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Aerial images present significant challenges to label-driven supervised learning, in particular, the annotation
of substantial small-sized objects is a highly laborious process. To maximize the utility of scarce labeled
data alongside the abundance of unlabeled data, we present a semi-supervised learning pipeline tailored
for label-efficient object detection in aerial images. In our investigation, we identify three size-related biases
inherent in semi-supervised object detection (SSOD): pseudo-label imbalance, label assignment imbalance, and
negative learning imbalance. These biases significantly impair the detection performance of small objects. To
address these issues, we propose a novel Size-unbiased Semi-Supervised Object Detection (S*0OD) pipeline for
aerial images. The S’0OD pipeline comprises three key components: Size-aware Adaptive Thresholding (SAT),
Size-rebalanced Label Assignment (SLA), and Teacher-guided Negative Learning (TNL), all aimed at fostering
size-unbiased learning. Specifically, SAT adaptively selects appropriate thresholds to filter pseudo-labels for
objects at different scales. SLA balances positive samples of objects at different sizes through resampling and
reweighting. TNL alleviates the imbalance in negative samples by leveraging insights from the teacher model,
enhancing the model’s ability to discern between object and background regions. Extensive experiments on
DOTA-v1.5 and SODA-A demonstrate the superiority of S’OD over state-of-the-art competitors. Notably, with
merely 5% SODA-A training labels, our method outperforms the fully supervised baseline by 2.17 points. Codes
are available at https://github.com/ZhangRuixiang-WHU/S30D/tree/master.

1. Introduction

Object detection in aerial images primarily relies on fully supervised
methods (Wang et al., 2022a; Shi et al.,, 2020; Zhang et al., 2022c;
Liang et al., 2022; Ding et al., 2019; Liu et al., 2021a, 2022a), where
meticulous annotation of each region of interest is essential for training
aerial object detectors. However, the acquisition of large-scale object-
by-object annotation for aerial images is quite laborious and expensive.
In particular, the objects’ large quantity and small size (Ding et al.,
2022) amplify the burden in the annotation process. Take one represen-
tative aerial object detection dataset as an example: DOTA-v1.5 (Ding
et al., 2022) contains more than 140 objects per image on average while
its mean absolute object size is only 34 x 34 pixels, the annotation of
each image can take up tens to hundreds of minutes. This motivates
us to develop a label-efficient object detection pipeline that reduces
the heavy reliance on annotations while maintaining high detection
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precision.

One approach to address label-efficient aerial object detection is
by adapting a state-of-the-art SSOD pipeline to aerial images. Unfor-
tunately, as shown in Fig. 1, this approach shows limited improvement
on aerial images, achieving 12% improvement with 5% labels, com-
pared to a 47% improvement on MS COCO (Xu et al., 2021). SSOD’s
advances are centered on generic object detection, while aerial im-
ages exhibit characteristics distinct from generic objects, impeding
the performance of SSOD. Notably, we observe that the substantial
number of small objects' among aerial images will introduce severe
bias issues to the existing SSOD pipelines. Although previous works like
Unbiased Teacher (Liu et al.,, 2021b) and Consistent Teacher (Wang
et al., 2023) have noticed the bias issue in SSOD, they are constrained
to mitigating the foreground-background bias or inter-class bias issues,
while overlooking the size-induced bias inherent in aerial images.
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1 According to MS COCO (Lin et al., 2014), objects with area smaller than 1024 (32 x 32) pixels are defined as small objects, objects with areas larger than

1024 pixels are called large objects in this paper.
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Fig. 1. (a) The line chart shows a comparison between the performance of SSOD-
baseline, Soft-teacher, and our S?0OD on DOTA-v1.5 validation set under different
proportions of labeled training data. The bar chart shows the relative improvement over
the supervised baseline. (b) Detection results of supervised setting under 1% labeling
rate. (c) Detection results of our S’0OD of semi-supervised setting under 1% labeling
rate.

In short, the limited number of pixels and visual quality make
small objects easily suppressed and regarded as outliers, i.e., existing
methods are prone to be biased towards confident large objects while
neglecting less confident small objects. In a typical SSOD pipeline (e.g.
Soft Teacher (Xu et al., 2021)), bias induced by small objects can
be found in three components: pseudo-labeling, label assignment, and
negative learning (see Fig. 2). First, pseudo-labels between small and large
objects are unbalanced, as the predicted confidence of small objects tends
to be lower than large objects. Consequently, applying a fixed threshold
for pseudo-label selection will lead to a drastic loss of supervision
for small objects. Conversely, although lowering the threshold can
compensate more pseudo labels for small objects, it will introduce much
low-quality and inaccurate supervision for large objects. Existing SSOD
method (Hua et al., 2023) for aerial images lacks a size-aware pseudo-
labeling strategy adaptive to all-size objects. Second, small objects suffer
from positive sample insufficiency issues when assigning labels between
pseudo boxes and anchors, exacerbating the size-biased learning. For
small objects, a slight location deviation between the pseudo box and
the anchor will lead to severe mismatch issues (Xu et al., 2022a,b),
reducing the number of positive anchors assigned to small objects.
Previous works (Li et al., 2022a; Wang et al., 2023) ignore the effect
of size when optimizing the assignment of inaccurate pseudo labels.
In addition, negative learning tends to mistakenly suppress foreground
small objects. The recall of small objects is usually much lower than
large objects, there remain many undiscovered small objects in the
“background” region. Hence, during negative learning, the foreground
smaller objects are more likely to be wrongly suppressed as the back-
ground, which in turn reduces the detection performance. By reducing
the weight of ambiguous samples, the previous method (Xu et al., 2021)
alleviates the influence of foreground-background confusion, but it also
reduces the discriminability for hard negative samples.

To address these challenges, we propose a novel Size-unbiased Semi-
Supervised Object Detection (S*OD) pipeline tailored for label-efficient
object detection in aerial images. S°OD introduces three newly designed
strategies: Size-aware Adaptive Thresholding (SAT), Size-rebalanced
Label Assignment (SLA), and Teacher-guided Negative Learning (TNL).
Specifically, SAT decouples the threshold of pseudo-label selection
for different-sized objects, alleviating the quantity imbalance between
large and small pseudo-labels. SLA employs a distribution-based re-
sampling strategy (Xu et al., 2022b) in the pseudo-label assignment,
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mitigating the positive sample imbalance between small and large
objects. Additionally, SLA incorporates a size-aware re-weighting strat-
egy, further reducing the adverse influence of small objects’ lack of
supervision. TNL double-checks preliminary negative samples obtained
by the student model with the mature teacher model. By forwarding the
student’s negative samples to the teacher, we filter out proposals with
a high probability of being foreground and uncover hard negative sam-
ples, enhancing the network’s discrimination ability. Our contributions
can be summarized as follows:

+ We identify three types of bias induced by small objects that im-
pede SSOD on aerial imagery, namely the pseudo-label imbalance,
label assignment imbalance, and negative learning imbalance.

+ We propose the size-unbiased pipeline S*0D, consisting of three

modules: Size-aware Adaptive Thresholding, Size-rebalanced La-

bel Assignment, and Teacher-guided Negative Learning, designed
to address the aforementioned imbalance issues.

S?0D achieves state-of-the-art performance across various semi-

supervised settings on two representative aerial image datasets:

DOTA-v1.5 and SODA-A. The compelling improvement in small

object classes demonstrates our method’s effectiveness in tackling

small object-induced issues.

The rest of this paper is organized as follows. First, we introduce
related work about aerial object detection and SSOD in Section 2. Then,
we experimentally support the motivation of this paper in Section 3.
Following this, Section 4 provides the details of S°OD. After that,
extensive experiments on two datasets are performed to verify the ef-
fectiveness of S>0D especially on small objects in Section 5. In addition,
insights and limitations of this work are discussed in Section 6. Finally,
we conclude in Section 7.

2. Related work

In this section, we provide a brief review of works relevant to
this work, from the aspects of object detection in aerial images and
semi-supervised object detection.

2.1. Object detection in aerial images

Different from images captured from the natural scene, aerial im-
ages are characterized by their arbitrarily oriented objects and a sub-
stantial number of small objects. Correspondingly, we survey object
detection methods designed for aerial images from these two aspects.

Oriented Object Detection. The development of oriented object
detection follows the trend of exploring efficient and simpler archi-
tecture and training strategies. At the early stage, Rotated RPN (Ma
et al., 2018) tackles rotated object detection by employing additional
rotated anchor boxes. Rol Transformer (Ding et al., 2019) gets rid
of rotated anchors via learning to convert RPN-generated horizontal
proposals into rotated ones. Furthermore, Oriented R-CNN (Xie et al.,
2021) directly generates oriented proposals at the RPN stage. Based
on a one-stage model, S2ANet (Han et al., 2021) utilizes the DCN to
explicitly align features with anchors. Additionally, several works (Xie
et al., 2021; Li et al., 2022¢, 2021) tailor anchor-free detectors for
rotated detection. Recently, there are also some works (Qiao et al.,
2023; Ming et al., 2023) focusing on the optimization of rotation angle
regression to achieve more accurate rotated object detection.

Small Object Detection. The high proportion of small objects
brings severe challenges for existing aerial object detectors. Super-
resolution, as a straightforward and effective idea, is incorporated
into small object detection in several works (Shermeyer and Van Et-
ten, 2019; Courtrai et al., 2020; Bashir and Wang, 2021). Besides,
the SCRDet (Yang et al., 2019) and SCRDet++ (Yang et al., 2022)
optimize the feature extraction process and emphasize richer feature
information, to enhance small objects. Moreover, some works have
found that the label assignment strategy in the existing detectors is
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Fig. 2. Schematic diagrams of size-induced bias issues in the SSOD pipeline. (a) pseudo-labels between small and large objects are unbalanced; (b) the positive samples assigned
to each small pseudo box are much fewer than the large one; (c) small objects are more easily suppressed as background regions.

extremely unfriendly to small objects, and proposed some new label
assignment strategies like NWD (Xu et al., 2022a), RFLA (Xu et al.,
2022b). DCFL (Xu et al., 2023b) also explores dynamic priors and
balanced learning for rotated small object detection.

The above methods effectively optimize the detector scheme based
on the characteristics of objects in aerial images, thereby enhancing
detection performance. However, these fully-supervised learning meth-
ods usually require plenty of training data with expensive annotation
costs. In contrast, we explore the semi-supervised detection algorithms
for aerial images to effectively alleviate the demand for annotations.

2.2. Semi-supervised object detection

SSOD, a branch of semi-supervised learning (Sohn et al., 2020a;
Zhang et al.,, 2021; Kim et al., 2021; Wang et al., 2022b; Zheng
et al., 2022; Chen et al., 2023) in the domain of object detection,
revolves around two core ideas: consistency regularization (Jeong et al.,
2019, 2021; Wang et al., 2021) and pseudo-label learning (Lee et al.,
2013; Li et al., 2022b). The former aims to ensure the network gen-
erates consistent predictions across data with diverse augmentations,
thereby enhancing semantic comprehension. Meanwhile, the latter uses
self-training to acquire pseudo-labels for unlabeled data through pre-
detector training using labeled data. The main research line of SSOD
focuses on generic objects, while some attention has also been turned
to aerial objects recently.

Semi-supervised Generic Object Detection. Currently, the pre-
dominant line of SSOD (Sohn et al., 2020b; Zhou et al., 2021; Yang
et al., 2021a; Zhang et al., 2022b) works integrates both of the two
strategies. Early SSOD (Sohn et al., 2020b; Zoph et al., 2020) meth-
ods often employ multi-stage training, necessitating recurrent pseudo-
label updates through iterative training phases, including Unbiased
teacher (Liu et al., 2021b), Humble teachers (Tang et al., 2021).
Then, Soft-teacher (Xu et al., 2021) adopts the teacher-student network
from MeanTeacher (Tarvainen and Valpola, 2017), enabling end-to-
end training and presenting a new paradigm for SSOD. Based on
this paradigm, subsequent SSOD research mainly focuses on refining
pseudo-label learning and enhancing consistency regularization. From
the perspective of pseudo-label refinement, a considerable portion of
research is dedicated to formulating more discerning criteria for eval-
uating pseudo-labels and developing effective filtering strategies (Xu
et al., 2021; Liu et al., 2022b; Choi et al., 2022; Zhang et al., 2022d;
Vandeghen et al., 2022; Wang et al., 2023). Apart from pseudo-label
filtering, another facet of research focuses on judiciously leveraging
those inaccurate pseudo-labels (Xu et al., 2021; Li et al., 2022a; Wang
et al., 2023; Liu et al., 2023a; Xu et al., 2023a; Chen et al., 2022a,b;
Zhou et al., 2022a). From the perspective of consistency regularization,
some methods propose innovative augmentation strategies to increase
the input perturbation and enhance the network’s learning of semantic
features (Liu et al., 2023b; Guo et al., 2022; Kim et al., 2022). In
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addition, some works optimize their frameworks by combining spe-
cific tasks or configurations. For instance, the optimization of sample
selection methods addresses class imbalance challenges (Zhang et al.,
2022a; Mi et al., 2022), and the integration of Transformer detectors is
incorporated into the design of SSOD frameworks (Wang et al., 2022c;
Zhang et al., 2023).

Semi-supervised Aerial Object Detection. Recently, there have
been several studies focusing on SSOD in aerial images. Chen et al.
(2018) utilizes a GAN network to generate adversarial negative samples
for training the network’s classification. However, it has only been
tested on sparse small datasets and lacks universality. With the in-
troduction of the Teacher-Student network into the SSOD pipeline,
significant advancements (Hua et al., 2023; Shen et al., 2023; Liu et al.,
2024) have been made in SSOD for aerial images, including recent
progress in open-set SSOD (Liu et al., 2024). Among these, the most
relevant to our task is SOOD (Hua et al., 2023). SOOD adopts the cur-
rent mainstream semi-supervised detection paradigm and incorporates
the orientations of targets in aerial images into the semi-supervised
detection algorithm, achieving promising improvement. This method
strengthens supervision based on the rotation consistency of densely
arranged targets in aerial images. However, it still does not effectively
address the challenges posed by small objects, which remains an urgent
problem to be tackled.

By contrast, we are the first study that investigates the influence
of aerial images’ small objects on different components of the SSOD
pipeline. We tackle the issue of imbalance caused by object size
by selecting appropriate pseudo-labels, designing balanced pseudo-
label assignment strategies, and customizing negative sample learning
schemes.

3. Motivation

In this section, we investigate the behavior of small objects vs.
large objects in the SSOD pipeline with a popular teacher—student
architecture (Wang et al., 2023; Chen et al., 2022b; Li et al., 2022a).
Through statistical analysis, we reveal two gaps between small and
large objects: predicted confidence and recall, which further leads to
three biases in the SSOD pipeline.

Limited training images and labels will enlarge the confidence
gap between small and large objects. As illustrated in Fig. 3, we
calculate the average prediction scores for small and large objects
under (1) fully supervised training with different ratios of images
(i.e, 100%, 10%, 5%, and 1%), (2) semi-supervised training with 1%
training labels. Several noteworthy observations emerge from Fig. 3:
First, the prediction confidence scores exhibit a direct correlation with
the volume of training data. In scenarios with limited training data,
the confidence scores experience a commensurate decline. Second,
the confidence discrepancy between small and large objects gradually
widens as the decrease of training labels. Third, the SSOD training
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pipeline even enlarges the confidence gap between small and large ob-
jects when using the same number of labels as the supervised method.
Vanilla SSOD predominantly relies on high-quality pseudo-labels to
facilitate supervised training for unlabeled data. Considering the afore-
mentioned observations, the network exhibits a proclivity towards
selecting high-quality predictions associated with large-sized objects as
pseudo-labels. This gives rise to the first bias issue: unbalanced pseudo-
labels between small and large objects. In addition, previous works (Xu
et al., 2022b, 2023b, 2022a) point out that the mean number of positive
samples assigned to each small object is much smaller than that of
the larger object. The pseudo-label imbalance issue further exacerbates
this dilemma, worsening the second bias: small objects are facing severe
positive sample insufficiency issues when assigning labels between pseudo
boxes and anchors.

The recall achieved with pseudo labels for small objects sig-
nificantly lags behind that of large objects. We perform statistics
regarding the recalls from all predictions, all pseudo-labels, and small
objects’ pseudo-labels relative to the ground truth during training, as
shown in Fig. 4. It can be observed that as the network undergoes train-
ing, the recall of predictions gradually ascends, exhibiting a growth
trend similar to that observed in the recall of selected pseudo-labels.
However, the recall rate from small objects’ pseudo-labels remains
consistently low, underscoring a pronounced deficiency in supervision
for small objects during the training of unlabeled data. The crux of
the matter lies in the fact that the bulk of the introduced unlabeled
data primarily contributes to the training of large objects. The absence
of supervision signal for unlabeled small objects not only hinders
positive enhancement but also wrongly suppresses the undiscovered
small objects as background, indicating the third type of bias: negative
sample learning is inclined to mistakenly suppress foreground small object.

These observations motivate us to further explore SSOD frame-
works tailored for aerial images, where the corresponding solutions are
presented in Section 4.
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4. Method

This section presents the details of our proposed method S3OD. First,
we will introduce the overall architecture of the basic SSOD method
that we adopt, and then we will introduce our proposed methods for
SSOD in aerial images, including SAT, SLA, and TNL.

4.1. Teacher—student basic pipeline

We follow the mainstream paradigm of pseudo-label learning for
the overall framework (Xu et al., 2021; Liu et al., 2021b; Zhou et al.,
2022a), as shown in Fig. 5. We take the common teacher—student model
as the basic pipeline, where the student model is updated with the
normal back-propagation, and the teacher model is the Exponential
Moving Average (EMA) of the student model. Given the labeled data
set D; = {1/, G;}’Z’] and the unlabeled data set D, = {1;}1.]1“1, I} and G|
represent the i-th labeled images and the corresponding GTs, N, is the
number of labeled images. I/ represents the i-th unlabeled images, N,
is the numbers of unlabeled images. In each training iteration, labeled
and unlabeled data are randomly sampled from D, and D, respectively,
to train the student branch.

For the labeled data, a standard supervised training pipeline is
employed. Note that our method can be applied to two-stage de-
tectors that consist of Region Proposal Network (RPN) and Region-
CNN (R-CNN) (Ren et al., 2016). Therefore, the supervised loss £
is calculated by:

‘CSUP = Z[’I‘Pn (I;) + ‘Croi (I;) ’
i

sup

€9)

where L., and L, are the RPN loss and ROI loss of the two-stage
detector, like in Faster R-CNN (Ren et al., 2016).

For the unlabeled data, weak and strong augmentations are respec-
tively applied to the teacher and student models to enforce consis-
tency regularization. The purpose of this step is to encourage the net-
work to output consistent predictions for perturbed data and enhance
the extraction of semantically invariant features. Following previous
works, weak augmentation typically includes random flipping and
resizing, while strong augmentation involves random rotation, transla-
tion, shearing, erasing, solarizing, adjusting color, contrast, sharpening,
etc. In this paper, we do not explore new augmentation methods, and
all strong and weak augmentations used are off-the-shelf approaches.
After applying strong and weak augmentations, each unlabeled im-
age produces two views. The view with weak augmentation is input
into the teacher model for inference, resulting in predicted detection
results. Based on a predetermined threshold, suitable predictions are
selected as pseudo-labels P, for the unlabeled image. The view with
strong augmentation, along with the pseudo-labels P,, is fed into the
student model. By leveraging the supervision signal provided by the
pseudo-labels, the unsupervised loss £ is calculated by:

Lynsup = Z E;‘pn (I;) (I;) ’
i
where £

o and L7 . represent the RPN loss and ROI loss supervised
by pseudo-labels P, for unlabeled images. In this paper, we re-design
these two losses in the semi-supervised training process to enhance
the detection performance of small objects. The details are provided
in Sections 4.3 and 4.4.

The overall loss function is formulated as:

unsup

+ L

roi

@

L=L, +al

sup

3)

unsup>

where « represents a weight parameter utilized to balance the contri-
bution of unlabeled data.

To enable a fair comparison with previous methods, we take the
well-established rotated version of Faster R-CNN as the basic detector.
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4.2. Size-aware adaptive thresholding

Most of the existing SSOD methods utilize a fixed threshold to
filter pseudo-labels. However, when processing data with an unbal-
anced distribution, fixed thresholds are not always conducive to all
situations. Previous works (Wang et al., 2023; Kar et al., 2023) have
pointed out the class confidence imbalance problem, where the class-
wise reweighing or sampling strategy was correspondingly proposed to
tackle this issue. Nevertheless, existing works commonly neglect the
size-confidence imbalance issue in aerial imagery. Towards this end,
we propose to define pseudo-labels in a size-decoupled manner, and
we name this strategy Size-aware Adaptive Thresholding (SAT).

In SAT, as shown in Fig. 6, we compute the statistics of predicted
results from the teacher model and decouple these results into two
distributions according to the size of their bounding box: one for large
objects and the other for small objects. Inspired by Wang et al. (2023)
and our size-related observations, we hypothesize that the predicted
result s in each distribution follows a Gaussian Mixture Model (GMM)
P(s) of two modes, the positive and negative predictions.

N,

neg (”ﬂeg’ 5neg2) + wposzos (MPOS’ 6[)052) > (4)

P(s) = Wyeq
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where N (p,0?) denotes the Gaussian distribution, w, u,c denote the
weight, mean, and standard deviation of the Gaussian distribution,
respectively. The distributions from positive and negative predictions
are distinguished by the subscripts pos and neg. Subsequently, the
Expectation-Maximization (EM) algorithm is applied to fit the distri-
bution P(s). The adaptive pseudo-label threshold 7 is then determined
by taking the mean of u,,; and u,,,.

During each training iteration, we separately sample a sufficient
number of large and small size predictions to fit GMM: P (s) and P;(s).
Specifically, we respectively sample top G, and G, predictions, which
are calculated by the summation of small and large size predictions’
confidence in a batch (Wang et al., 2023), for fitting P (s) and P,;(s).
Then we get u,, 4, for Py(s) and ”Los’ Mfwg for P(s). Finally, the
corresponding adaptive thresholds z,; and r; for small and large objects
are calculated by:

o= (s + M)/ 20 71 = (U + H10)/2. ©)

4.3. Size-rebalanced label assignment

After obtaining a series of pseudo-labels, we need to assign posi-
tive or negative (pos/neg) labels to predefined anchors based on the
obtained pseudo-labels to train the object detector. Meanwhile, the
sample assignment between pseudo-labels and anchors plays quite a
significant role in the performance of SSOD (Li et al., 2022a; Wang
et al., 2023). During this process, we observe a significant problem for
aerial images, i.e., the small-sized positive sample insufficiency issue as
discussed in Section 1.

To address this issue, we propose a Size-rebalanced Label Assign-
ment (SLA) strategy, which explores size-balanced learning through
two key aspects: distribution-based re-sampling and size-aware re-
weighting. In the distribution-based re-sampling, we model the ro-
tated box (cx, cy, w, h, ) into the two-dimensional Gaussian distribution
N'(u, X) (Yang et al., 2021b,c), in which the box’s geometry center u =
(cx, cy) serves as the Gaussian’s mean vector. And X is the covariance
matrix of the Gaussian distribution, which can be computed by:
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Fig. 7. Comparison of the IoU threshold-based assignment strategy and the
distribution-based re-sampling used in SLA. The green boxes represent pseudo boxes, the
orange boxes represent positive anchors assigned to pseudo boxes, and the black dashed
boxes represent negative anchors. With the IoU threshold-based strategy, the number of
anchors that small objects can match tends to be fewer. Distribution-based re-sampling
proves effective in mitigating this issue. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

Based on the distribution-based modeling, we use the Wasserstein
distance to measure the similarity between pseudo-boxes and anchors
since the Wasserstein distance is demonstrated conducive to tiny ob-
jects (Xu et al., 2022b,a; Yang et al., 2021b) in label assignment, mainly
owing to its ability to measure non-overlapping boxes. Specifically, the
Wasserstein distance between the Gaussian pseudo-box N/ »(Hp, Z,) and
the Gaussian anchor N, (u,, X,) has a closed form solution, which can
be simplified as:

WEWN, N = |1y = g

2
2

(7)
12 1/2\1/2
+Tr<2p+2a—2(2p £5/)"7).

For brevity, we call this metric WD. With WD, which can measure
the similarity between non-overlapping boxes, we can now calculate
the similarity between all preset anchors and pseudo-boxes. For each
pseudo-box, we assign the top K anchors that yield the highest similar-
ity with the pseudo-box as positive samples. In general, the strategy
of WD with top K sampling can alleviate the imbalance among the
positive anchor sampling process to some extent. As shown in Fig. 7,
compared to previous IoU threshold-based pseudo-label assignment
strategies, the WD combined with the top K can robustly address
label assignment in situations where anchors have extremely low IoU
scores with the small-sized pseudo boxes. By doing so, this strategy
can compensate more positive samples for those easily ignored small
objects, enhancing small objects’ supervision signal and solving the
problem that large objects are easier to be over-optimized with more
positive anchors (Xu et al., 2022b).

In addition to the distribution-based re-sampling, we design a novel
size-aware re-weighting method. During the training process, we count
the quantity of large and small positive samples in each batch. When
calculating loss, we re-weight the loss of large and small positive
samples to further balance the contribution of large and small objects
in training. Specifically, concerning the RPN loss for unlabeled images,
Lgpn, we solely adjust the weights of the loss for all positive samples,
designated as L[, aiming to rebalance the loss for large-scale/small-
scale proposals among positive samples. Let A, represent the set of
positive proposals engaged in the training batch for RPN, with a total
count of N,,. Subsequently, based on the size of proposals, 4,, can
be categorized into A; and A,. Here, A, denotes the set of small-sized
proposals, with a total count of N, and their corresponding labels are
denoted as T,. A, is the set of proposals with large sizes, totaling N/,
where the corresponding label set is 7;. The re-weighted loss of all
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Fig. 8. Illustration of Teacher-guided Negative Learning (TNL). The final negative
samples comprise two parts: the predictions of the teacher model and teacher-checked
student’s negative proposals. Note that “Bg.” denotes “Background”.

positive samples can be calculated by:
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4.4. Teacher-guided negative learning

To overcome the concern that negative sample learning will mis-
takenly suppress undiscovered small objects, we introduce the Teacher-
guided Negative Learning (TNL) approach for unbiased negative sample
learning.

Object detectors’ predictions are not always black and white. More
practically, there exist numerous ambiguous predictions that cannot
certainly be labeled as foreground or background via a simple thresh-
old. Due to limited pixels and information, this ambiguity is more
severe for small object prediction. Existing SSOD methods usually dis-
card these ambiguous predictions, avoiding misleading gradients while
sacrificing their potential contribution to training. Fortunately, some
studies on other semi-supervised learning tasks (e.g., U?’PL Wang et al.,
2022d, ANL Chen et al., 2023) suggests that the ambiguous results
predicted by the network can be excavated to aid learning. However,
their methods of defining ambiguous results and incorporating them
into training are tailored for different tasks and are infeasible to SSOD
directly. Thus, we cast a further look at ambiguous predictions in the
SSOD task for ODAL

As shown in Fig. 8, in the proposed TNL, we design two steps to
make the detector rethink the utility of these ambiguous samples. In
the first step, the regions of the student’s negative proposals are input
into the teacher model to obtain classification confidence scores of
background. Subsequently, we select negative proposals with higher
background scores (larger than 0.7) for negative sample supervision,
aiming to effectively eliminate False Negatives (FN). However, this
approach gives rise to a new issue: the selected negative samples often
turn out to be overly simplistic, discarding the learning of hard samples.
This limitation impacts the network’s discriminative capacity, leading
to a significant increase in False Positives (FP) at the later stages of
training. Hence, to enhance the network’s discrimination ability for
hard samples, we incorporate the network’s predictions with confidence
scores lower than 7, as soft hard samples into the negative sample
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Quantitative comparison between the proposed S°0OD and SOTA SSOD methods on DOTA-v1.5.
Experiments are performed on the validation set of DOTA-v1.5 under the training with different
labeling rates. All results are reported as the form mean + std across the five-fold experiments.

The best results are in bold.

Methods Partially labeled Fully labeled
1% 5% 10% 100%
Supervised:
Rotated Faster R-CNN 29.30,, 6> 47.08,97 54.36..0s 63.6
Oriented R-CNN (Xie et al., 2021) 33.42,,,,  50.01,,,  56.54,y,  67.2 (+3.6)
Semi-supervised:
SSOD baseline 33.30,,54 51.36,5, 57.08974 64.9 (+1.3)
STAC (Sohn et al., 2020b) 33.98,,,; 50.86, ¢ 5672,  63.8 (+0.2)
Unbiased Teacher (Liu et al.,, 2021b) ~ 33.18,, 48.20,, 4 54.74,0 54 64.8 (+1.2)
Soft Teacher (Xu et al., 2021) 37.52,5 44 52.90, 54 57.78,03 65.1 (+1.5)
PseCo (Li et al., 2022a) 37.60,,4  52.98,,, 5826,y  65.5 (+1.9)
SOOD? (Hua et al., 2023) 35.94,, 4 52.93, 3 57.90, 49 67.7 (+4.1)
S0D (Ours) 40.80,,5, 56.10,,,;  60.42,, 68.6 (+5.0)

2 Means using Rotated FCOS as the base detector.

proposals (7, 0.5 in the implementation). Based on the original
confidence predictions, we re-weight the loss of these hard samples:
the lower the confidence score, the higher the weight, thus granting
them greater significance during the training of negative samples.
Following the previous work (Shrivastava et al., 2016), we add the
hard-negative samples in the R-CNN stage and compute the ROI loss
L7 for unlabeled images. Specifically, we solely adjust the loss of the
negative sample in R-CNN stage, defined as L%, aiming to add the
hard-negative samples from teacher prediction. Let B,,, denote the set
of negative sample proposals involved in the training of the R-CNN for
unlabeled images. This set comprises both hard negative sample set
By, generated by the Teacher network’s low score predictions, and
the negative sample set B,, sampled from the student proposals. The
negative sample loss of the R-CNN head L% is calculated by:
2 W)Ly By L)+ 3 L1oi(Bl L)

i€Bpara JEB,

neg _
£roi -

€)]
where w(-) is the weight function for hard negative samples, calculated
based on the confidence score s of hard negative samples, we use
w(s) = 2(1 — s?) in our implementation. 1,, represents the label for
negative samples, for background.

5. Experiment
5.1. Dataset and evaluation protocol

We conduct experiments on two large-scale datasets specifically
tailored for object detection in aerial images, i.e., DOTA-v1.5 (Ding
et al., 2022) and SODA-A (Cheng et al., 2023).

DOTA-v1.5 (Ding et al., 2022) is updated based on DOTA-v1.0 (Xia
et al., 2018). Compared to v1.0, the images in v1.5 remain unchanged,
but there are additional annotations for small objects. These enriched
annotations of small objects allow the dataset to better reflect the
characteristics of real-world aerial imagery objects. The DOTA-v1.5
comprises 2,806 large-scale aerial images and 402,089 annotations. It
is divided into three sets. The training set consists of 1,411 images,
the validation set has 458 images, and the test set contains 937 images
without released annotations.

SODA-A (Cheng et al., 2023) is specially constructed for the de-
tection of a large number of small objects in aerial images. A total of
2513 high-resolution aerial images and contains 872,069 instances over
nine classes are included. SODA-A is similarly divided into three sets.
The training set contains 1067 images, the validation set contains 576
images, and the test set contains 870 images.

Following the common setting of SSOD (Li et al., 2022a; Xu et al.,
2021; Liu et al., 2021b), we conducted two sets of experiments equally
on both datasets: Partially Labeled Data and Fully Labeled Data.
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In the Partially Labeled Data experiments, 1%, 5%, and 10%
of the training set are randomly sampled as labeled data, while the
remaining data serves as unlabeled data. To mitigate the impact of
random sampling, we perform 5-fold experiments for each sampling
rate and report the mean and std of the results. In the Fully Labeled
Data experiments, we utilize the test set without released annotations
as unlabeled data, while using the entire training set as labeled data.
Note that aerial images are typically large-size and are often cropped
before training. Moreover, sampling from the entire large images at a
1% sampling rate would make it difficult to cover all the categories
adequately. Sampling from the cropped smaller images allows for a
better representation of the overall data distribution. Therefore, in
our experiments, we first perform cropping on all the images before
sampling.

In all experiments, we report the evaluation results on the validation
set using the commonly used mean Average Precision (mAP) under the
IoU threshold of 0.5, following the MS COCO evaluation metric.

5.2. Implementation details

We use Rotated Faster RCNN as the base rotated object detector
and choose ResNet50 with FPN as the backbone. The implementation
of the base detector is based on the MMRotate framework (Zhou et al.,
2022b). Following the settings in aerial image object detection, all
large-scale images are cropped to 1024 x 1024 pixels with a 200-pixel
overlap.

The supervised baseline is trained using stochastic gradient de-
scent (SGD) optimizer. We set the learning rate (LR) to 0.005 and the
batch size (BS) to 4. In the absence of additional comments, all SSOD
methods are also trained using SGD optimizer with an LR of 0.001 and
a BS of 5 (4 unlabeled images and 1 labeled image). The beta value is
set to 4.0 to control the contributions of unlabeled data.

All experiments are conducted on 2 RTX4090 GPUs and 4 TITAN
V100 GPUs. For partially labeled data, we train 100,000 iterations for
the 1% labeled data, 120,000 iterations for the 5% labeled data, and
160,000 iterations for the 10% labeled data. For fully labeled data, we
train the model for 320,000 iterations.

5.3. Main results

We compare our proposed S?0D with existing SOTA SSOD meth-
ods, including STAC (Sohn et al.,, 2020b), Unbiased Teacher (Liu
et al., 2021b), Soft-Teacher (Xu et al., 2021), PseCo (Li et al., 2022a),
and SOOD (Hua et al., 2023). Additionally, we use a vanilla end-to-
end pseudo-labeling framework (teacher—student network) without the
three modules proposed in our method as the SSOD baseline. For the
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The performance of objects with different scales in the validation set of DOTA-v1.5. We randomly sample 1% of the labels
five times for training. The results are reported as the form mean + std across the five experiments. The best results are in

bold and sub-optimal results are underlined.

Methods AP, AP, AP, AR2000 AR
Supervised:

Rotated Faster R-CNN 14.58,, ¢, 33.96,, 27.14,, 14 34.56,, o3 19.50,, 5
Oriented R-CNN (Xie et al., 2021) 17.96,, 0, 37.88,99 31.10,4 49 39.00,, 55 22.74 5 56
Semi-supervised:

SSOD baseline 20.64,, 4 36.12,53, 35.82,5.55 38.16,, 4 27.34,5
STAC (Sohn et al., 2020b) 19.68,, o 39.68,; 53 30.56,4 03 39.20,, 49 24.86,, 3,
Unbiased Teacher (Liu et al., 2021b) 18.78,,53 36.18,, 9 34.90,5 ¢ 42.34,,, 27.80,, 6
Soft Teacher (Xu et al., 2021) 25.62,,3 41.88,,4 36.88,50 46.18,, 1, 36.74 353
PseCo (Li et al., 2022a) 24.12,, 35 43.66_; 57 34.18 ¢ 50.20,,; 37.64,500
SOOD? (Hua et al., 2023) 20.86,, 95 39.72,5 15 31.26,,4 47.62,, 5 32.50,; 94
S*0D (Ours) 28.90,, 35 42.94, 99 39.60,;; 49.24, 6 39.14,, 53

2 Means using Rotated FCOS as the base detector.

Table 3

The performance of the proposed S*OD and SOTA SSOD methods on several representative categories in the validation set of DOTA-v1.5. We randomly sample 1% of the labels
five times for training. The results are reported as the form mean + std across the five experiments. The best results are in bold and sub-optimal results are underlined.

Methods SP PL SV LV BR ST HB TC SL
Supervised:

Rotated Faster R-CNN 568,40 68.0,, 224,06 3964 13.8,,, 31.8,,50 2375 684,54 317,95
Oriented R-CNN (Xie et al., 2021) 68.6,, 5 69.2, 23.5,06 52.2,5, 14.9,, 36.3,14 311, 73.6,, 34.9,4,
Semi-supervised:

SSOD baseline 411,,, 83.0,,5 12.3,,, 34.8,,05 19.1,5, 35.1,,, 24.4,,, 736,202 47.6,11,
STAC (Sohn et al., 2020b) 64.7,, 771, 23.7,,, 45.6,4, 16.6,,, 37.1,,,, 26.3,46 750,11, 41.3,9,
Unbiased Teacher (Liu et al., 2021b) 46.1,,,4 87.8,06 17.4 5, 324,46 21.2.40 276,158 24.0,356 78.5, 143 43.7,115
Soft Teacher (Xu et al., 2021) 67.3,39 86.8,5, 23.7.03 379,116 19.5,55 43.2,504 23.8,,, 87.5,50 518,05
PseCo (Li et al., 2022a) 67.5,,, 84.5,,, 29.6,0 48.4,4, 141, 495, 31.8,4, 848, 48.6,9,
SOOD? (Hua et al., 2023) 74.8,,, 77.9,04 303, 55.0,5 17.8,, 5 36.5,140 34.3,;, 75.5,9, 44.8,4,
S0D (Ours) 71, 88.1,,, 41.5,,, 482, 23.3,,, 56.1,,, 5 27.0,;, 88.8,,, 58.1,,,

2 Means using Rotated FCOS as the base detector.

first few SOTA SSOD methods, we re-implement them based on the Ro-
tated Faster-RCNN for rotated object detection and adjust the appropri-
ate hyperparameters to better adapt SSOD for aerial images. To further
illustrate the effectiveness of our proposed SSOD method compared
to supervised methods, we also include a SOTA supervised method,
Oriented R-CNN (OR) (Xie et al., 2021), for comparison. The same
weak/strong augmentation strategy following Soft-teacher (Xu et al.,
2021) is used in these methods for fair comparison. For SOOD (Hua
et al., 2023), it uses the Rotated FCOS as the basic Detector. Moreover,
owing to the specific designs of this method, both the teacher network
and the student network must have inputs of the same size. There-
fore, we only incorporate consistent multi-scale augmentation into its
original strong augmentation.

Results on DOTA-v1.5. As shown in Table 1, for partially labeled
data, our proposed S*0OD method achieves the best performance un-
der the training of 1%, 5%, and 10% labeling rate, achieving 40.80
mAP, 56.10 mAP, and 60.42 mAP respectively. This outperforms the
supervised baseline by 11.50 points, 9.02 points, and 6.06 points,
respectively. Similarly, our method also surpasses the SOTA method
PseCo (Li et al., 2022a) by 3.20 points, 3.12 points, and 2.16 points
at different labeling rates. For fully labeled data, S*OD also achieves
optimal performance, exceeding the supervised baseline by 5.0 points
to 68.6 mAP. Compared with the SOTA supervised method, S?0OD
has excellent results when using only Rotated Faster R-CNN as the
base detector. Considering the above results, our method outperforms
the SOTAs by a large margin at all labeling rates on aerial images.
The outstanding performance also demonstrates the superiority of our
method in semi-supervised object detection tasks for aerial images.

To further demonstrate our method’s effectiveness on small objects,
we perform a scale-aware performance evaluation: AP,, AP,, AP,
utilizing the COCO style metrics under the representative 1% labeled
data. Herein, AP, is mAP for small objects within 0 ~ 322 pixels,
AP, accounts for medium-sized objects within 32% ~ 96 pixels, and
AP, pertains to large objects exceeding 96 in size. The results are

shown in Table 2, which reports the average results over 5-fold cross-
validations. From the table, it can be observed that our method achieves
the best detection performance for small objects, while also yielding
very competitive results for medium and large object detection. The
significant improvement in A P, highlights the outstanding performance
of our method on small objects. Additionally, we report AR%%, 4R2000
(following COCO style), representing the average recall for all objects
and small objects, respectively, with 2000 predictions retained per
image. Our method exhibits the highest recall for small objects and
achieves the suboptimal result for overall recall as well.

Moreover, focusing on the detection performance of specific cate-
gories, we select several representative categories from aerial images,
including “ship” (SP), “plane” (PL), “small-vehicle” (SV), “large-vehicle”
(LV), “bridge” (BR), “storage-tank” (ST), “harbor” (HB), ‘tennis-court”
(TC), and “swimming-pool” (SL)‘. To thoroughly validate the improve-
ment of semi-supervised learning with limited labeled data, we present
the results of S°0OD and other SOTA methods for each category at
the labeling rate of 1%, as shown in Table 3. (We report the average
results of 5-fold experiments). From the results, our method shows
significant improvements compared to supervised detection results in
all categories. Among the categories with the highest proportions in the
entire dataset, including “ship”, “small-vehicle”, and “large-vehicle”, our
method achieves improvements of 14.3, 19.1, and 8.6 points in mAP
respectively. Focusing on small objects, “small-vehicle”, and “storage-
tank” are mostly in small object sizes. Our method outperforms other
SSOD methods in these categories. Notably, “small-vehicle” is the cate-
gory with the most instances and the highest number of small objects
in aerial images. Our method shows significant improvement in this
category. In contrast, other SSOD methods show minimal improvement
in “small-vehicle” detection, and the performance of the baseline SSOD
is even lower than that of supervised learning. This confirms our
previous observation that generic SSOD methods are inclined to focus
on large objects while neglecting the learning of small objects, thus
affecting the ability to detect small objects (see Table 4).
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Table 4

Quantitative comparison between the proposed S?0OD and SOTA SSOD methods on SODA-A.
Experiments are performed on the validation set of SODA-A under the training with different
labeling rates. All results are reported as the form mean + std across the five-fold experiments.
The best results are in bold.

Methods Partially labeled Fully labeled
1% 5% 10% 100%
Supervised:
Rotated Faster R-CNN 40.83, 43 50.92, 65 57.07 948 61.6
Oriented R-CNN (Xie et al., 2021) 43775  5491,9,5  58.94,,,  62.9 (+1.3)
Semi-supervised:
SSOD baseline 34.08,,;,  53.38,94  56.66,0,,  61.4 (-0.2)
STAG (Sohn et al., 2020b) 45.52,07  54.06,09,  57.96,93  63.2 (+1.6)
Unbiased Teacher (Liu et al, 2021b)  41.88,,0s  53.40,05  57.33,04  60.4 (-1.2)
Soft Teacher (Xu et al., 2021) 47.99, 50 58.67 971 60.05,3; 62.8 (+1.2)
PseCo (Li et al., 2022a) 48.73,,5  58.87,04  61.34,0s5s  62.2 (+0.6)
SOOD* (Hua et al., 2023) 50.03,,05  60.44,, 6311,  67.7 (+6.1)
S0D (Ours) 54.69,,3, 63.77,.5  65.98,0  69.3 (+7.7)

a Means using Rotated FCOS as the base detector.

Table 5

The performance of the proposed S°0OD and SOTA SSOD methods on each category in the validation set of SODA-A. We randomly sample 1% of the labels five times for training.
The results are reported as the form mean + std across the five experiments. The best results are in bold and sub-optimal results are underlined.

Methods SP PL SV LV HC ST CT SL WM
Supervised:

Rotated Faster R-CNN 42.4,5, 717,54 256, 11.2,44 199,56 47.5,,, 33.1,,5 72.3,5, 43.8,4
Oriented R-CNN (Xie et al., 2021) 45.8,, 73.2,,; 27.9,,, 17.1,,, 24.3,, 496, 379,50 737108 444,
Semi-supervised:

SSOD baseline 224,06 667,154 13.5,,4 127,54, 21.6,,,, 31.5,,,, 247,54 79.0, 104 34.6,4-
STAC (Sohn et al., 2020b) 49.6,5, 79.1,, 5 28.6,5.4 16.5, 5, 21,44 51.4,,, 33.6,55 812,59 47.7 5,
Unbiased Teacher (Liu et al., 2021b) 37.5,45 80.5,5, 23.0,,5 15.4,4, 18.8, 3, 48.8,,, 29.3 .5, 81.5,5 423,54
Soft Teacher (Xu et al., 2021) 48.69, 85.3,; 28.4,;¢ 15.6,5, 19.7,116 57.3,16 43.0,,6 84.2,, 499,46
PseCo (Li et al., 2022a) 57.3.16 84.6.,, 30.4,, 5 19.1,,, 17.2,1, 56.6,, 5 46.1,,, 82.7.05 4476,
SOOD? (Hua et al., 2023) 569, 761,05 40.0,,, 16.0,5, 28.6,, 5 59.9,.4 434, 785,15 50.7,, 5
$’0D (Ours) 65.0.55 85.3.09 52.8,,3 15.3.46 2415, 748,06 45.8.,5 84.2,05 45.2,9,

a Means using Rotated FCOS as the base detector.

Results on SODA-A. As shown in Table 4, the proposed S*0D
also achieves the new state-of-the-art results in SODA-A. Specifically,
for partially labeled data, S0OD achieves 54.69 mAP, 63.77 mAP,
and 65.98 mAP under three settings of 1%, 5%, and 10% labeling
rate, respectively. These represent improvements of 13.86, 12.85, and
8.91 points over the baseline under supervised training. In the case
of fully labeled data, S0OD also achieves 69.3 mAP, surpassing the
supervised baseline by 7.7 points. When compared to experiments on
the DOTA-v1.5 dataset, our method showcases even more substantial
improvements on the SODA-A dataset. This underscores our method’s
efficacy in precisely enhancing the performance of small objects in
semi-supervised object detection for aerial images. It is worth not-
ing that the SODA-A dataset is specially designed for small objects,
with over 95% of the instances being small objects with fewer than
322 pixels. The excellent performance on SODA-A further proves the
effectiveness of our S30D in enhancing SSOD for small objects.

Furthermore, we follow the aforementioned configuration to present
the performance results of various methods on individual categories
of the SODA-A dataset with 1% labeled data. There are a total of 9
categories, namely “airplane” (PL), ‘“helicopter” (HC), “small-vehicle”
(SV), “large-vehicle” (LV), “ship” (SP), “container” (CT), “storage-tank”
(ST), “swimming-pool” (SL), and “windmill” (WM), as shown in Table 5.
Owing to the higher prevalence of small objects, SOD demonstrates
noteworthy performance improvements, achieving optimal or near-
optimal results in seven out of the nine categories. Notably, focusing on
the categories with relatively more small objects, “ship”, “small-vehicle”,
and “storage-tank”, S°0OD exhibits significant advancements compared
to other methods. The performance gains are substantial, exceeding the
supervised baseline by 22.6, 27.2, and 27.3 points in mAP, respectively.
Furthermore, when compared to suboptimal results, our method con-
sistently showcases remarkable improvements, achieving gains of 7.7,
12.8, and 14.9 points in mAP, respectively.
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Visualization. Fig. 9 presents the qualitative comparison between
S?0D and other SOTA methods in the DOTA-v1.5 dataset. We can
see that, by introducing the proposed strategies, false negatives (red
boxes) of small objects are remarkably reduced, indicating that small
objects are more sufficiently learned. Furthermore, by focusing on the
number of yellow boxes in the image, it can be noticed that compared
to other SOTA SSOD methods, our approach demonstrates a stronger
suppression effect on false alarms, which is the desired effect of the
proposed TNL (Teacher-guided Negative Labeling) technique.

Training efficiency and complexity analysis. We test the training
efficiency of SOTA SSOD methods by measuring the training time for
100K iterations. The experiments are conducted on 1 RTX 4090 GPU
under the 1% labeled DOTA-v1.5 dataset, and the results are shown
in Table 6. It can be observed that our method demonstrates a training
speed comparable to some SOTA semi-supervised methods utilizing the
same detector. Additionally, the additional training time incurred by
our method over the SSOD baseline framework is within an acceptable
range when training for 100k iterations.

Notably, during inference, we only need one branch in the symmet-
ric Teacher-Student model to perform object detection, so the proposed
method maintains the same computational complexity as the baseline
detector. Taking Rotated Faster R-CNN as the baseline detector, the
model has 41.09M parameters, 206.57 GFlops, and 45.1 FPS with one
RTX 4090 GPU during inference.

5.4. Ablation study

In this section, we conduct detailed ablations to validate our key
designs. Without losing generality, all the ablation experiments are
performed on the single data fold with 1% labeled DOTA-v1.5 dataset.
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Fig. 9. Visualization of the detection results of different SSOD methods on DOTA-v1.5 dataset. Correct predictions are marked with green boxes, false positive predictions are
marked with yellow boxes, and missing targets are marked with red boxes. (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)

Table 6
The comparison of training time between different SSOD methods. All training is
conducted on the 1% labeled DOTA-v1.5 dataset with 100k iterations.

Method Time
SSOD baseline 7.5h
Unbiased Teacher (Liu et al., 2021b) 81h
Soft Teacher (Xu et al., 2021) 9.2 h
PseCo (Li et al., 2022a) 88h
SOOD? (Hua et al., 2023) 7.5h
$°0D(Ours) 9.1h

2 Means using Rotated FCOS as the base detector, while others use Rotated Faster
R-CNN.

5.4.1. Component analysis

To verify the effectiveness of each proposed strategy individually,
we conduct experiments with all possible combinations of the proposed
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three strategies. As depicted in Table 7a, the baseline SSOD algorithm
achieves an mAP of 36.0 when no additional strategies are employed.
When we apply any of the proposed strategies, the baseline perfor-
mance is consistently improved. By gradually incorporating all three
strategies, the mAP shows a progressive improvement, verifying each
design’s effectiveness. Notably, SAT contributes significantly to the
improvements. SAT enhances the baseline performance by 4.1 points
because it directly impacts the supervision of small objects. These
findings indirectly affirm the substantial impact of small objects on
aerial image SSOD performance. Fortunately, our proposed methods
effectively mitigate this impact, making them highly suitable for SSOD
tasks in aerial images.

5.4.2. Comparisons of different thresholds
In this section, we compare several ways of setting the threshold
for selecting pseudo-labels, including the default fixed threshold of
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Table 7
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Ablations. We train on DOTA-v1.5 training set with only 1% labeled data, test on the validation set, and report mAP under IoU threshold 0.5. The best

results are in bold.

(a) Component analysis of the proposed method

(b) Different pseudo-labels thresholding strategy

SAT SLA TNL mAP Methods Setting mAP
SSOD baseline 36.0 0.7 33.6
v 40.1 .
v 37.8 Fixed 0.8 36.6
Different v 38.1 threshold 0.9 36.0
configurations v v 41.3 Large-0.9 & Small-0.8 38.1
v v 40.8
v v 40.4 Adaptive Class-aware 35.2
S*0D (Ours) v v v/ 42.1 threshold Size-aware (Ours) 40.1
(c) Component analysis of the SLA (d) Effects of parameters K (e) Component analysis of the negative learning
Num Setting mAP K 1 2 Num Setting FA mAP
I T-BG 0.832 37.7
I Baseline 36.0 mAP 39.8 42.1
I T-BG (Reweight) 0.759 39.5
i K 3 4
I Resampling 36.5 il T-BG (HNS) 0.747 41.2
111 SLA 37.8 mAP 40.9 40.7 v TNL (Ours) 0.626 42.1
(f) Effects of parameters 7, (g) The comparison of different weighting function w(-)
T, 0.3 0.4 0.5 0.6 0.7 w(s) 1 2 1-s5s 2(1-y) 3(1-ys) 1-s2 21-5%)  3(1-35%
mAP 40.7 41.3 42.1 41.5 40.5 mAP 40.6 40.9 40.6 41.3 40.4 41.2 42.1 41.1
10 i n
Small objects I Large objects
09
@
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Fig. 10. Visualization of pseudo-labels selection. (a) and (c) are under the fixed
threshold of 0.9, (b) and (d) are under our SAT. Correct pseudo labels are marked
with green boxes, and the missing labeled targets are marked with red boxes. (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

0.9 (baseline), other fixed thresholds (0.8 or 0.7), setting thresholds
based on the object size where a threshold of 0.9 is used for large
objects and 0.8 for small objects, setting thresholds based on category
distribution (Similar to SAT, we use GMM to fit each class’s prediction
distribution and generate class-aware adaptive thresholds), and the
proposed SAT method. Results are listed in Table 7b. Compared to a
completely fixed threshold, setting different thresholds for large and
small objects shows higher performance, indicating that the optimal
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Training Setting

Fig. 11. Comparing the average confidence scores of large and small objects in correct
predictions under the three settings of supervised by 100% labeled data, supervised,
semi-supervised, and our S’0OD by 1% labeled data.

threshold for pseudo-labels is different for small and large objects.
The proposed SAT method still improves performance compared to
other ways, demonstrating that adapting the threshold based on the
GMM-guided distribution is a superior strategy.

Furthermore, we provide visualizations of the selected pseudo-labels
when training under different strategies in Fig. 10. In this figure,
green boxes denote the correct pseudo-labels, yellow boxes denote the
false pseudo-labels, and red boxes denote objects missed to be pseudo-
labeled. It can be observed that when using a fixed threshold, a large
number of small objects are filtered out, while our method can retain
more accurate pseudo-labels for small objects.

5.4.3. Different compositions in SLA

Here, we dissect different compositions in SLA. Results are shown
in Table 7c. When the distribution-based re-sampling strategy is used
to replace the original IoU threshold-based label assignment strategy,
we can achieve an improvement of 0.5 mAP. The distribution-based
re-sampling strategy warrants a balanced number of positive samples
between different-sized pseudo labels, reconciling the model’s super-
vision signal on small or large objects. However, this improvement is
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relatively modest due to the limited supervision information for small
objects in pseudo-labels. On the other side, when we incorporate the
re-weighting strategy, which includes training loss for both large and
small objects (SLA), we can achieve a more notable improvement of
1.8 mAP. This verifies that re-weighting can partially mitigate the issue
of imbalanced training samples for different-sized objects during the
training process. Additionally, we conduct tests on the optimal value
of the hyper-parameter K within the complete S’0OD framework, as
presented in Table 7d. The best performance is achieved when K = 2
and the obtained mAP only waves slightly around the optimal value.

5.4.4. Different strategies of negative learning
For the selection of negative samples, we also compare our proposed
TNL with several correlated competitors, including:

T-BG: Only using the teacher model to select negative samples
with high background confidence scores (higher than 0.7).

T-BG (Reweight): Following the strategy in Soft-teacher (Xu et al.,
2021), we use the background confidence scores to reweight the
loss of negative samples.

T-BG (HNS): Under the setting of T-BG, we incorporate low-
confidence predictions of the teacher model directly as hard
negative samples.

TNL: Under the setting of T-BG, we incorporate the weighted
low-confidence predictions of the teacher model as hard negative
samples.

Here, we also calculate the overall false alarm (FA) of the detection
results of the validation set under each setting, which reflects the
model’s ability to discriminate negative samples. A high false alarm
represents that the detector struggles to differentiate negative sam-
ples, indicating insufficient classification performance. We get FA =
F—:, where F P represents the total number of incorrect detections, P
represents the number of detected objects and objects with ToU <
0.5 between the prediction and ground truth were classified as false
positives. From the results of Table 7e, we can observe that directly
using T-BG to select negative samples leads to a boom in the false
alarm rate. The increase in false alarms accumulates more errors in
the network, resulting in performance degradation. Utilizing T-BG to
reweight the negative samples can partially restrain the effect of false
negative samples and improve performance. Our method effectively
utilizes ambiguous predictions generated by the teacher model as chal-
lenging negative samples, leading to better performance improvement.
Compared to directly introducing these hard negative samples, using
confidence score weighting can obtain better results. This is because,
among these low-confidence predictions, a small number of positive
samples may also exist. Weighting them can reduce the impact of these
potential positive samples and avoid confusion between positive and
negative samples by the network.

Furthermore, we conduct an empirical comparison concerning the
threshold z;, employed for the selection of hard negative samples within
the TNL, as well as the weighting function w(-) applied to the loss at-
tributed to hard negative samples. The outcomes of these comparisons
are delineated in Tables 7f and 7g. To maximize the identification of
low-quality predictions to get hard negative samples, a threshold value
of 0.5 is found to yield optimal performance. Elevating this threshold
could potentially incorporate an increased number of accurately identi-
fied samples as negatives, thereby diminishing performance. Moreover,
considering the inevitable presence of genuine objects within the hard
negative samples, a function inversely proportional to the prediction
scores s can enable a softer learning approach for hard negative sam-
ples. In this study, we have explored several such functions(as shown
in Table 7g) and ultimately employed w(s) = 2(1 — s?) for this purpose.
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6. Discussion

Overall, extensive experiments have demonstrated the effectiveness
of the proposed S>0D. The achieved mAP for specific categories and the
corresponding visualizations also provide sufficient evidence that the
S?0D can optimize the detection performance of small objects on semi-
supervised object detection in aerial images. To provide straightforward
evidence of S*0D’s alleviation of size-induced bias, we present the small
objects’ average predicted scores across various methods after semi-
supervised training, which is in Fig. 11. It is evident that, unlike existing
SSOD methods that often prioritize the enhancement of large object
detection while overlooking small objects in unlabeled images, our
S?0D method achieves a more balanced improvement in the predicted
confidence across all scales of objects. This observation validates the
effectiveness of our method in mitigating the impact that small objects
have on semi-supervised object detection in aerial imagery.

However, beyond the challenges posed by numerous small objects,
we note that certain objects with extreme geometry characteristics also
exhibit subpar performance, such as objects with extreme aspect ratios,
including ‘bridge’ and ‘harbor’ in DOTA-v1.5. Analysis of the detection
results for the ‘Harbor’ (HB) category in Table 3 reveals that the SSOD
method does not yield substantial enhancements for harbors, with our
method performing comparably to existing methods in this context. The
underlying reason is that objects with these characteristics also face a
disadvantaged position in the SSOD pipeline, compared to objects with
regular shapes. Similarly, these objects may be overlooked during semi-
supervised training. Addressing the detection issues associated with
objects exhibiting extreme characteristics necessitates the adoption of
differentiated criteria and the selection of more suitable pseudo-label
supervision information. This problem also arises in categories such
as ‘windmill’ in the SODA-A dataset. The ‘windmill’ typically exhibits
sparse pixel distribution, and some instances of ‘windmill’ in aerial
images have large aspect ratios. These “disadvantaged” characteristics
lead to their being overlooked in the SSOD pipeline, resulting in negligi-
ble improvements. Additionally, aerial image object detection also faces
an inherent class imbalance issue. Compared to natural scenes, aerial
image objects often exhibit a more severe long-tail distribution (Sun
et al,, 2022), and the class imbalance is further amplified in the
process of semi-supervised detection. Categories with a larger number
of samples tend to show better detection performance, allowing for the
acquisition of more reliable pseudo-labels for supervision. In contrast,
categories with fewer samples are more prone to being overlooked
within this virtuous cycle. Effectively mitigating these biases within
the semi-supervised framework warrants further exploration in future
research endeavors.

7. Conclusion

In this study, we have conducted a comprehensive analysis of the
challenges impacting the effectiveness of Semi-Supervised Object De-
tection for aerial imagery. Our investigation reveals a notable oversight
in existing SSOD approaches regarding the detection of small objects,
which are prevalent in aerial scenes. To tackle this issue, we have
developed a novel pipeline, S*0OD, specifically tailored to address the
various imbalance challenges stemming from small objects. Within
S?0D, we introduce an adaptive methodology for selecting scale-aware
thresholds, enabling the retention of more supervision information dur-
ing pseudo-labeling for small objects. Additionally, we propose a label
assignment strategy incorporating Gaussian-based sampling and size-
aware re-weighting to mitigate imbalance issues arising from limited
supervision, ensuring balanced assignments of positive samples across
different object scales. Furthermore, we leverage the teacher model’s
predictions to enhance the negative sample learning process, filtering
out possible foreground samples and excavating hard negative samples.
By integrating these three novel designs, our S?0OD pipeline presents a
significant advancement over current state-of-the-art SSOD methods for
aerial imagery.
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