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CHAPTER 5 

MODELING SYSTEM RESOURCE USAGE FOR PREDICTIVE SCHEDULING USING 

REGRESSION TECHNIQUES  

5.1 Introduction 

Recognizing the workload characteristics as well as the implicit datacenters is critical for both 

datacenter operators and cloud service providers in order to continue the adoption of cloud 

datacenters and to improve the ability of datacenter operators to tune existing and design new 

resource management techniques. Understanding the workload characteristics and the underlying 

datacenters is critical for both datacenter operators and cloud service providers [130-132]. Despite 

the fact that some of the largest datacenter operators, such as Google, Facebook, Microsoft, and 

Yahoo, have contributed workload information that has been used in valuable studies [133 135], 

the information they have contributed represents a relatively small subset of the overall cloud 

service market [136, 137]. The purpose of this work is to collect and analyse the workload traces 

from a decentralised datacenter that is servicing a fundamentally different workload, namely that 

of business-critical applications for financial firms and engineering businesses.  

The rapid use of cloud datacenters is causing substantial changes in the workload 

architecture and, as a result, in the design and management of computer systems and networks. As 

datacenter workloads become more data-intensive, it is anticipated that datacenter resources such 

as networking, storage, and memory will be put under increased strain [138]. According to a prior 

analysis of hundreds of grid workloads [139], we discovered that the workload units (jobs, 

applications, and so on) have decreased in size while increasing in number and maybe also 

interconnectivity over the last decade; this trend could persist in cloud datacenters [140]. Because 

of this, resource management practises have also progressed significantly, with new ways of 

computing [141], networking [142], storage [143], and memory [144] management, among other 

areas of technology development.  

A deep understanding of workload traces is essential for addressing the numerous resource 

management difficulties that arise in cloud datacenters. To solve this, several regression  

techniques like, the linear regression, scaled regression, lasso, and ridge regression models are 
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used to finish the workload traces. These models are used to solve the different resource 

management problems that come up. 

An essentially useful workload trace must include long-term (e.g., several months) 

information about the requested and truly used resources, which must include at least the 

following: CPU, memory, network, and storage, in accordance with ideas expressed in the unified 

formats used to publish tens of workload traces representative for parallel production environments 

[145] and grid computing environments. 

It is well-established that the analysis of workload traces can aid in the development, 

tuning, and evaluation of resource management systems, and that this practise can be used to 

encourage innovation. Using the patterns of workloads seen in Microsoft datacenters, recent 

research [146] proposed and validated an energy-efficient scheduler based on the workload 

characteristics observed. Many others have written about how workload characteristics can be used 

to check the reliability of domain-specific cloud services [147], how MapReduce workload traces 

can be used to describe the behaviour of big data paradigms [148], how well the characteristics of 

traces can be used to aid in the automated selection of datacenter scheduling policies [149], and so 

forth. In spite of the fact that real data and information about workload characteristics are 

frequently valuable for datacenter management, only a small number of workload traces are 

publicly available or have been publicly defined. Furthermore, the few known instances, while 

significant in their own right, are not complete and, due to the nature of their data source, may not 

be typical of the cloud datacenter sector as a whole. 

Essentially, the traces (column TS) come from Google, Microsoft, and other large 

datacenter operators, and typically depict workloads that are likely to be representative of 

MapReduce and other processes peculiar to these businesses (column Workload). Researchers also 

noticed that very few studies provide information regarding requested resources, and network and 

disk information is hardly ever included at all. Our research may be utilised to develop workload 

models, resource utilisation predictors, and efficient datacenter schedulers, among other things. 

From a distributed cloud datacenter, we gather long-term and large-scale workload traces. The 

traces contain CPU data. Such traces may be found in the Grid Workloads Archive, which is open 

to the public. 
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5.2 Background work 

Resource contention is among the most challenging issues to deal with in cloud datacenters. There 

are many different forms of resource contention that may arise, each of which has a significant 

influence on the performance and, in some cases, the dependability of applications operating in 

cloud datacenters. Cloud services operate on the same hardware platforms as each other, but with 

distinct workloads, resulting in non-synchronized access to the shared infrastructure between the 

two. Because of this, co-hosted services may find themselves in a state of competition for shared 

resources and may not receive the resource amounts requested. In [150], the authors looked at the 

competition for CPU resources since CPU resources are permitted to be over-committed under 

normal service level agreements. Customers expect high performance from the proposed CPU-

contention predictor, which is designed for demanding business-critical applications. However, in 

order to offer this performance, minimal resource contention is necessary. The predictor is based 

on a combination of regression models and parameters that we have carefully tested and evaluated. 

In addition, data from a real-world cloud service covering many datacenters and supporting 

mission-critical applications was used to fine-tune the predictor. 

There have previously been a large number of studies conducted to analyse and define the degree 

of resource fluctuation in public clouds. We do not, however, have a clear picture of how resource 

fluctuation affects big data workloads, which is a problem. The authors of [151] have made a 

significant step forward in defining the behaviour of large data workloads when network capacity 

variability exists. They measured the performance of real-world big data applications by 

simulating the bandwidth distribution of real-world clouds and comparing it to their predictions. 

They discovered that most large data workloads, including those that are not network-bound, are 

slowed down while operating in a variable network environment. Furthermore, the maximum 

average latency for the cloud configuration with the greatest variation is 1.48 for CPU-bound 

workloads and 1.79 for network-bound tasks when using the cloud arrangement with the highest 

variability. Standalone MapReduce work scheduling has also attracted much interest. Time 

constraints are a major research limitation. The number of work slots [152, 153] or task and 

resource assignments [154 158] is still dependent on constraints. Because each map task's data 

chunks have multiple copies, present map scheduling algorithm techniques automatically identify 

map tasks to data centres that store their data to reduce latency issues [159 163]. 
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5.2.1 Relevancy of Ground Features 

Training models on VNF performance measures may be accomplished via the use of any machine 

learning regression technique. In this research, we show many alternative types of potential 

regression algorithms and evaluate their applicability for various performance profiles in different 

circumstances. 

A simple but powerful algorithm that has been selected as a baseline for our prediction task is 

linear regression. We chose to use multiple linear regression to simultaneously predict both 

memory usage and CPU as per the HPC system. Moreover, dependent variables thus include 

memory usage and CPU, while independent variables are the features presented in Table I. We can 

find a linear equation such as y = a0+a1x1+a2x2+ · · ·+anxn to fit the data set with a minimum 

distance for each data point to the fitting line. There are various loss functions (i.e., ordinary least 

squares, ridge) to measure the fitness of linear regression models. By minimising the loss 

functions, we can optimise our models. As follows, we use different regression and classification 

models in the experiment. 

Ordinary Least Squares: this model fits a target function through sum of squares minimization 

within the difference between observations and values predicted by a linear approximation. The 

purpose of using this model is to minimise the error of estimations in order to optimise the linear 

regression model. 

LassoLarsIC: this linear model is trained with an L1 regularizer, which solves for the minimum 

least-squares penalty. These are favoured in models with many zero weights (i.e., irrelevant 

features). Also, this model can be validated using the Bayes information criterion (BIC) or Akaike 

information criterion (AIC). 

Ridge Regression: this linear model is trained with an L2 regularizer, which can deal with 

overfitting issues. Compared with Ordinary Least Squares, Ridge Regression has a more stable 

feature by introducing a penalty to reduce the size of coefficients and avoid the overfitting 

problems that Ordinary Least Squares may have. 
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5.3 Materials and Methods 

This research provides a comprehensive description of the mutual demand and initially used 

resources for the application of data in line with the memory, CD/ROM, CPU, and other resources, 

as well as the resources of the network. While virtual machines (VMs) might change their 

configuration along the traces of the workload, inadvertent selection occurs in only a small 

percentage of cases (less than 1%), according to the examination of primary conformation inside 

specific cases of VMs over time. 

5.3.1 Collection of Dataset and Characterization Techniques 

The distinctive traces directed at the workloads of business-criticization constructed via the 

datacenter deployed under the hosting environment were investigated as part of the research. 

A. Characteristic datacenter for Cloud-Hosting over the workloads of Business-Critical 

The research is based on the operation of traces indicative of business-critical workloads, which 

has been included for the applications that are available targeted at the company, but never 

accounts for the significant loss that has been experienced. User attacks on the services acquired 

for the service under fall have been described as the regulation of performance minimization linked 

to productivity, revenue loss, as well as the uniform departure of customers. Workloads classified 

as business-critical are often comprised of affluence field applications, such as Monte-Carlo 

simulation-built applications for economic modelling, for example. In addition to database, email, 

CRM, and association services, administrative facilities are included in the additional tenders that 

outline the demands of business-critical services. While travelling through the countryside, the 

business-critical workloads suggestively vary depending on the functioning of datacenters 

employed by Google and Amazon, in addition to workloads supported by the data analysis, then 

through shared clusters, Microsoft's Messenger, and data centres from the Azure platform. 

Assisting inside the service benefactor that focuses on completed presentations, in addition to 

occupational calculations directed at innovation, Bitbrains characterises the medium-extent 

datacenter offering for the workload of business-critical workloads. Numerous major groupings 

are represented among the customers. 

 Credit card companies (ICS),  
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 financial institutions (ING),  

 insurance companies (Aegon), and so forth. 

When it comes to the solvency domain, the Bitbrains hosting applications are used. For example, 

the vendors that are used for the salespeople are Towers Watson and Algorithmics, respectively. 

Furthermore, the requests for economic reports that are necessary are heavily exploited for the 

quarters of economic help that are required. Furthermore, the workloads remain for the type of 

model achieved in the master employee, in which their assessment is done based on simulations 

using the Monte-Carlo approach, as previously stated. For example, a customer may place a 

request via the nodes reached by a cluster that is dedicated to the simulation process. As a result, 

there are several requirements that have arisen in response to the demand: between datacenter and 

customer using protected frequency range; calculating nodes chartered by virtual machines (VM) 

within the datacenter that transport conceivable demonstrations; in addition to high accessibility 

through operative simulations under business-critical conditions.  

Among the applications hosted by Bitbrains are those used in the solvency sector, such as 

those from Towers Watson and Algorithmics (see below). These programmes are used for 

accounting information, which is done mostly at the conclusion of financial quarters, according to 

industry standards. In most cases, the workloads are in the form of a master worker model, in 

which the workers are used to do Monte-Carlo simulations. If a client wants to perform such 

simulations, he or she may request a cluster of computing nodes from the system administrator. In 

order to fulfil this request, the following requirements must be met: secure data transfers between 

the customer and the datacenter, compute nodes leased as virtual machines (VMs) in the datacenter 

that produce predictable outcomes, and high reliability for running business-critical simulations. 

The datacenter under investigation made use of VMware's vCloud package to serve 

virtualization computational resources because of its customers. The management of computing 

resources at Bitbrains is accomplished via the use of conventional VMware provisioning 

technologies such as Dynamic Resource Scheduling and Storage Dynamic Resource Scheduling. 

When memory is not over-committed, one of the rules ensures that a virtual machine (VM) 

receives an assurance on the amount of memory it has requested. When it comes to power 

regulation, BitBrains has a high-performance approach that optimises performance while avoiding 

the need for high-dynamic scaling features. It maintains the best possible performance for both the 
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actual and virtual CPUs. In terms of price, Bitbrains uses models that may be either usage-based 

or subscription-based in nature. In practice, Bitbrains hosts three different kinds of virtual 

machines (VMs): 

 Supervisory servers, and so forth. 

 Application-level servers, and 

 Computation nodes are a kind of computer that does computations. 

Servers for management are used to keep customer environments up and running on a daily basis 

(e.g., firewalls). File systems, web services, and head-nodes are all examples of application servers 

in use today (for compute clusters). 

 Collected Traces 

The execution of business-critical tasks is traced twice in the Bitbrains distributed datacenter, and 

we gather both traces. This is accomplished via the use of VMware's monitoring and control tools, 

such as the vCloud suite. The vCloud Operation tools capture seven performance metrics per VM 

for each trace, with each measure being sampled every five minutes: 

 the number of cores that have been supplied 

 the amount of CPU capability that has been allocated 

 the amount of time the CPU is used (average CPU usage over the sampling interval), 

  the amount of RAM that has been allocated 

 the actual amount of memory consumed (memory that is actively used), 

 the speed with which disc I/O operations are performed 

 as well as the network's I/O throughput 

We acquire traces for four resource categories that include both requested and actually utilised 

resources as a result of this method (CPU, memory, disk, and network). We gathered two traces 

between August and September 2013, which we show in Table 5.1 as a summary of their contents. 

The traces collectively gather data for 1,750 nodes, including over 5,000 cores and 20 TB 

of memory, and operationally accumulate more than 5 million CPU hours in 4 major months. As 

a result, they are long-term and large-scale time series of computing. For storage purposes, there 
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are 1,250 virtual machines (VMs) in the first trace, fastStorage, all of which are linked to fast 

storage area networks (SANs). 

Table 5.1: Collected traces for the workload of Business-critical  

Trace 

Group 

Virtual 

machines Qty. 

(VMs) 

data 

collection 

duration 

Storing 

knowledge 

Overall 

memory 

Overall 

cores 

fastStorage 1,250 1 month SAN 17,729 GB 4,057 

Rnd 500 3 months NAS and SAN 5,485 GB 1,444 

Total 1,750 5,446,811 

CPU hours 

 23,214 GB 5,501 

 

The second trace, Rnd, has 500 virtual machines (VMs) that are either linked to fast storage area 

networks (SANs) or to network-attached storage (NAS) devices that are much slower. This is due 

to the better performance of the storage associated with the fastStorage machines compared to the 

RND trace, which results in a larger proportion of application servers and compute nodes in the 

fastStorage trace. However, when looking at the Rnd trace, we see a larger portion of management 

machines that just need storage that is of lesser performance and needs less frequent access. 

The two traces feature a random selection of virtual machines (VMs) from the Bitbrains 

datacenter, with the likelihood of selecting each VM distributed uniformly across the two traces. 

This is driven by the need to ensure the confidentiality and anonymity of individual Bitbrains 

clients, as well as the necessity to keep the true magnitude of the Bitbrains infrastructure secret 

from the public. No information about arrival processes is included in our traces, which in a cloud 

datacenter may be used to characterise the lifespan of user workloads or virtual machines (VMs). 

Resource consumption is the subject of our study; instead of user tasks, we use resource usage 

counters, which maintains the anonymity of Bitbrains users and is consistent with the strategy used 

by a number of other researchers in the past. When it comes to virtual machines, business-

important workloads often rely on the same VMs for extended periods of time, generally spanning 

many months. As a result, there is no formal arrival procedure for us to report on (the VMs we 

study run throughout the duration of our traces). 



95 
 

 

 

C. Method of Characterization for Workload  

Using data representing CPU, memory, disc, and network resources, we carried out a full 

characterization of both requested and actually utilised resources in this study. The results are 

presented in a report. We display just the interpretive framework of each virtual machine (VM) in 

our traces, despite the fact that VMs may change their configuration during a trace (the risk of this 

occurring is less than 1%). In this work, we apply three key statistical instruments for statistical 

characterization:  

1) basic statistics,  

2) correlations, and  

3) time-pattern analysis. Fundamental statistics is the most basic statistical instrument. 

In order to discover temporal trends in our time series, we evaluate the aggregate consumption of 

each resource type across time by adding the average usage of resources reported for all of the 

VMs once every hour for each resource type. This aggregate resource utilisation may be used to 

aid in the planning of resource capacity. For each aggregate resource consumption, we depict the 

auto-correlation function (ACF), which is a good indication of whether or not there are repeated 

patterns in the workload trace data. In addition to this, we calculate hourly and daily intervals for 

dynamicity, which is defined as the ratio of maximum to mean values. 

5.3.2 Demanded resource with its usage 

Within the scope of this research, the requested resources have been studied, which are suitable 

for resources such as CPU and memory, rather than resources such as disc and network. The 

consideration of the general analysis derived from statistics results in insight information about 

the operation of the datacenter and the structure of business-critical workloads, which might be 

used to support the supply of benchmarks and the approach to resource-management in the future. 

For the workload of Bitbrains, either quantifiable results obtained with results reached as per the 

trace of fast storage for results of Rnd equal to the example given in Figure 5.1, or unquantified 

results obtained according to the trace of fast storage for results of Rnd. 
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(a) 

 

(b) 

Figure 5.1: CDF achieved for (a) CPU core quantity demanded and (b) memory demanded. 

A. Requested Resources 

Memory and CPU resources are the only resources examined in this research; the networking and 

disc properties of the request have been included in the record as additional resources. When 

comparing the VM needed for the mean value with the core CPU province in the critical workload 

of the system, it is observed that when comparing the core quantity of the utmost value with the 

memory which has been allocated, it is discovered that this is approximately 8 GB, whereby the 
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power demanded for the two typical lines is divided. Also included is a study of the characteristics 

of complex workloads supported by virtual machines (VMs) that are business-critical in nature 

and that interact with the traces that are typical of the grid as well as with the corresponding 

construction environment. In addition, the CPU cores are involved with the matrix rows, which 

define the quantity list that was requested through the resources and later reported by the managers 

of the resources of such workload analyses, which are the constituents of business-critical 

workloads like fast storage and Rnd exhibiting the grid workloads, including the datasets of 

NorduGrid, DAS2, and Grid5000. 

Specifically, the CPU core parameterization by number, as well as RAM bytes for each unique 

VM provided, have been requested in order to characterise the available resources. Figure 5.1 

shows the CDF obtained for the following parameters: (a) the number of CPU cores requested; 

and (b) the amount of RAM required. When the number of CPU cores and assigned memory are 

considered together, the results suggest that the most significant proportion, roughly 70% for 

individual VMs, is achieved by the use of smaller traces of CPU cores, such as 2 or 4, with a 

memory of 8 GB. For two cores, the virtual machine achieves a power efficiency of around 90%. 

When it comes to memory needs, we see trends that are comparable to those seen for CPU 

needs. Figure 5.1 (b) depicts the CDF for each virtual machine's required RAM. In computer 

memory, it is common to provision memory in multiples of two (around 90% for memory). VMs 

may request memory ranging from 1 GB to 512 GB for the fastStorage dataset, although the 

majority of VMs only use a small amount of memory, with over 70% of VMs using no more than 

8 GB of memory. In the Rnd dataset, the VMs use somewhat less memory than in the fastStorage 

dataset, which we attribute to a difference in management VM density typically, management 

VMs utilise 1 GB or less memory again, we attribute it to the variation in VM density. 

B. Memory Usage and CPU 

The resource usage for the CPU and memory in the report for the observance of CDF over the 

entire VM can be achieved for the CoV occurrence within the dynamic change for each VM. It is 

observed that the capacity of CPU requested within the range of VM is about 11%. Additionally, 

the usage memory storage is minimal compared to the mean value taken from CPU usage 

dynamically. Initially, the study underwent a CDF process within the resource usage of CPU over 

individual VMs. Figure 5.2 depicts the CDF through the evaluation over individual VM, from the 
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observation carried out at first quartile (Q1), mean value, third-quartile (Q3), in addition maximal 

(Max) CPU usage integrated to the demanded capacity of CPU (calculated by the product value 

between CPU core quantity with individual core speed, for instance, three × 3.65 GHz at three 

core values for 3.5 GHz apiece).  

Specifically, we examine the CPU and memory resource use, and we provide both the CDF seen 

across all VMs and the CDF of CoV observed per VM in this section. Our findings show that CPU 

utilisation is low on average and may be dynamic, and that it is far lower (about 10% for the 

majority of virtual machines) than the desired CPU capacity. Additionally, we discover that 

memory utilisation is not only lower on average, but also less unpredictable than CPU usage. We 

begin by looking at the cumulative distribution function (CDF) of CPU utilisation across all VMs. 

Figure 5.2 (a) depicts the CDF computed across all VMs based on their observed CPU usage (first-

quartile (Q1)), mean, third-quartile (Q3), and maximal (Max) CPU usage) and their requested CPU 

capacity (calculated as the product of the number of CPU cores and the speed of each core, e.g., 4 

2.6 GHz for 4 cores at 2.6 GHz each. 

As seen in Figure 5.2 (b), the mean CPU usage (curve "mean") for the vast majority of 

virtual machines (about 80%) is less than 0.5 GHz. Their average CPU consumption is less than 

10%, on average. Furthermore, only 30% of virtual machines (VMs) have a maximum CPU 

consumption greater than 2.8 GHz. Furthermore, just fewer than 5% of virtual machines (VMs) 

have appropriate CPU usage; the mean CPU utilisation is greater than 50% for these machines. 

According to this data, the utilisation of the vast majority of virtual machines is low most of the 

time. It can be shown in Figure 5.2 (b) that half (50%) of the CoV for CPU utilisation is less than 

1. This demonstrates that, for half of the VMs in our traces, the CPU utilisation is steady and 

centred around the mean that is, these VMs exhibit predicted CPU usage. Nevertheless, there is 

still a considerable proportion (about 20%) of virtual machines (VMs) with a CoV for CPU 

utilisation greater than 2; the CPU usage of these VMs is thus dynamic and unpredictable. We are 

now looking at the CDF of memory usage across all of the VMs. 

Moreover, the demanded memory will attain a bound of about 1 GB-512 GB with 

individual VMs. Instead, it attains a minor difference in the memory allocated against the VM of 

60% within the storage facility of 8 GB. Therefore, each individual VM in the dataset utilises a 

memory pool of about less than or equal to 1GB.  
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(a) 

 

(b) 

Figure 5.2: Usage of demanded CPU (a) for individual analysis of CDF at every VMs, in 

addition (b) CDF value of CoV practical at each VM. 

Figure 5.3 (a) is constructed in the same way as Figure 5.2 (a), but with information on the amount 

of memory that has been used. We discover that memory consumption is low: on average, 80% of 

virtual machines (VMs) require less than 1 GB of memory, and the large majority (about 80%) of 

VMs have a maximum memory use of less than 8 GB of memory. Figure 5.3 illustrates this (a), 

The large difference between the "mean" and "max" curves suggests that the peak memory usage 

of each VM is considerably higher than its average memory usage. In a similar manner to our 



100 
 

previous study of CPU usage, we investigate the CDF of the CoV in the observed memory usage 

per VM in the following section. As seen in Figure 5.3 (b), memory consumption is less dynamic 

than CPU usage: around 70% of virtual machines (compared to just 50% of CPU machines) have 

a CoV for memory utilisation that is less than 1. A similar finding has been made about the Google 

trace, according to the study. 

 

(a) 

 

(b) 

Figure 5.3: Usage for the memory resource: (a) CDF attained to individual VMs, in addition (b) 

CDF attained of CoV detected for individual VM. 
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It is intriguing to examine the relationship between CPU and memory use; the growth of these 

metrics over time might reveal potential for virtual machines and datacenter efficiency. Figure 5.4 

shows the evolution of these parameters throughout time. As a result of our findings, we 

hypothesise that memory resources seem to be more over provisioned than CPU resources in the 

examined datacenter, and that CPU resources are under provisioned. 

 

Figure 5.4: The usage of CPU and memory completed over the samples 

Figure 5.5 depicts a model that will be able to make more intelligent predictions about resource 

use. As a starting point, we employed time-series analysis, sophisticated regression methods, and 

time-series cross-validation in Python (using sklearn) to describe resource use as well as to uncover 

crucial predictive variables. After that, we used sklearn to model a 500-time series. For feature 

selection and overfitting reduction, a variety of techniques are used, such as feature engineering, 

linear regression, scaled regression, lasso, and ridge regression, among others. 

Data Preprocessing Pipeline 

Using Python, a data preprocessing pipeline was created to load activity traces from 500 virtual 

machines (VMs) during a three-month time period into a panda's data frame for analysis. We 

needed to have a feel of how the network was being used on a bigger scale initially. Specifically, 

we transformed the timestamps from Unix epochs to Pandas date-time indexes in order to do this. 

Next, we used the 'ffill' function from Pandas to fill in the odd missing value. This is a forward-

dispensing method that fills in a missing value with the value that was last seen, which we found 

to be useful.  
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Figure 5.5: Model for intelligent prediction of resource usage 

Feature Aggregation 

In order to get a more comprehensive view of the data, we aggregated (i.e., summed) CPU usage 

over all 500 VMs on a coarser temporal granularity to provide a more comprehensive overview 

(hourly). 

Feature Engineering 

Our team developed the following five new features for this dataset: time delays, day and time of 

week, number and usage of cores, and a difference in CPU usage from the past hour. Time-lags 

are used to predict future time points by analysing data from prior time points. For instance, data 

from 12:00pm would be used to anticipate what would happen at 3:00pm if there was a three-hour 

time lag. 

Exploratory Modeling 

First, we ran a typical linear regression model to see how well it worked. Although the model did 

not perform perfectly, it did a reasonable job of fitting the data with a mean absolute percent error 

(MAE) of 34.19%. The projections of this relatively basic model have the ability to significantly 

decrease over-provisioning by a large amount. Nevertheless, there may be other strategies that may 

be used to increase the accuracy of the model. To further refine our results, we used a scaling 
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regression model, this time using time series train-test-split and five-fold time series cross 

validation. Whenever the predictive potential of the coefficients is examined, only the third time 

lag characteristic is shown to be statistically significant. In addition, we tried to avoid overfitting. 

As a result, we attempted feature reduction utilising regularisation approaches such as Lasso and 

Ridge regression in the next step. When compared to Lasso regression (MAE = 30.98%) and the 

prior models, the scaled Ridge Regression model provided the best fit (MAE = 30.61%) to the data 

(Table 1). As indicated by an MAE of 30.61% for a highly changeable dataset, we were successful 

in our attempt to predict future CPU consumption. 

5.4 Proposed Scaled Ridge Regression model 

To understand why we are using the word linear, let us first establish that linear models are one of 

the simplest ways to predict output by employing a linear model of input data as the input function.  

                (5.1) 

In the preceding equation (5.1), we demonstrated the linear approach based on the n number of 

characteristics available. Taking just one feature into consideration, as we have most likely already 

realised, w[0] will represent the slope and b will represent the intercept. Linear regression searches 

for ways to optimise w and b in such a way that the cost function is minimised. The cost function 

is denoted by the notation, 

                                                                        (5.2) 

With respect to the above equation, we have considered that the data-set has M instances and p 

features. Computing the scores on the training and test sets after doing linear regression on a data-

set separated into training and test sets might provide us with a general indication of whether the 

model is over-or under-fitting the data. If we're fortunate, the linear model that we've picked will 

be exactly perfect for us as well! If we have a dataset with just a few features and the score is bad 

for both the training and test sets, we have an issue with under-fitting of the model. The issue of 

over-generalization or over-fitting, on the other hand, occurs when we have a high number of 

characteristics and our test score is much lower than our training score. Ridge and Lasso regression 

are two basic approaches that may be used to minimise model complexity and avoid overfitting, 

which can occur when using linear regression algorithms. 
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Ridge regression is characterised by the addition of a penalty equal to the square of the size of the 

coefficients, which causes the cost function to be modified.  

                                                           (5.3) 

This is comparable to stating that the cost function in equation 5.2 should be reduced under the 

conditions listed below. 

For some  

As a result, the coefficients of ridge regression are constrained (w). As a result of the penalty term 

(lambda), the coefficients are regularised, and if the coefficients take on significant values, the 

optimization function is penalised. As a result, ridge regression reduces the size of the coefficients 

and aids in the reduction of complexity and high and multi-collinearity. Returning to Eq. 5.3, it 

can be seen that when 0 the cost function becomes more comparable to the linear regression cost 

function, which is a positive idea (Eq. 5.2). In order to make the model more like a linear regression 

model, lower the restriction (low) on the features must be applied. 

5.5 Dataset Description 

(GWA-T-12 Bitbrains) 

The dataset comprises the performance metrics of 1,750 virtual machines (VMs) from a distributed 

data centre operated by Bitbrains, a service provider that specialises in hosting and business 

computing for large corporations and organisations. Each file offers information about the 

evaluation criteria of a virtual machine. Those files were grouped together along with their traces: 

fastStorage and Rnd. A total of 1,250 virtual machines (VMs) are included in the first trace, 

fastStorage, which is linked to fast storage area network (SAN) storage devices. The second trace, 

Rnd, has 500 virtual machines (VMs) that are either connected to fast storage area networks 

(SANs) or to significantly slower Network Attached Storage (NAS) devices. This is due to the 

better performance of the storage associated with the fastStorage machines, which causes a larger 

proportion of application servers and compute nodes in the fastStorage trace than in the Rnd trace. 

In contrast, for the Rnd trace, we observe a higher proportion of management machines that just 

need storage with reduced performance and less frequent access as compared to the first trace. 
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Each and every one of them. The csv files had entries that were around 43 minutes in length, with 

each row spaced by 300 milliseconds. An example of this dataset's visualisation is shown in 

Figures 5.6 and 5.7 below. 

 

Figure 5.6: An illustration of the average CPU and memory use across all 1,250 Bitbrains 

fastStorage VMs  

 

Figure 5.7: An example of the absolute magnitude of the average I/O usage across all 1,250 

Bitbrains fastStorage VMs was used to calculate these results (input-output). 
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Specifically, we investigate operational traces that are reflective of business-critical workloads, 

that is, workloads that include applications that must be accessible in order for the company to 

avoid suffering a large loss of productivity. Business-critical apps include a diverse range of 

customer and back-end services and are often comprised of email, databases, customer relationship 

management (CRM), and collaboration, as well as management services. When these services face 

downtime or even simply poor performance, they often result in revenue, production, and other 

losses, as well as financial damage, legal proceedings, and even customer defection, among other 

consequences. 

5.6 Results and Discussion 

The primary goal of this section is to transition to a machine learning technique in order to produce 

real-time consumption predictions and automate the scheduling of provisioning resources. This is 

particularly critical since they were wasting precious time manually establishing limitations and 

maintaining a consistently high resource limit in order to reduce downtime (i.e., system crashing). 

In general, all businesses must strike a balance between conflicting requirements such as limiting 

costs (for example, by paying for CPU bandwidth) while simultaneously avoiding downtime (for 

example, by slightly over provisioning). In order to do this, it is necessary to construct a model 

that would give a more intelligent prediction of resource usage. For beginnings, we employed time-

series analysis, sophisticated regression methods, and time-series cross-validation in Python (with 

the help of sklearn) to describe resource utilisation and discover significant predictive features. 

Figures 5.8-Figures 5.12 shows the exploratory data analysis for Bitbrains dataset. 

 

Figure 5.8: CPU Usage Lower on Weekends 
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Figure 5.9: CPU usage totals 

 

Figure 5.10: CPU Usage totals across week Days 
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Figure 5.11: Transmitted Throughput 

 

Figure 5.12: Received Throughput 

As illustrated in Figure 5.13, we next employed a scaled linear regression model, this time using 

time series train-test-split and 5-fold cross-validation, to arrive at an MAE of 32.20% (MAE = 

32.20%). To add to the functionality, we provided time-lags ranging from 3 9 hours in length (we 

narrowed the range of time-lags because of the short-term predictability of the data). As seen in 

Figure 5.14, this model has a somewhat better fit to the data (MAE = 31.48%). 
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Figure 5.13: Scaled Linear Regression Model, MAE = 32.20% 
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Figure 5.14: Linear Regression Model with Encoded features, MAE = 32.20% 

When the predictive potential of the coefficients is examined, only the third time lag characteristic 

is shown to be statistically significant. In addition, we tried to avoid overfitting. As a result, we 

attempted feature reduction utilising regularisation approaches such as Lasso and Ridge regression 

in the next step. As demonstrated in Figure 5.16, the scaled Ridge Regression model (Proposed) 

provided the greatest fit to the data (MAE = 30.61%) when compared to Lasso regression (MAE 

= 30.99%), as seen in Figure 5.15, and the prior models. We were successful in our attempt to 

estimate future CPU utilisation, as evidenced by an MPAE of 30.61% for a highly variable dataset. 



111
 

 

 

Figure 5.15: Lasso Regression Model, MPAE = 30.99% 
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Figure 5.16: Modeling of Scaled Ridge Regression (Feature reduction under L2 regularization), 

MAE = 30.61%. 
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5.7 Summary 

We will talk about how datacenter academics and professionals may put the results of this study 

to use in their work. Because datacenter operators can predict the growth of the resource needs of 

VMs in each datacenter, they may prepare physical hosts to host VMs well in advance of the need. 

Specifically, we investigate the ACF of resources, which can be used as a starting point for 

developing time-series models (e.g., auto-regressive models) that anticipate future resource needs. 

Researchers may utilise our results, as well as the traces we made available, to design and evaluate 

their own workload-prediction models, which they can then publish. In addition, we investigate 

resource needs and demands for virtual machines (VMs), which may be used as a starting point 

for investigating VM consolidation and migration approaches. Through the analysis of correlations 

between resource usages, we may determine the degree of reliance across resources; a negative 

correlation indicates potential for consolidation. The information presented in this work may be 

utilised to inform the experimental setup of simulation research, including multi-resource 

provisioning, which is the subject of this study. Furthermore, researchers may use our trail to test 

the effectiveness of their consolidation strategies. We are developing a scheduler that will migrate 

a virtual machine (VM) to a different physical host depending on the resource utilisat ion of the 

VM and the load on the physical host in concern. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


