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ABSTRACT 

The challenges are learning from data with missing values, and finding shared representations for multimodal data to improve 

inference and prediction. The proposed method uses deep learning technique to reduce the volume of missing data which occur 

due to low battery and transmission loss. In order to find missing data imputation and new modality prediction, the original 

incomplete raw data is trained and tested using stacked auto encoder to predict the corresponding missing value. Deep 

Multimodal Encoding methods use intra and inter modal learning to compute a new modality prediction. Deep Multimodal 

Encoding (DME) can achieve a Root Mean Square Error (RMSE) of the missing data imputation which is only 20% of the 

traditional methods. The performance of Deep Multimodal Encoding is robust to the existence of missing data. 

 

Keyword: Multimodal data fusion, missing data imputation, deep learning.

1. INTRODUCTION 

Data mining technique plays a vital role in the analysis of data. Data mining is the computing process of discovering patterns in 

large data set involving methods at the intersection of artificial intelligence, machine learning, statistics and database system. 

The sensor devices have the capacity to monitor temperature, pressure, humidity, soil makeup, noise levels and lighting conditions. 

Some environmental applications of sensor networks include monitoring environmental conditions that affect crops and livestock; 

irrigation; macro instruments for large-scale earth monitoring and planetary exploration; precision agriculture; biological, earth and 

environmental monitoring in marine, soil, and atmospheric contexts; meteorological or geophysical research.  

Compared to the traditional means of environmental monitoring we adopt wireless networks to monitor environment. The 

advantages are it is unnecessary to lay wire, the network is only deployed once, and the man-made impact on the control environment 

is small. Then the nodes are dense, data acquisition is small and the sensor nodes with a certain calculation, storage capacity, 

enabling collaboration among nodes is ideal. Therefore monitoring parameters of agriculture environment is feasible through 

wireless sensor network. 

Data Mining 

Data mining is a process which is useful for the discovery of information and analysis the aspect of different elements. 

 

 Purpose of data mining 

The process can understand the actual nature of working, but eventually the benefits and feature of these data mining can be 

identified in an accurate manner. One of the most important elements of these data mining is considered as that it provides a clear 

identification of missing value so that one can overcome from risk factor. 

 Characteristics of mining 

Most of the time sensor network will provide incomplete information with the help of data mining systems the perspective value of 

data can be identified. 

 Benefits of data mining 
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Data mining techniques help them with some kind of decision making. Nowadays, all the information about anything can be 

determined easily with the help of technology and similarly with the help of such technology one can make a precise decision about 

something is unknown and unexpected. 

 Limitation 

One of the most possible limitations of this data mining system is that it can provide accuracy of data with its own limits. 

 

WIRELESS SENSOR NETWORK 

The deployed Wireless Sensor Network (WSN) system consists of the battery-powered nodes equipped with sensor for continuously 

monitoring agriculture/weather parameters such as temperature, relative humidity, sunshine hours Figure 1.1 shows the schematics 

of agricultural / environmental sensors deployed in the field.  

 

 
Figure.1.1 WSN Architecture 

The base station has a General Packet Radio Service (GPRS) connectivity through which it routes data to the File Transfer Protocol 

(FTP) server. The sensory data coming to the server through GPRS is raw and has been converted to usable real time data through 

appropriate conversion formula for further analysis and mining. 

Sensory data was collected during the seasons of January 2016 to June 2016 with multiple parameters like temperature, humidity 

and sunshine hours. 

Sensor Networks Application  

Sensor networks may consists of many different types of sensors such as seismic, low sampling rate magnetic, thermal, visual, 

infrared, and acoustic and radar, which are able to monitor a wide variety of ambient condition that includes the following 

 Temperature  

 Humidity 

 Lightning condition 

 Pressure 

 Soil makeup 

 Noise levels 

The applications can be categorized into military, environment and other commercial areas. It is possible to expand this classification 

with more categories such as space exploration and disaster relief. 

DEEP LEARNING 

A “deep” neural network (DNN), in the technical sense, is any Artificial Neural Network (ANN) architecture that has more than 

one stage of non-linear feature transformation. With this definition, a simple 2-layer ANN could be considered a DNN. This 

characterization, however, does not capture the full meaning behind deep learning. The power of deep learning lies in its ability 

performs hierarchical feature abstraction. Unlike shared representation learning, where it can be difficult to extract high-level, 

abstract useful features from the data, deep learning “learns” representations that can be expressed in term of other, simpler 

representations. Feed-forward ANN can be thought of a series of mathematical function mappings from input to output values, 

DNNs can be thought of as a series of extraction stages that are typically then followed by a function mapping to the final output. 

While the choice of optimization algorithm, cost function, data set, regularization techniques, hyper-parameters, and models design 

are crucial to properly implement a deep learning algorithm, in a simple sense, architecturally, this can be accomplished by stacking 

more of the right type of layers on a network. Looking closely at the back-propagation algorithm, it is observed that while all units 

in a particular layer depend on the outputs from the previous layer, they do not depend on values from any adjacent neurons within 

the same layer.  

Intra Modal Learning   

Intra-modal learning framework is coupling between actions in one domain with those of another domain. For instance, parameter 

A could feed the system with temperature data value while user B could feed the system with humidity data value. As the system 

learns how to predict the missing value for both parameters, it begins to form a mapping between temperature and humidity. In other 

words, their respective measurement (𝑦𝐴 and yB) could contain observation of different types of data. 

Inter Modal Learning 

Main advantage of the Deep Multimodal Encoding (DME) model is the ability to learn the inter-modal correlation among different 

modalities. We concatenate two different modality and denote 𝐻 = [𝐻1
𝑥, 𝐻2

𝑦
]. These inter modal learning procedure benefits from 

the intra-modal learning, allowing higher-order structure in the data to be captured more accurately. 
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DATA PREPROCESSING 

Data preprocessing is a data mining technique that involves transforming raw data into an understandable format. Real-world data 

is often incomplete, inconsistent, and/or lacking in certain behavior or trends, and is likely to contain many errors. Hence data 

preprocessing is a proven method of resolving such issues. 

Real world data are generally 

 Incomplete: lacking attribute values, lacking certain attributes of interest, or containing only aggregate data 

 Noisy: containing errors or outliers 

 Inconsistent: containing discrepancies in code or names 

Tasks in data preprocessing 

 Data cleaning: fill in missing values, smooth noisy data, identify or remove outliers, and resolve inconsistencies. 

 Data integration: using multiple databases, data cubes, or files. 

 Data transformation: normalization and aggregation. 

 Data reduction: reducing the volume but producing the same or similar analytical result. 

 Data discretization: part of data reduction, replacing numerical attributes with nominal ones. 

Data Cleaning 

1. Fill is missing values (attribute or class value) 

 Ignore the tuple: usually done when class label is missing. 

 Use the attribute mean (or majority nominal value) to fill in the missing values. 

 Use the attribute mean (or majority nominal value) for all samples belonging to the same class. 

 Predict the missing value by using a learning algorithm: consider the attribute with the missing value as a 

dependent (class) variable and run a learning algorithm to predict missing value 

2. Correct inconsistent data: use domain knowledge or expert decision. 

 Data Transformation 

1. Normalization 

 Scaling attribute values to fall within a specified range 

 Example: to transform v in [min, max] to v’ in [0, 1], apply v’= (v-min)/ (max-min) 

2. Generalization: moving up in the concept hierarchy on nominal attributes. 

3. Attribute construction: replacing or adding new attributes inferred by existing attributes. 

 Data Reduction 

 Reducing the number of attributes. 

 Reducing the number of attribute values. 

 Reducing the number of tuples. 

 

MULTIPLE IMPUTATION FOR MISSING DATA 

Multiple imputations for missing data are an attractive method for handling missing data in multivariate analysis.  

 The first step of multiple imputations for missing data is to impute the missing values by using an appropriate model which 

incorporates variation. 

 The second step of multiple imputations for missing data is to repeat the first step 3-5 times. 

 The third step of multiple imputations for missing data is to perform the desired analysis on each data set by using standard, 

complete data methods. 

 The fourth step of multiple imputations for missing data is to average the values of the parameter estimates across the 

missing values samples in order to obtain a single point estimate. 

 The fifth step of multiple imputations for missing data is to calculate the standard errors by averaging the squared standard 

errors of the missing value estimates. After this, the researched must calculate the variance of the missing value parameter 

across the samples. Finally combine the two quantities in multiple imputations for missing data to calculate the standard 

errors. 

Conditions 

Conditions that should be satisfied before performing imputations for missing data: 

 The first condition for the multiple imputations for missing data is that the data should be missing. In other words, the 

first condition for the multiple imputations for missing data states that the probability of the missing data on a particular 

variable can depend on other observed variables, but cannot depend on itself. 

 The second condition for the multiple imputations for missing data is that the model that is used by the analyzer to 

impute the values should be appropriate. 

https://www.ijariit.com/
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 The third condition for the multiple imputations for missing data is that model that is used by the analyzer should 

match with the other model that is used for the multiple imputations for missing data. 

2. METHODOLOGY 

Assign an unsupervised learning problem with access to the labeled training [ex. (𝑥(𝑖),𝑦(𝑖))]. Neural networks give a way of defining 

a complex, non-linear form of hypotheses ℎ𝑊,𝑏(𝑥), with parameters 𝑊, 𝑏 that can fit to the considered data. 

Neural network with single neuron can be described by the following diagram:  

 

 
Figure.2.1 Single auto-encoder neural networks 

This “neuron” is a computational unit that takes as input 𝑥1, 𝑥2 ,𝑥3,….𝑥𝑛 (and a+1 intercept term), and outputs ℎ𝑊,𝑏(𝑥) = 𝑓(𝑊𝑇x) 

= 𝑓(∑ 𝑊𝑖
3
𝑖=1 𝑥𝑖 +𝑏), where 𝑓: 𝕽    𝕽 is called the activation function. In this, 𝑓(. ) is chosen as a sigmoid function: 

                                𝑓(𝑧) =  1/(1 + exp(−𝑧) )                            (2.1)                                       

 Thus single neuron corresponds exactly to the input-output mapping defined by logistic regression. Although these will use the 

sigmoid function, it is worth noting that another common choice for 𝑓 is the hyperbolic tangent, or tanh, function: 

                                 𝑓(𝑧) = tanh(𝑧) =
𝑒𝑧 −𝑒−𝑧

𝑒𝑧+𝑒−𝑧 .                            (2.2) 

Here are plots of the sigmoid and tanh functions: 

 

 
Figure.2.2 Sigmoid Graph 

 

 
Figure.2.3 tanh Graph 

The tanh(𝑧) function is a rescaled version of the sigmoid, and its output range is [-1, 1] instead of [0, 1]. Finally, one identifies 

that’ll be useful later: If 𝑓(𝑧) =  1 (1 + exp(−𝑧))⁄  is the sigmoid function, then its derivative is given by 𝑓(𝑧) = 𝑓(𝑧)(1 − 𝑓(𝑧)). 

(If 𝑓 is the tanh function, then its derivative is given by𝑓(𝑧) =  1 − (𝑓(𝑧))2.) This can be derived by definition of the sigmoid (or 

tanh) function. 

https://www.ijariit.com/
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Neural Network Model 

A neural network is put together by hooking together many of the simple “neuron” so that the output of a neuron can be the input 

of another. 

 
Figure.2.4 Neural Network Model 

In Figure 2.4, circles are used to denote the inputs to the network. The circles labeled “+1” are called bias units, and correspond to 

the intercept term. The left most layer of the network is called the input layer, and the rightmost layer the output layer. The middle 

layer of nodes is called the hidden layer, because its values are not observed in the training set.  

Let 𝑛𝑙 denote the number of layers; thus 𝑛𝑙 = 3 is the data consider. The label layer 𝑙 as 𝐿𝑙 is the input layer, and layer 𝐿𝑛𝑙 the output 

layer. Neural network has parameters (𝑊, 𝑏) =(𝑊(1), 𝑏(1), 𝑊(2), 𝑏(2)), where 𝑊𝑖𝑗
(𝑙)

 denote the parameter (or weight) associated with 

the connection between unit 𝑗 in layer 𝑙, and unit 𝑖 in layer 𝑙 + 1. Also, 𝑏𝑖
(𝑙)

 is the bias associated with unit 𝑖 in layer 𝑙 + 1. Thus, 

𝑊(1) ϵ 𝑅3𝑋3 is obtained. Note that bias unit doesn’t have inputs or connections going into them, since they always output the value 

+1. Let 𝑠𝑙 denote the number of nodes in layer 𝑙 (not counting the bias unit). 

Let 𝑎𝑖
(𝑙)

 denote the activation (meaning output layer) of unit 𝑖 in layer 𝑙. For 𝑙 = 1, 𝑎𝑖
(1)

 = 𝑥𝑖 denotes the 𝑖-th input. Given a fixed 

setting of the parameter 𝑊, 𝑏, neural network defines a hypothesis ℎ𝑊,𝑏(x) that outputs a real number. 

Specifically, the computation that this neural network represents is given by: 

 

𝑎1
(2)

 = 𝑓(𝑊11
(1)

𝑥1 + 𝑊12
(1)

𝑥2 + 𝑊13
(1)

𝑥3 + 𝑏1
(1)

)                                (2.3) 

  

𝑎2
(2)

 = 𝑓(𝑊21
(1)

𝑥1 + 𝑊22
(1)

𝑥2+ 𝑊23
(1)

𝑥3 +  𝑏2
(1)

)                                (2.4) 

 . 

 . 

 𝑎𝑛
(2)

 = 𝑓(𝑊𝑛1
(1)

𝑥𝑛 + 𝑊𝑛2
(1)

.....................+ 𝑏𝑛
(1)

)                           (2.5) 

 ℎ𝑊,𝑏(𝑥) =  𝑎1
𝑛 = 𝑓(𝑊11

(2)
𝑎1

(2)
+  𝑊12

(2)
𝑎2

(2)
+  … 𝑊1𝑛

(2)
𝑎𝑛

(2)
+  𝑏1

(2)
).       

                                                                                                        (2.6)                                                                                                                                                                             

In the sequel, let 𝑧𝑖
(𝑙)

 denote the total weighted sum of inputs to unit 𝑖 in layer𝑙, including the bias term (e.g 𝑧𝑖
(2)

 = 

∑ 𝑊𝑖𝑗
(1)

𝑥𝑗 +  𝑏𝑖
(1)

),𝑛
𝑗=1  so that 𝑎𝑖

𝑙 = 𝑓(𝑧𝑖
(𝑙)

). (Note that this easily lends itself to a more compact notation. Specifically, the activation 

function 𝑓(. ) to apply to vectors in an element-wise (i.e., 𝑓([𝑧1,𝑧2,𝑧3 … 𝑧𝑛]) =[𝑓(𝑧1), 𝑓(𝑧2), … 𝑓(𝑧𝑛)]), then the above equations 

can be written as: 

 

 𝑧(2) = 𝑊(1)𝑥 +  𝑏(1)                                                                  (2.7) 

 

 𝑎(2) = 𝑓(𝑧(2))                                                                             (2.8) 

 

 𝑧(3) = 𝑊(2)𝑎(2) +  𝑏(2)                                                              (2.9) 

 

 ℎ𝑊.𝑏(𝑥) = 𝑎3 = 𝑓(𝑧(3))                                                           (2.10)  

              

This step is called as forward propagation. More generally, recalling that 𝑎(1) = 𝑥 is also used to denote the values from the input 

layer, then given layer 𝑙’s activations 𝑎(𝑙), be 𝑙 + 1’s activation 𝑎(𝑙+1) can be computed as: 

 𝑧(𝑙+1) = 𝑊𝑙𝑎𝑙 +  𝑏(𝑙)                                                               (2.11) 

 

 𝑎(𝑙+1) = 𝑓(𝑧(𝑙+1))                                                                   (2.12) 

By organizing parameters in matrices and using matrix-vector operations. Only one neural network, has been focused so far, but 

one can also built neural networks with other architectures (meaning patterns of connectivity between neurons), including ones 

with multiple hidden layers. The most common choice is a 𝑛𝑙-layered network where layer 1 is the input layer, layer 𝑛𝑙 is the output 

layer, and each layer 𝑙 is densely connected to layer 𝑙 + 1. In this setting, to compute the output of the network, successive 

computation of all the activation in layer 𝐿2, then layer 𝐿3, and so on, up to layer 𝐿𝑛1 , using the equation(12) above that describe 

https://www.ijariit.com/
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the forward propagation step. This is of a feed forward neural network, since the connectivity graph does not have any directed 

loops or cycles. 

 

Back Propogation 

A fixed training set {(𝑥(1),𝑦(1)), …. ,(𝑥𝑚,𝑦𝑚)} of 𝑚 training example have been considered.  Neural network can be trained by 

using batch gradient descent. In detail, for a single training (𝑥, 𝑦), the cost function with respect to that single example can be: 

                            𝐽(𝑊, 𝑏; 𝑥, 𝑦) = 
1

2𝑁
‖ℎ𝑊,𝑏(𝑥) −  𝑦‖

2
.     

                                                                                            (2.13)                                                              

This is a (one-half) squared-error cost function. Given training set of 𝑚 example the overall cost function to be can be defined as: 

 𝐽(𝑊, 𝑏) =  
1

2𝑁
 ∑ 𝐽𝑚

𝑖=1 (𝑊, 𝑏; 𝑥(𝑖),𝑦(𝑖))  + 
𝜆

2
∑ ∑ ∑ (𝑊𝑗𝑖

(𝑙)𝑠𝑙
𝑗=1

𝑠𝑙
𝑖=1

𝑛𝑙−1
𝑙=1 )2                                                 

                                                                                            (2.14) 

=
1

  2𝑁
 ∑ (

1

2

𝑚
𝑖=1 ‖ℎ𝑊,𝑏(𝑥(𝑖)) − 𝑦(𝑖)‖

2
)  + 

𝜆

2
∑ ∑ ∑ (𝑊𝑗𝑖

(𝑙)𝑠𝑙
𝑗=1

𝑠𝑙
𝑖=1

𝑛𝑙−1
𝑙=1 )2          

                                                                                                      (2.15) 

    

The first term in the definition of 𝐽(𝑊, 𝑏) is an average sum-of squares error term. The second term is a regularization term (also 

called weight decay term) that to decrease the magnitude of the weights, and helps prevent over fitting. 

The weight decay parameter λ controls the relative importance of the two terms. Note also the slightly overloaded notation: 

𝐽(𝑊, 𝑏; 𝑥, 𝑦)  is the squared error cost with respect to a single example; 𝐽(𝑊, 𝑏) is the overall cost function, which includes the 

weight decay term. 

This cost function above is often used for classification and for regression problems. For classification, let y=0 or 1 represent the 

two class labels (recall that the sigmoid activation function outputs values in [0, 1]; if tanh activation function is u sed, -1 and +1 

can be used to denote the labels). For regression problems, the outputs are scaled to ensure that they lie in the [0, 1] range (or using 

a tanh activation function, then the [-1,1] range). 

The goal is to minimize 𝐽(𝑊, 𝑏) as a function of W and b. To train the neural network, initialize parameter 𝑊𝑖𝑗
(𝑙)

  and each 𝑏𝑖
(𝑙)

 is 

initialized to a small random value near zero (say according to a 𝑛𝑜𝑟𝑚𝑎𝑙(0,ɛ2) distribution for some small ɛ, say 0.01), and then 

apply an optimization algorithm such as batch gradient descent. Since 𝐽(𝑊, 𝑏) is a non-convex function, gradient descent is 

susceptible to local optima; however, in practice gradient descent usually work fairly well. Finally, note that it is important to 

initialize the parameters randomly, rather than to all 0’s. If all the parameter starts off at identical values, then all the hidden layer 

units will end up learning the same function of the input (more formally 𝑊𝑖𝑗
(1)

 will be the same for all the values of 𝑖, so that 𝑎1
(2)

=

 𝑎2
(2)

=  𝑎3
(2)

= ⋯ for any input 𝑥). The random initialization serves the purpose of symmetry breaking.  

One iteration of gradient descent updates the parameter 𝑊, 𝑏 as follows: 

 𝑊𝑖𝑗
(𝑙)

 = 𝑊𝑖𝑗
(𝑙)

−  𝛼 
𝜕

𝜕 𝑊
𝑖𝑗
(𝑙) 𝐽(𝑊, 𝑏)                                             (2.16) 

               

 𝑏𝑖
(𝑙)

 = 𝑏𝑖
(𝑙)

 − 𝛼 
𝜕

𝜕 𝑏
𝑖
(𝑙) 𝐽(𝑊, 𝑏)                                                   (2.17) 

               

Where α is the learning rate. The key step is computing the partial derivative. 

 

AUTO ENCODERS AND SPARSITY 

An auto encoder neural network is an unsupervised learning algorithm that applies back propagation, setting the output values to 

be equal to the inputs. i.e., it uses 𝑦(𝑖) =𝑥(𝑖). 

Here is an auto encoder: 

 
Figure.2.5 Training Auto-Encoder and Sparsity 

https://www.ijariit.com/
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The auto encoder tries to learn a function  ℎ𝑊,𝑥(𝑥)  ≈ 𝑥. In other words, it is trying to learn an approximation to the identify function, 

so as to output �̂� that is similar to 𝑥. The identify function seems a particular trivial function to be trying to learn; but by placing 

constraints on the network, such as by limiting the number of hidden units. Suppose the inputs 𝑥 are the weather data values from a 

10 x 10, so 𝑛 = 100, and there are 𝑠2 = 50 hidden unit in layer 𝐿2. Note that 𝑦 휀 𝕽𝟏𝟎𝟎. Since there are only 50 hidden units, the 

network is forced to learn a compressed representation of the input. i.e., given only the vector of hidden unit activations 𝑎2 휀 𝕽𝟓𝟎, 

it must try to reconstruct the 100-value input 𝑥. But even when the number of hidden units is larger(perhaps even greater than the 

number of inputs pixels), and if sparsity constraint on the hidden units is imposed, then the auto encoder will still discover interesting 

structure in the data, even if the number of hidden unit is large. 

A neuron being “active” (or as “firing”) its output value is close to 1, or as being “inactive” its output value is close to 0. The neuron 

is constrained to be inactive most of the time. This assumes a sigmoid activation function. If tanh activation function is used, then 

the output of inactive neuron is close to -1. 𝑎𝑗
(2)

 is denoted as the activation of hidden unit 𝑗 in the auto encoder before. However, 

this notation doesn’t make explicit what was the input 𝑥 that led to that activation. Thus,  𝑎𝑗
(2)

(𝑥) denotes the activation of this 

hidden unit when the network is given a specific input 𝑥. Further, let 

�̂�𝑗 =  
1

𝑚
 ∑ [ 𝑎𝑗

(2)𝑚
𝑖=1  (𝑥(𝑖))]                                                          (2.18)  

Be the average activation of hidden unit 𝑗 (averaged over the training set).  

�̂�𝑗 =  𝜌 ,                                                                                     (2.19) 

Where 𝜌 is a sparsity parameter, typically a small value close to zero (say 𝜌 = 0.05). In other words the average activation of a each 

hidden neuron 𝑗 to be close to 0.05. For this constraint, the hidden unit’s activation must mostly be near 0. 

An extra penalty term is added to the optimization objective that penalizes �̂�𝑗 deviating significantly from 𝜌. Many of the penalty 

term will give reasonable results. Thus, 

∑ 𝐾𝐿(
𝑠2
𝑗=1 𝜌‖�̂�𝑗),                                                                    (2.20) 

Where  𝐾𝐿(𝜌‖�̂�𝑗) =  𝜌 log
𝜌

�̂�𝑗
+  ( 1 − 𝜌) log

1−𝜌

1−�̂�𝑗
  is the Kullback-Leibler (KL) divergence between a Bernoulli random variable 

with mean  𝜌 and a Bernoulli random variable with mean �̂�𝑗. KL-divergence is a standard function for measuring how different two 

different distributions. 

This penalty function has the property that 𝐾𝐿(𝜌‖�̂�𝑗) = 0 if  �̂�𝑗 =  𝜌, and otherwise it increases monotonically as �̂�𝑗 diverges from 

𝜌.we see that the KL-divergence reaches its minimum of 0 at �̂�𝑗 =  𝜌, and blows up as �̂�𝑗approaches 0 or 1. Thus, minimizing this 

penalty term has the effect of causing �̂�𝑗 to be close to 𝜌.  
The overall cost function is now 

𝐽𝑠𝑝𝑎𝑟𝑠𝑒(𝑊, 𝑏) =  𝐽(𝑊, 𝑏) +  𝛽 ∑ 𝐾𝐿(
𝑠2
𝑗=1 𝜌‖�̂�𝑗),                        (2.21) 

Where 𝐽(𝑊, 𝑏) is also defined, and 𝛽 controls the weight of the sparsity penalty term. The term �̂�𝑗 (implicitly) depends on 𝑊, 𝑏 

because it is the average activation of hidden unit depends on the parameters 𝑊, 𝑏. 

Thus a forward pass on all the training is to be computed, first to compute the average activations on the training set, before 

computing back propagation on my computation. If the training set is small enough to fit comfortably, forward passes are computed. 

The resulting activation is kept in memory compute the �̂�𝑗s is computed. Precompiled activations is used to perform back 

propagation. If the data is too large, scanning is performed to a forward pass on each to accumulate the activations and compute  �̂�𝑗 

(discarding the result   of each forward pass after you have taken its activation 𝑎𝑗
(2)

 into account for computing �̂�𝑗). Then after having 

computed �̂�𝑗 the forward pass is performed,  so back propagation can be done. 

STACKED AUTO ENCODERS 

The greedy layer wise approach for pre-training a deep network works by training each layer in turn. For pre-training the weights 

of a deep network auto encoder can be “stacked” in a greedy layer-wise.  

A stacked auto encoder is a neural network consisting of multiple layers of sparse auto encoders in which the outputs of each layer 

is wired to the inputs of the successive layer. Formally, consider a stacked auto encoder with 𝑛 layers. Using notation from the auto 

encoders, let  𝑊(𝑘,1), 𝑊(𝑘,2),𝑏(𝑘,1), 𝑏(𝑘,2) denote the parameters 𝑊(1),𝑊(2),𝑏(1),𝑏(2) for 𝑘𝑡ℎ auto encoder. Then the encoding step 

for the auto encoder is given by running the encoding step of each layer in forward order: 

𝑎(𝑙) = 𝑓(𝑧(𝑙))                                                                               (3.22) 

 

𝑧(𝑙+1) =  𝑊(𝑙,1)𝑎(𝑙) + 𝑏(𝑙,1)                                                       (3.23) 

The decoding step is given by running the decoding stack of each auto encoder in reverse order: 

𝑎(𝑛+𝑙) = 𝑓(𝑧(𝑛+𝑙)                                                                      (3.24) 

  𝑧(𝑛+𝑙+1) = 𝑊(𝑛−𝑙,2)𝑎(𝑛+𝑙) + 𝑏(𝑛−𝑙,2)                                       (3.25) 

The information of interest is contained within 𝑎(𝑛), which is the activation of the deepest layer of hidden units. The vector gives us 

a representation of the input in terms of higher-order features. 

The features from the stacked auto encoder can be used for classification problems by feeding 𝑎(𝑛) to a soft-max classifier. 
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Training 

Parameters for a stacked auto encoders is to use greedy layer-wise training. To do this, first train the first layer on raw input to obtain   

parameter 𝑊(1,1), 𝑊(1,2), 𝑏(1,1), 𝑏(1,2). Use the first layer to transform the raw input into a vector consisting of activation of the 

hidden units. Train the second layer on these vector parameters 𝑊(2,1), 𝑊(2,2), 𝑏(2,1), 𝑏(2,2). Repeat for subsequent layers, using the 

output of each layer as input for the subsequent layer. 

This method trains the parameter of each layer individually while freezing parameters for the remainder of the model. To produce 

better results, after this phase of training is complete, fine-tuning using back-propagation can be used to improve the results by 

tuning the parameters of all layers are changed at the same time. 

Steps of Stacked Auto Encoder 

First, sparse auto-encoder is trained on the raw inputs 𝑥𝑘  to learn primary features ℎ(1)(𝑘) on the raw input 

 

 
Figure.2.6 Train First Parameter in Stacked Auto Encoder 

Next, the raw input into this trained sparse auto-encoder is feed to obtain the primary activations ℎ(1)(𝑘) for each of the 

inputs 𝑥(𝑘). The “raw input” is used as a parameter to another sparse auto encoder to learn secondary feature ℎ(2)(𝑘) on these 

parameter.  

 
Figure.2.7 Train Second Parameter in Stacked Auto Encoder 

Following this, the parameter value is feed into the second sparse auto encoder to obtain the secondary parameter activations ℎ(2)(𝑘) 

for each of the primary parameter ℎ(1)(𝑘) (which correspond to the primary parameter value of the corresponding inputs 𝑥𝑘).  Then 

these secondary parameter values are treated as “raw input” to a soft-max classifier, training it to map secondary parameter value. 

 

 

 
Figure.2.8 Soft-Max Classifications 

 

 Finally, three layers are combined together to form a stacked auto-encoder with 2 hidden layers and a final soft-max classifier layer 

capable of classifying the corresponding raw data. 
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Figure.2.9 Complete Stack Auto Encoder Process 

 

FINE-TUNING STACKED AUTO ENCODER 

Fine tuning is a strategy that is commonly found in deep learning. As such, it can also be used to greatly improve the performance 

of a stacked auto-encoder. From a high level perspective, fine tuning treats all layer of a stacked auto-encoder as a single model, so 

that in one iteration, all the weights in the stacked auto-encoder are improved. 

To implement fine tuning for stacked auto-encoders in order to compute the gradients for all the layers of the stacked auto-encoder 

in each iteration, the back propagation algorithm is used. As the back propagation algorithm can be extended to apply for an 

arbitrary numbers of layers, it can apply to the auto-encoder of arbitrary depth. 

 

Table I 

SYMBOL DESCRIPTION 

Symb

ol 

 Description   

𝑥  Input feature for a training, 𝑥 ∈  𝑹𝒏   

𝑦  Output values. Here, 𝑦 can be vector valued. In 

the case of an auto encoder 𝑦 = 𝑥 

  

(𝑥(𝑖),

𝑦(𝑖)) 

 The 𝑖-th training   

ℎ𝑊,𝑏(𝑥)  Output of our hypothesis on input 𝑥, using 

parameters 𝑊, 𝑏. This should be a vector of the 

same dimension as the output value 𝑦. 

  

𝑊𝑖𝑗
(𝑙)

  The parameter associated with the connection 

between unit 𝑗 in layer 𝑙, and unit 𝑖 in layer 𝑙 +
1. 

  

𝑏𝑖
(𝑙)

  The bias term association with unit 𝑖 in layer 

𝑙 + 1. Can also be thought of as the parameter 

association with the connection between the 

bias unit in layer 𝑙 and unit 𝑖 in layer 𝑙 + 1 

  

Ɵ  Our parameter vector. It is useful to think of 

this as the result of taking the parameter 𝑊, 𝑏 

and unrolling them into a long column vector. 

  

𝑎𝑖
(𝑙)

  Activation (output) of unit 𝑖 in layer 𝑙 of the 

network. In addition, since layer 𝐿1 is the input 

layer, we also have 𝑎𝑖
(1)

 = 𝑥𝑖 

  

𝑓(. )  The activation function we used 𝑓(𝑧) = tanh(𝑧)   

𝑧𝑖
(𝑙)

  Total weighted sum of inputs to unit 𝑖 in layer 

𝑙. Thus 𝑎𝑖
(𝑙)

= 𝑓(𝑧𝑖
(𝑙)

) 
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Α  Learning rate parameter   

𝑠𝑙  Number of units in layer 𝑙 (not counting the 

bias unit) 

  

𝑛𝑙  Number layers in the network. Layer 𝐿1 is 

usually the input layer, and layer 𝐿𝑛𝑙 the output 

layer. 

  

Λ  Weight decay parameter.   

�̂�  For an auto-encoder, its output, i.e., its 

reconstruction of the input 𝑥. 

  

3. SYSTEM DESIGN 

SYSTEM ARCHITECTURE 

 

Figure.3.1 Architecture Diagra 

Figure 3.1 explains an architecture diagram for the proposed algorithm. 

Input incomplete raw data and feed-forward it into stacked auto-encoder for training. Suppose we have 𝑁 training sample with each 

of 𝑇 time-slots, then the environmental matrix 𝑋𝑐 ɛ  𝑅𝑁𝑋𝑇. Hence, in order to find algorithms to deal with incomplete sensor datasets. 

Next the task is to fill the missing entries in 𝑋 such that the imputation values are as close to the ground truth value. The observed 

values are taken into consideration. Finally, the missing values in 𝑋 are filled through the feed forward outputs of the neural network. 

The idea behind is that as long as DME can reconstruct the observed values, it captures the important feature of the sensor data. 

Hence, when the DME model is trained compute the activations in each hidden layer to get the reconstruction �̂� of the incomplete 

input 𝑋 by following the feed forward process and any missing entry 𝑥𝑛,𝑡 in the input can be imputed with the reconstruction output 

 �̂�𝑥,𝑡. New modality prediction can be given two input environmental data 𝑋𝑐and 𝑌𝑐, use shared representation DME to predict a 

new modality 𝑧. 

Mini-Batch Stochastic Gradient Descent 

Mini-batch gradient descent is a variation of the gradient descent algorithm that splits the training dataset into small batches that are 

used to calculate modal error coefficients. 

Implementations may choose to sum the gradient over the mini-batch or take the average of the gradient which further reduces the 

variance of the gradient. 

Mini-batches descent seeks to find a balance between the robustness of stochastic gradient descent and the efficiency of bath 

gradient. It s is the most common implementation of gradient descent used in the field of deep learning. 

  

MODULES 
1. 1st auto-encoder. 

2. 2nd auto-encoder.  

3. Fine-tuning DME. 

4. New modality prediction. 
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1st Auto-Encoder 

Define the parameter of the first auto-encoder. Import the size of input vector, size of hidden layer vector of first auto encoder and 

second auto encoder, average activation of hidden units, weight decay, sparsity penalty, number of optimization iterations and the 

number of classes. Then load the corresponding training and testing data. Train the data in sparse auto-encoder to predict a missing 

data.   

First run a “forward pass” to compute all the activations throughout the auto-encoder neural network, including the output value of 

the ℎ𝑊,𝑏(𝑥).Then, for each node 𝑖  in layer 𝑙, compute an “error term” 𝛿𝑖
(𝑙)

 that measures how much that node was “responsible” for 

any errors in our output. For an output node, the difference between the output layer and the input layer can be directly measure for 

an output node, and use that to define 𝛿𝑖
(𝑛𝑙)

 (where layer 𝑛𝑙 is the output layer). The values 𝛿𝑖
(𝑙)

 is computed based on a weighted 

average of the error terms of the nodes that uses 𝑎𝑖
(𝑙)

 as an input, here is the back propagation algorithm: 

 

Step 1: Perform a feed forward pass, computing the activations for layer 𝐿2, 𝐿3, and so on up to the output layer 𝐿𝑛𝑙. 

Step 2: For each output unit 𝑖 in layer 𝑛𝑙 (the output layer), set 

 

𝛿𝑖
(𝑛𝑙)

 = 
𝜕

𝜕𝑧𝑖

(𝑛𝑙) 
1

2
 ‖𝑦 −  ℎ𝑊,𝑏(𝑥)‖

2
                     (3.1) 

Step 3: For 𝑙 =  𝑛𝑙 −  1, 𝑛𝑙 − 2, 𝑛𝑙 − 3, … ,2 

 For each node 𝑖 in layer, set  

𝛿𝑖
(𝑙)

 =  ∑ 𝑊𝑗𝑖
(𝑙)

𝛿𝑗
(𝑙+1)𝑠𝑙+1

𝑗=1   𝑓 (𝑧𝑖
(𝑙)

)                  (3.2) 

Step 4: Compute the desired partial derivatives, which are given as: 
𝜕

𝜕𝑊
𝑖𝑗
(𝑙) 𝐽(𝑊, 𝑏; 𝑥, 𝑦) =  𝑎𝑗

(𝑙)
𝜕𝑖

(𝑙+1)
 

 
𝜕

𝜕𝑏
𝑖
(𝑙) 𝐽(𝑊, 𝑏; 𝑥, 𝑦) = 𝛿𝑖

(𝑙+1)
                            (3.3) 

 

 

Finally, we implement one iteration of batch gradient descent as follows: 

Step 1: Set  ∆𝑊(𝑙) : = 0, ∆𝑏(𝑙) : =0 (matrix/vector of zero) for all 𝑙. 
Step 2: For 𝑖 = 1 to 𝑚, 

a. Use back-propagation to compute ∆𝑤(𝑙) 𝐽(𝑊, 𝑏; 𝑥, 𝑦) and  ∆𝑏(𝑙) 𝐽(𝑊, 𝑏; 𝑥, 𝑦) 

b. Set ∆𝑊(𝑙) := ∆𝑊(𝑙)+ ∆𝑤(𝑙) 𝐽(𝑊, 𝑏; 𝑥, 𝑦).    (3.4) 

 

c. Set ∆𝑏(𝑙) ∶= ∆𝑏(𝑙)+∆𝑏(𝑙) 𝐽(𝑊, 𝑏; 𝑥, 𝑦).        (3.5) 

Step 3: Update the parameters: 

       𝑊(𝑙) = 𝑊(𝑙) – α    
1

𝑚
 ∆𝑊(𝑙) + 𝜆𝑊(𝑙)                                                                      

 

 

                                                                        (3.6) 

    𝑏(𝑙) = 𝑏(𝑙) – [α  
1

𝑚
 ∆𝑏(𝑙)]                         (3.7) 

                                                   

To train our neural network, we can now repeatedly take step of gradient descent to reduce our cost function  𝐽(𝑊, 𝑏). 

2nd Auto Encoder 

Here stacked auto encoder neural network is used for implementation. It consists of multiple layers of sparse auto encoder in which 

output of each layer is wired to the next auto encoder input.  A way to obtain good parameter for a stacked auto encoder is to use 

greedy layer training. Now set input to the next hidden layer activation of 1st auto encoder for all modalities. And repeat the 

optimization objective function using MSGD (Mini-batch stochastic gradient descent). 

Fine-Tuning Deep Multimodal Encoding 

Fine-tuning using back propagation can be used to improve the results by tuning the parameters of all layers are changed at the same 

time. 

Step 1: Perform a feed-forward pass, computing the activations for layers 𝐿2, 𝐿3, up to the output layer 𝐿𝑛𝑙, using the equations 

defining the forward propagation steps. 

Step 2: For the output layer (layer 𝑛𝑙), set 

 𝛿(𝑛𝑙) = − (∆𝑎𝑛 𝐽) . 𝑓′(𝑧(𝑛𝑙))                 (3.8)                                                                    
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     (When using soft-max regression, the soft-max layer has ∆ 𝐽 =  Ɵ𝑇(𝐼 − 𝑃) where 𝐼 is the input lablels and 𝑃 is the 

vector of conditional probabilities). 

Step 3: For𝑙 =  𝑛𝑙 −  1, 𝑛𝑙 −  2, 𝑛𝑙 −  3, … . .2 

 Set  

  𝛿(𝑙) = ((𝑊(𝑙))
𝑇 

𝛿(𝑙+1) . 𝑓′(𝑧(𝑙))    (3.9)                                                  

Step 4: Compute the desired partial derivatives: 

 

 𝐽(𝑊, 𝑏) =  
1

𝑚
 ∑ 𝐽(𝑊, 𝑏; 𝑥(𝑖)𝑚

𝑖=1 , 𝑦(𝑖)              (3.10)                                            

New Modality Prediction 

Step 1: Train a DME for modalities x and y. 

Step 2: Feed forward DME to get shared representation 𝐻𝑥𝑦. 

Step 3: Training auto-encoder for modality z. 

Step 4: Feed forward auto-encoder to get hidden layer activation 𝐻𝑍 

Step 5: Train an over-complete auto encoder for 𝐻𝑥𝑦 and 𝐻𝑧 

Step 6: Unroll the three neural networks for prediction. 

4. IMPLEMENTATION RESULT 

Data Sets Analysis 

The data set used for the experiments consists of three modalities: temperature (in degree Celsius), humidity (%) and sunshine hours 

collected through an agriculture sensor network. Sensory data was collected during the seasons of January 2016 to June 2016. The 

data is in daily interval time series in which there are missing data across all 3 modalities. Totally, 1,674 samples are present. For 

each modality the training set is a 120 x 30 matrix where each row is a sample consisting of 30 reading with missing values.  

 

MISSING RATE 

 

 
Figure 4.1 Missing Rate vs Temperature and Sunshine 

 

Figure 4.1 shows that comparing the missing rate between temperature and humidity. The horizontal axis represents the missing 

rate while vertical axis measures 

Table II 

CALCULATION TABLE FOR ROOT MEAN SQURE ERRORS 

 

Missing Rate Temperature SunshineHour  

0.2 

0.5 

0.8 

 

2.5057 

4.177 

4.76 

2.4727 

2.63 

2.79 

 

The deep multimodal encoding predict the missing values accurately i.e. the Root Mean Square Error under high missing rate does 

not differ too much from the RMSE under low missing rate. 

5. CONCLUSION AND FUTURE WORK 

In this project, deep learning overcomes the challenges of missing data imputation and multimodal sensor data fusion in wireless 

sensor networks. To deal with training data with missing values, a new modality is predicted. The deep learning computes shared 

representation for the multimodal data to predict missing values. DME improved performance with a data set collected from a real-

world agriculture wireless sensor datasets. This method helps to predict the missing value. Thus the performance of Deep 

Multimodal Encoding (DME) is robust to the existence of missing data. 

In the future work proposed system enhance recurrent neural network for modeling these kinds of data.  

. 
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