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Abstract

Drones have become prevalent robotic platforms with sig-

nificant potential in Embodied AI. A crucial capability for

drone-based Embodied AI is Referring Expression Compre-

hension (REC), which enables locating objects with lan-

guage expressions. Despite advances in REC for ground-

level scenes, drones’ unique capability for broad observation

introduces distinct challenges: multiple potential targets,

small-scale objects, and complex environmental contexts.

To address these challenges, we introduce RefDrone, an

REC benchmark for drone scenes. RefDrone reveals three

key challenges: 1) multi-target and no-target scenarios; 2)

multi-scale and small-scale target detection; 3) complex en-

vironments with rich contextual reasoning. To efficiently

construct this dataset, we develop RDAnnotator, a semi-

automated annotation framework where specialized modules

and human annotators collaborate through feedback loops.

RDAnnotator ensures high-quality contextual expressions

while reducing annotation costs. Furthermore, we propose

Number GroundingDINO (NGDINO), a novel method to

handle multi-target and no-target cases. NGDINO explicitly

estimates the number of objects referred to in the expression

and incorporates this numerical pattern into the detection

process. Comprehensive experiments with state-of-the-art

REC methods demonstrate that NGDINO achieves superior

performance on RefDrone, as well as on the general-domain

gRefCOCO and remote sensing RSVG benchmarks.

1. Introduction

Drones/UAVs have become increasingly prevalent in per-
sonal and professional applications, including entertainment,
package delivery, traffic surveillance, and emergency res-
cue [1, 45, 51]. Their mobility and broad observational
capabilities make them promising platforms for Embodied
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Figure 1. Examples of the various challenges in RefDrone dataset.

AI [13, 15, 25, 34, 37]. Notably, AerialVLN [37] is a pio-
neering work in drone-based Embodied AI, demonstrating
the potential of integrating language instructions with aerial
vision for navigation. To support such Embodied AI systems,
a fundamental capability is Referring Expression Compre-
hension (REC) [5, 46, 53, 54], which bridges language under-
standing and visual perception by localizing specific objects
in images based on textual descriptions. However, existing
REC datasets predominantly adopt ground-level perspec-
tives (e.g., RefCOCO [61]), leaving drone-based scenarios
underexplored despite their unique challenges.

In this work, we introduce RefDrone, a challenging REC
benchmark for drone scenes. RefDrone comprises 17,900
referring expressions annotated across 8,536 images, with
63,679 object instances. As illustrated in Figure 1, RefDrone
presents three primary challenges: (1) multi-target and no-

target samples, where expressions may refer to any number
of objects (0 to 242); (2) multi-scale and small-scale tar-

get detection, featuring 31% small objects and 14% large
objects; and (3) complex environment with rich contex-

tual reasoning, encompassing diverse viewpoints, lighting
conditions, intricate backgrounds, and rich descriptions of
spatial relations, object attributes, and inter-object interac-
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Table 1. Comparison of REC datasets relevant to RefDrone. Avg. objects: objects per expression. Avg. length: words per expression. No
target: expressions without referred objects. Expression type: expression generation method. Small target: percentage of small-scale objects.

RefCOCO/+/g [39, 61] gRefCOCO [30] D3 [58] RIS-CQ [20] RSVG [63] RefDrone (Ours)

Image source COCO [28] COCO COCO VG [24]+COCO DIOR [26] VisDrone [67]
Avg. objects 1.0 1.4 1.3 3.6 2.2 3.8
Avg. length 3.6/3.5/8.4 4.9 6.3 13.2 7.5 9.0
No target ✁ ✂ ✂ ✁ ✁ ✂
Expression type Manual Manual Manual LLM Templated LVLM
Small target 0/0/0% 0.1% 6.3% - 17.2% 31.1%

tions. As shown in Table 1, RefDrone offers greater diversity
and complexity than existing REC benchmarks. We evaluate
26 representative REC models including: specialized REC
methods, task-specific LVLMs, general LVLMs, and closed-
source API models, using zero-shot settings. All models
exhibit poorer performance on RefDrone compared to stan-
dard REC datasets (e.g., Qwen2.5-VL-7B [4] yields 26.52%
Accimg. on RefDrone vs. 92.5% Accimg. on RefCOCOtestA),
highlighting the inherent difficulty and unique challenges.

To enable efficient dataset construction, we develop
RDAnnotator, a semi-automated annotation pipeline for re-
ferring expression annotation in drone scenes. RDAnnotator
leverages multiple specialized LVLM-based modules, which
collaborate within a feedback loop to generate and validate
annotations. By reducing human involvement to quality con-
trol and minor refinements, RDAnnotator achieves a cost of
merely $0.0539 per expression (GPT-4o API) and reduces
human annotation time to under one minute per expression.
This cost-efficiency makes RDAnnotator a scalable solu-
tion for large-scale dataset construction and can be readily
adapted to other REC tasks.

Furthermore, we propose Number GroundingDINO
(NGDINO) to address multi-target and no-target challenges.
Our key insight is that explicitly modeling the number of
referred objects significantly enhances handling of these
scenarios. NGDINO includes three components: (1) a
number prediction head estimating target object counts, (2)
learnable number-queries capturing numerical patterns for
varying object quantities, and (3) a number cross-attention
module fusing number queries with detection queries for en-
hanced localization. Extensive experiments on our RefDrone
benchmark, as well as the general-domain gRefCOCO [30]
and remote sensing RSVG [63] datasets, demonstrate that
NGDINO achieves substantial improvements, particularly in
multi-target and no-target cases.

In summary, our contributions are listed as follows:
• RefDrone Benchmark: We introduce RefDrone, a

comprehensive REC benchmark for drone scenes fea-
turing three key challenges: multi-target/no-target sce-
narios, multi-scale/small-object detection, and complex
contextual reasoning. We provide thorough evaluations
of 26 representative REC models.

• RDAnnotator Framework: We propose RDAnnotator,
a cost-effective semi-automated annotation framework
that significantly reduces human effort while ensuring
high-quality annotations. This framework is scalable
for large-scale dataset construction and generalizable
beyond drone imagery.

• NGDINO Method: We develop NGDINO, a novel
approach explicitly modeling object counts to address
multi-target and no-target cases. NGDINO achieves
state-of-the-art performance on RefDrone with consis-
tent improvements on gRefCOCO and RSVG.

2. Related Work

2.1. Referring expression understanding datasets

Referring expression understanding identifies visual regions
corresponding to natural language expressions. Subtasks
include Referring Expression Comprehension (REC), which
predicts bounding boxes, and Referring Expression Seg-
mentation (RES), which generates pixel-level masks. Early
benchmarks such as ReferIt [23] and RefCOCO [61] were
pioneering but mostly limited to single-target scenarios. Sub-
sequent works introduced greater complexity. For instance,
gRefCOCO [30] expanded to multi-target expressions, while
D3 [58] and RIS-CQ [20] provided more descriptive and
challenging language. However, these datasets typically
involve a small, fixed number of targets per expression.

Domain-specific extensions have also emerged, including
video action recognition (RAVAR [40]) and affordance de-
tection (RIO [42]). In the aerial domain, RSVG [63] focuses
on remote sensing data but uses expressions with limited
contextual richness. AerialVG [33] focuses on using spatial
relations for a single target, leaving the challenge of multi-
target and no-target tasks. To fill this gap, our RefDrone
benchmark provides a more complex and realistic setting by
introducing complex multi-target scenarios with contextually
rich expressions. Table 1 provides a detailed comparison
with related benchmarks.

2.2. Referring expression comprehension methods

REC methods can be broadly categorized into large vi-
sion language models (LVLMs) and specialist models.
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Figure 2. The overview of the RefDrone annotation process with RDAnnotator. Multiple specialized LVLM-based modules collaborate both
with each other and human annotators through iterative feedback loops to generate high-quality annotations.

LVLMs [3, 6, 8, 21, 29, 41, 55, 60, 64] have recently been ap-
plied to REC tasks as part of evaluating their broader visual-
language understanding capabilities. These models leverage
extensive referring instruction tuning data to achieve com-
petitive performance without task-specific architectural de-
signs. To manage computational demands, LVLMs typically
process downsampled images [32] or employ visual token
reduction strategies [3, 57], which limits their ability to pre-
serve fine-grained details. This constraint makes them less
effective for grounding small objects, a crucial requirement
in applications like aerial image analysis.

Specialist models include two-stage and one-stage meth-
ods. Two-stage methods [17–19, 31, 47] typically approach
REC as a ranking task: first generating region proposals
through an object detector, then ranking proposals based
on language-vision alignment. Despite achieving strong
accuracy, two-stage pipelines suffer from slow inference.
In contrast, one-stage methods [14, 22, 27, 35, 36, 59] di-
rectly predict target regions guided by language input. These
approaches leverage transformers to enable cross-modal in-
teractions between visual and textual features. Among these,
GroundingDINO (GDINO) [36] has gained widespread at-
tention for its impressive results in REC tasks. Our work
extends GDINO by incorporating explicit number modeling
to handle multi-target and no-target scenarios, which are
critical challenges in drone-based REC tasks.

3. RefDrone benchmark

3.1. Data source

The RefDrone benchmark is built upon VisDrone2019-
DET [67], a high-quality drone-captured object detection

dataset. Images are collected across scenarios, illumination
conditions, and flying altitudes. To ensure sufficient com-
plexity for referring expression annotation, we filtered the
dataset, retaining only images with at least three objects and
excluding objects with bounding box areas smaller than 64
pixels. VisDrone2019-DET provides object categories and
bounding box coordinates, which we convert to normalized
center points (range 0-1). This approach reduces the token
count for LVLMs while preserving spatial relationships.

3.2. RDAnnotator for semi-automated annotation

To construct our benchmark, we introduce RDAnnotator, a
semi-automated annotation framework that balances anno-
tation quality and scalability by integrating LVLM modules
with a human-in-the-loop validation process. As illustrated
in Figure 2, the framework operates in five steps.

Step 1: scene understanding. A scene-parsing module,
powered by GPT-4o, generates three diverse captions for
each image. These captions establish a foundational context
by detailing spatial arrangements and object relationships
for subsequent referring expression generation.

Step 2: color categorization. To identify color attributes,
which are crucial discriminative features in REC, we employ
a hybrid pipeline. This pipeline combines a CNN-based
classifier (WideResNet-101 [62]) with high-level LVLM-
based semantic reasoning to ensure accurate color attribution
despite challenging lighting and atmospheric conditions.

Step 3: expression generation. We reformulate expres-
sion generation as an object grouping task. This module
clusters semantically related objects and generates a textual
justification for each grouping, which then serves as the re-
ferring expression. A dynamic feedback loop connects this
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Figure 4. Object size distribution analysis. (a) Object size distri-
bution in RefDrone dataset (small: < 322 = 1024 pixels, normal:
1024 to 9216 pixels, large: > 962 = 9216 pixels). (b) Object size
histograms in RefDrone and gRefCOCO [30] datasets.

step to color categorization (Step 2), triggering re-analysis if
novel color terms are generated, thereby ensuring attribute
consistency across the dataset.

Step 4: quality evaluation. A validation module au-
tomatically assesses each generated object-expression pair
for semantic accuracy and uniqueness. Correct annotations
advance to human verification (Step 5). Incorrect annota-
tions are routed back with targeted feedback: semantic errors
are returned to expression generation (Step 3), while color
inaccuracies are sent back to color categorization (Step 2).

Step 5: human verification. All generated annotations
undergo a final human review, categorized into three tiers:

• Direct acceptance. Annotations satisfying all criteria
are approved for the final dataset.

• Refinement required. Annotations with minor errors are
corrected through human editing.

• Significant issues. Annotations with poorly grounded
or inconsistent content trigger full regeneration.

This multi-level feedback system ensures high annotation
fidelity. Expressions that consistently fail verification are
designated as “no-target” samples, creating a set of contex-
tually valid negative examples.

Each step leverages LVLMs via in-context learning with
carefully designed task-specific prompts and examples (see

(a) Word cloud of complete expression. (b) Word cloud of background terms.

Figure 5. Word frequency visualization in RefDrone dataset.

Appendix). The effectiveness of our framework is demon-
strated by the annotation outcomes: 42% of samples were
directly accepted, 47% required minor refinement, and only
11% were rejected for re-annotation. Ultimately, RDAnno-
tator reduces human annotation effort by 85%, decreasing
the average time per expression from 7 minutes to 1 minute.
This efficiency is achieved at a low API cost of $0.0539 per
expression, demonstrating the framework’s scalability for
creating large-scale, high-fidelity REC datasets.

3.3. Dataset analysis

The RefDrone dataset comprises 17,900 referring expres-
sions for 63,679 object instances across 8,536 images, span-
ning 10 categories. The dataset preserves the original train,
validation, and test splits from VisDrone2019-DET [67]. On
average, each expression is 9.0 words long and refers to
3.8 objects. RefDrone is characterized by three primary
challenges, illustrated in Figure 1:
1) Multi-target and no-target samples. In contrast to
datasets like RefCOCO [61] that focus on single-object ref-
erences, RefDrone features a significant portion of complex
queries, including 11,362 multi-target and 847 no-target ex-
pressions. The number of targets per expression ranges from
0 to 242. As shown in Figure 3, this distribution presents
a greater challenge than that of gRefCOCO [30], where ex-
pressions typically refer to only one or two objects.
2) Multi-scale and small-scale target detection. The
dataset exhibits a wide distribution of object scales (Fig-
ure 4): small objects (< 322 pixels) account for 31%,
medium objects (322-962 pixels) for 55%, and large objects
(> 962 pixels) for 14%. The high variance in object scales,
particularly the prevalence of small objects, underscores
multi-scale and small-scale target detection challenges.
3) Complex environment with rich contextual reasoning.

Images are captured in complex environments with diverse
viewpoints, lighting, and dense backgrounds. Consequently,
the referring expressions extend beyond simple attributes
(e.g., color) and spatial relationships (e.g., ‘left of’) to de-
scribe complex object-object interactions (e.g., ‘the white
trucks carrying livestock’) and object-environment interac-
tions (e.g., ‘the white cars line up at the intersection’). This
complexity is visualized in the word clouds in Figure 5.

3.4. Comparison to existing datasets

Table 1 situates RefDrone among existing REC datasets.
Key distinguishing features of RefDrone are its high average
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number of targets per expression and the use of an LVLM an-
notation pipeline. This pipeline generates expressions with
richer contextual details compared to those from template-
based methods or human-only annotation [66]. Although
RIS-CQ [20] also uses an LLM for generation, its process is
decoupled from visual content, leading to expressions that
can be linguistically complex but visually ambiguous. While
RSVG [63] targets small objects, the descriptive quality of
its expressions is limited. In contrast, RefDrone compre-
hensively integrates these challenges, establishing it as a
challenging benchmark in REC tasks.

3.5. Evaluation metrics

To properly assess performance on multi-target expressions,
we introduce instance-level metrics alongside traditional
image-level ones. Standard image-level metrics, which treat
the entire set of predictions for an expression as a single
entity, are insufficient for our task. They cannot granularly
penalize a model for missing individual objects within a
large group. Our proposed instance-level metrics address
this limitation by providing a fine-grained assessment of a
model’s ability to localize each individual target.

Instance-level metrics Accinst. and F1inst.: These met-
rics evaluate performance at the individual object level. We
match each predicted bounding box to a ground-truth (GT)
box. A prediction with an IoU → 0.5 with a GT box is a
true positive (TP). Unmatched predictions are false positives
(FP), and unmatched GT boxes are false negatives (FN). For
“no-target” samples, the absence of any prediction is a true
negative (TN), while any prediction is an FP. Accuracy and
F1-score are then computed as:

Accinst. =
TP + TN

TP + TN + FP + FN
, (1)

F1inst. =
2 · TP

2 · TP + FP + FN
. (2)

Image-level metrics Accimg. and F1img.: These metrics
assess performance on the entire expression, enforcing a
stricter success criterion. For a given expression, a predic-
tion is a true positive (TP) only if the set of predicted boxes

perfectly matches the set of ground-truth boxes. Any mis-
match (e.g., missing, extra, or inaccurate boxes) results in a
false positive (FP). TN and FP for “no-target” samples are
defined as above. The metrics are calculated using the same
formulas but on an image-wide basis.

4. NGDINO

We introduce Number GroundingDINO (NGDINO), a novel
architecture designed to address the challenges of multi-
target and no-target referring expression comprehension
(REC). Our core insight is that explicit numerical reasoning
about target counts is crucial for accurately grounding such
expressions. NGDINO builds upon the strong foundation
of GDINO [36], inheriting its dual-encoder, single-decoder
structure. Our contributions are concentrated within the de-
coder, as highlighted in Figure 6, where we introduce three
key components: (1) a number prediction head, (2) learnable
number-queries with number-guided query selection, and (3)
a number cross-attention module.
Number prediction head. To explicitly reason about the
number of targets, we append a lightweight number pre-
diction head to the decoder. This head takes the detec-
tion queries Qdet as input, processes them through a Feed-
Forward Network (FFN), and applies mean pooling to pro-
duce a probability distribution over target counts:

Nprob = softmax (MeanPool (FFN(Qdet))) , (3)

Npred = argmax(Nprob), (4)

where Qdet ↑ RB→Ld→D are the detection queries for a
batch size B, query length Ld, and feature dimension D. To
manage the long-tailed, Zipfian-like distribution of target
counts [2], we discretize the output space into five bins:
C = {0, 1, 2, 3, 4+}, where 4+ represents four or more
targets. This approach transforms the open-ended regression
problem into a stable multi-class classification task.
Number-guided query selection. To inject numerical priors
into the decoding process, we introduce learnable number-
queries, Qnum ↑ RB→Ln→D, where Ln is the length of
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number-queries. These queries are trained to encode distinct
numerical patterns. The predicted number, Npred, then acts
as an index to select a dedicated slice of these queries:

Qsel
num = Qnum

[
:, Ls ·Npred : Ls ·(Npred+1), :

]
, (5)

where Ls is the length of number-queries per category. This
mechanism creates a mapping between the predicted cardi-
nality and queries encoding patterns.
Number cross-attention module. The selected number-
queries, Qsel

num, are fused with the detection queries, Qdet,
via a number cross-attention module. This module operates
in parallel with the self-attention layer within the decoder.
The detection queries serve as the query (Q), while the se-
lected number-queries serve as both key (K) and value (V).
The output of this module is added to the output of the
self-attention layer, enriching the detection queries with nu-
merical context before they are passed to subsequent layers.
Training objective. The model is trained end-to-end by aug-
menting the GDINO losses (for bounding box regression and
label classification) with a Cross-Entropy loss for the num-
ber prediction task. Hyperparameters, including the selected
number-query length (Ls = 10) and total number-query
length (Ln = 50, representing 5 categories ↓ 10 queries),
were determined via ablation studies in the Appendix.

5. Experiments

We establish a comprehensive benchmark comprising 26 rep-
resentative methods capable of performing REC tasks: 3 spe-
cialized REC methods, 7 task-specific LVLMs for REC, 12
general LVLMs with varying parameter scales, and 4 closed-
source API models. To evaluate our proposed NGDINO,
we conduct experiments on our RefDrone dataset and two
public benchmarks: gRefCOCO [30] and RSVG [63].

5.1. Zero-shot results

As presented in Table 2, we evaluate all models in a zero-shot
setting to assess their generalization to the drone scenes.
Overall performance. Among all models, the open-source
Qwen3-VL (235B) [49] achieves state-of-the-art perfor-
mance, with 58.79% F1inst., 41.93% Accinst., 52.16% F1img.
, and 36.89% Accimg.. These results surpass not only other
open-source models but also the specialized closed-source
API, DINO-XSeek [44] (54.47% F1inst.), which is explicitly
designed for REC tasks.
Analysis of specialized methods. Specialized REC models
(e.g., MDETR [22], GLIP [27], GroundingDINO [36]) show
limited zero-shot transfer to RefDrone, with F1inst. generally
below 10%. This likely stems from pre-training on general-
domain datasets, which restricts their cross-domain adapt-
ability. Task-specific LVLMs for REC show varied perfor-
mance. Models limited to predicting a single bounding box,

like Shikra [8], ONE-PEACE [52], and SPHINX-v2 [29],
fail in multi-target scenarios, resulting in F1inst. scores below
2%. In contrast, recent Rex-Omni [21] achieves competitive
performance (54.06% F1inst. / 43.90% F1img.), approaching
the state-of-the-art.

Analysis of general LVLMs. A strong correlation is ob-
served between model scale and zero-shot REC performance
in general-purpose LVLMs. For instance, the Qwen3-VL se-
ries shows consistent improvement with scale: the 4B model
achieves 48.68% F1inst., which increases to 51.66% for the
8B model and 56.88% for the 30B model. This scaling
trend suggests that larger model capacity directly enhances
localization abilities without task-specific tuning. A notable
exception is DeepSeek-VL2 [57], where the small variant
achieves better performance.

Performance of closed-source APIs. Commercial mod-
els do not consistently outperform open-source alternatives.
DINO-XSeek [44] achieves 54.47% F1inst., lagging behind
Qwen3-VL-235B. Other prominent APIs, including Gem-
ini 2.5 Pro, yield low scores (F1inst. < 4%). Furthermore,
models from the GPT and Claude families failed to produce
outputs in the required bounding-box format. This dispar-
ity indicates that many leading commercial models are not
optimized for fine-grained localization tasks like REC.

5.2. Fine-tuning results

Performance on the RefDrone Dataset. Table 3 reports the
fine-tuning performance of specialized REC methods for 50
epochs on the RefDrone dataset. Our proposed NGDINO
shows consistent gains over the GDINO baseline. Specifi-
cally, the Swin-Tiny model NGDINO-T surpasses GDINO-
T by 3.47%, 3.97%, 1.97%, and 1.57% in F1inst., Accinst.,
F1img., and Accimg., respectively. NGDINO-B achieves
the best performance, with 72.51% F1inst., 57.22% Accinst.,
57.84% F1img., and 42.54% Accimg., outperforming the state-
of-the-art LVLM Qwen3-VL-235B by a significant margin.
Moreover, NGDINO uses orders of magnitude fewer param-
eters than LVLMs, making it more suitable for deployment
on resource-constrained edge platforms such as drones.

Performance on public benchmarks. To validate the effec-
tiveness of our improvements over GDINO in multi-target
scenarios, we evaluate NGDINO on two benchmarks contain-
ing multi-target samples: gRefCOCO [30] and RSVG [63].
Models are fine-tuned for 5 epochs on both benchmarks. Ta-
ble 4 presents results on gRefCOCO [30], which includes
both multi-target and no-target samples. We adopt two
metrics: Pr@0.5, measuring the percentage of predictions
achieving F1 = 1 at IoU → 0.5, and N-acc, denoting accuracy
on no-target samples. NGDINO-T demonstrates improve-
ments over GDINO-T, with Pr@0.5 gains of 0.8% and 0.3%
on test A and test B, respectively. The improvements are
more modest, which can be attributed to the relatively sim-
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Table 2. Experimental results of zero-shot baselines on RefDrone benchmark. The best results in each group are denoted with bold.

Categories Methods Params Release Date F1inst. Accinst. F1img. Accimg.

Specialized

REC Methods

MDETRResNet101 [22] 0.19B 2021/04/26 8.42 4.41 2.99 1.63
GLIPSwin-Tiny [27] 0.15B 2021/12/06 5.46 3.84 9.20 8.54

GroundingDINOSwin-Tiny [36] 0.17B 2023/05/09 1.18 1.84 3.94 6.35
GroundingDINOSwin-Base [36] 0.23B 2023/05/09 1.97 2.23 6.43 7.58

Specialized

LVLMs for REC

Shikra‡ [8] 7B 2023/07/03 0.80 0.52 2.26 1.60
ONE-PEACEGrounding

‡ [52] 4B 2023/07/20 1.02 0.51 2.64 1.34
Kosmos-2 [41] 1.6B 2023/10/30 8.06 4.20 8.64 4.52
CogVLMGrounding [55] 7B 2023/11/20 15.38 8.33 30.73 18.15
Griffon [64] 13B 2023/12/06 9.16 4.81 16.77 9.18
Ferret [60] 7B 2023/12/14 3.18 1.62 8.48 4.43
Rex-Omni [21] 3B 2025/10/15 54.06 37.10 43.90 28.52

General LVLMs

0 ~ 7B

DeepSeek-VL2Tiny [57] 3B 2024/12/13 2.35 1.84 4.51 4.98
Qwen2.5-VL [4] 3B 2025/02/20 40.00 25.06 38.22 23.89
Qwen3-VL [49] 4B 2025/10/15 48.68 32.31 47.78 32.28

General LVLMs

7B ~ 10B

Qwen-VL [3] 7B 2023/08/12 10.91 5.77 18.32 10.08
MiniGPT-v2 [6] 7B 2023/10/13 2.69 1.36 6.38 3.29
InternVL2.5‡ [9] 8B 2024/12/05 0.58 1.14 1.79 4.2
Qwen2.5-VL [4] 7B 2025/02/20 42.68 27.20 41.46 26.52
GLM 4.1V [50] 9B 2025/07/01 24.39 14.05 30.57 18.74
Ovis2.5 [38] 9B 2025/08/19 4.24 2.20 14.56 8.39
MiMo-VLRL [48] 7B 2025/08/21 19.75 11.22 30.24 18.79
InternVL3.5‡ [56] 8B 2025/08/26 8.17 4.48 19.73 11.8
Qwen3-VL [49] 8B 2025/10/15 51.66 35.13 46.36 31.85

General LVLMs

10B ~ 30B

SPHINX-v2‡ [29] 13B 2023/11/17 1.59 0.80 4.61 2.36
DeepSeek-VL2Small [57] 16B 2024/12/13 34.95 21.34 36.15 22.81
DeepSeek-VL2 [57] 27B 2024/12/13 25.31 14.88 29.46 19.08
Qwen3-VL [49] 30B 2025/10/15 56.88 39.98 51.09 35.58

General LVLMs

> 30B

GLM 4.5V [50] 106B 2025/08/11 35.95 21.97 40.21 25.41
Qwen3-VL† [49] 235B 2025/10/04 58.79 41.93 52.16 36.89

Closed-Source

(APIs) Models

DINO-XSeek [44] – 2025/03/11 54.47 37.46 46.11 30.14
Gemini 2.5 Pro [10] – 2025/03/25 3.45 1.91 8.11 4.90
Seed1.5-VL [16] – 2025/05/12 43.52 27.84 37.27 23.03
Qwen3-VL-Plus [49] – 2025/09/22 58.11 41.32 50.98 36.18

† State-of-the-art method. ‡ Models only predict a single bounding box, limiting multi-target performance.
* GPT and Claude are excluded due to output bounding-box format failures.

Table 3. Results of fine-tuning baselines on RefDrone benchmark.

Methods F1inst. Accinst. F1img. Accimg.

GLIP-T [27] 56.92 40.39 41.31 28.88
GDINO-T [36] 67.64 51.55 54.54 39.63
NGDINO-T (Ours) 71.11 55.52 56.51 41.20
GDINO-B [36] 69.75 53.95 56.95 41.81
NGDINO-B (Ours) 72.51 57.22 57.84 42.54

ple multi-target structure in gRefCOCO, where expressions
predominantly reference only one or two objects. On the
more complex aerial-view RSVG [63] benchmark (Table 5),
NGDINO-T consistently outperforms prior state-of-the-art
methods across all metrics. These results confirm that our
proposed modifications effectively enhance performance on
diverse multi-target REC tasks.
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Table 4. Experimental results on gRefCOCO [30] dataset. Asterisk
(*) denotes results reported in the gRefCOCO paper.

Methods
testA testB

Pr@0.5 ↔ N-acc. ↔ Pr@0.5 ↔ N-acc. ↔
MDETR* [22] 50.0 34.5 36.5 31.0
UNINEXT* [59] 46.4 49.3 42.9 48.2
GDINO-T [36] 61.9 83.6 53.7 79.6
NGDINO-T 62.7 83.4 54.0 80.7

The pedestrian operating a device 
(possibly a drone controller).

The car near the curved section of the road.The pedestrian on the overpass.

The people in black are walking
along the curved pathway.

Figure 7. Some failure cases of NGDINO on RefDrone dataset.
Red, green, and yellow boxes indicate true positives, false positives,
and false negatives, respectively.

5.3. Ablation studies

Analysis of NGDINO components. Table 6 presents the
analysis of each component in NGDINO. With only the
number prediction head, the model achieves improvements,
improving F1inst. from 67.64% to 69.73% (+2.09%). This
demonstrates that the auxiliary number prediction task en-
hances the model’s grounding capability. The number cross-
attention mechanism alone yields more modest gains, im-
proving F1inst. to 68.88% (+1.24%). This improvement can
be partially attributed to the additional parameters introduced
in the decoder. The most significant performance boost oc-
curs when combining both components, where F1inst. reaches
71.11% (+3.47%). This substantial accuracy improvement
comes at a negligible cost to efficiency, with only a minor
decrease in inference speed (from 13.5 to 12.3 FPS).

Number prediction accuracy. We evaluate the number
prediction head’s performance. The head achieves a mean
absolute error (MAE) of 0.21, indicating that its numerical
predictions are highly precise and closely align with the
ground truth counts. This strong performance in number
prediction is a key factor in the model’s ability to handle
multi-target expressions. The overall accuracy for predicting
the correct number of instances is 75.3%.

Table 5. Experimental results on RSVG [63] dataset. Asterisk (*)
denotes results reported in the EarthGPT paper. Pr@0.5: percentage
of predictions at IoU → 0.5..

Methods Pr@0.5 Pr@0.6 Pr@0.7 Pr@0.8 Pr@0.9

TransVG* [11] 72.41 67.38 60.05 49.10 27.84
MGVLF* [63] 76.78 72.68 66.74 56.42 35.07
EarthGPT* [65] 76.65 71.93 66.52 56.53 37.63
GDINO-T [36] 76.99 75.81 73.36 66.77 49.96
NGDINO-T 77.16 76.03 73.81 67.84 51.39

Table 6. Ablation study of NGDINO components on the RefDrone
dataset with Swin-Tiny backbone.

Number
Prediction Head

Number
Cross-Attention F1inst. Accinst. F1img. Accimg. FPS

67.64 51.55 54.54 39.63 13.5

↭ 69.73 53.90 56.29 41.08 12.8
↭ 68.88 52.89 54.98 39.74 12.9

↭ ↭ 71.11 55.52 56.51 41.20 12.3

5.4. Limitations

Despite its strong performance on multi-target and no-target
scenarios, NGDINO has several limitations. As illustrated by
the qualitative examples in Figure 7, failure cases typically
arise from challenging scenarios inherent to the RefDrone
dataset. These failures can be categorized into three pri-
mary sources: (1) complexity in the referring expression
that demands sophisticated contextual reasoning; (2) clut-
tered backgrounds that camouflage target objects; and (3)
inherent difficulties in detecting very small-scale objects.
Addressing these challenging, real-world conditions remains
an important direction for future work.

6. Conclusion

In this work, we introduce RefDrone, a challenging bench-
mark for referring expression comprehension in drone scenes.
The dataset is built using RDAnnotator, an efficient semi-
automated annotation pipeline that combines LVLMs with
human-in-the-loop verification to ensure high-quality annota-
tions. Our extensive experiments reveal a substantial perfor-
mance drop for existing state-of-the-art methods when eval-
uated on RefDrone, underscoring the benchmark’s difficulty
and exposing key limitations in current REC approaches.
Furthermore, we develop NGDINO to address the multi-
target and no-target challenges in RefDrone. In the future,
we aim to further enhance NGDINO to address additional
challenges presented by RefDrone. We also plan to extend
RefDrone to larger-scale scenarios and introduce additional
tasks such as referring expression segmentation and tracking.
We believe RefDrone will serve as a valuable benchmark for
advancing research in drone-based REC tasks.
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