARC (2023) 77.35 89.40 82.48 55.33 73.88 79.37 84.05 88.06 90.90 86.44 84.83 63.63 70.32 74.29 71.91 65.43

LSKNet-S (2023) 77.49 89.66 85.52 57.72 75.70 74.95 78.69 88.24 90.88 86.79 86.38 66.92 63.77 77.77 74.47 64.82

PKINet-S (2024) 78.39 89.72 84.20 55.81 77.63 80.25 84.45 88.12 90.88 87.57 86.07 66.86 70.23 77.47 73.62 62.94

RTMDet-R (2022) 78.85 89.43 84.21 55.20 75.06 80.81 84.53 88.97 90.90 87.38 87.25 63.09 67.87 78.09 80.78 69.13

⋆ Strip R-CNN-S 80.06 88.91 86.38 57.44 76.37 79.73 84.38 88.25 90.86 86.71 87.45 69.89 66.82 79.25 82.91 75.58

Multi-Scale

R3Det-GWD (2021b) 80.23 89.66 84.99 59.26 82.19 78.97 84.83 87.70 90.21 86.54 86.85 73.47 67.77 76.92 79.22 74.92

DODet (2022c) 80.62 89.96 85.52 58.01 81.22 78.71 85.46 88.59 90.89 87.12 87.80 70.50 71.54 82.06 77.43 74.47

AOPG (2022a) 80.66 89.88 85.57 60.90 81.51 78.70 85.29 88.85 90.89 87.60 87.65 71.66 68.69 82.31 77.32 73.10

R3Det-KLD (2021c) 80.63 89.92 85.13 59.19 81.33 78.82 84.38 87.50 89.80 87.33 87.00 72.57 71.35 77.12 79.34 78.68

KFloU (2022) 80.93 89.44 84.41 62.22 82.51 80.10 86.07 88.68 90.90 87.32 88.38 72.80 71.95 78.96 74.95 75.27

PKINet-S (2024) 81.06 89.02 86.73 58.95 81.20 80.41 84.94 88.10 90.88 86.60 87.28 67.10 74.81 78.18 81.91 70.62

RVSA (2022) 81.24 88.97 85.76 61.46 81.27 79.98 85.31 88.30 90.84 85.06 87.50 66.77 73.11 84.75 81.88 77.58

LSKNet-S (2023) 81.64 89.57 86.34 63.13 83.67 82.20 86.10 88.66 90.89 88.41 87.42 71.72 69.58 78.88 81.77 76.52

⋆ Strip R-CNN-T 81.40 89.14 84.90 61.78 83.50 81.54 85.87 88.64 90.89 88.02 87.31 71.55 70.74 78.66 79.81 78.16

⋆ Strip R-CNN-S 82.28 89.17 85.57 62.40 83.71 81.93 86.58 88.84 90.86 87.97 87.91 72.07 71.88 79.25 82.45 82.82

⋆ Strip R-CNN-S† 82.75 88.99 86.56 61.35 83.94 81.70 85.16 88.57 90.88 88.62 87.36 75.13 74.34 84.58 81.49 82.56

Table 2: Comparisons with SOTA methods on the DOTA-v1.0 dataset with single-scale and multi-scale training and testing.
The StripNet-S backbone is pretrained on ImageNet for 300 epochs. †: Model ensemble as in MoCAE (Oksuz et al. 2023).

• DIOR-R (Cheng et al. 2022a) contains 23,463 images
and 192,518 instances.

Implementation details. Our training process is divided
into two stages: pretraining on ImageNet (Deng et al. 2009)
and fine-tuning on downstream remote sensing datasets.
For ablation experiments, we train all the models for 100
epochs. To achieve higher performance, we train the models
for 300 epochs for the final results. The number of train-
ing epochs for DOTA, DOTAv1.5, HRSC2016, FAIR1M-
v1.0, and DIOR-R are set to 12, 12, 36, 12, and 12, respec-
tively, following previous methods. Learning rates are set
to 0.0001, 0.0001, 0.0004, 0.0001, and 0.0001, respectively.
The input sizes for HRSC2016 and DIOR-R are 800× 800,
while for the DOTA-v1.0, DOTA-v1.5 and FAIR1M-v1.0
datasets, the input sizes are 1024×1024. During training, we
employ the AdamW (Loshchilov and Hutter 2017) optimizer
with β1 = 0.9, β2 = 0.999, and a weight decay of 0.05.
All the models are trained on 8 NVIDIA 3090 GPUs with a
batch size of 8, and test is conducted on a single NVIDIA
3090 GPU.

Main Results
We first compare our Strip R-CNN with recent state-of-the-
art methods with strong backbones implemented within the
Oriented R-CNN (Xie et al. 2021) framework on the DOTA
v1.0 dataset. As shown in Tab. 3, Strip R-CNN-S achieves an

Model (Backbone) #P↓ FLOPs↓ FPS mAP (%)

ResNet-50 (He et al. 2016) 23.3M 86.1G 21.8 75.87

LSKNet-S (Li et al. 2023) 14.4M 54.4G 20.7 77.49

PKINet-S (Cai et al. 2024) 13.7M 70.2G 12.0 78.39

⋆StripNet-S 13.3M 52.3G 17.7 80.06

Table 3: Comparisons with different backbone models on
DOTA-v1.0. Params and FLOPs are computed for backbone
only. All backbones are pretrained on ImageNet for 300
epochs. Our StripNet-S achieves higher mAP than previous
popular backbones.

improvement of 1.67% while using 0.4% fewer parameters
and only 74.3% of the computations required by PKINet-
S (Cai et al. 2024). Additionally, Strip R-CNN-S shows a
2.57% enhancement over LSKNet-S (Li et al. 2023) utilizing
1.1% fewer parameters and 2.2% less computations.
Results on DOTA-v1.0 (Xia et al. 2018). We conduct
a comparative analysis of different models and present
detailed results for mean Average Precision (mAP) and
Average Precision (AP) across categories on the DOTA
dataset(refer to more model results in Supplementary Ma-
terials). As shown in Tab. 2, our single-scale evaluation
demonstrates a 1.67% improvement over PKINet-S. Fur-
thermore, with multi-scale training and testing, we achieve
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Method FR-O (2015) Mask RCNN (2017) HTC (2019) ReDet (2021) DCFL (2023) LSKNet-S (2023) PKINet-S (2024) Strip R-CNN-S

mAP (%) 62.00 62.67 63.40 66.86 67.37 70.26 71.47 72.27

Table 4: Comparisons with SOTA methods on the DOTA-v1.5 dataset with single-scale training and testing. The StripNet-S
backbone is pretrained on ImageNet for 300 epochs.

Method RetinaNet* (2017) C-RCNN* (2018) F-RCNN* (2015) RoI Trans.* (2019) O-RCNN (2021) LSKNet-S (2023) Strip R-CNN-S

mAP (%) 30.67 31.18 32.12 35.29 45.60 47.87 48.26

Table 5: Comparisons with SOTA methods on the FAIR1M-v1.0 dataset. The StripNet-S backbone is pretrained on ImageNet
for 300 epochs. *: Results are referenced from the FAIR1M paper (Sun et al. 2022).

Method Pre. mAP(07) mAP(12) #P FLOPs

DAL (2020) IN 89.77 - 36.4M 216G

GWD (2021b) IN 89.85 97.37 47.4M 456G

AOPG (2022a) IN 90.34 96.22 - -

RTMDet (2022) CO 90.60 97.10 52.3M 205G

LSKNet-S (2023) IN 90.65 98.46 31.0M 161G

PKINet-S (2024) IN 90.65 98.54 30.8M 190G

⋆ Strip R-CNN-S IN 90.60 98.70 30.5M 159G

Table 6: Performance comparisons with SOTA methods on
HRSC2016. mAP (07/12): VOC 2007 (Everingham et al.
2007)/2012 (Everingham et al. 2012) metrics. The StripNet-
S backbone is pretrained on ImageNet for 300 epochs.

82.28% mAP for a single model. By ensembling the re-
sults of RTMDet and Strip R-CNN, following the model en-
semble strategy in MoCAE (Oksuz et al. 2023), we achieve
82.75% mAP, setting a new state-of-the-art record.

Method Pre. #P ↓ FLOPs ↓ mAP (%)

Faster RCNN-O (2015) IN 41.1M 198G 59.54

TIOE-Det (2023) IN 41.1M 198G 61.98

ARS-DETR (2024) IN 41.1M 198G 66.12

O-RepPoints (2022) IN 36.6M - 66.71

DCFL (2023) IN - - 66.80

LSKNet-S (2023) IN 31M 161G 65.90

PKINet-S (2024) IN 30.8M 190G 67.03

⋆ Strip R-CNN-S IN 30.5M 159G 68.70

Table 7: Performance comparisons with SOTA methods on
DIOR-R. The StripNet-S backbone is pretrained on Ima-
geNet for 300 epochs.

Results on DOTA-v1.5 (Xia et al. 2018). In this dataset
with minuscule instances, as shown in Tab. 4, our approach
achieves outstanding performance, demonstrating its effi-
cacy and generalization ability to small objects. Our Strip
R-CNN outperforms the former state-of-the-art method,
achieving an improvement of 0.8%.
Results on FAIR1M-v1.0 (Sun et al. 2022). The results
in Tab. 5 reveal that our Strip R-CNN reaches a highly com-
petitive mAP score of 48.26%. Our method could improve
0.39% mAP for LSKNet (Li et al. 2023) and surpassing all
other methods by a significant margin.
Results on DIOR-R (Cheng et al. 2022a). As shown

Figure 7: Feature map visulization of different kernel sizes.
Kernel size 19 leads to more accurate features of high aspect
ratio objects.

in Tab. 7, we observe 2.80% improvement over LSKNet (Li
et al. 2023) and 1.67% improvement over PKINet (Cai et al.
2024).
Results on HRSC2016 (Liu et al. 2016). We achieve
98.70% mAP under the VOC2012 (Everingham et al. 2012)
metric, which is the state-of-the-art performance with 0.16%
mAP improvement over PKINet (Cai et al. 2024) and 0.24%
mAP over LSKNet (Li et al. 2023). The results are shown in
Tab. 6.

Across multiple datasets, our method consistently sur-
passes previous state-of-the-art approaches, demonstrating
its generalizability and effectiveness.

Ablation Studies
Kernel size of strip convolutions. The kernel size in strip
convolutions is critical for our proposed strip module. We
experiment with large kernel sizes, starting from 11 and in-
creasing in increments of 4, as shown in Table. 8. It is ob-
served that a large kernel with size of 19 yields satisfactory
results among all the options. In Fig. 7, we further present
a visual comparison of the learned feature representations
when different kernel sizes are adopted. One can see that
strip convs with a larger kernel size can learn the features
of slender objects with more precise localization informa-
tion and well sharpen the object boundaries. By default, we
adopt 19 as the kernel size in all stages of the StripNet back-
bone, which is fixed in all other experiments.
Ablation on strip module design. We perform ablation ex-
periments to analyze the design choices in the strip mod-
ule as shown in Tab. 9. First, we assess the role of depth-
wise square convolution. Removing this component leads to
a large performance drop, emphasizing the importance of
square convolution for capturing features of square-shaped
objects. Next, we examine the integration of horizontal and
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Kernel Size #P↓ FLOPs↓ mAP (%)

(19,19,19,19) 13.30M 52.34G 81.75

(15,15,15,15) 13.28M 52.19G 81.64

(11,11,11,11) 13.26M 52.03G 81.22

(15,17,19,21) 13.31M 52.26G 81.37

(21,19,17,15) 13.29M 52.34G 81.72

Table 8: Ablation study on the kernel size of our proposed
strip module at four stages of the StripNet backbone net-
work. We adopt the StripNet-S backbone pretrained on Ima-
geNet for 100 epochs. The best result is obtained when using
kernel size 19 at all stages.

5 × 5 Large Strip Conv
#P ↓ FLOPs ↓ mAP (%)

Square Conv Sequential Parallel

✗ ✓ ✗ 13.23M 51.84G 81.38

✓ ✓ ✗ 13.30M 52.34G 81.75

✓ ✗ ✓ 13.33M 52.52G 81.54

✓
19 × 19

14.17M 58.41G 81.44
Square Conv

✓
7 × 7

13.30M 52.34G 81.55
Square Conv d=3

Table 9: Ablation study on the design of our proposed strip
module. We adopt the StripNet-S backbone pretrained on
ImageNet for 100 epochs. d: dilation rate.

vertical large strip convolutions, comparing parallel and se-
quential arrangements. The sequential configuration outper-
forms the parallel one, as the latter may lacks effective two-
dimensional modeling, merely combining the two strip con-
volutions without capturing the overall object structure. Fur-
thermore, substituting the sequential large strip convolutions
with either a 19 × 19 large kernel convolution or a 7 × 7
dilated convolution with a dilation rate of 3 results in notice-
able performance loss, further validating the effectiveness of
the large strip convolutions.
Effectiveness of the Strip Head. In Tab. 10, we compare
the performance of two different detectors before and af-
ter incorporating the Strip Head. The results show that our
Strip Head consistently improves the performance of the two
object detectors. We achieve a remarkable AP increase of
4.75% on ROI Transformer (Ding et al. 2019) and a notica-
ble AP increase of 1.71% on Faster RCNN-O (Ren et al.
2015). This demonstrates the effectiveness and generaliz-
ability of our Strip Head.
Visual analysis. We present detection results and Eigen-
CAM (Muhammad and Yeasin 2020) visualizations
in Fig. 8. One can see that for high aspect ratio objects,
previous methods such as LSKNet and PKINet have issues
like missed detections and significant localization errors.
In contrast, our method can successfully detect the high
aspect ratio objects. The Eigen-CAM visualizations also
show strong activations of our method for these objects,
validating the effectiveness of our approach.
Strip R-CNN for improving slender objects. Lastly, to
further substantiate the superiority of our method in detect-

Method Head mAP (%)

Faster RCNN-O (2015)
Original Head 76.17

Strip Head 77.88

RoI Trans. (2019)
Original Head 74.61

Strip Head 79.37

Table 10: Effectiveness of Strip Head on other rotated detec-
tors.

Figure 8: Top: Detection results. Our method can success-
fully capture the high aspect ratio objects. Bottom: Eigen-
CAM visualizations. Our method shows strong activations
for high aspect ratio objects.

ing high aspect ratio objects, we conduct additional exper-
iments on the DOTA dataset. Inspired by the zone evalua-
tion method (Zheng et al. 2024), we evaluate the detection
performance for objects within a certain aspect ratio range
alone. As shown in Fig. 1, the results show that our method
is better than all other object detectors for every aspect ra-
tio range. For the simple case of aspect ratios in the range
of [1, 5], our method achieves slightly better results than the
state-of-the-art method PKINet. However, with the increase
of aspect ratio range, our method outperforms the competi-
tors by a large margin. Intriguingly, for the extreme case of
aspect ratios in the range of [13,+∞], our Strip R-CNN still
produces > 10 mAP, while the other detectors approach 0!
That is to say our method can generally perform better than
the other detectors even without carefully considering the
objects are slender or not.

Conclusions
In this paper, we alleviate the challenge of detecting slender
objects in remote sensing scenarios by leveraging large strip
convolutions to better extract features and improve localiza-
tion of such objects. Based on large strip convolutions, we
propose the simple yet highly effective Strip R-CNN. Ex-
tensive experiments demonstrate that our method exhibits
strong generalization capability and achieves state-of-the-
art performance on several remote sensing benchmarks. We
hope this research could facilitate the development of object
detection in the remote sensing field.
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