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Abstract

RGB and infrared images has shown remarkable robust-
ness for object detection based on unmanned aerial vehicles
(UAV). However, the primitive RGB and infrared (IR) im-
ages are inevitably misaligned due to the device gap between
RGB and infrared cameras. Most existing methods rely on
manually filtered and aligned images, and thus are limited in
real-world application. Some recent methods tend to directly
learn from misaligned images, which only weakly benefit
from the multi-modality and may be misled by dramatically
misaligned IR images. Considering that the manually aligned
images are available during training while unavailable in in-
ference, we explore a new learning paradigm using the IR
modality as privileged information. In the training stage, our
model learns to hallucinate the complementary knowledge in
IR modality based on RGB modality. In inference, our model
could hallucinate the complementary IR modality to facili-
tate UAV detection. Specifically, we propose to quantize the
IR features and hallucinate the codebook-indices based on
RGB features, which is more effective and robust than di-
rectly hallucinating features. In addition, we propose to hi-
erarchically hallucinate multi-scale codebook-indices, which
could further improve the hallucinating quality. Experiments
on DroneVehicle and VisDrone datasets demonstrate the ef-
fectiveness of our method.

Code —
https://github.com/chenbys/InfraredPrivilegedUAV

Extended version — https://github.com/chenbys/
InfraredPrivilegedUAV/Extended.pdf

1 Introduction
Multimodal UAV object detection seeks to leverage data
from heterogeneous sensors to achieve precise target recog-
nition and localization. Visible-light imagery offers rich,
detailed information under normal illumination conditions,
whereas infrared imagery can capture abundant object cues
even in complete darkness. Consequently, the fusion of visi-
ble (RGB) and infrared (IR) images has been widely adopted
across tasks such as classification (Liu et al. 2024), semantic

*These authors contributed equally.
†Corresponding author

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: The overview of our framework. In the training
stage, the pre-trained IR-branch produces codebook indices
as hallucination target, which embeds the complementary
information in IR modality. Our RGB detector learns to hal-
lucinate the indices and obtain the complementary informa-
tion in IR modality via Hallu-Branch. In the testing stage,
without IR input, our RGB detector fuses the features from
Hallu-Branch and RGB-Branch to predict results.

segmentation (Guo et al. 2021), object detection (El Ahmar
et al. 2023), and pedestrian detection (Rathinam et al. 2024).

Despite the effectiveness of RGB-IR modality, the RGB-
IR images are captured by different cameras, and thus suffer
from the pixel misalignment issue. Existing datasets (Hwang
et al. 2015; Zhang et al. 2019; Teledyne FLIR Systems 2018)
usually employ manual filtering and fixed transformation to
obtain aligned RGB-IR images, but the misalignment still
exists due to the various capture attitudes and angles. More-
over, the manual filtering and fixed transformation may be
available in the training stage, but not always available in
extensive real-world applications. To this end, some recent
methods (Zhang et al. 2019, 2025; Wang et al. 2019) tend
to directly learn from misaligned images and focus on de-
signing various weakly-align modules. Nevertheless, this
paradigm only weakly benefits from the multi-modality, and
may be misled by dramatically misaligned IR images.

Considering that the aligned IR images could be available
in training stage while unavailable in inference, we explore a
new paradigm for UAV detection, which employs IR modal-
ity as a kind of privileged information (Vapnik and Vashist
2009; Chen, Niu, and Zhang 2021; Zhang et al. 2021). In the

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

7521



task of infrared-privileged UAV detection, the major issue is
to transfer complementary knowledge from IR modality to
RGB modality in the training stage. As a consequence, in the
test stage without IR modality, the model could better infer
based on both RGB knowledge and transferred knowledge.
Besides, the IR camera is far less prevailing than RGB cam-
era, due to the device cost, imaging quality, etc. Therefore,
the model trained in infrared-privileged paradigm has wider
applications in real-world scenarios.

For the practical task of infrared-privileged UAV detec-
tion, we propose a novel framework based on cross-modal
vector-quantization, as shown in Fig. 1. In the training stage,
a pre-trained IR detector employs IR-branch to provide the
vector-quantization indices, which represent rich semantic
knowledge in IR modality. Our RGB detector consists of
two branches, where RGB branch extracts RGB semantic
features and Hallu-branch is supervised to hallucinate the
vector-quantization indices in IR modality. Based on the hal-
lucinated indices, the IR semantic features could be robustly
reconstructed according to codebook. After that, our RGB
detector fuses RGB features and reconstructed IR features
to estimate detection results. In the test stage, without IR in-
put and IR-branch, our RGB detector hallucinates VQ in-
dices and could benefit from both RGB and IR semantic
features. Besides, most modern detectors benefit from hi-
erarchical multi-scale feature maps, and thus we propose to
quantize them in a hierarchical residual manner, which could
improve the hallucinating quality.

We conducted extensive experiments on two benchmark
datasets, i.e., DroneVehicle (Sun et al. 2021) and VisDrone
(Zhu et al. 2018). The comprehensive comparison and in-
depth analysis could demonstrate the effectiveness of our
method. Our contributions could be summarized as fol-
lows: (1) We explore a new learning paradigm for UAV
detection, which is more practical in the wide applications
where aligned IR images are unavailable. (2) We propose
a novel framework (named as CMVQ) based on cross-
modality vector-quantization, which quantizes the IR fea-
tures and hallucinates the codebook-indices based on RGB
features. We also propose to hierarchically hallucinate multi-
scale codebook-indices. (3) Extensive experiments on Dron-
eVehicle and VisDrone datasets demonstrate the advantages
of our method.

2 Related Works
2.1 RGB-IR UAV Detection
Multimodal fusion methods fully exploit the complemen-
tary advantages of infrared (IR) and visible (RGB) sensors
to enhance UAV-based object detection performance. Over
the years, RGB–IR UAV detection has played a pivotal role
across various applications (Shen et al. 2023; Yang, Ma,
and Zakhor 2022; Zhao et al. 2024; Goecks, Woods, and
Valasek 2020). For example, (Hu et al. 2025) designed a
dedicated fusion network for agricultural straw-fire scenar-
ios, providing benchmarks and methodologies for disaster-
specific monitoring; (Speth et al. 2022) integrated RGB and
thermal imaging sensors for disaster monitoring, achieving
high-recall detection in extreme events such as fires and

floods; (Wang et al. 2024) introduced a lightweight cross-
modal attention framework for real-time UAV detection in
low-visibility conditions.Regarding how to combine differ-
ent modalities to boost detection performance, many ap-
proaches (Li et al. 2017; Vipparla et al. 2024; Krishnan et al.
2023) fuse RGB and IR data at the input level. More re-
cently, most studies (Lv and Lan 2025; Chen et al. 2024)
have focused on feature-level fusion. For instance, (Jing
et al. 2025) proposed MCFNet, which employs multi-scale
feature fusion and context-enhancement modules to achieve
accurate small-UAV detection. In our task, during infer-
ence with only a single RGB image, we improve detec-
tion performance by hallucinating infrared feature maps via
cross-modal prediction.

2.2 Learning Using Privileged Information
The concept of privileged information was first introduced
by (Vapnik and Vashist 2009), where it is defined as data
available exclusively during the training phase and un-
available during testing. To date, Learning Using Privi-
leged Information (LUPI) has been widely applied in many
computer-vision tasks, including classification (Chen, Niu,
and Zhang 2021), detection (Zhang et al. 2021; Motiian et al.
2016), semantic segmentation (Gu et al. 2020), keypoint de-
tection (Bisla and Choromanska 2018), and pose estimation
(Lee et al. 2023). To name a few, Chen, Niu, and Zhang pro-
posed to transfer and hallucinate depth attention from depth-
privileged scene recognition. Lambert, Sener, and Savarese
proposed using privileged information to regulate the vari-
ance of Gaussian Dropout, improving model resilience. Ha-
javi and Etemad distilled video features as privileged infor-
mation for audio representation learning. In contrast, our
study achieves high-quality cross-modal reconstruction by
aligning discrete indices, significantly reducing the difficulty
associated with aligning continuous variables.

2.3 Vector-Quantization
Vector-Quantization is first proposed VQ-VAE (Van
Den Oord, Vinyals et al. 2017), which discretizes the con-
tinuous latent space into a learnable codebook, laying the
foundation for all subsequent VQ-VAE series variants and
extensive applications (Esser, Rombach, and Ommer 2021;
Bao et al. 2021; Li, Niu, and Zhang 2023; Liao et al. 2024;
Hu et al. 2024, 2020). For example, Razavi, Van den Oord,
and Vinyals introduced a hierarchical encoding structure
based on the original VQ-VAE, significantly enhancing the
quality and diversity of generated samples. Esser, Rom-
bach, and Ommer combined VQ-VAE with GAN, achieving
sharper and more detailed image generation by balancing the
codebook reconstruction error and adversarial loss. Based
on wav2vec 2.0, Baevski, Schneider, and Auli introduced
vector quantization to discretize the original speech signal,
preserving crucial time-frequency information while effec-
tively compressing feature dimensions, thereby significantly
enhancing downstream ASR performance. In contrast, our
method performs cross-modal infrared feature map predic-
tion by embedding infrared codebook entries based on the
predicted discrete indices.
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3 Method
3.1 Task Definition
Considering that the aligned RGB-IR images could be avail-
able in training stage while unavailable in inference, we ex-
plore the task of Infrared-Privileged UAV Detection. For-
mally, in the training stage, each sample contains aligned
RGB image xR ∈ R3×H×W and IR image xI ∈ R3×H×W .
In the test stage, each sample only contains RGB image
xR ∈ R3×H×W . The overall idea of our method is learn-
ing to hallucinate complementary information in xI based
on xR. Consequently, in the test stage without xI , our
model could benefit from the hallucinated information in xI .
For ease of description, we employ the phrase “hallucina-
tion modality” to summarize the information estimated from
RGB modality to approaching to these in infrared modality.
To avoid confusion, we use the superscripts R, I , and H to
distinguish the variables in RGB modality, infrared modality
and hallucination modality.

3.2 Framework Overview
Overall, our method transfers knowledge across the feature
maps from IR modality to RGB modality. Therefore, our
method is model-agnostic, and could be applied on various
backbones and detector models. For ease of descriptions, we
introduce our method based on YOLOv8m (Yaseen 2024),
which could be easily extended to other models by replac-
ing the processed feature maps. In particular, we process
the multi-scale backbone feature maps (aka., P3, P4, and
P5), which are denoted as F3, F4, and F5. We refer to
the network layers producing the processed feature maps as
“branch” for brevity.

Our network framework in the training stage is illus-
trated in Fig. 2, which mainly consists of: (1) a pre-trained
and frozen IR-branch, producing the hallucination targets;
(2) a RGB detector, employing the RGB-branch to extract
RGB features and employing the Hallu-branch to halluci-
nate IR features via vector-quantization. Specifically, given
the training sample xR and xI , we firstly feed xI into the
IR-branch to obtain the hallucination target, i.e., codebook-
index EI

3 , EI
4 , and EI

5 , as shown in the top region of Fig. 2.
Afterwards, we feed xR into RGB-Branch to extract RGB
feature maps, i.e., FR

3 , FR
4 , and FR

5 , as shown in the bot-
tom region of Fig. 2. Meanwhile, we employ RGB feature
maps to hallucinate the codebook-index EH

3 , EH
4 , and EH

5 ,
which are employed to reconstruct the IR features FH

3 , FH
4 ,

and FH
5 , as shown in Fig. 2 (highlighted with blue back-

ground). Finally, we fuse the RGB and hallucinated features,
and feed into the detection head to obtain results.

3.3 Vector-Quantization in IR Modality
Instead of directly hallucinating IR features (Hoffman,
Gupta, and Darrell 2016), we propose quantize IR features
and hallucinate the codebook indices a hierarchical residual
manner, which is more effective and robust. To this end, we
conventionally pre-train a detector with IR image xI as in-
put, and then hierarchically quantize the processed feature
maps as the hallucination target. Below, we omit some un-
necessary superscripts and subscripts for brevity.

Basic Vector-Quantization. Given one processed feature
map F ∈ RH×W×C , we quantize each feature vector f ∈
RC in F via a nearest-neighbor lookup (Van Den Oord,
Vinyals et al. 2017) in a codebook C:

z = Q(f ,C) := argmin
k

∥f − C[k]∥2, (1)

where Q is the quantizing function, z ∈ {1, 2, . . . , N} is the
codebook index of f , and C[k] is the k-th entry of the N size
codebook C ∈ RN×C . After quantizing, the reconstructed
feature according the index z is:

f̂ = R(z,C) := C[z], (2)

where R is the reconstructing function. To learn the quan-
tization codebook, we follow (Van Den Oord, Vinyals et al.
2017) and employ the loss below:

LV Q =
∑
f∈F

∥sg[f ]− f̂ |22 +
∑
f∈F

∥f − sg[f̂ ]∥22, (3)

where sg denotes stop-gradient.

Hierarchical Residual Quantization. Considering the hi-
erarchical relations of processed feature maps F3, F4, and
F5, we propose to quantize them in a hierarchical residual
manner. Firstly, we quantize the basal F3 and learn the code-
book C3 using Eqn. 3 Then, we quantize the residual feature
of F4 against F3:

F̃4 = F4 −D(F̂3), (4)

where F̂3 is the quantized and reconstructed features of F3,
and D denotes the downsampling and squeezing function for
dimensional consistency. In this way, the codebook C4 could
focus on quantizing the incremental features in F4 against
F3. Similarly, we learn the codebook C5 for quantizing F5.

Summary. After this pre-training stage, we obtain a IR
detector to extract processed features from xI , as well as
the codebooks C3, C4, and C5 for vector-quantization. Be-
sides, we denote the codebook size of C5 as N = 64, and
employ 2N for C4 and 4N for C3, probably because that
low-level feature maps are relatively more diverse and thus
require more entries for quantizing.

3.4 Index Hallucination in RGB Modality
In the formal training stage as shown in Fig. 2, we firstly
feed xI into the pre-trained IR detector to obtain the IR fea-
ture maps (i.e., F I

3 , F I
4 , and F I

5 ) and corresponding quan-
tizing indices (i.e., ZI

3 , ZI
4 , and ZI

5 ), which embed the com-
plementary knowledge in IR modality and thus serve as the
hallucination targets.

For the RGB input xR, we feed it into our RGB detec-
tor backbone and extract RGB feature maps, i.e., FR

3 , FR
4 ,

and FR
5 . To hallucinate the indices ZI

3 , we feed FR
3 into a

hallucination head, as Y H
3 = H3(F

R
3 ), where H3 contains

one 3x3 convolutional layer followed by pixel-level classi-
fier (because the indices are integers), and Y H

3 is the hallu-
cinated classification logits. As the conjugation of Eqn. 4,
we feed the residual to hallucinate ZI

4 , as:

Y H
4 = H4(F

R
4 −D(FR

3 )), (5)
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Figure 2: The detailed architecture of our framework in the training stage. In the top region (a), the pre-trained and frozen
IR-branch in IR detector extracts IR feature maps and quantize them to codebook-indices as hallucination targets. In the bottom
region (b), the RGB-branch in RGB detector extract RGBs feature maps as the foundations. In the mid region (c), the Hallu-
branch hallucinates the indices and correspondingly reconstruct the IR feature maps. Finally (d), the fusion of RGB features
and hallucinated features are fed into detection head to obtain results.

where H4 has the same architecture but different parameters
with H3. Similarly, we obtain Y R

5 for hallucinating ZI
5 . Af-

ter that, we reconstruct the IR features by the hallucinated
indices and pre-trained codebooks:

FH
3 = R(A(Y H

3 ),C3), (6)

FH
4 = R(A(Y H

4 ),C4) +D(FH
3 ), (7)

FH
5 = R(A(Y H

5 ),C5) +D(FH
4 ), (8)

where A denotes the argmax function for deriving the clas-
sified indices from the hallucinated logits. In this way, we
obtain the hallucination features (i.e., FH

3 , FH
4 , and FH

5 )
containing complementary IR information with RGB input.

3.5 RGB-Hallucination Multi-Modality Detection
RGB-IR detection is effective due to the complementary
feature fusion of RGB modality and IR modality. In our
infrared-privileged scenario, the IR modality is unavailable
in the test stage, and thus our RGB detector employs hallu-
cination modality to bridge the deficiency of IR modality. In
this way, our model can be regarded as a multi-modality de-
tector, which only requires RGB modality in the test stage.

Specifically, our RGB-branch extracts FR
3 , FR

4 , and FR
5 ,

which contains the semantic information from RGB modal-
ity. Meanwhile, our model hallucinates FH

3 , FH
4 , and FH

5 ,

which contains the complementary information in the code-
book from IR modality. We intuitively fuse the correspond-
ing features from RGB and hallucination modalities by:

FRH
i = S([FR

i ;FH
i ]), (9)

where i ∈ {3, 4, 5}, [·; ·] indicates feature concatenation, and
S is a 1x1 convolution for squeezing. After that, we feed
FRH
3 , FRH

4 , and FRH
5 into the network layers after the pro-

cessed feature maps (after P3, P4, and P5) to produce results.

3.6 Summary of Training and Inference
In the training stage, our RGB detection simultaneously
learns to hallucinate the codebook indices and learns to de-
tect objects using RGB-Hallucination features. Therefore,
our fully training loss could be summarized as:

LFULL = LDET + α ·
∑

i∈{3,4,5}

LCE(Y
H
i ,ZI

i ), (10)

where LDET denotes the original detection loss in YOLO-
v8m, and α balances the trade-off with indices hallucination.
LCE indicates the cross-entropy loss, because the target in-
dices ZI

i are integers and Y H
i are the classification logits.

We employ cross-validation and set α = 10.0 by default.
In the test stage, the IR detector is removed due to lacking
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IR input. Given the test sample xR, our RGB detector ex-
tracts RGB features and hallucinates IR features, and thus
can employ complementary information to detect objects.

4 Experiments
4.1 Datasets, Metrics and Implementation Details
DroneVehicle Dataset. DroneVehicle (Sun et al. 2021)
is a benchmark for RGB–infrared aerial vehicle detection,
comprising paired visible and thermal images captured un-
der diverse illumination conditions throughout the day. It
features five vehicle categories and a total of 19,459 aligned
image pairs, of which 17,990 are designated for training and
1,469 for testing. Objects in this dataset are typically small
and subject to two key challenges: (1) diminished visibility
and low contrast in the RGB images during nighttime hours,
and (2) spurious thermal artifacts in the infrared channel
that can be mistaken for vehicles. The pronounced appear-
ance gap between the two modalities makes DroneVehicle
an ideal testbed for evaluating cross-modal fusion and ro-
bustness under complementary imaging conditions.

VisDrone Dataset. The VisDrone2019 dataset (Zhu et al.
2018) is a large-scale RGB aerial benchmark for UAV vision
tasks such as object detection, tracking, and crowd count-
ing. The VisDrone2019 dataset includes 10,209 static im-
ages (plus 288 video clips covering 261,908 frames), man-
ually annotated with over 2.6 million bounding boxes cov-
ering categories like pedestrians, cars, bicycles, and tricy-
cles. The detection subset defines 6,471 training, 548 val-
idation, and 1,610 test-dev images, and provides attributes
including occlusion and truncation ratios for detailed evalu-
ation. Compared to DroneVehicle, which focuses on paired
RGB–IR vehicle detection under varying illumination, Vis-
Drone is RGB-only and emphasizes densely annotated urban
UAV scenes for multi-task benchmarks involving complex
lighting, occlusion, and scale variation.

Metrics We follow (Lin et al. 2015) and primarily employ
COCO-style metric of mAP for evaluation. For mAP cal-
culations, an intersection over union threshold (e.g., 0.5) is
employ to determine true and false positives.

Implementation Details Our method is implemented
based on the CALNet (He et al. 2023) code, which also
employs a multimodal fusion scheme. During training, we
apply data augmentation techniques such as random rota-
tion and random cropping to enrich the dataset. Experiments
are conducted on Ubuntu 20.04 with Python 3.7, PyTorch
1.10.1, Intel® Core™ i9-14900KF (32 cores), and dual
NVIDIA RTX 4090 GPUs. Hyper-parameters are set follow-
ing the YOLOv8m (Yaseen 2024) framework. We evaluated
random seed values in the range 1–10 and observed that all
settings yielded comparable performance.

4.2 Comparison with Prior Methods
Baseline Setting. We set three groups of baselines for
comparison: (1) RGB-only group, including YOLOv8m
(Yaseen 2024), CEASC (Du et al. 2023), DQ-DETR (Huang
et al. 2024) and RemDet (Li et al. 2024). (2) IR-privileged

group, including FeatHallu (Hoffman, Gupta, and Darrell
2016) and M2D-LIF† (Zhao et al. 2025). (3) RGB-IR group,
including CALNet (He et al. 2023), ODAF (Chen et al.
2024) and M2D-LIF (Zhao et al. 2025). Specifically, we
adapt FeatHallu (Hoffman, Gupta, and Darrell 2016) and
M2D-LIF† (Zhao et al. 2025) using the same base detector
(YOLOv8m) as the representative baselines in IR-privileged
group. For FeatHallu (Hoffman, Gupta, and Darrell 2016),
the hallucination network hallucinates the P3, P4, and P5
features in the IR detector. For M2D-LIF† (Zhao et al. 2025),
we employ the RGB backbone and detector with Mono-
Modality Distillation, which distills the knowledge from IR
to RGB and thus belongs to IR-privileged Group. For our
method, we implement our framework on four representa-
tive RGB detectors, by hallucinating the last three backbone
feature maps. Besides, the baselines in RGB-IR group take
extra IR images as test input, which are set to show the
upper-bound of our method.

Comparison on RGB-IR Dataset. We firstly conduct the
comparison on the RGB-IR dataset (i.e., DroneVehicle), and
summarize the results in Tab. 1. Firstly, we can see that
the methods in IR-privileged group generally outperform
the methods in RGB-only group, indicating the effective-
ness of using IR modality as privileged information. Sec-
ondly, using the same base detector, “Ours+YOLOv8m”
outperforms the FeatHallu and M2D-LIF† dramatically, in-
dicating the advantages of hallucinating codebook-indices.
Thirdly, using different base detectors, our methods consis-
tently outperform the original detectors, showing the appli-
cability of our framework by index hallucination. Besides,
our IR-privileged methods could reach about 85% of the
upper-bound revealed by RGB-IR methods, which is rela-
tively satisfactory.

Applicability on RGB-Only Scenario. Considering that
our method only requires RGB input in the test stage, we
evaluate the applicability of our trained method on RGB-
only scenario, i.e., VisDrone (Gu et al. 2020) dataset. Specif-
ically, we firstly train all methods on DroneVehicle and
then fine-tune on VisDrone. In fine-tuning IR-privileged
methods, we freeze the backbones, hallucination work,
and IR-branch to prevent the degradation of transferred IR
knowledge. We summarize the performances of overlapping
classes on val set in Tab. 2, and have the following observa-
tions. Firstly, the RGB-IR baselines are inapplicable due to
the deficiency of IR modality in the test stage. Secondly, the
IR-privileged methods still outperform RGB-only methods
generally, indicating that the transferred knowledge is also
beneficial cross dataset. Finally, our methods consistently
outperform the original detectors and other IR-privileged
baselines, which demonstrates the well applicability of our
proposed framework.

4.3 Ablation Study
In this section, we conduct ablation study based on
YOLOv8m detector on DroneVehicle dataset to investigate
the impacts of various modules. Specifically, in Row #1
of Tab. 3, we start from the original RGB-only architec-
ture. In Row #2, we only add the architecture of Hallu-
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Training Input Test Input Venue Method Backbone Car Truck Freighter Bus Van mAP@0.5

RGB RGB

2023 YOLOv8m CSPDarknet53 91.0 55.8 43.1 86.3 43.4 63.9
CVPR2023 CEASC ResNet50 91.4 54.6 42.5 88.7 45.1 64.5
ECCV2024 DQ-DETR ResNet50 89.5 57.7 45.6 89.1 43.8 65.1
AAAI2025 RemDet RemDet 90.1 56.4 46.3 89.4 47.5 65.9

RGB and IR RGB

CVPR2016 FeatHalu CSPDarknet53 92.7 54.8 45.2 88.2 45.6 65.3
ICCV2025 M2D-LIF† CSPDarknet53 92.4 57.4 45.3 88.2 46.5 66.0

– Ours+YOLOv8m CSPDarknet53 91.9 62.4 47.3 88.5 47.7 67.6
– Ours+CEASC ResNet50 92.0 59.4 51.3 89.1 46.6 67.7
– Ours+DQ-DETR ResNet50 90.6 60.7 48.6 90.1 52.7 68.5
– Ours+RemDet RemDet 91.0 68.4 57.9 88.8 50.6 71.3

RGB and IR RGB and IR
MM2023 CALNet CSPDarknet53 90.3 76.2 63.0 89.1 58.5 75.4

CVPR2024 ODAF CSPDarknet53 90.3 76.8 73.3 90.3 66.0 79.4
ICCV2025 M2D-LIF CSPDarknet53 97.8 81.0 67.9 96.0 64.6 81.4

Table 1: The performance comparison on the DroneVehicle dataset. The methods are divided into three groups according to
different training input and test input.

Training Input Test Input Venue Method Backbone Car Bus Truck Van AVG

RGB RGB

2023 YOLOv8m CSPDarknet53 76.7 60.6 30.5 40.1 52.0
CVPR2023 CEASC ResNet50 78.3 66.4 37.2 44.7 56.7
ECCV2024 DQ-DETR ResNet50 77.9 65.7 44.2 47.6 58.9
AAAI2025 RemDet RemDet 81.9 65.3 47.4 47.9 60.6

RGB and IR RGB

CVPR2016 FeatHalu CSPDarknet53 82.0 67.2 40.7 44.3 58.6
ICCV2025 M2D-LIF† CSPDarknet53 80.4 65.5 45.7 46.6 59.6

– Ours+YOLOv8m CSPDarknet53 83.1 71.8 45.3 50.6 62.7
– Ours+CEASC ResNet50 84.5 71.0 46.7 51.2 63.4
– Ours+DQ-DETR ResNet50 82.7 71.2 50.0 52.6 64.1
– Ours+RemDet RemDet 86.6 74.9 50.2 51.7 65.9

Table 2: The performance comparison of pre-training on the DroneVehicle dataset and then fine-tuning on the VisDrone dataset.
The RGB-IR methods are inapplicable due to the deficiency of IR modality in test stage.

Adding Hallu-
Branch

Indices
Hallu.

Hierarchical
Quantization mAP@0.5

#1 60.2
#2 ✓ 60.8
#3 ✓ ✓ 65.7
#4 ✓ ✓ ✓ 67.6

Table 3: Ablation Study on the DroneVehicle Dataset.

branch to produce extract features, and feed the feature fu-
sion of RGB-branch and Hallu-branch to obtain results. In
Row #3, we employ Hallu-branch to respectively halluci-
nate the codebook-indices with LCE enabled. In Row #4, we
further hallucinate the indices using the hierarchical residual
manner.

In particular, by comparing Row #2 to Row #1, we
could see that adding extra network layers only leads to
negligible performance gain. By hallucinating indices in
Row #3, the performance of our RGB detector is dramati-
cally improved (i.e., +4.9%), indicating the direct benefit of

transferring complementary information via index halluci-
nation. In Row #4, the performance is further enhanced (i.e.,
+1.9%), showing the effectiveness of hierarchical halluci-
nation. Therefore, our proposed modules are effective and
complementary.

4.4 Visualization Results
We firstly qualitatively compare our method with represen-
tative baselines, and then qualitatively analyse our method.

Visual Comparison As shown in Fig. 3, we compare with
YOLOv8m, FeatHallu, and M2D-LIF†. In the challenging
cases under fog weather or night, the RGB modality provide
limited information, while IR modality provides robust and
complementary information. Thus, the RGB-only method
(i.e., YOLOv8m) estimates inferior results. Without IR in-
put, the IR-privileged methods can benefit from transferred
IR information. As shown in Fig. 3, our method estimates
the optimal results, indicating the advantages of hallucinat-
ing codebook-indices.

Visual Analysis To investigate the effectiveness of our
method, we visualize the RGB features extracted by RGB-
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Figure 3: Qualitative comparison on the DroneVehicle dataset in two challenging cases. The white dotted circles highlight the
significant regions for comparison. The IR images are presented only for visual reference, which are not input into the models.

Figure 4: Qualitative analysis of our method on the Dron-
eVehicle dataset in two challenging cases.

branch, hallucinated features extracted by Hallu-branch, and
IR features extracted by IR-branch. The IR features are only
presented for visual reference, which are not available in the
formal evaluation. Besides, we only present the visualiza-
tions for P3 features due to its representativeness. As shown
in Fig. 4, we can see that the hallucinated features are close
to IR features, and also complementary to RGB features.
Specifically, in the case under night, the hallucinated fea-
tures more accurately activate in the object regions. There-
fore, our RGB detector could dramatically benefit from the
complementary information in hallucinated features without
IR input.

4.5 Hyper-Parameters Analysis
In this section, we analyse two major hyper-parameters in
our method: (1) α = 10.0, for balancing the trade-off
between detection loss and hallucination loss in Eqn. 10.
(2) N = 64, for setting the codebook size in vector-
quantization. We determine the optimal values of hyper-
parameters via cross-validation. In this hyper-parameter
analysis, we vary each hyper-parameter within a specified
range while keeping the other fixed, and present the obtained
performances in Fig. 5. Lower α may lead to immature fea-
ture hallucination, while higher α may suppress the major
supervision of detection loss. Smaller codebooks are insuf-
ficient to quantize the IR features, while larger codebooks

Figure 5: The effects of varying the values of α and N on
DroneVehicle. The dotted lines indicate our default values.

contains more useless entries and also increase the difficulty
of index hallucination. Overall, our hyper-parameter setting
is relatively appropriate.

5 Conclusion

In this work, we have explored a novel paradigm for UAV
detection that using infrared modality as privileged infor-
mation. Specifically, we have proposed to quantize infrared
features and hallucinate codebook-indices based on RGB
features. We also have designed a hierarchical hallucination
mechanism for multi-scale codebook indices. Extensive ex-
periments on the DroneVehicle and VisDrone datasets have
demonstrated the effectiveness of our method.
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