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Abstract

Assisted Partial Timing Support Using Neural
Networks

Linus Wännström

Assisted partial timing support is a method to enhance the 
synchronization of communication networks based on the Precision 
Timing Protocol. One of the main benefits of the Precision Timing 
Protocol is that it can utilize a method called holdover through 
which synchronization in communication networks can be maintained, 
however, holdover is easily impacted by network load which may cause 
it to deviate from a microsecond accuracy that is required. 

	In this project, neural networks are investigated as an aid 
to assisted partial timing support with the intention to combat the 
effects of network load. This hypothesis is to achieve this through a 
neural network being able to predict the offset due to time delay in 
the communication networks and thus being able to cancel out this 
effect from previous offset. Feed-forward and recurrent neural 
networks are tested on four different types of load patterns that 
commonly occur on communication networks. 

	The results show that although some level of prediction is 
possible, the accuracy with which the tested neural networks provide 
prediction is not high enough to allow it to be used for compensation 
of the offset caused by the load. This with the best result reaching 
a mean squared error of ten microseconds squared and the requirement 
looked for was for where the maximum was one microsecond. This 
project only looked at short periods of the load patterns and future 
areas to investigate could be looking at longer periods of the load 
patterns.
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Populärvetenskaplig sammanfattning 

Assisted partial timing support (APTS) är en metod som används för att öka 

synkroniseringsmöjligheterna hos kommunikationsnätverk baserat på Precision Timing Protocol (PTP) 

standarden. En av huvudfördelarna med PTP är att den kan använda en metod som kallas för 

”holdover” genom vilken synkronisering av kommunikationsnätverk kan bibehållas. Däremot så är 

dessa metoder lättpåverkade av lasten i nätverket vilket gör att det inte uppnår målet av att hålla en 

mikrosekunds noggrannhet.  

 

 Det här projektet undersöker hur neutrala nätverk kan arbeta med APTS för att 

motverka effekten av nätverkslast. Hypotesen är att genom ett neutralt nätverk förutse skillnaderna i 

tidsfördröjning i nätverket. Framåtskjutande och återkopplade neutrala nätverk testas på fyra olika 

typer av vanligt förekommande lastmönster på kommunikativa nätverk.  

 

 Resultatet visar att en avvikelse i mean squared error av tio mikrosekunder i kvadrat i 

förutseende är möjligt genom beräknande av mönstret. Exaktheten som de testade neutrala 

nätverken visar är inte tillräckligt hög för att kunna nå max en mikrosekunds avvikelse där de blir 

användbara för att kunna kompensera för skillnaden som orsakats av lasten effektivt. 
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1. Introduction 

1.1 Background 

In modern society we live with an ever-increasing need for accuracy and precision in our mobile 

networks. In this digital world, where the miniscule timing of when shares are sold on the stock 

market can mean the ruin or success of business or individuals, it’s of utmost importance that 

the machines which are responsible for these communications know when a communique 

happens and that its transmitted as fast as possible.  

One method of achieving this high precision synchronization of internal clocks 

was the implementation of the IEEE1588V2 standard as the Precision time protocol (PTP) to be 

used around the world in mobile communications. The implementation of this system 

increased the synchronization of the communications by giving it better time accuracy, but it is 

not without flaws. 

The IEEE1588V2 standard for precision clock synchronization for networked 

measurements and control systems, is implemented to provide the same capabilities over 

multiple different networks.1 

 The purpose of the standard is to provide an accurate system-wide sense of time 

by having local clocks in the system devices, and a protocol for synchronizing these clocks.  The 

PTP standard, identifies that networked measurements and control systems need spatially 

localized systems with options for larger systems, microsecond to sub-microsecond accuracy, 

administration-free operation, applicability for both high-end and low-end devices and 

provision for the management of redundant and fault tolerant systems.  

The clock synchronization model for the PTP standard assumes that the network 

eliminates cyclic forwarding of PTP messages within each path and that the PTP is tolerant on 

occasionally missed, duplicated or out of order messages. It is based upon a multicast model. 

That is, it can connect to multiple end points at once but can be applied to a unicast, where it 

is connected to only one end point, assuming the behavior of the protocol is preserved.  

The PTP time accuracy is degraded by asymmetry in the paths taken, where the 

offset error is half of the asymmetry, but PTP can correct for known asymmetry. Despite 

asymmetry corrections the load and load variations may still cause time errors within the PTP 

system. If these events follow specific patterns in the network it should be possible to predict 

them using a neural network and compensate for them in the PTP to provide higher accuracy 

in the timing stamps within the system.  

1.2 Project Description 

The aim of the research is to test if neural networks can be used to improve holdover in nodes 

in modern mobile networks by detecting, and predicting, load variations. In modern-day 

networks efficient communication is key, however, many networks are dependent upon Global 

Positioning System (GPS) or other Global Navigation Satellite Systems (GNSS), which are prone 

to interference.  
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Therefore, holdover becomes an important function in keeping the network sync-stabilized 

when the system is disrupted. Holdover is when a clock previously synchronized to another 

clock has become free-running on its own internal oscillator and whose frequency is being 

adjusted using data acquired from when it was synchronized to the other clock, while it is within 

its accuracy requirements.1 One method of remaining in holdover is to use the PTP as an 

assisted timing support in case of disruptions to the GPS. 

1.2.1 Goals 

The goal of this thesis is to have PTP as the packet-based protocol for transmitting 

time and use a neural network to decrease the impact of load variation on time accuracy, as 

load variation are a cause of large time errors. Future network holdover will be extremely 

dependent on the load in the network at the time interference occurs. The larger the load, an 

increasing number of time stamps on the packets passing through may be offset. This causes 

an increasingly larger error throughout the network and the accuracy of the network falls. By 

predicting the load patterns with a neural network this error may be mitigated. The load pattern 

is the complete set of delays compared to the time stamp that each packet has once it has been 

received in a network, and it should be possible to cancel these delays, and produce a much 

more accurate network that uses the PTP protocol support at a GPS disruption.  

The short-term goal for the project is to first identify potential neural network 

methods that will enable the prediction of patterns based on different inputs. The second step 

will be to try to find these patterns with the neural networks and train them so that they can 

make these predictions in a simulation environment and keep the required accuracy. Once 

predictions can be made the systems should be tested in real time where they still have to 

reach the accuracy needed to be functional to the overall network.  

The neural network is also required to meet various memory footprint and central 

processing unit usage restrictions to be applicable for real word applications. Therefore, testing 

how well the different algorithms used perform, and quantifying the stress they place on the 

communication networks while in use, will be done to see if the restrictions of a maximum of 1 

microseconds delay per packet, are met.  

1.3 Outline of report: 

The report is built up in the following manner; first and foremost a description of neural 

networks is given, how they function and are built up, including an introduction to simpler 

neural networks. This is important for understanding why the network is a potential candidate 

to be treated for solving the problem of offset. After this, more advanced types of networks 

will be discussed and analyzed for differences and benefits of using one type of network over 

the other in certain situations.  

 The networks will then be trained on predetermined data sets and an analysis will 

then be done to compare effective accuracy and effectivity of the output when implemented 

in a PTP system. These comparisons are done by comparing the actual output of the 

                                                             
1 IEEE Standard 1588 
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communication networks and the output from the neural network to check how close they are. 

Afterwards an evaluation of which methods were the most effective will be made. A final part 

will be focused on how the various methods might be improved in the future, and which might 

be more effective to use for the purpose of improving synchronization techniques for mobile 

communication networks. 

2 Artificial Neural Networks 

2.1 Composition of Artificial Neural Networks:  

Neural networks are composed of artificial neurons taken from the idea of how neural networks 

seem to function in the brain. Each neuron has multiple inputs and one output and they are set 

in different layers: the input, the output and the hidden layers.2 

The inputs into the network only comes in at the input layer. These signals are 

weighted, and the weights have been set from the results of training the network. During 

training, weights are updated to tweak the network to give the results that is aimed for. The 

training is concluded when desired performance is met and then the network is ready to be 

applied for its intended purpose.  

2.2 The Neuron 

A neuron in a standard feedforward neural network is a simple mathematical equation. The 

neuron takes several inputs from the systems that it is meant to be evaluating and depending 

upon these inputs produces an output.  

Each input has a different weight which is set, either arbitrarily before testing, or 

according to the tests conducted in the testing phase of the neural network. The neuron then 

uses the equation 1, where xi is the ith input, wi the associated weight and S is the value which 

all the inputs sum up to.3 

𝑆 = ∑ 𝑥𝑖𝑤𝑖

𝑖

𝑖=1

                                  (1) 

The value S, is the value that is of interest from neurons in the network. There are 

different functions to use with this value, depending upon how one wants the network to 

function, or what one is looking for with the network. The simplest method is to use a step 

function as a threshold value at activation level as seen in figure 1. The activation value is what 

the output will be at a specified threshold. This is done in the neuron where the threshold value, 

Ɵ, has the value S subtracted from it and if the result is less than or equal to 0 the neuron will 

send out a value of 1 whereas if the value is above 0 the neuron will send out 0 as seen in the 

equation 2.  

𝑂𝑢𝑡𝑝𝑢𝑡 =  {
  0     Ɵ − 𝑆 > 0
  1     Ɵ − 𝑆 ≤ 0

        (2) 

                                                             
2 Li Zhu et al 
3 Li Zhu et al 
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Figure 1: A step function showing activation level Ɵ = 0.65 

A more efficient method to use for pattern prediction is if we use a sigmoid 

function as can be seen in figure 2. This can be more effective as this function is differentiable 

and now there is a spread for the outputs from the neuron instead of only a binary 1 or 0 as 

the sigmoid function gives an output value between 0 and 1. The expression of the sigmoid 

function can be seen in equation 3.  

𝑓(𝑆) =  
1

1+𝑒−𝑆  where 0 < 𝑓(𝑆) < 1     (3)       

This function causes the negative input values to become associated with a value 

less than one half and all input with a positive value to become associated with a value above 

one half.  
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Figure 2: A sigmoid function 

The sigmoid function therefore has better resolution upon what value the output 

of the neuron sends to the next part of the network. This is as there is more flexibility in what 

the value will be, and hence can provide more possibilities for fine tuning the network for its 

intended function. The functionality of a neuron j is illustrated in Figure 3, where Ɵj is the 

threshold value of that neuron and f() is the function (sigmoid or step) which is used to 

determine the output value Yj, Y=f(S). 

 

© 2009 IEEE 

Figure 3: Model of an artificial neuron4 

  Hence the mathematical description of how an independent neuron functions is 

easily created.   

                                                             
4 Li, Zhu et al 
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2.3 The Network 

By connecting several neurons in layers, it is possible to construct a neural network. Typically, 

the weighting for each input is different for each neuron depending on what the network is 

looking for.   

At the input layer, the values that are used as inputs are weighted and summed, 

producing an output. It is possible to either use the output from each neuron as inputs for a 

new layer in the network, or as the output from the network itself. This is then possible to 

continue ad infinitum on adding more levels, where the limitations are computing time, the 

efficiency at which the network will perform the intended function, and data size to avoid 

overfitting.5 

There are various types of networks which can be constructed. Some are very 

simple, like the feed-forward neural network, see 2.3.2, and from there they become 

increasingly complex when applying recursion in the neural network, allowing the network to 

adapt to different situations and mathematical ideas.  

Other types of networks that could be productive in producing better results 

would be recurrent neural networks such as an Echo State Network, which sets up random 

connection between all nodes each time it is initialized and then uses filter to regulate the input 

or a long-short-term memory network which is capable of storing values within the network 

and then referencing them against past and previous outputs to regulate the effectivity of the 

latest value used. 

2.3.1 Back Propagation Algorithm 

Training of many neural networks are dependent upon having known values with which to 

compare the output to. This because after the data has been sent through the network the first 

time it is used to update the weights. This is done by comparing the output and the expected 

values, and then, sending the error back through the network to adjust the weights in the nodes 

to change the output that is processed by them.  

Back propagation is one of the methods used in the supervised teaching and 

fitting of artificial neural networks. The algorithm works in four steps:6 

1) The feed forward of the input data to the output;  

2) The error calculation after the output has been produced, where the calculated value is 

compared to the actual value that is known during the training process;  

3) Back propagation of the error through the nodes to update the weights at the different 

layers;  

4) These weights are then simultaneously modified with the aim to be optimized to minimize 

the error in the next iteration.7 

                                                             
5  Cilimkovich, Mirza 
6  Cilimkovich, Mirza 
7  Li, Zhu et al 
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A simple method of adjusting weights is using change in the error from the output 

compared to what the current output is while training the network, called gradient decent. This 

works by first calculating the effect of the error 𝛿𝑖𝑗+1 in the node j+1 and the input i to that 

node. This value is then multiplied by the derivative of the threshold function f for that node 

and the summation of the weights for the outputs from that node as can be seen in equation 

4.  

𝛿𝑖𝑗 =  𝑓′ ∙ 𝛿𝑖𝑗+1 ∙  ∑ 𝑤𝑖𝑗

𝑗+1

𝑖
             (4) 

For the nodes at the output layer, j=L, the absolute error, output Y subtracted by 

real value R, is multiplied by the derivative of the threshold function for the output nodes to 

calculate the first effect in modifying the rest of the network backwards. This equation is shown 

in equation 5. It should be noted that equation 5 is only applicable at the output layer, 

𝛿𝑖𝐿 =  𝑓′ ∙ (𝑅 − 𝑌𝑖𝐿)                (5) 

Hence the weights can be updated in each iteration, I, by adding the value 𝛿𝑖𝑗  to 

the weight where 𝛿𝑖𝑗  may be modified by a factor n to regulate the rate of change of the 

weights. The weights are updated by as seen in equation 6. 

𝑤𝑖𝑗
𝐼+1 = 𝑤𝑖𝑗

𝐼 + 𝑛𝑖𝑗𝛿𝑖𝑗                  (6) 

 

2.3.2 The Feed Forward Neural Network 

The typical feed forward neural network (FFNN) lacks recursion. It is a neural network where 

the neurons do not form a cycle looping back on itself. However, the adjustment of weights for 

the individual levels are dependent upon the back-propagation algorithm. A note here should 

be that the back-propagation algorithm is the algorithm which is used to update nodes, and in 

essences describes the function of FFNN. 8 

                                                             
8  Cilimkovich, Mirza 
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Figure 4: Example of a FFNN 9 

The neural network depicted in figure 4 is a simple FFNN. In it the inputs are 

sent into nodes which are connected to all the nodes in the hidden level, which are then 

connected to produce an output. In this case, the network has four inputs to provide one 

specific output.  

2.3.3 The Recurrent Neural Network 

Recurrent neural networks (RNN) vary from FFNN because they do not assume that each point 

of information is disconnected, that is, the network makes use of all previous points of 

information to compute the output with an internal memory.  

 In case of recurrent networks, the easiest method to think of them is to image 

each hidden layer as a part of the memory of the network. The hidden states therefore know 

what has happened at previous inputs, and instead of only having been weighted depending 

upon the earlier output, the recurrent states use previous inputs as a method to predict the 

next output. This loop of information is what causes the network to be identified as a recurrent 

network, through the recurrent use of previous information. 

 Recurrent Networks also use the backpropagation method to help train the 

algorithm, but as they are also dependent upon the previous value, a different type of 

backpropagation is used which is called Backpropagation Through Time (BPTT). 10 

                                                             
9 Cilimkovich, Mirza 

10 Britz, Denny 
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2.3.4 Long Short-Term Memory Networks 

The long short-term memory (LSTM) networks are a very specific type of 

recurrent networks. They use a different function to compute the hidden state than traditional 

recurrent networks based of the feed forward network do. In the case of LSTM the memory are 

located in black boxes called cells which keep track of the previous state and the current inputs. 

These cells then use varying combinations of weightings to identify which value would be most 

effective to keep as current modifier to use to help calculate the next output.11 

3 Mobile Networks  

Mobile networks have become commonplace in the modern age and they function through 

several sets of standardized protocols and commands. Communication can be sent around the 

world with varying amounts of delay depending upon the path and medium through which the 

message is sent. Here the problem of time synchronization becomes an important issue when 

events may not occur in an atomic fashion, that is, each step is executed in the intended 

sequence. When messages are sent from one end to the other it becomes important to know 

when the message was sent, so that the events that should occur happen in the correct order, 

an example of this would be when buying or selling stocks. 

It could occur in the following manner where one individual on one side of the 

world buys stock at a certain point in time and just after another person buys stock on the other 

side of the world. The relative time at which these two bought their stock should occur in the 

order in which they bought the stocks relative to each other. However, if the clocks are not 

synchronized from the messages that are sent the person who receives the stocks first may not 

be the one who bought them first. This problem is solved by time synchronization. 

A situation more applicable to mobile networks is, however, when handover 

occurs for a phone call. Handover occurs for example when a phone has moved from an area 

covered by a certain cell to an area covered by another cell and the call is transferred to the 

other cell in order to avoid having the call dropped. The act of handover happens when the cell 

has to connect to the new cell before losing connection with the old cell and has to run on its 

own internal timer.  It is here that time synchronization is important so that a call that is ongoing 

is correctly scheduled into its sequence in the cell and not dropped. This is difficult due to 

network operators often having tight timing requirements for public access to the cells and 

synchronization determines if a call is within the timing requirements. The timing requirements 

require each call to be aware of its own schedule in the cell so that the cell can forward it 

correctly to the right receiver.12 

  

                                                             
11 Olah, Christopher 
12 Timing And Sync | Technology 
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3.1 Time Synchronization with GPS 

Time synchronization can be done through a multitude of methods, locally, nationally or 

globally, depending upon the functions required. Several methods have been, through 

terrestrial communications systems, such as television and land lines, direct radio broadcasts, 

GPS or GNSS.13  

 GPS is an extremely effective way to synchronize clocks. This is done by having 

the two stations that are to be synched observe the same satellite and logging the time at that 

point, after calculating the difference between these two loggings the difference between the 

local clocks can be found.  

Earlier systems, such as the Network Time Protocol (NTP), which targets large 

distributed computing systems with millisecond synchronization requirements is a previous 

standard set out for time synchronization. Space weather is however, something that disrupts 

the GPS. The interference from these may cause GPS to lose some of their accuracy. Another 

source of interference for GPS is the environment in which installations receiving these signals 

are set up. Buildings may reflect or block direct contact from the satellite to the station and 

hence prevent or give incorrect timing. 

3.2 The Precision Time Protocol Standard 

Without a standardized protocol for synchronizing clocks in networking devices, it is unlikely 

that in a multivendor system all benefits can be realized. The new Precision Time Protocol 

addresses the needs of spatially localized systems with sub-microsecond accuracy and precision 

and is accessible for both high-end and low-end devices.  

Time synchronization in the PTP Standard occurs such that there normally is a 

master clock and a slave clock, through which the time can be registered. The master clock 

sends a SYNC message notifying the slave that it want to synchronize. After that it sends a 

Follow_Up with a time stamp of the original SYNC message transmission to the device that 

should be synchronized. The receiving device timestamps the incoming SYNC message at 

reception with its own clock. The slave device sends a Delay Request that it timestamps at 

transmission after receiving the Follow up. The master clock then sends a Delay Response with 

the time stamp it received the delay request as is illustrated in the following figure 5. The slave 

can then from the time stamps calculate the difference between its own clock and that of its 

masters and adjust it accordingly. This is done by subtracting t1 from t4 and t2 and t3 then taking 

the sum of these and dividing by two. This can be seen in equation 7.14 

(𝑡4 − 𝑡1) + (𝑡3 − 𝑡2)

2
= 𝑇                         (7) 

 

                                                             
13 Lewandowski, Wlodzimirez et al 
14 IEEE Standard 1588 
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Figure 5: How a master and slave synchronize in PTP 15 

4. Training, validating and testing networks 

Testing the capabilities of various neural networks will be done on data from the Spirent 

Communications test suite based on the ITU-T G.8261 appendix. The tests are performed 

mainly on the Bidirectional data from Anue Tech Note TestCase(TC)12-17, where the data is 

collective log of the sequence of package time stamps in given in milliseconds and drop rates 

over one connection for mobile communication networks using the PTP Standard under 

different circumstances. The goal is to see if a neural network can use previous timestamps and 

drops in the network to predict what the timestamp of the next packet. 

The data from Anue Tech Note are simulated by Anue Tech to represent how 

different load patterns between two nodes in a network may affect the delay of packets in the 

network. This limits the use that the neural networks will have if tested effectively on this data 

as its only a representation of how load may be spread across a network and not how load 

spread looks like in a real fluctuating network. Test cases 12, 13 and 16 are the bidirectional 

data that are looked at, specifically because they represent three different types of load 

patterns that are commonly occurring and are being investigated at Ericsson this moment. The 

final limitation of this data is that as it only represents how the load is spread between two 

nodes, knowledge about other paths possible to be taken to the node, or how the load is 

incurred at the node is not known and hence the only use of this data in this case is to check if 

common load patterns can be identified between two nodes using neural networks. 

The tests are performed in Matlab using the Neural Networks toolbox. This 

toolbox provides the possibility of test over six different types of neural networks. The different 

types of networks available are as follows: 

 

                                                             
15 Eidson, John C. 
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1) input-output and curve fitting,  

2) pattern recognition 

3) classification and clustering networks 

4) dynamic time series networks with the options of: 

a. nonlinear autoregressive networks with external input (NARX), 

b. nonlinear autoregressive networks (NAR) 

c.  nonlinear input-output networks.  

There are two types of networks from Matlab that will be used to test these test 

cases. The first is the use of an input-output curve fitting to check what pattern can be found 

between the input and the output with a neural network. This is thus representative of a 

feedforward network as it only takes one input to compare to the output. This seems intuitively 

not be an effective method for determining if there is a pattern over the large amount of data 

used because it has a single input to single output dependency but it is tested for posterity. 

The second neural network from Matlab to be used is the dynamic time series 

network with the option of a nonlinear autoregressive network with external input. This can be 

representative of a recurrent network with timestamps as input but previous timestamps 

stored in the memory as it is possible to decide how many timesteps are to be used for the 

network to calculate an output and it uses a feedback loop from the output as a secondary 

input into the network as well. This is much more likely to be able to determine if there is a 

pattern present due to the multitude of data in the network and the fact that the network also 

uses the previous output as an input.  

The initial setup of neural networks was done by trial and error, where each 

network will be initialized with a selected number of nodes distributed over varying layers of 

hidden networks and depending upon the time it takes to train the network to satisfaction, 

more or fewer nodes will be used for setting up the next network. The time reference used is 

approximately 2 hours as the most time allowed for a network complete training before 

cancelling the training of said network and a high limit was found with using 100000 data points 

from the set, with 100 hidden nodes and 40 timesteps for the recurrent network. The hardware 

used for this method is a Hewlett-Packard HP EliteBook Folio 9480m with an Intel Core i5-

4310U CPU @ 2.00GHz 2.60GHz processor with an 8 GB RAM and a 64-bit Operating system. 

From this, piecewise steps are taken to change how the neural network looks to see how 

varying the results received may be.  
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Test are done for all four types of data according to neural networks set up from 

the following chart: 

Network Type Number of Data 
Points 

Number of Hidden 
Nodes 

Time Step 

FFNN 1000 10 1 

FFNN 10000 10 1 

FFNN 100000 10 1 

FFNN 1000 100 1 

FFNN 10000 100 1 

FFNN 100000 100 1 

RNN 1000 10 4 

RNN 10000 10 4 

RNN 100000 10 4 

RNN 1000 10 40 

RNN 10000 10 40 

RNN 100000 10 40 

RNN 1000 100 4 

RNN 10000 100 4 

RNN 100000 100 4 

RNN 1000 100 40 

RNN 10000 100 40 

RNN 100000 100 40 

 

The setting up of the network goes through three stages, a training stage, a 

validation stage and a testing stage. After each trial during training the output is compared to 

the training target and the weights adjusted to minimize error. This is done for 60% of the data 

which is available in the training stage. After that the program validates the set up neural 

network with the next 20% of the data. In the validation stage, the weights are not adjusted 

but used for confirming that the network fits the data series.  

Here, if accuracy of the prediction increases over the training set, the validation 

sets is unseen data for the program to check if the accuracy decreases, which would mean that 

the data may be overfitted with the network and if so training should be stopped. Overfitting 

in this case would be that the output fully matches the input, but when new data is added the 

performance will go down as the network can’t generalize the data it has trained on to match 

the new data.  The last 20% of data, the testing set is used to confirm that the trained network 

which has come from the training and validation actually has the predictive that is expected.  

The data that is then compared in four ways. Firstly, the mean square error is 

compared between the different trials for each network. One trial that is used and is not a 

neural network is a sum of the errors that occurs if the mean of all previous values is used to 

test for the next value. The script for this is provided in the appendix. This method only works 

for a constant load but a sliding window mean could be more adaptive to changes over time. 

This was however not implemented in the project at this time. Secondly is analyzing the 
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network with the lowest mean squared looking at the fit of the output to the input of the 

feedforward network or the output compared to the target for the recurrent networks. The 

spread of errors will also be examined as well as if it is possible to find a regressive pattern 

between the input and the outputs from the neural network 

4.1 Static Load Forward Pass  

The first data tested was the TC12fwd data from Spirent Communications as seen in figure 6.  

 

Figure 6: Delay of data packages over one hour in a network with static load 16 

What will be looked at from this data is the mean square error (MSE) for each 

type of neural network for the error between the output and what the true value was meant 

to be. For TC12fwd this can be seen in figure 7. 

                                                             
16 Anue Systems, Inc. 
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Figure 7. MSE of errors between output and actual value for TC12fwd 

 We can see in this instance that all the neural networks provided better results 

than the mean case. For the neural networks it is hence possible to see that the MSE was much 

lower for test cases done at 1000 data points than the cases done at a higher number of data 

points. This could be as larger data sets provided more data points at the extremes of the delay 

causing the mean to increase. The best case is the RNN with 100 hidden nodes and four 

timesteps and will be investigated more closely by looking at a histogram of the errors, 

regression from the data and a fit of data over time compared to real value.  

Figure 8: Above: Plot of outputs from network compared to real values over time 

Below: Plot of error between each output and real value over time 
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Looking at figure 8 it is difficult to disconcert whether there is any particular 

pattern that is found for the figure, or if outputs only circle around the 0.09 mark with some 

form of deviation depending upon the previous value. As one sees that the spread of errors 

ranges between ±0.05 milliseconds it then becomes difficult to tell if this network provides any 

decent accuracy for further use. 

Figure 9: Histogram of errors for TC12fwd RNN with 100 hidden nodes and 4 timesteps at 

1000 data points 

If we take a look at figure 9, it is possible to see that a majority of errors lie within 

the 0.01 millisecond range. These errors are however still ten times as large as the accepted 

margin of error that was searched for. The network will now be reviewed for how well it 

managed to associate the incoming data to predict the correct output though a regression plot. 

Figure 10: Regression plot comparing correlation between input and target values for TC12fwd 

RNN with 100 hidden nodes and 4 timesteps at 1000 datapoints  
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 Looking at figure 10, its now possible to see that while the network managed to 

train itself on the 60% of data to match output to target at almost 68% accuracy. The resulting 

network did not however manage to correlate more than around 13% of unknown data in the 

same network letting us know that even though that the network itself could be unreliable for 

further use in predicting this type of data.  

4.2 Static Load Backwards Pass 

The second set of data from Spirent Communications was the TC12rev set as seen in figure 11.  

Figure 11: Delay of data packages over one hour in a network with static load 17 

                                                             
17 Anue Systems, Inc. 
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 The mean squared error is looked at for the difference between the output and 

the actual value. This plot can be seen in figure 12. 

Figure 12: MSE of errors between output and actual value for TC12rev 

 In this case, it’s clear that the error was lower for neural networks that used more 

data points, than fewer data points. It’s also clear that the recurrent neural networks 

performed much better than the feed forward neural networks for the larger number of data 

points. In this case, the mean error was particularly bad for when using fewer data points but 

became more accurate when using more however it is still worse than the neural networks for 

all cases of the same dataset. The best case for TC12rev was the RNN at 10000 datapoints with 

10 hidden nodes and 40 timesteps and will be investigated more closely. 

Figure 13: Above: Plot of outputs from network compared to real values over time 

Below: Plot of error between each output and real value over time 
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 Figure 13 shows clearly that for the areas of high fluctuation in target values over 

time there was a greater tendency for error but looking at the span between datapoints from 

4000 to 6000 the error became significantly smaller in comparison to the other areas. It may 

be this concentration of data at the same delay that causes this set of values to provide the 

smallest mean out of all the different trials.  

Figure 14: Histogram of errors for TC12rev RNN with 10 hidden nodes and 40 timesteps at 

10000 data points 

Looking at figure 14, it is possible to see again that a majority of errors lie within 

the 0.01 millisecond range. These errors are still ten times as large as the accepted margin of 

error. The regression plot will now be investigated to check the degree of correlation between 

the output and target values that the network found.  

Figure 15: Regression plot comparing correlation between input and target values for TC12fwd 

RNN with 100 hidden nodes and 4 timesteps at 1000 datapoints 
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 In figure 15 it is possible to see that this neural network found a much stronger 

correlation between the inputs and the target values. This network found around 75% 

correlation which can indicate that for this data set the network was efficient at predicting the 

unknown data. 

4.3 Temporary Congestion 100 Seconds Forward pass  

The third set of data used was the TC16fwd data from Spirent Communications. This data 

depicts temporary congestion in a mobile broadband network which can be seen in figure 10.  

 

Figure 16: Delay of data packages over three hours in a network with temporary congestion 18 

Again, the mean squared error is looked at for the difference between the output and the 

actual value. This plot can be seen in figure 17. 

                                                             
18 Anue Systems, Inc. 
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Figure 17. MSE of errors between output and actual value for TC16fwd 

 In this case, it is possible to see that the networks handling larger numbers of data 

had larger errors than the network only handling fewer data points. This could be because these 

data points do not reach the congestion in the load pattern. The mean is also much worse for 

the networks with fewer data points however it is almost identical when compared the FFNN 

at 100000 datapoints. The best case was the data set of 1000 datapoints when used with a RNN 

network of 100 hidden nodes and 40 timesteps.  

Figure 18: Above: Plot of outputs from network compared to real values over time 

Below: Plot of error between each output and real value over time 
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It is possible to see from figure 18 that the magnitude of error remains in constant flux over 

the dataset. However, the range of errors seem to lie within a magnitude of 0.01 milliseconds 

in error. This can be further investigated thought the histogram plot in figure 19. 

Figure 19: Histogram of errors for TC16fwd RNN with 100 hidden nodes and 40 timesteps 

at 1000 data points 

 The majority of errors for this neural network lies between the 0.005 boundaries 

around zero, as can be seen in figure 19. This is only five times the magnitude of the accepted 

value for error and is an improvement of twice as much compared to the best tests for the two 

previous data sets.  

Figure 20: Regression plot comparing correlation between input and target values for TC16fwd 

RNN with 100 hidden nodes and 40 timesteps at 1000 data points 
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Figure 20, shows sadly however, that although the training of the network allowed the network 

to reach almost 90% accuracy, the testing of the network found in fact almost 0 correlation 

between the unknown data and the patterns found during testing. This is a case of overfitting, 

where the network could train the initial data extremely well and memorized the training 

examples extremely well but could not adapt to new data.  

4.4 Step Changes in Load TM1 Reverse Pass 

The fourth set of data used was the TC13rev data from Spirent Communications. This data 

depicts step changes in load in a mobile broadband network and can be seen in figure 21. 

 
Figure 21: Delay of data packages over six hours in a network with step changes in load 19 

 

 The mean squared error for the difference between output and actual value is 

looked at again to evaluate the efficiency of the neural networks for this data set which can be 

seen in figure 22. 

                                                             
19 Anue Systems, Inc. 
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Figure 22. MSE of errors between the output and the actual value for TC13rev 

 In this instance, the mean is only worse for the lowest quantity of data. For the 

10000 datapoints and 100000 datapoints trial it is almost at the same level of error as the neural 

networks. It can also be seen that the neural network that used 10000 data point was the most 

effective when tested for each type of neural network. This is probably dependent upon the 

type of data that is sent into and check by the network. The best case for this example was the 

RNN with 100 hidden nodes and 40 timesteps at 10000 datapoints.  

Figure 23: Above: Plot of outputs from network compared to real values over time 

Below: Plot of error between each output and real value over time 

 In figure 22, seeing any prevailing trend from the comparison of output to target 

value becomes difficult. It is easier in this case to look at the magnitude of errors acquired 

instead, where it is possible to see that almost all the errors remain below a magnitude of 0.02 

until the last 2000 steps in time.   
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Figure 24: Histogram of errors for TC13 RNN with 100 hidden nodes and 40 timesteps at 

10000 data points 

Figure 24 shows that max number of errors lie around the zero mark, and within the 0.005 

boundary. This is still five times the acceptable accuracy for error margin. 

Figure 25: Regression plot comparing correlation between input and target values for TC13 

RNN with 100 hidden nodes and 40 timesteps at 10000 data points 

In looking at the regression plots in figure 25, it becomes possible to see that there is a form 

of correlation found for validation and testing at around 16%. The training of the network 

yielded around 63% correlation between input and output determining that overall the 

network managed to train fairly efficiently but performed worse under testing.  
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5. Conclusion 

The goal of the thesis was to investigate if neural networks could be used to detect and predict 

load variations in a communication network. Using the prediction, the holdover for the network 

may be improved by adjusting the offset in the network, and thus increase the duration for 

which a node may be able to be free running and accurate with its time estimate.  

Evaluated neural networks are efficient at predicting patterns than simply using a 

mean of previous inputs, however they are not accurate enough to reach the requirement 

needed to be used for communication networks. The neural networks which were used to 

analyze varying traffic patterns were able to predict the patterns in various networks to a 

certain degree after being trained but results varied over the type of pattern tested.  

 This study shows that it is practical to use neural networks to predict specific 

packet traffic patterns. The memoryless neural networks, the feed forward neural network 

used, proved almost as capable as the recurrent neural networks used for predication but the 

recurrent neural networks outperformed them nevertheless.  

 The recurrent neural networks however provide a better result than the 

feedforward networks. This is possibly because the networks store past information and the 

networks managed to follow the more sporadic packet pattern better than how the feed 

forward did because of this. This improvement was not enough to reach the accuracy which is 

needed for a telecommunication network to reach their standards. It may however be possible 

that adding more nodes, timesteps or deepening the networks predictive ability by using a 

different network could solve these issues as the scopes used has been limited to these 

variables. Increasing the number of nodes or timesteps could however also lead to effects such 

as overcompensation in the networks so a different network with more ability to predict 

patterns such as the LSTM should be a focus in future trials.  

6. Future Work 

The first area that should be explored should be to see if it is possible that by using different 

and perhaps bigger networks to predict and identify the patterns in a telecommunication 

network will the accuracy necessary for modern standards be met. This could be done by 

implementing and testing a LSTM-neural network which has more memory power, as could be 

seen increased memory power did provide better results.  

Other areas to explore with neural network would be the ability to predict long 

range patterns with more advanced neural networks. Long range patterns could be identified 

as the usage of the network over a period as long as a year, but intervals shorter than that as 

well in segments of months or weeks or days. The difficulty in this is that there an enormous 

number of packets that are sent each day and analyzing all of these over that extent could 

become an extremely large problem. However, managing this could be useful to perhaps help 

base stations identify during which months or days of a week when more traffic can be 

expected in the network, and to identify the indicators of when such traffic surges may occur 

and compensate for it intrinsically. 
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Another area that could cause variation in networks could be that the data points 

used force the network to look at shorter or the longer period of the load patterns. If less data 

is used the network may not have the data related to the load pattern change, and only see the 

data as a set of data with standard deviation. If more data is used the load pattern change could 

become visible and hence force the network to adapt, but also whereby the network may loose 

accuracy in trying to adapt for the variation.  

Another use of a neural network could be that instead of predicting and 

compensating for fluctuations of load the confidence of the offset could be evaluated instead. 

It could be that a neural network may be especially efficient at identifying certain patterns and 

hence have a higher confidence in that the offset for that pattern is low. Compared to other 

patterns which could be harder to predict, the network could be programmed so that when 

such results occur, the confidence of the offset is determined lower and the network may react 

to such an interpretation of the networks predictions.  

One method that could be used to improve a neural networks ability to work with 

assisted partial timing support could be to use multiple networks in a single base station. Here, 

two or more different networks could be used to look for different patterns and a system could 

be implemented to determine which neural network has higher credibility for their predictions 

depending upon the patterns identified. This could be that one network looks at small 

fluctuations while another looks at a longer period of network traffic and both could be 

combined to determine what the offset may be.  

7. Bibliography 

 
1. Anue Systems, Inc. Anue Systems ITU-T G.8261-2008 Test Suite. 2009,. 
2. Britz, Denny. "Recurrent Neural Networks Tutorial, Part 1 – Introduction To Rnns." Wildml, 

2015, (http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-

introduction-to-rnns/). 
3. Cilimkovich, Mirza. "Neural Networks And Back Propagation Algorithm." Institute Of 

Technology Blanchardstown, 2011,. 

4. Dean, Susan, and Barbara Illowsky. "Linear Regression And Correlation: Testing The 

Significance Of The Correlation Coefficient." Cnx.Org, 2017, 

http://cnx.org/content/m17077/1.15/. 

5. IEEE Standard for a Precision Clock Synchronization Protocol for Networked Measurement 

and Control Systems, IEEE Standard 1588, 2008 
6. John C. Eidson, Agilent Technologies. "Basics Of Real-Time Measurement, Control, And 

Communication Using IEEE 1588: Part 4." Embedded, 2008, 

https://www.embedded.com/design/connectivity/4007493/Basics-of-real-time-

measurement-control-and-communication-using-IEEE-1588-Part-4. 
7. Lewandowski, Wlodzimirez et al. GPS: Primary Tool For Time Transfer. 1st ed., IEEE, 1999, 

http://ieeexplore.ieee.org/abstract/document/736348/. 
8. Li, Zhu et al. "A Novel BP Neural Network Model For Traffic Prediction Of Next Generation 

Network." IEEE, ICNC '09 Fifth Internaational Conference On Natural Computation, 2009, 2009, 

http://ieeexplore.ieee.org/document/5362524/. 

http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/
http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/
http://cnx.org/content/m17077/1.15/
https://www.embedded.com/design/connectivity/4007493/Basics-of-real-time-measurement-control-and-communication-using-IEEE-1588-Part-4
https://www.embedded.com/design/connectivity/4007493/Basics-of-real-time-measurement-control-and-communication-using-IEEE-1588-Part-4
http://ieeexplore.ieee.org/abstract/document/736348/


31 
 

9. Olah, Christopher. "Understanding LSTM Networks." Colah.Github.Io, 2015, 

http://colah.github.io/posts/2015-08-Understanding-LSTMs/. 
10. "Timing And Sync | Technology." Thinksmallcell.Com, 2018, 

https://www.thinksmallcell.com/Technology/Timing-and-Sync/. 

Appendix 

Matlab code for calculating the mean which is used in comparisons of neural network trials: 

function [meanError,size] = 

TCMean(inputTC,targetTC) 

%Tests tn+1 = sum(tn)/n 

i = 1; 

t = 0; 

while i <= length(inputTC) 

t = t + inputTC(i); 

meanOf = t/i; 

meanError(i) = meanOf-targetTC(i); 

i = i+1; 

end 

size = length(meanError); 

end 
 

MSE = meanError.^2; 

MSE = sum(MSE); 

MSE = MSE/size; 
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