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Abstract: The widespread application of convolutional neural networks (CNNs) has led to significant
advancements in object detection. However, challenges remain in achieving efficient and precise
extraction of critical features when applying typical CNN-based methods to remote sensing detection
tasks: (1) The convolutional kernels sliding horizontally in the backbone are misaligned with the fea-
tures of arbitrarily oriented objects. Additionally, the detector shares the features extracted from the
backbone, but the classification task requires orientation-invariant features while the regression task
requires orientation-sensitive features. The inconsistency in feature requirements makes it difficult for
the detector to extract the critical features required for each task. (2) The use of deeper convolutional
structures can improve the detection accuracy, but it also results in substantial convolutional compu-
tations and feature redundancy, leading to inefficient feature extraction. To address this issue, we
propose a Task-Sensitive Efficient Feature Extraction Network (TFE-Net). Specifically, we propose a
special mixed fast convolution module for constructing an efficient network architecture that employs
cheap transform operations to replace some of the convolution operations, generating more features
with fewer parameters and computation resources. Next, we introduce the task-sensitive detection
module, which first aligns the convolutional features with the targets using adaptive dynamic convo-
lution based on the orientation of the targets. The task-sensitive feature decoupling mechanism is
further designed to extract orientation-sensitive features and orientation-invariant features from the
aligned features and feed them into the regression and classification branches, respectively, which
provide the critical features needed for different tasks, thus improving the detection performance
comprehensively. In addition, in order to make the training process more stable, we propose a bal-
anced loss function to balance the gradients generated by different samples. Extensive experiments
demonstrate that our proposed TFE-Net can achieve superior performance and obtain an effective
balance between detection speed and accuracy on DOTA, UCAS-AOD, and HRSC2016.

Keywords: aerial object detection; lightweight network; orientation features; convolutional
neural network

1. Introduction

Aerial object detection aims to automatically identify the categories and locations
of objects of interest (e.g., aircraft, ships, bridges, etc.) in aerial images using image
processing and computer vision techniques, and has been widely used in many fields
such as environmental monitoring, smart cites, military reconnaissance, etc. In recent
years, the widespread application of deep learning techniques such as convolutional neural
networks (CNNs) has led to significant advancements in aerial object detection [1–6].
An important trend is the commitment to address the challenges posed by the limited
computation resources of embedded devices and the diverse shape of objects.
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The existing CNN-based detection frameworks are primarily classified into two cat-
egories: one-stage and two-stage detectors. For most of the one-stage detectors [7–10],
the features are first extracted by convolutional operations, then a series of a priori hor-
izontal anchors are preset on the feature maps, and finally, classification and regression
are carried out based on these anchors and feature maps in order to obtain the bounding
box of the objects. However, targets in aerial images exhibit arbitrary orientations. In such
scenarios, employing horizontal anchors may induce misalignment between targets and
candidate regions, thereby introducing significant background interference in subsequent
tasks. To address the misalignment in horizontal candidate regions during the detection
of rotated objects, Gliding Vertex [11] mitigates the interference of these regions by ad-
ditionally learning the offsets of the four vertices of the detection box. There are also
methods [12–15] to localize objects in arbitrary orientations by using predefined anchors
of various angles, scales, and aspect ratios; however, these methods usually entail a large
number of redundant computations and struggle to extract the key features that are distinc-
tively applicable to the tasks of regression and classification. Compared with the one-stage
detectors, the two-stage detectors [16–18] utilize the region proposal network to generate
high-quality regions of interest, achieving higher detection performance. For instance,
RoI-Transformer [19] converts horizontal candidate regions into rotated candidate regions,
effectively avoiding interference from the background. However, these two-stage detec-
tors introduce more complex convolutional structures, resulting in higher computational
complexity and slower inference time, which makes it difficult to apply them to hardware
platforms with limited resources.

At present, more and more lightweight models are used to improve rotated object
detectors to solve the problem of the limited computation resources of remote sensing
platforms. SqueezeNet [20] succeeds in reducing the number of parameters in the network
using techniques such as smaller convolutional kernels and global average pooling, but this
also results in a relatively deep network structure that loses the parallelism of the network,
making the inference time longer instead. InceptionV3 [21] introduces the core idea of
“factorization” to break up larger kernels into smaller ones. EfficientNet [22] proposes
a composite scaling approach using neural architecture search (NAS) that enhances the
selection process across the dimensions of width, depth, and resolution. These methods
utilize the redundancy of filters to reduce the number of parameters and FLOPs while
suffering from increased memory access. Some works reduce redundant features by
network pruning, Han et al. [23] proposed pruning connections with small weights in
neural networks, and Liu et al. [24] used L1 norm regularization to prune filters and
construct more efficient CNN structures.

In summary, the mainstream lightweight network architectures still face issues with
low computational efficiency in the feature extraction process and difficulties in precisely
extracting high-quality key features when applied to remote sensing detection tasks. Specif-
ically, the construction of deep convolutional neural networks is often accompanied by
a considerable amount of convolutional operations and redundant features, which will
lead to an increase in memory access frequency and FLOPs. According to Figure 1a, it can
be seen that the feature maps between different channels have a high degree of similarity,
and we believe that the redundancy in the feature maps may be exactly the key to achieving
accurate localization of small objects densely packed in aerial images, because most of
these seemingly similar redundant feature maps contain fine-grained information such as
the edge texture of the objects. Unlike previous works, instead of avoiding the redundant
feature maps, we embrace them in a simple and efficient way to achieve less memory
access and convolutional computation. In terms of detection performance, the convolu-
tional kernels sliding horizontally are misaligned with the features of arbitrarily oriented
objects, making it difficult to extract high-quality spatial features of these objects. Moreover,
the detectors share the features extracted from the backbone, but the classification task re-
quires orientation-invariant features to correctly classify targets distributed in any direction,
and the regression task requires orientation-sensitive features in order to achieve direction
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prediction for precise target localization [25,26]. If the detection head cannot effectively
provide the required key features for each task separately, it may cause inconsistencies
between classification accuracy and regression results [27,28], where bounding boxes fail
to precisely cover the targets with arbitrary orientation. These issues will degrade the
detection accuracy of the detector. Meanwhile, during the training process, the imbalanced
gradients generated by different samples will further limit the detection performance.
As shown in Figure 1c, compared with natural scenes, objects in remote sensing images are
more likely to generate large-gradient samples due to their large aspect ratio. Regressing
the blue preset anchor to the red bounding box in the remote sensing image will generate
large gradient, and these samples with large gradients do not contain the crucial object
features, but instead introduce noise interference, adversely affecting the accurate classifi-
cation of objects. Therefore, in order to achieve optimal convergence, the different tasks
and samples involved need to be properly balanced.

From the above analysis, a challenging issue is how to realize efficient and precise
feature extraction with full consideration of remote sensing target characteristics, which is
beneficial for the detector to achieve a balance between speed and accuracy. To this end,
we propose a Task-Sensitive Efficient Feature Extraction Network (TFE-Net) that consists
of three components, including the special mixed fast convolution module, task-sensitive
detection module, and balanced loss. The special mixed fast convolution module, used to
create an efficient network architecture, applies a series of linear transformation operations
to replace some of the convolutional operations based on the redundancy of the feature
maps in the middle layer of the convolutional neural network, which can simultaneously
reduce the computational complexity and memory access. In the task-sensitive detection
module, an adaptive dynamic convolution mechanism is proposed, which can align the
feature maps with the rotated object based on its orientation to enhance the representation
ability of the features. Then, a feature decoupling mechanism is designed on the aligned
features, which first generates orientation-sensitive features for the regression branch
through a set of multi-orientation filters. Subsequently, the strongest responses are extracted
from the orientation-sensitive features through pooling operations to serve as orientation-
invariant features. This design helps to avoid feature interference between different tasks
and to effectively extract the critical features needed for specific tasks. Finally, during the
training process, the balanced loss function successfully mitigates the potential impact
of abnormal gradients arising from significant discrepancies between preset anchors and
bounding boxes and it enhances the contribution of high-quality, small-gradient samples
in network training. This effectively balances the involved samples and tasks, facilitating
the attainment of optimal convergence results. The main contributions of our work are
as follows:

(1) We systematically analyze the issue that existing detectors, when applied to remote
sensing detection tasks, suffer from difficulty in extracting features precisely and
efficiently, which limits further improvements in overall performance.

(2) A special mixed fast convolution module is constructed by taking advantage of the
feature redundancy in convolutional neural networks. Part of the traditional convolu-
tion operations are replaced with a simpler and cheaper way, effectively reducing the
computational complexity and memory access.

(3) A task-sensitive detection module is proposed, which employs adaptive dynamic
convolution to align targets with arbitrary orientations, and further, utilizes a task-
sensitive feature decoupling mechanism to effectively extract critical features required
for classification and regression tasks from the aligned features, thereby enhancing
detection performance.

(4) A balanced loss function is proposed, which rebalances the gradients generated by
different quality samples to make the process of network training more stable.
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Figure 1. (a) Visualization of feature maps in an intermediate layer of a pretrained ResNet50, where
three examples of similar feature map pairs are marked with boxes of the same color. We can see the
high redundancies in the pair. (b) The detection head accurately feeds the critical features required
for the classification branch and the regression branch, which contributes to the overall improvement
in the detection performance. (c) In comparison to natural scenes, remote sensing object detection is
more prone to sample imbalance during the training process.

2. Related Works
2.1. Oriented Object Detection

Objects in remote sensing images have characteristics of arbitrary orientations and
dense distributions, and it is difficult to compactly and accurately position them based
on horizontal bounding boxes. For example, a single horizontal bounding box may often
contain multiple densely distributed objects. Moreover, typical object detection networks
lack the ability to capture rotation features, which may lead to missed and false detections.
To address these issues, the mainstream research primarily concentrates on improving
rotation feature extraction and optimization of candidate regions.

FFA [29] extends the region proposal network (RPN) foundation of Faster RCNN by in-
corporating angle information and introducing angular regression loss into the localization
loss function. This enhancement improves the perception of rotational angle information,
enabling the generation of bounding boxes that more accurately reflect the actual shape and
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orientation of the object. Cheng et al. [30] applied a regularization constraint to the objective
function, enforcing that the feature representations of targets from different orientations be
mapped to be nearly identical, thereby achieving rotation invariance. DRN [31] introduces
a module that adaptively adjusts the receptive fields of neurons in accordance with the
object shapes and orientations, effectively mitigating misalignments between the receptive
fields and the targets. Additionally, it incorporates a dynamic refinement head to model the
uniqueness of each sample, addressing the issue of poor regression prediction flexibility
associated with models with fixed parameters. The above methods aim to select additional
appropriate information at the object level for extracting rotation features. To achieve a
more refined granularity of feature representation, Zhang et al. [32] proposed extending
the region-of-interest pooling layer to a rotated region-of-interest pooling layer, which
better preserves the orientation angle information of the objects and reduces the loss of
rotation features. ReDet [33] incorporates rotation-equivariant networks into the detector
to extract rotation-equivariant features and adaptively extract rotation-invariant features
from these equivariant features. However, the above methods have complex structures and
high computational complexity.

In the optimization of candidate regions, horizontal anchor boxes often lead to mis-
alignments between bounding boxes and objects. DRBox [34] improves the algorithm’s
robustness to the rotation of target objects by incorporating anchor boxes of various scales,
angles, and aspect ratios. Ding et al. [19] proposed the RoI Transformer network, which is
capable of converting horizontal regions of interest (RoIs) into rotated RoIs. This approach
not only reduces the number of anchor boxes but also effectively alleviates the misalign-
ment issues between RoIs and objects. However, the meticulous design of rotated RoIs
often leads to high computational complexity and sensitivity to the hyperparameters of
anchor boxes. Xu et al. [11] proposed sliding each vertex on horizontal bounding boxes
to more accurately describe multi-oriented objects. Wang et al. [35] proposed GA-RPN,
which dynamically generates anchors of arbitrary shapes by jointly predicting the loca-
tions and anchor shapes dependent on locations. However, the aforementioned method,
when applied to remote sensing object detection with numerous distractors and complex
environmental backgrounds, is susceptible to interference and exhibits poor robustness.

2.2. Lightweight Network Design

Remote sensing platforms have limited computational resources and high require-
ments for hardware deployment. To address these issues, current mainstream efforts
primarily focus on optimization through two approaches: model compression methods
and the design of lightweight network architectures.

Model compression methods aim to reduce the size of deep learning models, de-
creasing their computational and storage requirements while maintaining or minimizing
performance degradation on specific tasks. Common techniques for model compression
include pruning and model quantization. Pruning reduces the size and complexity of a
model by selectively eliminating non-essential or redundant parameters (e.g., neurons,
channels, or filters). Hu et al. [36] proposed a dynamic pruning method with a multi-
ple sparsity structure, employing a weight evaluation mechanism to determine whether
weights are active or inactive, rather than directly removing weights with low scores. This
approach not only fully utilizes the complete model capacity but also retains information
from the original network, helping to mitigate reductions in accuracy. Lee et al. [37] pro-
posed methods for channel pruning through residual connections which have promising
performance despite their simplicity and efficiency. Model quantization is a technique that
converts model parameters to a lower precision format. Benoit Jacob et al. [38] propose a
quantization scheme that quantizes weights and activations into 8-bit integers and residual
vectors into 32-bit integers, thereby improving the trade-off between accuracy and latency
on hardware devices. These model compression techniques may lead to model deformation
or loss of detail, resulting in a reduction in accuracy, and their performance is constrained
by the upper limits of the pretrained model.
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Due to the limited computational resources of embedded systems, which cannot
accommodate large-scale and computationally intensive deep learning models, a series of
lightweight networks have been proposed in recent years. MobileNets [39] is a family of
lightweight deep neural networks built on depthwise separable convolutions. MobileNetv2 [40]
introduces a new module with an inverted residual and linear bottleneck. MobileNetv3 [41]
further utilizes a composite search technique, with module-level search conducted by NAS
(network architecture search) and local search executed using the NetAdapt algorithm.
ShuffleNet [42] introduces the channel shuffle operation to facilitate information flow
across feature channels, thereby addressing the issue of reduced neural network expressive
capacity caused by group convolutions. ShuffleNetV2 [43] further takes into account the
actual time consumption of network deployment on different hardware to design the
network structure. The above methods mainly use efficient convolutions to reduce the
number of parameters in the network, but they fail to solve the problem of the model’s
memory consumption. Wang et al. [44] proposed a lightweight CNN that utilizes a simple
convolution combined with pooling structure for ship detection in remote sensing images.
This framework is exclusively applicable to detection tasks of a particular category and will
encounter difficulties in the complex situations of detecting multiple classes of objects.

3. Methodology

The construction of convolutional neural networks often involves extensive convolu-
tional operations and redundant features, which can lead to an increase in memory access
frequency and floating point operations (FLOPs). For this reason, in this paper, an efficient
lightweight module was constructed by effectively utilizing redundant features; in addition,
a task-sensitive detection module was proposed to enhance the representation capability of
target features, and to further extract the critical features for different tasks. Specifically,
a series of cheap linear operations and specific residual structures are applied to replace
some of the convolution operations, reducing FLOPs and memory access. Then, adaptive
dynamic convolution is used to align the axis-aligned features generated by the backbone
network with the oriented objects, and the orientation-sensitive and orientation-invariant
features are further extracted from the aligned features and fed into the regression and
classification branches, respectively. In the end, constraints are applied to samples gen-
erating large gradients during training, while the contribution of high-quality samples
with small gradients is enhanced to realize a balanced training of each module of TFE-Net.
The proposed TFE-Net framework is shown in Figure 2.

3.1. Special Mixed Fast Convolution

The existing lightweight methods often adopt depthwise separable convolutions,
which can effectively reduce the number of model parameters. However, in practice, it
is common to increase the number of channels in depthwise separable convolutions in
order to prevent significant accuracy degradation. This leads to more frequent memory
access, resulting in higher latency and a slowdown in overall computation speed [45,46].
It is evident that the contribution of depthwise separable convolutions to reducing the
number of parameters cannot directly translate into reduced latency, making the lightweight
modules not fast enough in reality.

Given the high similarity between feature maps of different channels, we propose that
the redundancy of features could be effectively utilized to reduce the number of convolution
filters. Specifically, the convolutional layers in depthwise separable convolutions will be
divided into two parts. The first part applies regular convolutions, but their total number
will be strictly controlled. Then, a series of linear operations are performed on the feature
maps generated by the first part to produce all feature maps, and finally, the feature maps
from both parts are fused along the channel dimension.
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Figure 2. Architecture of the proposed TFE-Net.

Given the input data X ∈ Rc×h×w, where c represents the number of input channels,
and w and h denote the width and height of the input, respectively, then, the process of
generating feature maps by the depth convolution layer can be simplified as

Y = X ∗ F + γ (1)

where Y ∈ Rh′×w′×m is the output feature map with m channels, ∗ represents the convo-
lution operation, F ∈ Rc×k×k×m denotes the convolution filters, and γ is the bias term.
The kernel size of the convolution filters F is k × k, and the output feature map height
and width correspond to h′ and w′, respectively. In this convolution process, the required
number of FLOPs Q is equal to m · h′ · w′ · c · k · k.

As visualized in Figure 1a, the feature maps share high similarities among different
channels. We first generate a portion of feature maps through regular convolutions, which
are referred to as intrinsic features. Utilizing the similarity among feature maps, it is
assumed that the remaining feature maps can be derived from the intrinsic features through
some cheap transformations, referred to as extrinsic features. This approach saves the
amount of FLOPs and memory access required to individually generate these redundant
feature maps. Specifically, this can be expressed as the following formula:

Y′ = X ∗ F′ + γ (2)

Using convolution filters to generate n intrinsic feature maps Y′ ∈ Rh′×w′×n, n ≤ m,
and F′ ∈ Rc×k×k×n utilizes filters. To further obtain the required m feature maps, we
perform a series of simple linear operations on each feature map in Y′:

Y∗
i,j = φi,j(Y′

i), i = 1, ..., n j = 1, ... , q (3)

where Y
′
i represents the i-th feature map in Y′, and Y∗

i,j represents the j-th feature map

generated from Y
′
i. The function φi,j represents a linear operation, where the first j − 1

transformations are cheap linear operations, and the last transformation is the identity
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mapping of the original feature map Y′. Through the above formula, we can obtain
m = n ∗ q feature maps Ŷ =

[
Y∗

11, Y∗
12, . . . , Y∗

nq

]
. Because linear operations are used instead

of original convolution operations to generate redundant feature maps, it effectively reduces
computational cost and memory consumption.

For instance, by selecting one identity mapping and n(q − 1) = m
q (q − 1) linear

transformations, with each linear operation having an average kernel size of l × l, it can be
calculated that the required number of FLOPs Q′ is equal to m

q · h′ · w′ · c · k · k + (q − 1) ·
m
q · h′ · w′ · l · l. To achieve efficient inference, we propose adopting linear operations of the
same size within the module, and through theoretical calculations, it can be determined
that our proposed module is accelerated by q times compared to traditional convolution.

rs =
Q
Q′

=
m · h′ · w′ · c · k · k

m
q · h′ · w′ · c · k · k + (q − 1) · h′ · w′ · l · l

≈ q.

(4)

where l × l is of a similar magnitude to k × k, and q ≪ c. Likewise, we can obtain the
compression ratio by the following formula:

rc =
m.c · k · k

m
q · c · k · k + (q − 1). m

q · l · l

≈ q · c
q + c − 1

≈ q.
(5)

In order to fully utilize the information from all channels, further point-to-point
convolution is added; together these form an inverted residual block. Through such oper-
ations, associations between different intrinsic and extrinsic features can be established,
achieving feature fusion across channels and enhancing the extraction capability of spatial
features. The normalization operation is also essential for high-performance neural net-
works; for faster inference speeds we add a batch normalization operation after the deep
separable convolution.

3.2. Task-Sensitive Detection Module

In the majority of remote sensing detection frameworks, the regression and classi-
fication tasks depend on shared features extracted from the backbone, and such highly
coupled features do not take into account the uniqueness of the two tasks [25], a problem
that is magnified under the characteristics of variable rotation and multiple scales of remote
sensing objects. For example, classifiers need orientation-invariant features to correctly
classify objects with various orientations, and regressors need orientation-sensitive features
to achieve accurate orientation prediction, and thus, precise object localization. Meanwhile,
the convolution process sliding along a fixed direction has difficulty in accurately modeling
the features of targets distributed in arbitrary directions

To address the issue of the detection head struggling to extract the high-quality key
features needed for classification and regression tasks, this paper proposes the task-sensitive
detection module. The architecture of the task-sensitive detection module is shown in
Figure 3. Firstly, we introduce adaptive dynamic convolution that resamples the spatial
sampling positions of the convolution kernel based on the orientation of the object, to solve
the misalignment problem between the backbone network features and the object. Further,
a task-sensitive feature decoupling mechanism is performed on the aligned features to
extract orientation-sensitive and orientation-invariant features to be fed into the regression
and classification branches, respectively.
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Figure 3. Architecture of the TDM.

Adaptive dynamic convolution. The input feature X is first fed into a lightweight
deep convolution of 3 × 3 convolutional kernel, after which, a layer normalization and
ReLU activation are applied, and then, the activated features are passed to two different
branches after average pooling. The first branch is used to predict rotation angle features
(θ1, θ2, · · · , θn), consisting of a linear layer and a softsign activation that sets no bias and
expands the rotation range by multiplying the output of the softsign layer by a rotation coef-
ficient. The second branch is in charge of predicting the combination weights (λ1, λ2, · · · λn)
of the spatial feature. Similar to the rotation angle prediction branch, it is also constructed
by a linear layer, but utilizes the Sigmoid activation and with bias. The ADC module has m
kernels (W1, W2, · · · , Wm), which are first rotated individually according to the predicted
rotation angle:

W ′
i = R(Wi, θi), i = 1, 2, · · · , m, (6)

where W ′
i is the i-th rotated kernel, θi denotes the rotation angle for Wi, and R(·) is defined

as the rotation function, which fundamentally can be regarded as resampling. Specifically,
as shown in Figure 4, we consider the convolution weight as sampled points from a kernel
space, and use linear interpolation techniques to span the original sample points to a 2D
kernel space. The sample coordinates are obtained for the new rotated convolution kernel
by rotating the original convolution kernel coordinates clockwise around the center point
by θ degrees. We then resample the values in the original kernel space according to the
new coordinates to obtain the rotated convolution kernel. After obtaining the rotated
convolution kernel and the combination weights λ, the output feature maps Y can be
simply defined as

Y = λ1(W ′
1∗X) + λ2(W ′

2∗X) + · · · λm(W ′
m∗X). (7)

Figure 4. The process of a 3 × 3 convolution kernel rotation.
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Inspired by the conditional parameterization technique [47], the above formula can be
written as

Y = (λ1W ′
1 + λ2W ′

2 + · · ·+ λmW ′
m) ∗ X, (8)

where Y denotes the feature map after alignment by adaptive dynamic convolution,
λ = [λ1, λ2, · · · , λm] is the combination weights, and ∗ is the convolution operation. This
method aligns features according to the orientation of the object, increasing the repre-
sentation capability of the network for objects with various orientations and facilitating
the further encoding of orientation features. Moreover, Equation (8) conducts only one
convolution operation compared to Equation (7), which makes the method highly efficient.

Task-sensitive feature decoupling mechanism. This method is used to solve the
problem of inconsistency in the features required by classifiers and regressors. We first use
multi-orientation filters (MOFs) [48] on the aligned features to extract orientation-sensitive
features for precise object localization. Specifically, a MOF is a k × k × N convolution filter
which actively rotates N–1 times during the convolution operation to produce a feature
map with N orientation channels. The output feature map of the i-th orientation channel
for a feature map Y and an MOF F can be calculated as

Y
′
(i) =

N−1

∑
n=0

Fθi(n) ∗ Y(n), θi = i
2π

N
, i = 0, 1, · · · N − 1, (9)

where Fθi is the version of F rotated by θ degrees in a clockwise direction, the n-th orien-
tation channels of Fθi and Y are denoted as Fθi(n) and Y(n), respectively. When an MOF
is applied to the convolutional layer, it can encode information from each orientation
channel into a feature map, thereby obtaining outputs from multiple orientation channels
as orientation-sensitive features. Unlike the regression of the bounding box, which requires
orientation-sensitive features, the classification task benefits from orientation-invariant
features. And we aim to obtain orientation-invariant features by pooling the orientation-
sensitive features [48], which can be simply achieved by selecting the orientation channel
with the strongest response as the output Ŷ.

Ŷ = max Y(n). (10)

In this way, the detector can effectively focus on the critical features of the object in any
orientation and reduce the interference of orientation information on object classification,
which not only decreases the number of parameters but also enhances the robustness of
the classification task. The experiments verified that feeding orientation-invariant features
into the classifier resulted in higher classification accuracy for oriented objects, while
feeding orientation-sensitive features into the regressor improved the precision of object
position localization.

3.3. Balanced Loss

In existing remote sensing detectors, the multi-task loss [49] is usually defined as

Lp,t,sk ,v = Lcls(p, t) + λLloc(sk, v), (11)

where Lcls and Lloc are the objective functions for object recognition and localization,
respectively. p and t denote the predictions and targets in Lcls. λ is utilized in multi-task
learning to tune the loss weight. sk is the results of the corresponding regression for class k,
and v is the regression target. In order to balance the tasks involved it is often necessary
to tune the loss weights; however, for the regression task, since the regression objects are
unbounded, a direct increase in the weight of the localization loss will make the model
more sensitive to outliers. We refer to samples with a loss greater than or equal to 1.0 as
outliers, and other samples as inliers. These outliers can be considered as hard samples that
will produce excessively large gradients. During the training process, samples with large
gradients often receive more attention, while those with small gradients are not adequately
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trained. This leads to an imbalance in the training samples, which in turn impairs the
performance of subsequent tasks.

Therefore, we propose a balanced loss function to suppress the contribution of samples
that generate large gradients in training due to a significant deviation between the anchor
boxes and ground truth boxes. For the training process, these large-gradient samples are
harmful. At the same time, it promotes the gradients from high-quality samples that are
accurate but contribute little gradient to the overall gradients, achieving a proper balance
between large- and small-gradient samples during the training process.

The ground truth box’s position is denoted by (x′, y′, w′, h′, θ′), while the anchor box’s
position is denoted by (x∗, y∗, w∗, h∗, θ∗). (x, y) denotes the center coordinates of the box,
(w, h) represents the length and width of the box, and θ is the angle of the box’s longer
side in the horizontal direction. The parameterization of the ground truth regression offset
v = (vx, vy, vw, vh, vθ) is defined as follows:

vx = (x′ − x∗)/w∗, vy = (y′ − y∗)/h∗

vw = log(w′/w∗), vh = log(h′/h∗)

vθ = θ′ − θ∗.

(12)

Balanced loss is derived from the conventional smooth L1 loss, which is denoted as Lb.
The key idea of balanced loss is to set an inflection point to separate outliers from the other
samples, and to clip the large gradients generated by outliers, setting the maximum value
of the gradient to 1.0. Localization loss Lloc using balanced loss is defined as

Lloc = ∑
i∈(x,y,h,w,θ)

Lb(sk
i − vi). (13)

Based on the above equation, we design an enhanced gradient equation as

∂Lb
∂x

=

{
α ln(γ | x | +1) if | x |< 1
β otherwise,

(14)

The proposed balanced loss increases the gradients of inliers controlled by a factor
called α, as shown in Figure 5. And a small α results in a greater increase in small gradients,
while the gradients of outliers remain unaffected. In addition, β is a constant used to control
the promotion magnification, which tunes the upper bound of regression gradients. γ is
used to ensure balanced loss has the same value when Lb(x = 1) for both formulations in
Equations (15). Through such operations, we can increase the contribution of small-gradient
samples to the training process and suppress the harmful effects caused by large gradients
produced by outliers on the training process, thereby achieving a more balanced training
within accurate classification and precise localization.

Figure 5. β in balanced loss is set by default as 1.0. (a) The gradient curves of our balanced loss with
different α and the smooth L1 loss. (b) The loss curves of our balanced loss with different α and
smooth L1 loss.
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By integrating Equation (14), we can obtain the balanced loss:

Lb(x) =

{
α
γ (γ | x | +1) ln(γ | x | +1)− α | x | if | x |< 1

β|x|+ C otherwise.
(15)

4. Experiments
4.1. Datasets

The UCAS-AOD [50] dataset is extensively used for remote sensing object detection,
and the objects in the dataset are aircraft and vehicles under aerial images. Specifically,
the dataset focuses on aircraft, including 600 images featuring 3210 aircraft, and the dataset
for vehicles comprises 310 images, with 2819 vehicles included. Given the absence of
an officially segmented version of the dataset, the entire dataset was randomly split into
training, testing, and validation sets in a 6:2:2 ratio.

HRSC2016 [51] is a ship detection dataset released in 2016, comprising 1061 high-
resolution images extracted from Google Earth. It covers six significant port scenes and
is annotated using rotated bounding boxes. We randomly divided it into a training set
(636 images), a testing set (212 images), and a validation set (213 images), including ships
of various scales, shapes, and angles, both on sea and close inshore.

The DOTA [52] dataset is considered to be the largest public dataset for aerial target
detection currently available, containing a total of 2806 aerial images from different sensors
and platforms. The pixel sizes of these images range from 800 × 800 to 4000 × 4000, and the
objects in the images are characterized by rotation in multiple directions, significant scale
differences, and dense distribution. It is noteworthy that most of the images in DOTA
are too large. We resized all the original images to 1024 × 1024 for training and testing,
and used random horizontal flipping during training to prevent overfitting.

4.2. Experimental Evaluation Metrics

It is necessary to comprehensively evaluate the performance of target localization
and classification in the aerial object detection task. Due to the complexities of aerial
images, which often contain multiple object categories and multiple instances of objects
at various scales, the standard metrics for image classification are not directly applicable
for evaluating the performance of aerial object detection. Consequently, mean average
precision (mAP) has been proposed as a comprehensive and objective standard to measure
the performance of detectors. Specifically, the precision and recall are defined as follows:

P =
TP

TP + FP
, R =

TP
TN + FN

, (16)

where TP, FP, TN, FN are used to represent true positive, false positive, true negative, and
false negative, respectively. For a high-performing detector, we aim for both high precision
and high recall, so we need to consider both factors. By constructing a precision–recall
curve and calculating the area under the curve, we obtain the AP as follows:

AP =
∫ 1

0
P(r)dr, (17)

where P(r) denotes the accuracy value corresponding to when the recall is r. AP ranges
from 0 to 1, where higher values suggest superior detector performance. When there
are N categories of targets, mAP is obtained by taking the average of the AP values of
all categories:

mAP =
∑N

i=1 APi

N
. (18)

At the same time, we introduce FLOPs for a comprehensive evaluation of detector
performance. The number of FLOPs (floating point operations) serves as a metric to assess
the computational complexity in a model. The larger the amount of computation of FLOPs,
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the higher the complexity of the model, and thus, more computational resources and time
are required to execute it.

4.3. Implementation Details

The backbone of the proposed TFE-Net is ResNet. The threshold for matching positive
samples was established at 0.5, and the detection head’s confidence was determined to be
0.6. The feature pyramid of P3–P7 was utilized for detecting across multiple scales. The
proposed TFE-Net is optimized by the Adam optimizer with momentum set to 0.9.

We trained the models for 100 epochs, starting with a learning rate of 0.01, which
was then decreased by 0.1 after 40 epochs. In addition, the total batch size was set to
8 for training. All experiments were carried out on a server equipped with RTX 2080Ti
based on the PyTorch framework. The versions of python and cuda were 3.8.10 and 11.7,
respectively. The mAP and FLOPs were used as the experimental evaluation metrics.
Throughout the training, testing, and validation phases of the experiment, we maintained
consistent hyperparameter settings. We adopted RetinaNet as a baseline because it is
a simple but effective one-stage detector, and the proposed modules and optimization
designs are experimented on the basis of the baseline.

4.4. Comparisons with Other Methods on Different Datasets
4.4.1. Results on DOTA

We compared the proposed TFE-Net with other state-of-the-art methods on the DOTA
dataset. The experimental results are shown in Table 1. For plane (PL), ship (SH), tennis
court (TC), ground track field (GTF), harbor (HA), bridge (BR), and swimming pool (SP),
our proposed TFE-Net achieved the best AP values: 90.32, 88.67, 90.93, 78.85, 78.61, 62.33,
82.91, respectively. It is also worth noting that we achieved the optimal results in terms
of average accuracy across all categories with 79.25% mAP. The visualization of some
detection results on the DOTA dataset are shown in Figure 6.

Table 1. Performance evaluation on the DOTA dataset.

Method PL SH ST BD TC BC GTF HA BR LV SV HC RA SBF SP mAP

SCRDet [53] 89.98 72.41 86.86 80.65 90.85 87.94 68.36 66.25 52.09 60.32 68.36 65.21 66.68 65.02 68.24 72.67

SCRDet++ [14] 90.01 78.83 85.10 82.32 90.86 86.32 68.62 77.69 61.94 81.17 69.92 64.25 61.12 65.10 80.68 76.24

RRPN [54] 88.52 57.25 67.38 71.20 90.81 72.84 59.30 53.08 31.66 56.19 51.85 53.85 52.84 56.69 51.94 61.01

CSL [55] 90.12 77.62 86.69 85.53 90.84 86.15 75.31 73.83 54.64 73.51 70.44 68.93 68.04 69.60 71.10 76.17

FR-O [16] 79.42 37.16 59.28 77.13 89.41 69.64 64.05 47.89 17.70 38.02 35.30 46.30 52.91 50.30 47.40 54.13

R3Det [56] 89.54 77.54 83.54 81.99 90.80 81.39 62.52 65.44 48.46 74.29 70.48 60.05 89.82 61.97 67.46 71.69

RoI-Trans [19] 88.64 83.59 81.46 78.52 90.74 77.27 75.92 62.83 43.44 73.68 68.81 47.67 53.54 58.39 58.93 69.56

RSDet [57] 89.80 70.20 83.40 82.90 90.50 85.60 65.20 65.60 48.60 70.10 69.50 68.00 63.90 62.50 67.20 72.20

CADNet [58] 87.80 76.60 73.30 82.40 90.90 79.20 73.50 62.00 49.40 63.50 71.10 62.20 60.90 48.40 67.00 69.90

RIDet-O [59] 88.94 88.18 83.61 78.45 90.55 81.33 72.63 73.09 46.87 80.68 77.63 56.87 63.72 64.85 73.13 74.70

Gliding Vertex [11] 89.64 86.82 86.81 85.00 90.74 79.02 77.34 72.94 52.26 73.14 73.01 57.32 70.91 59.55 70.86 75.02

R2CNN [18] 80.94 55.81 72.39 65.67 90.67 66.92 67.44 55.14 35.34 50.91 59.92 48.22 52.23 55.06 53.35 60.67

TFE-Net (ours) 90.32 88.67 74.90 83.01 90.93 85.58 78.85 78.61 62.33 80.25 72.36 66.54 85.84 67.70 82.91 79.25

Explanation of each category:

Full
Name plane baseball

diamond bridge
ground

track
field

small
vehicle

large
vehicle ship tennis

court

basket-
ball

court

storage
tank

soccer-
ball
field

round-
about harbor

swim-
ming
pool

heli-
copter –

As can be seen from Table 1, the one-stage method R3Det only achieved 71.69% mAP
on the DOTA dataset. While R3Det effectively achieves feature alignment through feature
refinement module, it struggles to precisely extract the key features required for classifi-
cation and regression tasks, thereby limiting the improvement in detection performance.
Additionally, the two-stage method Gliding Vertex introduces more regression parameters
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to enhance the representation of orientation information, resulting in better detection per-
formance in multi-orientation object detection tasks, achieving 75.02% mAP on the DOTA
dataset. However, this also increases the computational complexity of the model. Our
TFE-Net can achieve feature alignment and extract orientation-invariant features for classifi-
cation and orientation-sensitive features for regression, while also reducing computational
complexity, thus achieving optimal detection performance.

Figure 6. Visualization of results on DOTA dataset with TFE-Net.

For objects with arbitrary orientations (e.g., airplanes, ships), TFE-Net is able to obtain
the orientation-sensitive features of the objects, and then, accurately align the orientations
of these objects to achieve the adaptation to rotations. TFE-Net retains and effectively
utilizes the edge texture features, which allows accurate detection of densely arranged
small objects (e.g., small vehicles). Moreover, our proposed network can also achieve a
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precise detection performance that is closer to the ground truth boxes of the objects with
high aspect ratios (e.g., ships, bridges).

These experimental results show that our proposed TFE-Net achieves excellent detec-
tion performance, and also reflects that the key to achieving precise detection of remote
sensing objects is that orientation-invariant features need to be extracted for the classifica-
tion task in order to correctly classify targets in any direction, while orientation-sensitive
features are extracted for the regression task in order to precisely localize the objects,
and should be adapted to the characteristics of remote sensing objects for balanced training.
Adaptive dynamic convolution is utilized in the task-sensitive detection module to align the
features extracted by the backbone according to the orientation of the object to ensure the
quality of the features, and further extract orientation-sensitive and orientation-invariant
features from the high-quality aligned features to be applied to the regression and classi-
fication branches, and the balanced loss module ensures the balance of samples during
the training process, which facilitates stable training of the network. The proposed three
components work synergistically with each other to ensure detection performance.

4.4.2. Results on HRSC2016

As shown in Table 2, we conducted comparative experiments of TFE-Net with other
detectors on the HRSC dataset. RRPN and R2CNN have relatively poor detection results
when applied to oriented object detection, with mAP values of only 79.1% and 73.1%.
RoI-Trans converts the horizontal RoI to a rotated one and achieves 86.2% mAP, but at
the same time brings higher computational complexity. In comparison to specific ship
detectors such as SDet and R3Det, our TFE-Net improves the mAP values by 1.0% and 0.9%,
respectively. By adopting our proposed module, TFE-Net achieves outstanding detection
performance in the experiments, and finally, realizes the highest 90.2% mAP.

Table 2. Performance evaluation on HRSC2016 dataset.

Method Backbone Size mAP

RRPN [54] ResNet101 800 × 800 79.1
R2CNN [18] ResNet101 800 × 800 73.1

RoI-Trans [19] ResNet101 512 × 800 86.2
RRD [28] VGG16 384 × 384 84.3

Gliding Vertex [11] ResNet101 512 × 800 88.2
SDet [60] ResNet101 800 × 800 89.2

R3Det [56] ResNet101 800 × 800 89.3
TFE-Net (ours) ResNet101 800 × 800 90.2

Some visual detection results of the proposed TFE-Net on HRSC2016 are shown in
Figure 7. It can be observed that our TFE-Net effectively locates the boundaries of objects
with high aspect ratios and achieves precise detection results. Specifically, in the first
column of the figure, the ships are closely positioned next to each other, which often leads
to missed detection or significant deviations between the bounding boxes and objects.
Our TFE-Net is capable of accurately identifying the edges of each ship for more precise
object localization. In the second column of the figure, ships are docked at the shore
and piers, where these ships and the background share similar colors and textures. This
similarity introduces severe background interference to object detection. TFE-Net is able
to distinguish between the background and the ships effectively. In addition, the ships
in the figure exhibit characteristics of arbitrary orientations. For objects with multiple
rotation directions, our proposed network demonstrates strong rotational adaptability for
multi-directional objects.

Additionally, we conducted comparative experiments between our proposed TFE-
Net and the classical detector RetinaNet. As illustrated in Figure 8, our TFE-Net has
superior detection performance for ships of various scales, and also achieves more compact
localization for ships of any orientation. However, RetinaNet suffers from missed detections,
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and it is difficult to precisely locate the boundaries of the ships, making the orientation of
bounding boxes deviate from the object’s actual orientation. These experimental results
indicate that TFE-Net effectively captures the orientation information of objects, provides
high-quality spatial features, and balances the gradients of different samples. This further
improves the accuracy of bounding box regression, resulting in more precise and tight
regression of object boundaries.

Figure 7. Performance on HRSC2016.

Figure 8. Comparison between TFE-Net and RetinaNet. The area marked by the red dashed box
shows that TFE-Net outperforms RetinaNet.
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4.4.3. Results on UCAS-AOD

We compared TFE-Net with other existing detectors on the UCAS-AOD dataset, and as
can be seen from the results in Table 3, TFE-Net shows the best detection performance,
achieving 90.86% mAP. This highlights the superior performance of our proposed network.
As shown in Figures 9 and 10, for densely arranged aircraft and cars with arbitrary orienta-
tions in the UCAS-AOD dataset, TFE-Net is able to effectively distinguish different targets
and achieve high-quality detection. We believe this is due to the task-sensitive detection
module significantly enhancing the spatial representation capability of the features and
effectively decoupling the features for regression and classification tasks. This allows
for the extraction of critical features specific to each task, avoiding interference between
features, and thus, further improving detection performance. However, as can be seen
from Table 3, the proposed TFE-Net has lower detection accuracy for cars compared to
airplanes, with 87.04% mAP and 94.68% mAP, respectively. This may be due to the fact that
the construction of the backbone did not consider the impact of background context on
detection performance, resulting in some occluded cars not being detected. In future work,
we would aim to introduce a global attention mechanism or large-scale convolution kernel
into the network to further enhance detection performance.

Table 3. Performance evaluation on UCAS-AOD dataset.

Method Car Airplane mAP

R2PN [32] 76.74 88.66 78.63
RoI-Trans [19] 88.02 90.02 89.02
S2ANet [61] 89.56 90.42 89.99
DRBox [34] 85.00 94.90 89.95

RIDet-O [62] 88.88 90.35 89.62
R-RetinaNet [63] 84.65 85.46 78.19
TFE-Net (ours) 87.04 94.68 90.86

4.5. Feature Visualization

We visualized the intermediate feature maps of the classification and regression
branches within the task-sensitive detection module. As shown in Figure 11, the clas-
sifier accurately detects aircraft targets from the background and primarily extracts key
features of the aircraft. Moreover, when the target undergoes rotation, the areas of strong
response in the feature map equivalently rotate as well, demonstrating the ability to ef-
fectively extract key features for correct classification of the same type of target in any
orientation. Compared to the classification branch, the area of strong response in the
feature maps of the regression branch expands, and its direction is almost aligned with the
orientation of the aircraft. It also focuses more on the edge texture information of the target
to achieve compact positioning of the target boundaries.

4.6. Ablation Studies
4.6.1. Evaluation on Different Components

To verify the performance of the different modules proposed in the TFE-Net, we
conducted relevant ablation experiments on the UCAS-AOD and HRSC2016 datasets.
The experimental results on the UCAS-AOD dataset are shown in Table 4. ’!’ and ’%’
represent the use and non-use of the module, respectively.
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Table 4. Experimental results of each component of TFE-Net on UCAS-AOD.

With SMFC? With TDM? With BLoss FLOPs (G) mAP

% % % 137.8 84.2%
! % % 71.2 85.5%
% ! % 158.0 89.1%
! ! % 109.6 88.4%
% ! ! 163.5 91.3%
! ! ! 97.6 90.9%

Figure 9. Visual detection results of airplanes on UCAS-AOD.
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Figure 10. Visual detection results of vehicles on UCAS-AOD.

As can be seen from Table 4, due to the large amount of computation and redundant
features in conventional CNN structures, which make it challenging to extract key fea-
tures for precise detection of remote sensing targets, the baseline model only achieved
137.8 GFLOPs and an mAP of 84.2%. With the addition of SMFC, the detector is able
to generate features in a simple and cheap way based on the redundancy of the feature
map, which effectively reduces the computational complexity of the model. Specifically,
the FLOPs change from 137.8 GFLOPs to 71.2 GFLOPs, which is nearly two times less.
When TDM is added, there is a 4.9% optimization in the performance of the detector. This
indicates that adaptive dynamic convolution effectively extracts the orientation information
of the targets and enhances the network’s adaptability to the orientation change of the
target. And the orientation-sensitive features and orientation-invariant features extracted
by using the task-sensitive feature decoupling mechanism are beneficial for regression and
classification tasks. However, TDM also leads to an increase in the model’s computational
complexity. When TDM and BLoss are added, the optimization of the loss function solves
the problem of sample gradient imbalance, making the training process more stable and
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conducive to further improvements in detection performance, but also leads to an increase
in the model’s computational complexity. After further adding SMFC, the performance of
the detector only slightly decreases, with the mAP decreasing from 91.3% to 90.9%. While
maintaining high detection performance, a significant reduction in the computational
complexity of the model is achieved, with FLOPs of only 97.6 GFLOPs lower than that of
the baseline model, which is 137.8 GFLOPs. Therefore, this indicates that our proposed
TFE-Net achieves an effective balance between speed and accuracy.

Figure 11. Visualization results of intermediate features.
Similar experimental results can be obtained on the HRSC2016 dataset, as shown in

Table 5. The incorporation of the proposed modules allows the network to achieve better
performance compared to the baseline model. The addition of SMFC is able to reduce
both redundant computations and memory accesses for more efficient extraction of spatial
features. Further, combining TDM and BLoss, more precise feature selection for specific
tasks is conducted after feature alignment, while ensuring the balance of samples during
the training process. This helps to further enhance the detection performance and achieve
better classification and regression results. The experimental results also show that there is
no conflict between the different modules proposed, and the detector exhibits the optimal
performance of 90.2% mAP when all proposed modules are used.
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Table 5. Experimental results of each component of TFE-Net on HRSC2016.

With SMFC? With TDM? With BLoss FLOPs (G) mAP

% % % 137.6 82.0%
! % % 71.2 83.1%
% ! % 157.8 89.6%
! ! % 109.5 89.0%
% ! ! 163.2 90.8%
! ! ! 97.3 90.2%

4.6.2. Evaluation on Special Mixed Fast Convolution

There are two hyperparameters in the special mixed fast convolution module, which
are q for generating n = m/q intrinsic features and the kernel size l × l of linear operations
for calculating the extrinsic features. Currently, convolution operations can be efficiently
implemented on hardware, and they can cover some widely used linear operations, such
as sharpening, smoothing, and blurring, etc. At the same time, different linear operations
can cause the module to have an irregular structure, which may lead to a decrease in
computational efficiency. Therefore, we set l to a fixed value and use deep convolution
to construct the SMFC module. As shown in Table 6, we performed the experiments
on the HRSC2016 dataset, fixing q = 2 to test the impact of the hyperparameter l on
detection performance.

Table 6. Evaluation of the SMFC module with different l on HRSC2016.

l FLOPs (G) mAP

1 96.8 88.4%
3 97.3 90.2%
5 97.7 89.6%
7 98.2 88.0%

From the results in Table 6, the detector achieves optimal detection performance when
l takes the value of 3. This may be due to the fact that a convolutional kernel of size l × l
cannot extract spatial features efficiently, resulting in the loss of some critical features;
while a larger size convolutional kernel (l = 5 or l = 7) will introduce more computations,
leading to increased computational complexity, and may also lead to overfitting. Therefore,
taking into account both the accuracy and efficiency of the detector, we use l = 3 in all
experiments in this paper.

After exploring the effect of the hyperparameter l on the detection performance in the
SMFC module, we fixed l = 3 to tune the parameter q in [2, 5]. We tested the effect of the
hyperparameter q on the detection performance and the experimental results are shown in
Table 7.

It has been derived from Equations (4) and (5) that the computational efficiency
of the network is closely linked to the value of q, meaning that a larger q can achieve
a greater acceleration ratio and model compression ratio. According to the results in
Table 7, the FLOPs decrease significantly with the increase in q, which is consistent with the
results as expected. However, this is also accompanied by a decrease in detection accuracy,
especially, when a larger q value is chosen, the detection accuracy is lower. In order
to effectively reduce the FLOPs while avoiding excessive degradation of the detection
accuracy, we choose q = 3, which shows notably better detection performance than the
baseline model. These experiments demonstrate that our proposed SMFC module can
successfully reduce the computational complexity of the model.
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Table 7. Evaluation of the SMFC module with different q on HRSC2016.

q FLOPs (G) mAP

2 114.3 91.2%
3 97.3 90.2%
4 88.5 85.4%
5 78.9 81.2%
6 66.0 77.9%

4.6.3. Evaluation of Task-Sensitive Detection Module

We carried out some comparative experiments on the HRSC dataset in order to
further validate the effectiveness of the TDM, as shown in Table 8. After feature alignment
through adaptive dynamic convolution (ADC), the performance of the detector improved
by 1.9%, indicating that feature alignment enhances the feature representation capability.
The performance of the model is further improved by 3.3% when the task-sensitive feature
decoupling mechanism (TFDM) is added, which indicates that extracting the key features
required for classification and regression tasks from the shared features extracted from
the backbone is very effective in improving the performance of the remote sensing object
detector. The combination of ADC and TFDM aligns the features of the backbone according
to the orientation of the objects, optimizes the feature representation, and further, extracts
orientation-sensitive features and orientation-invariant features from the aligned high-
quality features for specific tasks, which is beneficial for accurately identifying and locating
objects. The combination of ADC and TFDM significantly improves the performance of the
detector, with the mAP value rising from 84.5% to 90.2%, which affirms our perspective.
These experimental results indicate that our proposed TDM can significantly improve the
detection performance.

Table 8. Effects of each component of TDM on HRSC.

With ADC? With TFDM? mAP

% % 84.5%
✓ % 86.4%
% ✓ 87.8%
✓ ✓ 90.2%

4.6.4. Evaluation on Balanced Loss

To confirm the effectiveness of the proposed balanced loss, a comparative experiment
is conducted with L1 loss on the HRSC2016 dataset and the optimal values of the two
hyperparameters α and β in the balanced loss are explored. The experiment is shown in
Table 9.

Table 9. Ablation studies of the proposed balanced loss on HRSC2016.

Settings mAP

L1 loss 89.1%
α = 0.2, β = 1.0 89.5%
α = 0.5, β = 1.0 89.7%
α = 0.5, β = 1.5 90.2%
α = 0.5, β = 2.0 89.8%

The experiments demonstrate that the results using the proposed balanced loss are
significantly better than using L1 loss. When β is set to a relatively large value, a slight
decrease in mAP is observed. We speculate that this may be attributed to insufficient
suppression of samples with large gradients. The optimal results are achieved when
α = 1.0 and β = 1.5.
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5. Conclusions

In this paper, we propose a task-sensitive efficient feature extraction network to achieve
faster and more precise lightweight remote sensing object detection, comprising three
principal components: the special mixed fast convolution module (SMFC), task-sensitive
detection module (TDM), and balanced loss function (BLoss). Specifically, the SMFC
utilizes the redundancy of feature maps, replacing some convolution operations with
cheap transformation operations, thereby reducing computational complexity while fully
preserving spatial features. Subsequently, we use the TDM to firstly align the target with the
features to enhance the spatial representation of the features, and further, extract orientation-
invariant features and orientation-sensitive features from the high-quality aligned features
to be fed into the classification and regression branches, respectively. Lastly, BLoss is
introduced to effectively address the gradient imbalance issue caused by varying samples,
thus stabilizing the network’s training process. The ablation experiments and feature map
visualization experiments verified the effectiveness of our proposed modules. Extensive
comparative experiments on three commonly utilized public aerial image datasets indicate
that our proposed TFE-Net can achieve excellent performance and obtain an effective
balance between detection speed and accuracy. The proposed TFE-Net still has some
limitations, such as not considering the impact of object scale and background context in
the construction of the backbone. In future work, we would aim to introduce large kernel
convolution or a global attention mechanism to enhance the network’s ability to capture
global dependencies, thereby further improving detection performance.
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