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Abstract—Supervised classification methods rely heavily on
labeled training data. However, errors in the manually labeled
data arise inevitably in practice, especially in applications where
data labeling is a complex and expensive process, as is often
the case in remote sensing. Erroneous labels affect the learning
models, deteriorate the classification performances and hinder
thereby subsequent image analysis and scene interpretation. In
this paper, we analyze the effect of erroneous labels on spectral
signatures of landcover classes in remotely sensed hyperspectral
images (HSIs). We analyze also statistical distributions of the
principal components of HSIs under label noise in order to
interpret the deterioration of the classification performance. We
compare the behaviour of different types of classifiers: spectral
only and spectral-spatial classifiers based on different learning
models. Our analysis reveals which levels of label noise are
acceptable for a given tolerance in the classification accuracy
and how robust are different learning models in this respect.
Index Terms—Robust classification, hyperspectral images, remote sensing, label noise.

I. I NTRODUCTION
Hyperspectral images (HSIs) are being extensively used
in numerous applications in various domains, including geosciences [1], [2], agriculture [3], defense and security [4]
and environment monitoring [5]. Image classification, which
assigns a class label to each image pixel, plays an essential
role in the automatic analysis and interpretation of HSIs.
Supervised classification models are typically being developed and tested under the assumption that ideally correct
labeled data are available for training. However, in practice
imprecise labels are inevitable as labeling is often labor
intensive and involves a lot of manual work [6], [7]. The
erroneous labels falsely increase the feature variability within
class and decrease the discrimination of features across classes.
This affects the training and leads to incorrect recognition
and classification performance of the new samples. We shall
refer to the erroneous data labels as label noise. Classification
methods built on diverse principles, ranging from traditional knearest neighbours to deep learning are likely to be influenced
by the label noise differently. Thus, it is of great interest to
investigate which levels of label noise can be tolerated in
practice, for a given (user-defined or application-dependent)
allowed drop in the classification accuracy and how does this
depend on the particular classifier type.
Observing that research on this problem is very scarce, in
this paper we study thoroughly the behaviour of several representative supervised classification approaches in the scenarios
where different levels of label noise are present in the training

data. We assume that the label noise is uniformly distributed
in the training data of different classes. We characterise statistically its effect on the spectral signatures of landcover classes
and the statistical distributions of features. Our empirical
results explain from this perspective clearly the reason for the
excellent robustness of Bayesian classifiers (and in particular the simple naive Bayesian classifier) compared to some
more complex approaches. At the same time, the empirical
results show how erroneous labels affect the model, resulting
in a deteriorated classification performance. In addition, the
comparison between spectral-based and spectral-spatial based
methods demonstrates the benefit of using spatial information
to improve the robustness to label noise. We also analyze the
classifiers’ tolerance to label noise given an acceptable OA
degradation.
The rest of the paper is organized as follows. The representative classification methods for HSI that are used for analysis
in this paper are briefly introduced in Section II. In Section
III, we explain our simulation approach and we analyze the
influence of label noise on different aspects. Experimental
results and analysis are given in Section IV. We conclude the
paper in Section V.
II. R EPRESENTATIVE C LASSIFICATION M ETHODS FOR HSI
Here, we review briefly the classifiers that we use for the
analysis in this paper. We denote by x = (x1 , · · · , xm ) a
training sample and y = (y1 , · · · , ym ) a test sample, where
xi and yi are the corresponding i-th features. Let C denote
the class variable that is assigned to these samples and that
takes values c in a finite set C.
A. Naive Bayes Classifiers (NBCs)
NBCs are simple Bayesian classifiers. For any given feature
vector x, an NBC returns the Maximum a Posteriori (MAP)
estimate of the class variable
Qm C, assuming the conditional
independence P (x|c) = i=1 P (xi |c). The estimated class
is thus:
Ym
ĉ = arg max P (c|x) = arg max P (c)
P (xi |c). (1)
c∈C

c∈C

i=1

B. K-nearest-neighbor classifier (k-NN)
In k-NN algorithm, the test sample y is classified by the
majority voting of its k nearest neighbors, which are often

measured by the Euclidean distance as follows:
r
X
d(x, y) =
(xm − ym )2 .
m

(2)

Let Ny be the set of k nearest neighbors of y according to
Equation (2). The test sample y is assigned to the class that
is most common among Ny .
C. Support vector machine (SVM)
SVM learns a separating hyperplane from a given set of
training data with an optimal decision boundary to each
class [8], and categorizes new data points by the learned
hyperplane. Let K(xi , xj ) be a kernel function which defines
an inner product in the feature space. The decision function
implemented by SVM can be written as:
XN
f (y) = sgn(
ci αi  K(y, xi ) + b),
(3)
i=1

where ci is the corresponding label of sample xi , b is a real
number and the coefficients αi are obtained by solving the
convex Quadratic Programming (QP) problem [9].
D. Sparse Representation Classification (SRC)
SRC identifies the label of test data in two steps: sparse representation and classification. Sparse representation represents
a test data y by a linear combination of a few atoms from a
dictionary D ∈ Rm×d , which in SRC is constructed specially
by the training samples {xi }di=1 . We denote by Di ∈ Rm×di
the i-th subdictionary in D = [D1 , D2 , ..., Dc ] where each
column of Di is a training sample of i-th class. The resulting
sparse coefficients vector α ∈ Rd of y can be obtained by
solving the following optimization problem:
α̂ = arg min ky − Dαk22

s.t.

kαk0 ≤ K,

(4)

α

where kαk0 denotes the number of non-zero elements in
α and K is the sparsity level, i.e., the largest number of
atoms in dictionary D needed to represent any input sample
y. The optimization problem in Eq. (6) is typically solved
with a greedy algorithm, such as Orthogonal Matching Pursuit
(OMP) [10]. Then, the class of the test sample is identified by
calculating the class-specific residuals ri [11]:
class(y) = arg min ri (y)
i=1,2,...,C

= arg min ky − Di αi k2 ,

(5)

i=1,2,...,C

where αi are the sparse coefficients associated with class i.
E. SRC-based classifier with spectral-spatial features
We also consider a representative of SRC-based method
where spatial information is included, and in particular we will
use in our analysis the method of [12], called SJSRC, which
employs super-pixel segmentation and encodes jointly all the
pixels within one super-pixel. It assumes that similar pixels in
local regions, which are defined by super-pixel segmentation,
can be represented by a few common atoms in D. This results
in a row sparsity pattern on the coefficients matrix of the

pixels within the same super-pixel. Let X ∈ Rm×n represent
a super-pixel composed of n pixels in m spectral bands and
A ∈ Rd×n the corresponding coefficients matrix. SJSRC
solves the following problem
arg min kX − DAk2F s.t. kAkrow,0 ≤ K0 ,

(6)

A

where kAkrow,0 denotes the number of non-zero rows of A
and K0 is the row-sparsity level. After finding A, the class
for the whole super-pixel X is decided as:
class(X) = arg min kX − Di Ai kF ,
i=1,2,...,C

(7)

where Ai is the sub-matrix of A corresponding to class i.
F. Deep learning based spectral-spatial classifier
Deep learning methods have been increasingly used in HSI
classification [13]. As a representative of these methods, we
select the SSUN algorithm [14], which combines spectral
and spatial feature extraction. It incorporates long short-term
memory (LSTM) network for band grouping and spectral
feature extraction and a convolutional neural network for
spatial feature extraction. The loss function is defined as:
L = Ljoint + Lspectral + Lspatial
1 Xd
[ci log(ĉjoint ) + (1 − ci )log(1 − cˆi joint )]
=−
i=1
d
1 Xd
−
[ci log(ĉspectral ) + (1 − ci )log(1 − cˆi spectral )]
i=1
d
1 Xd
−
[ci log(ĉspatial ) + (1 − ci )log(1 − cˆi spatial )],
i=1
d
(8)
where Ljoint is the main loss function, Lspectral and Lspatial
are two auxiliary loss functions, ĉjoint , ĉspectral and ĉspatial
are the corresponding predicted labels for the ith training
sample, ci is the true label, and d is the size of training set.
III. M ODEL UNCERTAINTY CAUSED BY LABEL NOISE
We define the level of label noise ρ as the proportion of
training samples that have wrong labels. The erroneous labels
are chosen with equal probabilities in C \ {c}, with C the set
of class values and c the true class.
Fig. 1 illustrates the effect of label noise on spectral signatures in a representative HSI image. Without label noise the
spectral signatures of different classes are rather different from
each other. In the presence of label noise, they wrongly appear
to be more similar to each other. Thus, label noise obviously
trends to uniformise all the spectral signatures, which will
affect inevitably the classification accuracy.
Fig. 2 shows the effect of label noise on prior probabilities
of classes (top left) and on conditional probabilities of the first
PC. While the actual prior probabilities of different classes
are significantly different from each other, these differences
become smaller when label noise increases. The distributions
conditioned on the class variable keep a similar shape when
increasing ρ from 0 to 0.5, but the peak value decreases and
the distribution shape gets more flattened compared to the
distributions without label noise.

are randomly selected for training. The reported results are
averaged values over 10 runs. We evaluate the classification
performance by overall accuracy (OA), which is the ratio
between correctly classified testing samples and the total
number of testing samples.
C. Experiments on Indian Pines

Fig. 1. Average spectral signatures for the HYDICE Urban data set with
ρ = 0 (left) and with ρ = 0.5 (right).

Fig. 2. The prior probabilities of classes (top left) and conditional probabilities
of the first PC for different levels of label noise in HYDICE Urban.

These results indicate that erroneous labels lead to model
uncertainties, which will in their turn affect the classification
performance. Baysian models, which are based on conditional
probabilities like those in Fig. 2, are likely to be more robust to
label noise than some other classifiers that rely more directly
on spectral signatures (like those in Fig. 1). Conditional
probability distributions do not change significantly until the
label noise becomes very large.
In the following section, we will study the performance of
the representative classifiers and explore which level of label
noise can be tolerated depending on the acceptable drop in the
classification accuracy.
IV. E XPERIMENTAL R ESULTS AND ANALYSIS
A. Datasets
We conduct experiments on two benchmark HSI data sets:
Indian Pines and HYDICE Urban data sets. The Indian Pines
has a data size of 145 × 145 × 220 and consists of 16 classes.
We remove the classes where the number of labelled samples
is less than 100 and there are 12 classes in our experiments. We
use a part of the HYDICE Urban image with size 200 × 200.
It contains 5 classes and 188 bands.
B. Experiments setting
The effect of erroneous labels is studied by evaluating the
performance of the six representative classification algorithms
described in Section II. Four of these (NBC, k-NN, SVM and
SRC) are based on spectral features alone, and the remaining
two (SJSRC and SSUN) make use of both spectral and spatial
features. In the following experiments, 10 percent of samples

Fig. 3 (left) shows the overall accuracy of the six algorithms
on Indian Pines with ρ ranging from 0 to 0.9, to see the
behaviour of selected classifiers and to explore at which level
of label noise their performance starts to drop. When there
is no label noise (ρ = 0), the deep learning method SSUN
yields the best OA, while the naive Bayesian classifier (NBC)
is inferior to all other methods. This can partly be attributed
to the fact that this particular NBC makes use of only spectral
features while the two best performing methods (SJSRC and
SSUN) incorporate spatial next to spectral features. With the
increasing levels of label noise, spectral-based algorithms kNN, SVM and SRC show similar behaviour, but SRC performs
worse than the other two and shows approximately linear
decrease. The performance of NBC is the most stable, which
can be well understood by analyzing the shape of the involved
conditional probabilities (see Fig. 2 and the accompanying
discussion in Section III). The performance of NBC drops
suddenly when ρ exceeds 0.6. At this point, following further
the flattening trend from Fig. 2, the conditional probability
distributions become too flattened and the classifier can no
longer reasonably operate. The overall accuracy of spectralspatial methods SJSRC and SSUN deteriorates significantly
with the increasing label noise and the deep learning method
(SSUN) is especially vulnerable in this respect. The sparse
coding method SJSRC achieves thus best performance over
the whole range where ρ > 0.1.
Fig. 3 (right) shows the maximum level of label noise
that a classifier can tolerate given a decreasing rate in the
OA compared to the case with no label noise (ρ = 0). We
analyze the tolerance of the six classification models in the
cases with OA decreasing in 5%, 10% and 15% compared
to the OA of ρ = 0. We assume that the OAs between any
two successive ρ (in steps of 0.1) decrease linearly as in Fig.
3. NBC shows the highest tolerance to label noise. E.g., if
5% decrease in OA can be tolerated, NBC allows 30% of
erroneous labels. The deep learning approach SSUN exhibits
very low tolerance to label noise, although it makes use of both
spectral and spatial features. The sparse coding approach based
on spectral features alone (SRC) also shows low tolerance to
label noise, but its version with spatial information (SJSRC)
is much more robust, both compared to the basic SRC and to
the deep learning method.
D. Experiments on HYDICE Urban
Fig. 4 shows the performance of the six algorithms on
HYDICE Urban. Spectral-based algorithms k-NN, SVM and
SRC show similar behaviour as in the other data set. NBC
performs now better and even outperforms other algorithms for
very large ρ. Also, NBC is again the most stable method. Its

Fig. 3. Influence of label noise on OA (left) and the classifiers’ tolerance of
label noise at different drops in OA (right). Data set: Indian Pines.

Our analysis shows also clearly the importance of using
spatial context not only to improve the classification accuracy
in ideal settings but also to improve the robustness to label
noise. Sparse coding methods that make use of both spectral
and spatial information showed excellent performance and can
be considered as a good choice of a classifier, which is not
only highly accurate but also robust to non-ideal data labeling.
It will be also of interest to explore Bayesian classifiers that
combine both spectral and spatial features within a unified
framework (e.g., as an extension of the NBC that we considered) and to compare those to the sparse coding approach.
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Fig. 4. Influence of label noise on OA (left) and the classifiers’ tolerance of
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