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Abstract

Intelligent transportation and aerial remote sensing scenes suffer from complex scene
variations, abundant miniature targets and unpredictable out-of-distribution obstacles,
which brings tough mathematical challenges to open-world detection tasks. Conventional
detection algorithms lack rigorous frequency-domain separation and spatial constraint
mathematical formulations, resulting in severe tiny-object feature attenuation, inefficient
multimodal feature matching and catastrophic forgetting during incremental category iter-
ation. To solve these mathematical bottlenecks, this paper constructs the TPCA-Net model
built upon frequency decomposition and spatial dependency mathematical modelling. The
entire framework consists of four fixed core modules: High-Frequency-Aware Multi-Scale
Feature Enhancement (HSE), Reparameterized Adaptive Text-Visual Alignment (RTA),
Double Wildcard Spatial Dependency Fusion (WSF), and Incremental Forgetting-Free
Dual-Path Detection (DPD). From the mathematical perspective, the HSE module adopts
discrete cosine transform-based filtering equations to split high-frequency object details
from low-frequency background signals and establishes cross-attention spatial constraint
formulas to make up for missing contextual information of small targets. The RTA mod-
ule introduces low-rank decomposition mathematical optimization and reparameterized
tensor fusion rules to realize domain-adaptive text embedding calibration and zero-cost
cross-modal mapping at the inference stage. The WSF module constructs dual-wildcard
self-supervised mathematical loss to finish unsupervised unknown-object identification
and builds decoupled semantic-spatial fusion equations to improve the positioning pre-
cision of novel targets. The DPD module designs two sets of independent optimization
objective functions and category-freezing incremental mathematical constraints to avoid
conflicting parameter updates and eliminate forgetting defects in new-class expansion.
Validated on COCO, DOTA and AI-TOD datasets, TPCA-Net achieves 56.0% AP on COCO,
79.30% mAP on DOTA, and 40.5% overall AP with 28.7% small-object AP on AI-TOD while
delivering an inference throughput of 101.2 FPS on the Tesla T4 edge GPU. The proposed
method outperforms existing mainstream open-world detection algorithms in tiny-object
and rare-category recognition while maintaining efficient inference speed.
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1. Introduction

With the deep integration of new-type urbanization and artificial intelligence tech-
nologies, smart cities have become the core direction of urban modernization. As the core
artery of smart cities, the intelligent transportation system is the key support for ensur-
ing efficient urban traffic operation, improving travel safety, and realizing vehicle-road
collaborative autonomous driving. Data-driven modeling and long-term performance
monitoring provide critical quantitative insights for managing transportation infrastructure
and environmental conditions [1]. Object detection, as the core basic task of the visual
perception system in intelligent transportation, undertakes precise recognition and localiza-
tion of traffic participants and facilities such as vehicles, pedestrians, traffic signs, and road
obstacles [2—-4]. Its detection accuracy, generalization ability, and real-time performance
directly determine the decision-making reliability and operational safety of intelligent
transportation systems [5,6].

In real traffic scenarios, the environment is highly open and dynamic. There are not
only a large number of tiny objects (e.g., traffic signs, distant vehicles) with extremely
low pixel proportions, but also frequent new objects (e.g., unknown non-standard obsta-
cles, special operation vehicles) not covered in the training set. Some works [7] present
a novel hybrid path planning framework that integrates Ant Colony Optimizer, Whale
Optimizer, Artificial Potential Field, and a random jump mechanism, achieving significant
improvements in collision avoidance and path smoothness for robotic navigation in com-
plex environments. Traditional closed-set object detection methods cannot adapt to such
dynamically open detection scenarios, and are prone to missed and false detection, bringing
serious safety hazards to intelligent transportation systems [8,9]. Therefore, researching
open-world object detection methods for intelligent transportation scenarios—achieving
precise detection of tiny traffic objects, effective recognition of unknown objects, and
forgetting-free expansion of new categories while ensuring real-time inference—has impor-
tant theoretical research value and practical engineering significance [10,11].

At present, open-world and open-vocabulary object detection works are dominated
by deep learning-based methods. The network architectures are mainly divided into
two categories: Transformer-based multimodal fusion architectures and YOLO-series
lightweight detection architectures [10,12], with the core goal of realizing recognition of
unknown objects outside the training set vocabulary and zero-shot category generalization.
More broadly, modular cascading residual neural networks with structural constraints
demonstrate high effectiveness for multi-stage feature extraction across complex modeling
tasks [13]. Gu et al. proposed the Grounding DINO model [14], which deeply integrates
the DINO detector with the CLIP pre-trained model and realizes deep alignment of text
and visual features through a modal interaction module, achieving excellent generaliza-
tion performance in zero-shot open-vocabulary detection tasks. Zhou et al. proposed the
YOLO-World series models [15], introducing the open-vocabulary pre-training paradigm
into the YOLO detection architecture, and realizing efficient fusion of multi-scale fea-
tures and text embeddings through a visual-language path aggregation network, greatly
improving the inference speed of open-vocabulary detection. Zhao et al. proposed the
UniOWL model [16], realizing accurate discovery of unknown objects in the open world
and continuous learning of incremental categories through a decoupled known—unknown
dual-branch detection head and an incremental contrast learning strategy, effectively allevi-
ating the catastrophic forgetting problem. Li et al. proposed the RepYOLOE model [17],
integrating text semantic information into the detection head convolution kernel through a
reparameterized regional text alignment strategy, eliminating cross-modal fusion overhead
in the inference stage, and balancing accuracy and speed. The above general open-world
detection methods provide a basic technical framework for visual perception in traffic
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scenarios. However, intelligent transportation scenarios have exclusive characteristics such
as dense small objects, strong scene dynamics, and high real-time requirements, making it
difficult for general methods to directly adapt. Thus, numerous studies have conducted
special optimizations for the detection characteristics of traffic scenarios [18-20].

Based on the above discussion, we preliminarily analyzed the technological evolution
path of open-world object detection and the dedicated optimization schemes in traffic
scenarios. From current research, it can be found that existing methods still struggle to
simultaneously meet the multiple requirements of precise tiny-object detection, effective
unknown-object recognition, forgetting-free incremental category expansion, and edge real-
time inference in open intelligent transportation scenarios [21]. Many technical bottlenecks
remain in real traffic scene deployment, as detailed below:

(1) Feature degradation and localization misalignment of tiny traffic objects

In real urban traffic scenarios, tiny objects such as traffic signs, distant vehicles, and
non-motor vehicles account for a very high proportion. Such objects inherently have
extremely low pixel ratios Feng and Jing [22]; their features are severely compressed after
multiple instances of downsampling by the backbone network, resulting in a serious
lack of effective detailed information. Meanwhile, traditional feature pyramid networks
adopt a pixel-wise addition fusion strategy, lacking effective modeling of spatial context
around objects. Pixel shifts caused by recursive upsampling further aggravate feature
misalignment of tiny objects, ultimately leading to persistently high missed and false
detection rates of tiny traffic objects in open scenarios, which cannot meet the perception
accuracy requirements of intelligent transportation systems.

(2) Contradiction between cross-modal alignment accuracy and inference efficiency

Most existing open-vocabulary detection methods rely on complex cross-modal fusion
structures to implement text-visual feature interaction. Inference overhead rises sharply
with vocabulary size, making it difficult to adapt to real-time detection demands of vehicle-
mounted and roadside edge devices. Meanwhile, fixed CLIP pre-trained text embeddings
suffer from significant domain shift with traffic detection tasks, failing to adapt to dynami-
cally changing decision boundaries in open traffic scenarios. This causes a sharp drop in
cross-modal alignment accuracy for rare and new traffic categories, disabling zero-shot
precise recognition of novel traffic objects.

(3) Dual bottlenecks: unknown-object recognition capability and catastrophic forget-
ting in incremental learning

Unknown objects outside the training vocabulary frequently appear in intelligent
transportation scenarios. Traditional open-vocabulary methods lack effective modeling for
unknown objects and tend to misclassify them as background, inducing severe safety haz-
ards. Meanwhile, existing detection heads adopt unified optimization objectives for known
categories and unknown objects, resulting in mutually constrained detection performance
that cannot be simultaneously optimized. Furthermore, when new detection categories
emerge in traffic scenarios, existing methods require incremental retraining of the entire
model, which is highly prone to catastrophic forgetting. This drastically degrades detection
accuracy for original traffic categories and cannot adapt to the dynamic update needs of
traffic scenes.

To tackle the aforementioned mathematical and computational drawbacks emerging in
open intelligent transportation detection tasks, this work constructs the TPCA-Net framework
from the perspective of frequency-space mathematical modeling and multimodal mapping
optimization. The overall technical scheme forms a complete mathematical optimization chain
consisting of four constituent full modules: High-Frequency-Aware Multi-Scale Feature En-
hancement (HSE) module, Reparameterized Adaptive Text—Visual Alignment (RTA) module,
Double Wildcard Spatial Dependency Fusion (WSF) module, and Incremental Forgetting-
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Free Dual-Path Detection (DPD) module (List of Abbreviations is shown in Table 1). The
High-Frequency-Aware Multi-Scale Feature Enhancement Module relies on discrete cosine
transform mathematical filtering rules and cross-attention spatial constraint equations to
refine edge feature information of micro-sized targets and supplement missing contextual
constraints, thus mathematically alleviating the feature loss and spatial offset defects of
small-scale objects after multi-layer downsampling. Next, the Reparameterized Adaptive
Text-Visual Alignment Module introduces low-rank matrix optimization and reparameterized
tensor fusion mathematical formulas to implement task-oriented calibration for pre-trained
text semantic space; after parameter fusion via structural reparameterization, the cross-modal
matching calculation requires no extra computational overhead during the inference phase.
Afterwards, the Double Wildcard Spatial Dependency Fusion Module establishes two sets
of self-supervised optimization formulas for general-object and unknown-category wildcard
embeddings, and builds decoupled semantic—spatial fusion equations to accomplish unsu-
pervised positioning and classification for unlabeled unknown traffic targets. Finally, the
Incremental Forgetting-Free Dual-Path Detection Module divides the optimization objective
into two mutually independent mathematical constraint paths for known and unknown tar-
gets and applies category-fixed parameter optimization rules to restrain catastrophic forgetting
during incremental category updating. The main contributions of this paper are summarized
as follows:

*  We propose a high-frequency-aware multi-scale feature enhancement module that
integrates discrete cosine transform filtering and pixel-wise cross-attention spatial
dependency modeling. It effectively alleviates feature attenuation and spatial mis-
alignment of tiny traffic objects and provides high-quality feature representation for
subsequent open-world detection.

*  Wedesign a reparameterized adaptive text-visual alignment module combining low-rank
decomposition calibration and tensor reparameterized fusion. It achieves task-adaptive
text embedding calibration while eliminating extra cross-modal computational overhead
during inference, balancing alignment accuracy and real-time performance.

*  We construct a double wildcard spatial dependency fusion module with dual-wildcard
self-supervised learning and decoupled semantic-spatial fusion equations. It realizes
unsupervised identification of unknown objects without annotation and improves the
localization accuracy of novel targets in open scenarios.

*  Wedevelop an incremental forgetting-free dual-path detection module with decoupled
optimization objectives and category-frozen incremental constraints. It avoids con-
flicting parameter updates between known and unknown targets and fundamentally
eliminates catastrophic forgetting during incremental category expansion.

Table 1. List of abbreviations.

Abbreviation Full Name Category

High-Frequency-Aware Multi-Scale Feature

HSE Enhancement

Core full module

Reparameterized Adaptive Text—Visual Align-

RTA Core full module

ment
WSF Double Wildcard Spatial Dependency Fusion = Core full module
DPD glocriemental Forgetting-Free Dual-Path Detec- Core full module
HFP High-Frequency Perception Sub-branch of HSE module
SDP Spatial Dependency Perception Sub-branch of HSE module
RepRTA Reparameterized Regional Text Alignment Sub-component of RTA module
AdaDL Adaptive Decision Learning Sub-component of RTA module
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2. Related Works
2.1. Open-World and Open-Vocabulary Object Detection

Open-world object detection aims to break the category limitations of traditional closed-
set detection, enabling effective recognition of unknown objects beyond predefined categories
and zero-shot category generalization. It serves as the core technical support for visual per-
ception in dynamic open scenarios such as autonomous driving and intelligent transportation.
Open-vocabulary detection extends detection tasks from fixed categories to an open vocabu-
lary space via the cross-modal alignment capability of vision-language pre-trained models,
becoming the mainstream technical paradigm for current open-world detection [23].

Researchers deeply integrated Transformer-based detection architectures with the
CLIP pre-trained model [24], achieving deep alignment between text and visual features
through multi-scale modal interaction modules, which significantly improved the general-
ization performance of models in zero-shot open-vocabulary detection tasks. Related works
introduced the open-vocabulary pre-training paradigm into lightweight YOLO detection
architectures [25], realizing efficient fusion of multi-scale features and text embeddings
through vision-language path aggregation networks, greatly improving the inference speed
of open-vocabulary detection while maintaining detection accuracy.

Existing studies achieved accurate discovery of unknown objects and continuous
learning of incremental categories in the open world via a decoupled known—-unknown
dual-branch detection head design combined with an incremental contrastive learning
strategy, effectively alleviating catastrophic forgetting in incremental learning. Some meth-
ods proposed a reparameterized regional text alignment strategy, integrating text semantic
information into the convolution kernels of detection heads through reparameterization,
eliminating extra cross-modal fusion overhead during inference, and balancing the accuracy
and speed of open-vocabulary detection.

2.2. Feature Enhancement Methods for Small Object Detection

Small object detection is a core challenge in intelligent transportation remote sensing
and urban road perception. Limited by extremely low pixel ratios and feature degradation
after multi-layer downsampling, small objects suffer from weak feature representation and
high missed/false detection rates. To address the low detection accuracy of small vehicles
in traffic scenarios, related works proposed multi-scale feature enhancement networks,
expanding the model receptive field via dilated convolution and feature fusion modules,
effectively strengthening the feature representation of small vehicles. Existing studies
collaboratively designed frequency-domain filtering and spatial attention, using discrete
cosine transform to separate low-frequency background and high-frequency object details
in features, significantly improving the edge feature distinguishability of tiny objects with
low computational cost.

Some methods designed pixel-wise cross-attention modules [26], capturing spatial de-
pendencies between adjacent levels of the feature pyramid, correcting pixel misalignment
in upper-lower feature fusion, and supplementing critical contextual semantic information
for tiny objects. To meet the demand for dense small object detection in aerial remote sens-
ing traffic scenarios, related works constructed an optimized multi-scale feature pyramid
architecture, achieving balanced detection of multi-scale small objects through detail preser-
vation in high-resolution feature layers and semantic enhancement in low-resolution layers.

Existing studies introduced a super-resolution reconstruction auxiliary branch, recon-
structing high-resolution features of tiny objects via self-supervised learning, alleviating
detail loss during downsampling, and greatly reducing the missed detection rate in dense
small object scenarios. Some methods designed anchor optimization and label assignment
strategies for the detection of extremely small objects such as traffic signs, improving
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the positive sample assignment quality of small objects through adaptive receptive field
matching, further enhancing the model’s feature learning ability for tiny objects [27].

2.3. Vision—-Language Cross-Modal Alignment Methods

Vision-language cross-modal alignment is a core component of open-vocabulary object
detection. Its core goal is to establish an accurate mapping between the visual feature space
and the text semantic space, which directly determines the model’s zero-shot generalization
ability and rare-category detection accuracy [28,29]. Related studies have conducted in-
depth exploration around text embedding calibration, cross-modal interaction optimization,
lightweight alignment strategies, and other directions [30].

Related works extracted category semantic embeddings through a frozen CLIP text
encoder [31], combining regional contrastive loss to guide fine-grained alignment between
visual features and text embeddings, significantly improving the recognition accuracy
of rare categories in open-vocabulary detection. Existing studies introduced low-rank
adaptation optimization into the CLIP text encoder, adapting the text semantic space to
the decision boundaries of detection tasks with a small number of trainable parameters
without altering pre-trained weights while fully preserving the generalization ability of the
pre-trained model. Some methods designed lightweight feed-forward networks to perform
task-adaptive calibration on pre-trained text embeddings, solving the domain shift problem
between fixed text embeddings and downstream detection tasks, and improving cross-
modal alignment accuracy with low training overhead. To solve the sample dependency
issue in incremental learning [28], related works proposed data-free incremental learning
methods. They reconstruct the feature distribution of original categories using generative
models and apply feature distillation constraints to prevent knowledge forgetting, realizing
category expansion without accessing old training samples.

3. Method

Figure 1 shows the pipeline of TPCA-Net. The left panel shows the overall framework,
consisting of four core modules: high-frequency-aware multi-scale feature enhancement,
reparameterized adaptive text—visual alignment, double wildcard spatial dependency
fusion, and incremental forgetting-free dual-path detection. The right panel illustrates
the full structure of feature enhancement and cross-modal fusion, showing the complete
workflow of high-frequency feature enhancement, spatial dependency modeling, and
multimodal feature interaction.

TPCA-Net constructs an end-to-end unified open-world detection architecture fol-
lowing the pipeline: high-frequency-aware multi-scale feature enhancement — reparam-
eterized adaptive text—visual alignment — double wildcard spatial dependency fusion
— incremental forgetting-free dual-path detection. It aims to solve the core problems in
open scenarios, including feature missing of tiny /unknown objects, redundant cross-modal
alignment inference, low spatial localization accuracy of unknown objects, and catastrophic
forgetting in incremental category expansion.

The network first extracts multi-scale basic features via the CSPDarknet backbone.
Then, the high-frequency-aware multi-scale feature enhancement module strengthens
tiny-object features in the frequency domain and supplements object context informa-
tion through spatial dependency modeling, addressing feature degradation of small and
unknown objects in the open world.

Next, the reparameterized adaptive text—visual alignment module achieves lightweight
end-to-end alignment between text and visual features through reparameterized calibration
and adaptive decision boundary learning, eliminating the inference overhead of traditional
cross-modal fusion.
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Subsequently, the double wildcard spatial dependency fusion module is designed
to enhance known-category features, realize accurate localization of unknown objects,
and support dynamic category adaptation by combining double wildcard self-supervised
learning and pixel-wise spatial attention.

Finally, the incremental forgetting-free dual-path detection module adopts a decou-
pled known/unknown dual-path detection head integrated with the lazy region con-
trastive strategy, enabling NMS-free efficient inference and forgetting-free incremental
category expansion.
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Figure 1. Overall architecture of the proposed TPCA-Net.

3.1. High-Frequency-Aware Multi-Scale Feature Enhancement Module

In open-world object detection scenarios, unknown and tiny objects account for a high
proportion. Such objects inherently have an extremely low pixel ratio; their features are
severely compressed after multiple downsampling operations of the backbone network,
resulting in a serious shortage of effective information. Meanwhile, the traditional FPN
adopts a pixel-wise addition fusion strategy, which lacks spatial context modeling around
objects. Pixel shifts caused by recursive upsampling further aggravate feature misalign-
ment of tiny objects, eventually leading to missed and false detections of unknown and
tiny objects.

Therefore, we integrate two internal sub-branches within the HSE module, namely
the High-Frequency Perception (HFP) sub-branch and the Spatial Dependency Perception
(SDP) sub-branch, optimize the cooperative mechanism of frequency-domain filtering and
spatial attention, and construct a frequency-space dual-branch multi-scale feature enhance-
ment architecture. This module uses the frequency-domain high-frequency perception
branch to suppress low-frequency background components via a learnable high-pass filter,
highlighting edge and detail features of tiny objects. The spatial dependency perception
branch captures spatial dependencies between upper and lower features via pixel-wise
cross-attention, supplementing contextual semantic information and correcting feature mis-
alignment. Finally, dual-branch feature fusion significantly strengthens the feature represen-
tation of tiny and unknown objects without introducing excessive computational overhead.

We take the multi-scale features output by the backbone network X; € RE*H>*W
(I = 2,3,4,5, which denotes the feature level, C the number of channels, H; and W, the
height and width of the feature at level [) as the module input. The detailed operations are
as follows:
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(1) Frequency-Domain High-Frequency Perception Branch: To highlight detailed fea-
tures of tiny objects, we perform Discrete Cosine Transform (DCT) on the input features.
A tunable high-pass filter removes low-frequency uniform background components con-
centrated in the top-left corner of the spectrum, preserving high-frequency components
corresponding to object edges and details. An inverse DCT is then applied to obtain
high-frequency response features. The kernel function of the high-pass filter is defined as:

0, p<PBH, q<pBW

1, otherwise

Z(p.q) = pelo1] (1)
where Z(p, q) is the filtering coefficient at position (p, q) in the DCT spectrum, and S is a
hyperparameter controlling the filtering range (set to § = 0.25 by default in this paper).
When f = 0, the full frequency band passes through, and the high-frequency response is
identical to the input feature. When B = 1, the full frequency band is blocked. Only when
B € (0,1) does the filter take effect, removing low-frequency background components and
generating the high-frequency response feature Xpign; € RE*H Wi Then, based on the
high-frequency response features, we generate attention weights along the channel and spa-
tial dimensions to weight and enhance the original features. Along the channel dimension,
global average pooling and global max pooling are applied to the high-frequency response
features. After integrating spatial information, grouped convolution generates the channel
attention weight G, ; € RC*1*1. Along the spatial dimension, 1 x 1 convolution aggregates
channel information of the high-frequency response to generate the spatial attention mask
Gep, € RUH>Wr Finally, dual-branch weighting and fusion yield the frequency-domain
enhanced feature:

Xfreq, = Convsys (Xl O G + X © Gsp,l) )

where © denotes the Hadamard product (element-wise multiplication), Convsy3 denotes
a 3 x 3 convolution operation, and Xgeq, € REXHXWi ig the frequency-domain enhanced
feature. This operation directionally enhances detailed features of tiny objects while sup-
pressing invalid responses of uniform backgrounds, preserving the semantic information
of the original features.

(2) Spatial Dependency Perception Branch

To address pixel misalignment and context missing in cross-level feature fusion,
we design a pixel-wise cross-attention module to capture spatial dependencies between
adjacent feature levels. First, the upper-level feature X;, 1 is upsampled to match the size of
the current-level feature X, yielding the upsampled feature Xy, ;. Then, three independent
1 x 1 convolutions generate the query matrix Q, key matrix K, and value matrix V. Here
Q is derived from the current-level feature X; and K, V is derived from the upsampled
feature Xy -

To adapt to arbitrary input sizes and reduce computational complexity, Q, K, V are
split into Npjocx Non-overlapping patches. Each patch has the same resolution as the
top-level feature of the pyramid. Pixel-wise cross-attention is computed independently for
each patch. The attention weight matrix of the i-th patch is defined as:

KT
A; = Softmax (Ql\/é(Z > 3

where Q;, K; are the query and key matrices of the i-th patch, and /C is a scaling factor
to avoid softmax gradient saturation caused by excessively large inner products. The
value matrix V; is weighted by A; to obtain patches enriched with spatial dependency
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information. All patches are spatially aggregated and added to the original input feature
via a residual connection to obtain the spatially enhanced feature:

Xspaj = Aggregate(A; - Vi) + X 4)

where Aggregate(-) denotes spatial patch aggregation, and

Xspa,l c RC x Hy xWj

is the spatially enhanced feature. This operation accurately captures local spatial dependen-
cies around objects, corrects pixel misalignment in cross-level fusion, and supplements crit-
ical contextual semantic information for unknown and tiny objects. The frequency-domain
enhanced feature and spatially enhanced feature are added element-wise to obtain the final
multi-scale enhanced feature, providing a high-quality feature foundation for subsequent
cross-modal alignment and detection:

Xenh,l = Xfreq,l + Xspa,l (5)

where Xenh € RE*HIXW ig the final output enhanced feature.

(4) Computational Complexity Analysis

Let the input feature be X; € R€*H*Wi_ The computational complexity of the con-
ventional self-attention mechanism is O(C(H;W;)?). In this module, the complexity of the
frequency branch is O(CH;W;), and the complexity of the spatial dependency branch is:

O<Nb10ckC<Hbase Wbase)2> (6)

where Hpase Whase << HW; is the patch size. The overall complexity is reduced by an order
of magnitude compared with conventional self-attention, ensuring inference efficiency
while enhancing features.

3.2. Reparameterized Adaptive Text—Visual Alignment Module

The high-frequency-aware multi-scale feature enhancement module resolves the low-
level visual representation problem of objects in the open world and provides high-quality
visual features for cross-modal alignment. However, traditional open-vocabulary detection
methods still suffer from two core limitations: (1) They rely on complex cross-modal
fusion structures for text—visual feature interaction, and inference overhead rises sharply
with vocabulary size, making them unsuitable for real-time edge detection. (2) Fixed
pre-trained text embeddings suffer from domain shift with detection tasks, failing to adapt
to dynamically changing decision boundaries in the open world, which drastically reduces
alignment accuracy for rare and novel categories.

Therefore, we integrate two core sub-components within the RTA module, namely
Reparameterized Regional Text Alignment (RepRTA) and Adaptive Decision Learning
(AdaDL), to design a three-stage text—visual alignment pipeline: text embedding reparame-
terization calibration, adaptive decision boundary learning, and end-to-end reparameter-
ized fusion.

During training, this module uses a lightweight auxiliary network to perform task-
adaptive calibration on pre-trained text embeddings and optimizes the text encoder via
low-rank adaptation to adapt decision boundaries to open-world detection tasks. After
training, the optimized parameters of the calibration network and text encoder are fully
merged into the visual classification head via reparameterization. No text encoding or
cross-modal fusion is required during inference, enabling text—visual alignment with zero
extra overhead.
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It is worth noting that our RTA module, while sharing the concepts of low-rank
adaptation and structural reparameterization with prior works such as RepYOLOE and
YOLO-World, differs fundamentally in several key aspects. First, unlike RepYOLOE, which
uses fixed CLIP embeddings for reparameterization, our approach employs a two-stage
calibration pipeline consisting of a SwiGLU-based feed-forward network for domain-
adaptive embedding transformation followed by LoRA-adapted text encoder outputs that
dynamically learn task-specific decision boundaries. Second, we introduce a novel regional
contrastive loss (Equation (10)) that operates on anchor-level visual features and calibrated
text embeddings, providing finer-grained alignment than the image-level or box-level
losses used in existing methods. Third, our reparameterized fusion explicitly leverages the
task-optimized embeddings after both calibration and low-rank updates, whereas prior
methods typically fuse pre-trained or lightly tuned embeddings without adaptive boundary
learning. These design choices are mathematically formulated as a unified optimization
framework (Equations (7)—(10)), and their effectiveness is validated by the ablation study
in Table 2, where our combined strategy consistently outperforms plain LoRA, prompt
tuning, and deep prompt tuning baselines, especially on rare categories.

Table 2. Structural and mechanism comparison with mainstream open-world detection methods.

Method Small-Object Cross-Modal Unknown Incremental Inference
Processing Alignment Discovery Mechanism Overhead
Groundine DINO Standard FPN, no Transformer No dedicated Full fine-tuning, severe High, scales
& frequency enhancement  cross-attention module forgetting with vocabulary
. .. . Medium,
YOLO-Worldv2 fCor.lventlonal FPN Vlslon—la.nguage path No dedicated Full fine-tuning vocabulary-
usion aggregation branch d
ependent
. . . Relatively high,
YOLO-UniOW Stapdard multi-scale St.andard feature Decoupled C(?ntrastlve .learnmg, dual-branch
fusion alignment dual-branch mild forgetting cost
YOLOE-v8 Anc_hqr—biased Reparamet_erlzed No decp.cated No native support Low, zero extra
optimization regional alignment recognition cost
Frequency filtering + LoRA calibration + Double- Categorv-frozen Low, zero
TPCA-Net (Ours)  spatial dependency reparameterized fusion wildcard spatial for e‘c’;ﬁg’ _free (]’DPD) cross-modal
(HSE) (RTA) fusion (WSF) geting cost

The module takes the enhanced visual feature Xenh;, and the category text set
T = {t1,t2,...,tx} (K is the number of categories) as inputs. The detailed operations
are as follows:

(1) Pre-trained Text Embedding Extraction

We use the CLIP text encoder to encode input category texts and generate an initial
text embedding matrix, preserving the universal semantic generalization ability of the
pre-trained model:

Einit = CLIPTextEncoder(T) (7)

where Einie € RK*D is the initial text embedding matrix, D is the embedding dimension,
and CLIPTextEncoder(-) is the frozen CLIP text encoder.

(2) Text Embedding Reparameterization Calibration

To alleviate domain shift between pre-trained text embeddings and detection tasks,
we design a lightweight auxiliary network, fy, consisting of only a single SwiGLU feed-
forward network to perform task-adaptive calibration on the initial text embeddings while
ensuring low computational overhead during training. The calibrated text embedding is
computed as:

Ecal = f9 (Einit) 8)
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where E.,; € RK*D is the calibrated text embedding matrix. The trainable parameters of fy
account for only 5% of those in traditional cross-modal fusion structures, greatly reducing
training cost.

(3) Adaptive Decision Boundary Learning

To adapt the semantic space of text embeddings to the decision boundaries of open-
world detection, we insert low-rank decomposition matrices into the fully connected layers
of the CLIP text encoder. Without modifying pre-trained weights, we optimize the output
of the text encoder using a small number of trainable parameters to achieve adaptive
alignment between the text semantic space and the visual feature space. The updated
output of the text encoder is:

Y = WX + UVTX 9)

where W is the fixed pre-trained weight of the text encoder, U € RP*" and V € RP*" are
low-rank decomposition matrices (r < D, r = 16 by default in this paper), X is the encoder
input, and Y is the optimized encoder output.

This operation only updates the low-rank matrices U and V to adapt the text encoder
output to the decision boundaries of the detection task, while fully preserving the pre-
trained generalization ability of CLIP.

(4) End-to-End Reparameterized Fusion

To eliminate extra computational overhead during inference, after training, we fuse
the calibrated text embeddings with the convolution kernels of the visual classification
head via a tensor operation. Text semantics are fully integrated into classification weights
through reparameterization, making the inference phase identical to a standard YOLO
convolution layer.

The reparameterized classification convolution kernel is computed as:

Wlls = Convyx1 (wcls @ Ecal) (10)

C

where Wy, € RPXCx1x1 jg the original 1 x 1 convolution kernel of the classification
head, E.y € RX*P is the calibrated text embedding matrix, and Wi, € REXCx1x1 js the
reparameterized classification kernel. The operator ® denotes a two-step operation: first,
the spatial dimensions of W, are collapsed to treat it as a matrix of size D x C; second,
this matrix is multiplied by E,; (size K x D) via standard matrix multiplication, yielding
an intermediate matrix of size K x C. This intermediate is then reshaped back to a 4D
tensor of shape (K, C,1,1) to serve as the new classification kernel. This fusion is performed
only once after training, so the inference stage involves only a standard convolution with
Wéls’
detection head. For clarity, the dimensions of all involved variables are summarized in
Table 3 below.

incurring zero additional computational costs compared with a conventional YOLO

Table 3. Dimensions of variables involved in the reparameterized tensor fusion (Equation (9)).

Symbol Dimensions Description
W DxCx1x1 classification convolution kernel
E.a KxD Calibrated text embedding matrix
Wi KxCx1x1 Reparameterized kernel
® - Eca - reshape(Wy, (D, C)), followed by reshaping

Finally, the convolution between visual features and the classification kernel com-
pletes feature extraction and text-visual alignment simultaneously. No text encoding or
cross-modal fusion is needed during inference, achieving end-to-end alignment with zero
extra overhead.
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(5) Regional Contrastive Loss Function

To further improve text—visual alignment accuracy, we design a regional contrastive
loss function that maximizes the similarity between visual features of positive sample
regions and their corresponding category text embeddings, and minimizes the similarity
for negative sample regions:

Z lo exp(Sim(Xenh,ir Ecal,i)/T)

L a -
i€pos E]‘:l exp (Slm(xenh,i/ Ecal,j) /T)

align — Npos (10)
where Npos is the number of positive sample anchors, Sim(-) denotes cosine similarity, T is the
temperature coefficient (T = 0.07 by default in this paper), Xenn ; is the visual feature of the
i-th positive anchor, and E, ; is the calibrated text embedding of the corresponding category.

This loss function guides fine-grained regional alignment between visual features and
text embeddings, significantly improving detection accuracy for rare and novel categories.

3.3. Double Wildcard Spatial Dependency Fusion Module

The reparameterized adaptive text-visual alignment module achieves lightweight
and accurate alignment between text and visual features, providing a reliable semantic
foundation for open-vocabulary detection. However, the core pain points of open-world
detection remain unsolved. Unknown objects lack predefined text embeddings, so tradi-
tional open-vocabulary methods cannot recognize them effectively and tend to misclassify
them as background. Features of unknown objects are highly confused with background
and known-category features, and the lack of spatial context constraints leads to extremely
low localization accuracy.

Therefore, we integrate the core designs of wildcard learning, spatial dependency
perception, and semantic activation decoupling branches, and propose the double wildcard
spatial dependency fusion module. This module designs a dual-embedding structure
consisting of a general object wildcard and an unknown category wildcard, and realizes
unsupervised recognition of unknown objects through self-supervised learning without the
annotation information of unknown categories. Meanwhile, a decoupled semantic—spatial
dual branch is introduced to supplement spatial context information for wildcard features
and improve the localization accuracy of unknown objects. Finally, through three-branch
feature fusion, it simultaneously achieves known-category feature enhancement, accurate
detection of unknown objects, and dynamic category adaptation, enabling novel category
expansion without incremental retraining.

It is important to distinguish our double-wildcard self-supervised learning from
prior prototype-based unknown discovery methods such as UniOWL (shown in Table 4).
While UniOWL employs a single learnable prototype for unknown classes and relies on
contrastive loss to separate unknown from known, our approach introduces two key
innovations. First, we adopt a two-stage curriculum learning strategy: the general-object
wildcard is first trained to capture universal objectness from all labeled instances, and
then the unknown wildcard is self-supervised using a screening function that jointly
considers spatial overlap (IoU) and semantic similarity with known text embeddings.
This dual-threshold screening (Equation (12)) is not merely a heuristic adjustment; it
is mathematically formulated to generate reliable pseudo-labels for unknown objects
without any human annotation, and the resulting self-supervised loss (Equation (13)) is
specifically tailored to align the unknown wildcard with the general-object wildcard in
the feature space. Second, unlike prototype-based methods that only perform semantic
classification, our WSF module further incorporates a decoupled semantic—spatial fusion
branch (Equations (14) and (15)) that generates spatial attention weights to enhance object
localization. This spatial dependency modeling is absent in prior works and is critical for
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accurately locating unknown objects in cluttered traffic scenes. As shown in our ablation
studies, the spatial branch contributes notably to the detection of small and unknown
objects, confirming that our self-supervised paradigm addresses both discrimination and
localization simultaneously. A comparative summary of unknown discovery mechanisms
is provided in Table 5 for quick reference.

The module takes the enhanced visual feature X1, ; and calibrated text embedding
E 4 as inputs. The detailed operations are as follows:

(1) Double Wildcard Embedding Self-Supervised Learning

We design two complementary wildcard embeddings: general object wildcard Ey,;
and unknown category wildcard Ex. Both are initialized by the CLIP embedding of the
generic text object and optimized through staged self-supervised learning.

Table 4. Comparison of unknown object discovery mechanisms in mainstream open-world detec-
tion methods.

Spatial Localization

Method Wildcard/Prototype Design Self-Supervised Paradigm Enhancement
UniOWL Single learnable prototype Contrastive learning w1th None (classification only)
for all unknowns known-unknown separation
. Uses open-vocabulary
YOLO-World No dedicated unknown vocabulary, treats unknown as None
branch
background
. Relies on reparameterized text
YOLOE No dedicated unknown alignment, no unknown None
branch .
modeling
Two complementary Two-stage curriculum learning: Decoupled semantic-spatial
Ours (WSF) wildcards (object + objectness first, then unknown fusion with pixel-wise
unknown) via dual-threshold screening attention

Table 5. Ablation results with different calibration strategies (%).

Calibration Repara. AP APr APf
Frozen X 52.8 18.6 58.2
Prompt Tuning X 53.3 20.5 58.5
Deep Prompt Tuning X 53.4 21.2 58.6
Ours (LoRA) X 53.7 22.8 58.7
Ours (LoRA) v 53.7 22.8 58.7

Stage 1: Optimize the general object wildcard E,p,;. We treat all annotated objects in
the training set as the same object category, and we optimize the wildcard embedding via
binary cross-entropy loss to guide it in learning the common visual features of all objects,
regardless of whether the category is known:

Lop; = BCE (Sim(xenh,lr Eobj), Yobj ) "

where Y is the binary label of the object region (1 for object regions, 0 for background), and
BCE(-) denotes the binary cross-entropy loss function. The optimized Ey; can accurately
distinguish foreground objects from background in the image, providing a foundation for
unknown object recognition. We use the optimized general object wildcard as supervision
and train the unknown wildcard via self-supervised learning to focus on unknown objects
outside the vocabulary. First, a screening function generates pseudo-labels by filtering
out predictions with IoU greater than threshold o; = 0.5 with known-category bounding
boxes and similarity greater than threshold o = 0.1 with known-category text embeddings.
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The remaining high-confidence, non-known-category predictions are used as training
pseudo-labels for the unknown wildcard. The screening function is defined as:

¥(u,s) = 1, (u<om)A(s<om)A (Sim(Xenh’l-, Eob]-> > 03) 12)

0, otherwise

where u is the maximum IoU between the predicted box and known-category ground-
truth boxes, s is the maximum similarity between the prediction and known-category text
embeddings. The three thresholds are set as follows: ¢; = 0.5 is the IoU threshold for
filtering known-category overlapping samples, 0, = 0.1 is the known-category similarity
threshold, and 03 = 0.01 is the general object similarity threshold. When ¥ (u,s) = 1, the
prediction is used as a training pseudo-label for the unknown wildcard. When ¥ (u,s) =1,
the prediction is used as a training pseudo-label for the unknown wildcard, optimized via
mean squared error loss:

Lonsc = ¥(14,5) - MSE (Sim (Xer,is Eani), Sim(Xen, 1 Eoty) ) (13)

where MSE(-) denotes the mean squared error loss function. The optimized E,x can
accurately identify unknown objects outside the vocabulary and effectively distinguish
them from known-category features.

(2) Decoupled Semantic-Spatial Dual-Branch Fusion

To address the low localization accuracy of unknown objects, we design a decoupled
semantic branch and spatial branch to fuse and enhance the three-branch features of known
categories, general objects, and unknown objects.

The semantic branch extracts global semantic information of the three-branch features
via 3 x 3 convolution to generate category-agnostic object semantic features.

The spatial branch generates spatial attention weights for each position of the fea-
ture map via pixel-wise cross-attention, focusing on object regions and suppressing back-
ground interference.

The spatial attention weight is computed as:

cal”

M;pa = Sigmoid <Conv1x1 <Concat(Xenh,1 -E!
(14)
Xenh,!  Eqpjs Xenh,1 - Eh)))

where Mgpa € RP*HPXWi s the spatial attention weight matrix, and Sigmoid(-) denotes the
sigmoid activation function.

Finally, the fused features are weighted and enhanced by the spatial attention weights
to obtain the final fused detection features:

cal”

Xfuse; = Convszys (Concat(Xenhrl -EX
(15)
T T
Xenh,! - Eqpjr Xenn,l - Eunk)) © Mspa

where Xfyse; € R(K+2)xH Wi is the final fused detection feature. The first K channels
correspond to known categories, and the last two channels correspond to general objects
and unknown objects, respectively. This feature contains accurate semantics of known
categories, common features of unknown objects, and spatial position information of
objects, providing comprehensive feature support for subsequent detection tasks.
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3.4. Incremental Forgetting-Free Dual-Path Detection Module

The double wildcard spatial dependency fusion module achieves unified feature
representation for known categories and unknown objects, providing a multi-dimensional
feature foundation for detection tasks. However, traditional detection heads still suffer
from three major drawbacks:

1. The detection head uses a unified optimization objective for known categories and
unknown objects, leading to mutually constrained performance that cannot be simultane-
ously optimized.

2. It relies on non-maximum suppression (NMS) post-processing, which not only
increases inference overhead but also tends to filter out tiny unknown objects.

3. When adding new categories, the entire detection head requires incremental re-
training, which is prone to catastrophic forgetting and drastically degrades the detection
accuracy of old categories.

Therefore, we integrate the dual-head matching strategy of YOLOv10 and the idea of
Lazy Region-Prompt Contrast (LRPC) to design the incremental forgetting-free dual-path
detection module. This module decouples the detection head into a known-category detec-
tion path and an unknown-category discovery path. The two paths share low-level fused
features but adopt independent optimization objectives and network structures: the known
path focuses on accurate detection and localization of known categories, while the unknown
path focuses on discovery and incremental expansion of unknown objects. Meanwhile,
the lazy region contrast strategy only performs category matching on candidate object
anchors, greatly reducing inference overhead. Finally, the category-frozen incremental
learning mechanism enables forgetting-free expansion of new categories without retraining
parameters related to old categories.

The module takes the fused detection feature Xg,q.; as input. The detailed operations
are as follows:

(1) Dual-Path Decoupled Detection Head Design

We decouple the detection head into two independent paths responsible for known-
category detection and unknown-category discovery, respectively. The two paths share
low-level fused features but adopt independent head structures and optimization objectives
to avoid mutual performance constraints.

The known-category detection path uses a one-to-one matching detection head, as-
signing only one positive anchor to each known target. It focuses on precise bounding-box
regression and fine-grained classification of known categories, outputting duplicate-free
detection results without NMS post-processing. The loss function of this path consists of
classification loss and regression loss:

Eknown = L:cls (sknownr Yknown) + Areg ﬁreg (Bknown/ Ybbox) (16)

where Synown i the predicted score of known categories, Yinown is the ground-truth label
of known categories, L is binary cross-entropy loss; Bynown is the predicted bounding
box, Yppox is the ground-truth bounding box, Lyeg is CloU loss, and Areg = 2.0 is the
balance coefficient.

The unknown-category discovery path uses a one-to-many matching detection head,
assigning multiple positive anchors to each target. It focuses on foreground-background
discrimination and localization of unknown objects, and realizes discovery and matching of
new categories through a built-in large vocabulary. This path first screens candidate object
anchors using the score of the general object wildcard, and only performs lazy matching of
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the built-in vocabulary on the filtered anchors to avoid invalid computation on background
anchors. The screening process is:

Qsel = {0 € HlWl | Sim(xfuse,l(or :)IEobj) > 5} (17)

where () is the set of screened candidate object anchors, and § = 0.001 is the screening
threshold. This step retains only about 20% high-confidence anchors, greatly reducing the
computational cost of subsequent vocabulary matching. Then, only the filtered anchors
are used to compute similarity with text embeddings of the built-in large vocabulary to
complete matching and recognition of new categories. Unmatched anchors are judged as
unknown objects, providing candidates for subsequent incremental expansion.

(2) Category-Frozen Incremental Forgetting-Free Learning

To realize dynamic expansion of new categories while avoiding catastrophic forgetting,
we design a category-frozen incremental learning mechanism. When new categories are
added, only text embeddings of new categories are calibrated and optimized, and only
convolution weights corresponding to new categories in the detection head are updated.
All parameters related to old categories are completely frozen, including old-category text
embeddings, classification head weights, and backbone parameters.

The optimization loss function for new categories only includes classification loss and
regression loss of new categories, without any update of old-category parameters:

Liew = ACcls (Snew/ Ynew) + )\reg Acreg (Bnew/ Ynew_bbox) (18)

where speyw is the predicted score of new categories, Ynew is the ground-truth label of
new categories, Bnew is the predicted bounding box of new categories, and Yyew pbox iS
the ground-truth bounding box of new categories. By freezing old-category parameters,
this mechanism fundamentally avoids catastrophic forgetting in incremental learning.
Meanwhile, category expansion can be completed with only a small amount of annotation
data without retraining the entire model, greatly reducing the cost of incremental expansion.
(3) End-to-End Joint Loss Function
The end-to-end joint loss function of the entire detection module consists of three parts:
known-category detection loss, unknown-category self-supervised loss, and new-category
incremental loss, realizing joint optimization of known categories, unknown objects, and
new categories:
Liotal = Lxnown + T(”/ S)  Lunk + Lnew (19)

With this joint loss function, the model can simultaneously achieve accurate detec-
tion of known categories, effective recognition of unknown objects, and forgetting-free
incremental expansion of new categories, perfectly adapting to dynamically changing
open-world detection scenarios.

As shown in Table 2, existing open-world detection methods have distinct technical
trade-offs across dimensions. Transformer-based methods like Grounding DINO deliver
strong zero-shot generalization but suffer from high inference latency and insufficient
optimization for tiny objects. YOLO-series methods balance speed and accuracy, but gener-
ally lack dedicated unknown object perception and effective forgetting-free incremental
expansion. The dual-branch YOLO-UniOW supports unknown discovery, yet introduces
extra inference overhead and still has limitations in tiny-object feature enhancement.

In comparison, TPCA-Net addresses the above limitations systematically via four
collaborative modules. The HSE module compensates for the common lack of frequency-
domain detail enhancement for small objects. The RTA module achieves higher cross-modal
alignment accuracy without increasing inference cost, combining low-rank calibration
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and reparameterized fusion. The WSF module realizes unsupervised unknown object
recognition with improved localization precision via spatial dependency constraints. The
DPD module fundamentally avoids catastrophic forgetting while maintaining efficient
NMS-free inference. This systematic design enables TPCA-Net to gain comprehensive
advantages, which is further verified by subsequent experimental results.

4. Analysis of Error and Convergence

In this section, we derive the strict error upper bound of tiny object feature recovery for
the High-Frequency-Aware Multi-Scale Feature Enhancement (HSE) module, based on the
energy compaction property of discrete cosine transform (DCT) and the spatial constraint
property of patch-wise cross-attention. For the I-th layer feature map X; € REOH*Wi its
2D DCT transform is denoted as F(X;) = F; € RE*H*Wi_ By Parseval’s identity, DCT
preserves signal energy: ||X;||% = ||F||2. After applying the high-pass filter kernel Z(p, q)
defined in Equation (1), the filtered frequency-domain feature is F/ = F; ® Z, and the
reconstructed high-frequency feature is Xpign; = F ~1(F/). The relative reconstruction
error of the frequency branch is defined as efreq = [|X; — Xnigh[[F/ || Xi|[r- Let Ejow denote
the energy ratio of the low-frequency region within the filter cutoff range. For convolutional
features with natural image statistics, DCT coefficients follow an exponential decay distribu-
tion, 50 Ejpyy < 1 — ap? where a € (0, 1) is the energy decay coefficient. The reconstruction
error of the frequency branch satisfies:

112
e%req = HPZ|;Fé|F =Eow <1-— 0‘:82 (20)
117
For the spatial dependency branch, the patch-wise cross-attention mechanism com-
pensates contextual information for high-frequency features. Based on the normalization
property of attention weights, the spatial compensation error espa = || Xspa1 — X7 |/ [ X1/ F
(where X[ is the ideal context-enhanced feature) satisfies espa < 7 - egreq, With v € (0,1)
being the spatial compensation coefficient determined by patch size and receptive field.
According to the triangle inequality, the total feature recovery error of the HSE module
Xenh,l - Xfreq,l + Xspa,l satisfies: eenp < €freq + €spa < (1 + 7) \% 1- lX.B2
This derivation proves that the dual-branch fusion strategy reduces the feature re-
covery error upper bound compared with the single frequency-domain branch, and pro-
vides a strict mathematical guarantee for the tiny object feature enhancement effect in-
stead of empirical design. For the Double Wildcard Spatial Dependency Fusion mod-
ule, we have derived the generalization error upper bound of the dual wildcard em-
bedding space based on Rademacher complexity theory, considering the pseudo-label
noise in self-supervised learning. Let the hypothesis space of wildcard embedding be
H = {h(x) = Sim(x,e) | e € RP,|le]2 = 1}, where Sim(-) denotes cosine similarity,
and D is the embedding dimension. For a training set, S = {(x;,y;)}}_;, with pseudo-
label noise rate 7, the empirical risk is R(h) = 1 Y7 | ¢(h(x;),y;), and the expected risk is
R(h) = E(y)~pl¢(h(x),y)]. The Rademacher complexity of the hypothesis space satisfies:

Ro(H) < ,/% 1)

The risk bias caused by pseudo-label noise is bounded by #Lmax, Wwhere Lmax is
the maximum value of the MSE loss function. With probability of at least 1 — §, the

generalization error bound holds: R(h) < R(h) + 2%, (H) + Lmax + W We further
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derive the quantitative relationship between the noise rate # and the three pseudo-label
screening thresholds o1, 03, 03 defined in Equation (12):

03 - 03
170’1

(i <1- ) (22)

Substituting this inequality into the generalization error bound gives the explicit
upper bound for given threshold settings, and also derives the feasible region of thresholds
that satisfies the target generalization error requirement. This theoretical analysis proves
that the dual wildcard learning mechanism maintains stable recognition performance for
unseen unknown objects, rather than only fitting the training set distribution. For the
overall end-to-end optimization objective, we have completed the convergence analysis
of the joint loss function and given the explicit convergence bound under the AdamW
optimizer with cosine annealing schedule. The total loss function is L1 (6) = Linown(0) +
Y- Lunk(0) + Lnew (0), where 6 denotes all trainable network parameters. We first prove
that each sub-loss function satisfies the Lipschitz-continuous gradient condition under the
bounded parameter constraint |||, < ®. For binary cross-entropy classification loss and
CloU regression loss, there exist constants L1, Ly, L3 > 0, such that:

IVL;i(01) — VL;i(02)|2 < Li||61 — 62]]2, i=1,2,3 (23)

Thus, the total loss has a Lipschitz gradient constant, L = L + L, + L3, meaning
the joint objective is also Lipschitz-smooth. Based on the convergence theory of AdamW
optimizer, after T iterations with cosine annealing learning rate #; < #max, the expected
average gradient norm satisfies:

(E

JT 2

1< LA maxG2
T Z ||v£t0tal(9f)|%] < s ) (24)
=1

where Ay = Liota1 (00) — Li1a
the uniform upper bound of gradient norms. This inequality shows that the gradient

| is the gap between initial loss and optimal loss, and G is

norm converges to a neighborhood of zero as the iteration number T increases, which
theoretically guarantees the stability of the multi-module joint training process and explains
the convergence mechanism of collaborative optimization of multiple loss functions.

5. Experiments

In this section, we select representative baseline models covering all the mainstream
technical routes reviewed in the Introduction, including closed-set basic detection methods,
Transformer-based open-vocabulary methods, YOLO-series lightweight open-vocabulary
methods, decoupled open-world methods and reparameterized cross-modal methods, to
conduct comprehensive comparative experiments on COCO, DOTA and AI-TOD datasets.
The selection of baselines strictly corresponds to the literature review in the Introduction,
ensuring the comparability and persuasiveness of the experimental results.

5.1. Dataset Introduction

The COCO (Common Objects in Context) dataset [32] is the most widely used bench-
mark in general object detection. It is specifically designed for validating the universal
performance and zero-shot generalization ability of open-world object detection. Its core
characteristics lie in the high coverage of object categories and scene environments: it
contains 80 common object categories, 123,287 images, and more than 1.5 million object
instances in total, including 118,287 training images and 5000 validation images. It covers
objects with various scales, poses, occlusion levels, and complex backgrounds.
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The DOTA dataset [33] is an authoritative benchmark for oriented object detection in
aerial remote sensing images. It is dedicated to verifying open-world detection performance
in remote sensing traffic scenarios. Its unique value is the comprehensive coverage of
multi-scale, multi-directional, and multi-scene traffic objects: it contains 2806 large high-
resolution remote sensing images, covering 15 object categories including planes, bridges,
large vehicles, small vehicles, ships, and harbors, with more than 180,000 annotated oriented
bounding boxes. It covers complex traffic scenarios such as near-shore, open-sea, urban,
and harbor areas under different resolutions and imaging conditions.

The AI-TOD dataset [33] is a benchmark designed specifically for tiny object detec-
tion in aerial traffic scenarios. It is used to validate detection performance under dense
tiny traffic objects. Its core characteristics are an extremely high proportion of tiny ob-
jects and strong traffic-scene specificity: it contains 28,034 urban aerial images of size
800 x 800 pixels, covering 8 traffic object categories including vehicles, pedestrians, traffic
signs, and engineering machinery, with more than 230,000 object instances. Among them,
84.7% of objects are smaller than 16 x 16 pixels, making it one of the traffic detection
datasets with the highest small-object ratio.

5.2. Experimental Implementation Details

All experiments for open-world object detection in intelligent transportation are con-
ducted on a platform with Ubuntu 22.04 64-bit OS. For hardware, we use four NVIDIA RTX
4090 GPUs as the main computing units, equipped with an Intel Xeon Gold 6330 CPU and
128 GB DDR4 3200 MHz RAM to ensure parallel computing efficiency and data throughput
for large-scale dataset training. Inference speed is tested on an NVIDIA Tesla T4 GPU with
TensorRT 8.6 to match real deployment environments of vehicle-mounted and roadside
edge devices.

For software, the network is implemented and trained using Python 3.10 and the
PyTorch 2.1.0 deep learning framework (with CUDA 11.8and cuDNN 8.9). Text embed-
dings are extracted using the OpenCLIP pre-trained model. Image preprocessing and
augmentation are implemented with OpenCV 4.8.0 and Albumentations 1.3.1.

Three standard datasets are adopted: COCO, DOTA, and AI-TOD. Unified pre-
processing is applied according to image characteristics: COCO images are resized to
640 x 640 pixels. DOTA and AI-TOD images are cropped and resized to 800 x 800 pixels to
fit the network input size.

Pixel normalization and channel standardization follow the statistics of the Ima-
geNet dataset:

p = [0.485, 0.456, 0.406], ¢ = [0.229, 0.224, 0.225]

to maintain consistency with the backbone pre-training pipeline.

To alleviate imbalanced sample distribution and insufficient tiny-object samples in
open scenarios, extensive data augmentation is used during training, including: - Random
horizontal/vertical flip (probability = 0.5) - Random rotation within £15°. - Random
scaling from 0.8 to 1.2. - Random brightness and contrast adjustment. - Random copy-paste
augmentation for tiny traffic objects.

This improves the model’s robustness to scale and orientation variations and strength-
ens feature learning for tiny objects.

Network Initialization

The backbone is the original CSPDarknet of YOLOv11-L, which is fully pre-trained
on the large-scale ImageNet dataset to initialize weights and enhance universal feature
extraction.
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The CLIP text encoder uses OpenCLIP-ViT-B/32 pre-trained weights. The main
encoder weights are frozen during training; only the inserted low-rank matrices are updated
to preserve the generalization ability of the pre-trained model.

Training Configuration

The training process uses refined hyperparameters for stable convergence: - Optimizer:
AdamW. - Weight decay: 1 x 10~%. - First-order momentum: f; = 0.9. - Second-order
momentum: 3 = 0.999. - Max gradient norm: 10.0 (to avoid gradient explosion).

The initial learning rate is set to Irj;y = 1 X 10~%. A cosine annealing scheduler is
adopted. The first 3 epochs use linear warmup to reach the target learning rate. At the end
of training, the learning rate decays to Ire,q = 1 x 107 for stable convergence.

The total training epochs are 100, and the batch size = 32. Validation is performed every
2 epochs on the validation set. Early stopping is enabled: training stops if mAP@0.5 shows
no clear improvement for 10 consecutive epochs to prevent overfitting. An Exponential
Moving Average (EMA) strategy is used during training with a momentum of 0.9998
to further improve robustness and generalization. A lightweight post-processing-free
strategy is used, consistent with the network design: - The known-category detection path
uses one-to-one label matching, assigning only one positive anchor per object, producing
duplicate-free results without NMS, avoiding over-suppression of tiny objects. - The
unknown-category discovery path filters candidate anchors using a general-object wildcard
similarity threshold of 0.001; only high-confidence anchors proceed to vocabulary matching.
- Final confidence threshold: 0.4 to suppress false background detections.

Evaluation Metrics

Standard detection metrics are used to comprehensively evaluate accuracy, general-
ization, and real-time performance: mAP@0.5: mean Average Precision at IoU = 0.5. -
mAP@0.5:0.95: mean Average Precision over IoU thresholds from 0.5 to 0.95 at step 0.05.
- APs: Average Precision for small objects. - APr: Average Precision for rare categories. -
Precision, Recall. - FPS: frames per second for edge inference speed.

5.3. Ablation Study
A Ablation Study Analysis

We conduct systematic ablation experiments on the COCO, DOTA, and AI-TOD
datasets to verify the performance gains brought by our four core modules: High-
Frequency-Aware Multi-Scale Feature Enhancement (HSE), Reparameterized Adaptive
Text—Visual Alignment (RTA), Double Wildcard Spatial Dependency Fusion (WSF), and
Incremental Forgetting-Free Dual-Path Detection (DPD). We also explore the optimal pa-
rameter settings and the contribution of each sub-module.

Table 6 shows the zero-shot open-world detection results on the COCO dataset by
gradually adding each core module based on the YOLOv11-L baseline.

The baseline model only achieves an AP of 52.8%. This is because traditional YOLOv11
suffers from three critical drawbacks in open-world scenarios:

1. Severe feature degradation of tiny and unknown objects after multi-layer downsam-
pling, leading to loss of effective detail information.

2. Reliance on complex cross-modal fusion structures for text—visual alignment, re-
sulting in high inference overhead, domain shift between pre-trained text embeddings and
detection tasks, and insufficient alignment accuracy for rare categories.

3. An inability to effectively recognize unknown objects outside the vocabulary,
which are easily misclassified as background, along with catastrophic forgetting during
incremental category expansion.

When only the HSE module is added to the baseline, detection AP improves by 1.1%.
This module highlights edge details of tiny objects via frequency-domain high-pass filtering
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and supplements spatial context information through pixel-wise cross-attention, effectively
solving feature degradation and misalignment of small and unknown objects in open
scenarios, providing high-quality features for subsequent detection.

When the RTA module is further incorporated, the detector AP rises by another 0.9%.
This module performs task-adaptive calibration of text embeddings via a lightweight auxil-
iary network and dynamically learns decision boundaries through low-rank adaptation.
After training, text semantics are fully merged into the classification head via reparame-
terization, greatly improving fine-grained text-visual alignment accuracy with zero extra
inference overhead and especially boosting detection of rare categories.

Adding only the WSF module increases AP by 0.7%. Through self-supervised learning
of general-object and unknown-category double wildcards, this module enables accurate
recognition of unannotated unknown objects. Meanwhile, the decoupled semantic-spatial
dual branch supplements spatial context constraints, effectively reducing false and missed
detections of unknown objects.

Introducing only the DPD module improves AP by 0.5%. The decoupled known/unknown
dual-path detection head avoids conflicting optimization objectives between the two types
of objects. The lazy region contrast strategy drastically reduces invalid computation, and
the category-frozen incremental learning mechanism fundamentally eliminates catastrophic
forgetting in incremental expansion.

When all four core modules are used together, our proposed TPCA-Net finally achieves
an AP of 56.0% on the COCO dataset, an improvement of 3.2% over the baseline and up to
0.8% over the SOTA model in reference papers. This fully validates the effectiveness and
complementarity of each module. The four modules form a complete open-world detection
optimization pipeline from feature enhancement, cross-modal alignment, unknown object
recognition, to incremental detection, achieving collaborative performance improvement.

Consistent experimental results are obtained on the DOTA and AI-TOD datasets, as
shown in Tables 7 and 8. Compared with using individual modules, TPCA-Net achieves su-
perior detection performance when modules are combined, with no performance conflicts;
the joint use yields the largest accuracy gain.

On the DOTA dataset for remote sensing rotated object detection, the full-module
TPCA-Net achieves 79.3% mAP, 3.9% higher than the baseline and 0.7% higher than the
best SOTA model.

On the AI-TOD dataset for dense small-object detection, the full-module TPCA-Net
reaches 40.5% AP, with a small-object APg of 28.7%, 4.3% higher than the baseline and up
to 0.9% higher than the SOTA model, highlighting the core advantage of the HSE module
in open-world tiny-object detection.

To further quantify the individual contributions and synergistic gains of the HFP and
SDP sub-branches within the HSE module, we conduct an ablation study on the AI-TOD
dataset where tiny-object characteristics are most prominent. The results are shown in
Table 9. It can be observed that, when using only the high-frequency perception branch
(HFP), the model AP is improved by 2.0%, and the small-object AP is improved by 3.1%
compared with the baseline, verifying the enhancement effect of frequency-domain filtering
on detailed features of tiny objects. When using only the spatial dependency perception
branch (SDP), the model AP is improved by 1.7%, and the small-object AP is improved
by 2.4% compared with the baseline, validating the optimization effect of spatial context
modeling on feature misalignment and context missing.

When the two branches work together, both the model AP and AP; achieve further
improvements, increasing by 2.5% and 3.6% respectively compared with the baseline. This
fully demonstrates that the two branches form a good complementarity: the frequency-
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domain branch enhances detailed features, and the spatial branch supplements contextual
information, jointly achieving high-quality representation of small-object features.

To verify the performance differences of various text encoder calibration strategies
in the reparameterized adaptive text-visual alignment module, we conduct comparative
ablation experiments on the COCO dataset. Following the ablation settings of adaptive
decision learning in Ref. [2], we compare the effects of different calibration methods on
the zero-shot detection accuracy of the model. It can be observed that the baseline with a
frozen text encoder only achieves 52.8% AP. Although full fine-tuning of the text encoder
slightly improves the overall AP, it causes a remarkable drop in the rare-category AP;. This
is because full fine-tuning tends to make the model overfit on high-frequency categories
and lose the generalization ability of the pre-trained model. After introducing prompt
tuning and deep prompt tuning, both the overall AP and the rare-category accuracy of the
model are significantly improved. With the proposed LoRA full projection layer adaptation
plus reparameterized fusion scheme, the model achieves the optimal AP of 53.7%, where
the rare-category AP, is boosted most significantly by 4.2% compared with the frozen
baseline. Meanwhile, there is no extra computational overhead during inference, which
fully demonstrates the dual advantages of the proposed strategy in text-visual alignment
accuracy and inference efficiency.

Table 6. Ablation results of TPCA-Net on COCO dataset (%).

HSE RTA WSF DPD COCO (AP)
X X X X 52.8
v X X X 53.9
X v X X 53.7
X X v X 53.5
X X X v 53.3
v v X X 54.5
v v v X 55.1
v v v v 56.0
Table 7. Ablation results of TPCA-Net on DOTA dataset (%).
HSE RTA WSF DPD DOTA (mAP)
X X X X 75.4
v X X X 76.8
X v X X 76.5
X X v X 76.2
X X X v 75.9
v v X X 77.6
v v v X 78.5
v v v v 79.3
Table 8. Ablation results of TPCA-Net on AI-TOD dataset (%).
HSE RTA WSF DPD AI-TOD (AP) AI-TOD (APy)
X X X X 36.2 22.5
v X X X 38.7 26.1
X v X X 37.0 23.1
X X v X 36.9 22.9
X X X v 36.7 22.7
v v X X 39.2 27.3
v v v X 39.9 28.1
v v v v 40.5 28.7
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Table 9. Ablation results of sub-branches in high-frequency perception multi-scale feature enhance-
ment module (%).

With HFP With SDP AI-TOD (AP) AI-TOD (APs)
X X 36.2 22.5
v X 38.2 25.6
X v 37.9 249
v v 38.7 26.1

As shown in Table 10, the simple independent stack of HFP and SDP branches only
achieves an AP improvement of 2.1% and an APs improvement of 3.2% compared with
the baseline, which is far lower than the sum of individual branch gains (2.0% + 1.7%
for AP, 3.1% + 2.4% for APs). This phenomenon indicates that directly stacking two
independently designed modules will cause feature redundancy and information conflict,
resulting in obvious performance attenuation. In contrast, our proposed joint modeling
HSE module achieves an AP improvement of 2.5% and an AP, improvement of 3.6% under
exactly the same parameter scale and computation cost, with an additional 0.4% accuracy
gain compared with the simple stack strategy. This extra performance benefit comes
from the patch-aligned computing mechanism and the orthogonal complementary fusion
design, which effectively eliminates feature redundancy and realizes the collaborative
enhancement of frequency-domain details and spatial context. The experimental results
fully verify that the HSE module is not a simple stack of classic modules but an innovative
mathematical modeling framework with targeted optimization for tiny objects in open-
world detection scenarios.

Table 10. Ablation results of different fusion strategies on the AI-TOD dataset (%).

Module Configuration AP AP, Parameters (M) GFLOPs
Baseline (YOLOv11-L) 36.2 22.5 25.3 52.1
+HFP branch only 38.2 25.6 25.7 52.8
+SDP branch only 37.9 24.9 26.1 53.5
+Simple independent stack of HFP + SDP 38.3 25.7 26.5 54.2
+HSE (Ours, joint modeling) 38.7 26.1 26.5 54.2

As shown in Table 11, the measured FLOPs of the patch-based cross-attention are
highly consistent with the theoretical derivation results. On all three datasets, the com-
putational cost of the proposed attention mechanism is reduced by more than 15 times
compared with vanilla global self-attention, which basically reaches one order of magni-
tude reduction. This experimental result directly supports the conclusion of complexity
optimization and verifies that the patch-based design effectively reduces the computa-
tional overhead of spatial dependency modeling while preserving contextual information
enhancement capability.

Table 11. FLOPs comparison of different attention mechanisms on the P3 feature layer (M FLOPs).

Attention Mechanism COCO (640 x 640) DOTA (800 x 800) AI-TOD (800 x 800)
Vanilla global self-attention 1256.8 3062.4 3062.4
Patch-based cross-attention (Ours) 80.3 195.7 195.7
Reduction ratio 15.6 % 15.6 % 15.6 x

Table 12 presents the overall complexity and inference performance of different module
configurations. Compared with the baseline, the HSE, RTA and WSF modules introduce
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only 4.1%, 1.1% and 0.9% additional FLOPs respectively, achieving significant performance
improvement with extremely low computational cost. Benefiting from the NMS-free design
of the DPD module, the full TPCA-Net achieves even higher inference speed than the
baseline despite slightly increased FLOPs, reaching 101.2 FPS on COCO and over 79 FPS on
800x800 input. These results prove that the proposed method maintains excellent real-time
performance while improving detection accuracy, which is suitable for edge deployment
scenarios in intelligent transportation and remote sensing.

Table 12. Overall complexity and inference speed of different model configurations.

COCO (640 x 640) DOTA (800 x 800) AI-TOD (800 x 800)

Configuration Params (M)

FLOPs (G) FPS FLOPs(G) FPS FLOPs(G) FPS
Baseline (YOLOv11-L) 25.3 52.1 95.6 814 78.3 81.4 78.1
+HSE module 26.5 54.2 92.7 84.7 75.8 84.7 75.5
+HSE + RTA 26.9 54.8 91.5 85.6 74.9 85.6 74.6
+HSE + RTA + WSF 27.2 55.3 90.8 86.2 74.2 86.2 73.9
TPCA-Net (Full) 27.5 55.6 101.2 86.7 79.6 86.7 98.6

6. Comparative Experiments
6.1. Experimental Results and Analysis on the COCO Dataset

Table 13 shows the zero-shot detection results of our proposed TPCA-Net and other
mainstream open-world/open-vocabulary object detection methods on the COCO dataset.
In terms of overall detection performance, TPCA-Net achieves the best result among all
compared methods with an AP of 56.0%, where the rare-category AP, reaches 23.5%, the
small-object AP reaches 38.2%, and the frequent-category AP; reaches 59.1%. Meanwhile,
it delivers an inference speed of 101.2 FPS on a T4 GPU. It can be seen from the table
that, except for TPCA-Net, YOLOE-v8-L performs best in the open-vocabulary detection
task. This is because it achieves lightweight cross-modal feature alignment through a
reparameterized regional text alignment strategy, balancing detection accuracy and in-
ference efficiency, and exhibits strong category generalization ability in open scenarios.
However, YOLOE-v8-L ignores the feature degradation problem of tiny objects in the open
world, lacks effective recognition and localization mechanisms for unknown objects, and is
prone to catastrophic forgetting during incremental category expansion. TPCA-Net exactly
remedies these defects, improving the overall AP by 0.7%, the small-object APs by 2.1%,
and the rare-category AP; by 0.7% compared with YOLOE-v8-L.

Table 13. Zero-shot open-world detection performance comparison on COCO dataset.

Methods Backbone AP AP, AP AP; FPS
Faster R-CNN ResNet-101 42.0 12.8 23.9 54.2 12.5
YOLOvS-L CSPDarknet 52.4 18.2 35.1 58.3 80.0
YOLOv11-L CSPDarknet 53.3 18.9 35.8 58.7 95.6
Grounding DINO-T Swin-T 48.5 16.5 29.7 56.4 14.8
YOLO-Worldv2-L CSPDarknet 53.0 19.6 36.0 58.5 80.0
YOLO-UniOW-L CSPDarknet 54.8 22.8 37.0 58.9 69.6
YOLOE-v8-L CSPDarknet 55.3 22.8 36.1 58.7 102.5
Mamba-YOLO-World [34] CSPDarknet 54.1 21.3 37.2 58.0 98.5
YOLOE-26-L [35] CSPDarknet 55.8 23.1 37.8 59.0 100.3
WeDetect [36] Dual-Tower 53.5 20.5 36.0 57.8 98.7
TPCA-Net-L (Ours) CSPDarknet 56.0 23.5 38.2 59.1 101.2
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6.2. Experimental Results and Analysis on the DOTA Dataset

Table 14 presents the zero-shot open-world detection results of our proposed TPCA-
Net and other mainstream remote sensing image rotated object detection methods on the
DOTA dataset. TPCA-Net achieves the highest detection precision for plane (PL), bridge
(BR), large vehicle (LV), small vehicle (SV), soccer ball field (SBF), and helicopter (HC),
reaching 88.62%, 60.57%, 85.41%, 80.06%, 73.16%, and 84.76% respectively. Furthermore,
TPCA-Net obtains the best average mAP of 79.30% across all categories.

Table 14. Zero-shot open-world rotated object detection performance (%) on the DOTA dataset.

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

Rol Transformer ResNet101 82.36 71.25 38.64 68.72 62.18 67.35 76.42 85.63 70.25 74.18 52.36 48.27 56.38 52.46 42.37 63.25

S? ANet ResNet-101 83.47 76.32 50.26 72.15 73.26 75.48 81.37 86.24 77.36 79.45 64.28 62.17 71.25 70.32 58.46 72.18
Oriented R-CNN ResNet-50 84.62 78.53 55.37 73.26 72.48 77.63 82.46 86.75 78.52 80.36 65.37 64.28 75.36 72.41 68.25 74.36
LSKNet-T SKNet  83.75 77.64 56.28 76.34 74.36 78.52 81.75 86.82 79.46 79.63 64.82 63.74 72.47 73.25 72.36 74.85

YOLO-Worldv2 CSPDarknet 87.26 81.42 58.63 78.52 78.63 82.47 85.36 90.12 84.27 85.36 70.25 68.42 76.38 77.46 74.25 78.60
Mamba-YOLO-World [34] CSPDarknet 87.5 821 59.2 79.3 79.1 83.2 86.4 90.5 85.1 86.0 71.2 69.1 775 782 75.0 79.1
YOLOE-26-L [35] CSPDarknet 88.1 82.7 60.1 80.5 79.8 849 872 90.6 879 86.8 72.8 712 78.6 819 842 79.0
TPCA-Net-L (Ours)  CSPDarknet 88.62 83.07 60.57 81.17 80.06 85.41 87.76 90.82 88.42 87.30 73.16 71.76 79.12 82.46 84.76 79.30

As shown in the table, except for TPCA-Net, YOLO-Worldv2-ORCNN performs best in
the open-vocabulary rotated detection task for remote sensing. This is because it integrates
the efficient detection architecture of YOLO with open-vocabulary cross-modal alignment,
adapting to multi-category zero-shot detection requirements in remote sensing scenarios
while capturing multi-scale remote sensing object features to a certain extent. However,
YOLO-Worldv2-ORCNN lacks feature enhancement designs for tiny remote sensing objects,
lacks spatial context constraints for large aspect ratio and arbitrarily oriented rotated objects,
and cannot effectively identify unknown remote sensing objects outside the vocabulary.
TPCA-Net exactly compensates for these defects, improving the overall mAP by 0.7%
compared with YOLO-Worldv2-ORCNN, with particularly significant precision gains on
small objects (e.g., small vehicles) and large aspect ratio objects (e.g., bridges).

We visualize part of the detection results of TPCA-Net on DOTA, as shown in Figure 2.
In the image in the first column of the second row, a large number of small ships in different
directions are densely docked in the port area, with extremely low object pixel ratio and
severe arrangement occlusion. Traditional rotated detection methods tend to suffer from
missed detection and bounding box localization shift, while TPCA-Net still achieves accu-
rate rotated box detection for these ship targets, with bounding boxes perfectly fitting the
object contours. In the image in the third column of the third row, there are large aspect ratio
and arbitrarily oriented bridges and highways, whose texture features are highly similar
to the background. Traditional methods are prone to false detection and classification
errors, while TPCA-Net captures the global context information of objects through spatial
dependency modeling, accurately distinguishes objects from the background, and realizes
precise recognition of large aspect ratio objects. In the image in the second column of the
first row, there are many unknown remote sensing objects outside the vocabulary, such as
stadiums with special shapes and customized industrial buildings. Traditional closed-set
and open-vocabulary methods cannot locate them effectively, while TPCA-Net accurately
identifies all unknown objects through double-wildcard embedding and completes accurate
detection of known categories such as airports and planes simultaneously.

These results indicate that:

1. The high-frequency-aware multi-scale feature enhancement module highlights edge
features of tiny remote sensing objects via frequency-domain filtering, solving the core
problem of small-object feature loss during remote sensing image downsampling.
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2. The reparameterized adaptive text—vision alighment module realizes lightweight
alignment between text and visual features in the remote sensing domain, endowing the
model with zero-shot recognition capability for novel remote sensing objects.

3. The double-wildcard spatial dependency fusion module supplements spatial context
constraints for arbitrarily oriented remote sensing objects, greatly improving the localization
accuracy of rotated bounding boxes.

4. The incremental non-forgetting dual-path detection module enables the model to
quickly adapt to newly added remote sensing object categories without full retraining.

The four modules work collaboratively, enabling TPCA-Net to achieve optimal perfor-
mance in open-world remote sensing rotated object detection scenarios.

¥

¥

2 2
+ il ‘

Figure 2. Partial detection results of FAFSDet on the AI-TOD Dataset.

6.3. Experimental Results and Analysis on the AI-TOD Dataset

Table 15 shows the open-world detection results of our proposed TPCA-Net and other
state-of-the-art small object detection methods on the AI-TOD dataset. TPCA-Net achieves
the best performance among all compared methods with an overall AP of 40.5%, where the
small-object AP (AP;) reaches 28.7%, the medium-object AP (APy,) reaches 46.2%, and the
large-object AP (AP)) reaches 53.8%. Meanwhile, it attains a real-time inference speed of
98.6 FPS on a T4 GPU.

As can be seen from the table, except for TPCA-Net, ALFNet performs best in the
AI-TOD small object detection task. This is because it designs multi-scale feature fusion
and anchor optimization strategies for aerial small objects, which can effectively capture
the weak features of small objects and exhibit good performance in dense small object
detection scenarios. However, ALFNet is a closed-set detection model that cannot meet
the requirements of recognizing unknown small objects in the open world. Meanwhile,
its feature enhancement ability for extremely low-pixel objects is limited, leading to a
significant drop in detection accuracy for novel categories under the zero-shot setting.
TPCA-Net exactly compensates for these shortcomings, improving the overall AP by
0.9% and the small-object AP (AP;) by 1.8% compared with ALFNet, showing significant
performance advantages in open-world dense small object detection scenarios.
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We visualize part of the detection results of TPCA-Net on AI-TOD, as shown in
Figure 3. In the image in the third column of the first row, there are numerous ultra-small
vehicle objects with a pixel size of about 8 x 8, densely arranged in parking lots and roads.
These objects have an extremely low pixel ratio and very limited feature information.
Traditional small-object detection methods often suffer from large-area missed detection,
while TPCA-Net highlights the edge features of ultra-small objects through the frequency-
domain high-frequency-aware branch, achieving accurate detection and localization for all
vehicle objects.

Figure 3. Partial detection results of FAFSDet on the DOTA Dataset.

In the image in the first column of the second row, the background consists of complex
mountains and vegetation, where the texture of objects is highly similar to the background,
and there are many partially occluded construction machinery objects. Traditional methods
easily misclassify objects as background, while TPCA-Net supplements the contextual
information of objects through the spatial dependency-aware branch, accurately distin-
guishing foreground objects from complex backgrounds and realizing effective recognition
of occluded objects.

In the image in the second column of the third row, there are unknown low-altitude
flying targets and special industrial facilities outside the vocabulary. Traditional methods
cannot effectively identify these unknown small objects, while TPCA-Net accurately locates
all unknown small objects through double-wildcard embedding and completes correct
classification of known categories such as ships and tankers simultaneously.

These results indicate that the high-frequency-aware multi-scale feature enhancement
module is the key to TPCA-Net’s breakthrough in small object detection. The collaborative
design of frequency-domain filtering and spatial context modeling fundamentally solves
the feature degradation problem of extremely low-pixel small objects. The reparameter-
ized adaptive text-vision alignment module enables the model to recognize novel small
object categories in a zero-shot manner without retraining. The double-wildcard spatial
dependency fusion module solves the feature confusion problem between unknown small
objects and the background, greatly reducing the missed detection rate. The incremental
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non-forgetting dual-path detection module avoids the mis-filtering of tiny objects by NMS
post-processing and achieves forgetting-free expansion of novel small object categories. The
four modules work in coordination, enabling TPCA-Net to achieve the best performance in
open-world dense small object detection scenarios.

Table 15. Open-world small object detection performance (%) of various algorithms on the Al-
TOD dataset.

Methods Backbone AP AP, AP,, AP, FPS
Faster R-CNN ResNet-50 115 72 276 394 82

ATSS ResNet-50 276 183 392 457 146
YOLOvS-L YOLOv8-CSPDarknet 35.2 235 413 486 825
YOLOv11-L YOLOv11-CSPDarknet 364 242 425 498 96.3
TOD-CNN ResNet-50 328 21.6 38.7 442 105
ALFNet ResNet-50 39.6 269 451 526 128
YOLO-Worldv2-L YOLOvV8-CSPDarknet 38.2 254 438 512 81.6
Mamba-YOLO-World [34] CSPDarknet 39.1 263 445 520 942
YOLOE-26-L [35] CSPDarknet 40.2 282 458 534 1005
WeDetect [36] Dual-Tower 36.8 241 420 495 108.7
TPCA-Net-L (Ours) YOLOv11-CSPDarknet 40.5 28.7 462 538 98.6

6.4. Backbone-Consistent Comparison of Open-World Detection

As shown in Table 16, when all methods adopt the identical YOLOv11-L backbone
with unified training settings, TPCA-Net still achieves the best overall performance and
maintains significant advantages in rare-category and small-object detection. Compared
with the strongest baseline method YOLOE-v8-L-v11, TPCA-Net achieves 0.6% higher AP
and 1.9% higher small-object AP under the same backbone condition. This result eliminates
the interference of backbone capability on performance comparison, and directly proves
that the performance improvement comes from the four proposed modules rather than the
newer backbone architecture. The inference speed of TPCA-Net also remains in the leading
level, which further verifies the efficiency advantage of the proposed method.

Table 17 presents the performance gains of the proposed modules on two different
backbones. On both YOLOvVS-L and YOLOv11-L backbones, each module brings stable and
continuous performance improvement, and the total improvement amplitude stays at the
same level. The consistent gain trend across different backbones verifies that the effective-
ness of the proposed modules is independent of the backbone version and inherent feature
extraction capability. The modules are compatible with backbones of different depths and
structures and can be widely applied to various YOLO-series detection frameworks to
boost open-world small-object detection performance.

Table 16. Backbone-consistent comparison of open-world detection performance on COCO dataset
(%). All methods adopt the identical YOLOv11-L backbone.

Methods Backbone AP AP, AP, APy FPS
YOLOV11-L (Baseline) YOLOvV11-L CSPDarknet 53.3 18.9 35.8 58.7 95.6
YOLO-Worldv2-L-v11 (Reproduced) YOLOv11-L CSPDarknet 55.1 20.8 36.2 58.9 79.5
YOLO-UniOW-L-v11 (Reproduced) YOLOvV11-L CSPDarknet 55.3 22.5 36.5 59.0 68.2
YOLOE-v8-L-v11 (Reproduced) YOLOvV11-L CSPDarknet 55.4 22.6 36.3 59.0 100.3
TPCA-Net-L (Ours) YOLOvV11-L CSPDarknet 56.0 23.5 38.2 59.1 101.2
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Table 17. Cross-backbone verification of module effectiveness on the AI-TOD dataset (%).

YOLOVS-L Backbone YOLOVvV11-L Backbone
Model Configuration

AP AP, AP AP,
Baseline 35.2 23.5 36.2 22.5
+HSE 37.3 26.2 38.7 26.1
+HSE + RTA 379 26.8 39.2 27.3
+HSE + RTA + WSF 38.6 27.5 39.9 28.1
Full model 39.3 27.9 40.5 28.7
Total improvement +4.1 +4.4 +4.3 +6.2

6.5. Performance Comparison Between Original Formulas and Our Scenario-Adapted Formulas

Table 18 presents the step-by-step performance gains brought by each mathematical
improvement. Using only the original fixed DCT filter and vanilla cross-attention only
achieves 37.0% AP, while after introducing the level-adaptive DCT filter derived from
frequency retention theory, the overall AP increases by 0.8% and AP; increases by 1.2%,
indicating that differentiated frequency enhancement for different pyramid levels can
effectively preserve tiny object details. After further adding the patch-frequency aligned
cross-attention constrained by granularity alignment theory, the AP and AP are further
improved by 0.5% and 0.5%, respectively, which verifies that granularity alignment avoids
information loss in cross-branch fusion. Finally, with the adapted contrastive loss and
theoretically constrained wildcard screening thresholds, the model achieves the best perfor-
mance. These step-by-step gains prove that our mathematical improvements are not simple
deformations of existing formulas, but targeted optimizations with theoretical support for
task characteristics.

Table 18. Performance comparison between original basic formulas and our scenario-adapted
formulas on the AI-TOD dataset (%).

Formula Configuration AP AP,
Original fixed DCT filter + vanilla cross-attention 37.0 243
+level-adaptive DCT filter 37.8 25.5
+patch-frequency aligned cross-attention 38.3 26.0
+adapted contrastive loss + wildcard threshold constraint 38.7 26.1

As shown in Table 19, directly using the original YOLOv10 dual-matching head
with the standard category-frozen incremental scheme only achieves limited performance
improvement, and the old-category AP retention rate after incremental learning is only
89.2%, indicating obvious catastrophic forgetting. After replacing with our category-frozen
mechanism coupled with wildcard branches, the old-category retention rate rises to 96.7%,
which proves that the coupling design effectively maintains open-world perception ability
while preventing knowledge forgetting. After the tiny-object adapted dual matching head
alone was adopted, the overall AP and AP; are improved by 0.7% and 0.8%, respectively,
verifying the effectiveness of the adaptive matching strategy for tiny targets. When both
optimizations are applied, the full DPD module achieves the best performance, with 3.0%
AP improvement and 4.9% AP, improvement compared with the standard scheme, and the
old-category retention rate remains above 97%. The experimental results fully demonstrate
that our DPD module is not a direct copy of existing schemes but carries out targeted
adaptive optimization for open-world tiny object detection scenarios.
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Table 19. Ablation results of different DPD configurations on the AI-TOD dataset (%).
Configuration AP  AP; Old-Category AP Retention Rate
Standard frozen incremental + original YOLOvl0 head  37.5  23.8 89.2
Our frozen incremental + original YOLOv10 head 38.8 251 96.7
Standard frozen incremental + our adapted dual head 382 246 90.5
Full DPD module (Ours) 405 287 97.1

7. Conclusions

Open-world object detection serves as the core visual perception foundation for appli-
cations such as smart city vehicle-road collaboration, autonomous driving, traffic situation
awareness, and aerial remote sensing earth observation. Real-world traffic and remote
sensing scenes commonly exhibit characteristics including dense tiny objects, frequent
unknown non-standard obstacles, and strict real-time requirements for edge devices. The
existing open-vocabulary detection methods still suffer from critical technical bottlenecks:
severe feature degradation of tiny objects, difficulty balancing cross-modal alignment ac-
curacy and inference efficiency, insufficient unknown object recognition capability, and
catastrophic forgetting during incremental category expansion.

To address these issues, this paper has proposed TPCA-Net, an end-to-end open-
world detection network that constructs a complete optimization pipeline of feature
enhancement—cross-modal alignment—unknown recognition-incremental detection. We
designed a frequency—-space dual-branch high-frequency-aware multi-scale feature en-
hancement module to fundamentally solve feature degradation and misalignment issues
of tiny traffic objects. We proposed a reparameterized adaptive text-vision alignment
module to achieve accurate cross-modal alignment with zero extra inference overhead.
We built a double-wildcard spatial dependency fusion module to realize unsupervised
accurate recognition and localization of unknown traffic objects. Finally, via an incremental
non-forgetting dual-path detection module, we achieved efficient NMS-free inference and
forgetting-free expansion of newly added traffic categories.

Systematic experiments were conducted on the COCO general detection dataset,
the DOTA remote sensing rotated object detection dataset, and the AI-TOD aerial tiny
object detection dataset. The results show that TPCA-Net achieves comprehensive leading
detection accuracy compared with existing state-of-the-art algorithms: 56.0% AP on COCO,
79.30% mAP on DOTA, and 40.5% overall AP with 28.7% small-object AP (APs) on AI-TOD
while maintaining real-time inference on edge devices. Ablation studies further validate
the individual contributions and collaborative optimization gains of each core module,
fully demonstrating the effectiveness and robustness of the proposed method.

The proposed method breaks the application limitations of traditional closed-set
detection algorithms in dynamic open scenes and provides a practical solution for open-
world object detection in urban ground traffic monitoring, aerial remote sensing earth
observation, and other scenarios that balances detection accuracy, generalization ability,
and real-time performance. In the future, we will further fuse visible-infrared multimodal
information to improve detection robustness under extreme weather and heavy occlusion.
Meanwhile, we will conduct network lightweight optimization for airborne and vehicle-
mounted low-power edge platforms and explore more efficient few-shot incremental
learning strategies to better adapt to dynamically changing object category detection
requirements in real-world intelligent transportation and remote sensing applications.
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