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Abstract— We explore the novel challenge of drone perception
across varying low AGL (above ground level) heights, a task
essential for dynamic tasks, unlike the fixed ground viewpoint
in autonomous driving. Supervised learning for this incurs high
annotation costs, and current semi-supervised methods struggle
with viewpoint differences. In this paper, we introduce ground-to-
aerial perception knowledge transfer and propose a progressive
semi-supervised learning framework for drone perception using
only labeled data from the ground viewpoint and unlabeled
data from flying viewpoints. The framework hinges on four key
components: 1) a dense viewpoint sampling strategy, segmenting
the vertical flight height range into evenly distributed intervals;
2) nearest neighbor pseudo-labeling, inferring labels of the
nearest neighbor viewpoint using a model learned on the
preceding viewpoint; 3) MixView, generating augmented images
among different viewpoints to mitigate viewpoint differences;
and 4) a progressive distillation strategy, gradually learning
until reaching the maximum flying height. To validate our
approach, we create both synthesized and real-world datasets.
Extensive experimental analyses reveal a remarkable relative
accuracy improvement of 25.7% and 16.9% for the synthesized
dataset and the real world, respectively. Code and datasets are
available on https://github.com/FreeformRobotics/Progressive-
Self-Distillation-for-Ground-to-Aerial-Perception-Knowledge-
Transfer.
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I. INTRODUCTION

IN RECENT years, the integration of drones in various
fields, including surveillance [1], infrastructure inspec-

tion [2], intelligence logistics [3], low-altitude economy [4],
and intelligent transportation [5], has surged dramatically.
An essential aspect of maximizing the utility of drones lies
in their ability to perceive and understand their surroundings
accurately. Particularly, the significance of drone perception
becomes paramount when operating at low AGL (above
ground level) heights, such as 5 to 10 meters, to execute
sophisticated operations.

The contemporary machine learning paradigm, employing
data-driven deep learning solutions, has demonstrated efficacy
in various perception tasks like semantic segmentation [6], [7],
[8], object detection [9], [10], and depth estimation [11], [12],
[13], providing a potential avenue for addressing autonomous
driving challenges. Recent studies on drone perception attempt
to extend this paradigm from cars to drones, involving the
preparation of labeled drone training sets and subsequent deep
network learning for specific tasks [14], [15], [16].

Unfortunately, prior works often overlook a fundamental
distinction in perception between drones and cars. In many
instances, perception is assumed to occur at a specific flying
height, e.g., 10 meters, as demonstrated in [17] and [18].
Practical scenarios, as illustrated in Fig. 1, reveal that drones
may appear at arbitrary flight heights due to task-specific
allocations. Given a maximum flight height h, an essential
requirement for drone perception is the ability to accurately
perceive from various flight heights within the range of [0, h]

meters. The fundamental challenge is the inaccuracy caused
by viewpoint differences among different flight heights.

However, addressing this problem through supervised learn-
ing is challenging, necessitating an impractical amount of
training data to match the performance of autonomous driv-
ing cars. Data acquisition for ground truths is costly and
time-consuming, posing an obstacle to developing data-driven
approaches. Moreover, semi-supervised methods [19], [20],
[21] face limitations in handling substantial variations in
flying viewpoints across different flying heights. Multi-view
methods, such as structure from motion [22] or multi-view
collaborative perception [23], [24], require multi-view input
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Fig. 1. An example of a trajectory comparison between a drone and a car.
One essential difference is that a drone can optionally change its flight height
at time instance t j , j = 1, 2, 3, 4.

Fig. 2. Instances illustrating viewpoint variations, lighting changes, and the
presence of dynamic objects, such as cars, at different altitudes in real-world
scenarios.

images as inputs and are unsuitable for online semantic
perception tasks predicting by a single agent from a single
image. Moreover, they encounter difficulties coping with sig-
nificant viewpoint differences, lighting changes, and dynamic
objects in real-world scenarios, as illustrated in Fig. 2.

In this paper, we introduce the ground-to-aerial (GoA)
perception knowledge transfer, a method that enables the
transfer of perception knowledge from a UGV trained for
ground-viewpoint perception to drone perception tasks, elim-
inating the need for additional data annotation at various
flying heights beyond the ground viewpoint. To achieve this,
a semi-supervised learning (SSL) approach is adopted, utiliz-
ing labeled data exclusively from the ground viewpoint while
leveraging unlabeled data from aerial viewpoints. To address
the challenges posed by viewpoint variations, the vertical
flying range is first discretized into evenly spaced height
intervals, with data sampled at each viewpoint. Although
large viewpoint differences result in significant performance
degradation, observations indicate that the nearest viewpoint
yields similar accuracy. Based on this insight, nearest-neighbor
pseudo-labeling is introduced, where predictions for viewpoint
hi are made using a network trained on its nearest preceding
viewpoint hi−1. Additionally, MixView is proposed as a data
augmentation strategy that blends information from different

viewpoints to generate augmented images, improving robust-
ness to viewpoint shifts. Finally, a progressive SSL framework
is developed to iteratively adapt the model from the ground
viewpoint to higher altitudes, ultimately enabling perception
across the full flight range.

To support our investigation, we generated a synthetic
dataset using AirSim [25] spanning flying heights from 1 to
10 meters and collected a real-world dataset in an urban
environment, covering flying heights from 1 to 9 meters. Both
datasets encompass images taken from various flying heights.
Our inquiry centers on drone perception for semantic seg-
mentation, a fundamental task in robot perception. We assess
our methodology on these datasets, offering a comprehensive
analysis that includes both quantitative metrics and qualitative
insights.

In summary, our contributions include:
• To the best of our knowledge, this study marks the

inaugural attempt to address drone perception under
significant viewpoint changes induced by varying flight
heights. Our goal is to enable precise drone perception
across diverse flying altitudes.

• A novel semi-supervised learning framework designed to
distill ground-to-aerial perception knowledge, leveraging
labeled images from the ground viewpoint alongside
unlabeled images from varying flight perspectives.

• Two intuitive yet effective methods: i) nearest neighbor
pseudo-labeling and ii) MixView, designed to address
the substantial viewpoint changes associated with varying
flying heights.

• Two publicly available datasets curated for drone per-
ception in semantic segmentation, including a synthetic
dataset from AirSim with fixed lighting conditions and
static objects, as well as a real-world dataset captured in
an urban environment with changing lighting conditions
and dynamic objects.

• Comprehensive quantitative and qualitative assessments
to validate the efficacy of the proposed method, encom-
passing both simulated and real-world datasets. The
evaluation involves comparisons with various SSL meth-
ods and ablation studies for a thorough analysis.

The remainder of this paper is organized as follows.
Section II provides a comprehensive review of background
information and related studies. Section III outlines our pro-
gressive semi-supervised learning framework. The datasets
used for validation are detailed in Section IV. Section V
presents a thorough examination of our methodology through
extensive numerical evaluations. Finally, Section VI concludes
this paper.

II. RELATED WORK

A. Drone Perception in Low AGL Heights

Accurate drone perception at low AGL heights is paramount
for precise navigation through complex environments, ensur-
ing obstacle avoidance and enhancing safety. Similar to
contemporary studies on self-driving cars, previous research
approaches this challenge as a classic data-driven learning
problem. This involves the collection of a training dataset
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and the subsequent training of a deep neural network for
perception tasks. Early works addressed issues such as indoor
gate detection for drone navigation using convolutional neural
networks [26]. Others aimed to directly learn navigation in
GPS-denied indoor corridor environments [27]. This trend
is also evident in object detection [28], [29], [30], as well
as semantic segmentation [31], [32]. Approaches rooted in
supervised learning have demonstrated advanced performance
in tackling these challenges.

A fundamental distinction between drone perception and
autonomous driving lies in the freedom of a drone to fly at
arbitrary heights, whereas self-driving cars typically conduct
perception solely from a ground viewpoint. Consequently,
drone perception poses a greater challenge, requiring precision
across various flying altitudes. While a direct approach would
involve labeling data from diverse viewpoints and addressing
the problem within a purely supervised learning framework,
such an endeavor is impractical due to the considerable
effort required for data labeling. Therefore, in this paper,
we present a more pragmatic solution—a semi-supervised
approach designed to facilitate drone perception under sig-
nificant viewpoint variations.

B. Multi-Agent/View Perception

Numerous prior studies have explored collaborative per-
ception among multiple agents or views. In [23] and [33],
online collaboration methods were introduced to enhance the
performance of a single agent’s view when its captured images
experienced degradation. Also, the collaborative bird’s-eye-
view (BEV) perception, utilizing LiDAR scans from multiple
vehicles, has been investigated in [34] and [35].

More recently, an emerging approach based on few-shot
learning [24], [36] has been developed to address multi-view
perception in scenarios with limited data availability. How-
ever, these methods commonly assume minimal viewpoint
differences between multi-view images. Additionally, they
necessitate synchronous multi-view input images, rendering
them unsuitable for our online drone semantic perception
tasks, which predict from a single image.

C. Semi-Supervised Learning

Semi-supervised learning (SSL) is a dynamic area of
research extensively explored in machine learning, aiming to
develop highly discriminative models using a combination
of labeled and unlabeled samples [37], [38]. While prior
studies have demonstrated promising outcomes, particularly
in the context of deep learning, we outline three funda-
mental approaches. (i) Generative Learning Approach: This
method involves the generation of additional data from real
data distribution using generative adversarial networks [39],
[40] or variational auto-encoders [41]. (ii) Pseudo-Labeling
Based Methods: These approaches first train a deep model
on labeled data in a supervised manner and subsequently
leverage it to predict pseudo-labels from unlabeled data [20],
[42], [43], [44], [45]. (iii) Data Augmentation Methods:
Techniques like MixUp [19] and MixMatch [46] propose
blending two images and their corresponding labels at the

pixel level, showcasing enhanced performance. In contrast,
CutMix [47], ClassMix [48], and UniMatch [21] mix object-
label information, making them particularly applicable to
semantic segmentation.

Despite significant advancements in prior self-supervised
learning (SSL) methods, their direct application to drone
perception tasks remains challenging. The substantial differ-
ences between ground and drone viewpoints create obstacles,
as pseudo-labeling methods often produce inaccurate pseudo-
labels, and data augmentation techniques struggle to generate
effective training pairs of images and semantic maps. Further-
more, generative approaches fail to produce realistic flying
data due to the lack of labeled datasets from flying viewpoints.

To overcome these challenges associated with viewpoint
differences in drone perception tasks, we propose nearest-
neighbor pseudo-labeling and MixView, integrated within a
progressive learning framework. The nearest-neighbor pseudo-
labeling method mitigates the impact of significant viewpoint
discrepancies by intuitively discretizing the altitude range into
a set of intervals and assigning labels based on the most similar
viewpoint. Therefore, it enables more accurate estimation of
pseudo-labels. Meanwhile, MixView enhances data augmenta-
tion by effectively combining data from different viewpoints.
The “manifold” assumption in SSL posits that the data space
is constituted by multiple lower-dimensional manifolds, where
data points sharing the same manifold should share the same
label [38]. Viewpoint discrepancies, however, introduce mis-
classification in the data space. To address this challenge,
MixView introduces a regularization mechanism to mitigate
viewpoint differences, facilitating the repositioning of misclas-
sified data points onto their correct manifolds. Together, these
methods address the unique challenges of drone perception
and demonstrate improved performance under diverse flying
conditions.

D. Knowledge Distillation

Knowledge distillation (KD) originated as a technique to
transfer knowledge from a well-trained expert model to a target
local model in the domain of image recognition [49]. Since its
inception, KD has found applications in knowledge transfer
across various tasks, spanning depth estimation [50], depth
completion [51], semantic segmentation [52], object detection
[53], and even large language models [54].

Nevertheless, effective knowledge distillation relies on
access to the original training set or a closely related alter-
native dataset. Given the significant viewpoint differences
inherent in GoA distillation, we propose a novel progressive
semi-supervised learning approach. This approach is designed
to enhance the effectiveness of distillation in data-scarce
scenarios where viewpoint variations pose notable challenges.

III. TECHNICAL APPROACH

A. Overview

Let h1 to hn denote a sequence of viewpoint heights,
where h1 represents the ground-level camera height and hn
corresponds to the maximum flying height of a drone. Our
goal is to enable a drone to achieve accurate perception
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Fig. 3. Illustration of the proposed semi-supervised learning-based self-distillation method. The perception model Ni at height hi is learned through distillation
from a model Ni−1 trained at the preceding height hi−1. Additionally, the model is augmented with viewpoint-mixed images, which are synthesized by
combining a sampled image from the current flying height and images from previous heights.

across a range of low AGL heights, from h1 to hn , using
only labeled data at h1 and unlabeled data at various flying
heights. This challenge arises because, at higher altitudes,
objects often appear significantly smaller and distorted in
camera coordinates, making supervised learning the preferred
approach for such scenarios. However, for low AGL heights,
viewpoint differences significantly impact perception perfor-
mance, necessitating a more adaptive solution.

To address this, we formulate the problem as a semi-
supervised Ground-to-Aerial (GoA) knowledge transfer task.
Specifically, we aim to distill the perception capabilities of
a model N1, trained on labeled ground-level data at h1, to a
drone operating at heights up to hn . We propose a progressive
learning strategy that begins with knowledge transfer from the
ground-level model N1 and iteratively extends to subsequent
heights until reaching hn .

As illustrated in Fig. 3, our progressive semi-supervised
learning (SSL) framework facilitates the transfer of knowledge
from height hi−1 to hi . After n progressive steps, covering all
heights from h1 to hn , we obtain the final model Nn . This
model is capable of robustly handling images captured at any
height within the specified range, effectively bridging the gap
between ground and aerial perception.

B. Dense Sampling of Flying Height

One crucial aspect contributing to the efficacy of the pro-
posed approach is the adoption of dense sampling of a drone’s
flying height. By addressing significant viewpoint differences
through the gradual incorporation of intermediate view-
points, these intermediates serve as supportive perspectives.

Consequently, a higher number of assistant viewpoints is
directly correlated with improved accuracy.

Formally, for a maximum flight height h, we advocate for
sampling flight data at uniform intervals of h/n using the
equation:

hi = h/n × i, (1)

where i ∈ [1, n]. Eq. (1) divides the flight range [0, h] into
intervals [h1, h2, . . . , hn], where h1 < h2 < . . . < hn .

We denote X1 as the labeled set of the ground view-
point, and Ui and Xi represent the unlabeled set and its
pseudo-labeled counterpart for the flying height hi where
i > 1, respectively, throughout this paper.

C. Nearest Neighbor Pseudo-Labeling

Fig. 4 quantifies the accuracy of N1 at various flight heights.
Evidently, the performance deteriorates with increasing view-
point differences. However, a closer examination reveals a
relatively small performance gap between adjacent viewpoints,
such as those at 2 meters and 3 meters. Consequently,
it is intuitive to leverage SSL between a viewpoint and
its nearest neighbor. We introduce nearest neighbor pseudo-
labeling, a method that applies pseudo-labeling to the nearest
viewpoint.

Let (x1, y1) be a pair at h1, and x2 be an image at h2,
where (x1, y1) ∈ X1 and x2 ∈ U2. A straightforward approach
to infer a label at h2 is by utilizing N1 learned at h1, expressed
as:

ŷ2 = N1(x2). (2)
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Fig. 4. The mean intersection-over-union (IoU) accuracy of a model trained
on data collected from the ground viewpoint across various flight heights.

Here, ŷi represents the one-hot label of xi for all i , referred
to as a “pseudo-label” as it serves as an approximation to the
correct semantic map.

Eq. (2) allows an implicit entropy minimization to improve
SSL and is effective due to small viewpoint differences. Then,
we can learn a better model at h2 by mixing data from the
nearest neighbors of h1 and h2. The model N2 is learned by
minimizing the objective by

min
N2

1
|X1|

∑
(x1,y1)∈X1

H(y1, N2(x1))+
1

|U2|

∑
x2∈U2

H(ŷ2, N2(x2)),

(3)

where H is the cross entropy function. The pseudo-labels are
obtained at hi by

ŷi = Ni−1(xi ), (4)

where Ni−1 denotes a model trained at hi−1. To avoid confu-
sion, we simplify our notation by stating that the ground truths
y1 at the ground viewpoint are equivalent to ŷ1 for the rest of
the paper.

Then, the optimization objective for learning Ni can be
written as

min
Ni

1
|9i |

∑
(x,ŷ)∈9i

H(ŷ, Ni (x)),

s.t. Xi = Ni−1(Ui ),

9i =

i⋃
k=1

Xk . (5)

D. MixView

Ideally, the recognition of objects, such as cars, should
remain accurate across different flight heights, even when their
appearance or shape varies among viewpoints. In this context,
MixView is introduced to enforce the desired viewpoint invari-
ance. It is hypothesized that correct object recognition should
persist even when an object is manually relocated to a different
viewpoint. Building on this premise, MixView is employed
to amalgamate data samples from different viewpoints at the
object level, thereby generating augmented data.

MixView can be viewed as a variant of ClassMix [48]
tailored for handling SSL under viewpoint differences. In con-
trast to augmenting solely the unlabeled set, we enhance the
original ClassMix by blending both the labeled and unla-
beled sets to produce viewpoint-robust images. MixView is
applied during the online training of Ni , enabling the model
to progressively learn to recognize objects under varying
viewpoints. The formulation of MixView is expressed as
follows:

(x ′

i , y′

i ) = MixV iew
(
(x, ŷ), (xi , ỹi ))

)
,

x ′

i = m ⊙ xi + (1 − m) ⊙ x,

y′

i = m ⊙ ỹi + (1 − m) ⊙ ŷ, (6)

where (x, ŷ) ∈ 9i , ỹi = Ni (xi ), m is a binary mask
that randomly exchanges half of the classes between xi and
x to generate a new image x ′

i . ⊙ denotes element-wise
multiplication.

E. Progressive Self-Distillation

The progressive self-distillation learning strategy integrates
the nearest neighbor pseudo-labeling and MixView. Starting
with a labeled set X1 and a trained model N1 at h1, alongside
unlabeled samples U2,U3, . . . ,Un taken from h2, h3, . . . , hn ,
respectively, the objective is to progressively transfer percep-
tion abilities from N1 to various flying heights.

The model Ni is trained using the labeled set 9i =
⋃i

k=1 Xk
and augmented data from Ui . The final model Nn is trained
iteratively across all flying heights by:

min
Nn

L,

s.t. Xi = Ni−1(Ui ),

9i =

i⋃
k=1

Xk,

(x ′

i , y′

i ) = MixV iew
(
(x, ŷ), (xi , ỹi ))

)
, (7)

where

L=

n∑
i=2

( 1
|9i |

∑
(x,ŷ)∈9i

H(ŷ, Ni (x))+ λ
1

|Ui |

∑
x ′

i∈Ui

H(y′

i , Ni (x ′

i ))
)

(8)

and λ ∈ [0, 1] is a hyperparameter varying from 0 to 1 during
the optimization.

The detailed implementation of our method is given in
Algorithm 1. As shown, the inputs to our algorithm consist of
a labeled set at the ground viewpoint h1, an unlabeled set span-
ning various flying heights from h2 to hn , and a baseline model
N1 trained on h1, which remains fixed during subsequent
operations. We then apply our progressive learning framework,
which sequentially applies nearest-neighbor pseudo-labeling
followed by MixView for each flying height. This framework
gradually adapts the model’s perception capabilities to accom-
modate varying flying heights, ensuring enhanced performance
across the altitude range.
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Algorithm 1 Algorithm of Our Progressive SSL Framework
Input: X1: A labeled set of image pairs (x1, y1) at the ground

viewpoint h1; Ui : An unlabeled set from the flying height
hi , ∀i = 2, 3, . . . , n; N1: The baseline model for ground
viewpoint perception.

Hyperparameters: Initial learning rate: 0.01, weight decay:
1e−4, number of training steps: iterations.

Output: Nn: The final model trained on images captured from
viewpoints h1 to hn .

1: Freeze N1;
▷ % Progressive Learning %

2: for i = 2 to n do
▷ % Applying the nearest neighbor pseudo-labeling %

3: Xi = Ni−1(Ui )

4: 9i =
⋃i

k=1 Xk
5: Initialize Ni ;
6: for j = 1 to i terations do
7: Set gradients of Ni to 0;
8: Select (x, ŷ) from 9i and xi from Ui ;
9: ỹi = Ni (xi );

▷ % Applying MixView %
10: (x ′

i , y′

i ) = MixView
(
(x, ŷ), (xi , ỹi ))

)
;

11: Calculate the loss L with Eq. (8);
12: Backpropagate L;
13: Update Ni ;
14: end for

▷ % Updating Xi %
15: Xi = Ni (Ui )

16: end for

IV. DATASETS FOR DRONE PERCEPTION

In this section, we present the datasets utilized for evaluating
our proposed method. Given the absence of a pre-existing
dataset suitable for our specific problem, we designed two
datasets, AirSim-Drone and AIRs-Street, to comprehensively
assess our method in both simulated and real-world scenarios.

A. AirSim-Drone Dataset
The AirSim-Drone dataset, as shown in Fig. 5 (a), is syn-

thetically generated using Microsoft AirSim, capturing data
from both ground and aerial perspectives. The drone’s flight
route adheres to a predetermined map, maintaining fixed
environmental conditions. Data is collected at varying flight
heights from 2 to 10 meters, with an additional random flight
test sequence (‘uav_random’) for evaluating generalization
performance.

This dataset comprises nine semantic attributes, including
“Plant,” “Building,” “Road,” “Sky,” “Car,” “Ground,” “Fence,”
“Pole,” and “Others.” Each image features a resolution of
768×432. Table I provides detailed information, such as flying
height, image count, and labeled semantic maps. It is important
to note that the number of captured images in each sequence
may vary slightly due to the manual determination of start
and end times for video recordings. Ground truth semantic
annotations are available for all RGB images, with only the
ground viewpoint’s ground truths used for training and others
reserved for validation.”

TABLE I
THE DETAILED INFORMATION OF OUR AIRSIM-DRONE DATASET

TABLE II
THE DETAILED INFORMATION OF OUR AIRS-STREET DATASET

B. AIRs-Street Dataset

The AIRs-Street dataset, as shown in Fig. 5 (b), is col-
lected in an urban street scenario. To precisely gauge ground
distances, we employ a DJI Phantom Pro 4 equipped with a
3D Time-of-Flight (TOF) sensor for data acquisition. Manual
control is exercised to ensure the drone follows a predefined
route, introducing minimal deviations in flying height. Care is
taken to maintain a slow forward speed, limiting flight height
deviations to within ±0.5 meters.

Similar to the AirSim-Drone dataset, images are obtained
at different flight heights ranging from 1 meter to 9 meters
with a 1-meter interval, resulting in a total of 9 sequences.
The captured images have a resolution of 1920 × 1080.

Due to variations in flying speed, the number of cap-
tured images differs among flying heights. Nonetheless, all
sequences share the same start and endpoint. For the ground
viewpoint sequence, 117 frames are uniformly selected for
annotation and training. Each flight sequence involves the
uniform selection of 25 frames for annotation and evaluation
over the video length.1 We manually annotate pixel-wise
attribute labels for 13 semantic classes, including “Plant,”
“Building,” “Road,” “Sky,” “Car,” “Sidewalk,” “Pedestrian,”
“Motorcycle,” “Wall,” “Fence,” “Traffic Sign,” “Traffic Light,”
and “Others.” Additional details are provided in Table II.

V. EXPERIMENTAL EVALUATION

A. Implementation Details

1) Implementation of Our Method: Due to GPU memory
constraints, we resize the original image resolution from
768 × 432 to 384 × 216 for AirSim-Drone and from 1920 ×

1080 to 480 × 270 for AIRs-Street, respectively. For semantic

1Owing to lack of additional labeled images, we directly use these labeled
flight data for evaluation.
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Fig. 5. Examples of selected images from our datasets. (a) shows nine images of the flight heights from 1 meter to 9 meters in AirSim-Drone, and similarly,
(b) shows nine images of the flight heights from 1 meter to 9 meters in AIRs-Street.

segmentation network architecture, we employ the pre-trained
DeepLabV3+ [58] on the CityScape dataset [59], modifying
the output layers to align with the semantic categories in
our datasets. Training is conducted for 500 epochs for each
flying height, utilizing Algorithm 1 and an NVIDIA GeForce
RTX 2080 Ti. We employ the SGD optimizer [60] with a
learning rate of 0.01 and a weight decay of 0.0001, and apply
the polynomial learning rate decay throughout training. All
experiments are implemented using PyTorch [61].

2) Baseline Methods: We identify the following methods
as baselines for our comparative analysis. All methods are
derived from the same model built on DeepLabv3+ with the
ResNet-101 backbone.

• Ground-only: As the drone’s perception capability is
initiated by distilling knowledge from the model trained
at the ground viewpoint, we designate the trained model
at the ground viewpoint as a baseline, denoted as
Ground-only.

• Pseudo-Labeling [55]: This approach employs the
ground-only model to predict pseudo-labels for all unla-
beled flying data and subsequently trains the model using
both labeled and pseudo-labeled data.

• ClassMix [48]: As a representative method of SSL, Class-
Mix performs data augmentation by randomly exchanging
objects between two images.

• S4MC [45]: Representing the current state-of-the-art
on PASCAL VOC 2012 with 50% labeled data using
DeepLabv3+ network.

• UniMatch [21]: Representing the current state-of-the-art
on PASCAL VOC 2012 with 12.5% labeled data using
DeepLabv3+ network.

• CorrMatch [56]: demonstrating second best performance
on PASCAL VOC 2012 with 6.25% labeled data using
DeepLabv3+ network.

• PrevMatch [57]: Representing the current state-of-the-art
on PASCAL VOC 2012 with 6.25% labeled data using
DeepLabv3+ network.

The hyper-parameters of Pseudo-Labeling and ClassMix are
set to be the same as our method. For S4MC, UniMatch,
CorrMatch, and PrevMatch, we utilize their original imple-
mentations to ensure fair comparisons.

B. Evaluation Metrics

For an equitable evaluation of semantic segmentation,
we utilize metrics commonly employed in previous studies,
specifically calculating the mean intersection-over-union (IoU)
value. The mean IoU, also known as the Jaccard index, serves
to quantitatively measure the overlap percentage between the
target mask and the prediction output. It is computed as
follows:

I oU (y, ŷ) =

c∑
k=1

|M(ŷk) ∩ M(yk)|

|M(ŷk) ∪ M(yk)|
(9)

Here, c represents the number of categories, and M(yk) and
M(ŷk) denote the sets of elements in the binary masks of y
and ŷ for class k, respectively.

In addition to mean IoU accuracy, we capture statistics,
namely the mean and standard deviation (std) of the results.
Ideally, we anticipate a high mean value and low std, sig-
nifying the model’s consistent accuracy across different flight
heights. A method is considered unsuccessful if it falls short of
the performance of the trained model at the ground viewpoint
(i.e., Ground-only).

C. Results on AirSim-Drone

The results of various approaches are presented in Table III.
A closer examination of Ground-only reveals a noticeable
trend of performance degradation from uav02 to uav10, indi-
cating a 45.7% relative accuracy drop attributed to significant
viewpoint differences.

In contrast, all previous SSL methods proved ineffec-
tive, performing even worse than Ground-only. Specifically,
Pseudo-Labeling exhibited lower accuracy, with a mean of
0.457. While ClassMix, S4MC, UniMatch, CorrMatch, and
PrevMatch were specifically designed to enhance semantic
segmentation, they suffered substantial deterioration due to
viewpoint differences. The failure of these SSL methods was
anticipated as the presence of clear viewpoint differences in
data samples prevented correct label predictions from unla-
beled data.

On the other hand, our method demonstrated promising
results for each sequence, showcasing only a 20.7% accuracy
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TABLE III
THE MEAN IOU ACCURACY OF OUR APPROACH AND OTHER METHODS ON THE AIRSIM-DRONE DATASET

Fig. 6. Qualitative comparisons between our method and other approaches on the AirSim-Drone dataset. We show the results for different flight heights
from 2 to 10 meters. We draw red boxes on the Ground truth and results of Ground-only and Ours at 10m for better visualization.

drop from uav02 to uav10. Compared to the original drop of
45.7%, the improvement achieved by our method is significant.
We obtained a mean of 0.599 and a standard deviation of
0.047, indicating a 20.8% and 55.2% improvement from
Ground-only’s 0.496 and 0.105, respectively.

Fig. 6 displays the estimated semantic maps generated
by different methods at varying flying heights. UniMatch

exhibited inaccuracies and failures at higher flying heights.
In the results of Ground-only and Pseudo-Labeling, the
impact of viewpoint differences on semantic segmenta-
tion is evident, with false positives gradually increasing
from 2 meters to 10 meters in the left bottom areas of
images. In contrast, our method consistently produced correct
results.
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Fig. 7. Qualitative comparisons between our method and other approaches on the AIRs-Street dataset. We show the results for different flight heights
from 2 to 9 meters. We draw red boxes on the Ground truth and results of Ground-only and Ours at 8m and 9m for better visualization.

TABLE IV
GENERALIZATION PERFORMANCE ON THE AIRSIM-DRONE TEST SET

Table IV outlines the generalization performance on the
test sequence. As evident, all SSL methods failed on the
task, whereas our method excelled with a remarkable 25.7%
performance improvement over Ground-only.

D. Results on AIRs-Street

The real-world AIRs-Street dataset poses greater challenges
compared to the synthesized AirSim-Drone dataset. It encom-
passes a more extensive array of semantic attributes, fewer
labeled ground viewpoint images, and introduces dynamic
elements like moving cars and non-rigid objects such as
pedestrians. Additionally, varying lighting conditions due to

sunlight intensity changes further contribute to the dataset’s
complexity. Consequently, drone perception performance is
expected to degrade due to these inherent challenges, inde-
pendent of viewpoint differences.

Table V presents the quantitative outcomes for various
methods. The results illustrate a 39.2% accuracy decline
for Ground-only from uav02 to uav09. ClassMix, S4MC,
UniMatch, CorrMatch, and PrevMatch exhibited subopti-
mal results for each sequence compared to Ground-only,
while Pseudo-labeling achieved the same mean accuracy as
Ground-only. Notably, our method consistently outperformed
Ground-only from uav02 to uav09. Similar to the AirSim-
Drone results, the accuracy improvement tends to rise with
ascending flying heights. For instance, there is a mere 6.0%
boost for uav03 and a substantial 32.2% boost for uav09.
Overall, our method achieved a mean of 0.561 and a standard
deviation of 0.062, indicating a performance improvement of
16.9% and 66.7% from Ground-only, which had a mean of
0.480 and a standard deviation of 0.100, respectively.

Fig. 7 offers qualitative comparisons between our method
and other approaches. The qualitative results align with
those observed in AirSim-Drone. All methods exhibit gradual
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TABLE V
THE MEAN IOU ACCURACY OF OUR APPROACH AND OTHER METHODS ON THE AIRS-STREET DATASET

Fig. 8. Results for different methods while varying the maximum flying
heights. The x-axis denotes the flight heights and the y-axis shows the mean
accuracy on the corresponding range.

deterioration from a flying height of 2 meters to 9 meters.
Notably, false positives tend to increase for the compari-
son methods, whereas our method consistently predicts pixel
attributes more accurately, particularly for cars.

E. Adaptability to Various Flight Heights
We establish distinct height ranges, commencing from h2 up

to the maximum flight height hi , where hi varies from
2, 3, . . . , 10 for AirSim-Drone and 2, 3, . . . , 9 for AIRs-Street,
respectively. Subsequently, we assess the performance of our
methods and baselines within these designated ranges.

Fig. 8 presents the outcomes on the two datasets. Notably,
ClassMix exhibits erratic behavior on AirSim-Drone and
consistently performs poorly on both datasets. Our method
consistently outperforms the other two approaches across var-
ious settings, except at the maximum flight height of 2 meters
on AIRs-Street.

We further visualize the accuracy progression within our
progressive learning framework for each flight height in Fig. 9,
denoting Ni as the trained model applied to the maximum
flight height hi (e.g., N5 is learned from h1 to h5). As depicted
in Fig. 9 (a), our method exhibits substantial improvement for
significant viewpoint differences (e.g., uav10) while maintain-
ing accuracy for smaller viewpoint differences (e.g., uav02) on
AirSim-Drone. This trend is similarly observed in Fig. 9 (b).

Additionally, due to the absence of supervision for flying
viewpoints, we observe a gradual slowdown in accuracy
improvement during the application of our self-distillation.
As the viewpoint discrepancy gradually increases, addressing
more challenging cases necessitates additional supervision—a
facet we earmark for future exploration in our work.

F. Ablation Studies

We conduct several ablation studies to comprehensively
analyze each component of our progressive SSL framework.

Fig. 9. Visualization of the application of our self-distillation method on each
flight height. Ni denotes the trained model for the maximum flight height hi .

TABLE VI
SPLIT OF AIRSIM-DRONE WITH DIFFERENT SAMPLING INTERVALS

Specifically, we explore 1) the impact of different sampling
intervals of viewpoints, 2) the outcomes with and without
utilizing MixView, and 3) the results with and without uti-
lizing nearest neighbor pseudo-labeling. All ablation studies
are executed on AirSim-Drone, and detailed information is
provided as follows:

1) Analysis With Different Sampling Intervals: We assess
three settings of the sampling interval—1 meter, 2 meters, and
3 meters. Table VI provides detailed information on data sam-
pling, and the experimental results are illustrated in Fig. 10 (a).
Here, blue, yellow, and red colors represent results for sam-
pling intervals of 1, 2, and 3 meters, respectively. The findings
demonstrate that denser sampling of viewpoints contributes to
enhanced model performance. Specifically, we achieve 13.8%,
18.3%, and 23.8% mean accuracy boosts from the Ground-
only model, respectively.

2) Analysis With and Without Using MixView: Within
our progressive learning framework, we introduce MixView,
a method to amalgamate images from different viewpoints
for augmented training samples. Experimental results illustrate
that MixView contributes to mitigating viewpoint differ-
ences. In Fig. 10 (b), where red, yellow, and blue colors
represent results for the ground-only model, our method
without MixView (w/o), and our method with MixView
(w), respectively. Notably, even without employing MixView,
the progressive distillation integrated with nearest neigh-
bor pseudo-labeling outperforms the Ground-only model by
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Fig. 10. Results of three ablation studies. We show the effect of different
sampling intervals of viewpoints in (a), and performance with and without
using MixView in (b), and results with and without using the nearest neighbor
pseudo-labeling in (c), respectively.

16.5%. Furthermore, MixView provides an additional perfor-
mance boost of 7.3%.

3) Analysis With and Without Using Nearest Neighbor
Pseudo-Labeling: In our original setting, when training a
model at hi , we predict pseudo-labels using the trained model
at hi−1 from data captured at hi . Ni is then trained with
pseudo-labeled samples of h1, . . . , hi and unlabeled sam-
ples of hi . Skipping this step removes the effect of nearest
viewpoint pseudo-labeling, and the model Ni is trained with
pseudo-labeled samples of h1, . . . , hi−1 and unlabeled sam-
ples of hi . The results are shown in Fig. 10 (c), where
red, yellow, and blue colors denote results for the ground-
only model, our method without using nearest neighbor
pseudo-labeling (w/o), and our method using nearest neighbor
pseudo-labeling (w), respectively. Without utilizing nearest

neighbor pseudo-labeling, the mean accuracy degrades up to
47.8% from the Ground-only model.

G. Summary

Considering a model trained at the ground viewpoint as
a baseline (i.e., a Ground-only model), we show through
experiments on both a synthesized dataset and a real-world
dataset that:

• The performance of a Ground-only model gradually dete-
riorates from lower flying height to higher flying height
as viewpoint discrepancy gradually increases.

• The viewpoint difference leads the previous SSL-based
methods to malfunction. In our experiments, all baseline
methods failed on the task, as their performance was even
worse than that of the Ground-only model.

• Our method shows a substantial performance boost com-
pared to the Ground-only model. The mean relative
accuracy improvement is 25.7% and 16.9% for the fixed
AirSim-Drone and challenging AIRs-Street, respectively.

• Most importantly, we find that the performance improve-
ment is significant for large viewpoint differences.
We obtained 47.7% and 32.2% relative accuracy improve-
ment for the flight height of 10 meters, i.e., uav10 of
AirSim-Drone, and the flight height of 9 meters, i.e.,
uav09 of AIRs-Street, respectively.

• Our method demonstrates good adaptability to vari-
ous height ranges. It outperformed other SSL-based
approaches in different height ranges.

VI. CONCLUSION

In this paper, we have explored drone perception at low
altitudes without incurring additional flight data labeling costs.
The key requirement for effective drone perception, as argued,
lies in its ability to perceive from diverse flight heights, posing
a fundamental challenge due to significant viewpoint differ-
ences. Given labeled ground viewpoint images and unlabeled
images from various flying perspectives, we formulated the
problem as a semi-supervised learning task and proposed a
progressive learning framework that enables gradual adapta-
tion from the ground viewpoint to the maximum flying height.
To validate the approach, a synthesized dataset spanning flight
heights from 1 to 10 meters and a real-world dataset covering
heights from 1 to 9 meters were created. The results on both
datasets demonstrate promising results across various flight
heights. However, due to the lack of annotated data at higher
altitudes, our method tends to exhibit reduced accuracy in
such scenarios and is currently applicable only to lower AGL
heights. In the future, several promising directions can be pur-
sued, including generating and utilizing additional annotated
datasets for flying viewpoints and addressing drone percep-
tion challenges under diverse environmental conditions, such
as varying weather scenarios. As a preliminary exploration,
we hope to inspire further research within the community.
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