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Abstract: Weakly supervised object detection (WSOD) in remote sensing images (RSIs) achieves high-
value object classification and localization by only using image-level labels. However, two problems
limit its performance. Firstly, adjacent instances are often misclassified because their pseudo-labels
are determined solely based on the spatial distances between them and their corresponding seed
instances. Secondly, most WSOD methods assign the highest weight to the instance that covers the
discriminative part of an object, thereby urging WSOD models to focus on the discriminative part
rather than the whole object. To handle the first problem, a high-quality instance mining (HQIM)
module, which incorporates the feature similarities between instances into the label propagation
process, enabling some misclassified adjacent instances to be removed, is proposed. To tackle the
second problem, a weight re-assigning (WRA) strategy, which redistributes the loss weights of
instances, is proposed. Specifically, the loss weights of instances focusing on the discriminative
part are exchanged with those of instances that broadly cover the whole object. Ablation studies
demonstrate the effectiveness of HQIM and WRA, while comparisons with popular models on two
RSI benchmarks further verify the effectiveness of our model.

Keywords: remote sensing image; weak supervised object detection; high-quality instance mining;
weight re-assigning

1. Introduction

Remote sensing images exhibit a wide range of applications across diverse fields, such
as object detection [1,2], classification [3,4], and anomaly detection [5,6]. Among these,
object detection in remote sensing images (RSIs) stands out as particularly compelling.
This technology boasts a diverse array of applications in both military and civilian do-
mains, including but not limited to surveillance and monitoring, disaster response, urban
planning, and agricultural management. With advances in remote sensing technology
and deep learning [7,8], fully supervised object detection (FSOD) models [9,10] for RSIs
have achieved remarkable outcomes by leveraging instance-level labels. However, in
RSIs with sophisticated backgrounds, annotating all objects with instance-level labels is
an exceptionally labor-intensive and time-consuming task, and some objects may even
be impossible to annotate accurately. Conversely, annotating the image-level labels is
straightforward. Consequently, weakly supervised object detection (WSOD) in RSIs holds
significant practical value and has garnered considerable attention.

The weakly supervised deep detection networks (WSDDNSs) [2], as a path-breaking
work, initially integrated multiple-instance learning with deep learning to train an object
detector that solely uses image-level labels. The trained detector predicts the class scores
(CSs) of proposals to accomplish object localization and classification.

The Online Instance Classifier Refinement (OICR) [11] model, which builds upon the
WSDDN framework, incorporates several instance classifier refinement (ICR) branches to
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iteratively refine the CSs of proposals. The instance-level labels of the current ICR branch,
which are generated by using the CSs of the upper ICR branch, are used to train the ICR
branch. The pseudo-instance-level labels include positive instances (seed instances and
neighboring instances) and negative instances (background instances). Specifically, the
instance with the highest CS is regarded as the seed instance of each class. The remaining
instances are subsequently divided into neighboring instances and background instances
based on spatial distances between the seed instance and other instances.

A majority of WSOD [12-23] methods adopt OICR as the baseline to improve their
performance. These methods can be broadly divided into two classes. The first class is
designed to alleviate the problem of missing instances by mining more seed instances. For
example, the proposal cluster learning (PCL) model [13] utilizes the k-means algorithm to
divide the proposals into multiple clusters; then, the clusters centers are selected as seed
instances. The neighboring instances are determined solely based on the spatial distances
between the seed instances and other instances. Other similar models include the complete
and invariant instance classifier refinement model [20], the multiple-instance self-training
(MIST) model [24], and the weakly supervised contrastive loss (WSCL) [21]. The second
class aims to guide the model in recognizing the whole object, rather than just its distin-
guishing parts. For example, the multi-scale image splitting-based feature enhancement
model [17] enforces the spatial attention maps of positive instances to approximate the
maximum spatial attention maps, thereby encouraging the WSOD model to pay more at-
tention to the whole object. Other similar works include the semantic segmentation-guided
pseudo-label mining [12] model, the instance re-detection comprehensive attention self-
distillation model [14], and the pseudo-instance soft labels mining [25] model. Although
the aforementioned methods have obtained notable performance in WSOD, there are still
two problems that require attention and resolution.

For the first problem, during the label propagation process, the pseudo-labels of
adjacent instances are determined solely based on the spatial distances between them
and their corresponding seed instance. Consequently, some adjacent instances are often
misclassified. As depicted in Figure 1a, the basketball court is incorrectly identified as
the tennis court by the baseline model, as the basketball court is an adjacent instance of
tennis court.

For the second problem, most WSOD methods tend to assign a higher loss weight to
the instance that only covers the discriminative part of an object, whereas instances that
broadly cover the whole object obtain a lower loss weight. Consequently, the inappropriate
loss weights encourage the WSOD model to detect the discriminative part of an object
rather than the whole object. As illustrated in Figure 1b, the baseline model only detects
the most discriminative part of an airplane rather than the whole airplane.

To overcome the first problem, a high-quality instance mining (HQIM) strategy is
proposed. Firstly, the seed instances are identified by selecting the top p percent proposals
from the sorted proposals. Then, these seed instances are refined through the local Non-
Maximum Suppression (NMS) operation. Secondly, the initial neighboring instances are
determined based on the spatial distances between them and their corresponding seed
instances; furthermore, these initial neighboring instances are refined by using the feature
similarities between them and the seed instances to remove some misidentified adjacent
instances. As illustrated in Figure 1a, the combination of the baseline and the HQIM
module can avoid the misclassification of adjacent instances.

To overcome the second problem, we propose a weight re-assigning (WRA) strategy.
First, the instance that fully covers the object is identified by using the spatial distances
between positive instances. Then, we re-assign the loss weight of this comprehensive in-
stance based on the CS of the instance covering the object’s discriminative part. Conversely,
the loss weight of the instance focusing on the discriminative part is adjusted by using the
CS of the comprehensive instance. Consequently, as illustrated in Figure 1b, the baseline
model with the proposed WRA strategy tends to capture the whole object.
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Figure 1. Illustration of problems and contributions of (a) HQIM, (b) WRA, and (c) HQIM + WRA.

Overall, as shown in Figure 1c, the baseline model with HQIM + WRA not only avoids
the misclassification of adjacent instances but also encourages the model to focus on the
whole object. The summarized contributions are outlined as follows:

1. During the label propagation process, the label of a neighboring instance is deter-
mined solely based on the spatial distance between it and its corresponding seed
instance. Inevitably, this leads to some neighboring instances being misclassified.
To address this issue, the HOIM module is proposed. This module utilizes feature
similarity between seed instances and their neighboring instances to further refine the
neighboring instances, thereby removing the misclassified neighboring instances.

2. Most WSOD models often assign higher loss weights to instances focusing on the
discriminative part of an object, compared with those covering the entire object.
Consequently, they tend to detect the discriminative part of an object. To address this
issue, we propose the WRA strategy, which exchanges the loss weights between these
two types of instances.
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2. Related Works

OICR [11] is used as the baseline of our model. To enhance the localization capacity of
the WSOD model, many researchers incorporate bounding box regression (BBR) branches
into the OICR model. Therefore, the WSDDN, OICR, and BBR branches are introduced
in turn.

2.1. Weakly Supervised Deep Detection Network

Initially, as illustrated in Figure 2, a variety of proposals PR = {pry, ... pry, ... prm}
are generated by using the selective search algorithm [26] for the input image I, where M
denotes the quantity of proposals. Secondly, the feature vectors of all proposals, denoted by
{fm}M_,, are obtained by importing I and its proposals into backbone networks, reglon of
interest (Rol) pooling layer, and two fully connected (Fc) layers. Thirdly, the {f,, }M_; are
imported into classification branch to obtain a classification score vector of class ¢, denoted
by X¢¥ € RV*M, Similarity, the detection score vector of class ¢, denoted by x9°¢ € R1*M,
is obtained by importing the {f,}?; into the detection branch. The classification and
detection branches both include an FC layer and a softmax classifier. Then, the instance-
level predicted CS vector of class ¢, denoted by X, € RIXM g acquired as follows:

Xe = X o X, (1)

where © represents the Hadamard product. The image-level predicted CS of class c,
denoted by ¢, is obtained as follows:

¢ =) x', ()

where x' € X, denotes the CS of the mth proposal in class c. Finally, the loss of the WSDDN,
denoted by Lwsppn, is obtained as follows:

C
Lwsppn = — ), (yclog¢e + (1 — yc) log(1 — ¢c)), ©)
c=1
where C denotes the quantity of classes and y. = 1 or 0 represents that I contains or does
not contain category c.

2.2. Online Instance Classifier Refinement

To improve the performance of the WSDDN, the K ICR branches are incorporated into
the WSDDN’s, where the ICR branch contains an FC layer and a softmax classifier. The
feature vectors of the proposals are imported into the kth ICR branch to obtain the predicted
CS vectors of all classes, denoted by {s’g € RIxM }Ccill, ke€1,2,---K, where the (C+1)th
dimension denotes the background class. The pseudo-instance-level labels of the kth ICR
branch, denoted by y*, are generated by using {Sk~! € R1*M }E:l, and the pseudo-labels
of the first ICR branch are generated by using {X}<_;. Specifically, the instance with the
highest prediction CS is considered the seed instance, and the neighboring instances are
determined by using the spatial distances between the seed instances and other instances.
The loss of the kth ICR branch, denoted by Llfc r- is obtained by the following equation:

M C+1

LI;CR - Z Z wm]/cm cm/ (4)

m=1 c=

where y’érm € {0,1} represents the element in the mth column and cth row of y*, s’c‘m

denotes the CS of the kth ICR branch of the mth proposal in class c. The wk, = s’(f,;f denotes

the loss weight of the mth proposal in the kth ICR branch, and s’g;nl denotes the CS of
(k — 1)th ICR branch of the mth proposal in class c.
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Figure 2. The overview of our model. The RSI and its proposals are imported into a ConvNet,
followed by the Rol pooling layer and two FC layers, to extract feature vectors for all proposals. The
CSs of these proposals, obtained from the WSDDN, are then imported into the HQIM module. This
module effectively mines positive instances by leveraging spatial distances and feature similarities
among instances. Furthermore, the WRA strategy redistributes the loss weights of positive instances
to encourage the model to focus on the whole object.

2.3. Incorporating the Regression Branches into OICR

To improve the localization performance of OICR, K bounding box regression (BBR)
branches are incorporated into OICR, where each BBR branch includes an FC layer. The
loss of the kth BBR branch, denoted by L’é gr~ is obtained as follows:

P¥|

1| )

Lipr = I Y (smoothr1(gj, &), ©)
j=1

where P¥ denotes the set of positive instances,

Pk ’ denotes the number of positive instances,

and ¢, and g, denote the target offset and prediction offset of the jth positive instance,
respectively.

3. Proposed Method
3.1. Overview

As shown in Figure 2, our proposed method integrates the HQIM module and WRA
strategy into the OICR model. Firstly, the HQIM module utilizes the sorted CSs of the
proposals to mine seed instances. The initial neighboring instances are selected by using the
spatial distances between seed instances and other instances, which are further refined by
using the feature similarities between them and seed instances to remove some misclassified
neighboring instances. Secondly, the WRA strategy employs spatial distances between
positive instances to identify the one that broadly covers the whole object. The loss weight
of this comprehensive instance is then re-assigned based on the CS of an instance that
covers the object’s discriminative part. Conversely, the loss weight of the instance focusing
solely on the discriminative part is adjusted by using the CS of the comprehensive instance.
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3.2. High-Quality Instance Mining Module

Popular WSOD models propagate the labels from the real image level to the pseudo-
instance level for supervising the ICR branch. The performance of the WSOD model
relies on the quality of pseudo-instance-level labels. The pseudo-instance-level labels
include positive instances (seed instances and neighboring instances) and negative instances
(background instances). Once the positive instances are identified, the rest of the instances
are automatically classified as negative instances. Consequently, the quality of the positive
instances ultimately determines the overall quality of the pseudo-instance-level labels.

In most WSOD models, the neighboring instances are determined by using the spatial
distances between seed instances and other instances. This often results in the misclas-
sification of neighboring instances, thereby limiting the quality of positive instances. To
address this issue, the HQIM strategy is proposed to eliminate the misclassified neigh-
boring instances. Firstly, the seed instances are mined from the sorted CSs of proposals.
Then, to remove small and redundant seed instances, the NMS operation is applied to
refine the seed instances. Secondly, the spatial distances between the seed instance and
other instances are used to determine the initial neighboring instances. Subsequently, as
shown in Figure 2, the feature distribution curves of the seed instance (represented by
pink lines) and the neighboring instances (represented by orange lines) are illustrated. The
feature distributions of misclassified neighboring instances are not similar to those of their
corresponding seed instances. Therefore, the feature similarities between the seed instances
and their neighboring instances are used to further refine the initial neighboring instances,
removing the misclassified neighboring instances. The details of the HQIM module are
as follows.

Considering the multiple objects of the same category in RSIs, firstly, we assume that
the input image I contains category c; the initial set of seed instances of the kth ICR branch
in class c, denoted by ISI¥, is determined by picking the top p percent proposals from the
sorted Slg’l. The set of seed instances of class c in the kth ICR branch, denoted by S If, is
obtained by implementing NMS among ISI.

Secondly, as shown in Figure 2, the initial set of neighboring instances of the ith seed
instance sz . € SIF, denoted by IN L i is obtained by selecting the instances that have

high spatlal distances (e.g., IoU > 0.5) between them and sz .. However, some neighboring
instances barely cover the object. To remove these low- quahty neighboring instances,
feature similarity is proposed to evaluate the similarity between each seed instance and its
neighboring instances, allowing us to eliminate those low-quality neighboring instances.

The definition of the feature similarity fs k’ between seed instance sz ; and initial

neighboring instance ini; is as follows:

ll]_

fs, i _Slm(fsif/l.ffinij)f (6)

where sim(-, -) denotes the dot product between inputs, f_; 3 denotes the feature vector of

seed instances si’c‘ i ini; € INI i denotes the jth element of I N I it and flm denotes the fea-

ture vector of ini;. The initial nelghborlng instance ini; is regarded as a neighboring instance

if fs k’ > 6, where J denotes the threshold of feature similarity, which determines whether

CI

or not an initial neighboring instance belongs to the neighboring instances. Therefore, the
set of neighboring instances of seed instance sz ¢, denoted by N1 it s is obtained. Finally,

the neighboring instances and seed instances form the high- quahty pos1t1ve instances.

3.3. Weight Re-Assigning Strategy

The loss weights of instances not only ensure the stability of training but also encourage
the model to focus on the instances with higher loss weights. Therefore, the reasonable
assignment of instance loss weights greatly impacts the WSOD model’s performance.
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However, the instance that covers the discriminative part of object usually has a higher CS,
and its loss weight is obtained by copying its CS. Conversely, the instance broadly covers
the whole object, and both its CS and loss weight tend to be relatively small. Therefore, the
trained object detector tends to detect the discriminative part of the object. To handle the
problem, the WRA module is proposed. As shown in Figure 2, firstly, the spatial distance
matrix between positive instances is calculated to select the instance that broadly covers
the whole object. Secondly, the WRA strategy switches the loss weights of the instance
that covers the distinguishing region of an object and the instance that broadly covers the
whole object, to encourage the WSOD model to pay more attention to the whole object. The
details of the WRA strategy are as follows.

As shown in Figure 2, firstly, the seed instance and its neighboring instance set are
constructed as a positive instance cluster SN = {ry,...ry,...,ry}, where r, denotes the
nth instance in the cluster, and N denotes the number of elements in the cluster. Secondly,
the spatial distance matrix, denoted by G € RN*N is constructed for the instances in the
cluster according to their spatial distance. g, ,» € G denotes the spatial distance between
the r,th and 7,/ th instances in the cluster SN, which is obtained as follows:

. |7'n ﬁrn/\

)= . 7
i [T Uy @)
Then, the spatial distance vector, denoted by V & RN*1 s obtained as follows:
N
V=Y G (8)
n=1

Finally, the index of the instance that broadly covers the whole object is selected
as follows:

z = argmax V. 9)

The index of the instance that has the highest CS in the cluster SN is obtained
as follows:
p = argmax{sk 11N (10)

¢,y Sn=1s

where s’c‘;nl denotes the CS of (k-1)th ICR branch of the r,th positive instance in class c. The
loss weights of instances r, and r,, are assigned as follows:

wr, = sy, (11)

Wy, =S¢, (12)

where wy, (wy,) denotes the loss weight of the r.th (rpth) positive instance and s’(f;pl (slg;z1

denotes the CS of the (k-1)th ICR branch of the r.th (r,th) positive instance in class c.
Therefore, the WRA strategy encourages the WSOD model to detect the whole object.

3.4. Overall Training Loss

The overall loss of the proposed method, represented as L4, is obtained as follows:

K
Larr = Lwspon + Y, (Licg + Ligr). (13)
k=1

During the inference stage, the feature vectors of all proposals are imported into
the K trained ICR and BBR branches to obtain prediction scores and prediction offsets.
Subsequently, the prediction scores and prediction offsets are averaged separately to jointly
infer the initial detection results. Finally, the detection results are derived by applying NMS

operation to the initial detection results.
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4. Materials, Data, and Experiments
4.1. Materials and Data

The source codes of our model are designed to run on the Ubuntu 16.04 platform,
leveraging eight GPUs (Titan RTX). These codes have been implemented within the PyTorch
framework, ensuring compatibility and efficiency for deep learning tasks.

The NWPU VHR-10.v2 dataset [27,28] contains 1172 RGB images, each with a uniform
size of 400 x 400 pixels. The spatial resolutions of these images vary from 0.08 m to 2 m. The
images are sourced from Google Earth and the Vaihingen dataset [29]. Additionally, the
dataset is divided into three subsets: training, validation, and test. Specifically, the training
subset comprises 679 images, the validation subset includes 200 images, and these are used
to train our model. Meanwhile, the test subset, which consists of 293 images, is utilized
to validate the performance of our trained model. Furthermore, the NWPU VHR-10.v2
dataset encompasses 10 classes, totaling 2775 object instances.

The DIOR dataset [30] contains 23,463 RGB images, each with a uniform size of 800 x
800 pixels. The spatial resolutions of these images vary from 0.5 m to 30 m. The images
are sourced from Google Earth. Additionally, the dataset encompasses 20 classes, totaling
192,472 object instances. Furthermore, the dataset is divided into three subsets: training,
validation, and test. Specifically, the training subset comprises 5862 images, the validation
subset includes 5863 images, and these are used to train our model. Meanwhile, the test
subset, which consists of 11,738 images, is utilized to validate the performance of our
trained model.

The PASCAL VOC 2007 dataset [31] contains 9963 RGB images. The dataset encom-
passes 20 classes, totaling 24,640 object instances. The PASCAL VOC 2007 dataset is also
divided into a training subset (2501 images), a validation subset (2510 images), and a test
subset (4952 images). The training and validation subsets are used to train our model,
while the test subset is used to test the trained model.

4.2. Experiments
4.2.1. Implementation Details

Our method builds on the OICR [11] model and adapts the VGG16 [32] pre-trained
on the ImageNet dataset [33] as the background. The count of ICR branches is configured
to be 3, i.e., K = 3; the top p percent is set to 0.15, i.e., p = 0.15; the threshold of feature
similarity is set to 0.3, i.e., § = 0.3; and the threshold of NMS during the refinement of seed
instances is set to 0.1. In the inference stage, the NMS [34] threshold is established at 0.3.

The NWPU VHR-10.v2, DIOR, and PASCAL VOC 2007 datasets were augmented by
applying horizontal flipping as well as rotations of 90° and 180°. Similar to almost all
WSOD models [2,11,17,21,35], all images were resized to one of the following dimensions:
{480, 576, 688, 864, 1200}. The model was optimized by using the stochastic gradient
descent algorithm, and the momentum, weight decay, and batchsize were 0.9, 0.005, and 8,
respectively. The number of iterations was 30 K for the NWPU VHR-10.v2 and PASCAL
VOC 2007 datasets. The initial learning rate was 0.1, and it was reduced to 10% of the
previous value at 20 K and 26 K for the NWPU VHR-10.v2 and PASCAL VOC 2007 dataset,
respectively. Additionally, for the DIOR dataset, the number of iterations was 60 K. The
initial learning rate was 0.1 and was decreased to 10% of its previous value at 50 K and
56 K iterations for the DIOR dataset.

The detection accuracy of the trained model in the test subset was assessed by the
mean average precision (mAP), and the localization capability of our model was assessed
by correct localization (CorLoc) in the training and validation subsets. CorLoc focuses
more on the accuracy of object localization, while mAP considers a broader range of model
performance indicators, including precision, recall, and confidence scores.

4.2.2. Parameter Analysis

The parameter p in the HQIM module determines the extent of seed mining, which
was analyzed in terms of mAP on both the NWPU VHR-10.v2 and DIOR datasets. As
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shown in Figure 3a,b, our model attained the maximum mAP at p = 0.15, while the mAP
experiences a slight decline at p = 0.16. Consequently, this article adopted p = 0.15.
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Figure 3. Parameter analysis of p in terms of mAP on the DIOR (a) and NWPU VHR-10.v2 (b) datasets.
The parameter 4 in the HQIM module determines whether or not an initial neighboring
instance belongs to a neighboring instance, which was analyzed in terms of mAP on both
the NWPU VHR-10.v2 and DIOR datasets. As shown in Figure 4a,b, our model attained
the maximum mAP at § = 0.3, while the mAP experiences a slight decline at § = 0.4.
Consequently, this article adopted § = 0.3.
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Figure 4. Parameter analysis of § in terms of mAP on the DIOR (a) and NWPU VHR-10.v2 (b) datasets.

The parameter K in our model determines the number of ICR branches, which was
analyzed in terms of mAP on both the NWPU VHR-10.v2 and DIOR datasets. As illustrated
in Figure 5a,b, our model attained the maximum mAP at K = 3, while the mAP experiences
a slight decline at K = 4. Consequently, this article adopted K = 3.
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Figure 5. Parameter analysis of K in terms of mAP on the DIOR (a) and NWPU VHR-10.v2 (b) datasets.

4.2.3. Ablation Study

The ablation studies, conducted on the NWPU VHR-10.v2 dataset and more challeng-
ing DIOR dataset, were used to validate the efficacy of HQIM, WRA, and their combination.
Particularly, to enhance the localization ability of the WSOD model, like numerous WSOD
models [12,16,20,21,24], the combination of the OICR and BBR branches was employed as
the baseline model.

Quantitative ablation study: As shown in Table 1, compared with the baseline, the
mAP (CorLoc) of baseline + HQIM increased by 9.46% (7.97%) and 4.81% (5.75%) on the
NWPU VHR-10.v2 and DIOR datasets, which validates the effectiveness of the HQIM
module. Furthermore, compared with the baseline, the mAP(CorLoc) of baseline + WRA
increased by 12.55% (11.40%) and 7.13% (8.10%) on the NWPU VHR-10.v2 and DIOR
datasets, which validates the effectiveness of the WRA strategy. In addition, compared
with the baseline, the mAP (CorLoc) of baseline + HQIM + WRA increased by 17.28%
(15.35%) and 8.81% (11.13%) on the NWPU VHR-10.v2 and DIOR datasets, which validates
the effectiveness of our method.

Table 1. Ablation study of HQIM module and WRA strategy on NWPU VHR-10.v2 and DIOR datasets.

NWPU VHR-10.v2 DIOR
Baseline HQIM WRA
mAP CorLoc mAP CorLoc
N 48.96 61.54 20.10 42.79
v v 58.79 69.51 2491 48.54
v v 61.51 72.94 27.23 50.89
v v v 66.24 76.89 28.91 53.92

Subjective ablation study: To further validate the effectiveness of the HQIM module,
the WRA strategy, and their combination, subjective ablation studies were conducted on
the NWPU VHR-10.v2 and DIOR datasets. Firstly, as illustrated in Figure 6a, subjective
comparisons were conducted between the detection results of the baseline and those
of baseline + HQIM. Obviously, baseline + HQIM demonstrated the ability to reduce
the misclassification of neighboring instances, effectively addressing the first problem
outlined in the Introduction. Secondly, as shown in Figure 6b, subjective comparisons
were conducted between the detection results of the baseline and those of baseline +
WRA. Apparently, compared with the baseline, baseline + WRA captured the whole
object, rather than just its discriminative parts, effectively tackling the second problem
introduced in the Introduction. Thirdly, as shown in Figure 6¢, subjective comparisons
were conducted between the detection results of the baseline and those of baseline + HQIM
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+ WRA. Obviously, compared with the baseline, baseline + HQIM + WRA model not only
avoided the misclassification of neighboring instances but also encouraged the model to
focus on the whole object.

VM +ourjoseg  ourjaseq IOH + durjoseq  durjaseq

surjaseq

ViIM + IWIOH
+ ourjaseg

Figure 6. A subjective validation of the HQIM module (a), the WRA strategy (b), and their combina-
tion (c) was conducted on the NWPU VHR-10.V2 and DIOR datasets. Specifically, the RSIs enclosed
within green rectangles were selected from the DIOR dataset, and the remaining RSIs were selected
from the NWPU VHR-10.V2 dataset.
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4.2.4. Quantitative Comparison with Popular Models

To verify the performance of our model, two classical FSOD models (Fast R-CNN [1]
and Faster R-CNN [9]) and eleven popular WSOD models, which included the WSDDN [2],
OICR [11], MIST [24], the dynamic curriculum learning (DCL) model [16], the progres-
sive contextual instance refinement (PCIR) model [19], the multiple-instance graph (MIG)
model [36], the triple context-aware (TCA) model [35], the self-supervised adversarial and
equivariant (SAE) model [37], the self-guided proposal generation (SPG) model [22], the
PISLM model [25], and the SGPLM model [12], were quantitatively compared with our
model on the NWPU VHR-10.v2 and more challenging DIOR datasets. Particularly, the
results of the compared methods are cited from previous publications, and the DCL model
without available source codes lacks class-by-class CorLoc metrics in the NWPU VHR-10.v2
and DIOR datasets.

As shown in Table 2, the table lists different methods (columns) and the corresponding
average precision (AP) for various object categories (rows) in the NWPU VHR-10.v2 dataset.
The mAP of each model is provided in the last column of Table 2, which represents the
mean AP across all categories for each model. Our method achieves the mAP of 66.24%
on the NWPU VHR-10.v2 dataset, outperforming the benchmark model OICR by 31.72%,
thereby demonstrating its overall effectiveness. Furthermore, our model’s mAP surpasses
the following models by the respective percentages: WSDDN by 31.12%, MIST by 14.72%,
DCL by 14.13%, PCIR by 11.27%, MIG by 10.29%, TCA by 7.42%, SAE by 5.52%, SPG by
3.44%, PISLM by 2.44%, and SGPLM by 1.04%.

Table 2. Comparisons with popular models on the NWPU VHR-10.v2 dataset in terms of mAP (%).

Storage Baseball Tennis Basketball Ground

Method Airplane Ship Tank  Diamond Court Court Track Field Harbor Bridge Vehicle mAP
Fast R-CNN [1] 90.91 90.60  89.29 47.32 100.00 85.85 84.86 88.22 80.29 69.84  82.72
Faster R-CNN [9] 90.90 86.30  90.53 98.24 89.72 69.64 100.00 80.11 61.49 78.14 8451
WSDDN [2] 30.08 4172 3598 88.90 12.86 23.85 99.43 13.94 1.92 3.60 35.12
OICR [11] 13.66 6735  57.16 55.16 13.64 39.66 92.80 0.23 1.84 3.73 34.52
MIST [24] 69.69 49.16  48.55 80.91 27.08 79.85 91.34 46.99 8.29 1336 51.52
DCL [16] 72.70 7425  37.05 82.64 36.88 42.27 83.95 39.57 16.82 35.00 52.11
PCIR [19] 90.78 78.81  36.40 90.80 22.64 52.16 88.51 42.36 11.74 3549 5497
MIG [36] 88.69 7161  75.17 94.19 37.45 47.68 100.00 27.27 8.33 9.06 55.95
TCA [35] 89.43 78.18 7842 90.80 35.27 50.36 90.91 42.44 411 28.30  58.82
SAE [37] 82.91 74.47  50.20 96.74 55.66 72.94 100.00 36.46 6.33 31.89  60.76
SPG [22] 90.42 81.00 59.53 92.31 35.64 51.44 99.92 58.71 16.99 4299  62.89
PISLM [25] 87.60 81.00 57.30 94.00 36.40 80.40 100.00 56.90 9.80 35.60  63.80
SGPLM [12] 90.70 7990  69.30 97.50 41.60 77.50 100.00 44.40 17.20 3350  65.20
Ours 90.81 80.52 7342 96.59 47.35 78.94 100.00 43.89 18.35 3351  66.24

As shown in Table 3, the table lists different methods (columns) and the corresponding
CorLoc for various object categories (rows) in the NWPU VHR-10.v2 dataset. The CorLoc
of each model is provided in the last column of Table 3, which represents the mean CorLoc
across all categories for each model. The CorLoc of our model achieves 76.89% on the
NWPU VHR-10.v2 dataset. Furthermore, our model’s CorLoc surpasses the following
models by the respective percentages: WSDDN by 41.65%, OICR by 36.88%, MIST by 6.59%,
DCL by 7.19%, PCIR by 5.02%, MIG by 6.73%, TCA by 4.13%, SAE by 3.43%, SPG by 3.48%,
PISLM by 2.59%, and SGPLM by 1.49%.

As shown in Table 4, the table lists different methods (columns) and the corresponding
AP for various object categories (rows) in the DIOR dataset. The mAP of each model is
provided in the last column of Table 4, which represents the mean AP across all categories
for each model. Our methodology achieves the mAP of 28.91% on the more challenging
DIOR dataset, surpassing the benchmark model OICR by 12.41%. Moreover, our model’s
mAP outperforms the following models by the respective percentages: WSDDN by 15.65%,



Electronics 2024, 13, 4753 13 of 19

MIST by 6.73%, DCL by 8.72%, PCIR by 3.99%, MIG by 3.80%, TCA by 3.09%, SAE by
1.81%, SPG by 3.14%, PISLM by 0.31%, and SGPLM by 0.41%.

Table 3. Comparisons with popular models on the NWPU VHR-10.v2 dataset in terms of CorLoc (%).

Storage Baseball Tennis Basketball Ground

Method Airplane  Ship Tank Diamond Court Court Track Field

Harbor Bridge Vehicle mAP

WSDDN [2] 22.32 36.81 39.95 92.48 17.96 24.24 99.26 14.83 1.69 2.89 35.24
OICR [11] 29.41 83.33  20.51 81.76 40.85 32.08 86.60 7.41 3.70 1444  40.01
MIST [24] 90.20 82.50  80.30 98.60 48.50 87.40 98.30 66.50 14.60 35.80  70.30
DCL [16] - - - - - - - - - - 69.70
PCIR [19] 100.00  93.06  64.10 99.32 64.79 79.25 89.69 62.96 13.26 5222 7187
MIG [36] 97.79 90.26  87.18 98.65 54.93 64.15 100.00 74.07 12.96 21.57  70.16
TCA [35] 96.91 91.78 9513 88.65 66.90 62.83 95.98 54.18 19.63 55.50  72.76
SAE [37] 97.06 91.67  87.81 98.65 40.86 81.13 100.00 70.37 14.81 5222 73.46
SPG [22] 98.06 92.67  70.08 99.65 51.86 80.12 96.20 72.44 12.99 60.02 7341

PISLM [25] 94.40 86.60  68.50 97.80 69.80 87.50 100.00 68.60 16.00 56.60  74.60

SGPLM [12] 98.20 93.80  89.30 99.10 50.20 88.90 100.00 71.00 12.30 51.20  75.40

Ours 99.29 94.79  91.68 97.95 58.43 91.67 100.00 68.78 13.64 56.68  76.89

Table 4. Comparisons with popular models on the DIOR dataset in terms of mAP (%).

Method Airplane  Airport Be;:sieell)(;lll Baél:)el:zall Bridge Chimney Dam :;I:;eczsxs‘e}; E.zﬁrgi::::;’ Golf Field
Fast R-CNN [1] 4417 66.79 66.96 60.49 15.56 72.28 51.95 65.87 44.76 72.11
Faster R-CNN [9] 50.28 62.60 66.04 80.88 28.80 68.17 47.26 58.51 48.06 60.44
WSDDN [2] 9.06 39.68 37.81 20.16 0.25 12.28 0.57 0.65 11.88 4.90
OICR [11] 8.70 28.26 44.05 18.22 1.30 20.15 0.09 0.65 29.89 13.80
MIST [24] 32.01 39.87 62.71 28.97 7.46 12.87 0.31 5.14 17.38 51.02
DCL [16] 20.89 22.70 54.21 11.50 6.03 61.01 0.09 1.07 31.01 30.87
PCIR [19] 30.37 36.06 54.22 26.60 9.09 58.59 0.22 9.65 36.18 32.59
MIG [36] 22.20 52.57 62.76 25.78 8.47 67.42 0.66 8.85 28.71 57.28
TCA [35] 25.13 30.84 62.92 40.00 413 67.78 8.07 23.80 29.89 22.34
SAE [37] 20.57 62.41 62.65 23.54 7.59 64.62 0.22 34.52 30.62 55.38
SPG [22] 31.32 36.66 62.79 29.10 6.08 62.66 0.31 15.00 30.10 35.00
PISLM [25] 29.10 49.80 70.90 41.40 7.20 45.50 0.20 35.40 36.80 60.80
SGPLM [12] 39.10 64.60 64.40 26.90 6.30 62.30 0.90 12.20 26.30 55.30
Ours 42.19 65.01 66.15 25.74 6.70 60.15 1.29 13.48 25.31 57.81
Method Groul}d Harbor Overpass Ship Stadium Storage  Tennis Tra.i n Vehicle Windmill mAP
Track Field Tank Court Station
Fast R-CNN [1] 62.93 46.18 38.03 3213 70.98 35.04 58.27 3791 19.20 38.10 49.98
Faster R-CNN [9] 67.00 43.86 46.87 58.48 52.37 42.35 79.52 48.02 34.77 65.44 55.49
WSDDN [2] 42.53 4.66 1.06 0.70 63.03 3.95 6.06 0.51 4.55 1.14 13.27
OICR [11] 57.39 10.66 11.06 9.09 59.29 7.10 0.68 0.14 9.09 0.41 16.50
PCL [13] 56.36 16.76 11.05 9.09 57.62 9.09 247 0.12 4.55 4.5 18.19
MELM [15] 41.05 26.12 0.43 9.09 8.28 15.02 20.57 9.81 0.04 0.53 18.65
MIST [24] 49.48 5.36 12.24 29.43 35.53 25.36 0.81 4.59 2222 0.80 22.18
DCL [16] 56.45 5.05 2.65 9.09 63.65 9.09 10.36 0.02 7.27 0.79 20.19
PCIR [19] 58.51 8.60 21.63 12.09 64.28 9.09 13.62 0.30 9.09 7.52 24.92
MIG [36] 47.73 23.77 0.77 6.42 54.13 13.15 4.12 14.76 0.23 243 25.11
TCA [35] 53.85 24.84 11.06 9.09 46.40 13.74 30.98 147 9.09 1.00 25.82
SAE [37] 52.70 17.57 6.85 9.09 51.59 15.43 1.69 14.44 141 9.16 27.10
SPG [22] 48.02 27.11 12.00 10.02 60.04 15.10 21.00 9.92 3.15 0.06 25.77
PISLM [25] 48.50 14.00 25.10 18.50 48.90 11.70 11.90 3.50 11.30 1.70 28.60
SGPLM [12] 60.60 9.40 23.10 13.40 57.40 17.70 1.50 14.00 11.50 3.50 28.50

Ours 61.42 10.41 20.40 14.14 58.62 18.91 2.16 13.61 10.02 4.69 28.91
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As shown in Table 5, the table lists different methods (columns) and the corresponding
CorLoc for various object categories (rows) in the DIOR dataset. The CorLoc of each
model is provided in the last column of Table 5, which represents the mean CorLoc across
all categories for each model. Notably, our model achieves a CorLoc of 53.92% on the
challenging DIOR dataset. Furthermore, our model’s CorLoc surpasses the following
models by significant margins: WSDDN by 21.48%, OICR by 19.15%, MIST by 10.32%, DCL
by 11.72%, PCIR by 7.80%, MIG by 7.12%, TCA by 5.51%, SAE by 4.50%, SPG by 5.62%,
PISLM by a narrow margin of 0.72%, and SGPLM by 0.72%.

Table 5. Comparisons with popular models on the DIOR dataset in terms of CorLoc (%)

Method Airplane  Airport B;ii:’:ll Ba(sjl:)e:ﬂall Bridge Chimney Dam ;Eexrlzlriizs[v\v:e}; E‘zﬁrgizgjr}: Golf Field
WSDDN [2] 572 59.88 94.24 55.94 4.92 23.40 1.03 6.79 44.52 12.75
OICR [11] 15.98 51.45 94.77 55.79 2.63 23.89 0.00 4.82 56.68 2242
MIST [24] 91.60 53.20 93.50 66.30 10.80 30.70 1.50 14.03 35.20 47.50
DCL [16] - - - - - - - - - -
PCIR [19] 93.10 45.60 95.50 68.30 3.60 92.10 0.20 5.40 58.40 47.50
MIG [36] 76.98 46.86 95.39 63.61 23.00 95.07 0.21 16.96 57.88 50.77
TCA [35] 81.58 51.33 96.17 73.45 5.03 94.69 15.89 32.79 45.95 48.56
SAE [37] 91.20 69.37 95.48 67.52 18.88 97.78 0.21 70.54 54.32 51.43
SPG [22] 80.48 32.04 98.68 65.00 15.20 96.08 22.52 16.99 46.08 50.96
PISLM [25] 85.50 68.90 96.80 75.80 11.60 94.70 0.80 67.50 60.50 46.50
SGPLM [12] 92.20 58.30 97.80 74.20 16.20 95.20 0.30 51.30 56.20 52.30
Ours 994.14 59.34 98.12 70.46 17.59 94.61 4.80 52.19 54.27 53.47
Method Tr(gzl‘:l;ril:ll d Harbor Overpass Ship Stadium Sflf; I:Ee %3:: szetlilt?n Vehicle Windmill CorLoc
WSDDN [2] 89.90 5.45 10.00 22.96 98.54 79.61 15.06 3.45 11.56 3.22 32.44
OICR [11] 91.41 18.18 18.70 31.80 98.28 81.29 7.45 1.22 15.83 1.98 34.77
MIST [24] 87.10 38.60 23.40 50.70 80.50 89.20 22.40 11.50 22.20 2.40 43.60
DCL [16] - - - - - - - - - - 42.20
PCIR [19] 88.60 15.80 5.20 39.50 98.10 85.60 13.40 56.50 9.70 0.60 46.10
MIG [36] 89.39 42.12 19.78 37.94 97.93 80.65 13.77 10.34 10.50 6.94 46.80
TCA [35] 85.26 3891 20.17 30.63 84.59 91.46 56.28 3.79 10.45 1.25 48.41
SAE [37] 88.28 48.03 2.28 33.56 14.11 83.35 65.59 19.88 16.41 2.85 49.42
SPG [22] 89.18 49.45 22.00 35.16 98.61 90.04 32.56 12.73 9.98 2.34 48.30
PISLM [25] 75.20 50.50 28.30 39.70 92.60 77.00 55.10 10.10 20.90 5.60 53.20
SGPLM [12] 91.70 48.60 23.00 32.70 98.80 89.30 43.50 19.50 18.30 4.00 53.20
Ours 93.04 49.71 22.04 34.81 99.01 90.42 44.13 18.31 17.52 10.51 53.92

In addition, our model significantly reduces the disparity with respect to the FSOD
models on the NWPU VHR-10.v2 and DIOR datasets. Notably, our model’s performance
in specific classes, e.g., airplane, ground track field, and baseball field, approaches that of
the two classical FSOD models.

Furthermore, to validate the generalization capability of our method, we also con-
ducted experiments on the PASCAL VOC 2007 dataset. Specifically, our model achieved
the mAP of 57.25% on the PASCAL VOC 2007 dataset, surpassing the benchmark model
OICR by 16.05%. Additionally, our model’s CorLoc reached 71.56%, outperforming OICR
by 10.96%.

4.2.5. Subjective Evaluation

Figures 7 and 8 give the visualization of some detection results of our model on the
NWPU VHR-10.v2 and DIOR datasets, respectively. Obviously, our method intuitively
demonstrates excellent performance on the 24 test images.
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basketball court|

cLu

Figure 7. Visualization of some detection results of our model on the NWPU VHR-10.v2 dataset.
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In summary, the better performance of our method mainly contributes to two aspects.
Firstly, the HQIM module removes the misclassified neighboring instances; thus, the quality
of positive instances is improved. Secondly, the WRA strategy re-assigns a high loss weight
to the instances that broadly cover the whole object, thereby urging our model to detect the
whole object.

4.2.6. Evaluation of Computational Cost

As shown in Table 6, in order to evaluate the computational cost, our method was
compared with two classical WSOD models (WSDDN and OICR) and five advanced WSOD
models with available source codes (PCL, MELM, MIST, PISLM, and SPGLM) on the NWPU
VHR-10.v2 dataset in terms of training time, frames per second (FPS), giga floating point
operations (GFLOPs), and mAP.

Table 6. Comparisons with popular models on the NWPU VHR-10.V2 dataset in terms of mAP and
computation cost.

Method Training Time (H) Inference Speed (fps) = GFLOPS (G) mAP (%)

WSDDN [2] 2.89 4.99 287.61 35.12
OICR [11] 3.25 4.15 286.23 34.52
PCL [13] 4.85 471 287.14 39.41
MELM [15] 5.12 4.79 290.34 42.29
MIST [24] 6.50 4.01 290.43 51.52
PISLM [25] 9.83 3.58 296.43 63.80
SGPLM [12] 10.50 4.21 334.26 65.20
Ours 4.12 493 289.93 66.24

The proposed method exhibits a marginally longer training time and slightly higher
GFLOPs compared with OICR. However, it significantly outperforms OICR in terms of mAP.
Particularly, in practical application, the trained model is deployed within a workstation
to infer the test image. Obviously, during the inference stage, our method attains an
impressive 4.93 fps while maintaining a high mAP of 66.24%. In summary, these results
underscore better overall efficiency of our method among the four evaluated approaches.

5. Conclusions

The primary contributions of this paper include two significant parts. On the one
hand, the HQIM module is proposed to handle the problem of misclassification of neigh-
boring instances. During the label propagating process, the labels of neighboring instances
are assigned solely based on spatial distances. The HQIM module further refines the
selected neighboring instances by utilizing feature similarities between them and their
corresponding seed instances to remove some misclassified neighboring instances. On the
other hand, the WRA strategy is proposed to handle the problem that the instance covering
the discriminative part of object is assigned the highest loss weight. The loss weights of
instances typically guide the model’s attention; thus, WSOD models pay more attention to
the instances that cover the discriminative part of an object rather than those that cover
the whole object. The WRA strategy switches the loss weights between instances focused
on the discriminative part of the object and instances that cover the whole object, encour-
aging the WSOD model to pay more attention to the whole object. The ablation studies
demonstrate the efficacy of the HQIM module, the WRA strategy, and their combination.
The quantitative comparisons with popular WSOD models show that our method achieves
the mAP (CorLoc) of 66.24% (76.89%) on the NWPU VHR-10.v2 dataset, outperforming
the benchmark model OICR by 31.72% (36.88%), further illustrating the superiority of
our model.
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The localization accuracy of our method currently depends on the proposals produced
by the conventional SS algorithm, which has inherent limitations. Hence, the next step in
refining our method involves improving the localization precision by adopting advanced
segmentation techniques.
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