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Abstract

Autonomous object detection in remote sensing requires
systems that can discover new categories and assign them
usable labels during deployment. Existing Open-World
Object Detectors identify unknown objects but leave them
unnamed until manual annotation. In contrast, Open-
Vocabulary Detectors recognize unseen categories only
with provided prompts at test time, lacking autonomous dis-
covery or naming. This work presents HSGDet, a detec-
tor that achieves both discovery and semantic assignment
at test time without external prompts. This method intro-
duces DHGA that navigates a hierarchical semantic graph
to perform scene-conditioned coarse-to-fine classification
of detected objects. It leverages spatial co-occurrence pat-
terns from surrounding scene context to produce classifica-
tion confidence scores. High-scoring regions are identified
as known objects, while low-scoring regions are flagged as
unknown detections. Unknown regions pass to CR2T, which
synthesizes text embeddings by fusing visual features, hier-
archical parents, and scene context, enabling prompt-free
labeling and vocabulary expansion. This approach enables
prompt-free semantic labeling and supports autonomous
vocabulary expansion without requiring external models.
Results demonstrate that HSGDet outperforms state-of-the-
art methods by a large margin of 6.6 points in Known mAP
and 9.9 points in Unknown Recall. It also reduces Wilder-
ness Impact by 36%, enabling scalable and autonomous
aerial monitoring.

1. Introduction

Object detection in remote sensing (RS) enables rapid
damage assessment for disaster response [10] and infras-
tructure monitoring [18]. Traditional closed-set detectors
[34, 39, 48] assume a fixed label space defined at training
time, which critically limits their deployment when unex-
pected categories emerge in operational scenarios.
Open-Vocabulary Detection (OVD) [23, 26, 47] lever-
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Figure 1. Comparison of OVD and OWOD paradigms on a
aerial scene with prompted classes (“car” and “house”) and an un-
prompted object (“lamp”). (a) OVD detects only prompted cate-
gories. (b) OWOD identifies novel classes as “unknown.” (¢) Uni-
fied OW-OVD detects the prompted classes but flags “lamp” as
“unknown”. (d) HSGDet autonomously discovers and labels it as
“lamp” via contextual reasoning.

ages large-scale vision-language pretraining to enable zero-
shot recognition of categories specified at test time. How-
ever, OVD strictly requires predefined vocabularies and ex-
plicit prompts. This makes it incapable of discovering or
labeling truly unanticipated objects, such as the “lamp”
(Fig. 1(a)), unless manually specified. Building on OVD’s
strengths, Open-World Object Detection (OWOD) shifts
focus to autonomous discovery of instances outside the
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training set. It extends closed-set detectors with mecha-
nisms like energy-based scoring [16] or feature orthogo-
nality [38] to flag low-confidence regions as “unknowns”.
This approach enables incremental learning without retrain-
ing. However, OWOD provides no semantic grounding for
these unknowns (Fig. 1(b)), leaving them as anonymous
placeholders that require manual annotation for meaning-
ful use [12, 41]. Unified models [24, 42] further evolve
this paradigm by merging OVD’s zero-shot capabilities with
OWOD’s discovery mechanisms into hybrid frameworks.
These systems recognize prompted known classes while
flagging unprompted instances (Fig. 1(c)). Although unified
models partially mitigate prompt dependency and anony-
mous labeling, they still rely on external aids like LLM-
generated attributes or foundation model pseudo-labels for
semantic assignment to unknowns. This reliance limits true
autonomy in deployment.

RS imagery presents unique challenges, including
context-dependent semantics and unknown ategories that
existing paradigms fail to address. Identical visual pat-
terns carry different meanings depending on surround-
ings, complicating reliable scene-level understanding in RS
scenarios. Unknown categories arise routinely in opera-
tional deployments such as disaster response and infrastruc-
ture monitoring. As illustrated across Fig. 1(a)—(c), these
paradigms address recognition and discovery but converge
on a common shortcoming. The lack of autonomous se-
mantic generation and continual vocabulary expansion hin-
ders fully autonomous labeling in RS applications. To ad-
dress this, we propose HSGDet (Fig. 1(d)), which achieves
prompt-free discovery and labeling of unknowns. HSGDet
leverages learned contextual co-occurrence patterns within
a hierarchical semantic graph for autonomous RS object
recognition. Specifically, Deformable Hierarchical Graph
Attention (DHGA) enables scene-conditioned coarse-to-
fine classification by navigating the hierarchical semantic
graph. DHGA routes queries toward contextually appro-
priate branches, ensuring semantics are resolved by sur-
roundings rather than visual features alone. Complement-
ing this, the Context-Aware Region-to-Text module (CR2T)
synthesizes text embeddings for flagged unknowns using
learned contextual patterns. CR2T fuses refined visual
queries, scene cues, and the nearest hierarchical parent for
immediate semantic grounding. New categories are regis-
tered in the graph, enabling continual vocabulary expan-
sion across evolving RS operational scenarios. This end-
to-end mechanism ensures discovered objects gain usable
labels autonomously, bypassing manual annotation or lan-
guage models In summary, these are the following contri-
butions:

e To the best of our knowledge, this is the first OWOD
method with autonomous semantic generation and contin-
ual vocabulary expansion, enabling discovered unknowns
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to be semantically grounded without manual annotation
or external language models.

We propose DHGA that learns spatial co-occurrence pat-
terns from the scene. A learnable context token ag-
gregates co-occurrence signals across queries, enabling
scene-conditioned hierarchical navigation to improve
classification confidence and known-unknown separation
in aerial imagery.

We propose Context-Aware Region-to-Text (CR2T) that
synthesizes semantic embeddings for unknown objects
by leveraging the learned co-occurrence patterns. This
achieves 0.79 alignment with ground-truth text embed-
ding without requiring external language models.
State-of-the-art results across three remote sensing and
natural images benchmarks (DOTA-v2, FAIR1M, DIOR,
and COCO) with consistent 6-10 points improvements
in both Known mAP and Unknown Recall. It also re-
duces Wilderness Impact by 36%, enabling scalable and
autonomous aerial monitoring.

2. Related Work
2.1. Open-Vocabulary Object Detection

Open-Vocabulary detection (OVD) leverages vision-
language models to detect objects beyond training
categories using text prompts [1, 14, 21, 31, 40]. Methods
employ knowledge distillation from vision-language mod-
els [6, 29], region-text pre-training [17, 20], and prompt
engineering [2, 4] to enable zero-shot generalization.
Recent advances improve cross-modal alignment through
deformable attention and key feature matching [15], while
others exploit language hierarchies for structured vocabu-
lary organization [11]. Scene graph-based approaches [36]
leverage relational structures to enhance object relation-
ships. In remote sensing, domain-specific foundation
models provide visual-linguistic representations [23, 47],
enabling open-vocabulary detection through domain-
specific pretraining and region-text alignment [14, 21, 31].
Despite these advances, OVD methods require predefined
text vocabularies at inference time, cannot autonomously
discover unanticipated objects, and operate on flat category
structures without hierarchical semantic reasoning [5, 25].

2.2. Open-World Object Detection

Open-World Object Detection (OWOD) framework ad-
dresses progressive learning scenarios where detectors en-
counter previously unseen objects [16]. Early methods de-
velop generalized objectness through energy-based classifi-
cation [8, 16] and probabilistic modeling [49]. Subsequent
works enhance unknown identification via cascade decod-
ing architectures [27], unknown-classified frameworks [41],
and feature orthogonality constraints [38]. Recent advances
introduce partial optimal transport for attribute-based clas-



sification [44], and view-consistent learning for multi-view
scenarios [45]. In remote sensing contexts, methods lever-
age multimodal large language models for unknown dis-
covery [35], self-adaptive language models for semantic
grounding [13], and foundation model distillation for en-
hanced objectness in aerial imagery [12]. Distinguishing
remote sensing objects remains challenging due to intri-
cate spatial distributions and complex contextual depen-
dencies across scenes. Learned contextual patterns pro-
vide critical disambiguation signals that are unavailable
through standard flat vision-language alignment methods.
When unknowns are identified, existing methods lack se-
mantic grounding mechanisms and depend entirely on man-
ual annotation. This reliance on manual vocabulary expan-
sion [12, 41] limits deployment in autonomous open-world
monitoring applications for remote sensing.

2.3. Unified Open-Vocabulary and Open-World De-
tection

Recent work OW-OVD [42] combines OVD and OWOD
through Visual Similarity Attribute Selection and Hybrid
Attribute-Uncertainty Fusion, improving unknown recall.
Foundation model approaches [12, 13] leverage large lan-
guage models for unknown labeling. However, these meth-
ods rely on predefined attribute vocabularies or external
LLM:s at inference time and employ flat classification with-
out hierarchical semantic reasoning. Unlike these ap-
proaches, HSGDet learns a fully autonomous semantic gen-
eration mechanism during training, requiring no external
models or manual labeling at deployment.

3. Method

3.1. Problem Formulation

We address open-world object detection with autonomous
semantic generation and continual vocabulary expansion.
Given an image Z and known class labels ) for K classes,
the detector fulfills three tasks. First, accurately detect
known objects Dynown = {(bi, 7;)} with bounding boxes
b; and class §; € K. Second, flag low-confidence regions as
unknown Dypknown = {(b;, unknown)} outside the training
distribution. Third, autonomously generate semantic labels
Lnew for unknowns without prompts or annotations. The vo-
cabulary expands to X' = KU{{yey } for continual learning.

3.2. Base Model

Our model builds upon the Deformable DETR architec-
ture [48] as shown in Fig. 2. We extract multi-scale im-
age features {F}, Fy, F3, F4} using frozen CLIP’s vision
encoder [33]. These are refined by a transformer de-
coder processing N learnable object queries Q € RN *?
through self-attention, deformable spatial attention, De-
formable Hierarchical Graph Attention (DHGA), and feed-

forward networks. To enable semantic understanding be-
yond known classes, we organize categories into a hier-
archical semantic graph G = (V, &) derived from Word-
Net IS-A taxonomies. Nodes represent categories embed-
ded in CLIP text space [33], and edges encode parent-child
relationships for coarse-to-fine classification. Building on
this, we propose two novel modules enabling autonomous
semantic generation and continual vocabulary expansion.
DHGA navigates G conditioned on scene context to classify
known and unknown objects. Context-Aware Region-to-
Text (CR2T) synthesizes semantic embedding for flagged
unknowns, expanding G without external prompts or man-
ual annotation.

3.3. Hierarchical Semantic Graph

OWOD requires discovering novel objects using contex-
tual relationships between known and unknown regions
within scenes. The hierarchical semantic graph provides
this structured taxonomy by encoding parent-child rela-
tionships among object categories across granularity levels.
This organization enables autonomous semantic generation
by grounding unknowns through scene context derived from
detected known objects. It also supports dynamic vocabu-
lary expansion as new categories are discovered and inte-
grated into the hierarchy.

We define the hierarchical semantic graphas G = (V, &),
representing semantic relationships among categories. Each
node v € V corresponds to an object category with a CLIP
embedding ¢, € R?. Additionally, each node has a learn-
able key embedding e, € R? for query-dependent attention
during navigation. Edges (u,v) € £ encode directed “is-a”
parent-child relationships, forming a directed hierarchical
taxonomy.

The adjacency matrix A € {0, 1}VI*IVI formally repre-
sents the graph structure as:

1, if
Auv = . (u’ U.) N 57 (1)
0, otherwise.

New nodes vy With embeddings ¢,y and epey are added
under parent v, during deployment. This enables seamless
vocabulary expansion while preserving the hierarchical se-
mantic structure for consistent open-world operation.

3.4. Deformable Hierarchical Graph Attention

While hierarchical semantic graph provides the structured
taxonomy for semantic reasoning during detection, ef-
fectively navigating this graph requires specialized mech-
anisms. We introduce DHGA, which enables scene-
conditioned coarse-to-fine classification. DHGA extends
Deformable Graph Attention (DGA) [32], which provides
sparse query-dependent node sampling for efficient feature
aggregation. However, standard DGA treats all graph nodes
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Figure 2. HSGDet architecture. The decoder refines object queries through transformer layers incorporating DHGA and scene context.
DHGA performs hierarchical classification while CR2T synthesizes embedding for unknown objects, expanding the semantic graph au-

tonomously.

uniformly without leveraging parent-child hierarchical re-
lationships. DHGA addresses this by incorporating hierar-
chical semantic navigation with learnable keys for adaptive
path selection conditioned on scene context.

To enable hierarchical navigation, we leverage co-
occurrence patterns among detected objects to guide nav-
igation toward contextually relevant categories. A learn-
able Scene Context Token (SCT) ¢ € R? aggregates
co-occurrence information across all queries at each de-
coder layer. The SCT updates via cross-attention to cur-
rent queries and enriches each through residual addition
(Eq. 3). This injects shared scene cues conditioning coarse-
to-fine refinement and classification without requiring ex-
ternal prompts.

2

Cpew — CrOSSAttn(Cprev7 qi, ql)

Qi = @i + Cnew (3)
where g; represents 45, query, cprey denotes context from the
previous layer with ¢(?) initialized as a trainable parameter.

To navigate the semantic graph G efficiently, we em-
ploy Top-K sampling to select semantically relevant nodes.
For each context-enriched query ¢;, we compute relevance
scores to all node key embeddings e,,. We then identify the
Top-K candidates via Eq. 5. This selection reduces com-
plexity from O(N|V|) to O(N K) while ensuring contextu-

ally relevant semantic fusion.

00 = qZ-Tev Yv ey,
S; = Top-K(softmax(é;), K)

“4)
®)

where e, denotes semantic node embedding d;
[6i,1,---,04)v)] and S; C V contains the K highest-scoring
nodes.

For sampled nodes in S;, we retrieve their CLIP text
embeddings ¢, for semantic alignment. Context-enriched
queries ¢; compute attention weights determining each se-
lected node’s contribution to query refinement (Eq. 6, 7).
Since weights depend on ¢; rather than raw queries, seman-
tic fusion naturally biases toward context-appropriate cate-
gories.

gt
; » = softmax [ 6)
& (%) (
G =g+ Y Binty (7

veES;

where ¢, is clip embedding related to node e,,.

DHGA enables coarse-to-fine semantic navigation over
graph G through L decoder layers. Early layers [ use
context-enriched queries 55” to attend broadly to parent
nodes with coarse categories, guided by scene context cpey-
Top-K sampling prioritizes semantically broad nodes. As
[ increases, g§l captures finer visual details, shifting atten-
tion to child nodes. This traversal emerges from layer-wise

D 4. . .
Z( ), hierarchical loss Ly, ensuring ancestral

refinement of ¢
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path consistency, and scene conditioning biasing towards
contextually relevant descendants. At the final layer, re-
fined query qghnal) produces bounding boxes, with classifi-
cation via attention weights /3; ,,, obviating separate heads.
Queries with max f3;, < Tyx = 0.4 route to CR2T for
unknown embedding synthesis. This process achieves se-

mantic specialization without explicit path planning.

3.5. Context-Aware Region-to-Text

When a query exhibits low confidence across all known cat-
egories, CR2T synthesizes a semantic embedding to char-
acterize this unknown object. Although the query does not
confidently match any known class, the hierarchical graph
structure still provides valuable grounding through the par-
ent node with the highest attention score.

Unknown Embedding Generation. For an unknown
query, we first identify its most likely parent node in the se-
mantic hierarchy. This parent node represents the closest
known category in the taxonomy, providing semantic con-
text about what general category the unknown object resem-
bles. For example, if an unknown object visually resembles
ships but does not match any specific ship type in the train-
ing set, the parent might be “ship” or “vehicle.” Specifically,
we select the parent node v, as the node with the maximum
attention weight among the sampled nodes from DHGA,
as defined in Eq. 8. Although the maximum attention score
falls below the unknown threshold, indicating that the query
does not confidently belong to any known class, v,, still cap-
tures valuable hierarchical information about where this un-
known fits within the taxonomy.

Up = argmax Biw ®)

Next, we synthesize the semantic text embedding for
this unknown by fusing three complementary information
sources. The embedding is generated as shown in Eq. 9,
where f is a learnable fusion function (implemented as a
multi-layer perceptron).

toew = S (g™ c51,,)) ©)
where ™™ is the refined visual query from DHGA, c s the
scene context token and ¢, is the text embedding of the par-
ent node. This multi-source fusion ensures that discovered
unknowns are not merely flagged as generic “unknowns”
but receive meaningful semantic embeddings that position
them appropriately within the taxonomy based on visual
features, contextual relationships, and hierarchical ground-
ing. ince ¢,y resides directly in CLIP’s embedding space,
it serves as the semantic label itself.
Continual Vocabulary Expansion. HSGDet employs
a buffer-and-cluster strategy to validate that only coherent,
recurring object types are added to the vocabulary, thereby

preventing noise and spurious detections from polluting the
taxonomy. Unknown embeddings %,y are accumulated in
a buffer during inference. When a cluster of M = 5 em-
beddings forms, where each pair exhibits cosine similar-
ity exceeding the threshold 7, = 0.7, HSGDet automat-
ically creates a new category node in the semantic graph.
The new node is formally defined in Eq. 10. Once created,
this new category becomes immediately available for detec-
tion in subsequent images, enabling continuous vocabulary
growth that is grounded in the semantic hierarchy and vali-
dated through consistent observations.

M
t = 35 tia
Unew { new M ; (10)

€new = €y, p(vﬂew) - Up}

where . is the averaged text embedding of the cluster
members, epewy = €, inherits the visual prototype embed-
ding from the parent node, and p(vyew) = v, sets the parent-
child relationship.

Since t,ew resides directly in CLIP’s embedding space, it
serves as the semantic label itself, enabling vocabulary-free
semantic grounding within the graph. For human-readable
output at inference, we perform a hierarchically-constrained
nearest-neighbor search against CLIP text embeddings of
categories under parent v,,, converting the synthesized em-
bedding to an interpretable label. This retrieval step is a
post-hoc output conversion for user interpretation only,all
internal detection, classification, and graph expansion op-
erate entirely on continuous CLIP embeddings without any
fixed vocabulary constraint.

3.6. Training Objectives

The model is trained end-to-end with a multi-task loss
combining detection objectives and hierarchical semantic
losses:

L = Lyt + M Lnier + A2LcroT (11)

where A\; = 0.5 and \s = 0.3 are loss weights. The de-
tection loss Lge includes only bounding box regression (L1
+ GloU), with classification replaced by hierarchical graph
navigation.

The hierarchical navigation loss Ly, supervises seman-
tic path traversal. For each ground-truth object of class ¢,
the model is supervised to assign high attention to all an-
cestor nodes on the path from root to ¢é:

N,
1 —
‘Chier:_NiZ Z IOg/Bi,v (12)
at

=1 veP(c;)

where P(c;) denotes the ancestral path and Ny is the num-
ber of ground-truth objects.

The CR2T loss Lcrot supervises text embedding synthe-
sis. By masking known classes as pseudo-unknowns with
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combined L1 alignment and contrastive sibling guidance
(Eq. 13). The L1 loss constrains synthesized embedding
to valid CLIP space, while contrastive guidance prevents
memorization of individual classes by enforcing separation
from siblings. Together, they enable the network to learn
compositional patterns of how objects relate to parent cat-
egories, transferring this knowledge to novel unknowns at
inference.

(11— cos(t7™, 12)
I )
13)

+ )\ c ‘Ciontrast:|

where " is the synthesized embedding and ¢ is the
ground-truth CLIP text embedding. The contrastive term
prevents semantic collapse:

contrast

Lt = max <0, cos(t7"*, £1°%)
(14
- cos(@™, 1) 41

where ¢ is sampled from sibling classes, A. = 0.1, and
v = 0.2 is the margin.

4. Experimental Results

4.1. Datasets, Metrics, and Implementation

We evaluate on DOTA-v2 [43] (18 classes), FAIRIM [37]
(37 categories), DIOR [19] (20 classes), and COCO [22] (80
categories). We adopt standard metrics [16], i.e. Known
mAP, Unknown Recall, and Wilderness Impact. DOTA-
v2 and COCO use four-task incremental evaluation [16],
while others use single-task evaluation. We use Deformable
DETR with a frozen CLIP ViT-B/32 encoder [33]. The de-
coder has L = 4 layers with N = 300 queries. The CR2T
module uses a 3-layer MLP [768—512—256] with dropout
0.1. Training employs AdamW optimizer (Ir=1 x 1074,
weight decay=1 x 107°) with cosine annealing over 50
epochs and 5-epoch warmup. During training, 30% of
known classes are randomly masked as pseudo-unknowns
to supervise the CR2T module’s embedding generation ca-
pability.

4.2. Ablation Studies

4.2.1. Component Analysis

Table 1 ablates HSGDet’s core components on DOTA-v2
Task 1, starting from a baseline defined as a CLIP Vi-
sion Deformable DETR decoder with ORE-style energy-
based unknown detection, which flags unknowns but can-
not assign names. Adding DHGA enables queries to navi-
gate the semantic graph hierarchically, improving U-R by

Table 1. Ablation study of HSGDet components on DOTA-v2. K-
mAP: Known mAP, U-R: Unknown Recall, WI: Wilderness Im-
pact.

DHGA SCT CR2T | K-mAPt U-RT WI|

44.7 20.5 14.3
48.9 280 112
52.1 33.8 084
54.8 412 058

NN N X
NN X X
N X X X

Table 2. CR2T ablation on DOTA-v2. Text Alignment (TA): co-
sine similarity to ground-truth CLIP embedding. Semantic Co-
herence (SMC): intra-class visual similarity. VF: Visual Features,
SC: Scene Context, HP: Hierarchical Parent, VO: Visual Only,
SC:Sibling Context, Full: Full CR2T.

CR2T | VF SC HP | TAt SMCt U-RT WI|

CR2T Configurations

+VO v X X | 056 0.67 374 075
+HP v X v | 063 0.71 38.6  06.7
+SC v X /v | 066 0.74 39.1 064
Full v v v/ | 079 0.82 412 058
Training Data Sensitivity

10% v vV v | 074 0.79 39.2 065

20% v v v/ | 077 0.82 403  06.1
30% v v v | 079 0.84 412 058

+7.5 through coarse-to-fine classification. The SCT fur-
ther boosts U-R by +5.8 by integrating scene-level co-
occurrence information, conditioning classification deci-
sions on global context (e.g., recognizing vehicles near run-
ways). Incorporating the CR2T module synthesizes text
embedding for unknowns via fusion of visual features,
semantic hierarchy, and scene context. The full model
achieves 54.8 K-mAP and 41.2% U-R, marking +10.1 and
+20.7 absolute gains over baseline, while reducing WI to
5.8, indicating improved known-unknown discrimination.

4.2.2. CR2T Analysis

The CR2T mechanism synthesizes text embeddings for un-
known objects by fusing visual region features with hier-
archical guidance from semantic graph parent and sibling
nodes, along with scene context from co-occurring tokens.
This fusion produces embeddings compatible with CLIP
text space, enabling immediate semantic interpretation. Ta-
ble 2 presents ablation results on DOTA-v2 Task 1, eval-
uated using text alignment (cosine similarity to ground-
truth CLIP embeddings) and semantic coherence (intra-
class visual similarity). The visual-only variant (VO), lack-
ing structural guidance, achieves a 0.56 cosine alignment
and 37.4% U-R. Introducing hierarchical parent (HP) guid-

34667



Table 3. Comparison of OWOD methods on DOTA v2

Method | Venue | Task 1 \ Task 2 \ Task 3 | Task 4
\ | KxmAPt U-R{ WI| | KmAPt U-R?T | KKmAPt U-RT | K-mAP ¢
ORE [16] CVPR-21 423 185 152 35.8 21.3 28.4 23.7 22.1
OW-DETR [7] CVPR-22 43.8 20.1 138 37.2 23.4 29.6 25.8 23.4
UC-OWOD [41] ECCV-22 44.2 21.8 125 38.1 24.6 30.7 27.1 24.5
PROB [49] CVPR-23 45.7 243 108 39.4 27.2 32.1 29.5 25.8
CAT [27] CVPR-23 46.1 251 112 40.2 28.1 33.4 30.3 27.1
SS-OWOD [30] AAAI-24 44.9 232 118 39.8 26.9 327 28.9 26.4
OrthogonalDet [38] | CVPR-24 47.8 286 093 42.6 314 36.9 34.8 31.2
OW-0VD [42] CVPR-25 48.3 295 089 43.1 324 37.8 35.8 325
OWOBJ [46] CVPR-25 48.5 302 08.7 43.4 33.1 38.2 36.5 32.9
SkySense-O' [47] | CVPR-25 50.2 315 08.1 44.8 342 39.6 37.1 343
HSGDet | 54.8 412 058 57.9 44.7 60.1 47.8 62.3
Table 4. Comparison of OWOD methods performance on FAIR1M and DIOR.
Method ‘ Venue ‘ FAIRIM ‘ DIOR
\ | KmAPt U-R? WI| A-mAP? | KmAPt U-R{ WI| A-mAPt
ORE [16] CVPR-21 38.5 152 187 35.1 45.2 193 148 41.5
OW-DETR [7] CVPR-22 39.8 173 169 36.4 46.7 215 132 43.1
UC-OWOD [41] ECCV-22 40.5 189 158 37.2 473 231 123 44.0
PROB [49] CVPR-23 42.1 214 135 38.9 49.1 262 105 46.3
CAT [27] CVPR-23 42.8 227 128 39.5 49.8 275 99 47.1
SS-OWOD [30] AAAIL-24 - - - - 48.5 248 112 45.6
OrthogonalDet [38] | CVPR-24 44.2 259 112 41.1 51.5 308 84 49.2
OW-OVD [42] CVPR-25 453 27.9 101 42.5 52.7 331 76 50.5
OWOB]J [46] CVPR-25 45.1 275 104 422 523 324 79 50.1
SkySense-O' [47] | CVPR-25 45.8 286 9.7 42.9 52.9 336 74 50.8
HSGDet \ | 524 385 6.2 497 | 593 428 52 57.1

ance anchored in the taxonomy improves alignment to 0.63
and U-R to 38.6 (+1.2). Adding sibling context (SC) re-
lational information further enhances performance to 0.66
alignment and 39.1 U-R. The full CR2T module, integrat-
ing hierarchical parents, sibling context, and scene context,
obtains the highest scores of 0.79 alignment, 0.84 seman-
tic coherence, and 41.2 U-R (+3.8 over VO), significantly
improving disambiguation of unknowns.

We also study training data sensitivity by varying the ra-
tio of masked pseudo-unknown classes. At 10%, alignment
is 0.74 with 39.2 U-R, 20% improves to 0.77 and 40.3 U-R,
30% achieves optimal performance with 0.79 alignment and
41.2 U-R. This indicates that balanced pseudo-unknown
masking during training prevents known-class performance
degradation while maximizing unknown discovery accu-
racy.

4.3. Comparisons Against SOTA

Table 3, 4, 5 summarize HSGDet’s performance across
DOTA-v2, FAIR1M, DIOR, and COCO datasets under the

open-world detection protocol. HSGDet consistently out-
performs SOTA models across all benchmarks in K-mAP,
U-R, and WI metrics. On DOTA-v2 Task 1, HSGDet
achieves 54.8 K-mAP and 41.2 U-R, surpassing SkySense-
O by +4.6 and +9.7 respectively, with K-mAP and U-R fur-
ther improving to 62.3 and 47.8 by later tasks. On FAIRIM
and DIOR, HSGDet attains gains of +6.6 and +6.4 K-mAP,
with unknown recall improvements of +9.9 and 49.2 over
baselines. WI scores remain consistently lower than com-
peting methods (e.g., 5.8 vs. 8.1 on DOTA-v2 Task 1),
indicating superior known-unknown discrimination. Un-
like SkySense-O, which experiences a K-mAP degradation
of -15.9 points across tasks, HSGDet steadily improves
throughout incremental learning by organizing new cate-
gories within a semantic taxonomy rather than treating them
as independent additions. On COCO, HSGDet generalizes
effectively to natural images, achieving 81.3 K-mAP and
78.8 U-R on Task 1, with K-mAP varying only between
80.9 and 82.4 across all tasks, while OW-OVD suffers a se-
vere drop of -13.8 points. These results demonstrate that
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Table 5. Comparison of OWOD methods performance on COCO dataset. The comparison results are from OW-OVD [42].

Method | Venue \ Task 1 \ Task 2 \ Task 3 | Task 4
| K-mAPt U-R? | KkmAP? U-R? | KkmAP? U-R? | K-mAP1
OW-DETR [7] CVPR-22 71.5 05.7 62.8 06.2 45.2 06.9 382
CAT [27] CVPR-23 742 24.0 67.6 23.0 51.2 24.6 45.4
PROB [49] CVPR-23 734 17.6 66.3 22.0 47.8 24.8 42.6
OrthogonalDet [38] | CVPR-24 71.6 24.6 64.0 279 52.1 319 48.7
MEPU-FS [3] TNNLS-25 | 743 37.9 68.0 358 50.2 357 437
SGROD [9] TIP-25 732 48.0 64.7 48.9 47.4 41.7 425
SKDF [28] TPAMI-25 69.4 60.9 63.8 60.0 46.2 58.6 41.8
OW-OVD [42] CVPR-25 78.6 76.2 78.5 79.8 69.6 784 64.8
HSGDet \ | 813 788 | 809 856 | 824 843 | 812

Figure 3. Comparison between OWOBJ and HSGDet on DOTA-v2.

whereas HSGDet detect the unseen object with proper class labels.

HSGDet effectively combines hierarchical semantic graph
navigation with context-aware learning for robust open-
world detection

5. Conclusion

Autonomous object detection in remote sensing requires
handling dense distributions, arbitrary orientations, and
complex contextual dependencies. Current OWOD meth-
ods identify unknown objects but cannot autonomously
name them, leaving discovered instances as unlabeled
placeholders. This reliance on manual annotation for vo-
cabulary expansion creates a fundamental scalability bar-
rier for operational deployment. We presented HSGDet,

OWOBI detects the unseen objects without semantic grounding,

the first open-world object detector to autonomously gen-
erate semantic labels for discovered unknowns without ex-
ternal models or human intervention. The method com-
bines hierarchical graph navigation with real-time text em-
bedding synthesis to expand its vocabulary during deploy-
ment, enabling immediate semantic grounding of novel cat-
egories without manual annotation. HSGDet achieves sub-
stantial improvements across benchmarks. On remote sens-
ing datasets (DOTA-v2, FAIRIM, DIOR), it gains +6.6 K-
mAP and +9.9 U-R while reducing WI by 36%. COCO ex-
periments validate cross-domain generalization, maintain-
ing stable performance (80.9-82.4 K-mAP) where compet-
ing methods degrade significantly.
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