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Abstract: The processing capacity and power of nodes in a 

Wireless Sensor Network (WSN) are restricted. The quality of the 

images is deficient, and the contents of the images may vary after 

decoding when we apply image compression algorithms in WSN. 

Various compression algorithms are compared in this paper. An 

Image Compression method based on Restricted Boltzmann 

Machine (RBM), Auto encoders and Non-negative Matrix 

Factorization (NMF), Least Square Non-Negative Matrix 

Factorization (LSNMF), Projective Non-Negative Matrix 

Factorization (PNMF) network are proposed in this paper. For 

the WSN, we have used a Message Queue Telemetry Transport 

(MQTT) protocol. We have used a three Raspberry Pi’s to build a 

WSN; Publisher, Broker, Subscriber. A Publisher, where it can 

trigger the camera and captures the images then compress it and 

send it to another raspberry pi which is a MQTT broker. The 

PSNR values for those image compression methods were analyzed 

and compared against each other for images evaluated from the 

MNIST dataset. Along with the simulation results, all these 

compression methods are implemented using hardware 

implementation. Raspberry Pi, a single-board computer with 

in-built Wi-Fi capabilities, was used in establishing a WSN. 

Message Queue Telemetry Transport (MQTT) protocol was used 

for transmitting the compressed images across the WSN, that 

offers fast and reliable transmission. 

 

Keywords: Auto Encoder, RBM, NMF, PNMF, LSNMF, WSN, 

MQTT 

I. INTRODUCTION   

   Wireless Sensor Nodes (WSNs) play a very significant 

role in our day to day applications.  As the resources in each 

sensor node are limited. It is challenging to reduce energy 

consumption and increase the lifetime of a sensor node. 

 

 
Figure 1. MQTT Architecture 

 Currently, the Image Compression algorithms in WSNs are 

subject to the random changes in image contents. It is difficult 

to describe various images in the real world with only one 

kind of image model. The neural network model is adopted in 

WSNs to compress the images. We have used three image 

compression algorithms in this work for implementing the 

WSN. They are Autoencoders, Restricted Boltzmann 

Machines (RBM), and Non-Negative Matrix Factorization 

(NMF). 

An autoencoder learns to compress data into a 

low-dimensional representation and then reconstructs that 

representation into something that matches the original data. 

This way, the low-dimensional description ignores the noise, 

which does not help rebuild the original data. 

 There are various types of learning in Machine learning, 

supervised learning, unsupervised learning, and 

reinforcement learning. The example of unattended Restricted 

Boltzmann machines (RBMs) is an unsupervised class of 

machine learning algorithms. These algorithms are used to 

represent the internal representation of data. This allows the 

RBM to sample the output of the visible units independently, 

given the hidden layer input, and vice versa. 

The examples of low-rank approximations are canonical 

methods, such as Principal Component Analysis (PCA), 

Linear Discriminant Analysis (LDA), Independent 

Component Analysis (ICA), Vector Quantization (VQ), etc., 

they differ from one   

 

 
Fig: 2: Raspberry Pi Single-board Computer 

Another in the statistical properties attributable to the 

different constraints imposed on the component matrices and 

their underlying structures. Paatero and Tapper first 

introduced NMF as the concept of Positive Matrix 

Factorization, which concentrated on a specific application 

with Byzantine algorithms.  

LSNMF gives patterns analysis of microarray datasets. 

LSNMF is better than NMF as it introduces uncertainty 
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estimates in update rules. Due to this reason LSNMF is more 

stable than NMF datasets, noise is less and sensitivity to 

signals is more. 

For transmitting images over the WSN network, we have 

used MQTT Protocol. MQTT is a lightweight open 

messaging standard maintained by OASIS.  MQTT is used 

whenever extensive data has to be collected in real-time 

applications like weather, telematics, and transportation.TCP 

/IP connection is maintained between the clients and a broker 

server. 

. Clients subscribe to messages of interest. The MQTT 

broker uses this connection to push new messages to clients 

who have subscribed to those messages.  

For resource-constrained scenarios, such as a WSN, 

maintaining TCP/IP connections could be too complicated for 

low-footprint sensor-actuator (SA) nodes. 

The Raspberry Pi is known as a single-board computer, 

which is a computer, desktop, laptop, or smartphone, but built 

on a single printed circuit board. Like most single-board 

computers, the Raspberry Pi is small like a credit card.  It runs 

on Raspberry pie, a Linux based Operating system, thereby 

making it easier for the developer to run software like on a 

Windows-based computer.  

In building our WSN network, we use multiple Raspberry 

Pi boards that can perform a particular function in the WSN.In 

this one unit can act as a broker to establish the 

communication with other Raspberry Pi units in the network, 

while the other groups can publish (send) or subscribe 

(receive) images across the WSN network. The broker 

handles the scheduling, transmission, and authorization of the 

publishers/subscribers in the WSN.  

II. RELATED WORK 

The main differences [1] lie in the way is the way we deal 

with compress the images and transfer the images through 

WSN. But they haven‟t used an MQTT protocol which is fast 

and reliable. They have used only RBM technique; we used 

three compression algorithms and transferred images through 

a wireless sensor network. 

Theis, Lucas [2] proposed a method to compress the images 

using an autoencoder. The technique they have introduced 

results in the lossy images. 

 
Fig 3: Compressive Autoencoder Architecture 

 

Younghoon (2018) proposed a method based on wireless 

sensor networks. They are capturing images from a camera 

sensor and transmit via a wireless sensor network. They are 

not using any compression algorithm before transferring the 

data. This is resulting in slow transfer rates. 

Singh, Ramnik, and Anil Kumar Verma in (2017) proposed 

a way of image transfer via wireless sensor networks. They 

have used a cross-layer optimization technique to transfer the 

images throughout the network. But they have a limited 

capability of sensor nodes make it difficult to transmit the 

images as they require substantial amounts of overheads to be 

sent. 

Atmoko, R. A., R. Riantini, and M. K. Hasin in 2017 

implemented a Real-time data acquisition using MQTT. They 

have transferred the real-time text data though out the wireless 

network. The main difference with our project is not dealing 

with image transmission.  

Ahmed, Sevil, Andon Topalov, and Nikola Shakev in 2017 

implemented [32]  a robust based wireless sensor network 

using MQTT protocol. They have used cloud computing 

technology to communicate. But we are using hardware which 

can transmit communicate wirelessly. 

Jaladi, Aarti Rao, Karishma Khithani, Pankaja Pawar, 

Kiran Malvi, and Gauri Sahoo in 2017 implemented a 

Wireless sensor network[22] based on IoT. The difference 

between our project lies in hardware and software they have 

used. They have used a ZigBee module to transmit wirelessly. 

The limitation here is ZigBee can transfer images in a 2.4kb/s. 

It is very slow than our hardware. Another hardware is a 

Bluetooth module which is used to transmit via Bluetooth. 

This could be another limitation.  

III. IMPLEMENTATION OF IMAGE COMPRESSION 

METHODS 

A. Autoencoders 

The autoencoder neural network is an example of 

unsupervised algorithm. It is applied to the back propagation 

and the target values to be equal to the inputs y(i) = x(i). 

 
Fig 4: Convolutional Autoencoders. 

To achieve the desired output, features will be compressed 

during the middle layer, as the convergent and divergent 

layers are used. 

A sample has been shown. The input and output layers have 

five neurons, whereas the number of neurons has been 

gradually decreased in the middle sections. The compressed 

layer has only two neurons, which is the number of latent 

dimensions we would like to extract from the data. 
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Fig 5: Encoder-Decoder Architecture during the Training 

Phase 

To define the encoder () and the decoder (), an autoencoder 

can be mathematically represented as follows: 

[3] 

As mentioned in the equation, the parameters of the encoder 

and the decoder are optimized in a way that minimizes a 

special kind of error, which is known as reconstruction error. 

Reconstruction error is the error between the reconstructed 

input and the original input. 

 

1) Auto encoder Train Parameters: 

The following parameters may be set to train function of 

convolutional autoencoder.  

Number of batches: The training set is divided into this many 

batches for stochastic gradient descent Here batch size is 100 

taken into consideration.  

Learning rate: This is the initial learning rate. This should be 

small. We have taken learning rate as 0.01. 

Max epochs: This is a backstop, in other words, insurance 

against endless iteration. A maximum epoch 2000 is taken for 

consideration. 

 

2) Compression Algorithm Implementation in Python: 

The whole image compression algorithm is implemented in 

python with TensorFlow backend that supports the neural 

network specific libraries.  

i. Read and load a MNIST Dataset. 

ii. Extract the images from the dataset and load into a 

NumPy array. 

iii. Pre-processing the image into default size which is 

28*28 and color mode is grayscale. 

iv. Creating the Neural Network model for encoding the 

Image dataset. 

v. Creating the Neural Network model for decoding the 

compressed image dataset. 

vi. Train the model using train parameters as we discussed 

earlier. 

vii. Validate the test images and compute the loss. 

viii. Save the model and load the model for testing new 

images. 

ix. Calculate the PSNR ratio for original image and 

compressed images. 

B. Restricted Boltzmann Machines 

Boltzmann machines of the unrestricted type consist of a 

neural network with an input layer and several hidden layers. 

The neurons or units in the neural network make stochastic 

decisions about whether to turn on or not based on the data fed 

in during training and the cost function the Boltzmann 

machine is trying to minimize. With this training, the 

Boltzmann machine discovers interesting features about the 

data, which helps model the complex underlying relationships 

and patterns present in the data. 

The following diagram illustrates the architecture of RBM. 

 

 
Fig 6: Restricted Boltzmann Machines (RBM) 

Architecture 

The weight, wij ∈ W, connects the visible unit, i, to the 

hidden unit, j, where W ∈ Rm x n is the set of all such weights, 

from visible units to hidden units. The biases in the visible 

units are represented by bi ∈ b, whereas the biases in the 

hidden units are represented by cj ∈ c. 

Inspired by[17] ideas from the Boltzmann distribution in 

statistical physics, the joint distribution of a visible layer 

vector, v, and a hidden layer vector, h, is made proportional to 

the exponential of the negative energy of the configuration: 

                           [4] 

Before we compress the images using RBM, let‟s first build 

one using matrix factorization, one of the most successful and 

popular collaborative filtering algorithms today. Matrix 

factorization decomposes the user-item matrix into a product 

of two lower dimensionality matrices. Users are represented 

in lower dimensional latent space, and so are the items. 

Assume our user-item matrix is R, with m users and n items. 

Matrix factorization will create two lower dimensionality 

matrices,  

H and W. H is an "m users” x "k latent factors” matrix, and 

W is a "k latent factors” x "n items” matrix.  

The ratings are computed by matrix multiplication:  

R = H__W.  [5] 
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The number of k latent factors determines the capacity of 

the model. The higher the k, the greater the capacity of the 

model. By increasing k, we can improve the personalization 

of rating predictions for users, but, if k is too high, the model 

will overfit the data. 
 

1) RBM Train Parameters: 

All parameters are pre-set to defaults that should be 

reasonable for many or most applications. The following 

parameters may be set: 

Random initialization iterations: This is the number of trial 

weight sets that are tested to find a good starting point for 

stochastic gradient descent training. Here we have used 2000. 

Number of batches: The training set is divided into this many 

batches for stochastic gradient descent Here batch size is 100 

taken as consideration.  

Learning rate: This is the initial learning rate. This should be 

small, probably smaller than the value the user is accustomed 

to for other programs. We have taken learning rate as 0.5. 

Max epochs: This is a backstop, in other words, insurance 

against endless iteration. A maximum epoch 100 is taken for 

consideration. 
 

2) Compression Algorithm Implementation in Python: 

The whole image compression algorithm is implemented in 

python with TensorFlow backend that supports the neural 

network specific libraries.  

i) Read a MNIST dataset: Download a dataset which are 

archives from a MNIST website. 

ii) Read MNIST image - Unzip the dataset and read all 

images into a NumPy array. 

iii) Split the dataset for test and train - Splitting of a dataset 

for train set of images to train the model and test set of 

images is to validate the model. 

iv) Adding the Optimization function - Optimization 

function is to generate the loss between train real images 

and predicted images. 

v) CNN neural network model for Image Compression:    A 

Neural network model is to create the network between 

input and output. 

vi) Train the model using train parameter as we have 

discussed earlier. 

vii)  Predict the compressed images. 

viii) Validate the test images and compute loss. 

ix)   Save the model in a local directory. 

x) Load the model and test it for new images. 

xi) Calculate the PSNR Ratio for original image and 

compressed image. 
 

A standard MNIST-format image file is read.  

Non-Negative Matrix Factorization 

 

When the dataset, X, is non-negative, it is possible to apply 

a factorization technique, which has been proven to be more 

reliable when the goal of the task is to extract atoms that 

correspond to the structural parts of the samples. For example, 

in the case of images, they are supposed to be geometrical 

elements or even more complex parts. The main condition 

imposed by Non-Negative Matrix Factorization (NMF) is that 

all of the matrices involved must be non-negative and X = 

UV. Hence, once a norm, N, has been defined, the simple 

objective becomes the following: 
 

[6] 

As this is not generally acceptable when sparsity is also 

needed (and, moreover, to allow for greater flexibility in 

changing the solution to meet specific requirements), the 

problem is often expressed (such as in scikit-learn) by adding 

penalties on both Frobenius (a matrix extension of L2) and L1 

norms (for example, in ElasticNet): 
 

  [7] 

Double regularization allows you to obtain both sparsity 

and a better match between the components and the parts of 

the samples, by avoiding an effect similar to the over fitting of 

supervised models (as the solution is sub-optimal, it also more 

flexible in adapting to new samples drawn from the same 

data-generating process; this increases the likelihood 

generally achievable). 

Let‟s consider the MNIST dataset to take into account for 

compressing the images. Three components are dominant (3, 

24, and 45); hence, we can try to express the sample as a 

combination of them. The coefficients are, respectively, 0.19, 

0.18, and 0.16. The result is shown below in fig 7 (the digit X 

[0] is the representation of zero): 

Fig 7: Result of the step by step compression of images 

using Non-Negative Matrix Factorization 
 

1) NIMFA Library: 

NIMFA is a Python library for NMF which includes 

implementations of several factorization methods, 

initialization approaches, and quality scoring. Both dense and 

sparse matrix representations are supported. 

P=WW
T               

[8]
 

2)  Compression Algorithm Implementation in Python: 

- Load the images as a NumPy array. 

- Pre-processing the images for getting image standards 

like size constraints, grayscale or RGB, etc. 

 

 

- Applying NMF Algorithm to the images by using 'fit' 

method in NIMFA Library. 

- Resulting compressed image after applied NMF 

Algorithm. 
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C. Least Squares Non-Negative Matrix Factorization: 

Least Squares Non-Negative Matrix Factorization is another 

approach for NMF by using an alternative least square 

method. 
 

1) Algorithm for Least Square Nonnegative Matrix 

Factorization: 

i. Initialize two non-negative matrices B, C; 

ii. First, set matrix C as a constant value, solve the 

Non-Negative Least Squares Problem with matrix 

B. Record the calculating times used above as m 

so matrix B consists of m optimal solutions 

ultimately. 

iii. Then, set matrix B as a constant value similarly, 

solve the Non-Negative Least Squares. 

iv. Problem with matrix C. Record the calculating 

times used above as n so matrix C consists of n 

optimal solutions ultimately. 

v. If matrix B, C meets the requirements of stopping 

Least Square algorithm, then finish the 

calculation. Else, turn to Step 2. 

2) Python Implementation for LSNMF: 

i. Load the images as a NumPy array. 

ii. Pre-processing the images for getting image 

standards like size constraints, grayscale or RGB, 

etc. 

iii. Applying LSNMF Algorithm to the images by 

using 'fit' method in NIMFA Library. 

iv. Resulting compressed image after applied LSNMF 

Algorithm. 

 

D. Projective Non-Negative Matrix Factorization: 

The standard NMF is a linear model which allows linear 

correlation. In NMF, the two matrices[3] W and H contain a 

total of r× (m+n) free parameters. This gives a certain 

ambiguity to the problem. For example, consider the simplest 

possible case in which V and W are just column vectors and H 

= H is a scalar: obviously, there is an infinite number of 

solutions W= 1/H V with H arbitrary. To handle the nonlinear 

correlation, the polynomial NMF (PNMF) algorithm was 

proposed. The main idea of PNMF[18] is to first transform 

data into higher dimensional feature space[26] by using a 

polynomial kernel-induced nonlinear mapping and then 

perform decomposition in that feature space. Based on this, a 

novel method which we called Projective Non-negative 

Matrix Factorization (PNMF) as the solution to the following 

optimality problem. 

 

[9] 

1) Python Implementation for PNMF: 

i.    Load the images as a NumPy array. 

ii. Pre-processing the images for getting image standards 

like size constraints, grayscale or RGB, etc. 

iii. Applying PNMF Algorithm to the images by using 

'fit' method in NIMFA Library. 

iv. Resulting compressed image after applied PNMF 

Algorithm. 

E. Implementing WSN using Raspberry Pi via MQTT: 

For implementing the WSN, we have utilized an MQTT 

(Message Queuing Telemetry Transport) Protocol for 

transferring the images across the Raspberry Pi‟s connected in 

the network. 

The MQTT[21] protocol is a good choice for wireless 

networks that experience varying levels of latency due to 

occasional bandwidth constraints or unreliable connections. 

Should the connection from a subscribing client to a broker 

get broken, the broker will buffer messages and push them out 

to the subscriber when it is back online. Should the connection 

from the publishing client to the broker be disconnected 

without notice, the broker can close the connection and send 

subscribers a cached message with instructions from the 

publisher. 

 
Fig 8: Raspberry Pi based WSN using MQTT. 

 

The above diagram shows the network architecture of 

MQTT. Here we are using three devices. Publisher; Broker; 

Subscriber. Publisher can act as a publisher and subscriber. 

So, we can transmit and receive data. As well as,[32] 

subscriber can transmit and receive the data. A broker is a 

middleware or like a router. It can receive the data from 

publisher and sends it to the requested subscriber. So, a 

publisher can transmit images to the broker and at a time, the 

subscriber requests the data from the broker. Once the request 

received to the broker, it can send those received images to the 

subscriber.  

IV. RESULTS AND DISCUSSION 

This experiment consists three parts: the performance 

analysis of compression methods; the compression results of 

all methods; analysis of WSN performance when all methods 

of compression images have transmitted through WSN.  

 

4.1 Performance Analysis of Compression Methods: 

      The datasets of used in our study are the famous hand 

written digits database which is are of MNIST.  

 

 

The MNIST Database consists of 50,000 groups of training 

samples and test samples. Each train and test group of samples 

consists of a grayscale images which is of 28*28 resolution.  
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Fig 9: Sample Images of MNIST Database 

 

Peak Signal Noise Ratio is evaluated for the performance of a 

reconstructed image quality.  For an Image with M*N Pixels, 

  
[10] 

Where 𝑥 (𝑖, 𝑗) and 𝑥 (𝑖, 𝑗) ̂ , respectively, denote the gray 

values of the original image and the reconstructed image 

 

4.2. Compression Results: 

4.2.1 Autoencoder: The Proposed method was tested with 5 

different numbers of test images. Here are the following 

original images and reconstructed images. 

 
Fig 10: 1st Row Original Images; 2nd Row Compressed 

Images 
 

     From the Fig 9, we can conclude that autoencoder was able 

to compress and reconstructs the image with normal quality 

which is not better than NMF. The compression of ratio of 

auto encoder method is ~1.1. 

The following table shows us the PSNR Values of 

Autoencoder tested on the following handwritten digits. 

TABLE I : PSNR Ratio of auto encoder 

Letters PSNR Ratio 

Seven 32.67 

Two 31.46 

One 34.08 

Zero 31.94 

Four 32.50 

 

4.2.2 Restricted Boltzmann Machines: The proposed method 

of RBM have tested with different set of test images. Here are 

the 5 sample test images with PSNR Ratios.  

 
Fig 11: 1st Row Original Images; 2nd Row Compressed 

Images 

     From the Fig 11, we can conclude that RBM is able to 

compress and reconstruct the image with normal quality 

which is better than auto encoders but lesser than NMF. The 

compression of ratio of auto encoder method is ~1.4. 

The following table shows us the PSNR Values of RBM of 

each and every letter. 

 

TABLE III : PSNR Ratio of RBM 

Letters PSNR Ratio 

Seven 36.66 

Two 36.51 

One 42.11 

Zero 35.55 

Four 37.20 

4.2.3 Non-negative Matrix Factorization: The proposed 

method of NMF has tested with different set of test images. 

Here are the 5 sample test images with PSNR Ratios. 

  

 
Fig 12: 1st Row Original Images; 2nd Row Compressed 

Images 

From the Fig 12, we can conclude that NMF is able to 

compress and reconstructs the image with normal quality 

which is better than Autoencoders and also better than RBM. 

The compression of ratio of NMF is ~1.8. 

The following table shows us the PSNR Values of NMF of 

each and every letter. 
 

TABLE IIIII : PSNR Ratio of NMF 

Letters PSNR Ratio 

Seven 41.88 

Two 38.42 

One 47.03 

Zero 39.52 

Four 41.04 

4.2.4 Projective Non-negative Matrix Factorization: The 

proposed method of P-NMF has tested with different set of 

test images. Here are the 5 sample test images with PSNR 

Ratios.  
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Fig 13: 1st Row Original Images; 2nd Row Compressed 

Images 

 

     From the Fig 13, we can conclude that PNMF is able to 

compress and reconstructs the image with normal quality 

which is better than Autoencoders and also better than RBM 

and not better than NMF. The compression of ratio of PNMF 

is ~1.8. 

 

The following table shows us the PSNR Values of PNMF of 

each and every letter. 

TABLE IV : PSNR Ratio of PNMF 

Letters PSNR Ratio 

Seven 36.40 

Two 35.17 

One 39.59 

Zero 34.58 

Four 36.51 

 

4.2.5 Least Squares Non-Negative Matrix Factorization: The 

proposed method of LSNMF has tested with different set of 

test images. Here are the 5 sample test images with PSNR 

Ratios.  

 
Fig 14: 1st Row Original Images; 2nd Row Compressed 

Images 

 

From the fig 11  we can conclude that LSNMF is able to 

compress and reconstruct the image with normal quality 

which is better than auto encoder and better than 

RBM,PNMF,NMF.the compression ratio of LSNMF  is 1.4 

 

TABLE V :  PSNR Ratio of LSNMF 

Letters PSNR Ratio 

Seven 45.46 

Two 45.93 

One 48.06 

Zero 48.48 

Four 46.57 

 
Fig 15 Images compressed with LSNMF sent from 

publisher to subscriber 
 

 
Fig 17: Images sent from subscriber device 

 

4.3 Performance Analysis of WSN via MQTT:  We have 

used an MQTT Transfer protocol is to transmit the original 

images and compressed images throughout the Wireless 

sensor network. 

V. CONCLUSION 

Image compression is a relevant research field in WSNs.It 

is difficult to find a comprehensive method of image 

compression because of the complexity in implementing 

sensor networks. Auto  encoder, RBM, NMF, LSNMF, 

PNMF based image compression techniques were proposed 

in this paper and implemented successfully across WSN. 

After calculating the PSNR values of those methods, we have 

concluded that NMF has got a better performance when 

compared to Autoencoder and RBM. We have implemented 

and run these codes on Raspberry Pi hardware and 

transmitted those compressed images across the WSN. The 

transmission time was measured for different images for 

different methods implemented and it was found to be fast 

and reliable with excellent data integrity.  

 

 



 

Design of various Image Compression Methods in Wireless Sensor Networks 

2615 

  

 Retrieval Number: A9851109119/2019©BEIESP 

DOI: 10.35940/ijeat.A9851.109119 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

A CoAP transfer protocol can be used to enhance further 

our work as it can provide better security and reliable data 

transfer. 
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