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Abstract— Convolutional neural networks (CNNs) have been
extensively studied for hyperspectral image classification (HSIC).
However, CNNs are critically attributed to a large number of
labeled training samples, which outlays high costs in terms
of time and resources. Moreover, CNNs are trained on some
samples and have been tested on the entire HSI. Perhaps, the
entire HSI is taken into account at test time to appropriately
generate the ground-truth maps. To obtain a higher accuracy
while considering the limited availability of training samples
and disjoint validation and test samples, this work proposes
a fast and compact 3-D CNN-based active learning (AL) for
HSIC that integrates both deep transfer learning and AL into
a unified framework. In the proposed methodology, a 3-D CNN
model is trained with very few training samples (i.e., 5%, only)
and in the next phase, the most informative and heterogeneous
samples are queried from the validation set (candidate set)
based on the fuzziness, mutual information, and breaking ties
of the trained model. The 3-D CNN model is later fine-tuned
(rather than retraining from scratch) with the new training
samples (i.e., 200 samples are selected in each iteration) to
reduce the computational cost. The proposed method has been
compared with the state-of-the-art traditional and deep models
proposed for HSIC. Experimental results proved the superiority
of our proposed method on several benchmark HSI datasets

Manuscript received 2 July 2022; revised 14 September 2022;
accepted 16 September 2022. Date of publication 26 September 2022; date of
current version 14 October 2022. This work was supported by the National
Natural Science Foundation of China under Grant 42271350 and Grant
62201553. (Corresponding author: Jing Yao.)

Muhammad Ahmad and Usman Ghous are with the Department of Com-
puter Science, National University of Computer and Emerging Sciences,
Islamabad, Chiniot-Faisalabad Campus, Chiniot 35400, Pakistan (e-mail:
mahmad00@gmail.com; usman.ghous@nu.edu.pk).

Danfeng Hong and Jing Yao are with the Key Laboratory of Com-
putational Optical Imaging Technology, Aerospace Information Research
Institute, Chinese Academy of Sciences, Beijing 100094, China (e-mail:
hongdf@aircas.ac.cn; yaojing@aircas.ac.cn).

Adil Mehmood Khan is with the Institute of Data Science and Artificial
Intelligence, Innopolis University, 420500 Innopolis, Russia, and also with
the Department of Computer Science, University of Hull, HU6 7RX Hull,
U.K. (e-mail: a.khan@innopolis.ru).

Shaohua Wang is with the International Research Center of Big Data
for Sustainable Development Goals, Beijing 100094, China, also with the
Key Laboratory of Digital Earth Science, Aerospace Information Research
Institute, Chinese Academy of Sciences, Beijing 100094, China, and also with
the State Key Laboratory of Remote Sensing Science, Aerospace Information
Research Institute, Chinese Academy of Sciences, Beijing 100094, China
(e-mail: wangshaohua@aircas.ac.cn).

Jocelyn Chanussot is with the GIPSA-Lab, Grenoble INP, CNRS, University
of Grenoble Alpes, 38000 Grenoble, France, and also with the Aerospace
Information Research Institute, Chinese Academy of Sciences, Beijing
100094, China (e-mail: jocelyn@hi.is).

Digital Object Identifier 10.1109/TGRS.2022.3209182
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I. INTRODUCTION

HYPERSPECTRAL imaging (HSI) involves extraction of
useful spectral–spatial information from the object of

interest. This is done by acquiring the radiance at short or
long distances without contact using appropriate sensors [1],
[2]. HSI can obtain very rich spectral information captured
from the electromagnetic spectrum covering a wide range
400–2400 nm, that is, 400–700 nm (visible region) and
700–2400 nm (short-wave infrared). This region is divided
into hundreds of narrow and contiguous spectral bands. HSI
can explore the light emission properties of objects in mid- to
long-infrared regions.

HSI Classification (HSIC) process aims to discriminate each
spectral pixel and assign a unique class label according to
the HSI content [3]. HSIC has been extensively studied and
showed promising results for a number of applications, for
instance, land cover classification, land-use mapping, forest
inventory, health sciences, unmixing, and urban areas [4],
[5], [6], [7], [8], [9], [10], [11], [12], [13], [14], [15], [16].
HSIC has been broadly divided into two categories: 1) spectral
classification and 2) spatial–spectral classification [17].

Spectral-based methods only make use of spectral
information and ignore the spatial correlation while classi-
fication, thus cannot obtain excellent performance. Whereas
spatial–spectral-based methods do consider both information
(i.e., spectral information along with the spatial correlation)
to overcome the limitations of spectral-based methods [18],
[19]. The performance of these methods is much higher when
compared to the former because they use a patch-based process
that extracts the features in a local window.

In recent years, deep-learning (DL)-based methods have
been proposed for HSIC [20]. DL-based methods outper-
formed in a purely data-driven manner; however, their perfor-
mance is entirely based on a large number of labeled training
data. Without that, DL-based methods usually underperform
in many cases. Here, we have presented an example in
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Fig. 1. Classification accuracy of the 3-D CNN model trained with 5% and 25% disjoint training samples, 60% and 25% disjoint validation samples, 35% and
50% disjoint test samples. Moreover, the same model has been tested on the complete SA Dataset (Com Test OA). The number of training, validation, and
test samples, class names, and class-wise accuracies for both percentages of training/validation/test samples are presented in Table I. (a) 5% training, 60%
validation, 35% test samples, and complete dataset as a test. (b) 50% training, 25% validation, 25% test samples, and complete dataset as a test.

TABLE I

PER-CLASS CLASSIFICATION ACCURACY OF THE 3-D CNN MODEL TRAINED WITH 5% TRAINING SAMPLES, 60% VALIDATION SAMPLES, AND 35%
TEST SAMPLES. MOREOVER, THE SAME MODEL HAS BEEN TESTED ON THE COMPLETE SA DATASET. THE SAME MODEL WITH SAME SETTINGS

HAS BEEN RETRAINED ON 50% TRAINING SAMPLES AND VALIDATED AND TESTED ON 25%, AND 25% DATA SAMPLES, RESPECTIVELY.
ONE CAN OBSERVE FROM THE RESULTS THAT THE ACCURACIES HAVE INCREASED BUT NOT THAT SIGNIFICANT AS THE NUMBER

OF TRAINING SAMPLES INCREASED. THIS IS THE POINT CLAIMED IN THIS RESEARCH TO OBTAIN SIGNIFICANTLY HIGHER

ACCURACIES WITH THE LEAST COMPUTATIONS OVER THE 3-D CNN MODEL

which a 3-D convolutional neural network (CNN) has been
trained on 5% disjoint training samples and the model is
validated on 60% disjoint samples and finally tested on 35%
disjoint test samples. We carefully make sure that (Train ∩
Validation ∩ Test = ∅) and (Train ∪ Validation ∪ Test =
HSI). Moreover, the same model has been tested on the
entire HSI data and the experimental results are presented in
Table I and Fig. 1.

The aforementioned experimental results confirm the
claims, that is, DL does not perform well when there are
not enough training samples available. Moreover, it has been
observed that the performance is significantly reduced when
the model is tested on disjoint test samples when compared

to the entire dataset. Furthermore, the same model has been
trained using 50% of training samples and validated on 25%
data and tested on the remaining 25% data samples. The
comparative accuracies and ground truths are presented in
Fig. 1 and Table I. One can conclude from these experimental
results that the model’s performance has been significantly
improved with a higher number of training samples when
compared to the less number of training samples. Thus, the
question arises, is there any way to get a similar kind of
generalization performance and accuracy for the same model
with less number of labeled training samples, and more
importantly, will the model work the same way in disjoint
train/validation/test samples case?
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As discussed above, it is impractical to assume that each
HSI under process must have enough labeled data to train a
DL model. Another way around, the labeling process always
comes with a cost in terms of time and money, more specif-
ically, requiring experts to hold certain domain knowledge
to annotate HSI in many real-life applications. Thus, this
article addresses the aforementioned issue by automating the
annotation process with the guarantee of accuracy, specifically
when using DL for HSIC.

To effectively address the aforementioned issues, active
learning (AL) can be considered a promising method that
systematically selects the most informative and dissimilar
samples for the user to label and train a classifier. Since there
is a proven fact that all the samples are not equally important
for training, thus only a few samples (e.g., informative, less
redundant, dissimilar, etc.) define the hyperplane (separating
surface) and the rest of the samples can be considered redun-
dant. Therefore, carefully selecting the important samples that
define the hyperplane can significantly reduce the sampling
cost, avoid redundancy, and more importantly, guarantee good
performance. These are a few facts that motivate us to combine
CNN with AL.

Therefore, this article proposed an AL-integrated 3-D CNN
method into a unified framework by fully utilizing the benefits
of both domains, such as the labeling efficiency of AL and the
strong discriminative ability of DL. There have been many
works that combine AL with DL for HSIC [21], [22], [23],
[24], [25]; however, the proposed method has its specific
characteristics such as the following.

1) The proposed method adopts 3-D CNN architecture
and inexpensive multiclass sample selection criteria to
actively select the most informative and heterogeneous
samples. The higher fuzziness-based misclassified sam-
ples selection concept is used to reduce the labeling
cost. Higher fuzziness-based misclassified samples are
most likely neither adjacent nor from the same class
with the same fuzziness magnitude. Moreover, mutual
information (MI) and breaking ties (BT)-based sample
selection methods have been compared.

2) Irrespective of the traditional AL integrated DL, this
work makes use of fine-tune concepts in the AL process.
Rather than training the 3-D CNN in each iteration
which is quite expensive in terms of computational cost,
we simply fine-tune the model in each iteration, which
significantly reduces the retraining cost.

3) The proposed method considers disjoint training, vali-
dation, and test samples to train, validate, and test the
model, different from the previous studies. The exper-
imental results have been shown in all possible cases,
that is, disjoint train/validation/test and the same model
has been tested on the entire HSI dataset, respectively.
In supervised HSIC, traditional experimental designs are
often improperly used in the spatial–spectral process-
ing context, leading to unfair or biased performance
evaluation. The widely adopted sampling methods are
not always suitable to evaluate spatial–spectral meth-
ods, because it is difficult to determine whether the
improvement of classification accuracy is caused by

incorporating spatial information into the classifier or by
increasing the overlap between training and testing sam-
ples [26]. To handle this problem, we used a controlled
nonoverlapping sampling strategy for spatial–spectral
HSIC which eliminates the overlap between training and
test samples and provides a more objective and accurate
evaluation.

The proposed method attempts to further strengthen
AL-based DL with more contextual information to reduce the
labeling cost. The proposed method also helps to reduce the
number of labeled samples required to train a 3-D CNN model
and produces higher accuracy.

The rest of this article is structured as follows. Section II
provides a comprehensive review of state-of-the-art (SOA)
works published in recent years. Section III describes the
problem formulation and proposed methodology. Section IV
presents the experimental settings, datasets, and results with
discussion. Furthermore, Sections IV-C (experimental results),
IV-D (statistical tests and computational time), and IV-E
(comparison with SOA) provides a detailed discussion on
results with different experimental settings. Finally, Section V
concludes this article with possible future research directions.

II. LITERATURE REVIEW

In recent years, DL methods have been extensively studied
for HSIC, for instance, stacked autoencoder (SAE) [27],
[28], [29], [30], [31], multilayer extreme learning machine
(ML-ELM) [32], [33], deep Boltzmann machine (DBM) [34],
CNN [20], [35], [36], [37], [38], [39], cross-modality and
coupled CNN’s [40], [41], [42], [43], and deep belief network
(DBN) [44], [45], [46].

SAEs are unsupervised feature extraction methods used to
extract both spatial as well as spectral features by stacking a
series of auto-encoders (AEs). A modified CNN framework
was proposed in [47] that uses 3-D patches as input to
process both spatial and spectral information at the same
time. In contrast to the work proposed in [47], the work [48]
proposed a combined spatial pyramid pooling strategy that
fully considered spatial information.

Moreover, the works [49] proposed a framework, combining
CNN with hand-crafted features along with a conditional
random field (CRF) and Markov random field (MRF). A dual-
channel CNN, that is, a combined 1-D and 2-D CNN
model has been proposed in [50]. A fast and compact 3-D
CNN model has been proposed in [51] which significantly
reduces the computational cost and improves the experimental
results for several hyperspectral datasets. In this hierarchy,
the works [36], [37], [52], [53] proposed hybrid 3-D fol-
lowed by 2-D CNN layers for a better spatial–spectral feature
hierarchy for end classification. The proposed hybrid models
significantly improve the beam search which helps to get
better accuracy. Such models provide statistical significance
and better generalization performance of the CNN model in a
reduced time.

In recent years, CNN coupled with AL has been studied for
HSIC. For instance, the work [54] proposed a semisupervised
multinomial logistic regression (MLR) model combined with
an entropy-based sample selection strategy for AL. Later on,
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Fig. 2. 3-D CNN network structure for HSIC. The input patch is with size 9 × 9 × d. The first 3-D convolutional layer contains 60 filters with 3 × 3 × 7,
second 3-D convolutional layer includes 30 filters with 3 × 3 × 5, third 3-D convolutional layer includes ten filters with 3 × 3 × 3. The first fully connected
layer contains 512 units with 0.4% dropout, the second fully connected layer contains 256 units with the same dropout, the third fully connected layer contains
128 units with the same dropout, and the fourth fully connected layer contains the number of classes existed in HSI.

the works [55], [56] proposed a Loopy belief propagation and
Bayesian classification approaches combined with AL. More-
over, the work [57] proposed a model-based AL method where
a support vector machine (SVM) is used for classification,
along with six different sample selection methods.

There are several other AL methods proposed in the liter-
ature for HSIC while considering the limited availability of
training samples and iteratively selecting the most informative
and heterogeneous samples to query for HSIC [2], [33], [58],
[59], [60], [61]. More recently, the work [62] proposed to
combine multiclass-level uncertainty-based sample selection
method with an SAE-based neural network. Whereas the
work [63] presented a weighted incremental dictionary learn-
ing criterion with the boltzmann machine (RBM) method.
Moreover, the work [64] presented a method that combined
six different sample selection methods including maximum
entropy, random sampling, BT, modified BT, MI, and so on,
with the binary complex neural network (BCNN) method.

The aforesaid methods have achieved excellent performance
for HSIC while considering the limited availability of training
samples, however, the proposed method is different than the
ones discussed above. First, the proposed method adopts
a 3-D CNN architecture rather than SAE, RBM, and BCNN.
Second, the proposed method uses several integrated multi-
class sample selection criteria to select the most informa-
tive and spectral–spatial heterogeneous samples. Third, the
proposed method employs the transfer learning concept to
accelerate the training process of 3-D CNN and reduce the
computational cost of retraining a 3-D CNN. Finally, the
proposed method integrates contextual information using prior
probabilities. The aforementioned aspects are mainly consid-
ered different from the existing related works proposed in
recent years.

III. PROBLEM FORMULATION

An HSI cube can be expressed as X = {xi , yi } ∈ RL , where
each xi = {xi,1, xi,2, xi,3, . . . , xi,L } ∈ RL and yi be the class
label of each xi . Here, we first randomly select X train = 0.05%
training samples, Xval = 0.60% validation samples (pool set),
and X test = 0.35% test samples. We make sure that |X train| �
|Xval|; |X train| � |X test| and X train ∩ Xval ∩ X test = ∅ for each
iteration, that is, training, validation, and test sets must not
contain any single samples which is overlapped with other

set. The training, validation, and test sets must need to be
disjointed to avoid biases.

A. Convolutional Neural Networks (CNNs)

1-D and 2-D CNN models have been studied for
HSIC; however, these models are unable to cater to both
spatial–spectral information together, thus 3-D CNN models
are capable to address aforesaid issues, that is, 3-D CNNs
can extract the spectral information correlated with spatial
characteristics of HSI at the same time. In general, the network
architecture of 2-D and 3-D CNNs is quite similar except for
the convolutional process followed by an activation function
(nonlinearity induction process). The major difference is a
convolutional kernel, for example, the 2-D CNN model uses a
2-D kernel function, whereas the 3-D CNN model uses a 3-D
kernel function. Moreover, 3-D CNN’s performance is much
higher than 2-D CNN because it uses a patch of an image to
extract both spatial–spectral local features. 3-D CNN performs
operations on the spatial–spectral dimensions at the same time
to extract both features at the same time. Fig. 2 shows an
example of the 3-D CNN process adopted in this work.

The 3-D convolutional process initially computes the sum
of the dot product between the input patches and the 3-D
kernel function. This is done by convolving the 3-D input
patch with the 3-D kernel function and results in a 3-D feature
map. The feature map produced is then passed on to an
activation function to induce nonlinearity in it. In such kind of
convolutional process, the activation value of spatial location
(x, y, z) at the i th layer and j th feature map can be formulated
as

v
x,y
i, j = ReLu

(
bi, j +

dl−1∑
τ=1

δ∑
σ=−δ

v∑
λ=−v

γ∑
ρ=−γ

w
σ,ρ,λ
i, j,τ × v

x+σ,y+ρ,z+λ
i−1,τ

)

(1)

where dl−1, bi, j , and wi, j represent the number of feature
maps, the bias parameter, and depth of kernel for j th feature
map at (l−1)th layer, respectively. 2v+1, 2γ +1, and 2σ +1 is
the depth, width, and height of the kernel. ReLu defines the
activation function.

ReLu can converge faster than other activation functions
such as the Sigmoid and Tanh functions. The form of ReLu
used here is f (x) = max(0, x). Finally, a softmax classi-
fier is used to classify HSI features. Softmax loss used to
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train the model makes use of random admiral descent of
backpropagation to minimize the loss of the network. The
details of 3-D convolutional layers are as follows: layer_1 =
60 × 3 × 3 × 7, that is, K 1

1 = 3, K 1
2 = 3 and K 1

3 = 7.
layer_2 = 30 × 3 × 3 × 5, that is, K 2

1 = 3, K 2
2 = 3 and

K 2
3 = 5. layer_3 = 10 × 3 × 3 × 3, that is, K 3

1 = 3, K 3
2 = 3

and K 3
3 = 3. In total, three convolutional layers are stacked

for low- and high-level feature learning, that is, to increase
the number of spatial–spectral feature maps and to distin-
guish the spatial/spectral features while preserving the spectral
information. The convolutional process produces zero filling,
thus it does not require the use of batch normalization or data
enhancement. Moreover, the weights are initially randomized
and later optimized using backpropagation with the Adam
optimizer using the softmax loss function. The entire network
is trained over 50 epochs using a mini-batch of 256.

B. Active Learning (AL)

AL has been considered an effective method to reduce the
labeling cost as well as acquire a large number of labeled
training samples [65]. AL is based on three main aspects:
1) the availability of the initial training set X train; 2) the avail-
ability of the pool set (validation set in this work) Xval; and
3) query function, for example, informative sample selection
or acquisition function.

Let us consider X train = [X, Y ] = {xi , yi}l
i=1 as a

training set consisting l samples, where xi ∈ Rd =
{xi,1, xi,2, xi,3, . . . , xi,L } and yi = {1, 2, 3, . . . , Y } and Xval =
[X] = {xi}u

i=l+1 ∈ Rd be the validation (pool set) set, that is,
a set of u samples and l � u. AL methods are composed
of a learner (3-D CNN in this study) which is trained on
a small number of training samples and iteratively selects
new training samples from the validation set. The process
provides maximal information about the dataset and improves
the model’s performance. As a result of the AL process, the
final classification results given by the selected training set
are much higher than the ones obtained by randomly selected
training samples.

The sample selection function (i.e., sample acquisition or
query function), in particular, the user-defined heuristic is
a crucial point for any AL method. Here, in this research,
we rely on the posterior probability-based AL method, that is,
fuzziness computed from the membership function (i.e., pos-
terior probabilities p(y|x)) produced by the classifier to rank
the candidates in Xval. Moreover, two other query functions,
that is, BT and MI are used for comparison purposes.

C. Query Function

The query function for any AL method can be represented
as α(x,M) of a model M with Xval data and inputs x ∈
Xval ∈ Rd decides which samples x will be queried by an
external oracle. This process is being led by a human expert;
however, in this work, we systematically performed the work
of classifying the unlabeled data to be added to the original
training set. In this research, we performed a comparison of
three different query functions that have been adopted to AL

Fig. 3. Proposed active DL method for HSIC.

taking into account different measurements, such as BT, MI,
and fuzziness.

1) BT [56]: focuses on the boundary region between two
different classes intending to obtain more diversity in
the composition of the training set. The samples xBT are
selected from Xval by

xBT = argmax
xi ∈Xval

{
max
y∈Y

p(yi = y|xi, μ)

− max
y∈Y/y+ p(yi = y|xi, μ)

}
(2)

where y+ = argmaxy∈Y p(yi = y|xi, μ) are the most
probable label class for sample xi .

2) MI [66]: It computes the mutual dependencies among
the samples and only selects the samples xMI that
maximizes the MI between the actual class labels and
obtained results as follows:

xMI = argmax
xi ∈Xval

I (μ; yi |xi) (3)

where

I (μ; yi |xi)) = 1

2
log(HMI/H ). (4)

The above expression computes the MI between the
class label yi and obtained results, where H repre-
sents the posterior precision matrix and HMI represents
the posterior precision matrix after including the new
samples.

3) Fuzziness [2]: Any trained probabilistic classification
model produces the output matrix (μ = μi j ) which
is being used to compute the membership matrix with
the following properties

∑C
j=1 μi j = 1 and 0 <∑M×N

i=1 μi j < 1, where μi j = μ j(xi) ∈ [0, 1]. μi j

represents the membership of xi sample belongs to y j

class [58]. μi j is used to compute the fuzziness of
m = (l + 1 → u) samples for Y classes as

xF = −1

m × Y

m∑
i=1

Y∑
j=1

[μi j log(μi j)

+ (1 − μi j ) log(1 − μi j)]. (5)

Fig. 3 provides a detailed illustration of the proposed
method and the complete pipeline is presented in the algo-
rithm. Overall (OA), the proposed method combines 3-D CNN
with the AL strategy to reduce the labeling cost and required
number of labeled training samples. The proposed method
consists of the following steps: 1) construct an initialized
training patch set corresponding to a limited number of
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Algorithm 1 Fast and Compact 3-D CNN-Based AL
Data: Xtrain, Xval , N , ε

1 X ε
train = {xi, yi }l

i=1 ∈ Rd , ε = 1 → Initial Disjoint
Training Set;

2 X ε
val = {xi, yi }u

i=l+1 ∈ Rd , ε = 1 → Initial Disjoint
Validation Set (Pool Set);

3 N → Number of spectral samples to add in training set
at each iteration until to reach a final batch of selected
spectral samples i.e., X Selected ;

4 ε → Iteration number;
5 while |Xtrain | ≤ T hreshold do
6 if if ε = 1 then
7 Train the Model with X ε=1

train and evaluate on
X ε=1

val and get μ (membership matrix);
8 else
9 Fine-tune the Model with X ε+1

train and evaluate on
X ε+1

val and get μ (membership matrix);
10 end
11 xBT = argmax

xi ∈Xval

{max
y∈Y

p(yi = y|xi, μ) − max
y∈Y/y+ p(yi =

y|xi , μ)} → Compute Breaking Ties;
12 xM I = argmax

xi ∈Xval

I (μ; yi |xi) → Compute Mutual

Information;
13 xF =

−1
m×Y

∑m
i=1

∑Y
j=1[μi j log(μi j)+(1−μi j)log(1−μi j)] →

Compute fuzziness magnitude;
14 Rank the candidates xi in X ε

val according to
xF , xM I , xBT ;

15 X ε
Selected = {xk}N

k=1 → select N spectral samples
which were misclassified with higher fuzziness
magnitude, same number of samples are selected from
xM I and xBT , respectively;

16 X ε
Selected = {xk, yk}N

k=1 → assigned true class labels to
the selected samples;

17 X ε+1
train = X ε

train ∪ X ε
Selected → Add new batch of

samples to the training set;
18 X ε+1

val = X ε
validation − X ε

Selected → Remove batch of
samples from the validation set;

19 ε = ε + 1 → Update iteration index
20 Repeat until |Xtrain | > T hreshold or Maximum

number of Iterations meet;
21 end

randomly selected labeled samples; 2) 3-D CNN is trained
on randomly selected training samples; 3) actively select
the most informative and heterogeneous samples from the
validation set based on the class probabilities (fuzziness, MI,
and BT, respectively) obtained from trained 3-D CNN. Later,
the patches of the selected samples are labeled and added to
the training set, which is regarded as a new training set for the
next iteration; and 4) to overcome the computational cost of
retraining the 3-D CNN, we freeze the convolutional and the
first two fully connected layers of the model. The last fully
connected layer along with the output layer is used to fine-tune
the model in each iteration except the first.

TABLE II

HSI DATASET DESCRIPTION USED FOR EXPERIMENTAL EVALUATION

IV. EXPERIMENTAL EVALUATION

This section presents experimental datasets with their
ground truths, class names, and total samples in each class.
Ground-truth maps are essential for supervised classification;
however, this work considers a scenario in which the ground
labels are limited.

A. Experimental Datasets

Table II presents the details of each dataset used in the
experiments and Table III provides the number of disjoint
training, validation, and test samples selected from each class
to train, validate, and test the proposed and comparative meth-
ods. Moreover, the geographical maps for disjoint training,
validation, and test samples are shown in Fig. 4. We stress
the point that the number of training, validation, and test
samples and their geographical locations remain the same for
all methods used for experimental evaluation, so that unbiased
and fair evaluations can be presented.

Kennedy Space Center (KSC) data cube has been
acquired by National Aeronautics and Space Administration
(NASA) using an airborne visible/infrared imaging spectrom-
eter (AVIRIS) instrument over Florida, on March 23, 1996.
KSC data cube consists of 224 bands of 10-nm width with
center wavelengths from 400 to 2500 nm with an altitude of
approximately 20 km with a spatial resolution of 18 m. The
low-resolution (low SNR) and water absorption bands were
removed before the experiments.

Salinas (SA) data cube was collected by AVIRIS over
SA Valley, California. The SA cube consists of 224 bands
and is characterized by high spatial resolution, that is, 3.7-m
pixels. The total spatial lines comprise 512 × 217 samples.
The twenty most noisy and water absorption bands, that is,
[108–112], [154–167], 224, were removed before the exper-
iments. The SA cube is available only as at-sensor radiance
data, and it includes bare soils, vineyard fields, and vegetables.
In total, the SA cube contains samples of 16 different classes,
that is, ground truths consist of 16 classes.

Pavia University (PU) data cube acquired by reflective
optics system imaging spectrometer (ROSIS) sensor during
a flight campaign over Pavia Northern Italy with a geometric
resolution of 1.3 m. PU consists of 103 spectral bands and
610 × 610 spatial lines (spatial pixels); however, some of the
samples contain no information and thus have to be discarded
before the experiments. In total, the PU cube contains samples
of nine different classes, that is, ground truths consist of nine
classes.
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TABLE III

DETAILED DESCRIPTION OF EXPERIMENTAL DATASETS ALONG WITH THE CLASS NAMES AND NUMBER OF DISJOINT SAMPLES USED
TO TRAIN/VALIDATION/TEST 3D-CNN MODEL. THE PERCENTAGES ARE AS FOLLOWS: 5% DISJOINT TRAINING SAMPLES,

65% DISJOINT VALIDATION MAP, AND 35% DISJOINT TEST SAMPLES

Fig. 4. Geographical maps of true ground truths, disjoint training map (5%), disjoint validation map (65%), and 35% disjoint test samples, respectively. The
number of training, validation, and test samples, class names, and percentages of training/validation/test samples are presented in Table I. (a) KSC ground
truths. (b) PU ground truths. (c) SA ground truths.

B. Experimental Settings

There are many ways to analyze the performance of any
classification model such as OA, average (AA), and kappa (κ)
coefficients along with several other statistical tests. OA tells
us more about which samples are mapped correctly and is
usually computed in percentage. OA is easy to compute and
understand, however, only provides the map user and producer
with basic classification information. Whereas the kappa (κ)
coefficient is generated from the statistical test to evaluate
the classification accuracy. κ coefficient evaluates how well
the classification model performed when compared to the
random values, for instance, the κ coefficient varies between
−1 and 1 in which −1, 0, and 1 indicate that the classification
is significantly worse than random, equal to or better than
random, respectively. The κ coefficient is computed as follows:

κ = po − pe

1 − pe
(6)

where po and pe present the OA accuracy and measures of
the agreement among the actual and predicted class labels as

it happening by chance. Moreover, po − pe accounts for the
difference between the observed OA accuracy of the model as
well as the OA accuracy obtained by chance. 1− pe computes
the maximum value for this difference. For any model to be
considered as good, the maximum and observed difference
must need to be close to each other, thus κ = 1. However,
for a random model, the numerator turns to 0, thus κ = 0 or
maybe negative. Therefore, in this case, the OA accuracy of the
model will be even lower than what could have been obtained
by a random guess.

In all the experiments, we started evaluating all the con-
ventional as well as the SOA models with 5% of randomly
selected samples, and then in each iteration, 200 samples
have been selected using fuzziness, MI, and BT-based sample
selection methods until 2000 samples have been selected. For
long, different variants of CNNs have been used and proposed
for HSIC; however, CNN requires a large number of labeled
training samples for learning, whereas the collection of such
a huge number of labeled training samples is challenging
for HSI datasets, due to overlapping and nested regions,
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human efforts, and time in many real problems. Moreover, the
limited availability of training samples deters the classification
performance. Therefore, to get higher accuracy, an appropriate
number of training samples are required and are considered an
important factor for classification performance.

We intentionally did not select 1%–4% of training samples
because there are some classes in all the datasets which have
quite a lower number of samples, thus will bring only one
or two samples from such classes. In the meantime, some
classes have hundreds or thousands of samples which at the
same time have more information; this can lead to the class
imbalance issue, which is not the problem under investigation
in this work. There is an option to avoid such a problem is to
select the number of training samples rather than selecting the
percentage of randomly selected training samples. Thus, with
any of the above options, one can opt for a reexamination of
the work.

For experimental results, a 3D-CNN architecture is adopted.
The details of 3-D convolutional layers are as follows:
layer_1 = 60 × 3 × 3 × 7, that is, K 1

1 = 3, K 1
2 = 3 and

K 1
3 = 7. layer_2 = 30 × 3 × 3 × 5, that is, K 2

1 = 3, K 2
2 = 3,

and K 2
3 = 5. layer_3 = 10 × 3 × 3 × 3, that is, K 3

1 = 3,
K 3

2 = 3, and K 3
3 = 3. In total, three convolutional layers

are stacked for low- and high-level feature learning, that is,
to increase the number of spatial–spectral feature maps and to
distinguish the spatial–spectral features while preserving the
spectral information. The convolutional process produces zero
filling, thus it does not require the use of batch normalization
or data enhancement. Moreover, the weights are initially
randomized and later optimized using backpropagation with
the Adam optimizer using a softmax loss function. The entire
network is trained over 50 epochs using a mini-batch of 256.
The rest of the competing methods have been implemented
as per the settings mentioned in their respective works [i.e.,
multilayer perceptron (MLP) [67], MLR [54], random forest
(RF) [68], SVM [69], 1-D CNN [70], and 2-D CNN [71]].

C. Experimental Results and Discussion

This section presents the experimental results and a dis-
cussion on the obtained results with possible pros and cones.
The obtained accuracies are from disjoint training, disjoint
validation, disjoint test, and complete (as similar to the tradi-
tional works published in the literature) datasets. The obtained
accuracies for disjoint validation, disjoint test, and complete
dataset as test are shown in Figs. 5–8.

The comparative methods mostly misclassify samples hav-
ing similar spatial structures (i.e., Meadows and Bare Soil
classes for the PU dataset) as shown in Fig. 7. Moreover, the
OA accuracy for Grapes Untrained is lower when compared to
other classes due to the reasons mentioned above. In a nutshell,
it can be said that higher accuracy can be achieved using
more number of labeled training samples as shown in Fig. 5.
Therefore, a higher number of labeled training samples (not
as high as claimed in the literature, i.e., only a few carefully
selected new samples can produce better/higher accuracy as
compared to the bulk amount of randomly selected samples)
produces better accuracy for all competing methods. Generally,

we pay much attention to the accuracy only while considering
the limited availability of training samples, however, the
computational time is also quite important especially when
one deals with deep models. Thus, the higher accuracies of
a generalized model trained on a limited number of training
samples in less computational time could be considered an
innovative and important contribution to the domain.

Fig. 5 presents the classification performance in terms of
OA, AA, and κ accuracy with different numbers of training
samples selected using Fuzziness, BT, and MI-based sample
selected methods, respectively, for disjoint validation, disjoint
test, and complete dataset as a test set. As earlier explained,
initially 5% of randomly selected training samples are used
and in each iteration and 200 samples are systematically
selected using all three sample selection methods. One can
observe from the results as the number of training samples
increases, the classification performance improves to a certain
number, and then got stable. This is because there is no
new information added in the training samples, thus, only
the redundancy is being increased rather the information, that
is, the new samples added into the training set are either
geographically similar or have similar patterns.

The experimental results in Figs. 5–8 show the quality
of spectral–spatial features learned by the 3-D CNN and
AL framework. To observe the number of training samples
required to train a 3-D CNN model with or without AL,
five to seven iterations are enough as shown in Fig. 5. All
the experimental results explained in this work are obtained
using 9 × 9 × B spatial dimensions, and all other training
parameters remain the same except for a number of training
samples in each iteration which have already been discussed
in detail. Moreover, from a computational time point of view,
a detailed discussion has been done in the former sections;
however, similar to accuracy trends (i.e., gradually increasing),
the computational time is also increasing.

D. Statistical Tests and Computational Time

OA, AA, and kappa (κ) accuracies may not be the only good
measures especially when the datasets are not balanced, that
is, with different numbers of samples in each class. Let us see
an example to understand it. Let us consider a case where ten
individuals are not healthy (i.e., have some disease, +ve class)
and 90 healthy individuals (−ve class). Moreover, assume that
the machine-learning model correctly predicts 90% individuals
as healthy; however, it also predicts the unhealthy people as
healthy. What will be the best accuracy in this case?

Thus, there are 90, 0, 10, and 0 samples are identified as
“true negative,” “false positive (FP),” “false negative (FN),”
and “true positive (TP),” respectively. Thus, in this case, the
accuracy is 90%, that is, ((90 + 0)/100) = 0.9. As identified,
the accuracy is 90%; however, the model is highly biased
since all ten individuals who are not healthy are predicted
as healthy, that is, only accuracy measure in such a scenario
can be misleading or maybe misinterpret the results. Thus,
accuracy is not the only measure or maybe not the best
measure the evaluate a machine learning model. On top of

Authorized licensed use limited to: Jocelyn Chanussot. Downloaded on November 01,2022 at 17:23:04 UTC from IEEE Xplore.  Restrictions apply. 



AHMAD et al.: DISJOINT SAMPLES-BASED 3D-CNN WITH ACTIVE TRANSFER LEARNING 5539616

Fig. 5. OA, AA, and kappa accuracy with different percentages of training samples selected in each iteration from KSC, PU, and SA datasets. It is perceived
from the above figure that by including the samples back in the training set, the classification results are significantly improved. Moreover, it can be seen that
the fuzziness-based sample selection method is more robust than BT, and MI sampling criteria. Furthermore, it is clear from the results that the disjoint test
samples produce lower accuracies than the ones obtained on complete datasets.

accuracy, statistical analyses are worth discussing to validate
any machine learning model.

Many metrics can be used to validate the results, and from
those, precision (positive predictive values), recall (sensitivity
or TP rate), and F1 score (both precision and recall are

considered) are considered in this research. Precision should be
1.00 for the ideal classification model; happens only once the
denominator and numerator come equal, that is, TP = TP +
FP, in such a case, FP becomes zero. However, as FP increases,
the OA precision decreases which reflects an inappropriate
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Fig. 6. Geographical maps for the KSC dataset for first, ninth, and 17th iterations. (a) Fuzziness. (b) BT. (c) MI.

Fig. 7. Geographical maps for the PU dataset for first, ninth, and 17th iterations. (a) Fuzziness. (b) BT. (c) MI.

classification model. Similar behavior is suggested for Recall
where only FN is replaced with FP. Precision and recall are
defined as follows:

Precision = TP

TP + FP
(7)

Recall = TP

TP + FN
. (8)

In a nutshell for a good classifier, both recall and precision
need to be high, that is, both FN and FP need to be quite low in

value. Thus, on top of precision and recall, one needs to have
an F1 score that considered both precision and recall at the
same time and provides more insights into a classifier’s gen-
eralization performance and statistical significance. F1 score
can be computed as follows:

F1 Score = 2 × Precision × Recall

Precision + Recall
. (9)

The higher the values of precision, recall, and F1 score, the
better the classification model is. Moreover, these measures
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Fig. 8. Geographical maps for the SA dataset for first, ninth, and 17th iterations. (a) Fuzziness. (b) BT. (c) MI.

TABLE IV

PRECISION, RECALL, AND F1 SCORE TEST FOR EACH ITERATION. THE HIGHER THE VALUES OF PRECISION, RECALL, AND F1 SCORES,
THE BETTER THE PERFORMANCE, GENERALIZATION, AND STATISTICAL SIGNIFICANCE IS

are way better than only accuracy to justify the perfor-
mance of any proposed method. The statistical performance
of our proposed method is presented in Table IV. The results

presented in Table IV show the statistical significance of our
proposed method and have achieved above 90% in most of the
cases. To avoid article over-length issues, we only presented

Authorized licensed use limited to: Jocelyn Chanussot. Downloaded on November 01,2022 at 17:23:04 UTC from IEEE Xplore.  Restrictions apply. 



5539616 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 60, 2022

Fig. 9. Training, disjoint test, and complete dataset test time for KSC, PU, and SA time. The training time is significantly lower than the usual 3-D CNN
training time because the proposed model adopts the fine-tuning process rather than retraining the entire network for each iteration, that is, the last few
classification layers are retrained rather than the entire network.

TABLE V

SA DATASET: AA ACCURACY FOR 17 ITERATIONS AND IN EACH ITERATION 200 SAMPLES ARE SELECTED USING THE PREDEFINED SAMPLE SELECTION

METHOD WITH 5% INITIALLY RANDOMLY SELECTED TRAINING SAMPLES. THE COMPARATIVE METHODS INCLUDES MLP [67], MLR [54],
RF [68], SVM [69], 1-D CNN [70], AND 2-D CNN [71]. ALL THESE METHODS ARE RETRAINED USING A FUZZINESS-BASED SAMPLE

SELECTION METHOD TO MAKE THE COMPARISON FAIR AND RELIABLE

the statistical results of the fuzziness-based sample selected
method; however, BT- and MI-based sample selection methods
do produce the same results.

Fig. 9 presents the computational time to process/evaluate
the hyperspectral datasets used in this study. As shown in the
figure, the training time gradually increases as the number
of training samples increases; however, the increment in the
training in each iteration is significantly lesser than what
is needed to train a 3-D CNN. This is due to the concept
of fine-tuning rather than retraining the model from scratch,
this work proposed the idea to fine-tune, that is, instead of
training the entire model, the last layers are fine-tuned with
new parameters along with the weights frozen in the previous
iteration. unlike the training time, validation, and testing times
are more stable.

E. Comparison With SOA

This section presents a detailed discussion of experimental
results obtained when compared to the SOA works published
in recent years. Most of the research carried out in recent
years presents comprehensive experimental results to pin the
advantages/disadvantages of their works. However, to some

extent, the experimental results presented in the literature
may have adopted different experimental protocols such as
randomly selected training, validation, and test samples may
have the same percentage, but may have different geographical
locations of each model as those models have been trained,
validated, and tested in different times (the comparative mod-
els have been executed in multiple times, one after each
other, or in parallel which brings a new set of training,
validation, and test samples with the same number or per-
centage) as initial samples have been chosen randomly [72].
Therefore, to make the comparison fair between the works
proposed in the literature and current, one must need to
have the same experimental settings and must need to be
executed with the same set of training, validation, and test
samples.

Another issue with most of the literature proposed in
recent years is overlapping training/test samples. As the train-
ing/validation samples are randomly selected (including or
excluding the above point), the data split contains overlapping
samples. This results in a biased model (as overlapping means
the model has already seen the training and validation samples)
and produces higher accuracy. To avoid it from happening, this
study ensures that although the samples are chosen randomly,
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TABLE VI

KSC DATASET: AA ACCURACY FOR 17 ITERATIONS AND IN EACH ITERATION 200 SAMPLES ARE SELECTED USING THE PREDEFINED SAMPLE
SELECTION METHOD WITH 5% INITIALLY RANDOMLY SELECTED TRAINING SAMPLES. THE COMPARATIVE METHODS INCLUDES MLP [67],

MLR [54], RF [68], SVM [69], 1D CNN [70], AND 2-D CNN [71]. ALL THESE METHODS ARE RETRAINED USING A FUZZINESS-BASED

SAMPLE SELECTION METHOD TO MAKE THE COMPARISON FAIR AND RELIABLE

the intersection between training, test, and validation samples
remains empty and constant for all competing methods.

The proposed fast and compact 3-D CNN with an active
transfer learning method has been compared with several
SOA methods. The comparative methods includes MLP [67],
MLR [54], RF [68], SVM [69], 1-D CNN [70], and
2-D CNN [71]. All these methods are retrained using a
fuzziness-based sample selection method to make the com-
parison fair and reliable. The comparative models have been
implemented as per the parameters explained in the cited
works. The detailed experimental results are enlisted in
Tables V and VI. Focusing on the SA dataset, one can see
that the performance of the pixel-wise classifiers such as
RF and MLR provide lower accuracy but better than SVM.
However, the spectral classifier such as 1-D CNN is way better
than other spectral classifiers, whereas the spatial classifier,
for instance, 2-D CNN produces much better results than
SVM, RF, MLP, MLR, and 1-d CNN method, but under-
performs spatial–spectral classifier, that is, 3-D CNN. From
these results, one can observe that after adding spectral–spatial
information, the classifier significantly improves the accuracy
when compared to the individual information, that is, alone
spectral or spatial information. From the results, we can see
that the 3-D CNN classifier is able to attain good classification
results with fewer training samples than other active transfer
learning-based classifiers. A similar trend can be seen in the
KSC dataset.

V. CONCLUSION

Traditionally, the CNN is trained on a large number of
labeled training samples and tested on the entire HSI cube to
generate accurate thematic maps which produce high accuracy.
Indeed, this includes bias, as many of the test samples have
already been seen by the model while training. However,
in this work, a disjoint train/validation/test sample split-based
unified 3-D CNN and active transfer learning method is
proposed. A 3-D CNN model is initially trained with 5%
labeled training samples and validated on 65% samples. In the
next phase, high fuzziness magnitude, MI, and BT-based
200 misclassified samples have been selected to include in the

original training set to fine-tune the model rather than retrain-
ing from scratch to reduce the computational cost. To prove
the superiority of our proposed method, three different types
of experiments have been conducted as follows: 1) disjoint
train and validation test only; 2) disjoint train/validation and
test set are all evaluated together; and finally, 3) disjoint
train/validation/test and complete HSI cube as a test set to
compare the experimental results of the disjoint test and com-
plete HSI cube as a test set. The proposed model significantly
improves the classification results when compared to the SOA
models with a significantly fewer number of labeled training
samples.
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