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Abstract— Remote sensing image classification task is challeng-
ing due to the characteristics of complex composition, so different
geographic elements in the same image will interfere with
each other, resulting in misclassification. To solve this problem,
we propose a multibranch ensemble network to enhance the
feature representation ability by fusing final output logits and
intermediate feature maps. However, simply adding branches
will increase the complexity of models and decline the inference
efficiency. To reduce the complexity of multibranch network,
we make multibranch share more weights and add feature
augmentation modules to compensate for the lack of diversity
caused by weight sharing. To improve the efficiency of inference,
we embed self-distillation (SD) method to transfer knowledge
from ensemble network to main branch. Through optimizing
with SD, the main branch will have close performance as an
ensemble network. In this way, we can cut other branches during
inference. In addition, we simplify the process of SD and totally
adopt two loss functions to self-distill the logits and feature
maps. In this article, we design a compact multibranch ensemble
network, which can be trained in an end-to-end manner. Then,
we insert an SD method on output logits and feature maps. Our
proposed architecture (ESD-MBENet) performs strongly on clas-
sification accuracy with compact design. Extensive experiments
are applied on three benchmark remote sensing datasets, AID,
NWPU-RESISC45, and UC-Merced with three classic baseline
models, VGG16, ResNet50, and DenseNet121. Results prove that
ESD-MBENet can achieve better accuracy than previous state-
of-the-art complex deep learning models. Moreover, abundant
visualization analyses make our method more convincing and
interpretable.

Index Terms— Multibranch ensemble network, network prun-
ing, remote sensing scene classification, self-distillation (SD).

I. INTRODUCTION

REMOTE sensing scene classification is a recent popular
task in practical application. It reveals the geographical

characteristics, such as land utilization and vegetation cover-
age [1]. With the progress of RS scene classification, research
on local land planning, tree planting, and afforestation can
be realized more intelligent. In recent years, with the rapid
development of deep learning technology [2], [3], methods
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for improving the remote sensing scene classification accuracy
have been continuously proposed.

In remote sensing scene classification task, remote sensing
images always have complex composition, large resolution,
and large geographic coverage area. Therefore, the major
problem is the interference from different characteristics of
different geographical elements. It leads to misclassification.
To solve this problem, previous works focus on fusing mul-
tilevel features to enhance the model’s ability to represent
complex structural information. The multilevel method cannot
provide the diversity of feature augmentation. In this article,
we integrate the ensemble learning method into CNN modules
to construct a multibranch ensemble network. Toward different
geographical elements in remote sensing images, we use more
branches to provide sufficient representation. Each branch is
added a feature augmentation module, and the whole network
can provide the feature augmentation diversity. Through fusing
the final logits of different branches, we combine all per-
spectives together and obtain a more convincing prediction.
As shown in Fig. 1, we use the main branch and subbranch
to construct our ensemble network.

Although the ensemble network is quite effective in deal-
ing with the above-mentioned problem, the large memory
and computation cost of multibranch structure cannot be
ignored. Especially on embedded devices or mobile devices,
multibranch models are cumbersome and hard to deploy.
To construct a lighter yet high-efficient multibranch network,
we explore the weight-sharing potential of multibranch net-
works. Sharing more weights will lead to the lack of diversity,
and therefore, we add feature augmentation modules to multi-
branch networks. Then, we embed the self-distillation (SD)
method in a multibranch ensemble network. The overview of
ESD-MBENet is shown in Fig. 1.

To intuitively lighten the multibranch structure, we design
one subbranch in ESD-MBENet-v1. Then, we split two
branches and connect blocks in a zigzag manner. Designing
like this, we can generate a multibranch network with only
two branches. As shown in Fig. 1(a), we split the main
branch into three blocks and subbranch into two blocks. The
images are first fed into the first block of main branch (“main-
block1”). The output feature maps then pass through “sub-
block1∼sub-block2” and “main-block2.” The output feature
maps of “main-block2” will then pass through “sub-block2”
and “main-block3.” Finally, we obtain three output logits
from three paths. If we set more split points, we can get
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Fig. 1. Overview of ESD-MBENet structure. “SD” denotes self-distillation.
(a) ESD-MBENet-v1. (b) ESD-MBENet-v2.

more diverse output logits. Besides ESD-MBENet-v1, we also
design ESD-MBENet-v2 as in Fig. 1(b) to form the multi-
branch ensemble network because if we set first split point
in deeper layer, the number of branches of ESD-MBENet-
v1 will be reduced. In this way, the expression of multiper-
spective will be reduced and the classification accuracy will
be affected. ESD-MBENet-v2 can flexibly construct multiple
branches without being affected by the backward movement
of split points. Essentially, we construct weight-sharing blocks
in ESD-MBENet and maximally explore the representation
ability of them.

Even though we use weight-sharing blocks to simplify
multibranch network, ensemble network is also cumbersome
during inference. To cast off subbranch during inference,
we introduce an SD method. SD is carried out through the
mutual learning method in [4]. It uses multiple loss functions
to optimize the network, and it takes more time to adjust
the weights of multiple loss functions. We make improve-
ments to the optimization process. We totally use two loss
functions when distilling the logits and feature maps. The
weights adjustment of the loss functions is more convenient
and concise. When the main branch can show comparable
performance as the ensemble network, we can prune the
subbranch and only adopt the main branch during inference.
In ESD-MBENet, we embed the SD method into the ensemble
network. Specifically, the final ensemble logits that are fused
together by logits of every branch will be served as soft label
to distill knowledge to the main branch. In intermediate feature
maps, the ensemble feature map is used to guide the feature
map of main branch. After optimizing with SD method, the
main branch has close performance as an ensemble network.
Therefore, we can prune subbranch and only use the main
branch as an inference model.

Compared with previous single-branch networks [5]–[7],
the inference speed of our proposed model does not become
slower. Compared with previous multibranch networks [8]–
[11], our proposed ESD-MBENet achieves better performance
with more compact structure by enhancing the capability of
main branch to learn more and better knowledge. Exten-
sive experiments using VGG16 [12], ResNet50 [13], and
DenseNet121 [14] as baseline models on remote sensing
benchmark datasets (AID [15], NWPU-RESISC45 [16], and
UC-Merced [17]) prove the effectiveness of our proposed
ESD-MBENet. Classification results on ESD-MBENet surpass
previous deep learning methods and reach the state-of-the-
art level. To show the generalization of our model, we also
conduct experiments on Million-AID.1 The result is also
encouraging. Our main contributions can be summarized as
follows.

1) We propose a more compact yet efficient multibranch
ensemble network, explore the weight-sharing potential
of multibranch networks, and add the feature augmen-
tation modules to compensate for the lack of diversity
to overcome the interference of different geographical
elements in remote sensing images.

2) We insert the SD method in the ensemble network to
distill knowledge to the main branch, which can further
simplify the inference network and reduce parameters.

3) The design of the knowledge distillation process is more
concise. We totally adopt two loss functions to complete
the knowledge distillation. It reduces the complexity of
the distillation process.

The rest of this article is organized as follows. Section II
briefly depicts the related works. Section III introduces the
method of our proposed in detail. Section IV describes
the experiment process, results, and visualization effects.
Section V draws the conclusions.

II. RELATED WORKS

A. Remote Sensing Image Classification

With the development of artificial intelligence, remote sens-
ing scene classification methods have transitioned from hand-
crafted feature extraction to deep learning feature extraction.

Handcrafted feature extraction is first applied in remote
sensing image classification task. Typical handcrafted feature
extraction methods are SIFT [18]–[20], HOG [20]–[23], and
so on. Low-level information of remote sensing images can
be extracted by these methods. Stehling et al. [24], dos
Santos et al. [25], and Penatti et al. [26] proposed the
border-interior pixel classification (BIC), which can calculate
the border and interior pixels color histograms. Later, principal
component analysis (PCA), K-means clustering, bag-of-visual-
words (BoVW) [17], [27]–[29], and sparse encoding [30] are
proposed to extract mid-level information of the images for
remote sensing scene classification.

Due to the appearance of backpropagation neural net-
work, deep learning has developed quickly. Simonyan and
Zisserman [12], He et al. [13], Huang et al. [14], and

1https://rs.sensetime.com/competition/index.html
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Fig. 2. Overall framework of the ESD-MBENet-v1. The subbranch and the main branch use the same structure. Compared with the main branch, the
subbranch adds a feature augmentation module, such as SE or CAM or dropout to diversify the network outputs. We use SD on the final output logits and
intermediate feature maps. In addition, hard labels are also used to optimize the network. To reduce the complexity of the model, only the main branch is
used for inference.

Krizhevsky et al. [3] achieved amazing improvement in the
image classification task. Based on these baseline mod-
els, RS image classification technologies have improved
rapidly [31]–[33]. Zou et al. [34] proposed a deep-learning-
based feature selection method to achieve feature abstraction
of the remote sensing images. Liu and Yang [35] classified
unlabeled remote sensing images, which improves the speed
and accuracy of classification compared to traditional machine
learning algorithms. Our proposed ESD-MBENet also uses the
deep learning method for remote sensing scene classification.

B. Multibranch Network

A multibranch network can obtain abundant information
from multiple perspectives of the input images, which helps
the network to have a more comprehensive representation
of the images and improves the generalization of the clas-
sifier. In a remote sensing scene classification task, many
researchers explore the potential of multibranch networks
by fusing features of different branches [8], [9], [36]. Tef-
fahi and Yao [37], Ji et al. [38], and Wang et al. [39]
achieved the feature fusion method by extracting multiple
spectral and spatial features and concatenating them, which
improves the accuracy of remote sensing image classifica-
tion. Tan et al. [8] used a multibranch lightweight network
to extract image features and built a graph model based on
the learned features. Liu et al. [9] adopted fine-grained and
coarse branches to obtain the features in images. Xi et al. [40]
proposed an ensemble deep kernel extreme learning machine
and utilized the strategies of decision fusion and weighted
output layer fusion for efficient hyperspectral image (HSI)
classification. Xi et al. [41] extracted the multistream features
using multidirection samples to achieve the HSI classification.

Our proposed ESD-MBENet uses fewer modules and more
weight-sharing blocks to build a multibranch network, which

can obtain multiview information from multibranch so that
the network can have more references when making final
decisions.

C. Knowledge Distillation and SD

Knowledge distillation is a concept proposed
by Hinton et al. [42]. The main purpose of knowledge
distillation and SD is model compression. Knowledge
distillation aims to guide simple and relatively poor
student network learning from a complex but superior teacher
network [43], [44]. The student network learns how the teacher
network learns to improve its distinguishing performance for
remote sensing image classification. SD mainly distills from
its own network, without the assistance of external networks
or models. The weighted combination of multiple teacher
networks is proposed to guide students to learn from it in [45].
A knowledge distillation framework is proposed in [46],
which makes the output of the student and teacher models
match. The discriminative modality distillation approach
is introduced in [47], the teacher is trained on multimodal
data, and then, the student model learns from the teacher
model to improve the performance of the remote sensing
image classifications. To address the problem of network
overfitting due to noisy data, a novel noisy label distillation
method (NLD) is proposed in [48].

Regarding the SD method, there is little research in the RS
image classification task. We propose an end-to-end compact
multibranch ensemble network ESD-MBENet that uses SD to
improve the main-branch performance.

III. PROPOSED NETWORK

A. Overview of ESD-MBENet

To overcome the interference of different geographic ele-
ments in remote sensing images, we propose two versions of
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Fig. 3. Framework of the ESD-MBENet-v2. When the split points keep moving backward in ESD-MBENet-v1, the number of branches decreases. In order
to maintain the diversity of the network, new branches are added as compensation. The process of training optimization and inference is the same as that of
ESD-MBENet-v1.

Fig. 4. Structure of (a) SE and (b) CAM module.

ESD-MBENet. Fig. 2 shows the structure of ESD-MBENet-
v1. For the purpose of using fewer modules and constructing
a multibranch network, we set multiple split points in the
network. First, we design a network of two branches, the main
branch and the subbranch. The main branch and the subbranch
use the same backbone. To resist the loss of multibranch
diversity caused by weight sharing, feature augmentation
modules, such as SE or CAM or dropout, are added to the
subbranch. If the subbranch shares the first “conv” with the
main branch, we can set split points in the main branch
“layer1” and “layer2” and then send the main-branch feature
maps to the subbranch network in the position of the split
points. Of course, the main branch and the subbranch can also
share “layer1,” and the corresponding split points will move
backward. In the training phase, multibranch output results
can be obtained after fusing the output logits. To simplify the
model complexity, we only use the main branch for inference.

As the split points move backward, more and more weights
are shared by the network, and the number of branches
reduces. It will cause the lack of network diversity and the
deterioration of network performance. To solve the problem,
we propose ESD-MBENet-v2. The network framework is
shown in Fig. 3. The same structure is used in four branches,
and SE, CAM, and dropout modules are added to each sub-
branch. There is no weight-sharing blocks in each subbranch.
ESD-MBENet-v2 is not limited by the number of branches.
At the corresponding split point, we can add multiple branches
at will. Taking the number of parameters, model complexity,
and performance improvement into account, we choose four
branches in experiments. Similar to ESD-MBENet-v1, multi-
ple branches are used for training, and the main branch is used
for inference.

In short, ESD-MBENet-v1 uses fewer modules to construct
multibranch structures, and ESD-MBENet-v2 can construct
multibranch networks more flexibly. Both ESD-MBENet-v1
and ESD-MBENet-v2 consider using as few modules as
possible to build multiple branches, that is, sharing as many
weights as possible. Through experimental verification, the
two versions of ESD-MBENet we proposed both have better
remote sensing image classification performance than the
previous deep learning methods.

B. Feature Augmentation Modules

The diversity of multibranch networks is very important
for feature fusion. In ESD-MBENet, if the subbranch and
main branch are exactly the same, it may lack diversity for
image feature extraction, and it is impossible to describe image
features from multiple perspectives. Compared with tasks such
as image segmentation, image classification does not require
so much attention between pixels. Therefore, we consider the
enhancement of the attention between feature map channels.
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We use SE and CAM modules proposed in SENet [49] and
DANet [50] to add attention to the feature maps.

The structure of SE and CAM modules is shown in Fig. 4.
The idea of SE is to take the obtained feature maps and
pass them through the global average pooling layer, two fully
connected layers, and the sigmoid function as (1) and then
multiply it with the original input feature maps. The scale
factor is 4, that is, we set “r” equal to 4 in Fig. 4(a). In this
way, the global information of the images can be integrated
into the feature maps, which improves the sensitivity of the
network to the channel and makes the feature maps containing
richer information

S(x) = 1

1 + e−x
. (1)

The CAM module emphasizes the interdependent channel
mappings by integrating the relevant features between all
channel mappings. After the input feature maps are reshaped,
transposed, and multiplied, the matrix of C × C is obtained,
which is the channel attention map. Then, multiply the matrix,
which should pass through the softmax layer with the input
feature maps after reshaping. Finally, reshape the feature maps
and add the feature maps with the original input feature
maps. In this way, the attention mechanism is added to the
feature maps. The specific process of SE and CAM module is
consistent with [49] and [50].

In addition, for remote sensing image classification, one
image corresponds to one category, but not all pixel values in
the image can provide useful information for the classification
results, and even some pixels may interfere with the judgment
for the image. Therefore, we design to use the dropout module,
and the probability of a random drop is 0.2. This helps a lot
to improve the network generalization performance.

These three modules are all independent modules, which
can be embedded anywhere in the network without affecting
other structure of the network and have strong flexibility.

C. Multibranch Ensemble

To solve the interference between different geographic ele-
ments in remote sensing images, we propose ESD-MBENet.
ESD-MBENet-v1 constructs multiple branches from two
branches (main branch and subbranch) networks by setting
different split points and then fuses the features in multiple
branches. To ensure the feature diversity using the weight-
sharing multibranch, the subbranch adds the feature augmen-
tation module in front of each layer, such as SE or CAM
or dropout. Assume that the main branch and the subbranch
share the first “conv,” we can build four branches as in Fig. 2.
The construction of multibranch is as follows. The first branch
is the main branch, and the second branch is the subbranch.
The third branch is the feature maps obtained after “layer1”
of the main branch passes through the rest of the subbranch,
and the fourth branch is the feature maps after “layer2” of the
main branch passes through the rest of the subbranch. Suppose
that the main branch is divided into “conv,” “main-layer1,”
“main-layer2,” “main-layer3,” and “main-layer4,” mathemati-
cally expressed as f0, f1, f2, f3, and f4, and the subbranch
is divided into “sub-layer1,” “sub-layer2,” “sub-layer3,” and

Algorithm 1 ESD-MBENet-v1 Multibranch Algorithm
Input: A batch of images x. Define main-branch blocks

function as a list [ f0, f1, . . . , fm ], the sub-branch blocks
function as a list [g1, g2, . . . , gm], the number of blocks
in main-branch m, the split points after the corresponding
layer as a list sp = [0, 1, 2, . . . , n], n ≤ m−1, main-branch
fully connected layer function the fc, k th sub-branch fully
connected layer function fck , the number of all branches
N .

Output: the output logits list [v0, v1, . . . , vN ]
1: v0 = fc fm fm−1, . . . , f0(x)
2: if i is the first split point and i ∈ sp then
3: for k = i to n do
4: vk = fck gm gm−1, . . . , gk+1 fk fk−1, . . . , fi fi−1, . . . ,

f1 f0(x)
5: end for
6: end if

“sub-layer4,” mathematically expressed as g1, g2, g3, and g4.
The four branches b1, b2, b3, and b4 divided by ESD-MBENet-
v1 are b1 = f4 f3 f2 f1 f0(x), b2 = g4g3g2g1 f0(x), b3 =
g4g3g2 f1 f0(x), and b4 = g4g3 f2 f1 f0(x), in which x is a
batch of images. The ESD-MBENet-v1 ensemble multibranch
algorithm is shown in Algorithm 1.

When the split points of the ESD-MBENet-v1 gradually
move backward, the weight-sharing blocks of multibranch
continue to increase, and the number of branches that can be
divided decreases, which is very unfriendly to the extraction
of image features. Therefore, we propose ESD-MBENet-v2.
Compared with ESD-MBENet-v1, ESD-MBENet-v2 can add
branches flexibly and will not be affected by the movement of
split points. Suppose that the split point of ESD-MBENet-v2
is set to “layer2,” and we can build four branches, as shown
in Fig. 3. To ensure the diversity of multibranch output
features, although the same structure is used in four branches,
each subbranch adds a different feature augmentation module.
The main branch does not add any additional module, and
the subbranch1 adds SE, sub-branch2 adds CAM, and sub-
branch3 adds dropout. Assume that the main branch is divided
into “conv,” “main-layer1,” “main-layer2,” “main-layer3,” and
“main-layer4,” mathematically expressed as f0, f1, f2, f3, and
f4. The subbranches are denoted as l1, l2, and l3. The four
branches b1, b2, b3, and b4 divided by ESD-MBENet-v2 are
b1 = f4 f3 f2 f1 f0(x), b2 = l0 f2 f1 f0(x), b3 = l1 f2 f1 f0(x),
and b4 = l2 f2 f1 f0(x), in which x is a batch of images. The
ESD-MBENet-v2 ensemble multibranch algorithm is shown
in Algorithm 2.

D. Self-Distillation

Using a compact multibranch ensemble network, the accu-
racy of ESD-MBENet for remote sensing image classification
can be significantly improved. To shorten the time of inference
and simplify the complexity of ESD-MBENet, we use SD for
ESD-MBENet to improve the inference performance of the
main branch. Thus, we can prune all the subbranches and only
use the main branch for inference.
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TABLE I

DETAILED STRUCTURE OF BASELINE MODELS [12]–[14]. THE LAYER NAME CORRESPONDS TO THE LAYERS IN FIGS. 2 AND 3. WE APPLY VGG16,
RESNET50, AND DENSENET121 AS BASELINE MODELS FOR REMOTE SENSING SCENE CLASSIFICATION. FOR VGG16, FC LAYER CHANNELS

NUMBER IS MODIFIED TO 512

TABLE II

COMPARISON OF CLASSIFICATION RESULTS (%) ON AID, NWPU-RESISC45, AND UC-MERCED. “TR” DENOTES THE TRAINING RATE

In ESD-MBENet, the SD includes the final output logits
distillation and feature maps distillation. With respect to the
output logits distillation, we can get the ensemble output logits
from the multiple branches as (2) and then let them pass
through the softmax function as (3), which can be as the
teacher. The output logits of the main branch can be as the
student. The Kullback–Leibler (KL) loss is used to optimize
it. The SD output logits algorithm is shown in Algorithm 3

vt = 1

N
∗

N∑

k=1

vk (2)

p(ŷ = yi |x) = ev i
t

∑M
j=1 ev

j
t

(3)

where vk is the logits of the kth branch, N is the number
of all branches, M is the number of all classes, and vt =
{v0

t , v
1
t , . . . , v

M
t }.

With respect to the feature maps distillation, the output
feature maps (C × H × W ) of the multiple branches after
“layer4” are added along the channel direction to obtain new
feature maps (H × W ) as follows:

gH∗W
k =

C∑

c=1

f H∗W
kc

, k = 1, 2, . . . , N (4)

where f H∗W
kc

is the kth branch feature map in the cth channel,
C is the total number of channels, and gH∗W

k is the kth branch
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Algorithm 2 ESD-MBENet-v2 Multibranch Algorithm
Input: A batch of input images x. Define main-branch blocks

function as a list [ f0, f1, . . . , fm], blocks number in main-
branch m, split points after the corresponding layer as a
list sp = [0, 1, . . . , n], n ≤ m − 1, the main-branch fully
connected layer fc, the k th sub-branch fully connected layer
fck , the function of the k th sub-branch lk , the total branches
number N .

Output: the output logits list [v0, v1, . . . , vN ]
1: v0 = fc fm fm−1, . . . , f1 f0(x)
2: if i is the split point and i ∈ sp then
3: for k = 1 to N − 1 do
4: vk = fck lk fi fi−1, . . . , f1 f0(x)
5: end for
6: end if

Algorithm 3 SD Output Logits Algorithm

Input: The total number of branches N , the k th branch output
logits vk , main-branch output logits vs .

Output: the self-distillation loss L K L
em between ensemble out-

put logits and main-branch output logits
1: Compute the vt using Eq. 2 and Eq. 3
2: Compute the L K L

em , pe = vt , pm = vs using Eq. 13

new feature map

gH∗W
k =

⎡
⎢⎣

gk,11 . . . gk,1W
...

. . .
...

gk,H 1 . . . gk,H W

⎤
⎥⎦ (5)

xa = 1

H ∗ W
∗

H�
i=1

W�
j=1

gk,i j (6)

xs =
	

1

H ∗ W
∗

�H

i=1

�W

j=1
(gk,i j − xa)2 (7)

Fk,i j = (gk,i j − xa)/xs (8)

FH∗W
k =

⎡
⎢⎣

Fk,11 . . . Fk,1W
...

. . .
...

Fk,H 1 . . . Fk,H W

⎤
⎥⎦. (9)

Then, normalize each of the feature maps (H × W ). The
normalization process is each pixel value gk,i j on the feature
map subtracts the mean value xa and then divides the standard
deviation xs as (6)–(8). Then, we can obtain normalized feature
maps FH∗W

k , k = 1, 2, . . . , N . We average these feature maps
to obtain a teacher feature map FH∗W

e as (10). The student is
the main-branch feature map after normalization FH∗W

m . The
distribution of the feature maps directly affects the output
logits. If the main-branch feature map (student) can learn
the equivalent knowledge to the multibranch ensemble feature
map (teacher), the overall performance of the main branch
will be improved. The mean square error (MSE) loss is
used to optimize it. Compared with the feature map mutual
learning mechanism proposed by previous researchers, we pro-
pose a simple feature map learning mechanism, as shown

in Algorithm 4

FH∗W
e = 1

N
∗

N∑

k=1

FH∗W
k . (10)

E. Backward Propagation of ESD-MBENet

The ESD-MBENet is optimized by reducing the total loss
objective function as (11). We use a cross-entropy loss as (12),
KL divergence loss as (13), and MSE loss as (14) to make
ESD-MBENet converge quickly

L total =
N�

k=1

(αk ∗ Lcek ) + β ∗ LKL
em + λ ∗ LMSE

em (11)

Lcek = −
M�

j=1

(yk j ∗ log(pkj)) (12)

LKL
em = LKL( pe|| pm) = − 1

M
∗

M∑

i=1

p(xei )log
p(xmi )

p(xei )

= H ( pe, pm) − H ( pe) (13)

LMSE
em = 1

T
∗

T∑

t=1

LMSE



Fe(xt )�Fm(xt )
)

= 1

T
∗

T∑

t=1

H∑

i=1

W∑

j=1



( fe(xt ))i j − ( fm(xt ))i j

)2
(14)

where Lcek represents the cross-entropy loss function, and
the cross-entropy loss is obtained from each branch. LKL

em
represents the KL loss between ensemble output logits pe and
the main-branch output logits pm and LMSE

em is the MSE loss
between the ensemble feature map Fe(x) and the main-branch
feature map Fm(x). α, β, and λ are the weight coefficients of
each loss function. The ESD-MBENet network uses only two
loss functions in the distillation process of output logits and
feature maps, regardless of the number of subbranches. This
greatly simplifies the process of tuning and optimization.

IV. EXPERIMENTS

A. Datasets

We use three remote sensing datasets (AID, NWPU-
RESISC45, and UC-Merced) to verify the effectiveness of
ESD-MBENet. The AID dataset has 10 000 remote sens-
ing images, including 30 categories, and the image size
is 600 × 600. There are 220–420 images per category.
The NWPU-RESISC45 dataset has 31 500 images, includ-
ing 45 categories, each category has 700 images, and the
image size is 256 × 256. The UC-Merced dataset has only
2100 images, including 21 categories. The image size is
256 × 256, and each category has 100 images. In addition,
to verify the generalization of ESD-MBENet, we also select
the Million-AID dataset to show the superiority of our method.

B. Implementation Details

We select three backbones (VGG16, ResNet50, and
DenseNet121) on remote sensing datasets (AID, NWPU-
RESISC45, and UC-Merced) to experiment. The detailed
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Algorithm 4 SD Feature Maps Algorithm

Input: Feature maps from the k th branch f C∗H∗W
k . Define the

k th branch the cth channel feature map f H∗W
kc

, the total
branches number N , the value in row i and column j
of the new feature map gk,i j , after normalization the k th

branch feature map FH∗W
k , the main-branch feature map

after normalization FH∗W
m .

Output: the self-distillation loss LMSE
em between ensemble fea-

ture map and main-branch feature map
1: Compute the new feature map of the k th branch using Eq. 4.
2: Compute the average value of the k th branch new feature

map using Eq. 6.
3: Compute the standard deviation value of the k th branch new

feature map using Eq. 7.
4: Compute the feature map of the k th branch after normal-

ization using Eq. 8 and Eq. 9.
5: Compute the ensemble feature map of the all branches after

normalization using Eq. 10.
6: Compute the LMSE

em , Fe(x) = FH∗W
e , Fm(x) = FH∗W

m
using Eq. 14.

structure of the backbone is shown in Table I. Since most pre-
vious notable methods use VGG16 as the backbone, we also
select the VGG16 network. ResNet50 [13] has superior perfor-
mance than VGG16 and is widely used. Therefore, we select
ResNet50 as one of our backbones. For deeper networks,
we select DenseNet121 following the setting of previous
state-of-the-art methods of KFBNet [51]. The optimizer used
in the experiment is the stochastic gradient descent (SGD)
with momentum that is set to 0.9. The image is resized to
256 × 256 during the training of the AID dataset. The models
are trained for 100 epochs in each experiment on the AID
dataset, and the learning rate drops ten times at epochs 40,
70, and 90. The training images of the NWPU-RESISC45 and
UC-Merced are resized to 224 × 224. The models are trained
for 120 epochs in each experiment on the NWPU-RESISC45
dataset, and the learning rate drops ten times at epochs 70,
90, and 110. ImageNet pretrained parameters are loaded in
each layer when training. The code is implemented using the
Pytorch framework. The equipment used in the experiment is
NVIDIA GTX 1080ti.

C. Results

The experimental results are shown in Table II. We compare
the ESD-MBENet with the previous proposed excellent algo-
rithm when using the same backbones and the same datasets.
To reduce the experimental error, we did each experiment
five times and reported the results as the mean and standard
deviation of the five experiments.

1) Classification Results on the AID Dataset: The setting of
ESD-MBENet in the AID dataset is the same as the previous
methods; 20% or 50% of the data are randomly selected as the
training set and the rest data are as the test set. If the backbone
is VGG16, the results of ESD-MBENet-v1 and ESD-MBENet-
v2 are 94.10% and 94.12% on 20% training data. It is very
close to the state-of-the-art results (94.27%). On 50% training

TABLE III

RESULTS OF ESD-MBENET-V1/V2 ON THE MILLION-AID DATASET.“TR”
DENOTES THE TRAINING RATE

TABLE IV

COMPARED THE FLOPS, PARAMETERS, AND FPS OF OUR PROPOSED
MODEL WITH THE BASELINE METHOD DURING TRAINING AND

INFERENCE

data, the results are 97.15% and 97.3%. When using ResNet50
as the backbone and 20% and 50% training set, ESD-MBENet-
v1 can reach 96.0% and 98.54%, and ESD-MBENet-v2 can
reach 95.81% and 98.66%. When DenseNet121 is selected
as the backbone, ESD-MBENet-v1 can achieve the accuracy
of 96.2% and 98.85%, and ESD-MBENet-v2 can achieve the
accuracy of 96.39% and 98.4%. Compared with KFBNet,
we did not introduce additional elements to the network in
inference, that is, only the main branch is used for inference,
but the results surpass about 1% in DenseNet121.

2) Classification Results on the NWPU-RESISC45 Dataset:
In the experiment, we randomly select 10% or 20% of the data
for training and the rest data for test. If VGG16 is the back-
bone, 10% and 20% data for training, the accuracy of the ESD-
MBENet-v1 is 90.29% and 93.48%, and the accuracy of the
ESD-MBENet-v2 is 90.25% and 93.42%. If ResNet50 is the
backbone of the ESD-MBENet, we can achieve the accuracy
of 92.5% and 95.58% in ESD-MBENet-v1 and the accuracy
of 93.03% and 95.24% in ESD-MBENet-v2. ESD-MBENet-v1
can reach 93.24% and 95.5% and ESD-MBENet-v2 can reach
93.05% and 95.36% in DenseNet121. In most cases, ESD-
MBENet exceeds the state-of-the-art results. In a few cases,
it is very close to them.

3) Classification Results on the UC-Merced Dataset:
The accuracy of the proposed methods previously in the
UC-Merced dataset has reached the limit. The results of
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Fig. 5. ESD-MBENet-v1 confusion matrix of DenseNet121 on the 20% AID training data.

ESD-MBENet are the same. During the experiment, even if
VGG16 is used as the backbone, the accuracy can reach 100%
sometimes. There are a total of 420 test images. This result
means that at most one image can be predicted incorrectly or
all predictions are accurate in each experiment. The average
accuracy can reach 99.81% or 99.86%.

4) Classification Results on the Million-AID Dataset: We
randomly select 10% or 20% data for training, and the rest
data for test. As shown in Table III, ESD-MBENet-v1 and
ESD-MBENet-v2 show the well generalization on this dataset
whatever the backbone is. The accuracy of our proposed
method is higher than that of the baseline model.

5) Computation Complexity and Inference Time Results: As
shown in Table IV, during training, to improve the accuracy,
the computation of the proposed model is more complex
than the baseline model. During inference, we only use the
main branch that is the same as the baseline model, so the
computation complexity and frames per second (FPS) are the
same as the baseline model.

D. Confusion Matrix

In the remote sensing image scene classification, a confusion
matrix is used as an evaluation criterion to judge the effect of
the proposed algorithm. The confusion matrix can be used
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Fig. 6. ESD-MBENet-v1 confusion matrix of ResNet50 on the 20% NWPU-RESISC45 training data.

to represent the difference between the predicted label and
the true label. The confusion matrix is very intuitive and
clear, which is very useful for data analysis. In this article,
a confusion matrix is used to check the effectiveness of ESD-
MBENet. Fig. 5 shows the confusion matrix of 20% AID
training data in the DenseNet121 network. It can be seen
that ESD-MBENet-v1 has less than a 4% prediction error
rate for almost all classes, and the prediction accuracy rate
of some classes even reaches 99% and 100%. Fig. 6 shows
the confusion matrix made by ESD-MBENet-v1(ResNet50)
prediction results on the 20% NWPU-RESISC45 training
dataset. The prediction error rate is less than 5% for almost
all classes.

E. Ablation Study

To more effectively verify the effects of multibranch ensem-
ble and SD of ESD-MBENet and the robustness of the network
to add different feature augmentation modules to subbranch,
we did the following ablation experiments.

1) Comparison Between ESD-MBENet and Baseline: To
solve the interference from different characteristics of differ-
ent geographical elements in remote sensing images, ESD-
MBENet has introduced the method of multibranch ensem-
ble network in the training process, allowing the network
to explore image information from multiple perspectives.
We introduce SD on the output logits and feature maps to
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TABLE V

COMPARISON OF EXPERIMENTAL RESULTS BETWEEN BASELINE NET-
WORK AND ESD-MBENET ON THE AID AND NWPU-RESISC45

DATASETS. “V1-OD” AND “V2-OD” DENOTE ESD-MBENET

ONLY SELF-DISTILL THE OUTPUT LOGITS. “V1/V2” DENOTES

ESD-MBENET-V1/V2

Fig. 7. Training curves of AID on ResNet50. The accuracy changes of the
training process of baseline, and ESD-MBENet-v1 and ESD-MBENet-v2 are
compared on the 20% and 50% AID training datasets, respectively. “AID20%”
means that we select 20% data for training.

reduce the complexity of the model, and there is no difference
in inference speed compared with the baseline network.

We use VGG16, ResNet50, and DenseNet121 as the back-
bones and do the following comparative experiments on the
AID and NWPU-RESISC45 datasets. It can be seen from
Table V that ESD-MBENet-v1 and ESD-MBENet-v2 both
have more than 1% improvement compared with the baseline

network. This can also verify that ESD-MBENet has indeed
learned more image information through multibranch feature
ensemble and SD, which is helpful for remote sensing image
classification.

2) SD in ESD-MBENet Feature Maps: Distillation technol-
ogy is essentially a process in which a student network learns
and imitates a teacher network to achieve student knowledge
enhancement. In this experiment, we use the ESD-MBENet
itself as the teacher, so it can be called SD. We mainly
use SD in output logits and intermediate feature maps. For
students’ learning, if the teacher directly tells the students
the standard answer every time, let the students explore the
learning process by themselves, in most cases, the students
will learn very well. However, if the teacher also provides
guidance and advice in the learning process, this may be more
helpful to the students’ learning. Therefore, we propose to
use SD in feature maps. In order to effectively compare the
effectiveness of the idea, we also did comparative experiments
on the AID and NWPU-RESISC45 datasets on the VGG16,
ResNet50, and DenseNet121 networks. As shown in Table V,
students who not only self-distill the output logits but also
self-distill the feature maps learn better than only self-distill
the output logits.

3) Comparison of Multibranch Ensemble Output and Main-
Branch Output: When students learn well, the teacher may
also be inspired in distillation, although sometimes the
inspiration is small. Therefore, we compare the multibranch
ensemble output with the main-branch output, as well as the
parameters and FLOPs in inference. As shown in Table VI,
it can be seen that the ensemble output does indeed perform
well than the main-branch output, but it consumes more
parameters and FLOPs in inference. This is not friendly for
practical applications. Therefore, we choose the main branch
for inference.

4) Comparison of ESD-MBENet-v1 Subbranch Using Dif-
ferent Feature Augmentation Modules: To verify that ESD-
MBENet-v1 is still effective even when the subbranch uses
different feature augmentation modules, in the experiment,
we mainly add the SE or CAM or dropout module in the
subbranch. The experimental results are shown in Table VII.
The multibranch network we constructed is robust to the
addition of different feature augmentation modules.

F. Visualization and Analysis

1) Training Curves: To compare the convergence of
ESD-MBENet with the baseline network more intuitively,
we plot the curves of the experimental results. As shown in
Fig. 7, we use ResNet50 to train 20% or 50% data of the AID
dataset. It can be seen from the curves that the overall perfor-
mance of the ESD-MBENet is better than the baseline. Also,
the difference between the results of ESD-MBENet-v1 and
ESD-MBENet-v2 is very small. We set a total of 100 epochs.
The accuracy of baseline and ESD-MBENet networks is
gradually flattening out around epoch 50. Compared with
baseline posttraining, ESD-MBENet has less fluctuation and
is more stable.
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Fig. 8. T-SNE of the DenseNet121, ESD-MBENet-v1, and ESD-MBENet-v2. There are more interclass differences in ESD-MBENet-v1 and ESD-MBENet-v2
compared with the baseline network. Different colors indicate different categories, and the same categories are gathered into a small pile. The larger the distance
between the small piles, the larger the gap in different classes, and the better the classification effect. (a) Baseline. (b) ESD-MBENet-v1. (c) ESD-MBENet-v2.

Fig. 9. Grad-CAM comparison of ResNet50 network and ESD-MBENet on the 20% AID training dataset. We randomly select four images from the AID
dataset as representatives and show the focus of different parts of the baseline and ESD-MBENet, such as “layer1,” “layer2,” and “layer3” during the remote
sensing image classification. The warmer the color, the higher the degree of attention. (a) Church. (b) Stadium. (c) Resort. (d) Commercial.

2) T-SNE: T-SNE technology can map data in
high-dimensional space to low-dimensional space. We can
clearly see the difference between different algorithms.
Therefore, we use T-SNE to show a 2-D mapping
representation of the final output results. As shown in
Fig. 8, we compare the baseline, ESD-MBENet-v1, and ESD-
MBENet-v2 networks, in which backbone is DenseNet121.
ESD-MBENet can obtain larger interclass differences for
remote sensing image classification. The more similar the
category, the larger the gap between the categories is needed
to achieve better classification, and the network will not
be confused due to the large gap. Therefore, ESD-MBENet
achieves a better classification effect than baseline.

3) Grad CAM: Grad-CAM is a popular visualization
method, which can make it easier for us to understand how
convolutional neural networks learn for a given task, such
as image classification or image segmentation. We also visu-
alized the Grad-CAM experimental effect of ESD-MBENet.
Also, compared with the baseline network, in the experiment,
the baseline, ESD-MBENet-v1, and ESD-MBENet-v2 models
trained on the ResNet50 network using the 20% AID dataset
are used to draw Grad-CAM on four randomly selected
images. To compare the learning effect of the network at
different stages, we have shown the Grad-CAM of the different
depths of the network, such as “layer1,” “layer2,” and “layer3,”
which can also represent the learning focus of the network in
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TABLE VI

COMPARED THE MULTIBRANCH ENSEMBLE OUTPUT WITH
MAIN-BRANCH OUTPUT ON 20% TRAINING DATA OF THE

NWPU-RESISC45 IN INFERENCE, WHICH IS USED

DENSENET121 AS THE BACKBONE. “ESD-MBENET-V1-E”
AND “ESD-MBENET-V2-E” DENOTE THE MULTIBRANCH

ENSEMBLE OUTPUT OF THE ESD-MBENET

TABLE VII

COMPARISON RESULTS OF ESD-MBENET-V1 SUBBRANCH USING DIF-
FERENT FEATURE AUGMENTATION MODULES WITH RESNET50 AS

THE BACKBONE. “ESD-MBENET-V1-SE” MEANS THAT THE
MODULE ADDED TO THE SUBBRANCH IS SE. THE TR OF THE

AID AND NWPU-RESISC45 IS 20%

the shallow stage and the deep stage. It can be seen from
Fig. 9 that the ESD-MBENet network pays more attention
to the objects to be classified at “layer2” than the baseline
network. At “layer3,” the focus of the ESD-MBENet is more
than that of the baseline, which means that ESD-MBENet can
extract more information of the images and then transfer it
to the deeper network. This is more conducive to network
learning.

V. CONCLUSION

In this article, we design ESD-MBENet-v1 and ESD-
MBENet-v2 to construct a compact multibranch ensemble
network to solve the interference from different character-
istics of different geographical elements in remote sensing
images. ESD-MBENet-v1 uses as few modules as possible
to build as many branches as possible, but as the split points
move backward, the number of branches decreases. There-
fore, we propose ESD-MBENet-v2, which can build multi-
ple branches flexibly. ESD-MBENet-v2 achieves the greatest
possible weight sharing. Due to the multibranch construction,
although the network performance has been greatly improved,
in the inference stage, the model is too complex to reduce the
inference efficiency and speed. Thus, we propose SD, distilling
logits, and intermediate feature maps, to make the main-branch
network reach the performance of the whole network. In this
way, only the main branch is used for inference. Through
experimental verification, our proposed ESD-MBENet net-
work achieves better classification results than previous state-
of-the-art deep learning networks on remote sensing datasets.
Meanwhile, it is easy to transfer our methods to pixel-wise
classification and multispectral images task. For pixel-wise
classification, we can design a multibranch encoder–decoder

network or modify the output according to our proposed
method. For a multispectral images task, we can use different
branches to extract the spectral and spatial features and fuse
them.
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