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Abstract. The article addresses the issue of outliers in metrological measurements, which can significantly distort research 

results and affect measurement accuracy. Outliers that substantially differ from other data points in a sample seriously threaten the 

reliability of metrological processes. In previous studies, the Isolation Forest model was applied to detect such outliers, 

demonstrating its effectiveness under certain conditions. For a deeper understanding and validation of the results, it is necessary to 

compare this approach with traditional robust methods, such as the Interquartile Range (IQR) and Median Absolute Deviation 

(MAD), already widely used in metrology. 

This work compares the mentioned outlier detection methods with the Isolation Forest model. Special attention is given to 

the impact of outliers on data distribution and each method's ability to impact mitigation, enhancing reliability. The study 

encompasses an analysis of the characteristics of the method for the identification of strengths and weaknesses in the context of 

real metrological tasks. 
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1. Introduction 

In previous studies, we addressed the issue of 

outliers in metrological measurements [1]. The use of the 

Isolation Forest model for outlier detection demonstrated 

its effectiveness under certain conditions, showing the 

ability to identify anomalies that could distort measure- 

ment results and lead to an increase in Type A standard 

uncertainty. To gain a deeper understanding and validate 

the results, this method is compared with traditional 

robust methods. 

Outliers pose a significant problem in the context 

of metrological research, as they can negatively impact 

the accuracy and reliability of measurements. 

Understanding their nature and impact on statistical 

indicators is crucial for developing effective methods for 

their detection and elimination [2-3]. While robust 

methods such as the Interquartile Range (IQR) and 

Median Absolute Deviation (MAD) are widely applied, 

new approaches like the Isolation Forest also require 

detailed analysis and evaluation 

- The first quartile (Q1) is the value below which 

25% of the data lies; 

The third quartile (Q3) is the value below which 

75% of the data lies. 

The formula for calculating the Interquartile 

Range is as follows: 

IQR = Q3 − Q1 . (1) 

To identify outliers, the following rule is used: 

data points are considered outliers if they fall outside the 

following thresholds: 

Lower threshold= Q1−1.5×IQR, 

Upper threshold= Q3+1.5×IQR. (2) 

This method does not require assumptions about 

the data distribution and is robust to the influence of 

outliers, making it useful for analyzing small samples. 

The Median Absolute Deviation (MAD) is the 

median of the absolute deviations of observations from 

the data median. It measures the dispersion of data 

around its median, providing additional robustness to the 

influence of outliers. The formula for calculating the 

Median Absolute Deviation (MAD) is: 
2. Goal 

MAD = M e ( X − M e ( X ) ) , (3) 

The comparison of the robust methods for outlier 

detection, such as the Interquartile Range (IQR) and 

Median Absolute Deviation (MAD), with the Isolation 

Forest model to improve the accuracy of measurements 

in the obtained data. 

 

3. Outlier Detection Methods 

Robust methods are based on the calculations/use 

of median absolute deviation (MAD) or interquartile 

range (IQR). 

The Interquartile Range calculates the diffe- 

rence between the third quartile (Q3, upper quartile) and 

the first quartile (Q1, lower quartile). Quartiles are 

values that divide an ordered data set into four equal 

parts. Specifically: 

where Me is the median operator, Me(X) is the median of 

the random variable X. The median is the central value 

of a sample, which divides the data into two equal parts. 

Using the median provides a more stable estimate of the 

central tendency for samples with outliers. To identify 

outliers, values that significantly exceed the calculated 

MAD (typically by a multiple of 2 or 3 MAD) may be 

considered outliers [4]. 

The Isolation Forest method is based on the 

isolated anomalous data points by constructing random 

trees. The main idea is that anomalous points, or outliers, 

are easier to isolate from the majority. To achieve this, 

the method constructs a collection of trees (an isolation 

forest), where each tree is generated by randomly 

partitioning the data into sub-samples. At each node of 
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tree, the data is split based on randomly selected features 

and their values until individual points are fully isolated. 

After the isolation trees are built, the depth at 

which each data point is located is calculated. Points 

isolated at shallower depths in the tree are considered 

potential outliers. An anomaly score is calculated for 

each point, indicating how likely it is to be an outlier. 

According to the anomaly scores obtained, all data 

points are classified as outliers or normal points based on 

a predefined threshold. If the anomaly score exceeds the 

determined limit, the point is considered as an outlier. 

 

4. Calculation Results 

Several studies were conducted while preparing 

the "State primary standard of units of volume and mass 

flow of liquid, volume, and mass of liquids flowing 

through the pipeline" [5]. As part of one of these studies, 

the performance of three Coriolis flow meters of different 

diameters was measured at three different levels of liquid 

mass flow. The results of these measurements were 

processed according to the methodologies described in the 

final reports of the EUROMET international comparisons 

[6-11]. The study confirmed that the measurement results 

comply with international standards. This research 

highlighted the need to reduce Type A standard 

uncertainty by promptly identifying outliers in the 

measurement data and subsequently excluding them while 

processing the measurement results. 

During the measurements of the Coriolis flow 

meters, the relative error was calculated using the 

following formula: 

 = 
 ( m

v 
− m

ref 
) 
100 % 

. (4) 
mref 

where mref is the reference liquid mass value, mv is the 

liquid mass value measured by the Coriolis flow meter. 

The values of the relative measurement error at a 

given liquid flow rate represent a sample in which the 

presence of outliers needs to be identified. There were 9 

samples, with sizes ranging from 16 to 33 repeated 

measurements. Due to the small sample size, calculating 

the data distribution may not be accurate, given the high 

risk of outliers affecting the distribution shape. 

Therefore, robust methods were specifically used to 

detect outliers. 

Before conducting the calculations, robust 

methods require sorting the sample values in ascending 

order. The generally accepted thresholds for outlier 

detection methods are as follows: 

- Interquartile range (IQR) method: 1.5; 

- Median absolute deviation (MAD) method: 3. 

However, based on the data from the studies and 

considering that the measurements were conducted on 

the state primary standard using Coriolis flow meters 

with an accuracy of 0.1%, the standard thresholds 

typically used for robust methods would not have 

identified any significant outliers. This is due to the high 

stability of the standard and the instruments, which 

reduces the likelihood of outliers occurring. Nonetheless, 

even minor deviations can be important for metrological 

studies and may impact Type A standard uncertainty. 

Lowering the thresholds provides the detection of 

potential deviations that might have gone unnoticed 

before. 

For this purpose, the thresholds for the methods 

were set as follows: 

– Interquartile Range (IQR) method: 0.4; 

– Median Absolute Deviation (MAD) method: 1.5. 

Fig. 1 shows the result of calculating one sample 

using different methods, where the presence of outliers 

can be visually assessed, and how these outliers are 

identified by applying methods. 

The result of the outlier detection calculations is 

presented in Table 1. 

Outlier detection reduces Type A standard 

measurement uncertainty, which calculation results are 

presented in Table 2. 

The values from Table 2 are shown in Fig. 2. 

 

 
 

 

Fig 1. Detection of outliers using different methods at a mass flow rate of 25 t/h 
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Table 1. Results of outlier detection calculations 
 

Mass flow rate point 
Sample 

Size 

Number of outliers 

detected with the IQR 
method 

Number of outliers 

detected with the MAD 
method 

Number of outliers detected 

with the Isolation Forest 
method 

Flow meter №.1: 45 t/h 17 2 (11.26%) 5 (29.41%) 5 (29.41%) 

Flow meter №.1: 25 t/h 15 3 (20%) 3 (20%) 4 (26.66%) 

Flow meter №.1: 5 t/h 18 2 (11.11%) 2 (11.11%) 3 (16.66%) 

Flow meter №.2: 5 t/h 17 3 (17.64%) 3 (17.64%) 5 (29.41%) 

Flow meter №2: 2.5 t/h 16 2 (12.5%) 3 (18.75%) 5 (31.25%) 

Flow meter №2: 1 t/h 33 9 (27.27%) 8 (24.24%) 10 (30.30%) 

Flow meter №3: 1 t/h 17 5 (29.41%) 5 (29.41%) 6 (35.29%) 

Flow meter №3: 0.5 t/h 33 2 (6.06%) 2 (6.06%) 8 (24.24%) 

Flow meter №3: 0.1 t/h 16 4 (25%) 3 (18.45%) 5 (31.25%) 

Table 2. Type A standard measurement uncertainty 
 

 

Mass flow rate point 
Type A standard measurement uncertainty,% 

Before outlier 
removal 

Removal by IQR 
method 

Removal by MAD 
method 

Removal by Isolation 
Forest method 

Flow meter №.1: 45 t/h 3.08E-02 1.62E-02 2.55E-02 2.20E-02 

Flow meter №.1: 25 t/h 6.94E-02 2.95E-02 2.95E-02 2.55E-02 

Flow meter №.1: 5 t/h 1.74E-02 1.22E-02 1.22E-02 1.30E-02 

Flow meter №.2: 5 t/h 2.01E-02 1.38E-02 1.38E-02 1.32E-02 

Flow meter №2: 2.5 t/h 2.51E-02 2.07E-02 2.28E-02 1.88E-02 

Flow meter №2: 1 t/h 1.04E-02 4.90E-03 4.80E-03 4.45E-03 

Flow meter №3: 1 t/h 2.24E-02 5.65E-03 5.65E-03 5.65E-03 

Flow meter №3: 0.5 t/h 1.67E-02 1.53E-02 1.53E-02 1.58E-02 

Flow meter №3: 0.1 t/h 5.87E-02 3.87E-02 3.54E-02 3.31E-02 

 

 

Fig 2. Calculation of Type A standard uncertainty for relative measurement error. 
 

1. Comparison of Methods 

Robust methods, like the Isolation Forest method, 

are insensitive to data distribution. However, the 

effectiveness of robust methods may decrease when 

working with data that exhibits a high degree of 

skewness. In such cases, the distribution can impact the 

accuracy of outlier detection when using robust methods. 

One of the key advantages of robust methods is 

their simplicity and the absence of the need for complex 

tuning. These methods are easy to apply and do not 

require deep specialized knowledge, making them 

accessible in various scenarios. In contrast, the Isolation 

Forest method requires tuning several parameters, such as 

the number of trees in the ensemble and the proportion of 

outliers in the data, which may require certain expertise 

and experience to achieve optimal results. 

Robust methods are based on defining a range of 

data values within which values are considered normal. 

Any values that fall outside this range are considered 

outliers. This approach makes robust methods particu- 

larly useful for detecting outliers in data where the main 

cluster of values is clearly defined, and any deviations 

from it are easily identified as anomalies (Fig. 3). 

However, if the data cluster is split into two 

clusters, the Isolation Forest method may consider this as 

a normal condition. In Fig. 4, we can see how the model 
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identifies two points as anomalies. To reduce the 

uncertainty based on the calculations of the mean values 

and the tendency of the data clustering, this aspect is 

considered as a disadvantage. 

An important advantage of the Isolation Forest 

method is that the model transitions to other values 

based on the calculations, specifically to the anomaly 

score, which indicates how anomalous each point is 

relative to the most points in the sample. This allows for 

a visual assessment and observation of the anomaly level 

of each point, unlike robust methods. Based on this 

visual assessment, a more accurate threshold can be set 

here, and samples can be combined for a more 

comprehensive analysis and investigation of the causes 

of outliers. The possibilities of this approach are 

described in more detail in the article "Application of the 

Isolation Forest model for anomaly detection in 

measurement data" [1]. 

 

 

 

Fig. 3. Detection of outliers using different methods at a mass flow rate of 1 t/h. 

 

 

Fig. 4. Detection of outliers using different methods at a mass flow rate of 0.5 t/h. 

 

 

Fig. 5. Detection of outliers using different methods at a mass flow rate of 1 t/h. 
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2. Conclusions 

As a result of the conducted research, three 

considered outlier detection methods — robust methods 

such as IQR, MAD, Isolation Forest method — 

successfully identified outliers in the metrological data. 

The detected outliers accounted for no more than 35.29% 

of the total sample. 

These methods effectively reduced the Type A 

standard uncertainty, yielding similar results. However, 

there have been differences in the number of detected 

outliers and the corresponding uncertainty values. This 

may be caused by the dissimilar thresholds inherent in 

each considered method. 

The Isolation Forest method allowed for a more 

sensitive threshold to outliers and reduced the uncertainty 

values. This indicates a direct relationship between the 

threshold value and the level of uncertainty, as a more 

sensitive threshold provides a more precise distinction 

between normal data and anomalies. 

Further research is needed to explore the impact of 

threshold values on uncertainty levels and to develop a 

methodology that allows for optimal threshold setting, 

taking into account the specific characteristics of the data 

and ensuring more accurate outlier detection 
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