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Abstract
Early detection of outliers has major applications in various industrial domains such as machine failure
detection, patient monitoring systems and early warning systems of natural disasters. Although many
machine learning and deep learning techniques have developed in the last few years, training of these
algorithms requires a large amount of labelled dataset. However, generation of hand labelled training
dataset is time consuming and has less accuracy. Likewise, the arti�cial dataset should follow the
characteristics of real time data. Hence, generation of a time series dataset following the rules of data
generation aids data scientists to develop and evaluate different supervised models. This generated data
can help experts to develop a general framework for outlier detection. Hyper parameter optimisation
performed in this base model ensures maximum e�ciency of the generated model. Once the base model
is ready, experts from various domains can utilise the framework for outlier detection in their speci�c
application by applying domain speci�c heuristics. A case analysis using atmospheric dataset is
conducted in this paper that act as a guideline for adding domain speci�c heuristics into the base model.

1. Introduction
Real time dataset contains various kinds of outlier instances with different statistical characteristics.
Forecasting or early detection of these outliers require machine learning or deep learning models with
high accuracy. Studies show that outlier detection can be considered as a special case of classi�cation
with two class labels: normal and outlier. Therefore, creating a labelled dataset will increase outlier
detection accuracy (Bach et al., 2017). However, since outlier detection problems lack the presence of
ground truth (Agarwal et al., 2017), the process of labelling requires either human expertise or
programmatic approaches. All the studies related to generation of synthetic datasets in the outlier
detection domain produces regular instances and outlier points (Steinbuss and Böhm, 2021; Emmott et
al., 2015) without labels. Yet, labelled data generation is necessary to improve the key performance of
machine learning or neural network algorithms (Bach et al., 2017).

This leads to a situation where there is a need for algorithms that can generate labelled arti�cial dataset.
As a result, people search for alternative measures such as programmatic or other more e�cient but
noisier methods of producing training labels, sometimes referred to as weak supervision (Bach et al.,
2017). Many of these rely on a single label source, or a small number of carefully selected and manually
integrated sources (Mintz et al., 2009). However, labelling processes must ensure that outliers embedded
in the normal data must follow certain rules set by earlier researchers in this �eld (Steinbuss and Böhm,
2021; Emmott et al., 2015). Some researchers developed techniques to assure that generated contains
anomalies at different di�culty levels (Emmott et al., 2015) but none of these methods (Steinbuss and
Böhm, 2021; Emmott et al., 2015; Chen et al., 2020) used the strategies to label the data that can be used
for outlier classi�cation. Although Ahamad et al. (2017) developed a benchmark named Numenta
Anomaly Benchmark (NAB) dataset with labelled outliers, this dataset does not follow the real time data
characteristics as proposed by earlier researchers. This necessitates the need for a data generation
technique that has real time data characteristics.
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As most of the real time applications exhibits characteristics of a time series dataset, data generation
model with similar features has to be selected for this analysis. Random data distribution is one of the
simplest and most signi�cant models in time series forecasting (Nau, 2014) which can represent data
with high variability (Nau, 2014). In order to add outliers into the data earlier researchers used uniform
distribution with various di�culty levels and frequencies (Steinbuss and Böhm, 2021; Emmott et al., 2015;
Chen et al., 2020).

Once the data is generated successfully, machine learning or deep learning can be used to build models
to detect outliers in the data. Accepting the fact that neural networks have higher detection rates as
compared to the machine learning counterparts, we developed a neural network model to perform outlier
detection. Hyper parameter optimisations are performed in the base model to attain maximum e�ciency.
This base neural network act as a general framework which can be used in different industrial domains
with domain speci�c adaptations. Thus, this research work is designed to address the following research
questions.

R1

Is it possible to generate a labelled dataset that has the same characteristics as that of real time dataset?

R2

How to develop a base neural network model which can be used for outlier detection in multiple
domains?

R3

What is the procedure used to modify the base model with domain adaptation?

These research questions are addressed using a three-stage process. First stage generates a dataset
similar to the real time data instances. Second stage base neural network model that can be used across
multiple domains. This base model is optimised with the help of a generated dataset which will save the
time of hyper parameter tuning. In the third stage domain expert knowledge is used to modify and
enhance the model. Case study explained in Section 5 helps the user to understand how to incorporate
domain speci�c features into the system.

Thus, there are three advantages for this research work. Firstly, this research work will help researchers
across various industrial domains to utilise the �rst step for generating a labelled dataset. Secondly, it
creates a general framework for outlier detection without further processing. This helps users to save
time involved in hyper parameter tuning of the neural network. Moreover, this paper acts as a guideline for
users from various industrial domains on how to add domain speci�c knowledge to modify and enhance
their model.
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Rest of the paper is organised as follows. Section 2 reviews the literature that helped us to build the base
model. Section 3 details the research methodology and Section 4 presents data generation results;
Section 5 illustrates methods to apply the base neural network model in a real time application through a
case study.

2. Literature Review
2.1 Need for synthetic data generation

Outlier detection has many applications in various domains such as process monitoring (Wang and Mao,
2019; Xu and Ding, 2022), intrusion detection (Huang and Lei, 2020), heart failure detection (Hammad et
al., 2021), environmental hazard monitoring (Prodhan et al., 2022) and water intake monitoring (Xue et
al., 2019).  In all these studies the notion of ‘outlier’ varies from context to context (Yepmo et al., 2022).
For example, irregular heart rhythm represents outliers in heart failure detection whereas natural hazards
like �ood or drought represents outlier instances in environmental monitoring.   Since the data associated
with these applications is organised in a time series pattern, approaches that can detect outliers in time
series data are chosen.  Survey done by Gupta et al. in 2014 help users to classify outlier detection
methods used for time series dataset (Gupta et al., 2014).

In the literature, many of these time series applications use unsupervised methods such as clustering (Wu
et al., 2016), distribution base methods (Yamanishi et al., 2004), distance-based methods (Ramaswamy
et al., 2000) for detecting outliers. Zimek et al. 2012 reviewed unsupervised outlier detection techniques
for high dimensional numerical data (Zimek & Kriegel, 2012). However, all these algorithms face a key
problem: real-time users of these algorithms require explanations for their outputs, a problem known as
eXplainable Arti�cial Intelligence (XAI) (Yepmo et al., 2022). But due to the unavailability of ground truth
for outlier detection problems (Agarwal et al., 2017) it is di�cult to explain the reason for being an outlier.
Bach et al., 2017 uses weak supervision to label the outliers which helps to differentiate outliers and
normal data objects that explain outlier points on the basis of the domain it appears. However, according
to Yepmo et al., 2022 meaning of outliers varies at different domains. Therefore, synthetic data
generation is essential to get labelled data that can be used across multiple industrial domains. Next
section details algorithms developed for synthetic data generation in the area of outlier detection.

2.2 Synthetic data generation in outlier detection problems

Numerous studies are available in synthetic data generation that have outlier points embedded into it. A
few of these studies are restricted to domain speci�c data generation such as data related to wireless
sensor networks (Fan et al., 2004), �nancial dataset (Gonzalez et al., 2002), intrusion detection (Pham et
al, 2014) and detection of outliers in image dataset (Steinwart et al., 2005). 

As discussed, due to the fact, the meaning of outliers varies in different industrial domains, a general
framework for arti�cial data generation is essential. Steinbuss and Bohm, 2021 devised a general
framework for creating arti�cial outliers based on a set of rules imposed by previous researchers in the
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�eld (Emmott et al., 2015; Chen et al., 2020). His research used a technique called 'sampling from a
distribution' to generate regular examples and then inject outliers using uniform distribution at various
di�culty levels. Similar to this, Emmott et al., 2015 used multivariate Gaussian distribution for regular
dataset generation and Domingues et al. (2018) generated data from two separate T distributions.
However, it is important to produce data points that has the similar characteristics as that of real time
data points. As many of the major applications areas of outlier detection contain time series dataset;
generated data instances also must follow the characteristics of a time series dataset. Also, synthetic
data generation process should ensure that algorithms developed to detect outliers performs well with
diverse set of data points (Sánchez-Monedero et al., 2013).  But all the existing algorithms generate time
series dataset (Zulkipli et al., 2021) without labels. The establishment of the Numenta Anomaly
Benchmark (NAB) (Ahmad et al., 2017), a labelled benchmark, is another noteworthy contribution in this
area. However, NAB and its related works do not cover important characteristics such type and frequency
of outliers in the data. Hence, there is need to address the �rst research question, R1: Is it possible to
generate a labelled dataset that has the same characteristics as that of real time dataset?

2.3 Hyper parameter optimisation in neural network

Data generation is followed by selection of an appropriate outlier detection technique. Because of the
greater outlier identi�cation rate, neural networks and deep learning algorithms are used in the majority of
outlier detection techniques (Zeng et al, 2020). Still, these networks require hyper parameter optimisation
techniques for enhancing the detection rate. Existing research in this area has primarily focused on
improving the outlier detection rate for a given application (Pfülb, 2019) or a speci�c network segment
(Dhaouadi et al., 2019). Furthermore, there is a scarcity of domain adaptation approaches (Najafabadi et
al., 2015), where learned a model works well in the targeted domain (Zhao et al., 2022). However, it is
important to develop a neural network architecture with optimised hyper parameters that can be used in a
variety of applications.  This forms the basis for the research question R2.

2.4 Early warning systems

Once the base model is developed, this model can be enhanced to use in a domain speci�c application.
Current research works focuses on nowcasting approaches that predict outliers that will occur during the
next few hours (Brandyn et al., 2018). This nowcasting approach has a signi�cant impact in real-time
scenarios such as dam deformation early warning (Chen et al., 2021), and gearbox failure warning (Wang
et al., 2021). Domain speci�c features largely in�uence accuracy of these systems (Diao et al., 2020).
Therefore, adding domain speci�c components while developing a time series forecasting is a good
approach to increase the accuracy of these systems (Chen et al., 2021). As outlier detection causes a
problem of class data level strategies such as oversampling and under sampling of data instances can
also help the users to achieve higher accuracies (Johnson and Khoshgoftaar, 2019).

3. Methodology
3.1 System Architecture  
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In Fig.1 the data generation engine takes three parameters. First, the statistical distribution of regular
instances then the distance and frequency metrics of outliers.  Literature resources reveal that these three
parameters form the major components for data generation with outliers. Unlike the data generation
process used in the literature the proposed architecture generates a labelled dataset. Once the data is
generated successfully, this data is stored inside a database that can be accessed by any machine
learning or deep learning model for analysis. In the current analysis, after generation of the dataset a
neural network model is created that forms the basic model for outlier classi�cation. Hyper parameter
optimisation is done in this base model so that the optimised model can act as a general framework for
further analysis. Once the optimised model is ready to use, domain speci�c users can make use of the
general framework for outlier classi�cation in their domain speci�c dataset. Second stage of the
proposed method uses domain speci�c heuristics to modify the general framework or the base model to
improve the model for their speci�c problem. This paper illustrates the design of the base model for
outlier classi�cation and the method used to modify the base model for a speci�c application using
domain speci�c heuristics.  

3.2 Components of data generation algorithm

This study compares four different types of data instances. Two types of genuine data points which can
be collected from any real time dataset. Secondly, two arti�cial data points generated by the data
generator. Based on the genuine data points arti�cial data instances are generated for the current
analysis (Steinbuss and Böhm, 2021).

Studies revealed that most of the real time systems such as process monitoring (Wang and Mao,
2019), intrusion detection (Huang and Lei, 2020), heart failure detection (Hammad et al., 2021) and water
intake monitoring (Xue et al., 2019) contains time series dataset. During the process of data generation,
the generated data should follow the same statistical characteristics as that of time series data. Since a
random distribution can better represent a time series dataset, random distribution can be used for
generating regular instances. A separate uniform distribution is used to insert outlier points into the
dataset with various di�culty levels having different frequencies.  Notations used in the proposed
algorithm is given in Table 1.

Table 1: Components of the data generation algorithm
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Notations used in the algorithm

Vmin: Minimum limit for the generated data 

Vmax: Maximum limit for the generated data

current value: current value of outlier instance

ss: step size

run: current 

max: maximum run size 

min: minimum run size

direction: checks direction of next move 

mistake: randomly generated outlier value

 

3.3 Data generation algorithm

RAND_GEN (Min, Max)

Step 1: Generate Seed (VMin,Vmax) as current value

Step 2: Set maximum run size as ‘max’ and step size as ‘ss’ for this run

Step 3: if current value > max:

Step 3.1 output = bringdown.bringdown(currentvalue,ss,run)

             Step 3.2 current value = output

Step 3.3 outputlist = [j, output, 0]

Step 3.4 row = [j, output]

Step 3.5 Output the current value to csv �le 

Step 4: If the current value < min:

            Step 4.1 output=bringup.bringup(current value,ss,run)

            Step 4.2 current value = output

            Step 4.3 outputlist = [j, output, 0]

            Step 4.4 row = [j, output]
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            Step 4.5 Output the current value to csv �le 

Step 5: Generate random number r using random.random()

           Step5.1 if (r>0.5):

                         Set the direction as 1

          Step 5.2 else:

                        Set the direction as 0

          Step 5.3 if direction is 1:

output = current value + ss

current value = output

ss = stepsize.stepsize()

row = [j, output]

         Step 5.4 Output the current value to csv �le 

Step 6: Call insert outliers using Call uniform dist (a, b) 

          Step 6.1 mistake = random.random()

          Step 6.2 Gen-Localanomaly(2*ss*2*run), (2*ss*2*run); 

a = current value + (ss *2*run *2*mistake)

b = current value - (ss *2*run * 2*mistake)

rv = round(random.uniform(a,b))

return rv

        Step 6.3 Gen-globalanomaly((3*ss*3*run), (3*ss*3*run)).

a = current value + (ss *3*run *3*mistake)

b = current value - (ss *3*run * 3*mistake)

rv = round(random.uniform(a,b))

return rv

Once the data is generated the next step is to verify whether the data generation process is correct or not.
This is done using Chi Square analysis in Section 4.2

4. Results
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4.1 Data generation Results

As discussed in Section 3, a dataset which is similar to the time series data is generated. User interface is
designed to take input from the user to set the size and limit for the generated data. Here, data size
determines the number of data points generated and limit value determines minimum and maximum
limits for the generation. Fig.3 gives the user interface. Based on user input, the simulator will generate a
dataset using the algorithm given in Section 3.2.

The generated data will be stored inside a database. Users can retrieve this generated data for further
analysis. Fig.4 depicts data set which is retrieved from the database  

Fig. 5 plots histogram of the generated dataset which is retrieved from the database.

4.2 Veri�cation of the generated dataset

As discussed in Section 3.1, based on literature (Steinbuss and Böhm, 2021) for the current analysis
outliers are inserted based on two parameters: distance and frequency. Distance metric decides whether
the outliers are local or global. Distance metric rules are veri�ed using distance measures given by
pioneers in the �eld (Steinbuss and Böhm, 2021). In the current analysis, local outliers are generated at
2*stepsize*2*run and global outliers are generated at a distance of 3*stepsize*3*run.  

In order to check whether the generated follows random data distribution, Augmented Dickey Fuller (ADF)
test is used to check whether the generated dataset follows a random distribution

4.3 Creating a base neural network model to classify outliers in the generated data

Once the data is generated, the generated data can be used to implement a base neural network model to
perform outlier classi�cation. Hyper parameter optimisation of the model is done using the generated
data. This forms the base model for further analysis, where users from various industrial domains can
utilise the optimised base model for their speci�c domain. 

4.3.1 Structure of base neural network model

Fig. 6 gives structure of the base neural network developed. This base model act as the building block for
further domain speci�c improvements.

4.3.2 Hyper-parameter optimisation

Objective of hyper parameter optimisation is to identify best values for number of epochs and batch size.
We adopted trial and error strategy for hyper parameter optimisation.

Table 2: Hyper parameter optimisation
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Trial Number Network Structure Results

1 Epoch 10, Batch Size 16

(10 executions)

Outlier detection Rate:

Mean:52.49

Std. Dev.: 31.49

False alarm rate: 

Mean: 8.86

Std. Dev: 8.81

2 Epoch 50, Batch Size 16

(10 executions)

 

 

 

 

Outlier detection Rate:

Mean:62.53

Std. Dev.: 19.4

False alarm rate: 

Mean: 8.8

Std.Dev:8.9

3 Epoch 100, Batch Size 16

(10 executions)

 

Outlier detection Rate:

Mean:79.22

Std. Dev.: 10.1

False alarm rate: 

Mean: 13.5

Std.Dev:6.0

4 Epoch 100, Batch Size 40

(10 executions)

 

Outlier detection Rate:

Mean:76.79

Std. Dev.: 16.1

False alarm rate: 

Mean: 12.4

Std.Dev:7.76

From the given table, 100 epochs and a batch of size 16 has a high detection rate and low false alarm
rate. Therefore, trail number 3 can be selected as the optimised base neural network model. In order to
ensure that users can attain a benchmarking e�ciency from the base model, a t_test (Kim et al., 2015) is
conducted to con�rm that using selected neural network model outlier detection rate of 75 % is attainable
for any dataset.
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H0: Outlier detection rate of any real time dataset with the selected neural network model is greater than
or equal to 75

H1: Outlier detection rate of any real time dataset with the selected neural network model is less than 75

To verify the correctness of this assumption a single sample t_test can be used.

For 100 epochs and a batch of size 16, sample mean value of 10 executions is 79.22 with standard
deviation of 10.1. Hypothesis claims that using this optimised set of parameters users can attain at least
75% outlier detection rate.

Table 3: t_test Results

   
t_test statistic

4.22 10.11/3.16=3.196 1.320

α 0.01

Degrees of freedom 10-1 =9

Here, t_test statistic is 1.320<1.833(critical value)

Hence, t_test proves that null hypothesis can be accepted. This veri�es that any neural network model
with the selected hyper parameters will have a performance greater than or equal to 75.

5. Case Study
5.1 Using neural network model for weather prediction in ACARR dataset

A case study is undertaken utilising an atmospheric dataset to validate the hypothesis presented in
Section 4.3. Dataset for the case analysis is collected from Advanced Centre for Atmospheric Radar
Research (ACARR) located at Cochin University of Science and Technology (CUSAT), India. Advanced
Centre for Atmospheric Radar Research (ACARR), Cochin University of Science and Technology (CUSAT)
is the most modern and advanced ST wind pro�ler radar to better comprehend diverse troposphere
circulation aspects and lower stratosphere, as well as their impact on the underlying environment the
Indian subcontinent's monsoon circulation. For the current analysis, event rain is considered as outlier
points. For the current case analysis base neural network obtained from simulation is used to classify the
event rain.
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After applying the base model for outlier detection domain speci�c adaptations can be done in this base
model. Current section presents a case study using the basic features. For getting the basic features in
the domain a literature study is conducted. Based on that, rainfall rate is dependent on the
thermodynamic variables (Zawadzki et al. (1981). Demographic studies show that the rainfall over
Cochin is in�uenced by both the coastal effect and the orographic effect due to its proximity to both the
Sea and the hills. ACARR has most modern and advanced ST wind pro�ler radar to better comprehend
diverse troposphere circulation aspects and lower stratosphere, as well as their impact on the underlying
environment of the Indian subcontinent's monsoon circulation. The cloud database of the centre stores
all the atmospheric features. Yet, studies show that temperature, humidity, wind speed, pressure and
radiation are the relevant factors (Jaseena et. al., 2020; Mathew et al., 2021; Mohankumar et al., 2019)
that affect the event rainfall. Because of that, these relevant features are taken for the current analysis.
As discussed, the outlier represents the event ‘Rain’ and normal points correspond to ‘No Rain’ events.
Atmospheric dataset with 17520 data instances for the year 2018 is used for this analysis. Base neural
network with hyper parameters obtained from Table 2; 100 epochs and 16 batch size are utilised for this
case study.

Rain data classi�cation is done using the set of features given in Table 4. 

Table 4: Basic set of features used for rain data classi�cation

Sl. No. Basic features

1 Temperature

2 Humidity

3 Wind speed

4 Pressure

5 Radiation

 

Table 5: Results: Weather Prediction
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Data and Results: Weather Prediction

No of normal points (16133, 7)

No of outliers (1387, 7)

No of outliers correctly classi�ed 220

True Positive 2299

False Positive 920

False Negative 61

Accuracy of the system: 71.97142857142858

Outlier Detection rate 78.29181494661922

False Alarm rate 28.580304442373405

In Table 5 outlier detection rate corresponds to rain data classi�cation. Results shows that outlier
detection rate is in accordance with the hypothesis developed in Section 4. This validates the use of the
neural network with a set of hyper parameters obtained from the generated dataset. Once the general
framework for outlier classi�cation is created, the same neural network model can be extended further to
perform domain speci�c analysis. 

5.2 Extending the base neural network model to nowcasting model

5.2.1 Nowcasting Model Development

The case study explained in Section 5.1 can be considered as a weather forecasting system with zero
lead time (current weather prediction). Current weather prediction uses current atmospheric features to
predict the likelihood of event rain in the current time frame.  However, nowcasting is an important term
used in meteorology for forecasting the weather occurring in the next few hours (Brandyn et al., 2018).
Base model obtained and utilised in section 5.1 can be extended to a nowcasting model. This section
presents a case study on how to use the neural network model for weather nowcasting after adding new
derived features into the base weather prediction model. The objective of this case study is to extend the
base model developed using the generated data by adding atmospheric features obtained from domain
experts.  

This case study uses an architecture of the IoT system illustrated in Fig.7. Here, data collected from the
radar (sensor in other applications) in the perception layer is transmitted to the cloud through a network
layer. Based on the user’s requirement, selected data can be downloaded into a local database for
processing and prediction purposes. Business layer visualises the results which help the users to interpret
the results.  This IoT architecture can be viewed as a general model for any application with domain
speci�c changes in the dataset.



Page 14/28

To develop a nowcasting system for this architecture literature has been studied. It shows that several
data driven approaches have been developed in recent years to predict rainfall (Manandhar et al., 2019).
However, domain experts explain that rainfall is dependent on a myriad of atmospheric parameters
(Manandhar et al., 2019) and a single feature cannot increase forecasting accuracy. Liu et al., 2019
emphasises this fact that a good model cannot be constructed if the neural network model is dependent
on a single predictor. Therefore, addition of domain speci�c features into the basic neural network model
can enhance the rain fall forecasting accuracy. Since there is no strong correlation between rainfall and
any of these meteorological parameters (Liu et al., 2019); new techniques or features must be identi�ed
to improve the forecast accuracy of short-term rainfall. Studies show that current rainfall information of
different magnitudes has an impact on upcoming �oods (Jia et al., 2020).  In accordance with this study
a new feature current rain is introduced for this analysis. Time of the day used by Liu et al., 2019 is
modi�ed into a categorical data due to its impact on the prediction accuracy. Similarly, seasonal factors
are included in accordance with study conducted by Ceglar and Toreti, 2021 and the studies about Indian
sub-continent Kothawale et al., 2010.

This forms the set of three derived features: current rain, four separate categories for time of day (12am-
6am, 6am-12pm, 12pm-6pm, and 6pm-12am) and four different classes for season of the year (Winter:
Jan-Feb, Pre-Monsoon- March-May, Summer Monsoon- June-Post Monsoon-Oct-Dec). Table 6 presents
the domain speci�c features used for the current analysis. 

Table 6: Selected features for nowcasting

Sl. No. Basic features Derived features

1 Temperature Current rain

2 Humidity Season of the Year (4 classes)

3 Wind speed Time of the day (4 classes)

4 Pressure  

5 Radiation  

After selection of domain speci�c features, base neural network model can be used directly without any
modi�cations. 

5.2.2 Nowcasting: Results

In this analysis, the base neural network model developed in section 5.1 is modi�ed to perform
forecasting of rain events in different lead times. Because nowcasting is used for prediction for 0- 6hrs,
analysis done in this case study examines the forecasting accuracies for 0-6hrs.  Table 7 presents the
nowcasting results after applying domain speci�c heuristics into the base model. The fundamental
neural network model employed in this research is the same as in Section 5.1, and the dataset is the
same: 17520 data instances for the year 2018.
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Table 7: Forecasting accuracies with various lead times

Forecasting results Prediction Results from Table 7

Features: Time, Season, Temperature, Humidity, Wind
Speed, Wind direction, Pressure, Radiations, Current Rain

Temperature, Humidity, Wind Speed,
Wind direction, Pressure, Radiations

Simple
NN(T+N)

Rainfall
forecasting rate

Rain fall forecasting
False alarm rate

Current: 

Outlier detection rate:78.2

False alarm rate: 28.5
Current 82.4 24.2

1hr 81.2 34.3

2hrs 80.4 29.4

3 hrs 80.6 29.5

4 hrs 76.4 32.2

5 hrs 78.2 31.9

6hrs 74.5 24.0

Results and comparisons presented in Table 7 shows that addition of derived features improved the
forecasting accuracy of the base model.  This case study illustrates the various steps to apply the base
model for short term rainfall forecasting. Results show that within a lead time of 6 hrs existing neural
network models have a higher forecasting rate with tolerable false alarm rates.

5.2.3 Data level improvements in nowcasting accuracies

For any data analysis problems improving forecasting accuracies is a necessary step that helps the users
to enhance the basic model. As we need the same structure of the base neural network model with the
same set of hyper parameters, data scientists have to ponder for new measures to increase the accuracy.
 Due to the fact that the dataset used in this analysis contains class imbalanced dataset, where the
percentage of data instances in the class ‘rain’ is low as compared to the ‘no rain’ data instances; further
optimisations can be done at data level.  Data-level methods for addressing class imbalance problems
include oversampling and under-sampling. (Johnson and Khoshgoftaar, 2019).  Under-sampling discards
data voluntarily, lowering the overall amount of data from which the model may learn. Due to the
increasing size of the training set, over-sampling will result in an increase in training time (Chawla et al.,
2004). This case analysis uses both over sampling and down sampling methods to improve the
nowcasting accuracies. Table 8 and Table 9 and gives accuracy improvements after up sampling and
down sampling for a lead time of 1 hr and 6 hrs. 

Table 8: Comparison of nowcasting accuracies (Lead time: 1 hr)
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Season Percentage of rain data Rain data Detection Rate False Alarm Rate

Without sampling 8 81.2 34.3

Down sample 1:1 98.7 69.7

Up sample: Random 1:1 97.5 57.7

Table 9: Comparison of nowcasting accuracies (Lead time: 6 hrs)

Season Percentage of rain data Rain data Detection Rate False Alarm Rate

Yearly 8 74.5 24.0

Down sample 1:1 97.2 76.8

Up sample 1:1 97.2 69.8

 

Oversampling and down sampling methods increase the detection rate penalising the false alarm rate,
further analysis is required in this dataset.  As a result, researchers are looking into the impact of a higher
number of outlier points (event rain) on forecasting accuracy. For an atmospheric dataset, this can be
accomplished by data analysis that divides the data into different seasons. 

Table 10: Season Wise Analysis (Lead time: 1 hr)

Season Percentage of rain data Rain data Detection Rate False Alarm Rate

Monsoon 16.9 91.0 43.7

Autumn 7 54.2 4.0

Summer 3.8 51.4 5.0

Winter 0.6 5.0 3.4

 

Table 11: Season Wise Analysis (Lead time: 6 hrs)

Season Percentage of rain data Rain data Detection Rate False Alarm Rate

Monsoon 16.9 87.2 53.5

Autumn 7 54.7 23.2

Summer 3.8 22.2 6.7

Winter 0.6 0 0
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Results obtained from season wise analysis shows that forecasting the event rain is easier in monsoon
as compared to other seasons. This identi�cation reveals the fact that identifying outliers is easier when
the number of outlier instances are high. This discovery can be used by data analysts to improve
forecasting accuracy in domain-speci�c datasets.

6. Discussion
This research work can be considered as a three-stage process to address three research questions as
depicted in �gure 7. 

First two stages of this research work present a cross domain method that can be utilised by people from
various industries. Third stage acts as a knowledge framework for domain speci�c users.  Detailed
discussion given in Section 6.1 gives theoretical implication of the study and section 6.2 explains the
practical implications of this research. 

6.1 Theoretical implications

Researchers in this domain have the following advantages.

Generation of labelled outliers help data scientists to utilise this data for their speci�c application.

Base neural network model developed with optimised hyper parameters helps users across the
industrial domains to make use of the general framework for outlier detection without further
analysis. Hence, data scientists can save the time for initial model development and optimisation
process.

Figure 6 details the layered architecture of an IoT system that aids the algorithm developers to
identify their speci�c layer of research.

Case studies presented in this work act as guidelines for researchers across industrial domains to
identify relevant features in their speci�c domain.

Case study guides computer scientists on how to modify the general base model for their speci�c
application.

Data level improvements in nowcasting accuracies done in the case analysis helps data scientists to
use the same set of enhancements in their particular dataset without further analysis.

Thus, this study builds a general framework for data scientists to develop an early warning system in
their speci�c application domain.

6.2 Practical implications

Another set of bene�ciaries who take bene�ts of this research work includes algorithm users.

Since the developed model presents a general framework, users from various industrial domains can
use this base model as a benchmarking model for their outlier detection studies.
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With help of expert knowledge algorithm users can extract domain speci�c features and can
enhance base model

7. Conclusion
Outlier detection is an important problem that helps users to identify abnormal data instances in the data.
Identi�cation of these abnormal instances may be a time-consuming task for data analysts. Although
many unsupervised algorithms have been developed for outlier identi�cation, supervised algorithms
show better detection accuracies in majority of the cases. This leads to a situation where there is a
requirement for a labelled dataset for training. Even with labelled data, the training and optimisation
process also takes a huge amount of time. Seeing these, this research work presents a data generation
algorithm which produces labelled data that has similar characteristics as that of a real time dataset.
This generated dataset is used to develop and optimise the base neural network that can be used for
outlier detection. The algorithm can be further extended to early warning systems after modi�cation of
the base model. A case study has been demonstrated using an atmospheric dataset that guides users to
apply the same model in various industrial domains. This research work helps both researchers and
practitioners to develop an effective outlier detection system in their speci�c domain.

There are some limitations for this research work. Firstly, the base model uses a neural network algorithm,
other supervised models are not explored in this study. Further improvements in the base model requires
domain expertise which may need further exploration in the speci�c domain.
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Figure 1

Proposed system architecture

Figure 2

Terminology of data instances
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Figure 3

Data Generator User Interface



Page 26/28

Figure 4

Dataset retrieved from the database

Figure 5

Histogram of generated dataset
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Figure 6

Structure of base neural network
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Figure 7

Architecture of the data processing system 

Figure 8

General framework of current study


