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A Classwise Vulnerable Part Detection
Method for Military Targets

Hanyu Wang , Qiang Shen , Juan Li , Zihao Chen , Yiran Guo , and Shouyi Zhang

Abstract—Accurate vulnerable part detection based on full tar-
get detection results shows great importance in improving the
damage effectiveness of the military drone. However, traditional
object detection methods have difficulty in handling inaccurate full
target bounding boxes and fail to model the semantic relationships
between various class full targets and their key parts, resulting
in low localization accuracy. The proposed approach includes a
classwise feature recalibration module, which effectively models
the dependencies between the prior knowledge obtained from the
full target detector and the location of the key part. Additionally, an
optimized spatial transformation module is designed to preprocess
the input image and eliminate interfering objects. Furthermore, a
carefully constructed loss function is employed, linking the classifi-
cation branch with the regression branch, thereby emphasizing the
importance of localization accuracy. Our proposed model surpasses
the performance of existing state-of-the-art models, demonstrating
a significant advantage with maximum improvements of +24.9%,
+30.2%, and +28.3% in mean average precision on the standard
test set, generalized test set, and real-world dataset, respectively.
The effectiveness and robustness are also confirmed through ex-
tensive ablation studies.

Index Terms—Deep learning, key parts, military targets, prior
knowledge.

I. INTRODUCTION

W ITH the advance of unmanned aerial vehicles (UAVs)
equipped with computer vision systems, object detec-

tion based on deep learning plays an important role in various
military tasks, such as precision strikes, reconnaissance, and
situational awareness [1], [2], [3]. However, taking antitank
as an example, the number of tanks damaged as a result of
hitting the turret was nearly nine times higher than that hit by
other parts during the 2014–2015 armed conflict in Ukraine [4].
Therefore, it is of utmost importance and significance to delve
deeper into the detection method for specific key parts based on

Manuscript received 15 January 2024; revised 10 March 2024; accepted 3
April 2024. Date of publication 16 April 2024; date of current version 29
April 2024. This work was supported in part by the National Natural Science
Foundation of China under Grant 61973033 and in part by the Natural Sci-
ence Foundation of Chongqing, China under Grant cstc2021jcyj-msxmX0737.
(Corresponding author: Qiang Shen.)

Hanyu Wang and Qiang Shen are with the School of Mechatronical Engi-
neering, Beijing Institute of Technology, Beijing 100081, China, and also with
the Chongqing Innovation Center, Beijing Institute of Technology, Chongqing
401120, China (e-mail: 3120215124@bit.edu.cn; bit82shen@bit.edu.cn).

Juan Li, Zihao Chen, Yiran Guo, and Shouyi Zhang are with the
School of Mechatronical Engineering, Beijing Institute of Technology, Bei-
jing 100081, China (e-mail: juanli@bit.edu.cn; 3220210102@bit.edu.cn;
3120220188@bit.edu.cn; 3220220170@bit.edu.cn).

Digital Object Identifier 10.1109/JSTARS.2024.3389072

UAV images, leveraging the detection results obtained from the
full target detector.

Currently, object detection tasks in military scenarios heavily
rely on human-in-the-loop approaches. With the advancements
in deep learning, research efforts toward intelligent recognition
have gained notable momentum. Qin et al. [5] developed a
multilayer feature extraction network specifically tailored for
military ship detection from satellite images, achieving an aver-
age precision of 97.0%. Kong et al. [6] proposed a lightweight
network for detecting military targets in complex backgrounds,
reaching an average accuracy of 89.3% in a real scene dataset.

Nevertheless, the identification of critical parts of military
targets still poses significant challenges even after achieving full
target detection. First, each target exhibits unique key parts. For
instance, in the case of an infantry fighting vehicle being detected
by the full target detector, the key part detector should accurately
locate its tracks. Similarly, when an airplane is identified, the
engine should be specifically highlighted. Our model needs to
possess the ability to capture these diverse relationship pairs,
which necessitates a high level of adaptive perceptual capability.
The classification information, which decides the location of
the key part, is already obtained from the full target detector
but is ignored totally in the traditional detection networks, thus
decreasing the localization accuracy. Additionally, the back-
ground of the image during the attack is often complex and
full of disruptive objects, which will divert the attention of
the model during training, especially for the cropped images
that contain only a limited number of pixels. Therefore, the
extraction accuracy of key parts highly depends on the quality
of the detected bounding box of the full target, where small
positioning errors are inevitable. The classic methods struggle
to adaptively process these cropped images, resulting in a model
that is highly susceptible to the influence of interfering objects
and exhibits low detection efficiency. Third, as previously men-
tioned, the effective damage to the target relies on accurately
hitting its key parts. As such, irrespective of the classification
accuracy, a low localization accuracy would render the attack
invalid. Consequently, our military target critical part detection
task places greater emphasis on achieving high localization
accuracy. However, the cross-entropy loss for classification is
independent of the localization task and leads the model to
learn all the positive anchors with high classification scores
regardless of regression accuracy, which hurts the localization
accuracy seriously [7]. Hence, the special optimization of the
loss function is necessary for the key part detector. Finally, the
stringent constraints on computational and storage resources

© 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License. For more information, see
https://creativecommons.org/licenses/by-nc-nd/4.0/

https://orcid.org/0009-0001-1305-6404
https://orcid.org/0000-0002-1460-4986
https://orcid.org/0000-0002-9836-5125
https://orcid.org/0009-0002-0689-7077
https://orcid.org/0009-0006-7983-8472
https://orcid.org/0009-0004-6014-5436
mailto:3120215124@bit.edu.cn
mailto:bit82shen@bit.edu.cn
mailto:juanli@bit.edu.cn
mailto:3220210102@bit.edu.cn
mailto:3120220188@bit.edu.cn
mailto:3220220170@bit.edu.cn


8738 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

in military scenarios exacerbate the aforementioned three
challenges.

To address the multiple challenges mentioned above, we pro-
pose a classwise key part detection model based on Faster RCNN
[8], namely CWKPD-Faster RCNN. Our main contribution can
be summarized as follows.

1) We proposed a new module to model the semantic rela-
tionship between the full target and the key part, thus im-
proving the detection accuracy of the key part. This simple
yet efficient approach offers the following advantages:
a) versatility in handling diverse “full target-key parts”

pairs;
b) improved discriminative power;
c) efficient computational overhead.

As far as we know, we are the first to consider the relationship
between the full target and the key part.

2) We developed a novel spatial transformation module,
which not only neatly reduces the localization error
brought by the full target detector but also resolves the
limitations of the fixed image size imposed by traditional
spatial transformation methods. Additionally, a weighted
classification loss function that enhances the correlation
between classification and localization tasks is also built to
move the model to more focus on the localization branch.

3) We have constructed a new simulated dataset compris-
ing military targets observed by UAVs, expanding the
diversity of existing UAV-looked military target datasets.
Through a comprehensive evaluation of the simulated
and real-world datasets, the superiority of the proposed
CWKPD-Faster RCNN model, not only in precision but
also in generalization ability, has been demonstrated.

II. RELATED WORKS

A. Key Part Identification

Nowadays, there are three main solutions for detecting key
parts: template matching [9], semantic segmentation [10], and
key parts localization method based on the deep object detection
frameworks [11]. Template matching, as the traditional method,
has the advantage of rapid detection, but relies on the precise
expression of preinstalled templates, which shows poor accuracy
and robustness when facing diverse target shapes and shooting
angles, or partially occluded targets. Meanwhile, the semantic
network understands all the pixels in the whole image, instead
of concentrating only useful parts, resulting in poor real-time
performance. Therefore, researchers preferred the third key part
localization method based on the deep object detection frame-
works. Nadeem et al. [12] proposed a top-down body part detec-
tion framework considering the intrinsic correlation among body
parts. Hao et al. [13] proposed an improved YOLOv4 network
for parts detection in insulator images during UAV inspection.
Liu et al. [14] designed a novel pipeline based on YOLO and
OpenPose, enabling real-time detection of hands from human
images captured by drones. Choi et al. [15] constructed a
modified VGG16 model to detect structural cracks in buildings
from UAV images. Similarly, MUENet [16] describes a crack

detection algorithm from road images acquired via UAVs, which
fully utilizes the morphology and color characteristics of cracks.
However, these methods solely focus on the detection of key
parts for individual class targets, without explicitly modeling
the diverse semantic relationships that exist between different
class targets and their corresponding key parts. The research
for identifying different specific parts of multiclass targets has
rarely been studied directly. Furthermore, while certain studies
have made efforts to incorporate the dependencies between
the full target and the key part into the key part detector,
these attempts heavily rely on the accurate representations of
shapes. Consequently, this approach not only compromises the
robustness of complex scenes but also suffers from limitations,
such as feature dimensionality and computational complexity.
The applicability of these models is limited to specific part
detection problems, so the direct generalization to others is
impractical. Therefore, the primary objective of this article is
to explore a universal and efficient method for modeling the se-
mantic relationship between full targets and their associated key
parts.

Meanwhile, the key part detection task in military scenarios
also faces typical challenges encountered in object detection
in UAV images, such as domain shift, small objects, and lim-
ited real-time performance. Many highly inspiring studies [17],
[18], [19] are proposed to alleviate these problems, which hold
immense significance in fostering the progress of drone image
object detection in various fields. For instance, Biswas et al.
[20] substantially reduced the number of learnable parameters of
YOLOv5 through compressed convolutional techniques, trans-
fer learning, and backbone shrinkage. In contrast, this article will
concentrate on the specific challenge of identifying key parts
of military targets and aim to explore the potential benefits of
incorporating the prior classification knowledge in enhancing
the effectiveness of UAV object detection.

B. Informed Machine Learning

One way of recovering from the first problem is to regard
the classification results as prior knowledge and then integrate
it into learning systems. Formally, the knowledge can be rep-
resented as logical rules, simulation results, graphs, etc., and
can be integrated into the networks via distinct ways, such
as additional loss terms, serving as a consistency check, and
forming adjacency matrices in gated graph neural networks [21].
Chen et al. [22] converted the prediagnosis results based on
the structural analysis into correlation graphs to improve the
diagnosis accuracy. Zhao et al. [23] proposed an interpretable,
weakly supervised deep learning framework incorporating prior
knowledge to decode pathological images. However, the em-
phasis of our model is to utilize the strong correlation between
knowledge and predictions to drive the model to adoptively focus
on vulnerable areas, which is not suitable for the representation
approaches of logical rules and simulation results. Graph neural
networks can implicitly model semantic relationships, but are
computationally intensive and require a large number of model
parameters. How to solve this problem in a lightweight way to
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improve the model prediction accuracy and robustness is a major
interest of this article.

C. Spatial Transformation Models

Various adaptive transformation models based on deep learn-
ing have been studied to overcome the second challenge. Xiong
et al. [24] built the generative adversarial network to acquire
images from different viewpoints. Ding et al. [25] proposed
the affine variational autoencoder to learn the transforms ex-
plicitly in the latent space. Jaderberg et al. [26] proposed the
spatial transformer network (STN) model, which learns the
affine transformation parameters in an unsupervised way and
then automatically adjusts the image. Compared to the first
two methods, the STN model demonstrates more simplicity
and efficiency, which shows good performance in human pose
estimation, hyperspectral image classification, and pedestrian
heading estimation [27], [28]. However, the STN model re-
quires a fixed input image scale, which contradicts target de-
tection tasks. The direct integration of the STN model into
the detection model is anticipated to result in a decrease in
accuracy.

D. Accurate Localization

Improving localization accuracy continues to be a signifi-
cant focus in the field of object detection. Increasing the IoU
threshold for positive objects is a well-established and powerful
trick, which also introduces a higher risk of false detections
[29]. Moreover, the threshold needs to be adjusted manually for
different tasks and datasets, limiting its flexibility. In addition,
incorporating contextual information has shown the potential
to enhance localization accuracy, which introduces additional
computational overhead and renders the model vulnerable to
interference from complex backgrounds, unfortunately [30]. In
contrast, establishing the correlation between classification and
localization tasks through a loss function is a more concise
and efficient approach. Wu et al. [31] appended an IoU pre-
diction branch, and Wu et al. [32] designed an IoU balance
loss consisting of an IoU balance classification loss function
and an IoU balance localization loss function. Li et al. [33]
derived a powerα-Gaussian loss to avoid boundary discontinuity
in rotated bounding box regression. However, rare methods
balance between the localization accuracy improvement and in-
creased model complexity, especially based on two-stage object
detectors.

III. METHODS

A classwise detection model started with Faster RCNN is
proposed, whose framework is shown in Fig. 1. First, after being
cropped based on the regression results of the full target detector,
an image patch is passed into the spatial transformer module
optimized by spatial pyramid pooling (SPP) [34], named as
STMO-SPP, to be preprocessed. Then, the feature map is gener-
ated through the backbone network. Third, a classwise feature
recalibrated (CWFR) module is designed to model the classifi-
cation results from the full target detector as channel descriptors

Fig. 1. Network structure of the proposed method.

and learn the strong correlation between prior knowledge and
the detection results. The feature map is reorganized. Next, the
recalibrated feature maps are passed into the region proposals
network (RPN), the classification, and regression branches se-
quentially. Additionally, the proposed weighted classification
loss function and localization loss function are used to guide the
training process.

A. Spatial Transformer Module Optimized by SPP Layer

As shown in Fig. 2, the structure of the STMO-SPP module
consists of three parts. The first part is a localization net opti-
mized by SPP, whose input is the cropped image based on the
results of the full target detectors. This part is aimed at acquiring
the transformation matrix Aθ whose shape is determined by
the expected transformation types. 2-D affine transformation is
chosen in our model, which could represent transformations such
as translation, rotation, scaling, and flips.

Table I presents the architecture of the built localization net
optimized by SPP. Taking images with the size of 96 × 128,
and 128 × 128 as examples, the transformation process of input
images and the flexible adjustment process of parameters in the
pooling layers are demonstrated. A convolutional layer with a
kernel of 7 × 7 is used in the first place, to adjust the number of
feature channels and extract salient features. Then, the feature
map is down-sampled by a maximum pooling layer, where the
sliding window size is 2 and stride size is 2, reducing the mean
shift error caused by the convolutional layer and preserving more
texture information. Subsequently, the ReLu activation function
is adapted to perform a nonlinear transformation on the extracted
features. These three steps are repeated to acquire a small-scale
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Fig. 2. Architecture of the proposed STMO-SPP block.

TABLE I
STRUCTURE OF THE LOCALIZATION NET

feature map retaining crucial information. At this time, the size
of the output feature map is not fixed and cannot be directly
passed into the fully connected layer.

Therefore, we introduced SPP to generate fixed-size feature
vectors. The size of the feature map is represented as (c, hin, win),
where c is the number of channels, hin is height, and win denotes
width. As shown in Number 5 of the model structure in Table I,
the parameters of the pooling layer, including the size of the
sliding window, kh, kw, and the size of the stride, sh, sw, are
adjusted adaptively to keep the output size as (c, n, n). The
subscripts h and w denote the height and width directions. The
relationship between pooling layer parameters and input and
output sizes is modeled as

kh = �hin/n�
kw = �win/n�
sh = �hin/n�
sw = �win/n� (1)

where n is selected as 1 and 4 in our framework, and �·� and
�·�denote ceiling and floor operations.

Once the feature vector of a predefined size is obtained,
it is subsequently passed through the fully connected layers

to generate the affine transformation matrix, comprising six
parameters.

The second part is the grid generator, which achieved the
coordinates of each pixel in the transformed image, through
parameterized grid sampling and affine transformation

[
u
v

]
= Aθ

⎡
⎣xy
1

⎤
⎦ (2)

where (x, y) is the coordinate in the input image and (u, v) is
that of the output correspondingly.

The sampler, as the last part of the proposed STMO-SPP
module, corrects the coordinates of the points generated by
the gird generator based on the Bilinear interpolation method,
ensuring the pixels in the output image are always integer values.

B. Classwise Feature Recalibration Module

The proposed CWFR module is a computational unit, to
improve the quality of representations produced by the network,
by explicitly modeling the interdependencies between the prior
class results of the full targetxclass and the channels of the feature
map. It can be built upon a transformation Gtr, mapping an input
X ∈ RH×W×C to X̃ ∈ RH×W×C

X̃ = Gtr(g,X)
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Fig. 3. Structure of the proposed classwise feature recalibration module.

g = Γ(X,xclass). (3)

As illustrated in Fig. 3, we first use global average poolingFap

to represent global spatial information into a channel descriptor
U ∈ R1×1×C . The input X and output U are denoted in channel
dimension as

X =
[
x1 x2 · · · xc

]
U =

[
u1 u2 · · · uc

]
. (4)

The conversion is derived as

un = Fap(xn)

=
1

H ×W

H∑
i=1

W∑
j=1

xc(i, j), n = 1, 2, . . . , C. (5)

Subsequently, the high-dimensional feature representation
Ũ ∈ R1×1×C ′

is acquired by convolving all channels through
Fconv.

In the other parallel branch, we opt to employ a simple gating
mechanism with a sigmoid activation to process the input prior
knowledge xclass, which is converted to a channel descriptor
s ∈ R1×1×C ′

s = FFC(xclass,K) = σ(g(xclass,K))

= σ2 (K2σ1 (K1xclass)) (6)

where the gating mechanism is designed as two fully connected
layers, to limit model complexity and aid generalization. In (6),
σ1 refers to the ReLu activation function and σ2 is the sigmoid
activation function. Meanwhile, K1 andK2 are adjustable pa-
rameters for two activation functions, to increase the flexibility
and expressive power of the model.K1 ∈ Rr×1 andK2 ∈ R1×r,
and rdenotes the expansion ratio.

Then, we follow it with a multilayer perceptron (MLP) oper-
ation, FMLP, which consists of two linear transformation layers
and two nonlinear activation functions, intending to perfectly
learn the channelwise features as well as the interdependences

between the class feature s and the localization results

Z0 = FMLP(s, Ũ) = σ2(
W3σ1

(
W1s+W2Ũ + b1

)
+W4Ũ + b2

)
(7)

where W1,W2,W3, andW4 represent weight matrices,
whereas b1 and b2 denote bias vectors.

Afterward, the dimension-addition layer Fad is performed to
rescale the output to the same dimension as input X, obtaining
the feature descriptor related to class knowledge Z

Z = Fad(Z0), Z ∈ R1×1×C . (8)

Formally, Z is also denoted as

Z =
[
z1 z2 · · · zc

]
. (9)

Finally, the output is reorganized by Z

x̃n = Fscale(xn, zn) = znxn, n = 1, 2, . . . , C. (10)

It is noted that in the above operations, the reason that the
mapping is in the channel instead of the spatial or the triple,
including spatial and channel, is explained and verified in Sec-
tion VI.

C. Loss Function

In the Faster RCNN model, the smoothed L1 loss function
and the cross-entropy loss function are used to supervise the
regression and classification branches, respectively, which are
isolated from each other. To enhance the focus of the model on
localization tasks, we proposed the weighted classification loss
function, correlating with the localization accuracy

wi (GIoUi) = 1− GIoU

CE (pi, p̂i) = − log [pip̂i + (1− p̂i)(1− pi)]

Lwcls =

∑N
i∈Pos wi (GIoUi) ∗ CE (pi, p̂i) +

∑M
i∈Neg CE (pi, p̂i)

Ncls
(11)
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Fig. 4. Examples of the dataset. (a) ULMT-Key dataset. (b) Real-world dataset.

TABLE II
DATASETS SETTINGS

where Pos and Neg represent the sets of positive and negative
training samples, respectively, CE(pi, p̂i) denotes the cross-
entropy loss function, pi indicates the predicted probability
of each anchor box being a positive sample while p̂i is the
ground truth, and wi(GIoUi) is the results of the GIoU loss
function for each positive sample, as the weight assigned to
the corresponding results of the cross-entropy loss function.
Equation (11) demonstrates that samples with GIoU values are
assigned higher weights, resulting in larger gradients during
training. This weighted function also facilitates the model in
effectively learning the interdependencies between classification
and localization tasks.

The localization branch is penalized by GIoU loss functions,
and the total loss function is the sum of those

Lloc =
1

Nloc

∑
i

(1− GIoU) (12)

Ltotal = Lwcls + λLloc. (13)

IV. EXPERIMENTAL SETUP

A. Dataset

1) Simulated Dataset: Considering that establishing a large-
scale military target dataset in real-world scenarios is unrealistic,
we referred to the dataset-making methods in fields such as
autonomous driving and drone SLAM [35], [36] and constructed
a UAV-looked military targets (ULMT) dataset through Unreal
Engine. The ULMT dataset contains four types of terrain: grass,
desert, military camps, and beach, each of which consists of two
classes of targets with 2–5 kinds of appearances: tanks and radar
vehicles (RV).

The dataset employed for validating key part detection, named
the ULMT-Key dataset, is obtained through cropping images in
the ULMT dataset, based on the prediction results of the full tar-
get detector, which is chosen as the Faster RCNN. The size of the
cropped images varies from (41 43) to (658 566). The vulnerable
part of a tank target is defined as the top turret part, while that

of an RV target is defined as the antenna part. Examples of the
ULMT-Key dataset and their labels are illustrated in Fig. 4(a).

To assess the generalization capability of our model, the test
set of the ULMT-Key dataset is categorized into two types: the
standard test set, which maintains consistency in terrains and
target appearances with the training set, and the generalized test
set, which introduces variations. The detailed settings are shown
in Table II. In addition, the training, validation, and standard test
sets are divided through random sampling [37], allocating 80%
of the data to the training set and 10% each to the validation and
standard test sets. Meanwhile, the ratio of numbers of the two
classes of objects is 3:2 in all sets.

2) Real-World Dataset: To assess the robustness of the pro-
posed classwise detection model in real-world scenarios, we
created a real-world dataset, which includes three parts: drone
testing based on equivalent scaling models, recorded videos
[38], [39], [40], [41] during the military exercises, and satellite
images [42]. Examples and their labels are shown in Fig. 4(b).
Evidently, the real-world samples exhibit substantial differences
compared to the simulated ones, stemming from variations in
textures, appearances, lighting conditions, and scene layouts,
among other factors. Furthermore, the presence of a jitter in
drone footage occasionally results in blurred imagery.

B. Experiment Settings

In this article, all experiments were performed with the Win-
dows 10 operating system, implemented on the MMDetection
platform [43] and the Pytorch 1.7 framework. CUDA 11.2 was
used to speed up the calculation, and the processor on the
computer was Intel (R) Xeon (R) W-2255 CPU @3.70GHz, with
64 GB memory and an RTX A4000 graphics card. The batch size
is set to 48. Each model is trained using the AdamW optimizer
for 12 epochs with 0.05 weight decay, momentums β1= 0.9 and
β2= 0.95. The initial learning rate was set to 5e-5. The original
images are cropped into 112 × 112 pixels. Moreover, input
images are augmented by random flips. The localization loss
weight λ is set to 1.0. Batch normalization is employed, whose
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TABLE III
COMPARISON RESULTS WITH STATE-OF-THE-ART METHODS

parameters will also be updated during training. To ensure fair-
ness in subsequent comparative experiments, the widely adopted
ResNet50 has opted as the backbone, which is pretrained on
ImageNet. In addition, our backbone consists of four stages,
with the first stage being frozen, thereby rendering the pretrained
weights from this stage as non-trainable parameters.

C. Evaluation Metrics

We reported the five indicators of mean average precision
(mAP), production accuracy (PA), user accuracy (UA), overall
accuracy (OA), and F1-score to evaluate the effectiveness of the
model, which are calculated using the following equations:

PA =
TP

TP + FN

UA =
TP

TP + FP

OA =
TP + TN

TP + TN+ FP + FN

F1 =
2× P ×R

P +R

AP =

∫ 1

0

P (R)dR

mAP =
1

N

N∑
i=1

AP(i) (14)

where TP represents the number of correctly detected positive
instances, TN represents the number of correctly identified neg-
ative instances, FP represents the number of instances where the
model mistakenly detects positive instances that do not exist,
and FN represents the number of instances where the model
misses the detection of positive instances. Additionally, P refers
to precision and R refers to recall.

V. RESULTS

To assess the effectiveness of the proposed CWKPD-Faster
RCNN model on key part detection for UAV imagery, compara-
tive experiments are conducted with state-of-the-art algorithms
on our ULMT dataset and real-world dataset first, where all mod-
els are fine-tuned on the real-world dataset. Visualization studies
are then conducted to more intuitively confirm the validity of our
method.

A. Comparison Results

The task of detecting key parts for multiclass targets based
on the outputs of complete target detectors has not been specif-
ically investigated to date. Furthermore, the existing part detec-
tors made use of domain-specific expert knowledge, rendering
them unsuitable for evaluation on our dataset. Therefore, we
choose the state-of-the-art object detection methods in recent
years as baselines, including RCNN-based models, one-stage
models, and transformer-based models. The comparative re-
sults are presented in Tables III and IV, with “RCNN” be-
ing omitted when referring to RCNN-based models. It can be
seen that our model always performs optimally in mAP, accu-
racy metrics, and F1-score, on both simulated and real-world
datasets.

In comparison to all RCNN-based models, our model is
almost the smallest, differing from the first place by only 0.02%
in the number of model parameters. In terms of computational
complexity, compared with Sparse RCNN, only an addition
of 27.28% of model complexity can be traded for a 25.9%
increase in accuracy on the real-world dataset, an average 5.65%
increase on the simulated dataset as well as a 61.17% decrease on
model size. As for the computational time, our model exhibits
a slight decrease in computational speed by 25.89% in con-
trast with Faster RCNN. However, it demonstrates substantial
improvements in mAP and overall accuracy, with an average
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TABLE IV
ACCURACY RESULTS WHEN IOU = 0.75

enhancement of 10.15% and 1.21 times on the simulated dataset,
and a remarkable improvement of 12.5% and 3.13 times on the
real-world scene dataset.

In comparison to YOLOv8, which shows superior overall
performance among all transformer-based models and one-stage
models, our model experiences a decrease of 76.6% in com-
puting speed. However, it compensates for this by delivering
significant savings of 27.3% in terms of computing resources
and 3.2% in storage resources. Importantly, our model exhibits
notable enhancements in average precision by 6.55% and overall
accuracy by 10.4% on the simulated datasets, while demonstrat-
ing remarkable improvements in average precision by 14.8% and
overall accuracy by 13.8% on the real-world dataset. Overall,
considering the constraints imposed by the frame rate of cameras
mounted on UAVs and the demanding nature of storage, com-
puting resources, and accuracy in real-world applications, the
slight additional computational cost incurred by our enhanced
model is both valuable and significant.

B. Visualization Results

Furthermore, Fig. 5 presents four examples illustrating the
detection results of the five most competitive models on both the
simulated dataset and real-world datasets. The first two columns
correspond to the flight test sets and equivalent scaling test sets
in the real-world dataset, while the last two columns represent
the generalized test set in the ULMT-Key dataset. In Fig. 5, the
green and purple bounding boxes correspond to the ground truth
and predictions of the tank, respectively. Similarly, the orange
and red boxes indicate the ground truth and predicted locations
of the RV. It is evident that our model consistently outperforms
the others, which is not only reflected in precise positioning
but also higher confidence scores. In conclusion, our proposed
network demonstrates remarkable advantages in remote sensing
vulnerable part detection tasks.

VI. DISCUSSIONS

In this section, a comprehensive set of ablation experiments
is conducted to validate the innovativeness and superiority of
the proposed modules. Subsequently, the impact of the chosen
backbones on the performance of our model is further assessed.
Additionally, we analyze and discuss the instances where our
model fails.

A. Ablation Study

The ablation study is conducted to verify the effectiveness of
each improvement strategy. The experimental results are shown
in Table V. It can be found that introducing each module sepa-
rately yields performance improvements while incorporating all
modules collectively leads to the most significant enhancement.
A particularly illustrative comparison is among the improvement
strategies 1–4 on the standard test set, where the STMO-SPP
module plays a more significant role in the advancement of
detection accuracy. This improvement stems from the dual
characteristics of the proposed STMO-SPP module: precise
transformation to mitigate the negative impact of localization
in full object detectors, and the ability to handle unrestricted
input image sizes where the intrinsic features of the target are
preserved. For the generalized dataset, the CWFR module plays
a stronger role under the same comparisons, which demonstrates
that the incorporation of semantic relationship pairs between
targets and their key parts in the model can significantly enhance
both the detection accuracy and generalization capability of key
part detectors.

Furthermore, in the case of strategy 4, where only our de-
signed weighted classification loss function is introduced, the
model also exhibits a considerable improvement in localization
accuracy. Particularly in scenarios where high localization ac-
curacy is demanded, such as when the IoU is set to 0.95 for the
standard test set and 0.85 for the generalized test set, this module
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Fig. 5. Comparison of visualization results.
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TABLE V
ABLATION STUDY

TABLE VI
ADVANTAGE VERIFICATION OF THE PROPOSED CWFR MODULE

astonishingly enhances the mAP by 0.95 times and 2.61 times,
respectively. This can be attributed to the enhanced correlation
between the classification and location tasks, which empowers
the model to achieve more precise localization.

B. Advantage Verification of CWFR Module

1) Quantitative Evaluation: Our proposed classwise feature
recalibration module encodes the prior knowledge as the feature
descriptor in the channel dimension, instead of the spatial or
triple dimension, the advantages of which will be evaluated.
Four networks are compared: the Faster RCNN, the Faster
RCNN model with the classwise feature recalibration module
in the spatial dimension, and the Faster RCNN model with the
classwise feature recalibration module in the triple dimension
of spatial and channel. It should be remarked that the input size
of the image is random in spatial, resulting in difficulties for
the improvement in the spatial and triple modules. To show
the performance obviously, we just crop the input image at a
fixed size for the four models in this subsection. The detection
accuracy results under different IoU thresholds are shown in
Table VI.

Compared to Faster RCNN, the introductions of the CWFR
block in the channel, spatial, and triple dimensions results in an
additional model size increase of 0.04%, 0.26%, and 55.24%,
respectively. Concurrently, it leads to substantial enhancements
in detection accuracy, such as an improvement of 0.91 times,
0.83 times, and 0.6 times on the standard test sets when the
IoU threshold is 0.85, and an improvement of 0.18 times, 0.11
times, and 0.16 times on the generalized test sets when the IoU
threshold is set to 0.8. It is concluded that the slight additional

storage burden on the channel dimensions has a significant effect
on the improvement of detection accuracy.

In summary, the proposed CWFR module exhibits a simple
and efficient approach for modeling semantic relationships for
all classes of targets, which contributes significantly to the
improvement of both detection accuracy and robustness with
little increase in storage resources.

2) Qualitative Evaluation: Fig. 6(a) shows the original fea-
ture map corresponding to four distinct scenes, and Fig. 6(b)
shows those adjusted by the CWFR module. It is apparent that
the feature maps that learned prior knowledge can pay direct
attention to the vulnerable areas, rather than the background
and other parts of the target.

C. Advantage Verification of STMO-SPP Module

1) Quantitative Evaluation: To demonstrate the superiority
of the proposed spatial transformation module optimized by SPP,
we compare the performance of three networks with different
structures under the test sets: Faster RCNN with random input
size, namely the baseline; Faster RCNN optimized by STN,
whose input only could be fixed size; the proposed Faster RCNN
optimized by STMO-SPP with random input size. The experi-
mental results are shown in Table VII. Our proposed network
optimized by STMO-SPP outperforms all other models on each
metric on both standard test sets and generalized test sets. When
the localization accuracy requirements gradually increase, the
improvement driven by the STMO-SPP significantly increases,
especially when the IoU threshold is greater than 0.75.

The maximum increase on the standard test set is two times
when IoU = 0.95, and that on the generalized test set is 4.6
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Fig. 6. Visualization of CWFR module. (a) With CWFR module. (b) Without CWFR module.

TABLE VII
ADVANTAGE VERIFICATION OF THE PROPOSED STMO-SPP MODULE

Fig. 7. Visualization results of STN and STMO-SPP. (a) Input of STN. (b) Output of STN. (c) Input of STN STMO-SPP. (d) Output of STMO-SPP.

Fig. 8. Failure cases. (a) Miss of the full target detector. (b) Failure case owing to domain shift.

times when IoU = 0.85, at which point the baseline is al-
most completely invalidated. This demonstrates the proposed
STMO-SPP is especially beneficial for accurate localization.
Whereas, when only the STN module is introduced, the de-
gree of improvement of the detection accuracy is substantially
reduced, even lower than the baseline at IoU = 0.95 on the

standard test set and at IoU = 0.9 on the generalized test set,
whose reason can be deduced from the following visualization
results.

2) Qualitative Evaluation: In Fig. 7, we visualize the input
and output images of the networks optimized by the STN module
and STMO-SPP module respectively to display explicitly the
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TABLE VIII
COMPARISON RESULTS WITH VARIOUS BACKBONES

learned affine transformation. Two images are taken as exam-
ples, where the full target is partially occluded or there are other
interfering objects. The first column, i.e., Fig. 7(a), shows the
input image of the STN module, whose size is always cropped
to 112 × 112, and the second column is the corresponding
output. Fig. 7(c) shows the input image of the STMO-SPP
module without any preprocess and its output is demonstrated in
Fig. 7(d). We find that the output images of the STN module are
closer to the original images shown in Fig. 7(c), which means
the STN module for the detection task tends to scale fixed-size
images to appropriate proportions and sizes, yet rarely being
cropped or rotated. Considering that the STN module cannot
recover the input image perfectly, the target ratio always changes
inevitably and reduces the detection accuracy to some extent.
On the contrary, the proposed STMO-SPP module effectively
addresses the limitations of the fixed input image size in STN
and fully utilizes its advantages. Specifically, the STMO-SPP
module preserves the original aspect ratio of the input image
while eliminating interference objects through adaptive transfor-
mations, leading to a significant enhancement in the precision of
key part detection. The interference areas autonomously cropped
by the STMO-SPP module are highlighted in red in Fig. 7(c),
aiming to enhance their prominence. It should be noted that very
few interfering objects are completely removed, as this could
also result in the accidental removal of essential components of
the target.

D. Evaluation of the Influence of the Chosen Backbone

Furthermore, we conducted additional validation of the per-
formance of our model using different backbones. Alongside
Faster R-CNN, two RCNN-based models are also included as
comparative models: dynamic R-CNN and cascade R-CNN,
which exhibited favorable overall performance according to
Tables III and IV. ResNeXt [57] and Swin-Transformer [58] are
employed as alternative backbone architectures of ResNet50.
As shown in Table VIII, regardless of the selected backbone
architecture, our model consistently achieves superior average
accuracy, further demonstrating its competitive advantage.

E. Failure Cases

Since the proposed method is based entirely on the results
predicted by the full target detector, the designed key part detec-
tor cannot compensate for profoundly adverse mistakes made
by the full target detector, such as misclassification or totally

missing the regression box. In addition, our model shows re-
duced detection accuracy on visually distinct images compared
to the training images owing to domain shift. Fig. 8 illustrates
two failure cases.

VII. CONCLUSION

This article builds a key part detector for UAV remote sensing
images, aiming to locate the key part accurately based on the full
target detection results, in which the spatial transformer module
optimized by SPP and the classwise feature recalibration module
are designed. The STMO-SPP block can adaptively crop out the
interfering objects to encourage the model to focus more on
the target, which is suitable for random sizes of input images.
The CWFR module introduces the prior class information from
the results of the full target detector, motivating the model to
learn the dependencies between the prior knowledge and the
location of the key part. Meanwhile, we proposed a classification
loss function related to GIoU to alleviate the problem that
the traditional cross-entropy loss function is irrelevant to the
location task. The experimental results show that our proposed
model exhibits better localization results and robustness both on
the simulated dataset and real-world dataset.

In the future, we will enlarge our dataset by supplementing
more classes of targets and backgrounds, as well as exploring
various tricks and other localization loss functions to optimize
our model, such as increasing the IOU threshold for positive
objects, distance-IoU loss functions, and transfer our model
onto transformer-based models or one-stage models. Moreover,
we will be committed to building an integration framework
combining the full target detector and key part detector closely
and leveraging domain adaptive models in object detection in
military scenarios to enhance the practicality of our model.

REFERENCES

[1] J. Lv et al., “Recognition of deformation military targets in the
complex scenes via MiniSAR submeter images with FASAR-Net,”
IEEE Trans. Geosci. Remote Sens., vol. 61, 2023, Art. no. 5209219,
doi: 10.1109/TGRS.2023.3280946.

[2] X. Hu et al., “SPNet: Spectral patching end-to-end classification network
for UAV-borne hyperspectral imagery with high spatial and spectral resolu-
tions,” IEEE Trans. Geosci. Remote Sens., vol. 60, 2022, Art. no. 5503417,
doi: 10.1109/TGRS.2021.3049292.

[3] Z. Qin et al., “Task selection and scheduling in UAV-enabled
MEC for reconnaissance with time-varying priorities,” IEEE In-
ternet Things J, vol. 8, no. 24, pp. 17290–17307, Dec. 2021,
doi: 10.1109/JIOT.2021.3078746.

https://dx.doi.org/10.1109/TGRS.2023.3280946
https://dx.doi.org/10.1109/TGRS.2021.3049292
https://dx.doi.org/10.1109/JIOT.2021.3078746


WANG et al.: CLASSWISE VULNERABLE PART DETECTION METHOD FOR MILITARY TARGETS 8749

[4] L. Lomazzi et al., “Vulnerability assessment to projectiles: Approach
definition and application to helicopter platforms,” Def. Technol, vol. 18,
no. 9, pp. 1523–1537, Sep. 2022, doi: 10.1016/j.dt.2021.09.001.

[5] P. Qin et al., “Multilayer feature extraction network for military ship
detection from high-resolution optical remote sensing images,” IEEE J.
Sel. Top. Appl. Earth Observ. Remote Sens., vol. 14, pp. 11058–11069,
2021, doi: 10.1109/JSTARS.2021.3123080.

[6] L. Kong et al., “YOLO-G: A lightweight network model for improving
the performance of military targets detection,” IEEE Access, vol. 10,
pp. 55546–55564, 2022, doi: 10.1109/ACCESS.2022.3177628.

[7] K. Wang et al., “Reconcile prediction consistency for balanced object de-
tection,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021, pp. 3611–3620,
doi: 10.1109/ICCV48922.2021.00361.

[8] S. Ren et al., “Faster R-CNN: Towards real-time object de-
tection with region proposal networks,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 39, no. 6, pp. 1137–1149, Jun. 2017,
doi: 10.1109/TPAMI.2016.2577031.

[9] S. Wang et al., “Automatic laser profile recognition and fast track-
ing for structured light measurement using deep learning and tem-
plate matching,” Measurement, vol. 169, Feb. 2021, Art. no. 108362,
doi: 10.1016/j.measurement.2020.108362.

[10] M. Liu et al., “Exploit visual dependency relations for semantic segmen-
tation,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2021,
pp. 9721–9730, doi: 10.1109/CVPR46437.2021.00960.

[11] B. He et al., “Part-regularized near-duplicate vehicle re-identification,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2019,
pp. 3992–4000, doi: 10.1109/CVPR.2019.00412.

[12] A. Nadeem et al., “Automatic human posture estimation for sport activity
recognition with robust body parts detection and entropy Markov model,”
Multimedia Tools Appl., vol. 80, no. 14, pp. 21465–21498, Jun. 2021,
doi: 10.1007/s11042-021-10687-5.

[13] K. Hao et al., “An insulator defect detection model in aerial images based
on multiscale feature pyramid network,” IEEE Trans. Instrum. Meas.,
vol. 71, 2022, Art. no. 3522412, doi: 10.1109/TIM.2022.3200861.

[14] C. Liu et al., “Real-time Human detection and gesture recognition for
on-board UAV rescue,” Sensors, vol. 21, no. 6, Mar. 2021, Art. no. 2180,
doi: 10.3390/s21062180.

[15] D. Choi et al., “UAV-driven structural crack detection and location deter-
mination using convolutional neural networks,” Sensors, vol. 21, no. 8,
Apr. 2021, Art. no. 2650, doi: 10.3390/s21082650.

[16] X. He et al., “UAV-based road crack object-detection algorithm,”
Autom. Construction, vol. 154, Oct. 2023, Art. no. 105014,
doi: 10.1016/j.autcon.2023.105014.

[17] D. Biswas et al., “Unsupervised domain adaptation with debiased con-
trastive learning and support-set guided pseudolabeling for remote sensing
images,” IEEE J. Sel. Top. Appl. Earth Observ. Remote Sens., vol. 17,
pp. 3197–3210, 2024, doi: 10.1109/JSTARS.2024.3349541.

[18] Y. Zhu et al., “RFA-Net: Reconstructed feature alignment network for
domain adaptation object detection in remote sensing imagery,” IEEE J.
Sel. Top. Appl. Earth Observ. Remote Sens., vol. 15, pp. 5689–5703, 2022,
doi: 10.1109/JSTARS.2022.3190699.

[19] D. Biswas and J. Tesic, “Small object difficulty (SOD) mod-
eling for objects detection in satellite images,” in Proc. IEEE
14th Int. Conf. Comput. Intell. Commun. Netw., 2022, pp. 125–130,
doi: 10.1109/CICN56167.2022.10008383.

[20] D. Biswas, M. M. M. Rahman, Z. Zong, and J. Tesic, “Improving the energy
efficiency of real-time DNN object detection via compression, transfer
learning, and scale prediction,” in Proc. IEEE Int. Conf. Netw., Archit.
Storage, 2022, pp. 1–8, doi: 10.1109/NAS55553.2022.9925528.

[21] L. Von Rueden et al., “Informed machine learning - A taxonomy and
survey of integrating prior knowledge into learning systems,” IEEE
Trans. Knowl. Data Eng., vol. 35, no. 1, pp. 614–633, Jan. 2021,
doi: 10.1109/TKDE.2021.3079836.

[22] J. Chen et al., “Graph convolutional network-based method for fault
diagnosis using a hybrid of measurement and prior knowledge,”
IEEE Trans. Cybern., vol. 52, no. 9, pp. 9157–9169, Sep. 2022,
doi: 10.1109/TCYB.2021.3059002.

[23] W. Zhao et al., “Deep learning for COVID-19 detection based on
CT images,” Sci. Rep., vol. 11, no. 1, Jul. 2021, Art. no. 14353,
doi: 10.1038/s41598-021-93832-2.

[24] W. Xiong et al., “Fine-grained image-to-image transformation towards
visual recognition,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recog-
nit., 2020, pp. 5839–5848, doi: 10.1109/CVPR42600.2020.00588.

[25] Z. Ding et al., “Guided variational autoencoder for disentanglement learn-
ing,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 7917–7926, doi: 10.1109/CVPR42600.2020.00794.

[26] M. Jaderberg, K. Simonyan, and A. Zisserman, “Spatial transformer
networks,” in Proc. Adv. Neural Inf. Process. Syst., 2015, vol. 28,
pp. 2017–2025.

[27] Z. Zhong et al., “Spectral–spatial transformer network for hyperspec-
tral image classification: A factorized architecture search framework,”
IEEE Trans. Geosci. Remote Sens., vol. 60, 2022, Art. no. 5514715,
doi: 10.1109/TGRS.2021.3115699.

[28] L. Li, M. Pagnucco, and Y. Song, “Graph-based spatial transformer with
memory replay for multi-future pedestrian trajectory prediction,” in Proc.
IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2022, pp. 2221–2231,
doi: 10.1109/CVPR52688.2022.00227.

[29] J. Yan et al., “IoU-adaptive deformable R-CNN: Make full use of IoU for
multi-class object detection in remote sensing imagery,” Remote Sens.,
vol. 11, no. 3, Feb. 2019, Art. no. 286, doi: 10.3390/rs11030286.

[30] J. Nie et al., “Efficient selective context network for accurate object
detection,” IEEE Trans. Circuits Syst. Video Technol., vol. 31, no. 9,
pp. 3456–3468, Sep. 2021, doi: 10.1109/TCSVT.2020.3038649.

[31] S. Wu et al., “IoU-balanced loss functions for single-stage object
detection,” Pattern Recognit. Lett., vol. 156, pp. 96–103, Apr. 2022,
doi: 10.1016/j.patrec.2022.01.021.

[32] S. Wu et al., “IoU-aware single-stage object detector for accurate lo-
calization,” Image Vis. Comput., vol. 97, May 2020, Art. no. 103911,
doi: 10.1016/j.imavis.2020.103911.

[33] Y. Li et al., “Learning power Gaussian modeling loss for dense rotated
object detection in remote sensing images,” Chin. J. Aeronaut., vol. 36,
no. 10, pp. 353–365, Oct. 2023, doi: 10.1016/j.cja.2023.04.022.

[34] K. He et al., “Spatial pyramid pooling in deep convolu-
tional networks for visual recognition,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 37, no. 9, pp. 1904–1916, Sep. 2015,
doi: 10.1109/TPAMI.2015.2389824.

[35] Z. Lin et al., “Point cloud change detection with stereo V-SLAM:
Dataset, metrics and baseline,” IEEE Robot. Autom. Lett., vol. 7, no. 4,
pp. 12443–12450, Oct. 2022, doi: 10.1109/LRA.2022.3219018.

[36] M. Fonder and M. Van Droogenbroeck, “Mid-air: A multi-modal
dataset for extremely low altitude drone flights,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit. Workshops, 2019, pp. 553–562,
doi: 10.1109/CVPRW.2019.00081.

[37] M. S. Mahmud et al., “A survey of data partitioning and sampling methods
to support Big Data analysis,” Big Data Mining Anal., vol. 3, no. 2,
pp. 85–101, Jun. 2020, doi: 10.26599/BDMA.2019.9020015.

[38] The Sun, Dramatic moment Russian drone strikes Ukrainian tanks in
Zaporizhzhia [Video]. YouTube, Jun. 12, 2023. [Online]. Available: https:
//www.youtube.com/watch?v=g3xEnAKzomg

[39] News.com.au, Drone footage captures strikes on Russian tank in Mariupol,
Ukraine [Video]. YouTube, Mar. 17, 2022. [Online]. Available: https://
www.youtube.com/watch?v=gXoyWH5FMgU

[40] TEW22, Ukrainian forces drone eliminate Russian troops tanks & IFVs
in Vuhledar [Video]. YouTube, Feb. 28, 2023. [Online]. Available: https:
//www.youtube.com/watch?v=QbE0a3naSWw

[41] The Sun, Russian BMPT ‘Terminator’ tank is hit and destroyed by
Ukrainian drone [Video]. YouTube, Aug. 12, 2023. [Online]. Available:
https://www.youtube.com/watch?v=a1v0dkh7dtc

[42] Roboflow, Inc., “Pure Tank dataset,” Aerial detection, distributed by
Roboflow, Jan. 2023. [Online]. Available: https://universe.roboflow.com/
aerial-detection/pure-tank

[43] K. Chen et al., “MMDetection: Open MMLab detection toolbox and
benchmark,” Jun. 17, 2019. [Online]. Available: http://arxiv.org/abs/1906.
07155, Accessed: Sep. 25, 2023.

[44] H. Zhang et al., “DINO: DETR with improved denoising anchor boxes
for end-to-end object detection.” Jul. 11, 2022. [Online]. Available: http:
//arxiv.org/abs/2203.03605, Accessed: Mar. 8, 2024.

[45] S. Zhang et al., “Dense distinct query for end-to-end object detec-
tion,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2023,
pp. 7329–7338, doi: 10.1109/CVPR52729.2023.00708.

[46] E. Guemas et al., “Automatic patient-level recognition of four plasmod-
ium species on thin blood smear by a real-time detection transformer
(RT-DETR) object detection algorithm: A proof-of-concept and evalua-
tion,” Microbiol. Spectr., vol. 12, no. 2, pp. e01440–e01423, Feb. 2024,
doi: 10.1128/spectrum.01440-23.

[47] C.-Y. Wang et al., “YOLOv7: Trainable bag-of-freebies sets new
State-of-the-art for real-time object detectors,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit., 2023, pp. 7464–7475,
doi: 10.1109/CVPR52729.2023.00721.

[48] F. M. Talaat et al., “An improved fire detection approach based on
YOLO-v8 for smart cities,” Neural Comput. Appl., vol. 35, no. 28,
pp. 20939–20954, Oct. 2023, doi: 10.1007/s00521-023-08809-1.

https://dx.doi.org/10.1016/j.dt.2021.09.001
https://dx.doi.org/10.1109/JSTARS.2021.3123080
https://dx.doi.org/10.1109/ACCESS.2022.3177628
https://dx.doi.org/10.1109/ICCV48922.2021.00361
https://dx.doi.org/10.1109/TPAMI.2016.2577031.
https://dx.doi.org/10.1016/j.measurement.2020.108362
https://dx.doi.org/10.1109/CVPR46437.2021.00960
https://dx.doi.org/10.1109/CVPR.2019.00412
https://dx.doi.org/10.1007/s11042-021-10687-5
https://dx.doi.org/10.1109/TIM.2022.3200861
https://dx.doi.org/10.3390/s21062180
https://dx.doi.org/10.3390/s21082650
https://dx.doi.org/10.1016/j.autcon.2023.105014
https://dx.doi.org/10.1109/JSTARS.2024.3349541
https://dx.doi.org/10.1109/JSTARS.2022.3190699
https://dx.doi.org/10.1109/CICN56167.2022.10008383
https://dx.doi.org/10.1109/NAS55553.2022.9925528
https://dx.doi.org/10.1109/TKDE.2021.3079836
https://dx.doi.org/10.1109/TCYB.2021.3059002
https://dx.doi.org/10.1038/s41598-021-93832-2
https://dx.doi.org/10.1109/CVPR42600.2020.00588
https://dx.doi.org/10.1109/CVPR42600.2020.00794
https://dx.doi.org/10.1109/TGRS.2021.3115699
https://dx.doi.org/10.1109/CVPR52688.2022.00227
https://dx.doi.org/10.3390/rs11030286
https://dx.doi.org/10.1109/TCSVT.2020.3038649
https://dx.doi.org/10.1016/j.patrec.2022.01.021
https://dx.doi.org/10.1016/j.imavis.2020.103911
https://dx.doi.org/10.1016/j.cja.2023.04.022
https://dx.doi.org/10.1109/TPAMI.2015.2389824
https://dx.doi.org/10.1109/LRA.2022.3219018
https://dx.doi.org/10.1109/CVPRW.2019.00081
https://dx.doi.org/10.26599/BDMA.2019.9020015
https://www.youtube.com/watch?v=g3xEnAKzomg
https://www.youtube.com/watch?v=g3xEnAKzomg
https://www.youtube.com/watch?v=gXoyWH5FMgU
https://www.youtube.com/watch?v=gXoyWH5FMgU
https://www.youtube.com/watch?v=QbE0a3naSWw
https://www.youtube.com/watch?v=QbE0a3naSWw
https://www.youtube.com/watch?v=a1v0dkh7dtc
https://universe.roboflow.com/aerial-detection/pure-tank
https://universe.roboflow.com/aerial-detection/pure-tank
http://arxiv.org/abs/1906.07155
http://arxiv.org/abs/1906.07155
http://arxiv.org/abs/2203.03605
http://arxiv.org/abs/2203.03605
https://dx.doi.org/10.1109/CVPR52729.2023.00708
https://dx.doi.org/10.1128/spectrum.01440-23
https://dx.doi.org/10.1109/CVPR52729.2023.00721
https://dx.doi.org/10.1007/s00521-023-08809-1


8750 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

[49] Z. Cai and N. Vasconcelos, “Cascade R-CNN: Delving into high quality
object detection,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recog-
nit., 2018, pp. 6154–6162, doi: 10.1109/CVPR.2018.00644.

[50] X. Lu et al., “Grid R-CNN,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2019, pp. 7355–7364.

[51] J. Pang et al., “Libra R-CNN: Towards balanced learning for object
detection,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2019,
pp. 821–830, doi: 10.1109/CVPR.2019.00091.

[52] Y. Wu et al., “Rethinking classification and localization for object detec-
tion,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 10183–10192, doi: 10.1109/CVPR42600.2020.01020.

[53] H. Zhang et al., “Dynamic RCNN: Towards high quality object detection
via dynamic training,” in Proc. Eur. Conf. Comput. Vis., 2020, pp. 260–275.

[54] P. Sun et al., “Sparse R-CNN: End-to-end object detection with learnable
proposals,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2021, pp. 14449–14458, doi: 10.1109/CVPR46437.2021.01422.

[55] P. Song et al., “Boosting R-CNN: Reweighting R-CNN samples by
RPN’s error for underwater object detection,” Neurocomputing, vol. 530,
pp. 150–164, Apr. 2023, doi: 10.1016/j.neucom.2023.01.088.

[56] D. Wang et al., “Decoupled R-CNN: Sensitivity-specific de-
tector for higher accurate localization,” IEEE Trans. Circuits
Syst. Video Technol., vol. 32, no. 9, pp. 6324–6336, Sep. 2022,
doi: 10.1109/TCSVT.2022.3167114.

[57] T. Zhou et al., “ResNeXt and Res2Net structures for speaker verification,”
in Proc. IEEE Spoken Lang. Technol. Workshop, 2021, pp. 301–307,
doi: 10.1109/SLT48900.2021.9383531.

[58] Z. Liu et al., “Swin Transformer: Hierarchical vision transformer using
shifted Windows,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021,
pp. 9992–10002, doi: 10.1109/ICCV48922.2021.00986.

Hanyu Wang received the B.S. degree in weapon
systems and utilization engineering in 2019 from
the School of Mechatronical Engineering, Beijing
Institute of Technology, Beijing, China, where she
is currently working toward the Ph.D. degree in ar-
mament science and technology.

Her research interests include object detection of
images captured by UAVs, image processing, and
visual navigation.

Qiang Shen received the B.S., M.S., and Ph.D. de-
grees in measurement technology and instruments
from Beijing Institute of Technology, Beijing, China,
in 1999, 2002 and 2005, respectively.

Since 2005, he has been with the School of Mecha-
tronical Engineering, Beijing Institute of Technol-
ogy, Beijing, China, where he has been a Professor
since 2021. His research interests include intelligent
unmanned system design, navigation, measurement
and control technology, and projectile correction and
precision guidance technology.

Juan Li received the B.S. degree in statistics and the
Ph.D. degree in control science and engineering from
Beijing Institute of Technology, Beijing, China, in
2013 and 2019, respectively.

She is currently an Assistant Professor with the
School of Mechatronical Engineering, Beijing Insti-
tute of Technology. Her research interests include
multiobjective evolutionary optimization, combina-
torial and uncertain optimization, and swarm intelli-
gence.

Zihao Chen received the B.S. degree in mechan-
ical and electronic engineering in 2021 from Bei-
jing Institute of Technology, Beijing, China, where
he is currently working toward the M.S. degree in
armament science and technology with the School of
Mechatronical Engineering.

His research interests are UAV swarm mission
planning in complex environments.

Yiran Guo received the B.S. degree in mechanical
and electronic engineering in 2022 from Beijing In-
stitute of Technology, Beijing, China, where he is
currently working toward the M.S. degree in mechan-
ical and electronic engineering with the School of
Mechatronical Engineering.

His research interests include computer science,
artificial intelligence, and image processing.

Shouyi Zhang received the B.S. degree in electronic
information engineering from the China University
of Mining and Technology, Xuzhou, China, in 2022.
He is currently working toward the M.S. degree in
armament science and technology with the School
of Mechatronical Engineering, Beijing Institute of
Technology, Beijing, China.

His research interests include deep learning and
visual navigation.

https://dx.doi.org/10.1109/CVPR.2018.00644
https://dx.doi.org/10.1109/CVPR.2019.00091
https://dx.doi.org/10.1109/CVPR42600.2020.01020
https://dx.doi.org/10.1109/CVPR46437.2021.01422
https://dx.doi.org/10.1016/j.neucom.2023.01.088
https://dx.doi.org/10.1109/TCSVT.2022.3167114
https://dx.doi.org/10.1109/SLT48900.2021.9383531
https://dx.doi.org/10.1109/ICCV48922.2021.00986


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


