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Abstract: To better address the challenges of complex backgrounds, varying object sizes, and arbi-
trary orientations in remote sensing object detection tasks, this paper proposes a deformable split
fusion method based on an improved RoI Transformer called RoI Transformer-DSF. Specifically, the
deformable split fusion method contains a deformable split module (DSM) and a space fusion module
(SFM). Firstly, the DSM aims to assign different receptive fields according to the size of the remote
sensing object and focus the feature attention on the remote sensing object to capture richer semantic
and contextual information. Secondly, the SFM can highlight the spatial location of the remote sensing
object and fuse spatial information of different scales to improve the detection ability of the algorithm
for objects of different sizes. In addition, this paper presents the ResNext_Feature Calculation_block
(ResNext_FC_block) to build the backbone of the algorithm and modifies the original regression loss
to the KFIoU to improve the feature extraction capability and regression accuracy of the algorithm.
Experiments show that the mAP0.5 of this method on DOTAv1.0 and FAIR1M (plane) datasets is
83.53% and 44.14%, respectively, which is 3% and 1.87% higher than that of the RoI Transformer, and
it can be applied to the field of remote sensing object detection.

Keywords: remote sensing object detection; DSM; SFM; ResNext_FC_block; KFIoU

1. Introduction

With the rapid development of remote-sensing satellite technology and optical equip-
ment, obtaining various high-resolution optical remote-sensing images has become increas-
ingly easy. Faced with many remote sensing object detection needs, designing a remote
sensing object detection algorithm with strong generalization performance is significant for
military exploration, urban planning, aerospace monitoring, natural disaster prevention,
and other fields [1–4]. Compared to using SAR remote sensing images generated by active
radar imaging for object detection in scenarios such as foggy conditions, optical remote
sensing image object detection is easily affected by background complexity, object size,
object distribution, and other factors. Moreover, the resolution of existing remote sensing
images is increasing. Therefore, there are still many difficulties in quickly and accurately
detecting various remote sensing objects in complex remote sensing backgrounds and
high-resolution remote sensing scenes [5–7].

Remote sensing image object detection has two processes: remote sensing object
positioning and classification. Traditional object detection algorithms usually consist of
candidate region selection, feature extraction, and object detection. Not only does the algo-
rithm have many redundant calculations, high time cost, and poor robustness, but also, in
the face of complex remote sensing backgrounds, the algorithm has low detection efficiency
and poor detection effect. In recent years, deep learning remote sensing object detection
has become mainstream. Algorithm design based on convolutional neural networks can
effectively extract target positioning information and deep feature information in remote
sensing scenes, significantly improving the speed and accuracy of remote sensing object
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detection [8–11]. In 2016, Joseph Redmon et al. proposed a single-stage object detection
algorithm named YOLO [12]. This algorithm divides the input image into grids, and
each grid is responsible for predicting the target with the center point within that grid,
improving the speed of object detection. In 2017, He K et al. proposed a method of directly
extracting regions of interest using RPN networks and designed Faster R-CNN [13]. In the
same year, Tsung Yi Lin et al. proposed RetinaNet [14] and designed a classification loss
Focal Loss, making the model more focused on samples that are difficult to distinguish.
In 2019, Jian Ding et al. proposed the RoI Transformer [15], which utilizes horizontal
region of interest features to rotate sampling points to the corresponding coordinates in
the feature map, completing the detection of rotating objects. In the past three years,
a large number of excellent rotation object detection algorithms have emerged, such as
R3Det [16], S2ANet [17], ReDet [18], Beyond Bounding Box [19], Oriented R-CNN [20],
GWD [21], KLD [22], SASM [23], Oriented RepPoints [24], KFIoU [25], G-Rep [26], etc.
R3Det uses a stepwise regression method from coarse-grained to fine-grained to refine
features and detect rotation objects. S2ANet has designed FAM and ODM modules to
enable the network to generate high-quality oriented bounding boxes and align directional
sensitive and invariant features with anchors. ReDet utilizes rotational equivariant features
and rotational invariant features to improve detection accuracy. Beyond Bounding Box
proposes a convex hull representation method to reduce feature aliasing and introduces a
new loss function to improve the accuracy of rotating object detection.

Remote sensing objects have varying sizes and complex and variable backgrounds, so
the range of background information required for different remote sensing objects is also
different. This requires the designed network to fully consider prior knowledge in remote
sensing images and select different large convolutional kernels for feature extraction. In
2023, Yuming Chen et al. proposed the YOLO-MS [27] algorithm, which uses convolution
of different sizes to extract features from objects of different sizes, achieving a new multi-
scale feature representation. In the same year, Yuxuan Li et al. proposed the LSKNet
algorithm [28], fully considering prior knowledge in remote sensing images, and designed
a dynamic receptive field feature extraction module.

The above research on remote sensing rotated object detection has achieved good
results, but there are also the following challenges:

1. The receptive field range required for remote sensing objects of different sizes dif-
fers, and some studies need to process high-resolution features efficiently from a
global perspective;

2. The object features observed in feature maps at different scales and levels are different,
and some studies cannot effectively handle the different background information
required for detecting different objects;

3. To improve the accuracy of remote sensing rotated object detection, it is necessary to
simultaneously learn rich prior knowledge, improve the representation method of
oriented bounding boxes, and search for better feature fusion methods.

To address the above issues, this article proposes an improved algorithm based on the
ROI Transformer, with the main innovative points as follows:

1. Before sending feature maps at different levels into FPN [29], we select convolutional
kernels of different sizes for feature extraction. As the network deepens, the size of the
convolutional kernels gradually increases, thereby better processing high-resolution
object information and rich contextual information;

2. We propose a deformable split fusion method, which consists of two parts: a de-
formable split module and a space fusion module. This method helps the model
dynamically extract contextual information based on different remote sensing objects,
improving the model’s detection accuracy for remote sensing objects;

3. This paper proposes the ResNext_FC_block to enhance the ResNext network [30] as
the algorithm’s backbone and optimize the loss function, improve the representation
method of oriented bounding boxes, and introduce the KFIoU to replace the Smooth
L1 loss used by the RoI Transformer [31];
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4. This paper proposes a novel remote sensing object detection framework called RoI
Transformer-DSF. It conducts extensive comparative experiments and ablation studies
on the benchmark DOTAv1.0 and FAIR1M datasets, corroborating the performance
enhancement of the proposed method.

2. Related Work
2.1. RoI Transformer

RoI Transformer can detect rotated object detection at any angle. The algorithm is
mainly composed of Backbone (ResNet [32]), Neck (FPN), and RoI Transformer modules,
which can effectively extract the rotational invariant features of remote sensing objects.

The backbone network of the RoI Transformer is ResNet50. Four different levels of
feature maps are generated after the feature extraction of remote sensing images through
ResNet50. The feature maps are fed into FPN to complete the information fusion of low-
resolution and high-resolution features, reduce feature loss, and facilitate the extraction
of semantic and positioning information of remote sensing objects by the network. After-
wards, the feature map through the RoI Transformer module extracts rotational features,
and ultimately, the remote sensing rotated object detection is completed based on the
rotational features. The RoI Transformer module consists of RRoI Learner and RRoI Warp-
ing. RRoI Learner is mainly used to convert HRoI to RRoI. RRoI Warping can extract
rotational invariant features of remote sensing objects from RRoI, achieving classification
and regression of remote sensing rotated objects. Figure 1 shows the overall structure of
the RoI Transformer.
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2.2. Multi-Scale Feature Fusion

Multi-scale feature fusion can bring good network performance improvement not only
in the field of remote sensing object detection but also in other deep learning fields. Through
different feature extraction methods, feature maps of different scales have different object
feature information, contextual information, target positioning information, receptive field,
etc. By fusing feature maps of different scales, the detection accuracy of the object detection
network can be effectively improved. In 2022, DAMO-YOLO [33] proposed RepGFPN,
which improves GFPN to achieve cross-level semantic and spatial information fusion while
ensuring the efficiency of object detection. SSFPN [34] designed a scale sequence module
to extract scale-invariant features of objects and obtained convolutional sequences through
3D convolution, improving the detection accuracy of small objects. CEFPN [35] employs
subpixel convolution for upsampling, then fuses feature maps of different scales, and finally
obtains the weights of each feature map through the attention mechanism, reducing the
loss of feature information and highlighting important object information.
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2.3. Attention Mechanism

With the development of computer vision algorithms, there are two main categories
of mainstream attention mechanisms: one is the channel and spatial attention mechanism
in convolutional neural networks, which can effectively extract the object’s semantic infor-
mation and spatial localization information, and the other is the self-attention mechanism
in the Vision Transformer [36], which can effectively reconstruct sequences and extract the
correlation information between different sequences. GAM [37] hybrid attention module
mainly consists of two parts, the CAM and the SAM; in the CAM, the feature map first
adjusts the dimensional order and then extracts the channel weights through the MLP and
the Sigmoid; in the SAM, the feature map extracts the spatial information through two
convolutional layers. Self-attention represents each sequence with Q, K, and V vectors
and uses the inner product of Q and K vectors as the weights of all sequences for the
current sequence. Then, it reconstructs this vector to realize the extraction of the overall
information. The expressions for the Q, K, and V vector computation are as follows:

Qi = Wqai (1)

Ki = Wkai (2)

Vi = Wvai (3)

where i is the index of the corresponding vector, Wq, Wk, and Wk are parameter matrices
that can be obtained through learning, and a is the input vector. After obtaining the three
vectors Q, K, and V, the Self-attention can be calculated using the following formula:

Attention(Q, K, V) = so f tmax
(

QKT
√

dk

)
V (4)

Among them,
√

dk is the dimensions of the vector, and to standardize the dimension
of the reconstructed vector. Multiply the Q and K vectors and use the inner product to
calculate the similarity between the two. This value can represent the coefficient of the
reconstructed vector.

3. Our Work

This article builds on the RoI Transformer and utilizes the proposed improvement
methods to construct the RoI Transformer-DSF framework shown in Figure 2. The improved
algorithm’s overall framework differs from the RoI Transformer in the backbone, neck, and
head. Specific improvements will be detailed in the following subsections.
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3.1. Deformable Split Module

This article proposes a hierarchical feature fusion module and draws on applying
large convolutional kernels in deep learning to improve the network’s feature extraction
ability and detection accuracy in complex remote sensing backgrounds. The DSM is a part
of the deformable split fusion module located before the Neck of the network. Figure 3
shows the relationship and parameter configuration between the DSM and FPN.
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Figure 3. Interaction between DSM and FPN.

First, the remote sensing image is subjected to preliminary feature extraction by
the ResNext_FC50 and four different levels of feature maps are fed into the DSM be-
fore entering into the FPN to extract feature information at different resolutions using
1 × 1 and 3 × 3 convolutional kernels, 3 × 3 and 5 × 5 convolutional kernels, 5 × 5 and
7 × 7 convolutional kernels, and 7 × 7 and 9 × 9 convolutional kernels, respectively, and
the size of the convolutional kernels is gradually enlarged with the increase of the depth of
the network. ResNext_FC50 stacks a large number of 3 × 3 convolutions, but the actual
receptive field is not significant; instead, stacking a small number of deformable split
modules with large convolutional kernels can effectively enlarge the receptive field. The
use of large convolutional kernels can effectively expand the size of the receptive field,
using smaller convolutional kernels in the shallow network to extract the delicate features
of small objects and using larger convolutional kernels in the deep network to efficiently
enhance the receptive field and extract more contextual information, which is conducive to
the detection of significant objects in remote sensing. The sizes of the feature maps of the
four different layers are 256 × 256, 128 × 128, 64 × 64 and 32 × 32, respectively. Figure 4
shows the specific structure of the DSM.
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K1 and K2 are parameters whose respective values correspond to the four sets of
numbers shown in Figure 3. For example, the feature map with a channel count 256 is
first split into two parts. In the upper half of the DSM, the feature map is first convolved
through K1 and then through K2, then concatenating the two feature maps together to
be sent to the lower half. In the second half, half of the input feature maps, the original
input feature maps through deformable convolution [38], and the output feature maps of
S1 in the upper half are first concatenated, then convolved through K1 and K2, respectively.
Finally, the outputs are concatenated, as shown in S2. After the feature maps pass through
the S1 and S2, all the used feature maps are concatenated as inputs to the SFM following
the final concatenating method of the DSM.

3.2. Space Fusion Module

Spatial information is crucial in remote sensing object detection, and better spatial
information and feature information that better fits the object is beneficial for improving
the accuracy of remote sensing object detection. The primary function of the space fusion
module is to fuse remote sensing object information with varying receptive fields, spatial lo-
cations, and contextual information, as well as the information extracted by the deformable
convolution and large convolutional kernels. Figure 5 shows the specific structure of the
space fusion module.
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The feature map enters the space fusion module. First, the spatial attention mechanism
calculates the weight of spatial position information. Then, the weight is assigned to the
feature maps of the S1, S2, and deformable convolution of the deformable split module
to highlight the spatial position information and rotated invariant information of specific
remote sensing objects, improving the network’s regression and detection accuracy.

3.3. ResNext_FC_Block

The detection accuracy of the network is intimately tied to the feature extraction capa-
bilities of the detection network’s backbone. Compared to ResNet’s BottleNeck structure,
the ResNext_block in the ResNext network is structured into three components. The first
component comprises a 1 × 1 convolution layer, doubling the number of channels in the
feature map compared to ResNet. The second component employs grouped convolutions,
dividing the input feature maps into 32 groups. Each group undergoes a 3 × 3 convolution.
Notably, even after doubling the channel count, the total number of parameters is nearly
identical to that of ResNet. The third component involves another 1 × 1 convolution layer,
resulting in an output feature map with 256 channels.

This paper proposes the ResNext_FC_block, which extends the ResNext_block by
incorporating two additional branches: the Channel Weight branch (C) and the Spatial
Weight branch (S). Specifically, the C branch computes the mean and maximum values
across each channel of the input feature map. In contrast, the S branch calculates the mean
and maximum values at each spatial location of the input feature map. These computations
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result in two output feature maps of size H × W × C. Together with the input feature
map, these output feature maps are used to calculate the correlation weights for each pixel.
The calculated correlation weights represent the inter-pixel correlations in remote sensing
images, highlighting the strong correlations in colour and texture features among adjacent
pixels, particularly for remote sensing objects such as aircraft. This mechanism guides
the model to effectively focus on and extract relevant information from the object regions
within the remote sensing images. Figure 6 shows the ResNet_Block, ResNext_Block, and
ResNext_FC_Block structure diagrams.
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The three types of blocks differ in their impact on the algorithm’s feature extraction
capabilities. To validate the effectiveness of the ResNext_FC_block in extracting pixel
correlation and object spatial position information, we conduct comparative experiments
with different blocks, using the RoI Transformer as the baseline model. The experimental
results are shown in Table 1.

Table 1. Experimental results of different blocks.

Algorithm Block mAP0.5 (%)

RoI Transformer
ResNet_block (original) 80.53

ResNext_block 80.72
ResNext_FC_block (our) 81.19

Table 1 shows that the original RoI Transformer attains a mAP0.5 of 80.53% when using
the ResNet_block for the backbone network. The mAP0.5 improves by 0.19% and 0.66%
when the block is switched to the ResNext_block and ResNext_FC_block, respectively.
Utilizing the ResNext_FC_block can obtain the highest detection accuracy, confirming the
efficacy of the enhanced block design.

3.4. Optimize the Loss Function

An excellent oriented bounding box regression loss can improve the accuracy of
remote sensing object detection and the convergence speed of the algorithm. The regression
loss function of the RoI Transformer is Smooth L1 loss, which is easily affected by angle
deviation. To obtain a higher accuracy for the rotated IoU, this article uses the KFIoU as the
regression loss function of the algorithm.

A one-to-one correspondence exists between a two-dimensional oriented bounding
box and a Gaussian function. If the oriented bounding box is represented by (x, y, h, w, θ),
its corresponding Gaussian distribution is:

g(µ, Σ) = g((x, y, (z))T , RΛRT) (5)
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R is the rotation matrix, and Λ is the diagonal matrix of the eigenvalue. When the
oriented bounding box intersects the actual box, the Gaussian distribution functions of the
two are multiplied to obtain the Gaussian function of the overlapping area:

αgk f (µ, Σ) = g1(µ1, Σ1)g2(µ2, Σ2) (6)

Converting the Gaussian function of the overlapping area into the prediction box,
the actual box, and the oriented bounding box of the overlapping box. The KFIoU can be
calculated according to the following formula based on the area formula of the oriented
bounding box:

KFIoU =
νB3(Σ)

νB1(Σ) + νB2(Σ)− νB3(Σ)
(7)

Among them, νB1(Σ), νB2(Σ), and νB3(Σ) are the areas of the predicted box, the actual
box, and the overlapping area, respectively.

Different classification loss functions and regression loss functions have distinct im-
pacts on algorithm convergence and the learning of model parameter values. Finding a
suitable combination of classification and regression loss functions is crucial for algorithm
learning. In this article’s remote sensing object detection experiment, we study the impact
of different loss function combinations on algorithm accuracy, and Table 2 shows the results.

Table 2. Experimental results of different loss functions.

Algorithm Loss Set mAP0.5 (%)

RoI Transformer

CrossEntropy Loss+SmoothL1 Loss (original) 80.53
Focal Loss+SmoothL1 Loss 80.62

Focal Loss+KFIoU Loss 80.77
CrossEntropy Loss+KFIoU Loss 81.03

Table 2 shows that using the Focal Loss and KFIoU Loss alone or simultaneously
can improve algorithm accuracy, with mAP0.5 improving by 0.09%, 0.5%, and 0.24%,
respectively. When we use the CrossEntropy Loss as the classification loss and the KFIoU
Loss as the regression loss, the effect is best, with mAP0.5 of 81.03%, which can effectively
improve the algorithm’s detection accuracy for remote sensing objects.

We extract multiple iters within a single epoch and plot convergence curves to compare
the convergence rate of the algorithm with and without using the KFIoU Loss on the DOTA
dataset, as can be seen in Figure 7; after using the KFIoU Loss as the regression loss function,
the overall loss of the algorithm starts to converge gradually after the 150th iter and the
final loss value converges near 0.21. Without using the KFIoU Loss, the overall loss of the
algorithm starts to converge gradually only after the 200th iter, and the final loss value
converges near 0.165.
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4. Experiment and Result Analysis
4.1. Experimental Environment and Parameter Configuration

In this paper, the remote sensing object detection algorithm experiments based on the
improved RoI Transformer use CUDA11.1, Intel i7-11700 8-core CPU, NVIDIA GeForce
RTX 3080Ti to build the training platform, and the deep learning framework is PyTorch. The
experiments use DOTAv1.0 and FAIR1M (plane) datasets to evaluate the reasonableness
and detection accuracy of the algorithm in this paper. The experimental optimizer chooses
SGD with lr = 0.0025, momentum = 0.9, weight_decay = 0.0001, the learning rate strategy
adopts linear, set warmup_iters = 500, warmup_ratio = 1.0/3, and the overall training is
for 100 epochs, if the algorithm converges in advance, it will end the training round early.
The algorithm in this paper is experimented with in the above two datasets, and Figure 8
shows the loss convergence curve of the experiment.
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4.2. Datasets

DOTAv1.0 [39] dataset is a remote sensing object detection dataset released by Wuhan
University in 2018, containing 2806 remote sensing images from different sensors and
platforms. The dataset has a total of 15 categories of remote sensing objects, which are
the plane, ship, storage tank, baseball diamond, tennis court, basketball court, ground
track field, harbor, bridge, large vehicle, small vehicle, helicopter, roundabout, soccer ball
field, and swimming pool. The number of instances is 188282. The resolution of each
remote sensing image in the DOTAv1.0 dataset is approximately between 800 × 800 and
4000 × 4000, where the number of training sets is 1411, the number of validation sets is 458,
and the number of test sets is 937. Figure 9 shows examples of the DOTAv1.0 dataset.

The FAIR1M (plane) [40] dataset only selects remote sensing images containing
remote sensing aircraft objects in the FAIR1M dataset, released by the Aerospace Infor-
mation Innovation Research Institute of the Chinese Academy of Sciences in 2021. It
contains 8017 remote sensing aircraft images, with 44248 instances. There are 11 types of
aircraft instances, namely, Boeing737, Boeing777, Boeing747, A321, A220, A330, A350,
C919, ARJ21, and other aircraft. The resolution of remote sensing aircraft images in this
dataset is 1000 × 1000 to 10,000 × 10,000, including many high-resolution remote sensing
aircraft objects, which is very suitable for research and use. Figure 10 is an example of
the FAIR1M (plane) dataset.
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4.3. Experimental Evaluation Indicators

The evaluation indicators used in the comparative and ablation experiments to verify
the performance of the RoI Transformer-DSF algorithm in this article include Precision,
Recall, AP, and mAP. First, we calculate Precision and Recall:

Precision =
TP

TP + FP
(8)
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Recall =
TP

TP + FN
(9)

TP, FP, and FN represent the number of true positives, false positives, and false
negatives, respectively. AP is the Average Precision, which is the average accuracy of
different precision and the area enclosed by the PR curve and coordinate axis. The larger
the AP, the higher the average accuracy of the model. The calculation formula for AP is
as follows:

AP =
∫ 1

0
P(R)dR (10)

Among them, R is Recall, and mAP is the average of all categories of APs, reflecting
the model’s overall accuracy. Generally speaking, the higher the mAP, the better the
model’s accuracy. The calculation formula for the mAP is as follows:

mAP =
1
N

N

∑
N=1

APi (11)

where N is the number of categories to be detected, and APi is the average accuracy of each
category. If mAP has a subscript, the subscript denotes the threshold of the intersection over
union (IoU) between the ground truth and predicted bounding box. For instance, mAP0.5
represents the average detection accuracy across all categories when the IoU threshold is
set to 0.5.

4.4. Analysis of Experimental Results
4.4.1. DOTA Dataset Comparison Experiment

To verify the effectiveness of the algorithm proposed in this article, we compared the
RoI Transformer-DSF with the RoI Transformer, KFIoU, SASM, ReDet, Rotated RepPoints,
R3Det, Faster Rcnn, Rotated RetinaNet, GWD, and S2ANet, mainly analyzing the impact
of each algorithm on mAP0.5, AP, and Recall in remote sensing object detection. Figure 11
shows the detection results of the RoI Transformer-DSF on the DOTA dataset.
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According to the detection results, the deformable split fusion method based on the
RoI Transformer-DSF in this article has good detection results for remote sensing objects
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of different sizes, rotated angles, and spatial distributions, and the detection accuracy of
small objects is also high. Table 3 shows the detection results of various algorithms. The
resolution of input remote sensing images is 1024 × 1024.

Table 3. Comparison experiment results of DOTA dataset.

Algorithm Size mAP0.5 (%) APmax (%) APmin (%) Recallmax (%) Recallmin (%)

RoI Transformer 1024 × 1024 80.53 90.9 62.3 99.6 72.2
SASM 1024 × 1024 70.81 90.7 42.6 96.8 71.3
ReDet 1024 × 1024 78.75 90.9 61.3 97.7 75.5
R3Det 1024 × 1024 75.37 90.9 56.0 96.4 74.2

Faster Rcnn 1024 × 1024 78.60 90.8 59.1 97.7 69.6
Rotated RetinaNet 1024 × 1024 77.57 90.8 52.6 99.2 73.6
Rotate RepPoints 1024 × 1024 66.18 90.0 34.4 96.5 68.9

KFIoU 1024 × 1024 79.88 90.9 62.6 99.2 78.3
GWD 1024 × 1024 79.41 90.9 62.0 98.9 83.5

S2ANet 1024 × 1024 79.58 90.9 62.6 99.2 78.0
RoI Transformer-DSF 1024 × 1024 83.53 90.7 69.1 99.6 77.7

From the comparative experimental results, we can know that the mAP0.5 of the
proposed method in this article is 83.53%, which is 3%, 12.72%, 4.78%, 8.16%, 4.93%,
5.96%, 17.35%, 3.65%, 4.12%, and 3.95% higher than that of the RoI Transformer, SASM,
ReDet, R3Det, Faster Rcnn, Rotated RetinaNet, Rotated RepPoints, KFIoU, GWD, and
S2ANet, respectively. Observing the AP, there is almost no difference in the APmax of
various algorithms, but the improved algorithm has an APmin of 69.1%, which is 6.8%
higher than the RoI Transformer and has the highest APmin. The above data indicate
that the algorithm in this paper has more vital feature information extraction ability and
generalization performance for various remote sensing objects. Table 4 shows the detection
results for each category in the DOTA dataset.

Table 4. Detection results of various remote sensing objects in the DOTA dataset.

Class Gts Dets Recall (%) AP (%)

plane 4449 6840 96.4 90.7
ship 18,537 24,711 95.9 89.9

storage tank 4740 6986 77.7 72.1
baseball diamond 358 1666 91.9 84.6

tennis course 1512 2668 98.4 90.7
basketball course 266 1383 99.6 87.9
ground track field 212 1194 97.2 86.1

harbor 4167 8415 92.6 86.8
bridge 785 3983 85.3 71.8

large vehicle 8819 21,201 98.3 88.3
small vehicle 10,579 25,238 92.3 83.3

helicopter 122 1682 99.2 88.5
roundabout 275 1911 86.9 79.0

soccer ball field 251 1860 95.6 84.1
swimming pool 732 2625 86.2 69.1

In this table, Gts and Dets mean the number of ground truths and detections, respectively.

Observing the detection accuracy of various remote sensing objects, among which
swimming pool, bridge, and storage tank have the lowest accuracy due to the different
distribution and size of these three objects, irregular swimming pool boundaries, difficulty
in regression, and complex remote sensing backgrounds. The accuracy of the other remote
sensing objects is above 84%. The RoI Transformer-DSF has an excellent detection effect on
remote sensing objects. Table 5 presents the complete comparative experimental results.
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Table 5. The AP results of different algorithms.

Algorithm SASM ReDet R3Det Faster
Rcnn

Rotated
RetinaNet

Rotated
RepPoints KFIoU GWD S2ANet RoI

Transformer

RoI
Transformer-

DSF

plane 90.10 90.50 90.30 90.20 90.50 90.00 90.60 90.60 90.60 90.50 90.70
ship 81.00 89.40 88.30 88.70 88.00 78.40 89.40 89.40 89.10 89.80 89.90

storage tank 73.20 71.50 69.60 63.20 69.00 71.90 78.60 79.10 78.70 71.10 72.10
baseball
diamond 77.70 87.60 82.30 86.60 88.10 76.90 85.40 85.20 86.20 86.90 84.60

tennis
course 90.70 90.90 90.90 90.80 90.80 90.90 90.90 90.90 90.90 90.90 90.70

basketball
course 79.10 88.50 83.50 88.30 84.60 74.30 89.70 88.50 89.40 89.20 87.90

ground
track field 75.60 80.30 84.10 85.10 80.60 74.30 80.30 80.10 75.70 83.60 86.10

harbor 74.60 79.20 75.70 78.20 72.80 54.80 78.10 77.90 77.70 79.30 86.80
bridge 53.40 61.30 57.40 59.10 52.60 45.50 62.60 62.00 62.60 62.30 71.80
large

vehicle 81.00 86.40 79.70 83.10 82.80 59.10 86.80 87.00 86.40 86.20 88.30

small
vehicle 58.50 69.70 71.30 72.30 71.30 61.90 71.80 72.40 72.10 73.20 83.30

helicopter 42.60 76.40 56.00 78.00 78.30 34.40 71.80 69.70 73.30 79.00 88.50
roundabout 71.30 73.50 75.90 76.30 81.20 70.70 83.00 81.10 84.00 78.30 79.00
soccer ball

field 53.00 74.30 60.20 70.90 65.50 50.50 72.00 71.00 72.40 79.60 84.10

swimming
pool 60.20 61.90 65.30 68.10 67.50 59.80 67.10 66.30 64.80 68.10 69.10

mAP (%) 70.81 78.75 75.37 78.60 77.57 66.18 79.88 79.41 79.58 80.53 83.53

Figure 12 illustrates the training outcomes of the algorithms mentioned above on the
DOTA dataset, with the x-axis representing the Epoch and the y-axis depicting the algo-
rithms’ mAP. An algorithm’s mAP curve closer to the top-left corner indicates higher detec-
tion accuracy and faster convergence. All algorithms were trained with pre-trained weights;
most initial mAPs were around 75%. As observed in Figure 12, the RoI Transformer-DSF
achieved the highest mAP, starting at 80.84%. After 10 training epochs, the algorithm’s mAP
stabilized at approximately 83.53%. Compared to the RoI Transformer, RoI Transformer-
DSF exhibits higher detection precision and converges about one epoch faster. However,
during the training process, the mAP of the RoI Transformer-DSF exhibits larger fluctua-
tions and lacks stability in the mAP convergence curve compared to the RoI Transformer.

Remote Sens. 2024, 16, 4487  14 of 22 
 

 

Table 5. The AP results of different algorithms. 

Algorithm  SASM  ReDet  R3Det 
Faster 

Rcnn 

Rotated 

RetinaNet 

Rotated 

RepPoints 
KFIoU  GWD  S2ANet 

RoI 

Transformer 

RoI 

Transfor

mer‐DSF 

plane  90.10  90.50  90.30  90.20  90.50  90.00  90.60  90.60  90.60  90.50  90.70 

ship  81.00  89.40  88.30  88.70  88.00  78.40  89.40  89.40  89.10  89.80  89.90 

storage tank  73.20  71.50  69.60  63.20  69.00  71.90  78.60  79.10  78.70  71.10  72.10 

baseball 

diamond 
77.70  87.60  82.30  86.60  88.10  76.90  85.40  85.20  86.20  86.90  84.60 

tennis 

course 
90.70  90.90  90.90  90.80  90.80  90.90  90.90  90.90  90.90  90.90  90.70 

basketball 

course 
79.10  88.50  83.50  88.30  84.60  74.30  89.70  88.50  89.40  89.20  87.90 

ground 

track field 
75.60  80.30  84.10  85.10  80.60  74.30  80.30  80.10  75.70  83.60  86.10 

harbor  74.60  79.20  75.70  78.20  72.80  54.80  78.10  77.90  77.70  79.30  86.80 

bridge  53.40  61.30  57.40  59.10  52.60  45.50  62.60  62.00  62.60  62.30  71.80 

large vehicle  81.00  86.40  79.70  83.10  82.80  59.10  86.80  87.00  86.40  86.20  88.30 

small 

vehicle 
58.50  69.70  71.30  72.30  71.30  61.90  71.80  72.40  72.10  73.20  83.30 

helicopter  42.60  76.40  56.00  78.00  78.30  34.40  71.80  69.70  73.30  79.00  88.50 

roundabout  71.30  73.50  75.90  76.30  81.20  70.70  83.00  81.10  84.00  78.30  79.00 

soccer ball 

field 
53.00  74.30  60.20  70.90  65.50  50.50  72.00  71.00  72.40  79.60  84.10 

swimming 

pool 
60.20  61.90  65.30  68.10  67.50  59.80  67.10  66.30  64.80  68.10  69.10 

mAP (%)  70.81  78.75  75.37  78.60  77.57  66.18  79.88  79.41  79.58  80.53  83.53 

Figure 12 illustrates the training outcomes of the algorithms mentioned above on the 

DOTA  dataset, with  the  x‐axis  representing  the  Epoch  and  the  y‐axis  depicting  the 

algorithms’ mAP. An algorithm’s mAP curve closer to the top‐left corner indicates higher 

detection accuracy and faster convergence. All algorithms were trained with pre‐trained 

weights;  most  initial  mAPs  were  around  75%.  As  observed  in  Figure  12,  the  RoI 

Transformer‐DSF achieved the highest mAP, starting at 80.84%. After 10 training epochs, 

the  algorithm’s  mAP  stabilized  at  approximately  83.53%.  Compared  to  the  RoI 

Transformer, RoI  Transformer‐DSF  exhibits  higher  detection  precision  and  converges 

about  one  epoch  faster. However,  during  the  training  process,  the mAP  of  the  RoI 

Transformer‐DSF exhibits larger fluctuations and lacks stability in the mAP convergence 

curve compared to the RoI Transformer. 

 

Figure 12. Training results of the DOTA dataset. Figure 12. Training results of the DOTA dataset.



Remote Sens. 2024, 16, 4487 14 of 21

4.4.2. FAIR1M Dataset Comparison Experiment

In this section, we will compare the RoI Transformer-DSF in this article with RoI
Transformer, SASM, ReDet, R3Det, Faster Rcnn, Rotated RetinaNet, GWD, and S2ANet to
verify that it is still effective in other datasets. Figure 13 shows the detection results of the
RoI Transformer-DSF on the FAIR1M (plane) dataset.

Remote Sens. 2024, 16, 4487  15 of 22 
 

 

4.4.2. FAIR1M Dataset Comparison Experiment 

In  this  section, we will compare  the RoI Transformer‐DSF  in  this article with RoI 

Transformer, SASM, ReDet, R3Det, Faster Rcnn, Rotated RetinaNet, GWD, and S2ANet to 

verify that it is still effective in other datasets. Figure 13 shows the detection results of the 

RoI Transformer‐DSF on the FAIR1M (plane) dataset. 

     

     

Figure 13. FAIR1M dataset detection results. 

According  to  the  detection  results,  the  improved  algorithm  has  significantly 

improved the detection accuracy of the Boeing 737, Boeing 777, Boeing 747, Boeing 787, 

A321, A220, A330, A350, C919, ARJ21, and other aircraft. However, some aircraft objects 

have missed detections, and  the  rotated angle of  the  regression box needs  to be more 

accurate, which needs to be improved in subsequent research. Table 6 shows the detection 

results of various algorithms on the FAIR1M dataset. 

According to the experimental results in Table 6, the RoI Transformer‐DSF proposed 

in this article achieved the best performance to detect 11 types of remote sensing aircraft 

objects, with mAP0.5 of 44.14%. Compared to the mAP0.5 of the RoI Transformer, SASM, 

ReDet, R3Det, Faster Rcnn, Rotated RetinaNet, GWD, and S2ANet, the mAP0.5 increased 

by 1.87%, 10.81%, 2.15%, 2.32%, 2.38%, 5.83%, 1.86%, and 1.19%,  respectively. Table 7 

shows the detection results of various types of aircraft. 

Table 6. Comparison experiment results of FAIR1M dataset. 

Algorithm  Size  mAP0.5 (%)  APmax (%)  APmin (%)  Recallmax (%)  Recallmin (%) 

RoI Transformer  1024 × 1024  42.27 *  75.6  1.0  94.4  14.3 

SASM  1024 × 1024  33.33 *  63.8  0.4  98.5  67.9 

ReDet  1024 × 1024  41.99 *  70.6  5.3  94.9  17.9 

R3Det  1024 × 1024  41.82 *  83.9  0.3  98.9  64.3 

Faster Rcnn  1024 × 1024  41.76 *  83.6  2.8  96.7  13.2 

Rotated RetinaNet  1024 × 1024  38.31 *  77.6  0.2  98.8  67.9 

GWD  1024 × 1024  42.28 *  81.6  0.2  98.3  67.9 

S2ANet  1024 × 1024  42.95 *  86.3  0.3  97.8  67.9 

RoI Transformer‐DSF  1024 × 1024  44.14  81.1  0.2  98.2  64.3 

In this table, * means that the results from our previous work [11]. 

Figure 13. FAIR1M dataset detection results.

According to the detection results, the improved algorithm has significantly improved
the detection accuracy of the Boeing 737, Boeing 777, Boeing 747, Boeing 787, A321, A220,
A330, A350, C919, ARJ21, and other aircraft. However, some aircraft objects have missed
detections, and the rotated angle of the regression box needs to be more accurate, which
needs to be improved in subsequent research. Table 6 shows the detection results of various
algorithms on the FAIR1M dataset.

Table 6. Comparison experiment results of FAIR1M dataset.

Algorithm Size mAP0.5 (%) APmax (%) APmin (%) Recallmax (%) Recallmin (%)

RoI Transformer 1024 × 1024 42.27 * 75.6 1.0 94.4 14.3

SASM 1024 × 1024 33.33 * 63.8 0.4 98.5 67.9

ReDet 1024 × 1024 41.99 * 70.6 5.3 94.9 17.9

R3Det 1024 × 1024 41.82 * 83.9 0.3 98.9 64.3

Faster Rcnn 1024 × 1024 41.76 * 83.6 2.8 96.7 13.2

Rotated RetinaNet 1024 × 1024 38.31 * 77.6 0.2 98.8 67.9

GWD 1024 × 1024 42.28 * 81.6 0.2 98.3 67.9

S2ANet 1024 × 1024 42.95 * 86.3 0.3 97.8 67.9

RoI Transformer-DSF 1024 × 1024 44.14 81.1 0.2 98.2 64.3

In this table, * means that the results from our previous work [11].
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According to the experimental results in Table 6, the RoI Transformer-DSF proposed
in this article achieved the best performance to detect 11 types of remote sensing aircraft
objects, with mAP0.5 of 44.14%. Compared to the mAP0.5 of the RoI Transformer, SASM,
ReDet, R3Det, Faster Rcnn, Rotated RetinaNet, GWD, and S2ANet, the mAP0.5 increased by
1.87%, 10.81%, 2.15%, 2.32%, 2.38%, 5.83%, 1.86%, and 1.19%, respectively. Table 7 shows
the detection results of various types of aircraft.

Table 7. Detection results of various types of aircraft.

Class Gts Dets Recall (%) AP (%)

Boeing737 2370 11,627 96.8 38.3
Boeing747 1100 4003 97.6 81.1
Boeing777 375 4865 97.6 20.7
Boeing787 869 5998 96.9 51.5

ARJ21 174 9883 95.4 12.0
C919 28 8151 64.3 0.2
A220 2687 12,525 98.2 45.5
A321 1378 9329 96.4 58.1
A330 696 5556 95.5 49.7
A350 442 4096 92.1 56.8

Other-airplane 5192 18,033 95.4 71.7

Due to the long-tailed distribution of the number of instances of various aircraft types
in the FAIR1M dataset, the number of instances in C919 and ARJ21 is the lowest, and their
detection accuracy is also the lowest. The detection accuracy of C919 is only 0.2%, and the
network has yet to learn its features. Overall, the RoI Transformer-DSF has improved the
detection accuracy of most remote sensing aircraft, but to truly significantly improve the
algorithm’s detection accuracy for various types of aircraft in the FAIR1M dataset, we also
need to change the current situation of uneven instance numbers in the future. Table 8
presents the complete comparative experimental results of different algorithms.

Figure 14 presents the training results of the algorithms mentioned above on the
FAIR1M dataset, similar to the previous section, with the x-axis denoting the Epoch and
the y-axis representing the value of the mAP. It can be observed from Figure 14 that while
the initial mAP of the RoI Transformer-DSF is not high, the rate of the mAP increase is
rapid. After 9 epochs of training, the mAP of RoI Transformer-DSF stabilizes at around
44.14%, converging faster than most other algorithms, with smaller fluctuation in the mAP
throughout the training process.

Table 8. Detection results of various remote sensing objects in the DOTA dataset.

Algorithm SASM ReDet R3Det Faster
Rcnn

Rotated
RetinaNet GWD S2ANet RoI Transformer RoI

Transformer-DSF

Boeing737 38.10 38.00 37.40 35.20 34.70 38.80 38.60 40.50 38.30
Boeing747 57.70 77.90 84.20 83.60 77.50 81.60 86.30 75.60 81.10
Boeing777 13.30 15.30 16.40 15.80 14.90 18.70 14.10 20.70 20.70
Boeing787 39.30 45.60 47.40 43.40 43.60 46.90 46.30 53.60 51.50

ARJ21 7.70 10.50 6.0 7.0 3.5 4.1 11.00 12.30 12.00
C919 0.40 5.30 0.30 2.80 0.20 0.20 0.30 1.0 0.20
A220 35.90 41.00 43.10 41.00 42.90 45.00 44.60 41.90 45.50
A321 46.60 55.40 57.60 56.00 56.80 56.80 60.80 47.70 58.10
A330 40.30 52.50 41.90 48.30 30.90 39.20 39.30 46.40 49.70
A350 23.50 49.90 50.30 54.00 48.00 61.40 58.30 55.30 56.80
Other-

airplane 63.80 70.60 75.40 72.10 68.40 72.20 72.80 70.00 71.70

mAP (%) 33.33 41.99 41.82 41.76 38.31 42.28 42.95 42.27 44.14
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4.5. Ablation Experiment

In order to assign different receptive fields to remote sensing objects of different sizes,
efficiently process feature information and background information of remote sensing
objects, fully consider prior knowledge from remote sensing images, and improve the de-
tection accuracy of the remote sensing object detection algorithm, this article proposes four
improvements: proposing the ResNext_FC_block to construct the backbone for extracting
features of remote sensing objects, designing the DSM and SFM modules, and replacing
the original regression loss function with the KFIoU Loss. The ablation experiment of
this section mainly verifies the effectiveness of these four parts and explains the impact of
each module on the mAP0.5 of the improved algorithm. Table 9 shows the results of the
ablation experiment.

Table 9. Experimental results of the ablation experiment.

Algorithm ResNext_FC DSM SFM KFIoU mAP0.5 (%)

RoI Transformer 80.53
RoI Transformer+ResNext_FC

√
81.19

RoI Transformer+DSM
√

81.47
RoI Transformer+SFM

√
80.65

RoI Transformer+KFIoU
√

81.03
RoI Transformer+ResNext_FC+DSM

√ √
82.35

RoI Transformer+DSM+SFM
√ √

81.69
RoI Transformer+SFM+KFIoU

√ √
81.33

RoI Transformer+ResNext_FC+DSM+SFM
√ √ √

83.16
RoI Transformer+DSM+SFM+KFIoU

√ √ √
82.86

RoI Transformer-DSF(ours)
√ √ √ √

83.53

In this table,
√

means that the corresponding method was adopted.

Table 9 shows that when the ResNext_FC, DSM, SFM, and KFIoU are used alone,
the mAP0.5 of the improved algorithm has increased by 0.66%, 0.94%, 0.12%, and 0.5%,
respectively. Each module helps improve the detection accuracy of the algorithm, and
the combination of each module can also improve the accuracy of the algorithm to a
certain extent, verifying the effectiveness of the improved algorithm. Finally, the algorithm
proposed in this article uses the ResNext_FC, DSM, SFM, and KFIoU together. Through the
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ablation experiment, the RoI Transformer-DSF has the best performance, with mAP0.5 being
83.53, which is 3% higher than the mAP0.5 of the RoI Transformer. Figure 15 compares the
detection results of the RoI Transformer and the RoI Transformer-DSF. Figure 15a shows
the detection results of the RoI Transformer, and Figure 15b shows the detection results of
the RoI Transformer-DSF.

By observing the comparative visualization results, it is evident that the RoI Transformer-
DSF exhibits enhanced performance for detecting subtle remote sensing objects such as cars
and airplanes. For instance, in the first row and first column of the remote sensing images,
some cars not detected by the RoI Transformer algorithm are now successfully detected.
The RoI Transformer-DSF also demonstrates robust regression performance for the rotated
angles of dense remote sensing objects and maintains good robustness across various sizes
of objects. For example, in the second row of the detection results, the RoI Transformer-DSF
shows increased detection accuracy for some dense, small objects and large, rotated objects
such as harbors.
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Figure 15. Detection results before and after algorithmic improvements. (a) Results of the RoI
Transformer, (b) Results of the RoI Transformer-DSF.

5. Discussion

The main innovations in this paper are constructing the RoI Transformer-DSF al-
gorithm framework and proposing a deformable split fusion method that can dynam-
ically extract the feature and contextual information of remote sensing objects. Ulti-
mately, through multiple comparative experiments and ablation studies on the DOTAv1.0
and FAIR1M (plane) datasets, we validate the effectiveness of the proposed method.
In Sections 4.4 and 4.5, the RoI Transformer-DSF demonstrates the highest detection accu-
racy and rapid convergence speed.

The ablation studies indicate that the ResNext_FC_block, DSM, SFM, and the op-
timized loss function (KFIoU) all enhance our algorithm’s detection performance. The
neighboring pixels of remote sensing objects exhibit strong correlations in color and tex-
ture information. The ResNext_FC_block effectively decouples this inter-pixel correlation
from the feature maps, improving the localization accuracy for remote sensing object de-
tection. As the network deepens, the DSM increases the size of convolutional kernels,
efficiently extracting fine-grained features of small objects and contextual features of large
objects. The SFM further processes the spatial localization information extracted by the
ResNext_FC_block and combines it with the feature information from the DSM, highlight-
ing the rotated invariant features and enhancing the detection accuracy. The regression
loss of KFIoU can use the transformation relationship between Gaussian functions and 2D
rotated bounding boxes, improving the regression accuracy of the detection.

In addition, the improved algorithm in this article does not consider the algorithm’s
computational cost and running speed, and there are no diversity changes for other remote
sensing detection scenarios. At the same time, we still need to address the inherent
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shortcomings of the dataset, which will significantly affect the imbalance in the detection
accuracy of various categories and affect the comprehensive learning of the model. In
the future, we will improve aspects such as dataset, input feature maps, and algorithm
running speed, design an excellent network and continue exploring the impact of larger
convolutional kernels on the algorithm’s accuracy and speed, as discussed in Section 3.1,
which improves the accuracy and speed.

6. Conclusions

Due to the randomness of remote sensing image shooting and the diversity of size
and distribution of remote sensing objects, current remote sensing object detection al-
gorithms still face many challenges. In response to these issues, this article proposes
a RoI Transformer-deformable split fusion method, which utilizes the DSM, SFM, and
ResNext_FC_block. The backbone captures the rotated invariant, contextual, and spatial
position information of remote sensing objects. The KFIoU Loss improves the algorithm’s
detection ability and convergence speed, which is beneficial for detecting small objects and
regression of rotated angles. The experiments on the DOTA and FAIR1M datasets demon-
strate the effectiveness of each module. In future work, we will continue to investigate the
related issues mentioned in the discussion, continuously enhancing the detection accuracy
and robustness of the algorithm.
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Abbreviations

DSM Deformable split module
SFM Space fusion module
DSF Deformable split fusion
RoI Region of Interest
SAR Synthetic Aperture Radar
FPN Feature pyramid network
KFIoU SkewIoU based on Kalman Filtering
CNN Convolutional Neural Network
SA-S Shape adaptive selection
SA-M Shape adaptive measurement
FAM Feature Alignment Module
ODM Orientation Detection Module
CAM Channel attention module
SAM Spatial attention module
ARN Anchor refinement network
AP Average precision
IoU Intersection over union
R Recall
P Precision
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YOLO You only look once
SSD Single shot multibox detector
mAP Mean average precision
MLP Multi-layer perceptron
BN Batch Normalization
SGD Stochastic gradient descent
C Channel Weight branch
S Spatial Weight branch
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