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Abstract

Domain-adaptive thermal object detection plays a key
role in facilitating visible (RGB)-to-thermal (IR) adaptation
by reducing the need for co-registered image pairs and min-
imizing reliance on large annotated IR datasets. However,
inherent limitations of IR images, such as the lack of color
and texture cues, pose challenges for RGB-trained mod-
els, leading to increased false positives and poor-quality
pseudo-labels. To address this, we propose Semantic-Aware
Gray color Augmentation (SAGA), a novel strategy for miti-
gating color bias and bridging the domain gap by extracting
object-level features relevant to IR images. Additionally,
to validate the proposed SAGA for drone imagery, we in-
troduce the IndraEye, a multi-sensor (RGB-IR) dataset de-
signed for diverse applications. The dataset contains 5,612
images with 145,666 instances, captured from diverse an-
gles, altitudes, backgrounds, and times of day, offering valu-
able opportunities for multimodal learning, domain adapta-
tion for object detection and segmentation, and exploration
of sensor-specific strengths and weaknesses. IndraEye aims
to enhance the development of more robust and accurate
aerial perception systems, especially in challenging en-
vironments. Experimental results show that SAGA sig-
nificantly improves RGB-to-IR adaptation for autonomous
driving and IndraEye dataset, achieving consistent perfor-
mance gains of +0.4% to +7.6% (mAP) when integrated
with state-of-the-art domain adaptation techniques. The
dataset and codes are available at https://github.com/airl-
iisc/IndraEye

1. Introduction

Deep learning has advanced real-world applications like au-
tonomous driving [57] and surveillance [46]. Robust object
detection for aerial perception is essential for Unmanned
Aerial Vehicles (UAVs) to operate effectively in challeng-
ing, low-light environments, facilitating critical tasks such
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as infrastructure inspections [43], environmental monitor-
ing [29] and surveillance [42, 44]. Most vision models fo-
cus on visible-spectrum (RGB) cameras due to the availabil-
ity of extensive datasets, however, their robustness dimin-
ishes in low-light conditions [20, 45]. Increasing research
in robotics and computer vision highlights thermal infrared
(IR) imaging for its effectiveness in harsh weather and low
visibility, as IR cameras capture unique spectral data and
penetrate dust and smoke. While IR cameras are valuable,
their images generally contain less semantic information
than RGB images, leading to performance drops in deep
learning models for downstream tasks [48, 49]. With afford-
able IR sensors, deep multimodal fusion uses RGB-IR inte-
gration to outperform unimodal methods [32, 59]. However,
multimodal techniques face three key challenges: (i) Lim-
ited Annotated Thermal Datasets: The scarcity of labeled
IR data limits training high-performance detection models.
(ii) Dependency on Co-Registered RGB-IR Image Pairs:
Accurate fusion relies on precisely aligned RGB and IR
images, but achieving co-registration is challenging due to
hardware constraints and sensor-specific variations. These
challenges frequently result in alignment errors, which can
substantially impact performance, especially in drone appli-
cations [2, 50], and (iii) Domain Shift Between Modalities:
IR images differ significantly from RGB, causing domain
shift and reducing model performance on IR data. Conven-
tional Unsupervised Domain Adaptation (UDA) for object
detection has been predominantly studied in the context of
RGB images. In contrast, domain-adaptive thermal object
detection [13] aims to enhance detection performance in
the infrared (IR) spectrum by leveraging UDA techniques.
Furthermore, UDA can be extended for RGB-to-IR domain
adaptation to address the inherent challenges of deep mul-
timodal fusion models. By minimizing the domain dis-
crepancy between the source (i.e., RGB images) and tar-
get (i.e., IR images) domains, it alleviates the constraints of
co-registered image pairs and mitigates the reliance on ex-
tensive annotated IR datasets, thereby enhancing the adapt-
ability of object detection models across modalities.



Figure 1. Snapshots from the IndraEye dataset showing different modalities RGB, IR and complete semantic annotations for detection &

segmentation tasks taken from different slant angles

Domain-adaptive thermal object detectors use the Mean
Teacher (MT) framework [55], where the teacher model
generates pseudo-labels from the target domain to guide the
student. The teacher’s weights are updated via an exponen-
tial moving average of the student’s weights for improved
cross-domain adaptation. Object detection requires fine-
grained, localized representations, but RGB-trained models
often over-rely on color cues and texture patterns, which
are absent in monochromatic IR images [58, 67]. Addition-
ally, IR imaging struggles to capture fine edges visible in
RGB due to reduced edge clarity [38, 56]. These inher-
ent limitations in color and structural representation pose
challenges for domain adaptation, leading to poor-quality
pseudo-labels. Additionally, domain-adaptive thermal ob-
ject detection for drone imagery is still in its early stages
and presents significant challenges in the RGB-IR domain
due to the distinct nature of aerial perspectives. The adap-
tation process is further challenged by dynamic environ-
mental conditions, diverse viewing angles, and factors like
weather fluctuations, and inconsistencies in acquisition pa-
rameters. Perhaps the most critical limitation is the lack of
large-scale annotated datasets, which impedes the advance-
ment of robust adaptation techniques for drone-based appli-
cations [33, 65].

To address this challenge, we introduce Semantic-Aware
Gray color Augmentation (SAGA), a novel augmentation
strategy applied to RGB images to mitigate color bias and
bridge the domain gap between RGB and IR. The domain
gap often results in poor-quality pseudo-labels from the
teacher model [62], which SAGA alleviates by extracting
object-level features more relevant to IR images. SAGA se-
lectively converts only object instances to grayscale while
preserving the background’s color information, creating a
hybrid RGB-grayscale image that maintains the structural
integrity of objects. As a simple instance-level augmen-
tation strategy, SAGA is applied exclusively to the source
domain using RGB images. By training the teacher model
to perceive object instances in a manner similar to their IR

4588

counterparts, SAGA facilitates precise adaptation of local-
ized features in the target domain, consistently enhancing
performance on IR imagery in a domain adaptation setting.

To validate SAGA for RGB-IR drone imagery, we intro-
duce IndraEye, a comprehensive dataset tailored for aerial
perception. It includes diverse object categories like road
vehicles and pedestrians, captured across varied angles,
backgrounds, and scales, spanning urban areas to highways
with different population densities and environmental con-
ditions. On average, each RGB image contains 35 annotated
instances, with a strong emphasis on dense traffic scenarios.
Figure 1 showcases examples of RGB and IR images cap-
tured from different slant angles. IndraEye supports multi-
task learning, including object detection and semantic seg-
mentation, making it a crucial benchmark for evaluating and
improving model robustness across multiple modalities and
tasks. Additionally, we introduce a structured benchmark
for RGB-to-IR domain adaptation, making it one of the first
for drone imagery . The main contributions of this paper
are:

1. We propose Semantic-Aware Gray color Augmentation
(SAGA), a novel instance-level augmentation strategy.
SAGA creates hybrid RGB-grayscale images that pre-
serve object structure, mitigating color bias and narrow-
ing the domain gap for RGB-to-IR domain adaptation.

. We introduce the IndraEye dataset, that includes diverse
scenes captured from seven different locations with vary-
ing slant angles and heights, resulting in significant ob-
ject scale variations. The dataset includes 145,666 dense
instances across 13 classes, covering various road ve-
hicles and pedestrians in both RGB and IR modalities,
supporting object detection and segmentation.

. SAGA enhances RGB-to-IR adaptation for autonomous
driving and IndraEye drone imagery. Integrated
with state-of-the-art domain adaptation techniques, it
achieves consistent performance gains of +0.4% to
+7.6% (mAP) across different scenarios.



Scene Altitude Dynamic Angle RGB Instances RGB Instances IR Instances IR Instances Scale-variablit
(metres) range (degrees) daytime nightime daytime nightime y
A 30 10-25 1982 - 9247 - Mid
B 30 10-25 14149 - 8215 - Mid
C 60 5-50 37752 5312 7559 1285 High
D 12 20-40 5369 - - - Low
E 12 20-40 5394 3774 - 6124 Low
F 12 10-30 4728 - 8759 - Mid
G 7 20-40 2234 - 1936 2024 Low
H 7 10-30 3033 2971 3731 7413 High

Table 1. IndraEye dataset description: with altitude of imaged scene, dynamic angle ranges, scene-wise instances, and scale-variability of

each scene.

2. Related works

Thermal Object Detection Object detection using thermal
images has become a critical research area in computer
vision, with Aerial Thermal Object Detection (ATOD)
posing significant challenges due to variations in object
sizes and backgrounds [12]. To address these challenges,
GANs have been explored [11, 47] for IR generation to
reduce manual annotation and enhance object detection
performance. Recent studies [39, 50] have explored object
detection with misaligned RGB-IR images, revealing
the limitations of co-registered datasets. These works
emphasize the necessity of advanced techniques such as
domain adaptation to address this challenge effectively.
Domain Adaptive Thermal Object Detection UDA for
RGB-to-IR adaptation reduces domain gaps between a
labeled source and an unlabeled target. It minimizes dis-
crepancies by aligning features or styles, and self-training.
Methods like adversarial training [7, 23] and style transfer
[6, 25, 30] aim to bridge domain gaps, but they struggle
to balance feature discriminability. Self-training methods
enhance performance on the target domain by utilizing
source domain knowledge without relying on labels. For
example, studies like [9], [34], and [3] employ a mean-
teacher framework, where a teacher network generates
pseudo-labels to guide the student network in the target
domain. Recently, [13] proposed a two-teacher, single-
student architecture with zig-zag learning to reduce domain
confusion. However, frequent teacher switching causes loss
values to diverge, leading to model collapse on complex
datasets. In contrast, our proposed SAGA augmentation,
integrated with different adaptation algorithms, consistently
enhances performance across multiple datasets.
Multi-modal Object Detection dataset Datasets like
VEDALI [40] introduced RGB-IR imagery for object detec-
tion, featuring 12,000 bird’s-eye-view drone images across
nine categories. The KAIST dataset [24], released the
same year, focused on pedestrian detection for autonomous
vehicles and gained significant traction despite challenges
like misalignment caused by mechanical vibrations and
calibration errors. While KAIST employed beam-splitter
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co-registration for alignment, other datasets like CVC14
[19] faced persistent alignment issues due to hardware
limitations. In subsequent years, more extensive datasets
have emerged, including FLIR [51], LLVIP [26], DroneVe-
hicle [52], and M3FD [35]. Drone-based detection presents
distinct challenges, such as object occlusion and scale
variations, which datasets like VEDAI and DroneVehicle
aim to address. The LLVIP dataset focuses on low-light
surveillance for pedestrian detection, while M3FD facili-
tates multimodal fusion for detection using high-resolution
imagery. However, LLVIP, DroneVehicle, and M3FD
depend on manual RGB-IR image co-registration, a
labor-intensive process unsuitable for real-time drone
operations[50]. Hardware-based alignment methods,
such as calibration devices or sensors, often struggle due
to environmental factors like temperature fluctuations,
mechanical instability, and limitations in feature-matching
algorithms[2]. Additionally, these datasets contain fewer
samples, limited classes, multi-scale variations, and diverse
slant angles. To tackle these challenges, we present the
IndraEye dataset, specifically designed to accommodate
real-world constraints like long-tail distributions, occlusion,
and scale diversity. A qualitative comparison with existing
datasets is presented in Table 2.

3. Semantic Aware Gray color Augmentation
(SAGA) for Domain Adaptation

The following sections outline SAGA and IndraEye. Sec-
tion 3.1 outlines the Mean Teacher framework for thermal
object detection, Section 3.2 presents SAGA, and Section
3.3 introduces IndraEye.

3.1. Preliminaries on the Mean Teacher Framework
for Domain Adaptation

The Mean Teacher (MT) framework [55] for domain-
adaptive object detection leverages a teacher-student mutual
learning framework to transfer knowledge from a labeled
source domain to an unlabeled target domain [9, 10, 36].
Specifically, in the context of domain-adaptive thermal ob-



Datasets Multi-sensory  Diverse Viewpoints

Diverse backgrounds

Diverse classes Diverse illumination Detection Segmentation

DOTA [63]
HIT-UAV [53]
VisDrone [4]
UAVDT [14]
Vedai [40]
M3FD [35]

FLIR [51]

MSRS [54]
InfraParis [15]
IndraEye (Ours)

*

CAUNN NN X X X X%
L O NN N
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v

AN N N NN
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AN N N N NENENEN
NN N X X X X X X X

Table 2. Qualitative comparison of multiple aerial vehicle object detection datasets.

ject detection, the source domain comprises RGB images,
while the target domain consists of infrared (IR) images.
The teacher and student models are two object detection
networks with identical architectures. This framework pro-
cesses source and target data simultaneously, enabling mu-
tual knowledge transfer. The teacher model, trained on the
labeled source domain, generates pseudo labels for the un-
labeled target domain data. The student model learns from
these pseudo labels, and its updated weights are periodi-
cally transferred to the teacher model, enabling continuous
improvement. The framework is optimized using the fol-
lowing loss function:

L= Lsrc + Ltgt (1)

where, L. denotes the loss associated with the source do-
main, while Ly, represents the loss for the target domain.
The teacher model’s weights are updated using the student
model’s weights through the Exponential Moving Average
(EMA) mechanism. Throughout the training process, the
teacher model update effectively forms an ensemble of the
student model’s weights, represented as:

07 = af” + (1 — a)p”® )
where, §7' represents the teacher model’s weights, while 6°
denotes the student model’s weights. CMT [3] introduces a
framework that integrates contrastive learning with the MT
methodology, where the student network is trained using
stronger augmentations, while the teacher model is trained
with weaker augmentations. D3T [13], on the other hand,
employs two separate teacher models followed by a zigzag
training mechanism. For additional information, please re-
fer to [3, 13].

3.2. Semantic Aware Gray color Augmentation
(SAGA) for Domain Adaptation

Color and structure serve as fundamental elements of an
image, both essential for object detection models, with the
impact of color bias extensively studied through an empha-
sis on structural features [18, 22]. Models trained on RGB
data often heavily depend on these color cues, as chromatic
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diversity is crucial for distinguishing objects in RGB im-
agery [67]. However, infrared (IR) imaging modalities in-
herently lack the ability to capture rich color and structural
details compared to RGB, posing significant challenges for
cross-modal analysis and domain adaptation [8, 68]. In the
target IR domain, the absence of chromatic diversity leads
to a significant reduction in color information, which can
contribute to an increased rate of false positives. Domain-
adaptive thermal object detection strives to balance the de-
pendence on RGB color bias while retaining essential struc-
tural features, in the target IR domain [62]. To mitigate
this bias while preserving essential visual cues, we intro-
duce Semantic-Aware Gray Color Augmentation (SAGA),
a simple, effective augmentation easily integrated into any
object detection algorithm.

When training an object detection model on the source
domain using RGB images, let the dataset be represented as
S={x;, y; }, where x; denotes the images and y; represents
the corresponding object labels. These labels are utilized
to selectively convert object instances in x; to grayscale
while preserving the original color information in the back-
ground, rather than applying grayscale conversion to the en-
tire image. SAGA selectively converts object instances to
grayscale while retaining the background’s color informa-
tion, ensuring semantic awareness.

Consider an image I containing n objects, represented as
I ={o1, 02, ..., 0n}, Where 01, 02, and o,, denote the indi-
vidual objects within the image. Each object is extracted,
converted to grayscale, and then reintegrated into the origi-
nal image, ensuring that only the object instances appear in
grayscale while the background retains its original colors.
This process produces a hybrid RGB-grayscale image, as il-
lustrated in Fig. 2, while preserving the structural integrity
of the objects. SAGA can be represented as the following
equation, which converts given image / by multiplying the
red, green and blue channel of each pixels by the values

[0.2989, 0.587, 0.114] respectively,
I =1 x%10.2989,0.5870,0.1140] 3)

RGB-to-IR adaptation highlights that directly transferring
knowledge from the RGB source domain to the IR target



Figure 2. Illustration of SAGA augmentation. The process in-
volves extracting objects from the image, converting them to
grayscale, and reintegrating them into the original image while
preserving background color information.

domain can lead to the transfer of irrelevant features via
the EMA technique [13], as there is no explicit mechanism
to selectively extract meaningful information. This chal-
lenge contributes to an increase in false positives within the
pseudo labels generated by the teacher network. To miti-
gate this, SAGA is integrated into the mean-teacher frame-
work, enabling effective knowledge transfer from labeled
RGB images to the unlabeled IR target domain. SAGA is
used for domain-adaptive thermal object detection, where
source images undergo instance-level gray augmentation to
enhance feature adaptation before being trained within their
respective frameworks, as shown in Fig. 3.

Sensor Resolution Wavelength FoV
RGB camera  1280x720  400-700nm  60°
IR Camera 640x480 8-14pm 32°

Table 3. Sensor specifications of the DragonEye 2 RGB-IR camera
used for the IndraEye dataset.

3.3. Aerial Multi-Modal Perception Dataset

Acquisition process The IndraEye dataset was collected
using a DJI M600 Pro drone equipped with a multi-sensor
RGB-IR camera mounted on a gimbal, allowing for image
capture from various slant angles by dynamically adjusting
the pitch and yaw. The dataset also consists of data
collected by mounting the RGB-IR camera on a 3 meter
elevated tripod placed over places such as bridge and
underpass, there by accounting for low range slant angle
that is similar to that of a traffic pole mounted camera
images. The information about the sensor can be found
in Table 3. IndraEye is one of the very few mutlispatial
and multitemporal slant angle dataset available at two
modalities i.e. RGB and IR. The dataset was manually
structured by annotating the potential objects of interest
with bounding boxes in RGB and IR images. The video
was shot for approximately 4 to 5 minutes in each of the
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different locations as shown in Table I. This generated
around 20,000 frames per scene as the refresh rate of the
RGB camera is 50Hz and that of IR is 10Hz. To avoid
redundancy of objects we consider only 35th frame in the
video to obtain diverse object rich frames.

Camera calibration Recent work [2] has shown that
calibrating RGB and IR camera on a drone vehicle under
motion is challenging and not feasible due to the variations
in camera parameters such as focal length, field of view
(FOV) and refresh rate during movement of the drone.
This is a serious issue since most of the camera calibration
methods requires computing homography matrix and
running feature matching algorithm such as SIFT[37],
SURF[1] on the device to align both RGB and IR images.
This process limits edge-based machine learning due to
computational constraints [2]. Stereo camera calibration
is effective but challenged by differing RGB-IR FOVs,
leading to depth-dependent parallax [17]. This occurs due
to variations in sensor parameters and viewing angles,
causing objects at different depths to appear in different
image positions.

This misalignment becomes evident in the fused data
when the vehicle with the camera is in motion [2]. Image
alignment can lead to inaccuracies, particularly with long
distance and small objects. As a result, the process of
co-registration is avoided intentionally. While the RGB
and IR images are captured with the same timestamp, they
still exhibit minor misalignment due to change in refresh
rate of the sensor. This limitation highlights the importance
of multimodal approaches that eliminate the necessity for
co-registered images, such as domain adaptation [13], [16].
Statistics of the dataset IndraEye comprises 5,612 images
that includes multiple viewing angles, altitudes, back-
grounds, and times of day. The RGB images are divided
into 2,336 samples (2,026 for training, 60 for validation,
and 250 for testing), while the IR images are divided into
3,276 samples (2,973 for training, 58 for validation, and
245 for testing). The dataset additionally includes day
and night splits. The goal was to create a diverse and
comprehensive dataset with both RGB and IR images,
suitable for various conditions and contexts. IndraEye
features 13 classes: backhoe loader, bicycle, bus, car,
cargo truck, cargo trike (a medium-sized three-wheeled
cargo vehicle), ignore, motorcycle, person, rickshaw (a
small three-wheeled passenger vehicle), small truck, truck,
tractor, and van. More information regarding the dataset
is provided in Table 1. To improve object diversity and
reduce redundancy, every 35th frame was extracted from
the 20,000 frames captured per scene.

Annotation For the IndraEye dataset, we provide
ground-truth labels for both object detection and pixel-level
semantic segmentation across all classes using a two-stage



Figure 3. Domain-adaptive thermal object detection with RGB as
the source domain and IR as the target domain. (a) Vanilla CMT
on the IndraEye dataset. (b) CMT with SAGA on the IndraEye
dataset.

approach.

1. Zero-Shot Annotations with Human in the Loop: In
this initial step, we generate zero-shot annotations by
utilizing pre-trained models. These models are used to
produce preliminary annotations with human oversight,
ensuring that the annotations align closely with the true
object locations and characteristics.

Manual Verification and Refinement: After generat-
ing the initial annotations, each label undergoes thor-
ough manual verification. This step involves a detailed
review of the annotations to correct any discrepancies
and refine the labels for higher accuracy.

This structured approach ensures that both object de-
tection and pixel-level annotations are meticulously crafted
and reliable. For the object detection task, RGB and IR im-
ages are manually annotated with bounding boxes using the
X-AnyLabeling tool [61]. This tool facilitates efficient an-
notation by allowing users to load pre-trained models, such
as those from the YOLO family of networks. After multiple
iterations of correction and evaluation, highly precise anno-
tations have been generated. For semantic segmentation, we
use SAMRS [60], an extension of SAM [31], optimized for
aerial imagery. SAMRS leverages remote sensing datasets
to efficiently generate masks for large-scale segmentation
tasks. This approach has streamlined our process for pro-
ducing pixel-level annotations for IndraEye. The annota-
tions for both tasks are carefully designed to match the es-
tablished class schema.

Ethics and policy The proposed dataset undergoes a thor-
ough manual review to ensure privacy protection. Faces of
individuals and vehicle license plates that are clearly visi-
ble in the images are blurred to maintain confidentiality and
safeguard personal rights. This process ensures that individ-
uals’ privacy is upheld while preserving the dataset’s utility.

4. Experiments

In this section, we present the experimental results of the
proposed SAGA on state-of-the-art unsupervised domain
adaptation models, including D3T [13], CMT [3], and AT
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[34]. These models are evaluated on two open-source
datasets, FLIR [66] and LLVIP [26], along with the pro-
posed IndraEye dataset. We also assess object detection
models across various settings to establish a benchmark on
the IndraEye dataset.

4.1. Datasets and Evaluation metric

Datasets Experimental evaluation is conducted using the
FLIR, LLVIP, and IndraEye datasets. FLIR [66] is collected
from an autonomous driving perspective. This dataset con-
sists of 5,142 aligned RGB-IR image pairs, with 4,129 im-
ages allocated for training and 1,013 for testing, covering
daytime and nighttime scenes. LLVIP [26] is a low-light vi-
sion dataset captured from a slant angle, roughly three sto-
ries above ground. It contains 15,488 RGB-IR image pairs,
mainly featuring extremely dark scenes and focusing solely
on the Pedestrian class. IndraEye is a slant-angle dataset
with 2,336 RGB and 3,276 IR images. Captured from di-
verse backgrounds and angles, it covers 13 classes, includ-
ing vehicles and pedestrians, with day and night scenes un-
der varying illumination.

Evaluation metrics For experimental validation, we eval-
uate all the networks using the Mean Average Precision
(mAP) score, calculated from precision and recall scores.
An mAP threshold of 0.5 is used for all experiments.
Implementation Details For evaluating domain adaptation
networks, we train the models using strategies from [13],
[3], and [34]. During the burn-up stage, the student network
trains on the source domain for 10,000 iterations. Adapta-
tion to the target domain occurs in subsequent iterations,
with a total of 50,000 iterations on the FLIR and LLVIP
datasets. For the IndraEye dataset, we train all algorithms
for 20,000 iterations, as the D3T [13] network diverges af-
ter this point, leading to poor results. We hypothesize this is
due to the dataset’s complexity and the frequent alternation
between the student and teacher networks during training
(zig-zag training). All experiments in 5 used a batch size of
16 on four NVIDIA V100 GPUs with a VGG16 backbone
and the same hyperparameters as the respective works.
Object detection models, including FasterRCNN, ReDet,
and ORCNN, were benchmarked on the IndraEye dataset
using four Nvidia V100 GPUs with a batch size of 6. We
employed the SGD optimizer with a learning rate of 0.0025,
weight decay of 0.0001, and momentum of 0.9, training
for 12 epochs. The YOLOv8[28] model was trained with
a learning rate of 0.00001, a batch size of 16, and an image
size of 640 for a total of 100 epochs.

4.2. Experimental Results

4.2.1. Unsupervised Domain Adaptation

As observed in table 5, the proposed SAGA consistently
enhances the performance of both CMT and D3T across all
three datasets. Specifically, it improves CMT by 2.4 mAP



Models Train on RGB  Teston RGB TrainonIR Teston IR mAP50

FasterRCNN [41] v v x X 476
ReDet [21] v v X X 439
ORCNN [64] v v x X 56.3
Faster RCNN [41] x X v v 573
ReDet [21] X X v v 438
ORCNN [64] X X v v 65.6

Table 4. Performance of object detection algorithms on the pro-
posed IndraEye dataset.

on FLIR, 3.6 mAP on LLVIP, and 2.2 mAP on IndraEye re-
spectively. Similarly, it enhances the performance of D3T
by 4.29 mAP on FLIR. Similar trends are observed in other
settings. This clearly demonstrates that transferring all in-
formation from the student to the teacher is not beneficial.
Instead, mitigating color bias while preserving semantic in-
formation leads to consistently better performance. This
makes the proposed augmentation technique highly effec-
tive for RGB-IR domain adaptation, as it consistently im-
proves performance across different look angles, which is
crucial for drone imagery.
Compatibility with existing techniques. Table 9 demon-
strates that SAGA is compatible with various existing tech-
niques along with domain adaptation approaches. For meth-
ods designed to enhance the representation capacity of en-
coders, such as Jigen[5], SAGA does not negatively im-
pact training despite being an augmentation technique. In-
stead, it complements these methods, supporting their learn-
ing and improving the representation ability of models for
RGB-IR adaptation.
Comparison with augmentation techniques:Although
grayscale augmentation helps align RGB to Thermal for
domain adaptation, we show that full grayscale augmenta-
tion reduces CMT model performance on the FLIR dataset,
as observed in table 8. Converting the entire image to
grayscale removes important local details, like fine bound-
aries, making it difficult for the model to identify key fea-
tures. In contrast, instance-level grayscale augmentation re-
tains these details, enhancing performance.

Qualitative results Qualitative predictions show improved
performance for small-scale objects (Fig. 4), a common
challenge in IR imagery. Unlike RGB, IR sensors lose in-
formation from certain viewpoints, especially when objects
are viewed from different angles. Grayscale augmentation
helps address this issue. We observe a significant reduction
in false positives in the vanilla CMT model, and incorpo-
rating the proposed augmentation effectively mitigates this
problem, while consistently improving performance across
three benchmarked datasets, as shown in Table 5.

4.2.2. Benchmarking on IndraEye dataset

Object Detection Detection models like ReDet [21], OR-
CNN [64], and Faster-RCNN [41] show limited in-domain
performance (training and testing on the same modality),

4593

Figure 4. Output predictions to highlight the importance of the
SAGA augmentation on CMT algorithm. (a) and (c) shows the
increase in false positives while using vanilla CMT. Meanwhile (b)
and (d) shows the reduction in false positives when using SAGA
with CMT, showcasing its effectiveness.

Algorithm FLIR LLVIP IndraEye
Source 37.8 82.8 50.5
Oracle 67.5 83 65.5
D3T 61.8 88.1 30.3
D3T + SAGA 66.1174.3 8857104 3297126
CMT 63.3 41.6 17.1
CMT + SAGA 657124 492176 19312.2

Table 5. Experimental Results on State-of-the-art algorithms on
two standard datasets i.e, FLIR and LLVIP. Source refers to the
accuracy obtained by training on RGB domain and testing on IR
domain, while Oracle refers to training and testing on the same i.e.
IR domain.

falling short of real-world, safety-critical application re-
quirements, as shown in Table 4. This can be attributed to
factors like scale variability, varying illumination and back-
ground conditions, and challenges specific to RGB sensors,
which are common in drone imagery. This highlights the
significance of the IndraEye dataset and the need for model
architectures that are generalizable and adaptable to diverse
scenarios.

Table 6 evaluates the performance of Yolov8x [27] on In-
draEye on five different configurations. The four configura-
tions include: first, training on the RGB modality with day-
time images and testing on nighttime images under low il-



Train Setting Test Configuration mAP50 Model Vanilla Fullgray SAGA mAPS0
RGB-Day RGB-Night 30.0 v 63.3
RGB-Day + RGB-Night RGB-Night 52.0 CMT X v 61.1

IR-Day + IR-Night IR-Night 73.6 X X v 65.7
RGB-Day + RGB-Night RGB-Day 90.7

IR-Day + IR-Night IR-Day 77.0 Table 8. Table illustrating the ablation study of SAGA augmenta-

Table 6. Table illustrating the features of the two modalities com-
plementing each other, utilizing a day-night split within the train-
test split of the IndraEye dataset.

lumination conditions, highlighting the limitations of RGB
imagery in low-light environments. The second configura-
tion assesses the effectiveness of using only RGB sensors
for aerial perception, where training incorporates both day
and nighttime images, but inference is conducted solely un-
der nighttime conditions. The third configuration is com-
pletely based on the capability of the model learning from
the IR imagery. Precisely, in this setting IR modality with
both day and nighttime images are used to train the DNN.
As can be seen from the table 6, comparison from the
first three test configurations, it is clear that the IR modal-
ity is better suited for low-illumination conditions. The
fourth and fifth configurations are counterparts to the sec-
ond and third, evaluated under well-illuminated (daytime)
conditions. Results show that RGB sensors, capturing rich
texture, perform better in these conditions, while IR sensors
excel in low-light environments due to their ability to cap-
ture thermal emissivity.

To benchmark other aerial perception datasets against In-
draEye in the RGB domain, we train YOLOv8x on the
VisDrone dataset, which has more training image instances
than IndraEye. For a fair comparison, we focus on the com-
mon classes (5 classes) between both datasets. Despite Vis-
Drone’s larger training set, the cross-domain gap (between
IndraEye to VisDrone and VisDrone to IndraEye) reveals
that the IndraEye dataset helps the model generalize better,
as shown in Table 7. We attribute this improvement to the
greater diversity and higher quality annotations in the Indra-
Eye dataset.

Train set Test set mAPS0
VisDrone VisDrone [69] 53.3
IndraEye  VisDrone 325 1208
IndraEye IndraEye 83.1
VisDrone IndraEye 52.1 | 31.05

Table 7. Generalization of object detection model trained on Vis-
drone RGB imagery datasets.
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tion and Jigen Pretraining effect on CMT architecture.

Model mAP50
Oracle 63.3
Source 61.1

D3T 61.8
D3T+SAGA 66.1

D3T + Jigen 61.5

D3T + SAGA +Jigen 68.2 164
CMT 65.7

CMT + SAGA 65.7

CMT + Jigen 64.7

CMT + SAGA + Jigen 68.3 71 2.6

Table 9. SAGA on state-of-the-art domain adaptation methods,
highlighting its compatibility with existing techniques like Jigen.

5. Conclusion

In this paper, we present Semantic-Aware Gray color
Augmentation (SAGA), a novel technique that mitigates
color bias and bridges the domain gap by extracting rel-
evant object-level features for IR images. By integrating
SAGA with the mean-teacher framework, we enable effi-
cient knowledge transfer from labeled RGB images to unla-
beled IR domains thereby achieving consistent performance
gains of +0.4% to +7.6% when integrated with SOTA do-
main adaptation methods. To tackle the scarcity of RGB-IR
drone imagery datasets, we present IndraEye, the first mul-
tisensor aerial perception dataset tailored for diverse classes
and illumination conditions. The dataset includes diverse
background environments and scene characteristics, featur-
ing 2,336 RGB images and 3,276 IR images across different
viewing angles, altitudes, and times of day. Our experimen-
tal results demonstrate that SAGA significantly enhances
RGB-to-IR adaptation for autonomous driving and the In-
draEye dataset.
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