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a b s t r a c t

In this paper, we train an autoencoder network to encode and reconstruct a geochemical sample po-
pulation with unknown complex multivariate probability distributions. During the training, small
probability samples contribute little to the autoencoder network. These samples can be recognized by
the trained model as anomalous samples due to their comparatively higher reconstructed errors. The
southwestern Fujian district (China) is chosen as a case study area. A variety of learning rates, iterations,
and the size of each hidden layer are constructing and training the deep autoencoder networks on all the
geochemical samples. The reconstruction error (or, anomaly score) of each training sample is used to
recognize multivariate geochemical anomalies associated with Fe polymetallic mineralization. By com-
paring the results obtained with a continuous restricted Boltzmann machine, we conclude that the au-
toencoder network can be trained to recognize multivariate geochemical anomalies. Most of the known
skarn-type Fe deposits are located in areas with high reconstruction errors or anomaly scores in the
anomaly map, indicating that these anomalies may be related to Fe mineralization.

& 2015 Elsevier Ltd. All rights reserved.
1. Introduction

Separating and recognizing geochemical anomalies from the
geochemical background is one of the major tasks in geochemical
exploration. In past decades, geochemical anomalies have been
recognized using a number of methods (Harris et al., 1999, 2000).
These include calculating the mean72 standard deviation
(Hawkes and Webb, 1962; Gałuszka, 2007), histograms, quantile–
quantile plots, boxplots (Tukey, 1997), probability graphs (Sinclair,
1974, 1991), univariate analysis (Govett et al., 1975), and multi-
variate data analysis methods (e.g., Ali et al., 2006; Grunsky et al.,
2009; Yousefi et al., 2012; Zuo, 2014). Moreover, fractal/multi-
fractal models are powerful tools that have been widely used to
recognize geochemical anomalies (Cheng et al., 1994, 2000; Li
et al., 2003; Cheng, 2007, 2012; Zuo et al., 2009, 2012, 2013, 2015a;
Luz et al., 2014; Carranza, 2010; Zuo, 2011, 2014; Zuo and Wang,
2015; J. Wang and Zuo, 2015). Spatial statistical methods, such as
the moving average technique, spatial factor analysis (Grunsky and
Agterberg, 1988), and multivariate geostatistics (Wackernagel,
2003) have been used to recognize multivariate geochemical
anomalies by taking into account spatial correlations and varia-
tions among neighboring samples, in addition to concentration
value frequency distributions.
The multivariate methods usually require multivariate geo-
chemical data satisfying a known statistical distribution, such as a
multivariate normal distribution. However, various geological
events and complex geological processes usually result in highly
complex spatial and frequency properties (Cheng, 2007; Zuo et al.,
2009), and this means that the complex multivariate probability
distribution of any geochemical data is often unknown (Chen et al.,
2014). In such cases, geochemical data show neither a normal nor
a lognormal distribution (Reimann and Filzmoser, 2000). There-
fore, most ordinary multivariate statistical techniques that require
assumption of multivariate normal distribution are limited in
terms of the kind of geochemical data.

Restricted Boltzmann Machines (RBMs) (Murray, 2001) have
been widely applied for a variety of learning tasks, including
multivariate distribution modeling, high-dimensional temporal
sequence modeling, and the construction of deep architectures
(Hinton and Salakhutdinov, 2006; Hinton, 2010). Generally, RBMs
work well for binary or Gaussian inputs (Hinton and Salakhutdi-
nov, 2006), but they are limited for other kinds of input variables,
such as continuous-value non-Gaussian inputs (Chen and Murray,
2003; Chen et al., 2014). Continuous restricted Boltzmann ma-
chines (CRBMs) (Chen and Murray, 2003) can be trained iteratively
using the minimizing contrastive divergence (MCD) (Hinton,
2002), and used to model multivariate distributions and complex
high-dimensional continuous data. CRBMs have been successfully
used to fingerprint orientation fields learning (Sahasrabudhe and
Namboodiri, 2013), multivariate geochemical anomaly recognition
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(Chen, 2014; Chen et al., 2014) and for construction of deep ar-
chitectures (Valentine and Trampert, 2012).

Deep Belief Network (DBN) (Hinton et al., 2006; Hinton and
Salakhutdinov, 2006) is a probabilistic generative model com-
posed of stacked RBMs. A DBN can recognize high level features of
the inputs with the RBMs using a greedy layer-wise unsupervised
training algorithm. The deep autoencoder network based on DBN
is trained by minimizing the difference between the input and the
output data (Hinton and Salakhutdinov, 2006). Hinton and Sala-
khutdinov (2006) suggested the use of RBMs for deep autoencoder
networks with binary inputs and outputs. Furthermore, it is pos-
sible to use a CRBM (Chen and Murray, 2003), rather than RBMs as
the unsupervised building block of the autoencoder network
(Valentine and Trampert, 2012; Sun et al., 2014). During the
training of a deep autoencoder network, small probability samples
contribute little to the autoencoder network. Consequently, these
small probability samples are poorly encoded and reconstructed
by the trained model (Valentine and Trampert, 2012; Chen, 2014;
Chen et al., 2014; Sakurada and Yairi, 2014). In geochemical ex-
ploration, multivariate geochemical anomaly samples are small
probability samples, by using a deep autoencoder network they
will be poorly encoded and reconstructed and have comparatively
higher reconstruction errors. Accordingly, the reconstruction er-
rors can be used to recognize a multivariate geochemical anomaly.
The aim of this study is to demonstrate that the deep autoencoder
network is a powerful tool for recognition of multivariate geo-
chemical anomalies in a case study from southwestern Fujian
district (China).
2. Deep neural network: deep autoencoder network

Multi-layered neural networks have been available for several
years already. An autoencoder network is a feed forward neural
network with one or several layers designed to minimize the
difference between the input and output. The main difference
between an autoencoder network and a traditional network is the
size of the output layer. The size of an autoencoder's output layer
is always the same as the input layer. An autoencoder network is
composed of an encoder and a decoder. The encoder network
transforms the input data into new code, and the decoder network
recovers the data from the code. Fig. 1 shows a so-called 5-4-3-2-
3-4-5 autoencoder network. However, training algorithms are
unable to train such deep networks effectively (Bengio, 2009;
Bengio et al., 2007). This is because the standard learning strategy
used for training a neural network is the backpropagation algo-
rithm based on gradient descent and the weights of the network is
random initialized (Rumelhart et al., 1988). As the network gets
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Fig. 1. An architecture of autoencoder network (modified from Valentine and
Trampert (2012)).
deeper, the propagated error to the first hidden layer becomes
very small, thus the parameters of the first few layers change very
litter in training (Larochelle et al., 2009). Nevertheless, interest in
such deep neural networks has been revived with the proposition
of novel approaches (Hinton et al., 2006; Hinton and Salakhutdi-
nov, 2006; Bengio et al., 2007). The autoencoder networks have
been applied to detect anomalies based on the reconstruction er-
ror (Valentine and Trampert, 2012; Fiore et al., 2013; Sun et al.,
2014). The reconstruction error, also called the anomaly score, can
be computed as follows:

Err i R I ,
1j

D

ij ij
1

2∑( ) = ( − )
( )=

where D denotes the dimensions of the data and Ri is the re-
constructed data of the input data Ii. For geochemical data, the
reconstruction error is high for anomalous samples and low for
background samples.

Training the deep autoencoder network consists of three pha-
ses. In the first phase, pre-training, each CRBM is pre-trained re-
spectively for initialized weights. In the second phase, all CRBMs
are unrolled to construct the autoencoder network. Finally, the
entire deep network is fine-tuned via backpropagation to adjust all
of the parameters simultaneously.

2.1. Network pre-training: CRBMs

CRBMs (Chen and Murray, 2003) are variants of the RBM, and
are typically stochastic two-layer neural networks that consist of a
visible layer and a hidden layer with symmetric inter-layer con-
nections defined by a weight matrix {W} (Fig. 2). The continuous
visible and hidden units are introduced by adding zero-mean
Gaussian noise to the input of a sample sigmoid unit.

Let vi and hj represent the states of the visible units i and the
hidden units j, respectively, and let wij represent the bi-directional
connection between units vi and hj. Given the visible units, the
hidden units can be updated as follows:
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where bj denotes the bias of the hidden unit j.
A similar rule can be used to update the visible units with the

hidden units:

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟v f w h b N 0, 1 ,

3
i

j
ji j i∑ σ= + + ( )

( )

where bi is the bias of the visible unit i.
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Fig. 2. An architecture of continuous restricted Boltzmann machines (CRBM).



Fig. 3. A plot of sigmoid function f(x) versus x for three values of a, and with θL¼0,
and θH¼1.
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In Eqs. (2) and (3), the constant σ and N(0, 1) together con-
stitute the noise component, which allows a CRBM to perform an
analogous probabilistic neural computation without quantization,
avoiding any unnecessary loss of information that would result
using a binary RBM (Murray, 2001; Hinton, 2002). Here, N(0, 1) is a
Gaussian random variable with zero mean and unit variance, and f
(xi) is a logistic function defined as
RBM

RBM

RBM

RBM

xy

h1h1'

h2' h2

h3h3'

W1W1
T

W2W2
T

W3W3
T

W4W4
T

x

h1

h2

h3

h2

h1

h3

h4

h4

h3'

h2'

h1'

y

Pre-training U

0.57

0.74
0.41

0.60
0.51

0.45

0.82
0.78

0.69
0.76

0.75

0.56
0.58

0.48
0.49

0.59

0.31
0.20

0.31
0.30

0.42

0.64
0.56

0.67
0.68

0.58

0.41 0

0.42
0.62

0.65
0.61

0.50

0.52
0.60

0.64
0.60

0.53

0.50
0.52

0.60
0.53

0.49

0.47
0.54

0.51
0.47

0.49

0.7
0.7

0.71

0.52
0.48

0.61
0.6

0.39
0.39

0.32
0.33

0.71
0.7

0.63
0.65

0.1487

Cu
Mn
Pb
Zn

Fe2O3

Fig. 4. The construction and calculation
f x
a x

1
1 exp

,
4i L H L

i i
θ θ θ( ) = + ( − )⋅

+ ( − ) ( )

where Lθ and Hθ are two constants defining the asymptotes of the
sigmoid function and ai is the “noise-control” parameter that
controls the slope of the sigmoid function and the nature and
extent of the unit's stochastic behavior. It controls a smooth
transition from noise-free, deterministic behavior to binary-sto-
chastic behavior while ai increases. The plot for the sigmoid
function (Fig. 3) approaches a step function as ai increases.

The CRBM can be trained by a MCD learning rule (Hinton,
2002). The weight (wij), bias (bi), and noise-control parameter (ai)
are updated after each epoch. The updated rules can be expressed
as follows:
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Fig. 5. Simplified geological map of the southwestern Fujian province in China
(modified from Geological Survey Institute of Fujian, 2011).
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where • refers to the expected value over all training samples, and

wη , aη , and bη denote the learning rate for weights, noise-control, and

biases, respectively. Here, vî refers the one-step reconstructed

continuous states of the visible units, hj
^ denotes the one-step re-

constructed continuous states of the hidden units, and si represents
vi for the visible units and hj for the hidden units.

Training the CRBM involves attempting to find and enhance the
correlations between the values of visible and hidden units. Each
CRBM contains a fraction of the number of parameters in the au-
toencoder network (see Fig. 4a). Therefore, the training of CRBM
may be a useful technique to pre-train each layer of autoencoder
network separately.

2.2. Network fine-tuning

After pre-training, the CRBMs are unrolled to create a deep
autoencoder network whose lower layers use the matrices to en-
code the input, and whose upper layers use the matrices in reverse
to decode it (Hinton and Salakhutdinov, 2006) (Fig. 4b). Back-
propagation with a gradient descent technique is used to fine-tune
the entire network (Bengio et al., 2007; Larochelle et al., 2009).
However, fine-tuning with backpropagation does not extract the
features that are used in the hidden layers of the autoencoder
network. Rather, it merely modifies the features extracted at the
pre-training phase with the aim of minimizing reconstruction er-
rors (Hinton and Salakhutdinov, 2006) (Fig. 4c).

For each output unit i in L (i.e., the output layer), the backward
pass is as follows:
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The notations for Eqs. (8) and (9) are listed as follows:
yi: the expected output value for unit i in the output layer;

xi
l: the actual output for the i-th unit in layer l;

nl: the number of units in layer l;
ai

l: the noise-control parameter for the i-th unit in layer l;

i
lθ : the product of the noise-control parameter and the total

input for unit i given by

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟a w x b N 0, 1 ;i

l
i
l

j

n

ij
l

j
l

j
1

1
l 1

∑θ σ= + + ( )
=

−
−

f x( )′ : the derivative of the sigmoid function, where the equa-
tion is f x f x f x1( ) = ( )( − ( ))′ .

wij
l : the weight between i-th unit in layer l and j-th unit in layer

l�1;
According to Eqs. (8) and (9), the partial derivatives are com-

puted, and the updating parameters are as follows:
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where aη is the learning rate for the noise-control parameter.
Pre-training a stack of CRBMs (Fig. 4) is needed in order to
discover a suitable region of the parameter space, and these are
used as the initial parameters for the deep autoencoder network.
Based on these parameters, the autoencoder network is fine-tuned
using backpropagation algorithm to minimize reconstruction er-
rors and to ensure that the output of the network is approximately
equal to the input.
3. Study area and data

3.1. Geological setting and mineralization

The southwestern Fujian district is one of the most important iron
polymetallic metallogenic belts in China (Fig. 5). Extensive Yan-
shanian granitoids were emplaced in this region, and cropped out in
the iron deposit districts. Recent zircon U–Pb dating of granites in
Makeng, Dapai, Luoyang, and the Zhongjia Fe deposit yielded an age
of 125–145 Ma (Zhang et al., 2015a), 134 Ma (Yuan et al., 2013), 131–
132 Ma (Zhang et al., 2012), and 99 Ma (Yang et al., 2008), respec-
tively, indicating a close relationship between the Fe mineralization
and Yanshanian intrusions. The dominant lithologies in the south-
western Fujian are late Paleozoic marine sedimentary rocks, and the
primary ore-hosted strata are middle–lower Carboniferous carbonate
and clastic rock formations discontinuously distributed along the
regionally NE-controlling Zhenghe–Dapu Fault (Han and Ge, 1983).
Other conspicuous structures are NNE-trending Nanping–Ninghua
Fault and NW-trending Shanghang–Yunxiao Fault. The three major
faults define the boundaries of the southwestern Fujian. A genetic
model of these deposits has been built and it indicates that Yan-
shanian granitoids provided heat and metal-bearing magmatic–hy-
drothermal fluids for the Fe mineralization, the secondary faults
provided the pathway for the migration of the fluids, and the contact
zones between granitoids and the late Paleozoic sedimentary rocks
or contact zones between the carbonate and clastic rocks provided
the space for mineralization (Zhang and Zuo, 2014; Zhang et al.,
2015a, 2015b). Previous research indicates that the skarn-type iron
deposits are strongly correlated to the element association of Cu–Pb–
Mn–Zn–Fe2O3 (H. Wang and Zuo, 2015).



Fig. 6. Plots showing the effects of learning rate on pre-training (a) and fine-tune (b).
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3.2. Preprocessing of geochemical data

In the study, stream sediment geochemical data have been
collected at a scale of 1:2000,000 by the Chinese National Geo-
chemical Mapping Project (Xie et al., 1997). The stream sediment
samples were collected at a 2 km�2 km grid within drainage
basins, and analyzed for 39 elements which were determined
based on inductively coupled plasma-mass spectrometry (ICP-MS),
X-ray fluorescence (XRF), and inductively coupled plasma-atomic
emission spectrometry (ICP-AES) as the backbone combined with
other methods. The concentration value for Fe2O3 was determined
by XRF. The concentration value for Cu and Pb was determined by
ICP-MS. The concentration value for Mn and Znwas determined by
ICP-AES. In this study area, the stream sediment data have been
applied to recognize geochemical anomalies related to Fe poly-
metallic deposits (Wang et al., 2015a, 2015b; Zuo et al., 2015b;
Zhang et al., 2015c).

The geochemical data are composition data and should be
processed prior to data analysis due to the closure problem
(Aitchison, 1986; Aitchison et al., 2000; Egozcue et al., 2003;
Filzmoser and Hron, 2008; Filzmoser et al., 2009; Carranza, 2011;
Zuo, 2014). The isometric logratio transformation (ilr) (Egozcue
et al., 2003) was applied to process the raw geochemical data to
address the closure problem.

Before training the CRBM and the autoencoder network, the
measured concentration values of the five elements (Cu, Pb, Mn,
Zn, Fe2O3) related to Fe polymetallic mineralization were nor-
malized into the range [0, 1], using the following function:

y
y y

y y
i, 1, 6682 ,

13i
i min

max min

˜ =
−

−
∈ [ ]

( )

where i denotes the sample number, and ymax and ymin denote the
maximum and the minimum values of y, respectively.
4. Results and discussion

4.1. Autoencoder network architectures selection

Choosing a suitable network architecture is critical to the per-
formance of the autoencoder network. To obtain the optimum
network architecture, the learning rates for pre-training and fine-
tuning, the number of iterations and the size of each hidden layer
with experiments on the geochemical data should be investigated.
Before training of the network, several parameters for the auto-
encoder network and the CRBM must be initialized, such that

w b a0, 0.01 ; 0, 0.01 ; 1, 14ij i iψ ψ= ( ) = ( ) = ( )

where ,ψ μ σ( ) represents a random sample drawn from a Gaussian
distribution.

The relationship between the iterations and reconstruction
errors during pre-training and fine-tuning for a number of differ-
ent choices of learning rates (Fig. 6) show the effects of altering the
pre-training and fine-tuning learning rates, and a higher learning
rate results in a more rapid reduction in reconstruction errors.
However, if the learning rates are too high, the reconstruction
errors usually increase dramatically and the weights risk explod-
ing (Hinton, 2010). As expected, when the learning rates become
large enough, the existing reconstruction errors fluctuate during
the training, and this illustrates the phenomenon of “overfitting”:
at some point during the training, the network begins to learn the
intricacies of the training dataset at the cost of its ability to re-
present unseen examples (Valentine and Trampert, 2012).

As a consequence, the learning rate for the CRBM was set to 0.3,
and the learning rate for fine-tuning was set to 0.8. The
reconstruction errors have not decreased significantly after fine-
tuning the network, indicating that the network is well-trained
during the pre-training phase, and that the parameters for the
autoencoder network have undergone only slight changes (Fig. 6a
and b).

Different iterations can render the autoencoder network under-
trained, well-trained, or over-trained (i.e., overfitted). A well-
trained network concentrates on the general solution. However, an
under-trained network concentrates on a local solution. Over-
trained network contains both general and specific information.
Therefore, it is crucial to determine the appropriate number of
iterations in order to correctly train the network. The average re-
construction error is used as an indicator to produce a well-trained
network. If the average reconstruction error reaches a minimum
and keeps stable, the network is considered well-trained. The
average reconstruction error remains stable at approximately 80
epochs, meaning that the network is considered “nearly well-
trained.” (Fig. 6). In these experiments, the multivariate geo-
chemical anomaly recognition was implemented with an archi-
tecture at 200 epochs during pre-training.

Because the autoencoder network is stacked with CRBMs, the
depth of the network should be considered. It is therefore im-
portant to establish whether too many CRBMs will degrade the
generalization performance. There are various reasons why this
might occur, given that more parameters are added into the for-
mula of the model, while the hidden layer is increased. In such
circumstances, more degrees of freedom are provided to fit the
model, and this makes it susceptible to overfitting (Larochelle
et al., 2009). In this experiment, the autoencoder network was
stacked with four CRBMs (see Fig. 4).

After determining the optimal depth for the autoencoder net-
work, the appropriate size for the different layers must be



Fig. 7. Plots showing reconstruction errors of autoencoder network for three kinds
of architectures.

Fig. 8. Geochemical anomaly map obtained by the autoencoder network.

Fig. 9. Geochemical anomaly map obtained by the continuous restricted Boltz-
mann machines.
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established. In building the network, if there are an insufficient
number of hidden units in the CRBMs, the network will not have
enough recourse to learn the general features of the training
sample population. If there are too many hidden units, on the
other hand, it will increase the training time without necessarily
producing a corresponding increase in performance. In fact, too
many hidden units can result in overfitting (Chen, 2014; Chen
et al., 2014). In the experiment, we considered three general cases,
namely, the size of different layers in terms of increasing it (dou-
bles), maintaining a constant size, or decreasing it (halves) while
increasing of the layer index (Larochelle et al., 2009). These three
cases were explored with a different total number of hidden units
in the network. In Fig. 7, we can observe that the best performance
from altering the size of the network is the one that resulted from
decreasing the size of the hidden layers. Based on the previous
discussion, we ultimately created a 40-20-10-5-10-20-40 auto-
encoder network.

4.2. Recognition of multivariate geochemical anomalies

The geochemical data were normalized within the range [0,1].
Thus, Lθ and Hθ in Eq. (4) were set to 0 and 1, respectively. We
created a 40-20-10-5-10-20-40 autoencoder network and set the
CRBM learning rate to 0.3Cη =( ) and the fine-tuning learning rate
to 0.8Aη =( ) . We generated four CRBMs, and trained each with 200
iterations. The following two parameters were chosen empirically:
(a) learning cost¼0.00001; and (b) learning moment¼0.9. The
autoencoder network was then used to encode all 6682 geo-
chemical samples. The reconstruction error for each geochemical
sample was computed using Eq. (1).

The geochemical anomalies recognized by the autoencoder
network (Fig. 8) show that most of the known skarn-type Fe de-
posits are located in areas associated with high reconstruction
errors in the anomaly map, indicating that these anomalies may be
related to Fe mineralization. The other areas with high re-
construction errors indicate the potential for discovering Fe de-
posits in the study area.

The results were compared with the resulting CRBM
(Figs. 8 and 9). The spatial distribution of the geochemical
anomalies obtained with the autoencoder network and the CRBM
were similar in the study area, indicating that both the CRBM and
the autoencoder network are useful tools for recognition of mul-
tivariate geochemical anomalies.

Student's t-values (Agterberg et al., 1990; Bonham-Cater, 1994)
were used to quantitatively measure the spatial correlation be-
tween the multivariate geochemical anomaly and the locations of
the known Fe-deposits. Student's t-values that are larger than 1.96
indicate a statistically significant spatial correlation. Fig. 10a shows
that the maximum t-value is 4.48 at geochemical anomaly value of
0.25, indicating the geochemical anomalies have strong spatial
correlation with the location of Fe deposits. The t-values reach 1.96
at geochemical anomaly value of 0.16. These two values (0.16 and
0.25) divide the anomaly values into three classes: the high
anomaly (Z0.25), moderate anomaly (0.16–0.25), and low
anomaly (r0.16) (Fig. 10b). The high anomaly area occupies 2.4%
of the total area and contains 31.5% of the total number of known
Fe deposits. The moderate anomaly occupies 34.1% of the total area
and contains 68.4% of known Fe deposits.
5. Conclusions

In this paper, the autoencoder network was applied to re-
cognize geochemical anomalies. It is crucial to select a suitable
network architecture in order to enhance the performance of the



Fig. 10. Plot of Student's t-values vs geochemical anomaly (a), and geochemical
anomaly map (b).
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autoencoder network. However, what counts as an optimal net-
work is likely to vary depending on the precise problem under
consideration. In this study, the parameters for the network, such
as the learning rate, the number of iterations, and the size of each
hidden layer, were determined based on whether they minimized
reconstruction errors. When the reconstruction errors are minimal
and stable, the autoencoder network and its corresponding para-
meters are optimal for modeling populations of geochemical
samples.

The reconstruction error based on the optimal autoencoder
network is a useful indicator of multivariate geochemical anoma-
lies. Based on this indicator, geochemical anomalies were identi-
fied in the southwestern Fujian district (China). The results from
the autoencoder network were compared with the results from a
CRBM, and the spatial distribution of the geochemical anomalies
obtained by autoencoder network and the CRBM were similar in
the study area. There is a strong spatial correlationwith the known
Fe deposits with the anomalous areas, indicating that these two
methods used in this study are powerful tools for recognition of
multivariate geochemical anomalies.
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