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Highlights

What are the main findings?

¢ The two-stage weakly supervised framework enables accurate fine-grained classifica-
tion and localization with limited labels, using the Prior-knowledge-based Soft-label
Generator (PSG) and Text Prototype Alignment (TPA) to replace large-scale annotations.

* The Feature Purification Module (FPM) reduces feature noise from complex backgrounds
and target structures by embedding differentiable morphological operations into deep
networks.

What are the implications of the main findings?

* Reducing annotation dependence lowers costs and boosts the practicality of fine-grained
detection in remote sensing.

¢ The integration of soft-label generation, text alignment, and feature purification offers
an effective approach to adapting Vision-Language Models for remote sensing with
scarce labels, thereby enhancing generalization and discrimination.

Abstract

The weakly supervised aircraft fine-grained detection task remains challenging due to
the lack of fine-grained category labels. In addition, the high inter-class similarity among
aircraft categories and complex background interference further hinders discriminative
feature learning. To address these challenges, we propose a weakly supervised fine-grained
aircraft detection framework based on prior-knowledge prototype learning. Specifically,
a Prior-knowledge-based Soft-label Generator (PSG) is designed to exploit geometric and
semantic priors, enabling the propagation of fine-grained category annotations from a few
annotated samples to large-scale unlabeled data through reliable soft-label generation. To
alleviate category ambiguity caused by highly similar aircraft categories, a Text Prototype
Alignment (TPA) strategy is introduced to align vision-language semantic knowledge with
the remote sensing domain and construct discriminative semantic prototypes. Furthermore,
a Feature Purification Module (FPM) is developed to suppress background noise through
morphology-guided feature purification and enhance aircraft-specific representations. Ex-
periments on the FAIRIM-Aircraft dataset demonstrate that the proposed method achieves
30.5% mAP with only 50 fine-grained annotated images, outperforming the baseline by
10.1 mAP points.
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1. Introduction

In recent years, the rapid development of high-resolution remote sensing (RS) optical
imagery and deep learning technologies has brought revolutionary progress to the field of
earth observation [1-4]. Among them, aircraft detection is an important fundamental task.
It plays a crucial role in applications such as aviation surveillance, intelligent airport man-
agement, military situational awareness, and disaster emergency response [5-7]. However,
traditional coarse-grained detection only recognizes the general category “aircraft” and can
no longer meet the increasing practical needs of the real world. Accurately locating aircraft
and identifying their specific models (such as the Boeing 737 and the Airbus 320) is not
only a prerequisite for fine situational monitoring but also a key challenge that urgently
needs to be addressed in RS vision tasks [8,9]. This has led to a more challenging task:
fine-grained aircraft detection and recognition [10-14].

Despite significant progress in existing fine-grained detection methods, their prac-
tical application in RS scenes is still severely constrained by several key bottlenecks.
Firstly, supervised learning methods rely heavily on a large number of high-quality, fine-
grained annotated samples [1,2]. However, different aircraft models typically exhibit
highly similar visual appearances. For example, the Boeing 737 and Airbus A320 dis-
play extremely subtle differences in top view, which makes manual annotation not only
highly dependent on professional knowledge but also extremely labor-intensive. Secondly,
the single-mode feature learning has inherent semantic limitations. Existing detection
models [15-17] struggle to effectively distinguish highly similar subclasses using only
visual features, and incorporating text features with rich semantic information warrants
exploration. Finally, the aircraft’s stable apparent structure further complicates the ex-
traction of discriminative features [13,18]. Due to the aircraft’s cross-shaped or swept-
wing structure, the proposal regions provided by the existing region proposal network
(RPN) [19] are mottled. These features are mixed with a large amount of background noise,
such as apron markings and boarding bridges. This further blurs the distinctions between
the target’s fine-grained classes.

To alleviate the high cost of annotation, WSL offers a promising alternative for object
detection. However, current weakly supervised methods in RS mainly focus on the spatial
localization of targets. The existing mainstream methods can usually be divided into
two paradigms: one uses low-cost horizontal bounding-box annotations to learn object-
oriented detectors [20,21], and the other uses low-cost point supervision schemes [22-25].
Although these methods effectively reduce the annotation cost of spatial localization, WSL
on fine-grained classification subtasks remains a challenge.

It is crucial to clarify the distinction between our setting and conventional few-shot
learning. First, the labeling criteria for fine-grained categories in RS often exhibit low
correlation with the actual physical differences between targets (e.g., visually similar aircraft
models). This makes purely supervised mapping from a few samples highly ambiguous.
Second, even if a model were to cluster fine-grained features without explicit labels, the lack
of a deterministic mapping from its emergent clusters to the ground-truth categories would
hinder objective performance evaluation. Therefore, unlike few-shot learning, which aims
to learn a classifier from a handful of labeled examples per novel class, our proposed
framework operates under a weakly supervised setting. It leverages a large number of
samples with coarse-grained category annotations (e.g., “airplane”), complemented by
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an extremely small set (e.g., 1%) of fine-grained annotated samples. The primary role of
the few fine-grained samples is not to learn a complete classifier, but to establish a reliable
semantic mapping between the model’s predicted feature space and the real-world category
labels. Meanwhile, the abundance of coarse-labeled data provides essential structural and
distributional priors. This paradigm significantly reduces the annotation burden while
enabling controllable and valuable fine-grained recognition.

Recently, several methods have attempted to introduce contrastive learning into RS
fine-grained object detection by using learnable prototype parameters or category-averaged
features to represent category centers [26,27]. However, these methods remain largely
limited to optimizing a single mode and rely heavily on learning from large numbers
of samples. This significantly degrades the model’s recognition performance under ex-
tremely limited training samples. The rapid development of VLMs [28-31] provides a new
perspective for overcoming this challenge. Their cross-modal alignment ability enables
semantically guided visual learning from textual information. However, the lack of expert
knowledge in RS leads to significant domain gaps in its application. This further leads to
insufficient differentiation among fine-grained visual features of RS that are aligned with
text embeddings. Therefore, effectively integrating multi-source prior knowledge with
extremely limited fine-grained annotations remains a challenge.

Based on the above analysis, we summarize three major challenges in weakly super-
vised fine-grained aircraft detection in RS images: (1) lack of fine-grained classification
labels; (2) high inter-class similarity among categories; and (3) complex background inter-
ference in RS scenes. Based on this, we have designed and proposed a novel two-stage
weakly supervised fine-grained object detection framework. This framework aims to signif-
icantly reduce annotation costs while achieving precise fine-grained recognition of aircraft
categories. Specifically, our framework consists of three key innovations.

For the first challenge, we design a Prior-knowledge-based Soft-label Generator (PSG).
PSG leverages geometric information and cross-modal semantic similarity to construct
Gaussian distribution-based category prototypes, deriving reliable fine-grained informa-
tion for large-scale coarse-labeled samples from only a handful of annotated instances. For
the second, we introduce a Text Prototype Alignment (TPA) strategy for fine-grained repre-
sentation learning. It adapts the text embeddings produced by a vision-language model
to the RS domain and aligns them with Rol visual features, enabling more discriminative
feature learning across highly similar aircraft categories. For the last, we further propose
a morphology-guided Feature Purification Module (FPM). By integrating morphological
suppression [32] with local enhancement convolution, FPM suppresses background in-
terference while preserving discriminative target structures, producing cleaner and more
informative Rol representations.

The main contributions of this paper can be summarized as follows:

e We propose a novel two-stage weakly supervised fine-grained object detection frame-
work. The proposed framework effectively eliminates the dependence on large-scale
fine-grained annotations while achieving fine-grained aircraft classification and local-
ization with significantly reduced annotation costs.

*  We design a Prior-knowledge-based Soft-label Generator (PSG) based on multi-source
prior knowledge. It constructs Gaussian-distributed class prototypes by mining
geometric information and cross-modal semantic similarity. Reliable soft labels are
derived from large-scale unlabeled samples, thereby providing supervision.

*  We design a Text Prototype Alignment (TPA) strategy. It adapts VLM-derived text
prototypes for the RS domain using a learnable transformation. Next, the contrastive
learning method is applied to align Rol features with the adapted text prototypes,
thereby improving the distinguishability of fine-grained features.
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*  We propose a background-suppressed Feature Purification Module (FPM). By inno-
vatively introducing morphological operations into deep networks, the proposed
module effectively suppresses feature noise arising from complex RS backgrounds
and specialized target structures.

2. Related Work
2.1. Remote Sensing Aircraft Detection

RS aircraft detection plays an important role in airport surveillance, military recon-
naissance, and airspace management [7,9]. In recent years, with the rapid development of
deep learning techniques, extensive research has focused on aircraft structural modeling,
the utilization of prior knowledge, and feature extraction. Early studies mainly focused
on aircraft detection based on convolutional neural networks (CNNs). Wu et al. [33] com-
bined candidate target regions with CNNs to achieve fast aircraft detection in satellite RS
images. Subsequently, Zhang et al. [34] proposed a weakly supervised aircraft detection
method based on coupled convolutional neural networks, which effectively identified
aircraft targets in high-resolution RS imagery. Li et al. [35] further integrated reinforcement
learning with CNNs to construct an aircraft detection framework for RS scenarios, thereby
improving detection performance. As research progressed, increasing attention has been
paid to aircraft structural information and key component features. Zuo et al. [36] intro-
duced an aircraft model recognition method based on deep convolutional neural network
segmentation. By detecting critical components, including the nose, tail, and two wingtips,
along with optimized contour masks, the method enabled finer-grained modeling of aircraft
structure. Subsequently, Xiong et al. [37] proposed NLFFNet, which integrated non-local
feature enhancement, component-level feature fusion, and an adaptive loss function to
mitigate hard-sample ambiguity. By modeling long-range spatial dependencies and exploit-
ing discriminative aircraft parts, the method achieved high-precision recognition across
47 aircraft categories. To address the high similarity among fine-grained aircraft categories,
Jia et al. [38] designed ACDN, which introduces additional discriminative modules to
accurately distinguish the unique tail features of confusing aircraft types, such as the ARJ21.
Building on these studies, several methods have further improved aircraft detection per-
formance through improved feature representation and semantic modeling. Cai et al. [39]
proposed an end-to-end network, OE-FCN, which captures intra-class variations in RS
images through a feature mining mechanism, thereby enhancing aircraft detection capabil-
ity. Wei et al. [40] introduced X-LineNet, which transforms the aircraft detection task into
predicting and combining intersecting line segments, enabling the network to learn richer,
more discriminative visual semantic information. Subsequently, Zeng et al. [41] proposed
a top-down aircraft detection framework for large-scale RS scenes, in which U-Net [42]
was first used to detect airport regions, followed by an FEF-R-CNN for aircraft detection,
achieving promising performance in complex scenarios. In addition, Liu et al. [43] proposed
52CGNet, which enhanced the perception of aircraft structures and component semantics
by introducing the SAM [44] and IAG modules. Qian et al. [45] further proposed AR-
Net, which incorporated knowledge graphs and expert-derived priors into an end-to-end
detection framework to improve aircraft detection and recognition performance.

Overall, existing methods have made significant progress in aircraft structure model-
ing, feature extraction, and the utilization of prior knowledge. However, most mainstream
approaches still heavily rely on large amounts of precise annotations. Under weak seman-
tic supervision or in few-shot optimization scenarios, insufficient supervision and high
similarity among fine-grained categories severely limit detection performance.
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2.2. Weakly Supervised Object Detection

Weakly supervised object detection aims to achieve object classification and localiza-
tion solely through image-level labels, thereby significantly reducing data annotation costs.
In the general field of computer vision, this paradigm is typically based on multi-instance
learning frameworks: the early representative work, WSDDN, generated candidate re-
gion scores via parallel classification and localization branches. However, these methods
often suffer from the “local advantage”: detectors tend to focus on the most discrimina-
tive parts of the object while ignoring its overall structure. Subsequent research, such as
OICR [46], aimed to alleviate this issue by iteratively improving pseudo labels. Although
these methods have made significant progress on general datasets, directly transferring
them to RS scenarios presents unique challenges. The complex background interference,
arbitrary object orientations, and significant scale changes from an overhead perspective
exacerbate the risk of failure of traditional weakly supervised methods in RS scenes. In
recent years, H2RBox [20] has been a representative work in this direction, using only
horizontal bounding box annotations to train a rotating object detector. The core idea was
to mine object-oriented information from horizontal boxes through self-supervised learning.
H2RBox-v2 [21] further introduced rotation-equivariant constraints, achieving performance
close to that of a fully supervised rotation detector using only horizontal box annotations.
Another paradigm was point-supervised object detection, which incurred lower annotation
costs. P2RBox [22] used point annotations to guide segmentation models in generating
candidate masks, used MIL networks to filter high-quality masks, and then converted the
masks into rotated boxes through SAE modules. Point2RBox [23] proposed the first end-to-
end oriented object detection scheme with single-point supervision. Point2RBox-v2 [24]
further explored the spatial layout information between instances by introducing Gaussian
overlap loss and Voronoi watershed loss, and performed particularly well in dense scenes.
Point2RBox-v3 [25] addressed the two main problems of low pseudo-label quality and low
utilization in existing methods by combining the complementary advantages of SAM [44]
in sparse scenes and watershed in dense scenes.

Overall, existing weakly supervised and point-supervised oriented object detection
methods have achieved significant progress in reducing annotation costs and improving
object localization accuracy. However, fine-grained object detection requires not only
precise object localization but also accurate discrimination among fine-grained categories.
Most existing methods focus on object localization, whereas WSL for fine-grained category
discrimination remains underexplored.

2.3. Prototype Learning for Object Detection

Prototype learning, a key branch of contrastive learning, aims to learn discriminative
representations by pulling same-class samples closer and pushing different-class samples
apart [26,27,47,48]. While instance-level contrastive methods like MoCo [49] effectively
addressed negative sample scarcity and encoder inconsistency, they treated all instances as
negatives by default, ignoring potential semantic correlations and thus limiting high-level
representation learning. To address this, PCL [47] first introduced prototype learning
into contrastive learning, generating class prototypes via clustering under an Expectation-
Maximization framework. This paradigm has since been widely adopted in Few-Shot
Object Detection (FSOD). Early FSOD methods struggled to extract robust prototypes
from limited samples of novel classes. Wu et al. [50] proposed “Universal Prototypes” to
learn shared cross-category features, enhancing generalization to unseen classes. In RS
FSOD, methods such as P-CNN [51] and DPL-Net [48] have introduced prototype-guided
proposal generation and dynamic hard-sample partitioning to address challenges such as
complex backgrounds and intra-class diversity. Prototypical contrastive learning has also
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been extended to fine-grained RS detection. PCLDet [26] built a class prototype bank to
maximize inter-class distance. However, its learnable prototype vectors struggled with
the limited number of categories per batch, resulting in inaccurate estimates. APCL [27]
addressed this via exponential moving average-based prototype updates, significantly
improving fine-grained ship recognition.

Despite these advances, most existing methods construct prototypes solely from visual
features, underutilizing cross-modal semantic priors. Moreover, the semantic alignment be-
tween fine-grained visual features and prototypes remains underexplored in RS scenarios.

3. Preliminaries

(1) Annotation Form:

In supervised-learning-based aircraft detection tasks, training data requires not only
Oriented Bounding Boxes (OBBs) but also fine-grained categories. For each aircraft, the OBB
is represented using a five-parameter formulation B = (x,y,w,h,6), where (x,y) de-
notes the center coordinates, w and & represent the width and height respectively, and
6 € [—m/2,71/2) is the rotation angle. Category information adopts one-hot encoding
c € {0,1}%, where C is the total number of categories, with only the ground-truth category
set to 1 and all others to 0. The above precise localization and fine-grained category labeling
of aircraft provide detailed supervisory information for the model but also entail high
labor costs.

In contrast, WSL means weaker semantic annotation information. Our method aims
to achieve WSL of the model on sub-tasks of fine-grained category recognition. Specifically,
for each unlabeled instance, we generate soft labels Y = [y1,y2,...,yc], yc € [0,1] that form
probability distributions across all categories, satisfying zg;l Ye = 1. These soft labels serve
as supervisory signals for unlabeled samples, effectively propagating knowledge from
a limited set of annotated samples to the entire dataset.

(2) Training Pipeline:

Oriented object detectors typically adopt a two-stage framework. In the first stage,
the oriented RPN [15] slides predefined anchor boxes over the feature map. For each anchor
box A = (X4, Ya, Wa, Ny, 0,), the network predicts regression offsets A = (Ax, Ay, Aw, Ah, AB)
to generate candidate proposals P = (x,y, w, h,0), where:

X=X, +Ax-w,,

Y=Ya+ Ay hy,

w = w, - exp(Aw), (1)
h = h, - exp(Ah),

0 =0,+ A0

In the second stage, Rotated Rol Align [52] extracts rotation-invariant features from
the candidate proposals. Given a proposal P, it is rotated to a horizontal orientation via
an affine transformation. The transformation matrix is defined as:

cosf —sinf x
T= |sinf cosf y 2)
0 0 1

For any point p = (u,v) within the proposal, its corresponding position in the original
feature map is computed as [, ¥/, 1]T = T [u —w/2,0 — h/2,1]7, followed by bilinear
interpolation to obtain the feature Froy. Finally, the classification head outputs category
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probability distribution p. € RN, and the regression head outputs refinement offsets
A’ € RS, yielding the final detection box:

Beinal = (x + Alw, y+A h,w-exp(Al), h-exp(A),),0+ Ap) (3)

(3) Loss Function:

Based on the previous description of weakly supervised fine-grained detection tasks,
we define variable M as the number of samples provided for fine-grained category label-
ing, and N as the number of samples in the dataset containing coarse-grained labeling.
Specifically, let M < N/100; M < 4 - C to meet the requirement of a few samples provided.
For supervised-learning-based fine-grained detectors, M fine-grained annotated samples
are used to train the model. And our method is also based on M fine-grained samples,
which are used to construct category-specific prototypes. And further expand it to N
coarse-grained samples by generating fine-grained soft labels for model training. The
classification loss functions used by both are standard cross-entropy:

Npos Nhe
1 g
9 1og(pic) — o ) ;o 108(Pjbg), (4)
Z Z ZC Nneg ]; j.bg J:b8

i=1 c=

‘Ccls -

Npos

where Npos denotes the positive sampled Rol samples, and Nyeg denotes negative. For
positive Rol samples, yAfC is generated by the proposed PSG to provide fine-grained category
supervision, while negative Rol samples are assigned with the background one-hot label
¥; . following the original detection strategy.

For localization loss, the smooth L1 distance is usually selected:

ro 1 y 0.5(B; — B;)?, if|B;—Bi| <1 )
8 Npos 5 |Bi—1§i|—0.5, otherwise

The total loss for the detector is L = L5 + AregLreg- By jointly optimizing the
classification and regression losses, the detector learns to leverage knowledge from the
limited annotated samples while effectively utilizing abundant unlabeled data.

4. Methodology
4.1. Overview

In this section, we detail the proposed weakly supervised fine-grained aircraft detec-
tion framework. As illustrated in Figure 1, the framework consists of two stages: prior
knowledge preprocessing and weakly supervised training. This two-stage strategy enables
the model to efficiently transfer discriminative knowledge from a very limited number of
fine-grained annotated samples to massive unlabeled data.

(1) Stage I: Prior Knowledge Preprocessing.

In the first stage, we mainly completed the generation of soft labels and the migration of
text prototypes. Specifically, for fairness, we first extract and construct reliable prior prototypes
from M fine-grained sample annotations. Specifically, for each fine-grained category, we extract
geometric and cross-modal semantic similarity features and build Gaussian-prior prototypes
based on them. For any unlabeled sample, soft labels are generated by calculating its similarity
to each previous prototype. In addition, to fully leverage the semantic knowledge of VLMs,
we extracted text embeddings and transferred them to text prototypes via parameter-efficient
fine-tuning, thereby better aligning them with prior knowledge in RS. These text prototypes
provide highly discriminative semantic information for feature alignment in the next stage.
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(2) Stage II: Weakly Supervised Training.

We introduced a contrastive learning head equipped with the TPA strategy in the
detector. It maps Rol features to the semantic space of the text prototype, bringing similar
features closer and separating dissimilar features. In addition, we embedded FPM into the
Rol Head’s output to further suppress background noise and enhance feature representa-
tion. The entire model is trained end-to-end under the joint supervision of classification,
regression, and contrastive loss.

Stage 1:Prior Knowledge Preprocessing

Prior-knowledge-based Soft-label Generator Text Prototype Alignment
F e RSIZ Text Prompt for Each Class
A photo fo - . .
Text Encoder ( Descriptions of all aircraft categories )
“% Frozen l
/G Text Encoder
|
4 Frozen
Vision Encoder —» | i Sim i l
| .
4% Frozen - J_ P N Learnable Matrix W
Nx512 (512x512)
_sek
/
Gaussian-prior prototypes \ & Tuning J
| Y e N
1My O-/ll N ﬂc’};’ i I/ Project Matrix Adapted Text Prototype \
! e ! e c—— |
‘ SAANNE WOE W
| e iRl
M fine-grained HER || &4 8 3 !
samples Soft Label Generation | | |
y= [ 0.07 0.12 ... 0.68 .. 0.13 ] | k W = R512x512 P = ]Rstlz )
< ~ - —
_— 1

Detection Head  Loc Cls —t Feature Purification Module
|

e I

{/ Contrast Head S Local enhancement
|
: - l Norm Conv Conv
: = ' 1x1 3x3
L. [f— + -— -—

l T l el
|
|
|

Input images Background

suppression

/

\
A

Rol Feature
Extractor

Backbone+FPN —»| — Oriented-RPN ——

[

Figure 1. Overview of the proposed weakly supervised fine-grained aircraft detection framework. It
consists of two stages: prior knowledge preprocessing and weakly supervised training.

4.2. Stage I: Prior Knowledge Preprocessing
4.2.1. Prior-Knowledge-Based Soft-Label Generator

Supervised-learning-based methods typically require a one-to-one correspondence
between samples and annotations. In weakly supervised fine-grained detection tasks,
the model can access only a few fine-grained annotations and cannot map them to a broader
range of samples. To address the above challenges, we construct a set of prior knowledge
prototypes by mining the provided fine-grained annotated geometric information and the
aircraft’s semantic knowledge. And based on this, we generate soft labels to map more
coarse-grained annotated samples, guiding the model to achieve fine-grained category
learning under WSL.

(1) Geometric Feature Extraction:
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As illustrated in Figure 2, we design the GFE for estimating aircraft horizontal size
and vertical height.

Geometric Feature Extraction (GFE)

e -
Horizontal Size
‘B

\ Localization Size information

\ ertical height

I & Geometric prototype

Depth Estimation ~ Height H
Model information

LvWH
g_[aA ) ]

Sample with OBB

Figure 2. Geometric feature extraction, where the Depth Estimation Model is a monocular depth
estimation model for obtaining height information.

Given a coarse-grained sample, its oriented bounding box is defined as B = (x,y,w, h, ),
where the length and width are defined as L = max(w, h) and W = min(w, h), respectively.
They precisely represent the aircraft’s length and width, which are specific to each model.
Considering that aircraft altitude information is equally important for distinguishing
aircraft models, but altitude information cannot be directly obtained from RS images.

We have introduced existing monocular depth estimation methods for estimating
aircraft altitude. It is worth noting that monocular depth estimation cannot accurately
recover the physical altitude of aircraft from RS images. Therefore, the derived height
should not be interpreted as a real-world altitude. It characterizes the relative depth
contrast between aircraft and surrounding regions. Specifically, the cropped target region
is fed into the well-trained depth estimation model to obtain a depth map. Let the average
depth value of the four corner points in the depth map be dcomer and the maximum depth
value be dmax, then the estimated height is calculated as:

H = dmax — dcorner (6)
Accordingly, we define a three-dimensional geometric feature vector represented as:
g=[LW,H eR’ @)

(2) Visual-Text Semantic Similarity:

Relying solely on geometric features to generate soft labels is far from enough, just as it
does not consider the apparent structure of the aircraft. In practical scenarios, many aircraft
models (e.g., Boeing 737 and Airbus A320, or Boeing 777 and Boeing 787) exhibit highly
similar physical dimensions, including fuselage length, wingspan, and aspect ratio. Therefore,
when encountering situations in which the size is the same but the type differs, prototypes
constructed based on geometric features often exhibit significant ambiguity.

To overcome this limitation of purely geometric representations, we leverage the cross-
modal representation capability of VLMs, specifically CLIP [28], and introduce semantic
features as complementary supervisory information. Specifically, we construct a unified
textual description of an aircraft (e.g., “a high-resolution RS image of an aircraft”) and
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encode it into a general text embedding using the VLM's pretrained text encoder. For the
visual feature 7, € R!2 extracted from any fine-grained target, we explicitly calculate its
cosine similarity with the general text embedding. This similarity quantifies the degree to
which the visual representations of all fine-grained categories lie within the same cross-
modal semantic feature space. It enables the model to effectively perceive subtle appearance
perturbations between different fine-grained subclasses, thereby extracting more inherently
discriminative relative semantic features.

(38) Prior Prototype Construction and Soft Label Generation:

After fusing geometric features and semantic similarities, we assume that features
of each class in the embedding space follow a Gaussian distribution. We then construct
a Gaussian distribution-based probabilistic prototype (pc, 0c), where the mean p. rep-
resents the class center prototype and the variance o, captures intra-class variation
and uncertainty.

fme jeD5

fine

1
o =

Y. llf—rpell3 9)

| fine| J€DG e
For any sample i without fine-grained annotations, its feature representation f; is ex-

tracted, and its the normalized Euclidean distance to each category prototype d; . is computed.

di,c ||fl _0-pC||2 (10)
Cc

Finally, the distance values are converted into a soft label distribution using the
Softmax function:

ot = ) ay
ZC/ 1 eXP( ic! )
where C denotes the number of fine-grained categories. These prototypes remain fixed after
construction. The generated soft labels serve as pseudo-supervision signals for subsequent
weakly supervised training. The overall procedure of the proposed prior-knowledge-based
soft-label generation is summarized in Algorithm 1.

Algorithm 1 Prior-Knowledge-based Soft-label Generator

Require: Fine-grained prior set Dy, coarse-grained set Deoarse
Ensure: Soft labels {y3*"},cp_ . . for coarse samples
1: Stage 1: Prior prototype construction
2: for each fine-grained prior sample j € Dy do
3:  Extract geometric features g; = [Lj, Wi, H j], where H; = dmax — dcorner
4:  Compute semantic similarity vector s;
5. Form fused feature f; = [g;;s/]
6: end for
7: for each fine-grained categoryc =1,...,C do
8:  Initialize prior prototype p. = m Ljepg, . fi {Fixed, not updated}
9:  Estimate category scale o, according to Equation (9)
10: end for
11: Stage 2: Soft label generation for coarse samples
12: for each coarse-grained sample i € Deoarse do
13:  Extract fused feature f;
14:  Compute normalized Euclidean distance d; . according to Equation (10)
15:  Generate soft label ys"ft according to Equation (11)
16: end for
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4.2.2. Text Prototype Alignment Strategy

Introducing contrastive learning into fine-grained detection tasks and employing
prototype learning to optimize the feature-space distribution are effective approaches
to enhancing the discriminative capability of RS fine-grained object detection. Proto-
type learning, by forcing intra-class samples to be more compact and inter-class samples
more separated, naturally aligns with the demand for highly discriminative features in
fine-grained detection. However, existing prototype-based methods heavily rely on the
extraction of discriminative visual features. In RS fine-grained scenarios, different cate-
gories often exhibit only subtle structural differences and highly similar visual appearances,
making it difficult to fully characterize category prototypes using visual features alone.

To alleviate this issue, we incorporate semantic information to address the limitations
of visual representations. Textual descriptions provide higher-level semantic priors that
enhance semantic discriminability among fine-grained categories. Nevertheless, existing
VLMs are primarily pretrained on generic natural-image datasets and lack adaptation to
RS scenarios. Moreover, they still struggle to distinguish subtle inter-class differences in
fine-grained tasks. Therefore, we propose a TPA strategy to construct a shared semantic
space tailored for RS fine-grained object detection.

Specifically, we first construct a text description for each fine-grained category and
use it as a text prompt for the VLM text encoder, as illustrated in Table 1, thereby gener-
ating a text embedding with dimension N;. Meanwhile, a well-trained object detector is
employed to extract visual Rol features from M annotated fine-grained samples. These
visual features are further pooled and interpolated into the same N;-dimensional space to
obtain corresponding visual representations.

Table 1. Examples of category-specific textual prompts used for text embedding generation.

Category Text Prompt
Boeing737 a narrow-body twinjet airliner with characteristic winglets and underwing engines
Boeing747 a wide-body four-engine jumbo jet with a distinctive hump upper deck
Boeing777 a wide-body twinjet airliner with six-wheel main landing gear and large underwing engines
Boeing787 a wide-body twinjet airliner with a smooth nose contour and large cockpit windows
C919 a narrow-body twinjet airliner with winglets
A220 a narrow-body twinjet aircraft with a distinctive pointed nose cone and rear-mounted engines
A321 the longest variant of the A320 family with an elongated fuselage
A330 a wide-body twinjet airliner with distinctive cockpit windows and wingtip fences
A350 a wide-body twinjet airliner with black cockpit windows and curved carbon-fiber wingtips
ARJ21 a regional jet airliner with a T-tail configuration and aft-mounted engines

other-airplane  a generic commercial airplane with standard aircraft configuration

After obtaining the text embeddings and visual representations, we further introduce
a learnable alignment matrix:
W e RN

to jointly project text and visual features into a shared semantic space. The transformation
is expected to satisfy two objectives simultaneously: (1) enforcing cross-modal consistency
between visual representations and text embeddings belonging to the same category, and
(2) enhancing the discriminability among text embeddings from different categories. Based
on these objectives, we design a cross-modal alignment loss and a discriminative loss to
jointly optimize the alignment matrix W.

Fl=WF, F,=WF, (12)
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First, to enhance semantic consistency between visual features and their corresponding
text embeddings, we define the cross-modal alignment loss as:

1 exp (Fé;]—'t”c], /T)
log — T
Yi_1€exp (]—"z’),j ft’,k/'r)

Ealign = (13)

| Drine | 7€ Dfine

where ]-'z’)’ j denotes the j-th transformed visual feature, and F, t’,k denotes the transformed
text embedding of the k-th category. C is the number of categories and 7 is the temperature
parameter. T is empirically set to 0.5. Dgye denotes the set of M annotated fine-grained
training samples. This loss follows the InfoNCE-style, encouraging visual features to be
close to their corresponding text embeddings while pushing them away from non-matching
categories in the shared semantic space.

Furthermore, to improve the discriminability among different text embeddings, we
introduce a margin-based discriminative loss:

L —1Zmax<0 gt/]m) (14)
wTcE IF 01

where F/; and ]:t/,j denote the transformed text embeddings of different categories.
m is a margin hyperparameter used to constrain the cosine similarity between hetero-
geneous category embeddings. Given the high semantic similarity among fine-grained
categories, we empirically set m = 0.5, a value commonly used in fine-grained object
detection tasks.

This loss enforces a margin constraint on the cosine similarity between different text
embeddings, penalizing only those pairs whose similarity exceeds the margin threshold.
As a result, it explicitly reduces semantic overlap among categories and improves the
structural separability of the text prototypes.

Finally, the overall optimization objective for the alignment matrix W is formulated as:

ACW = /\alignﬁalign + /\disﬁdis (15)

where Agjign and Ag;s are weighting factors that balance the cross-modal alignment loss
and the prototype discriminative loss, respectively. By minimizing the above objective,
an effective shared semantic space suitable for RS fine-grained scenarios can be obtained.
Subsequently, in the Stage II weakly supervised training, the alignment matrix (W) and
the adapted text prototypes are fixed. A contrastive learning strategy is then employed to
guide visual features toward their corresponding text prototypes P, thus improving RS
fine-grained object detection performance.

4.3. Stage 11I: Weakly Supervised Training

After obtaining the soft labels, the next step is to train the model in a WSL manner. We
will introduce two key modules: the FPM and the Loss Function.

4.3.1. Feature Purification Module (FPM)

Due to the unique geometry of aircraft, the proposed regions often contain substantial
background content. Feature maps are prone to isolated “spike” noise due to overactivation
within local receptive fields and interference from complex airport backgrounds during feature
extraction. To obtain more robust contextual representations, inspired by morphological
opening operations, we propose a background-suppressed Feature Purification Module.
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Given an input Rol feature map Fgo € RHRorWrorXNrol| we approximate morphologi-
cal erosion and dilation using 3 x 3 Max Pooling operations:

Fps = MaxPools ( — MaxPools(—Fror)) (16)

After background suppression, we enhance the purified feature Fps by employing
a 3 x 3 convolution to capture local detailed information, followed by a 1 x 1 convolution

for channel fusion.
.;ELE = COI’IV1><1 (RE‘LU(COIIV3><3(]:BS))) (17)

Combined with residual connections, the forward propagation of FPM is expressed as:
Fp = FRrol + Norm(Fig) (18)

With this design, the FPM effectively suppresses background noise and enhances
object features.

4.3.2. Overall Loss Function

The overall end-to-end training objective of the detector is defined as
L=Lys+ Aregﬁreg + AconLeon (19)

Regarding classification and localization losses, the implementation can be based on
Formulas (4) and (5). Acon is the weight of the contrastive loss.

For contrastive learning, we first extract the Rol feature after purifying
Fp € RHro*Wrot XNRol from FPM.

The Rol feature is flattened into a vector representation and passed through the head
consisting of shared fully connected layers to obtain a compact embedding:

F'p = FC(Flatten(Fp)), F'p € R, (20)

After that, the MLP projection head is applied to further map the feature into a lower-
dimensional embedding space:

Funlp = MLP(F'p), Frpp € RN, (21)

Finally, a pretrained and fixed alignment matrix W € RN*N (learned in Stage I) is
used to map visual features into the shared semantic space:

Feon = W]:mlp- (22)

For the contrastive loss Lcon, the cosine similarity between the feature F,y, ; and all
adapted text prototypes P is computed, and the most similar prototype is selected as the
positive sample c;:

o g con,i ° Pc
¢j = argmax Feond [Pl (23)
The contrastive loss is formulated as:
Feoni - Pe:
Accon — 10 exp( con,t PC,/T> (24)

g
chzl eXP(]’-con,i -Pe/T)
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5. Experiments
5.1. Dataset

We conduct experiments on the FAIRIM-Aircraft dataset [1], an RS image collection
designed for fine-grained aircraft detection. The dataset comprises 7895 images with
sizes ranging from 600 to 10,000 pixels. It contains approximately 46,000 instances across
11 fine-grained aircraft categories. As Figure 3 shows, they are Boeing 737, Boeing 747,
Boeing 777, Boeing 787, ARJ21, C919, A220, A321, A330, A350, and other airplanes. As
Figure 4 shows, there exists a severe long-tail distribution. The majority class (“other-
airplane”) contains over 13,000 samples, while the rarest classes (C919, ARJ21) have fewer
than 200 samples each. This imbalance presents a significant challenge for few-shot and
weakly supervised fine-grained detection.

Figure 3. Visualization of all categories of aircraft in the FAIR1M-Aircraft dataset.

Category Distribution of the FairlM Aircraft Dataset
14000 A

12000 -
10000 -
8000 1

6000 1

Number of Instances

2000 1

Category

Figure 4. Category distribution of the FAIRIM-Aircraft dataset. The dataset comprises 11 fine-grained
aircraft categories, totaling nearly 46,000 instances.

5.2. Experimental Setup

All experiments are conducted on a Linux platform using PyTorch 1.13. Training
is performed on a single NVIDIA RTX 4090 GPU with 24 GB of memory. We adopt
ORCNN [15] with a ResNet-50 backbone [53] pretrained on ImageNet [54] as the base
detector for all experiments. The model parameters are optimized using the SGD optimizer.
The initial learning rate, weight decay, temperature parameter 7, and momentum are set
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to 0.005, 0.0001, 0.5, and 0.9, respectively. The total number of training epochs is set to
12, and the learning rate is decayed at the 8th and 11th epochs. The batch size is set to 2.
The non-maximum suppression (NMS) threshold and IoU threshold are set to 0.1 and 0.5,
respectively. Mean Average Precision (mAP), which is widely used in object detection tasks,
is adopted as the evaluation metric.

We employ CLIP [28] as the vision-language model. Specifically, its text encoder
extracts semantic text embeddings from category-specific textual descriptions. For visual-
ization, we used the Rol feature extractor from the pretrained ORCNN detector to obtain
region-level visual features, which serve as the visual branch for cross-modal alignment.
To incorporate height priors, we employ Depth Anything V2 [55] as the monocular depth
estimation model. The generated depth maps are further used to estimate object height,
providing complementary geometric information for fine-grained aircraft recognition. For
weakly supervised fine-grained detection, we randomly sample M fine-grained samples
from the training set. The sampled fine-grained subset is constructed by first ensuring that
each aircraft category is represented by at least one annotated instance; the remaining sam-
ples are then randomly selected to match the original class distribution. Multiple selections
of M have been evaluated to assess the method’s effectiveness in providing a few samples
across various proportions. The remaining N — M training images are treated as coarsely
annotated samples. For each fine-grained category, the corresponding category description
listed in Table 1 is adopted as the text prompt to generate fine-grained text embeddings.

For evaluation, we employ the official FAIRIM-Aircraft [1] test benchmark. During
training, three data augmentation strategies, including horizontal, vertical, and diagonal
flipping, are applied. For a fair comparison, all competing methods adopt the same data
augmentation policy.

5.3. Ablation Study

To investigate the contribution of individual components, we have conducted exten-
sive ablation studies. To ensure fairness, all experiments follow the same hyperparame-
ter configuration.

(1) Effects of inter-modular ablation on model performance:

As shown in Table 2, we systematically evaluate the marginal contributions of each core
component to the overall model performance. To establish clear performance boundaries,
we train the model using supervised learning on M = 50 labeled samples. Its experimental
results are presented as a baseline in Table 2. The experimental results show that its mAP
is only 20.4%, confirming that the feature generalization capability of general detectors is
severely limited when fine-grained annotations are extremely scarce, making it inadequate
for challenging fine-grained object detection tasks.

Table 2. Ablation study of key components.

Setting PSG TPA FPM mAP (%)
Baseline X X X 20.4
v X X 28.4

0 v v X 29.4
urs v x v 292

v v v 30.5

In contrast, our proposed method adopts a WSL paradigm. We first construct a soft
label distribution from the provided few annotations and then generalize it to a larger
dataset. Thanks to this, the model can be trained in a supervised manner on datasets with
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a large number of unlabeled samples. The experimental results showed that after adopting
the PSG strategy, the model’s mAP increased to 28.4%, a significant 8.0% increase. This
convincingly demonstrates that mining multi-source priors and weakly supervised training
on large amounts of unlabeled data can significantly mitigate the performance loss caused
by the lack of fine-grained annotations.

In addition, we validated the sample prototype alignment and Feature Purification
Modules separately. They steadily improved the model performance to 29.4% and 29.2%,
respectively, indicating that each module contributed significantly to overall performance.
In the end, the complete framework integrating all components achieved 30.5% of the
optimal mAP. This result not only significantly outperforms the baseline (+10.1%), but also
fully validates the synergistic effect of the three parts in weakly supervised fine-grained
learning tasks.

(2) Ablation study of the PSG Strategy:

The PSG strategy aims to generate soft-label information by leveraging multimodal
prior information to extend labeling to a large number of unlabeled samples. As shown
in Figure 5, different types of prior information contribute proportionally to the accuracy
of the generated soft labels. We use the target’s original geometric features as a baseline
to evaluate the incremental benefits of the additional priors we introduce. As shown
in Table 3, combining altitude information increases mAP by 0.8%, underscoring its key
role in distinguishing fine-grained aircraft models with similar sizes but different heights.
In addition, integrating semantic priors based on VLMs can yield an additional 0.4%
benefit. Ultimately, the synergistic effect of multi-source priors (geometry and semantics)
enables the model to achieve an optimal mAP of 28.4%. This indicates that our proposed
PSG strategy effectively bridges the “supervision gap” in weakly supervised fine-grained
object detection.

100- Accuracy Comparison of Different Configurations

Top-1
Top-2 85.2
Top-3
80 77.2
645 66.2
- .
S 604 56.8
>
g o0 43.5
2 8.2 - 40.9
g 4 : 35.6
23.7 1.0
201
0 . 1 . ’ ' i
Vertical height Cross-modal similarity Horizontal size Ours

Figure 5. Accuracy comparison of different configurations. The x-axis denotes different configura-
tions, including vertical height, cross-modal similarity, horizontal size, and our method.

Table 3. Ablation study of soft-label generation strategies. The bold results represent the best

performance.
Height Cross-Modal Similarity mAP (%)
Baseline X X 27.4
v X 28.2
PSG X v 27.8
v v 28.4
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To evaluate the reliability of the derived height feature obtained from monocular
depth estimation, we provide qualitative and quantitative analyses. Figure 6 visualizes the
depth maps generated by Depth Anything V2. Although the estimated depth values do
not correspond to physical aircraft altitudes, aircraft regions consistently exhibit distinct
relative depth responses compared with the surrounding background, indicating that the
model captures meaningful structural differences. Figure 7 further presents the distribution
of the derived height feature across different aircraft categories. The results show category-
dependent variations, where larger aircraft generally exhibit higher derived height values
than smaller aircraft. These observations suggest that the proposed feature contains useful
geometric information related to aircraft scale and structure.

Boeing737 Boeing747 Boeing777

. ‘ {

Figure 6. Visualization of monocular depth estimation results generated by Depth Anything V2.
Columns 2, 4, and 6 show the predicted depth, with darker colors indicating greater distances.
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Figure 7. Distribution of derived height features among different aircraft categories. The derived
feature shows category-dependent geometric characteristics. The vertical axis denotes relative depth
values without physical units.

Furthermore, we investigate the impact of the number of labeled samples M used
for soft-label generation, as reported in Table 4. In the extremely one-shot labeling with
only M = 11 target instances (one per category), the baseline model cannot be trained or
evaluated because it relies on fully supervised learning and is therefore denoted as “-”.
In contrast, our method achieves 23.4% mAP without requiring additional annotations,
demonstrating strong adaptability in scarce-data scenarios. As the number of M increases,
performance consistently improves, reaching its optimum at M = 250 images (5% of the
whole dataset). When the sample size is further increased to M = 500 (10% of the whole
dataset), a slight performance degradation is observed. Nevertheless, it still outperforms
supervised learning methods. We analyze that too many samples may introduce instances
with low representativeness or high noise. This will affect the quality of the generated soft
labels and the discriminative power of the prior-knowledge prototypes.
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Table 4. Effect of the number of labeled samples M used. The two "-" in the first row indicate that the
sampling rate was not calculated and that the baseline model could not be trained. The bold results
represent the best performance.

. . . mAP (%)
Sample Size Sampling Ratio -
Baseline Ours
11 target instances - - 23.4
50 images 1% 204 30.5
250 images 5% 249 31.4
500 images 10% 28.0 30.2

(3) Ablation study of the Text Prototype Alignment (TPA):

As shown in Table 5, we conduct an ablation study on the proposed Text Prototype
Alignment (TPA) strategy. First, we evaluate a baseline in which the original text em-
beddings are used directly as category prototypes without applying TPA. This baseline
achieves a mAP of 28.9%, which already improves over training with only soft labels by 0.5
mAP. This result indicates that text embeddings generated from category-specific textual
descriptions using VLMs exhibit some discriminative power.

Table 5. Ablation study of loss weight coefficients in the proposed TPA strategy.

/\align /\dis mAP (%)

Baseline - - 28.9
0.1 0.9 28.5

0.3 0.7 28.3

TPA 0.5 0.5 29.1
0.7 0.3 294

0.9 0.1 28.0

We perform a systematic ablation on the two loss weight coefficients in TPA, Agjign
and Agjs, while keeping their sum fixed at 1. The results show that the best performance
is achieved with a 7:3 ratio, yielding a mAP of 29.4%, corresponding to an additional
0.5 mAP gain over the baseline. This demonstrates that the proposed TPA strategy effec-
tively enhances the expressiveness of the text prototypes, thereby improving the discrim-
inability of fine-grained aircraft categories in remote sensing object detection.

Furthermore, we analyzed the contrastive loss weight of the Contrast Head. As shown in
Figure 8, the model’s performance increases with the contrastive loss weight Acon, exhibiting
a convex trend. Specifically, its mAP fluctuates slightly between 29 and 30, reflecting the
stability of the contrastive learning process. The model achieves the best performance when
Acon = 0.8. Therefore, we set it as the default value for all experiments.

Finally, we investigate the sensitivity of the margin parameter m in the discriminative
loss. As shown in Figure 9, the detection performance first increases and then decreases
as m becomes larger. When the margin is too small, the discriminative constraint between
categories is insufficient, resulting in limited inter-class separation. Conversely, an exces-
sively large margin imposes overly strict constraints and may hinder optimization. The
best performance is achieved at m = 0.5, yielding 29.4% mAP.
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Figure 8. The impact of the contrastive loss weight A¢on on the detection performance (mAP). The
red dot represents the highest value.
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Figure 9. Sensitivity analysis of the margin parameter m in the discriminative loss. The red dot
represents the highest value.

(4) Ablation study of the Feature Purification Module (FPM):

During feature extraction, to suppress background noise and enhance the target’s
contextual features, we designed FPM. Specifically, we compared three configurations:
only background suppression (BS), only local enhancement convolution (LE), and the full
FPM. As shown in Table 6, compared with the original baseline, the introduction of the BS
alone can increase mAP by 0.8%, confirming the necessity of effective inhibition in complex
backgrounds. Meanwhile, the Refine module achieved a 1.1% performance gain over
the baseline. It helps the model learn discriminative features of the target by enhancing
its perception of local details. When the two are combined to form a complete FPM,
the model’s mAP reaches 30.5%. This indicates a significant complementary effect between
noise suppression and feature enhancement, which helps to learn more discriminative
feature representations.

To investigate the influence of the pooling kernel size in the morphology-guided
background suppression operation, we conduct a sensitivity analysis with different kernel
sizes, including 1 x 1,3 x 3, and 5 x 5. As shown in Table 7, the proposed FPM achieves the
best performance with a 3 x 3 kernel, obtaining an mAP of 30.5%. The 1 x 1 setting, which
omits the background suppression operation, reduces performance to 30.2%, demonstrating
the effectiveness of morphological filtering. Meanwhile, the 5 x 5 kernel slightly reduces the
mAP to 30.3%, suggesting that excessive spatial aggregation may weaken the discriminative
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power of target details. Therefore, the 3 x 3 kernel is adopted as it provides a better trade-off
between background suppression and feature preservation.

Table 6. Ablation study of the Feature Purification Module (FPM) components. The bold results
represent the best performance.

Background Suppressed Local Enhancement mAP (%)

Baseline X X 29.4
v X 29.9

FPM X v 30.2
v v 30.5

Table 7. Sensitivity analysis of pooling kernel size in FPM. The bold results represent the best

performance.
Module Kernel Size mAP (%)
1x 1 (w/oBS) 30.2
FPM 3x3 30.5
5x5 30.3

In addition, feature map visualizations are further provided to demonstrate the ef-
fectiveness of the proposed FPM. As illustrated in Figure 10, the baseline model without
FPM exhibits dispersed activations with considerable background noise and irrelevant
responses distributed around the target region. In contrast, after introducing the FPM,
the feature responses become significantly more concentrated on the aircraft body while
the surrounding background activations are effectively suppressed. This phenomenon
indicates that the proposed FPM can purify noisy Rol features and enhance target-aware
representations, thereby enabling the network to focus more accurately on discriminative
aircraft structures.

Baseline

Ours

Figure 10. Visualization results of the Rol feature map of the aircraft target. The first row is the
baseline model, and the second is equipped with FPM.

5.4. Comparisons Study

To comprehensively evaluate the superiority of our proposed method, we have con-
ducted systematic comparative experiments across a range of mainstream detector ar-
chitectures. Specifically, we instantiated the proposed weakly supervised method using
the two-level detector ORCNN. Meanwhile, we introduce other representative two-stage
detectors, namely ReDet [16] and Faster R-CNN [19], as well as the single-stage detector
Rotating FCOS [56] (R-FCOS), for comparison. The experiment covered two different
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supervised paradigms: supervised learning and WSL (classification branch). Table 8 lists
the quantitative performance of the proposed method and the comparison method.

Table 8. Performance comparison under different supervision settings on fine-grained airplane

dataset (mAP, %)

Supervised Learning

Weakly Supervised Learning (M Samples Provided)

Class ORCNN ReDet Faster RRCNN  R-FCOS ORCNN ReDet  Faster RCNN  R-FCOS o
[15] [16] [19] [56] [15] [16] [19] [56] urs
Boeing737 38.9 414 38.6 383 26.7 249 18.7 23 38.0
Boeing747 79.6 827 809 803 311 343 15.1 238 495
Boeing777 215 272 15.4 203 103 9.6 1.9 123 8.8
Boeing787 446 433 426 496 191 21.4 12.7 143 31.8
919 10.7 1.8 10.6 05 0.0 0.0 0.0 0.0 0.0
A220 a7 469 388 39.9 299 239 238 249 39.1
A321 53.6 55.9 522 563 22 141 42 11.6 39.8
A330 485 440 41.0 465 16.1 161 10.4 107 315
A350 36.9 353 39.8 488 18.8 9.3 5.0 45 273
ARj21 181 185 182 15.4 0.0 0.0 0.0 35 36
other-air 70.7 732 70.9 72.4 50.5 49.6 334 313 66.7
mAP(%) 42 08 408 26 20.4 185 11.3 145 305

Under the fully supervised setting, all detectors achieve relatively satisfactory detec-
tion performance on fine-grained aircraft categories. Among them, ReDet ranks first with
a mAP of 42.8%, while ORCNN, FCOS, and Faster R-CNN achieve mAP values of 42.2%,
42.6%, and 40.8%, respectively. Notably, for common categories such as Boeing 737 and
Boeing 747, all detectors perform well. For categories with extremely limited samples
(e.g., C919 and AR]J21), the available visual variations and category-specific patterns are
insufficient for reliable fine-grained learning; therefore, the low AP under such extreme
conditions is expected.

Under WSL, the performance of all compared detectors drops substantially. The
mAP values of ORCNN, ReDet, Faster R-CNN, and FCOS are only 20.4%, 18.5%, 11.3%,
and 14.5%, respectively. Particularly in the C919 and ARj21 categories, the AP of most
detectors drops to 0%, indicating that few annotated samples alone are insufficient to enable
existing rotated detectors to learn effective fine-grained feature representations. This result
further underscores the challenges of insufficient generalization and the risk of overfitting
that the WSL paradigm faces in fine-grained object detection tasks on RS imagery.

As the table lists, our method achieves an mAP of 30.5%, significantly better than the
baseline under WSL (ORCNN, 20.4%), representing an improvement of 10.1%. Compared
with the fully supervised ORCNN (42.2%), our method achieves approximately 72% of its
performance while requiring only 1% of the fine-grained annotation cost of full supervision.
It demonstrates the great potential of the weakly supervised paradigm in scenarios with
limited annotation budgets. From a per-category perspective, our method substantially
outperforms all compared detectors under WSL across multiple categories, including
Boeing?737, Boeing747, A220, A321, A330, and other-airplane. Notably, in the A321 category,
our method achieves an AP of 39.8%, a significant improvement over the baseline (22.2%).

In addition, we compare the confusion matrices between our method and the base-
line model (see Figure 11). It shows that our method outperforms the baseline model in
classification performance. First, as illustrated in Figure 11b, the diagonal values of our
model are generally higher than those of the baseline in Figure 11a. For instance, the clas-
sification accuracies for Boeing 747, Boeing 777, and Boeing 787 increase to 23%, 22%,
and 21%, indicating stronger discriminative ability. Second, high-probability predictions
in our model are more concentrated along the diagonal, and misclassifications exhibit
a clear “block-wise” aggregation pattern. Errors mainly occur between semantically or
structurally similar categories (e.g., within the Boeing family), while random cross-category
errors are significantly reduced. This reasonable error distribution effectively enhances
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Ground Truth Label

model interpretability, thereby demonstrating the superiority of the proposed method in
discriminative feature learning.
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Figure 11. Comparison of fine-grained confusion matrices on the FAIRIM-Aircraft dataset.

Table 9 reports the computational cost of the proposed method. Compared with
Oriented R-CNN, our method increases the number of parameters from 41.36 M to 43.59 M
and GPU memory consumption from 3.63 GB to 4.11 GB. Although the training time per
iteration increases from 0.28 s to 0.44 s, the inference speed remains largely unchanged
(13.56 FPS vs. 13.16 FPS). This is because PSG is used only for offline soft-label generation,
whereas TPA and FPM introduce only lightweight computations during inference. These
results demonstrate that the proposed framework achieves significant performance gains
with only a modest increase in computational cost.

Table 9. Comparison of computational costs.

Method Params (M) GPU Memory (GB) Training Time (s/iter) FPS (Images/s)
Oriented R-CNN 41.36 3.63 0.28 13.56
Ours 43.59 4.11 0.44 13.16

Figure 12 shows qualitative detection results on test images, compared with the base-
line method. Compared to the baseline, our method significantly reduces misclassifications
in both densely parked and structurally similar airplane scenarios.

In summary, the quantitative comparative experiments demonstrate the effectiveness
and robustness of our proposed weakly supervised rotated object detection method for
fine-grained aircraft recognition. Compared with supervised learning methods, our method
significantly reduces the dependence on precisely rotated annotations. Compared with
the WSL methods, our method achieves substantial improvements in detection accuracy,
demonstrating promising prospects for practical application.
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Figure 12. Qualitative detection results on test images. Green bounding boxes denote correct
detections (IoU > 0.5 and accurate classification), while red boxes indicate incorrect detections
(localization error or class mismatch). Compared with the baseline methods, the proposed method
achieves higher detection accuracy.

5.5. Analysis of Error Cases

We analyze representative misclassification cases selected from highly confused cate-
gory pairs in the confusion matrix. As shown in Figure 13, three major factors are identified:
(1) Geometric ambiguity, where categories such as A330 and Boeing 777 exhibit highly
similar geometric characteristics; (2) Semantic ambiguity, where visually similar categories
(e.g., A220 and Boeing 737) contain limited discriminative details due to small object
sizes; (3) Background interference caused by neighboring aircraft, shadows, and complex
airport facilities.

The analysis indicates that most errors arise from highly similar aircraft categories
and challenging background environments. These observations further validate the
design motivations of PSG, TPA, and FPM, which respectively exploit more prior knowl-
edge, vision-language semantic prototypes, and feature purification to enhance category
discrimination and suppress background distractions. Nevertheless, categories with
highly overlapping geometric and semantic characteristics remain difficult to distinguish,
suggesting potential directions for future improvement.
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Figure 13. Examples of typical error cases in fine-grained aircraft detection, including geometric
ambiguity, semantic ambiguity, and background interference.

6. Conclusions

In this paper, we have presented an innovative weakly supervised framework for
fine-grained aircraft detection in remote sensing images. First, based on the exploration
of multi-source prior knowledge about aircraft, we constructed a category-specific pro-
totype library and extended it with a large number of unlabeled samples. Second, we
introduced mainstream vision-language models and adjusted their text-output embed-
dings to enhance inter-class discrimination and to align visual features with text prototypes.
Third, to mitigate background interference and inter-class similarity issues arising from
geometric differences, we proposed FPM applied to aircraft Rol features. Extensive ex-
periments on the FAIRIM-Aircraft dataset demonstrate that our method systematically
outperforms supervised-learning-based detection frameworks, achieving a superior mAP
of 30.5% with few fine-grained categorical labels. Our framework strikes a favorable trade-
off by significantly reducing annotation costs while maintaining competitive performance.

Beyond aircraft, the proposed framework has potential for extension to other rigid RS
targets. The PSG and TPA modules are generally applicable to categories with distinctive
geometric and semantic characteristics, such as ships and vehicles. FPM is better tai-
lored to aircraft due to their cross-like structures, which introduce substantial background
interference; for more compact targets like ships, its benefits may be less pronounced.

Future research may focus on developing robust mechanisms for learning long-tailed
distributions and enhancing the model’s ability to extract locally discriminative features.
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