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A Confounder-Free Fusion Network for Aerial Image
Scene Feature Representation

Wei Xiong, Zhenyu Xiong , and Yaqi Cui

Abstract—The increasing number and complex content of aerial
images have made some recent methods based on deep learn-
ing not fit well with different aerial image processing tasks. The
coarse-grained feature representation proposed by these methods
is not discriminative enough. Besides, the confounding factors in
the datasets and long-tailed distribution of the training data will
lead to biased and spurious associations among the objects of aerial
images. This study proposes a confounder-free fusion network
(CFF-NET) to address the challenges. Global and local feature
extraction branches are designed to capture comprehensive and
fine-grained deep features from the whole image. Specifically, to
extract the discriminative local feature and explore the contextual
information across different regions, the models based on gated
recurrent units are constructed to extract features of the image
region and output the important weight of each region. Further-
more, the confounder-free object feature extraction branch is pro-
posed to generate reasonable visual attention and provide more
multigrained image information. It also eliminates the spurious and
biased visual relationships of the image on the object level. Finally,
the output of the three branches is combined to obtain the fusion
feature representation. Extensive experiments are conducted on the
three popular aerial image processing tasks: 1) image classification,
2) image retrieval, and 3) image captioning. It is found that the pro-
posed CFF-NET achieves reasonable and state-of-the-art results,
including high-level tasks such as aerial image captioning.

Index Terms—Aerial image processing, causal inference, feature
representation, visual attention.

I. INTRODUCTION

W ITH the advancement of satellite imaging techniques,
both the volume and quality of aerial images have

grown to an unprecedented level. Conventional image process-
ing frameworks, which are based on handcrafted features, have
exposed their deficiencies in image processing speed and accu-
racy [1], [2]. Due to the increasing quantity and complexity of
aerial image data, an efficient method is urgently required.

Recently, several research studies, which are based on deep
learning, have made huge leaps in the field of computer vision
[3]–[5]. Many methods have successfully been applied to the
aerial image processing fields. However, the variant scale of
objects and “view of God” are still making the aerial images
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different from the natural scene images. Besides, some aerial
images with similar labels still share different semantic infor-
mation, whereas other images belonging to different categories
are similar in visual content. Such intraclass dispersion and
interclass similarity make the features that are directly extracted
with convolutional neural networks (CNNs) from the whole
aerial images not discriminative enough to handle different
tasks. To tackle this challenge, some research based on attention
mechanism [4], region feature extraction algorithm [5], and
multiscale CNNs framework [6] have been proposed to improve
the discriminative ability of the model by focusing on silent
regions of the whole images.

Although these methods can improve the performance in dif-
ferent aerial image processing tasks, they only extract the region
feature and discard the global semantic information. Besides,
many dense objects and contents contained in the aerial images
are very ambiguous in the real-world application. Moreover, the
high resolution and wide range of aerial images are often related
to multiple semantic object labels, it is hard to describe the region
of interest with single image label information.

To this end, several multilabel aerial image datasets and
their corresponding model [7]–[11] are proposed for a better
understanding of the image. For instance, a graph-theoretic
method is proposed in [7] to first retrieve multilabel aerial
images in a semisupervised way. Hua et al. [9] newly construct
a multilabel aerial image database (AID) dataset and propose an
attention-aware label relational reasoning network to alleviate
the label dependencies. Furthermore, a graph relation network
with scalable neighbor discriminative loss is designed in [12] to
learn a discriminative metric space for both the aerial image
classification and retrieval tasks. Some aerial image caption
frameworks [13]–[18] are also recently investigated to provide
an in-depth description of the image content with flexible and
precise sentences. For instance, Huang et al. [16] fuse the
multiscale features to improve the feature representation of
the model. A new attention mechanism is designed in [17]
to effectively extract the scene information. To alleviate the
overfitting problem during training of the image caption model,
Li et al. [18] replace the conventional cross-entropy loss with
the proposed truncation cross-entropy loss.

However, most of the existing methods are proposed by
extracting the coarse-grained or single-grained features. Some
intricate but discriminative objects with different scales can
easily be ignored. More importantly, despite the discrimination
power of the model, explainability is also a crucial ability. These
deep learning methods just train the models to match and fit
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Fig. 1. (a) Two images with runway object labels from the MLRSNet dataset.
(b)–(d) Number of images for each object in the UCM multilabel dataset, AID
multilabel dataset, and MLRSNet dataset.

the training datasets without a reasonable explanation for the
final decision results. The confounding factors in the datasets
and long-tailed distribution of the training data will lead to
biased and spurious associations among the objects of aerial
images. Specifically, due to the wide imaging range of aerial
images, foreground objects often co-occur with different rich
background semantic objects under certain contexts. As shown
in Fig. 1(a), the background information of two images with
runway label vary a lot, such as farmland in Fig. 1(a) (1) and bare-
land in Fig. 1(a) (2). This context of aerial images is a confounder
that will cause the model to make a wrong association between
the input image and the predicted label. Moreover, the number
of images for each object is listed in the UC Merced (UCM)
multilabel dataset in Fig. 1(b); it is evident that the number of
some objects such as pavement is significantly higher than that
of any other objects. Furthermore, the long-tailed distribution
also exists in other aerial image datasets [see Fig. 1(c)–(d)]. If
the unbalanced data are directly utilized to train the model, the
decision made by the learned model is biased and unreasonable
and, hence, does not reflect the real causality.

In this study, a confounder-free fusion network (CFF-NET)
is proposed to tackle the described problems. It mainly consists
of three feature extraction branches: 1) global feature, 2) local
feature, and 3) confounder-free object feature. For the global
feature branch, based on the high-level features from the last
convolutional layer of the CNNs, GAP is applied to compute
the average value of each channel and, thus, extract the general
features from images. For the local feature branch, the focus
is put on extracting discriminative fine-grained image features.
The high-level feature maps are divided into several patches
from spatial dimensions and fed into a gated recurrent unit
(GRU)-based network to generate the important weights of
image regions. Attribute to the memory function of the GRU, the
context information of different key regions can be captured by
multiplying feature maps by importance weights. Furthermore,
the confounder-free object feature extraction branch is proposed
to understand aerial images from different levels and perspec-
tives. Due to the spurious and biased associations between

different objects in the aerial images, this study introduces a
causal intervention model that is based on conventional likeli-
hood to eliminate the confounding bias to explore the intrinsic
relationships of different objects. Furthermore, it also pursues
true causality from the input image and prediction outcome.
After extraction, the outputs of each branch are concatenated to
obtain the fusion features, which can help the network to capture
the multi-grained information of the images. Overall, the main
contributions of this study can be summarized as follows.

1) To improve the discriminative of the feature representa-
tion, a local feature extraction model is proposed based on
GRU, which can help the network to extract fine-grained
image features and capture context information of image
regions.

2) To provide multigrained information in the process of
feature representation, object-level image features are ex-
tracted in the proposed branch. Moreover, the true causal-
ity is explored in this branch to help the network in extract-
ing semantically meaningful image features and find the
intrinsic relationship of different objects in image scenes.
To the best of our knowledge, this is the first work that
constructs a model based on the causal inference for the
aerial image processing tasks and successfully addresses
the problems of furious and biased correlations between
different objects.

3) The CFF-NET is applied to the three popular aerial im-
age processing tasks: 1) image classification, 2) image
retrieval, and 3) image captioning. Results of the ex-
periments show the effectiveness of CFF-NET and its
significant improvements over the existing state-of-the-art
methods in each task, including high-level image process-
ing tasks, such as aerial image captioning.

The rest of this article is organized as follows: Section II
reviews existing literature related to aerial image processing
tasks, feature representation for aerial images, and causal infer-
ence. Section III presents the details of the proposed CFF-NET.
Section IV describes the experimental results and analyses of the
three different aerial image processing tasks. Finally, Section V
presents the conclusions drawn from this work.

II. RELATED WORK

A. Aerial Image Processing Tasks

Aerial image classification: The aerial image classification is
a general image processing task in the aerial community. It is
simply defined as labeling an aerial image with a semantic cate-
gory according to the image content. With the fast development
of deep learning, most existing studies [19]–[23] have shown
great success. These methods are all the single-label image clas-
sification. Considering the rich semantic information of aerial
images in the real world, multilabel aerial image classification is
essential for deep image understanding. In [24], the radial basis
function neural network is introduced to assign unmanned aerial
vehicle (UAV) images with specific multilabels. Hua et al. [25]
utilize an attention model and bidirectional network to elimi-
nate the class dependence and capture discriminative multiclass
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Fig. 2. Framework of our proposed CFF-NET.

features of the aerial images. In [9], the label relationships are
exploited to effectively classify the multilabel aerial images.

Aerial image retrieval: The goal of aerial image retrieval is to
search for aerial images of relevant information content from a
large archive with a certain query image. Similar to aerial image
classification, multilabel image retrieval [26]–[28] can provide
more complete and valuable information about image scenes
than single-label image retrieval [29]–[33]. However, the aerial
image retrieval task is somehow different from the aerial image
classification in that the learned feature in the metric space tends
to be separable enough rather than just discriminative. In [7],
Chaudhuri et al. construct the first multilabel aerial image dataset
based on the UC-Merced dataset and propose a graph-theoretic
framework to retrieve images in a semisupervised way. Sumbul
et al. [26] incorporate both local information and multilabel
relationships to retrieve aerial images’ effectiveness. Kang et al.
[12] propose a graph relation network to preserve semantic
relations of complex aerial image scenes. It shows promising
results both on the aerial image retrieval and classification tasks.

Aerial image captioning: Aerial image captioning aims to
accurately describe the image by generating concise and flexible
sentences. Recently, many aerial image captioning methods
[34]–[38] have been proposed for a better understanding of
image content. They are aided by three public datasets, UCM-
captions dataset [39], Sydney-captions dataset [39], and RSICD
[40]. Most of these methods are based on the classical encoder–
decoder framework. A sound active attention framework is pro-
posed in [34] to generate image descriptions with the guidance
of sound. Furthermore, based on the existing five sentences in
datasets, a topic word strategy is proposed in [35] to describe
image with a memory network. In addition, a visual aligning
attention model is proposed in [17] to provide accurate image
captioning by focusing on regions of interest. An explainable

word-sentence architecture is designed in [37] to open the black
box of the encoder–decoder framework and describe the image
in a human understanding way. Structured characteristics of the
images have been explored in [38] to solve the problems in
the field of aerial image captioning and describe the images
in a fine-grained manner by generating pixelwise segmentation
masks.

B. Feature Representation for Aerial Image

Feature representation is a key step in the process of aerial im-
age processing. The conventional feature representation meth-
ods are based on low-level visual features [41], [42], which
are not discriminative enough to represent complex image con-
tent. Recently, many learning-based methods [43]–[46] have
achieved great success by representing high-level visual fea-
tures of images. For instance, Xiong et al. [4] utilize the at-
tention mechanism and multitask learning strategy to improve
the discriminant capabilities of the model. In [43], Lin et al.
combine both label correlation information and semantic visual
information to represent meaningful information about aerial
images. A region-based network [44] is proposed to represent
image features with segmentation maps. This performs well by
focusing on fine-grained information. To preserve the scene-
level similarity relationships of images, attention mechanism
and skip-layer connection strategy are combined to produce
discriminative features for object-level aerial images annotation
[45]. Huang et al. [46] fuse the multiscale features from different
layers and, hence, introduce an attention model to increase the
discriminative ability of feature representation. However, it is
evident that these methods fail to extract the features with differ-
ent grained levels. Besides, the spurious vision relationships be-
tween different classes are also not eliminated. These problems
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will largely hinder the effectiveness of feature representation for
different image processing tasks under the complex aerial image
scenes.

C. Causal Inference

Interpretability has always been a major problem in the de-
velopment of deep learning. There is an urgent need to open
the “black box” of neural networks and wish that the model
makes a decision in a human logical manner. Causal inference
is a powerful tool to design robust and explainable models. It has
been widely used in the fields of medical science [47], economics
[48], and social science [49]. However, these methods are pro-
posed for the analysis of statistical models with few variables,
which cannot be successfully applied in the field of computer
vision. In the book of why [50], Pearl and Mackenzie mention
that the existing learning-based models make a prediction by
calculating the correlation and statistical distribution of the
training datasets. It is reported that the model cannot perform
well when the distribution of the testing dataset differs from
the training dataset. However, most of the human knowledge
exists in the form of cause and effect, which depend less on
the observed data. To make the model imitate in this way, some
recent works have successfully applied causal inference to the
field of computer vision, including zero-shot learning [51], scene
graph generation [52], visual dialog [53], incremental learning
[54], image captioning [55], semantic segmentation [56], and
visual question answering [57]. Inspired by these works, we use
the causal intervention:P (Y |do(X)) to replace the conventional
likelihood and P (Y |X) to eliminate the spurious associations
as well as explore the intrinsic relationships between objects in
aerial images.

III. PROPOSED METHOD

A. Overview of the Method

As shown in Fig. 2, in the step of the input image, the
high-level image features are extracted by the deep CNNs and
the classical convolutional backbone VGG16 [58] is taken as an
example. The input images are resized into 224×224 before
feeding into the network. After a series of convolution and
pooling operations, the high-level feature maps FH with a size
of 14×14×512 are obtained from the last convolutional layer.

Based on the high-level feature maps, three feature extraction
branches are proposed in the next steps, to extract the features of
the images in various grained, including global feature extrac-
tion, local feature extraction, and confounder-free object feature
extraction. The three branches are detailed in Sections III-B–III-
D, respectively.

To generate the final fusion feature, the three features (global,
local, and confounder-free object features) are combined by
the concatenation operation in the step of feature fusion. Two
FC layers are then used to project the fusion feature into a
one-dimensional vector. Finally, the binary cross-entropy loss
is adopted as the loss function to train the network.

Fig. 3. Framework of local feature extraction branch.

B. Global Feature Extraction

The global feature extraction branch is proposed to produce
the feature representation from the whole image to capture the
comprehensive and coarse-grained information of the images.
Specifically, the output of the last layer of the convolutional
backbone is used as the input of the global branch. Each channel
of feature maps can be considered as a type of high-level feature.
The GAP is utilized to obtain the average value of each channel
and the output of the pooling layer is viewed as a global feature
Fg ∈ R512 of the images.

C. Local Feature Extraction

In the execution of this step of CFF-NET, the local feature
extraction branch is designed to capture the context and fine-
grained information of the images. The feature maps of the last
layer of the convolutional backbone are again adopted for the
local branch. As shown in Fig. 3, the feature maps are arranged
from left to right and from top to bottom (scanning patterns of
the human eye) in a sequential manner to obtain the high-level
regional feature set Fr = {f1, f2, . . . , f196}, f ∈ R512. Then,
Fr is fed into the GRUs [59] to learn the context and important
region of the image. The weights of regional features are mod-
ified after training the GRUs. Given the inputs ft and ht−1, the
updates of GRU are as follows:

zt = σ (Wfzft +Whzht−1 + bz) (1)

rt = σ (Wfrft +Whrht−1 + br) (2)

nt = tanh (Wfgft + rt ∗Whght−1 + bg) (3)

ht = (1− zt) ∗ nt + zt ∗ ht−1 (4)

where zt denotes the update gate, rt denotes the reset gate,
σ denotes the sigmoid function, ∗ denotes the elementwise
multiplication. To further adjust the importance weight of dif-
ferent image regions, the output sequence, which can be de-
noted as, H = {h1, h2, . . . , h196}, h ∈ R512, is fed into the two
fully connected (FC) layers to generate the attention weights
Q = {q1, q2, . . . , q196} of the regional feature. Of note, the first
FC layer is the weight-sharing layer with the ReLU function,
whereas the second FC layer has 196 units with the softmax
function. After outputting the attention weights, the revised
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Fig. 4. (a) Constructed causal graph. (b) Causal graph after causal intervention
with do-calculus.

high-level regional feature set F ′
r = {f ′

1, f
′
2, . . . , f

′
196}, f ′ ∈

R512 is calculated by the elementwise multiplication and the
local feature Fl can be obtained by summing the elements in the
feature set F ′

r

Fl=

196∑
i=1

f ′
i=

196∑
i=1

(qi × fi). (5)

D. Confounder-Free Object Feature Extraction

Causal intervention model: As shown in Fig. 4, a causal graph
[50] is constructed to present the cause and effect between two
nodes. Each node and arrow represents the variable and direct
causal effects, respectively. By training a large training dataset,
the conventional learning-based model generates the specific
feature representation R of the input images X and output
predicted labels Y [see Fig. 4(a)] in the field of computer vision.
But semantic relationships among different objects [60] in the
aerial image scene lead to the confounders c ∈ C, which largely
distort the common relationship between X and Y resulting in
erroneous conclusions by learning the P (Y |X). The traditional
Bayes rule can be implemented in

P (Y |X ) =
∑
c

P (Y |X, c )P (c |X ). (6)

In this branch, to remove the effects of confounders C on
the prediction labels Y and explore the true causality from X
to Y , the causal intervention model is formulated to cut off the
causal link from C to X [see Fig. 4(b)]. We apply the causal
intervention with do-calculus based on the Bayes rule

P (Y |do (X) ) =
∑
c

P (Y |do (X) , c )P (c |do (X) ). (7)

Considering that c and X are independent of each other after
the do-calculus operation: P (c|do(X))=P (c). So, the equation
(7) can be implemented as

P (Y |do (X) ) =
∑
c

P (Y |X, c )P (c). (8)

Taking the specific feature representation R and causal graph
into consideration, (8) can be further represented as

P (Y |do (X) ) =
∑
c

P (Y |X, c )P (c)

Fig. 5. Framework of confounder-free object feature extraction branch.

=
∑
c

P (Y |X, c,R )P (R |X, c )P (c)

=
∑
c

P (Y |X, c,R = g (X, c) )P (c)

=
∑
c

P (Y |X,R = g (X, c) )P (c). (9)

This can be viewed as an objective function of this branch
for optimization in the following step. The function g(·) will be
defined in later (13) and (14). To reduce computation complexity
and storage cost for all the classes in calculating equation (6),
normalized weighted geometric mean (NWGM) [61] is applied
to move the outer expectation into the feature level. The approx-
imate algorithm for expectation is presented as follows:

P (Y |do (X) )
NWGM≈ P

(
Y

∣∣∣∣∣X,R =
∑
c

g (X, c)P (c)

)
.

(10)
Based on the causal intervention model, the expectation–

maximum (EM) algorithm [62] is utilized to optimize the pa-
rameters in an iteration manner to generate the confounder-free
object-level features. E-step and M-step are for calculating the
expectation and optimizing the parameters in (10), respectively.
The process of iterative optimization is detailed in the following
steps.

Attention map generation: As shown in Fig. 5, the images
are only put into the network and set t = 0 in the first stage.
To generate the attention maps for each object, the multilabel
classification model is trained by minimizing the multilabel loss
[63]. The loss function is presented in

P (Y |do (X) ) =

I∑
i=1

yi ∗ log 1

1 + exp (−si)

+ (1− yi) ∗ log
(

exp (−si)

1 + exp (−si)

)
(11)

where yi ∈ {0, 1} is the image label, si = f(X,R)presents the
label prediction of the image xi. I denotes the number of images
in the dataset. R is the specific feature representation, which is
an empty set when t = 0 and can be updated in the following
iterative steps.
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Fig. 6. Examples from the UCM multilabel dataset, the object labels in each image are signed with red font.

Fig. 7. Examples from the AID multilabel dataset, the object labels in each image are signed with red font.

Fig. 8. Examples from the MLRSNet dataset, the object labels in each image are signed with red font.

Inspired by the attention maps generation methods [64]–[66],
Gradient-weighted Class Activation Mapping (Grad-CAM) [65]
is chosen to produce attention maps An=(an1 , a

n
2 , . . . , a

n
M ) for

every class n during the training step. M denotes the number of
images in class n. The implementation process is as follows:

anm= ReLU

(∑
k

wn
kfk

)
(12)

where anm presents the attention maps of mth images for class
n. wn

k represents the importance weights of the unit k for class
n and fk is the feature map activation in the last layer of the
convolutional backbone.

Specific feature representation generation: Since it is hard
to find all the confounders in the image scenes, it is partially
revealed by constructing a confounder set C=(c1, c2, . . . , cN )
based on the feature representation of each object. N denotes
the category size, whereas cn in C is the average value of
attention maps An within all the corresponding nth class in
the dataset. Additionally, we collect predicted feature maps
XF=(x1

F , x
2
F , . . . , x

I
F ) of every training image to help in gen-

erating a specific feature representation R. Based on (10), R can
be calculated using the following equations:

R =
N∑

n=1

αnc
nP (cn) (13)
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Fig. 9. Examples from the UCM-captions dataset, each image is described with five sentences.

TABLE I
CLASSIFICATION RESULTS OBTAINED BY DIFFERENT CONVOLUTIONAL BACKBONE WITH THREE PROPOSED BRANCHES

The performances are evaluated by four conventional evaluation metrics.

Fig. 10. Examples of class attention maps on three multilabel aerial image dataset.

αn = softmax

(
(W1XF ) (W2c

n)√
N

)
(14)

whereαn is the similarity coefficient betweenXF and cn.P (cn)
is set to 1

n . W1 and W2 are the two trainable parameters in the
model, which can map XF and cn to the common feature space.

With the specific feature representation R, the counter t
is bumped up by 1 and channelwise concatenation is ap-
plied to combine R with high-level feature map to obtain
[R,FH ], which is used for the next training iteration (t = 1).
The final confounder-free object feature Fo is output when
t = T .
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TABLE II
EXAMPLE PREDICTIONS ON THREE MULTILABEL AERIAL IMAGE DATASET OBTAINED WITH THREE PROPOSED BRANCHES

The false positives are marked in red, and the false negatives are marked in blue.

IV. EXPERIMENTS AND ANALYSIS

A. Dataset Description

To evaluate the performance of the CFF-NET, three chal-
lenging multilabel aerial datasets, UCM multilabel dataset [7],
AID multilabel dataset [9], and multilabel high spatial resolution
remote sensing dataset (MLRSNet) [11] are introduced for both
multilabel aerial image classification and retrieval tasks. Be-
sides, an aerial image caption dataset, the UCM-captions dataset
[39], is also utilized for the aerial image caption task.

1) The UCM multilabel dataset is the first wildly used dataset
for multilabel aerial image retrieval, which is reproduced

based on UC Merced Land-Use dataset [41]. The orig-
inal UC Merced Land-Use dataset specifically, consists
of 2100 aerial images and 21 scene classes, including
airplane, building, agricultural, tennis courts, dense res-
idential, forest, freeway, golf course, mobile home park,
parking lot, beach, harbor, intersection, chaparral, stor-
age tank, medium residential, overpass, sparse residential,
river, runway, and baseball diamond. Each of these land-
use categories contains 100 images of 256×256 pixels
and a 30-cm resolution. The UCM multilabel dataset is
relabeled with 17 object classes, including airplane, water,
sand, bare soil, building, ship, car, chaparral, court, tank,
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Fig. 11. Feature visualization of the learned features under three combinations of branches. (a) G. (b) G+L. (c) G+L+O.

grass, pavement, tree, mobile home, sea, dock, and field.
The aerial image samples from this multilabel dataset are
shown in Fig. 6.

2) The AID multilabel dataset is reconstructed from a large-
scale aerial scene classification dataset AID [67]. The
original AID dataset specifically consists of 10 000 aerial
images and 30 scene categories including airport, square,
baseball field, bridge, commercial, church, desert, forest,
farmland, industrial, meadow, center, bare land, park, port,
dense residential, playground, pond, viaduct, railway sta-
tion, beach, river, resort, school, parking, stadium, sparse
residential, storage tanks, medium residential, and moun-
tain. Each of them is collected from Google Earth imagery
with an image size of 600×600. However, it is noted that
the number of images in each category varies from 220 to
420 and the spatial resolution ranges from 0.5 to 8 m/pixel.
Furthermore, 3000 images from 30 scene categories are
selected and relabeled with 17 object classes to build the
AID multilabel dataset. It is observed that the multiple
object labels are similar to those in the UCM multilabel
dataset. Fig. 7 illustrates the aerial image samples from
this multilabel dataset.

3) MLRSNet is the large multilabel aerial image dataset with
the most sufficient semantic label information. The dataset
consists of 109 161 aerial images with a size of 256×256.
It is divided into 46 categories at the scene level including
airplane, airport, dense residential area, basketball court,
beach, bridge, commercial area, freeway, intersection,
farmland, forest, industrial area, lake, meadow, moun-
tain, island, harbor and port, railway, mobile home park,
swimming pool, overpass, park, ground track field, park-
ing lot, wind turbine, baseball diamond, railway station,
storage tank, vegetable greenhouse, transmission tower,
golf course, chaparral, cloud, desert, shipping yard, eroded
farmland, river, bareland, parkway, terrace, snowberg, ten-
nis court, roundabout, sparse residential area, wetland,
and stadium. Moreover, each image from MLRSNet is
categorized into one of the 60 object-level labels. The

TABLE III
COMPARISON OF F 1

s WITH STATE-OF-THE-ART METHODS

number of images in each category varies from 1500 to
3000 and the number of multiple labels corresponding to
each image ranges from 1 to 13. The spatial resolution
ranges from 10 to 0.1 m/pixel. Some aerial image samples
from this multilabel dataset are illustrated in Fig. 8.

4) The UCM-captions dataset is the first aerial image caption
dataset, which is constructed based on the UC Merced
Land-Use dataset. Each image from this dataset is de-
scribed with five different sentences and some image
samples with the associated sentences are displayed in
Fig. 9.

B. Experimental Setup

To validate the effectiveness of the proposed CFF-NET, three
different aerial image processing tasks (multilabel aerial image
classification, multilabel aerial image retrieval, and aerial image
captioning) are conducted. In this section, some experimental
setups are detailed for each task.

Multilabel aerial image classification: For the multilabel
datasets UCM and AID, we randomly select 80% of images
of each class for training while the remaining 20% are used for
testing. For the multilabel dataset MLRSNet, 40% of images per
class are selected for training our model, and the remaining 60%
for testing our model. Inspired by conventional settings [68], dif-
ferent existing metrics are adopted to evaluate the performance
of the CFF-NET on the multilabel aerial image classification
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TABLE IV
RETRIEVAL RESULTS OBTAINED BY DIFFERENT CONVOLUTIONAL BACKBONE

WITH THREE PROPOSED BRANCHES

The performances are evaluated by three conventional evaluation metrics.

TABLE V
MAP RESULTS OF COMPARISON WITH OTHER METHODS

task, including the average sample-basedF -scores (F 1
s andF 2

s ),
precision (Ps), and recall (Rs).

Multilabel aerial image retrieval: For the image retrieval
task, the splitting ratio of the multilabel datasets UCM, AID,
and MLRSNet are the same as the image classification task.
Three commonly used evaluation metrics [average normalized
modified retrieval rank (ANMRR), the mean average precision
(mAP), and the hamming loss (HL)] are employed to validate
the effectiveness of the CFF-NET.

Aerial image captioning: For the aerial image captioning
task, the popular encoder–decoder framework [69] is adopted
to generate sentences from the aerial images. The whole train-
ing process is divided into two stages, namely image repre-
sentation and sentence generation. Our proposed CFF-NET is
applied to obtain the fusion feature Ff in the first stage. Of
note, we only retain the feature fusion layer and discard the
FC layer as well as the loss function in the feature fusion
branch of CFF-NET. Long-short term memory networks [70]
are then adapted to generate accurate sentences from Ff in
the second stage. The negative log-likelihood function [71]
is utilized to optimize the parameters at the training stage
followed by the other encoder–decoder framework. For the
UCM-captions dataset, 80% of the images in UCM-captions
are taken as training samples, 10% for validation, and the rest
10% are used for testing our model. Several metrics are intro-
duced for aerial image caption tasks including BiLingual Eval-
uation Understudy (BLEU) [72], Recall-Oriented Understudy
for Gisting Evaluation (ROUGE_L) [73], Metric for Evalua-
tion of Translation with Explicit ORdering (METEOR) [74],
and Consensus-based Image Description Evaluation (CIDEr)
[75].

In the following experiments, three convolutional backbones
(pretrained on ImageNet [76]) are adopted to generate the
high-level feature from the input images, including VGG16
[58], Resnet38 [77], and Restnet50 [78]. The experiments are

conducted under the same experimental setups, which makes the
comparison fair. All the input images are resized to 224×224
pixels. Furthermore, the number of iterations in the confounder-
free object feature extraction branch is set to 3. The stochas-
tic gradient descent optimizer with minibatch is employed for
training the model with an initial learning rate set at 0.0005. The
batch size is set at 64. All experiments are implemented based on
PyTorch deep learning framework with Ubuntu16.04, 32GB of
RAM, 8 Intel(R) Core(TM) i7-6770K CPU, and NVIDIA GTX
1080Ti.

C. Multilabel Aerial Image Classification

1) Effectiveness of the CFF-NET: To verify the effectiveness
of the three different branches of the proposed CFF-NET on the
classification task, an ablation study is conducted on the three
benchmark datasets. Three branches in the CFF-NET are divided
into three combinations to show their performance.

1) G indicates that only the global feature extraction branch
is used in the network during the training stage.

2) G+L refers to the proposed CFF-NET without a
confounder-free object feature extraction branch.

3) G+L+O denotes that all the three branches are combined
to train the model.

The experimental results under four conventional metrics are
shown in Table I. It is easily observed that G+L+O achieved the
best performance with the same convolutional backbone on the
three datasets. The combination of global and local branches
(G+L) significantly improves the classification accuracies by
exploiting the discriminative fine-grained and context features
of the aerial images. This is specifically in comparison with only
the adoption of a global branch (G). G+L+O obtains higher
accuracies by extracting confounder-free multigrain features.
Furthermore, the average F 1

s and F 2
s scores can achieve above

90% on three datasets. Another important observation is that the
classification accuracies improve with the widening and deepen-
ing of the convolutional backbone. However, the improvement
is not apparent in the UCM multilabel dataset compared with
the results on the AID multilabel dataset and the MLRSNet.

Some predicted examples from the three datasets are dis-
played in Table II. It is evident that G+L outperforms the G.
Furthermore, some small and intricate objects can be classified
accurately by fusing the discriminative global and local features.
Notably, G+L+O can further improve the classification accu-
racy by combining three well-designed branches. In addition,
it can perform well even in some images with low resolu-
tions and complex label information, attributed to the extracted
confounder-free multigrained features.

To better show the explainability and reasonableness of the
CFF-NET, Grad-CAM [65] is also applied to three datasets to
visualize how the network is affecting the learning of the class-
specific features. The experimental results of class attention
maps are displayed in Fig. 10. Evidently, the decision making
of the proposed network can focus on the corresponding target
category accurately and integrally, even in the case of complex
background and low resolution. Meanwhile, the image regions
that are unrelated to label information are also less activated.
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TABLE VI
TIME COMPARISON WITH DIFFERENT METHODS

TABLE VII
IMAGE CAPTIONING RESULTS OBTAINED FROM DIFFERENT CONVOLUTIONAL BACKBONE WITH THREE PROPOSED BRANCHES

The performances are evaluated by three conventional evaluation metrics.

2) Comparisons With Other Methods: The performance of
the proposed CFF-NET is determined by comparing F 1

s with
various state-of-the-art methods on the three datasets that are
shown in Table III. Despite the fact that all the methods utilize the
learning-based deep features, the performance of the RNN-CNN
[79] is inferior compared to other methods. This is mainly be-
cause the RNN-CNN facilitates the multilabel image classifica-
tion task of natural scene images. The complex content of aerial
images limits the performance of this method. The classification
accuracy of RBFNN [24] is significantly improved compared
with the RNN-CNN. Although both the aerial images captured
by satellite and the UAV images have a similar visual angle, the
objects observed by satellite are more intricate. Discriminative
fine-grained features need to be extracted to further improve
the accuracy. The CA-BiLSTM [25] and AL-RN [9] protect the
class-specific information by designing the attention. However,
the spurious and biased relationships among the semantic objects
still limit their performance. The proposed CFF-NET yields the
best classification results among all the methods.

D. Multilabel Aerial Image Retrieval

1) Effectiveness of the CFF-NET: The ablation study results
of the image retrieval obtained by different combinations of
branches are shown in Table IV. It can be observed that the
retrieval results of G+L are largely improved compared with
the G, which is consistent with the classification results. This is
mainly because the intraclass distance of aerial images is often
larger than interclass distance in the feature space. Furthermore,

only extraction of global features is not sufficient to accurately
retrieve images with the same classes. The G+L can provide
more discriminative information by fusing the global and local
image features. G+L+O achieves the best results under all the
convolutional backbones on three datasets by providing rich
confounder-free multigrained information.

The two-dimensional feature representations are obtained
with three combinations of branches by employing the t-
distributed stochastic neighbor embedding (t-SNE) algorithm
[80] on the eight classes of the MLRSNet dataset (see Fig. 11).
This is to visualize the learned feature distribution in the metric
space so as to show the reasonableness and explainability of the
extracted feature through the proposed CFF-NET. The feature
distribution observed in Fig. 11(b) is more compact than that
in Fig. 11(a). The features with similar classes pull together
and the features with different classes push away by fusing the
discriminative global and local features. Moreover, the feature
distribution in Fig. 11(c) illustrates a more reasonable outcome
compared with the results of Fig. 11(a) and (b). Specifically,
it is observed that without a confounder-free object feature
extraction branch [see Fig. 11(b)], the feature distribution of
semantically related classes, such as forests and trees, leads to
a large separation in the metric space. In addition, the unrelated
feature classes get closer, such as forests, ships, and cars. How-
ever, in Fig. 11(c), the feature distributions of trees and ships via
the proposed CFF-NET are reasonably closer to the forest and
water, respectively.

2) Comparisons With Other Methods: To show the superi-
ority of the CFF-NET, the mAP results of comparison with
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Fig. 12. Some image captioning examples of the three combinations of branches on the UCM-captions dataset. The wrong words are marked in red, and the
missing words are shown in blue.

TABLE VIII
IMAGE CAPTIONING RESULTS OF COMPARISON WITH OTHER METHODS

other methods are shown in Table V. It is evident that the
performance of the IAH [81] and IDHN [82] is inferior in the
three datasets. This is because the methods are proposed for
processing the image in natural scenes. The aerial images are
quite different from the natural images, which exist in large
intraclass variations and small interclass differences. It is hard
to transfer their success to the aerial image retrieval task. The
proposed CFF-NET achieves the best retrieval results on both
AID and MLRSNET datasets and is equivalent to that of GRN
[12] on the UCM dataset.

For the image retrieval tasks, computational efficiency is also
an important measure. The computational complexity of the
proposed method can be analyzed by comparing the training and
testing time of our method with various baselines as shown in
Table VI. Considering that both IAH and IDHN have high re-
trieval speeds, which use hash codes to represent image features.
The increased performance brings the increased computational
costs. The proposed methods obtain the highest retrieval accu-
racy and control the retrieval time within an acceptable range.

E. Aerial Image Captioning

1) Effectiveness of the CFF-NET: For the aerial image cap-
tioning task, an ablation study is also conducted with sev-
eral evaluation metrics to analyze the importance of the three
branches (see Table VII). It is observed that the accuracy of the
ResNet is higher than that of the VGG. It is also evident that

the results of G+L+O with the ResNet38 and ResNet50 are
similar in all kinds of evaluation metrics. Furthermore, under
the same convolutional backbone, the results show that G+L+O
achieves the best results on all metrics and outperform the other
two models with a significant advantage.

Some image captioning examples of the three combinations
of branches on the UCM-captions dataset are shown in Fig. 12 to
intuitively display the effectiveness of the proposed CFF-NET.
The three sentences marked (a), (b), and (c) in each image
represent the G, G+L, and G+L+O, respectively. The wrong
words in the generated sentences are marked in red color,
whereas the missing words are shown in blue color. Notably, the
adoption of the global branch can only extract the coarse-grained
feature, which will neglect the tiny object information such as
cars. Besides, this branch does not utilize the semantic-related
information of the various objects. This leads to the generated
sentences failing to correctly describe the scene information
of the target. Moreover, G+L generates a complete and full
description by extracting the discriminative fine-grained feature
and also by capturing the context information from the whole
image. However, the long-tailed distribution caused by imbal-
anced frequency occurrences of some objects in the datasets
results in wrong descriptions. Furthermore, the high-frequency
co-occurrences of some objects such as buildings also lead to
the bias and furious associations among objects in the process
of image captioning. In comparison, G+L+O describes most of
the images accurately with the generated sentences. The learned
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multigrained features and confounder-free feature extraction
strategy eliminate the cognitive errors as well as describe the
image reasonably and in detail.

2) Comparisons With Other Methods: To verify the superi-
ority of the proposed CFF-NET on the aerial image caption-
ing task, the comparison experiments are also conducted with
some state-of-the-art methods. The experimental results are also
reported in Table VIII. Compared with all the state-of-the-art
methods, the proposed CFF-NET has the best performance in
terms of all evaluation metrics. It can also be observed that
CFF-NET has an obvious advantage in the most of entries.
Therefore, these results completely validate the effectiveness
of the proposed image processing strategy.

V. CONCLUSION

In this article, a novel CFF-NET is proposed for aerial image
feature representation. Considering the rich and complex content
of aerial images, a local feature extraction branch is proposed to
extract the discriminative fine-grained and context feature of the
image. The problems of long-tailed distribution of the dataset
and spurious correlation between objects in image scenes are
rarely explored in the field of aerial image processing. This is
one of the main reasons why the existing models lack being
explainable. To address this problem, the confounder-free object
feature extraction branch is proposed to extract semantically
meaningful features and find the reliable causality between the
input image as well as the predicted outcome by utilizing a causal
intervention strategy. To the best of our knowledge, this is the
first work that constructs a model based on the causal inference
for the aerial image processing tasks and successfully addresses
the problems of furious and biased correlations between differ-
ent objects. Extensive experiments are conducted under three
popular aerial image processing tasks. The proposed CFF-NET
has shown state-of-the-art results, including a high-level image
processing task such as aerial image captioning.
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