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Abstract 

     This study investigates the effect of robust data cleaning on the accuracy of land 
cover classification using machine learning. We apply the minimum vector 
variance (MVV) method to detect and remove outliers from multispectral Landsat 
8 imagery of the Bogor region, Indonesia, and train a quadratic discriminant 
analysis (QDA) model for land cover mapping. MVV identifies and removes 37,163 
anomalous pixels from a dataset of 595,586 pixels, improving the quality of 
training data without requiring a positive-definite covariance matrix. After 
cleaning, the QDA model achieves a higher F1-score compared to the model 
trained on the original dataset. Visual inspection of the resulting maps for four 
Bogor sub-regions confirms clearer class boundaries and reduced confusion 
between green and partially green areas. These results demonstrate that robust 
preprocessing, particularly outlier detection with MVV, significantly enhances the 
reliability of land cover mapping and has the potential to be broadly applied to 
remote sensing-based classification tasks. 

     Keywords: data cleaning, land cover, minimum vector variance, outlier detection, 
quadratic discriminant analysis. 

1      Background 

Data cleaning is a crucial phase in data processing after data collection. It involves 

identifying and correcting errors in the dataset, such as dealing with missing data, removing 

redundancy, and handling outliers, as highlighted by [1]. Data cleaning aims to ensure that 

the results of analytical data processing are achieved accurately and realistically. They are 

the critical aspects that all researchers and practitioners in machine learning, data science, 

and data mining should be well-informed about. 

Data anomalies, often referred to as outliers, are found in almost every data set. They are 

usually assumed as errors or noises of various kinds. One of the effects of outliers is that 

the results of analytical data processing will be biased due to biased parameter estimates. 

Furthermore, outliers can cause overfitting in the machine learning algorithms. The study 
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of outliers continues to develop today and has become a hot topic in data mining, offering 

a wealth of opportunities for further exploration and learning. 

The study of outliers has long attracted many researchers. As early as a century ago, [2] 

proposed a criterion for rejecting outlying observations. However, defining an outlier for 

general situations takes work to formulate. Some definitions that are often used in research 

studies are those from [3], [4], [5], [6], [7], [8], and [9]. This paper uses the definition given 

by [6] that an outlier is one or more data that is ‘inconsistent’ from other data groups. 

There are several approaches to identify outliers in a multivariate case. The first approach, 

non-robust distance-based identification proposed by [10], transforms random vectors into 

random variables. The most popular transformation is the Mahalanobis distance. The 

second approaches use distances that are built based on robust distances, such as the 

minimum volume ellipsoid and the minimum covariance determinant introduced by [11], 

the feasible solution algorithm which was introduced by [12], the fast minimum covariance 

determinant by [13], and the blocked adaptive computationally efficient outlier nominators 

by [14]. Another approach is through a projection pursuit as proposed by [15] and [16]. 

This paper discusses data cleaning related to outlier detection. Our research examines the 

benefits of the outlier detection process in machine learning models for land cover 

mapping. This research uses the depth function for robust minimum vector variance 

estimation of a multivariate location-scale parameter method proposed by [17] for cleaning 

the data from outliers and by [18] who proposed a minimum vector variance method to 

determine robust estimator with a high breakdown point. 

The machine learning model used in this research is the quadratic discriminant analysis. 

The model tries to find a nonlinear decision boundary between different classes and has 

been shown to have a significant advantage in producing informative data visualizations, 

especially for territorial maps [19]. The practical application of this model in the land 

mapping process, which is based on the Landsat 8 satellite data, is a crucial point of interest 

for researchers and practitioners in machine learning, data science, and data mining. This 

study also aims to show the performance of land cover mapping results after performing a 

preprocessing step, that is data cleaning for outliers. 

 

2      Data Preprocessing 

Data preprocessing means preparing the raw data to ensure that the data is clean and 

structured. This is an essential step which has been shown to significantly improve the 

model accuracy [20][21][22]. The preprocessing steps commonly consists of data cleaning, 

data transformation, and feature selection. Data cleaning involves identifying and 

removing missing data, irrelevant data, or outliers. The original data can also be 

transformed to another form of data to make it more suitable for the prediction model. The 

transformation can be simple transformations, such as data scaling, normalization, 

encoding, or other complex transformations. Furthermore, a feature selection step can be 

performed on the original or transformed data by selecting only the relevant variables or 

features. 

The preprocessing steps depend on the characteristics of the data and the needs of the 

machine learning model. For example, preprocessing techniques for text dataset in a 

sentiment classification task involve steps such as stop words removal to discard 

unimportant words and tokenization to transform the text data into numbers or vectors that 
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are more suitable as inputs for any machine learning models [20]. Some models also 

require categorical variables to be encoded, features to be scaled, or benefits from feature 

selection to address multicollinearity problems. 

Outliers in the data can occur because of faulty instruments, human error, or natural 

deviations in the population. For example, failure in the previous Landsat 7’s scan line 

corrector instruments left gaps in the satellite data. A machine learning model should learn 

better when the original data have been preprocessed, i.e., the faulty values need to be 

discarded or filled with secondary data. This step is usually called the data cleaning step. 

The inaccurate data points may skew statistical measures and lead to inaccurate predictions 

[23], so the preprocessing step here may aim to remove the faulty data. Generally, there is 

no single outlier detection approach that covers all kinds of scenario and data set, so an 

algorithm or method that is suitable for the specific data set has to be considered. The 

preprocessing explored in this research is the data cleaning step using the robust minimum 

vector variance method. 

 

3      Robust Minimum Vector Variance for Data Cleaning 

3.1      The Robust Minimum Vector Variance Algorithm 

Minimum vector variance (MVV) is a robust measure for identifying outliers, which was 

proposed by [18]. The excellent characteristics of MVV, as mentioned by [18], is that the 

MVV computation is simple and efficient. Apart from that, the requirement that the 

covariance matrix must be positive and definite is not required for MVV. 

The MVV concept is derived from the multivariate dispersion measure vector variance 

(VV) [24][25]. Geometrically, VV is a square of the diagonal length of a parallelotope 

generated by all variance of the 𝑝  variable. Computational MVV adopted the good 

properties of the C-step algorithm [13]. 

The MVV was proposed by modifying the C-step using the criterion of minimizing the 

square trace of the covariance matrix known as MVV. The concentration step or C-step 

was proposed by [13] as the fast minimum covariance determinant (FMCD). The FMCD 

algorithm, which was built on the multivariate generalized variance (GV) dispersion or 

covariance determinant, is a robust and efficient method. The high breakdown point, and 

the use of an effective and efficient C-step underscore its effectiveness. As explained by 

[18], the difference between FMCD and MVV is in the use of multivariate dispersion. 

While FMCD uses the covariance determinant (also often referred to as generalized 

variance), MVV uses VV as the measure of dispersion. 

Suppose 𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛  denotes a random sample of size 𝑛  picked from a 𝑝-variate 

distribution having location parameter 𝜇⃗  and positive definite covariance matrix Σ. To 

compare the structure of GV with the structure of VV, we assume 𝑆𝑝×𝑝 as in Eq. 1. 

 𝑆𝑝×𝑝 = [

𝑆11 ⋯ 𝑆1𝑝

⋮ ⋱ ⋮
𝑆𝑝1 ⋯ 𝑆𝑝𝑝

] (1) 

The GV is defined as the determinant of 𝑆 and the VV is defined as in Eq. 2. When it comes 

to the VV formula, its unique features stand out. It can effectively measure multivariate 

dispersions even when the covariance matrix is singular. Moreover, its computation 

process is remarkably efficient, as noted by [18]. 
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 Tr(𝑆2) = ∑ 𝑆𝑖𝑖
2𝑝

𝑖=1 + 2∑ ∑ 𝑆𝑖𝑗
2𝑝

𝑗=1𝑖<𝑗  (2) 

Consider a data set 𝑋 = {𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛}  of 𝑝 -variate observations and 𝐻 ⊆ 𝑋 . We 

define 𝑇MVV and 𝐶MVV as the MVV estimators for the location parameter and covariance 

matrix, respectively. These two estimators are determined based on the set 𝐻 that consists 

of ℎ = [
𝑛+𝑝+1

2
] data which gives covariance matrix 𝐶MVV of minimum Tr(𝐶MVV

2 ) among all 

possible sets of ℎ data. Therefore, we can define 𝑇MVV and 𝐶MVV as in Eq. 3 and Eq. 4. 

 𝑇MVV =
1

ℎ
∑ 𝑋⃗𝑖𝑖∈𝐻  (3) 

 𝐶MVV =
1

ℎ
∑ (𝑋⃗𝑖 − 𝑇MVV)(𝑋⃗𝑖 − 𝑇MVV)

𝑡

𝑖∈𝐻  (4) 

The MVV algorithm is as follows [18]: 

1. Form an arbitrary set 𝐻old that consists of ℎ = [
𝑛+𝑝+1

2
] data. 

2. Compute the mean vector 𝑋⃗̅𝐻old
 and covariance matrix 𝑆𝐻old

 of all data in 𝐻old . 

Then, for 𝑖 = 1, 2, … , 𝑛, compute Eq. 5. 

 𝑑𝐻old

2 (𝑖) = 𝑑𝐻old

2 (𝑋⃗𝑖, 𝑋⃗̅𝐻old
) = (𝑋⃗𝑖 − 𝑋⃗̅𝐻old

)
𝑡

𝑆𝐻old

−1 (𝑋⃗𝑖 − 𝑋⃗̅𝐻old
) (5) 

3. Sort the computations from the smallest to the largest. The order gives a 

permutation 𝜋 on the index of observations. Let the result of sorting as 𝑑𝐻old

2 (𝜋1) ≤

𝑑𝐻old

2 (𝜋2) ≤ ⋯ ≤ 𝑑𝐻old

2 (𝜋𝑛). 

4. Form a set 𝐻new that consists of ℎ observations of index 𝜋1, 𝜋2, … , 𝜋ℎ. 

5. Compute 𝑋⃗̅𝐻new
, 𝑆𝐻new

, and 𝑑𝐻new

2 (𝑋⃗𝑖, 𝑋⃗̅𝐻new
) as in Eq. 5. 

6. If Tr(𝑆𝐻new

2 ) = Tr(𝑆𝐻old

2 ) , the process is finished. Otherwise, if Tr(𝑆𝐻new

2 ) <

Tr(𝑆𝐻old

2 ) , the process is continued until the 𝑘 -th iteration when Tr(𝑆𝐻new

2 ) =

Tr(𝑆𝐻old

2 ). 

7. Suppose that 𝑆𝐻𝑘
 is the covariance matrix obtained from the 𝑘-th iteration. At the 

end of the 𝑘 -th iteration, we obtain Tr(𝑆𝐻1

2 ) ≥ Tr(𝑆𝐻2

2 ) ≥ ⋯ ≥ Tr(𝑆𝐻𝑘−1

2 ) =

Tr(𝑆𝐻𝑘

2 ). 

The MVV estimators for location parameters and covariance matrices are 𝑇MVV = 𝑋⃗̅𝐻new
 

and 𝐶MVV = 𝑆𝐻new
, respectively, on the 𝑘-th iteration. The robust Mahalanobis distance 

between 𝑋⃗𝑖 and 𝑇MVV based on MVV is written as 𝑑𝑅MVV(𝑋⃗𝑖, 𝑇MVV) and is defined on the 

quadratic form as Eq. 6 for 𝑖 = 1, 2, … , 𝑛. The data that give large 𝑑𝑅MVV(𝑋⃗𝑖, 𝑇MVV) value 

will be labeled as outlier or assumed as candidates of outliers. 

 𝑑𝑅MVV(𝑋⃗𝑖, 𝑇MVV) = (𝑋⃗𝑖 − 𝑇MVV)
𝑡
𝐶MVV

−1 (𝑋⃗𝑖 − 𝑇MVV) (6) 
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3.2     The Breakdown Point of Minimum Vector Variance 

The breakdown point is a quantitative measure to describe the concept of robustness. It 

measures how much data can be changed to infinity before being meaningless and crushed 

to bits. Several researchers, such as [26], [27], [28], and [29], gave interpretations of 

breakdown point both from the context of a population and from the context of a sample. 

This paper uses the interpretation given by [29] which is from the context of a sample. The 

breakdown point is defined in more detail as the smallest fraction of data, which causes the 

value of the estimator to be infinity when the value of all data in the fraction is changed to 

be infinity. 

Consider a data set 𝑋 = {𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛} of 𝑝-variate observations and 𝐻 ⊆ 𝑋. Then, 

𝑇𝑛(𝑋)  and 𝐶𝑛(𝑋)  are the robust estimators for the location parameter and covariance 

matrix, respectively. Suppose the estimator 𝑇𝑛(𝑋) becomes 𝑇𝑛(𝑋∗) if the value of 𝑚 data 

are changed. The breakdown point is defined as in Eq. 7 and Eq. 8 [29] which measures 

the greatest difference between 𝑇𝑛(𝑋∗) and 𝑇𝑛(𝑋). 

 bias(𝑚, 𝑇, 𝑋⃗) = sup
𝑋∗

‖𝑇𝑛(𝑋∗) − 𝑇𝑛(𝑋)‖ (7) 

 𝜀𝑛
∗(𝑇, 𝑋⃗) = min {

𝑚

𝑛
 bias(𝑚, 𝑇, 𝑋⃗) infinite} 

Assume the 𝑚 data for which the values are changed to be infinity imply that bias(𝑚, 𝑇, 𝑋⃗) 

is infinite. If the value of (𝑚 − 1) data among them are changed to be infinity do not imply 

that the bias(𝑚, 𝑇, 𝑋⃗) is infinite, then the breakdown point is 
𝑚

𝑛
. 

A brief description of the formula is summarized and simulated as follows: a random data 

size 𝑛 = 100 is generated from a mixture of 𝑝-variate multivariate normal distribution 

(1 − 𝜀) Ν𝑝(𝜇1, 𝐼𝑝) + 𝜀 Ν𝑝(𝜇2, 𝐼𝑝)  where 𝑝 = 5  and 𝜀  is the contaminant level. In this 

experiment, 𝜇1 = 0, 𝜇2 = 10𝑒1×𝑝, and 𝑒1×𝑝 = (1, 1, 1, … )𝑡. 

The breakdown point in robust statistics is a pivotal concept defined as the highest 

proportion of anomaly observations or outliers that an estimator can tolerate before its 

results become arbitrarily inaccurate. A higher breakdown point signifies a more robust 

estimator, meaning it is more resistant to outliers and can handle data with significant errors 

or inconsistencies. 

From Fig. 1, it is evident that the breakdown of MVV estimator exceeds 0.5, a point at 

which it becomes damaged and inconsistent due to the presence of outliers. The figure 

illustrates that the MVV estimator, a key tool in robust statistics, is at risk if outliers are 

present in more than half of the data. 
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Fig. 1: The simulation of breakdown points of MVV. 

3.2     The Sensitivity of the Classic and Robust MVV Estimator  

The occurrence of one or more outliers shifts the mean vector toward the outliers, and the 

covariance matrix becomes inflated. An observation is called influential if its deletion 

would cause significant changes in the estimation. Outliers can be considered as an 

influential observation that could significantly change the estimator. The estimator is said 

to be insensitive if no significant change is due to removing the outliers. This paper presents 

a simple discussion on the computation and the theoretical distribution. The sensitivity of 

robust estimator is also explained thoroughly in [30] and [31]. 

Theorem 1 Suppose 𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛  are random sample of size 𝑛  of a probability 

distribution having mean 𝜃⃗ ∈ ℝ𝑝 where 𝑝 ≥ 2 is an integer and the covariance matrix 𝚺 

is of positive definite. Then the random vector is as in Eq. 8 where 𝑋⃗̅𝑛 = ∑ 𝑋⃗𝑗
𝑛
𝑗=1  and 

𝑪𝑪𝑡 = 𝚺. 

 𝑌⃗⃗𝑛 = √𝑛 𝑪−1 (𝑋⃗̅𝑛 − 𝜇) → ~Νp(0⃗⃗, 𝑰𝑝) (8) 

Consider the data set 𝑋 = {𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛} of 𝑝-variate. The scatter matrix of sample 𝐴 

is as in Eq. 9 where the sample’s mean vector 𝑋⃗̅ =
1

𝑛
∑ 𝑋⃗𝑗

𝑛
𝑗=1 . From Eq. 9, the scatter matrix 

𝐴 is of Wishart distribution with parameter 𝚺 and the degree of freedom 𝑛 − 1, written as 

𝐴 ~ 𝑊𝑝(𝚺, 𝑛 − 1). Furthermore, 𝐴 is independent of 𝑋⃗̅. 

 𝐴 = ∑ (𝑋⃗𝑗 − 𝑋⃗̅) (𝑋⃗𝑗 − 𝑋⃗̅)
𝑡

𝑛
𝑗=1  (9) 

Define 𝐴−𝑖 as the scatter matrix removing the 𝑖th observation (outlying observation) and is 

formulated as in Eq. 10 where 𝑋⃗̅−𝑖 =
1

𝑛−1
∑ 𝑋⃗𝑗

𝑛
𝑖≠𝑗=1 . 

 𝐴−𝑖 = ∑ (𝑋⃗𝑗 − 𝑋⃗̅−𝑖) (𝑋⃗𝑗 − 𝑋⃗̅−𝑖)
𝑡

𝑛
𝑖≠𝑗=1  (10) 

The scatter matrix 𝐴−𝑖 is also of Wishart distribution with parameter Σ and the degree of 

freedom 𝑛 − 2, and 𝐴−𝑖 ~ 𝑊𝑝(Σ, 𝑛 − 2). The ratio of scatter matrix as the consequence of 

the removal of 𝑖th observation is given by Eq. 11. 
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 𝑅𝑖 =
|𝐴−𝑖|

|𝐴|
 (11) 

The estimator is said to be insensitive to an outlier when 𝑅𝑖 > beta (
𝑛−𝑝−1

2
,
𝑝

2
). 𝑅𝑖  is a 

constant that is used as a measure of the sensitivity of the 𝑖th observation. The 𝑅𝑖 value 

ranges from 0 to 1. The 𝑅𝑖 close to 1 means that removing the 𝑖th observation does not 

affect the estimator. This condition is called an insensitive estimator. On the other hand, if 

𝑅𝑖 is close to 0, the estimator is very sensitive to the deletion of the 𝑖th observation. A good 

estimator is an estimator that is not sensitive to an outlier, namely an estimator with 𝑅𝑖 

close to 1. 

In data analysis, the problem of 𝑘 > 1 outliers are commonly found where the masking 

effect problem is unavoidable. Suppose the group 𝐼  consists of 𝑘  outliers. The scatter 

matrix 𝐴−𝐼  as a consequence of the removal of the 𝐼 th group is of distribution 

𝐴−𝐼 ~ 𝑊𝑝(𝚺,𝑚). Similar with the case of single outlier, the ratio of scatter matrix as a 

consequence of the removal of the 𝐼th group can be formulated as Eq. 12. 

 𝑅𝐼 =
|𝐴−𝐼|

|𝐴|
 (12) 

The estimator is said to be insensitive to 𝑘  outliers (𝑘 > 1) when 𝑅𝐼 > ∏ 𝑢𝑖
ℎ
𝑖=1  where 

𝑢𝑖  ~ beta (
𝑚−𝑝+𝑖

2
,
𝑝

2
), 𝑖 = 1, 2, … , 𝑘. Moreover, if the value of 𝑅𝐼  is close to 1, then it 

means that there are no significant changes due to the removal of 𝑘 observations on the 

group 𝐼. 

The distribution of the classical approach is well known. It is different from that of the 

robust approach which is not easy to compose. Usually, we have to use a simulation 

approach to get it. This section also discusses the sensitivity and approximated distribution 

of the robust approach. 

Let the data set 𝑋𝑛 = {𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛} of 𝑝-variate observations. If the observations 

taken from a subset 𝐻 ⊆ 𝑋 that consists of ℎ data points, then 𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗ℎ are random 

sample of size ℎ and of distribution Ν𝑝(𝜇⃗, Σ) where ℎ is assumed as ℎ = [
𝑛+𝑝+1

2
]. The 

location and scale estimator can then be computed as in Eq. 13 and Eq. 14. Based on the 

central limit theorem, if 𝑋⃗1, 𝑋⃗2, 𝑋⃗3, … , 𝑋⃗𝑛 ~ Ν𝑝(𝜇⃗, Σ) , then the distribution 𝑆𝑅  can be 

approximated by Eq. 15. 

 𝑋⃗̅𝑅 =
1

ℎ
∑ 𝑋⃗𝑖𝑖∈ℎ  (13) 

 𝑆𝑅 = ∑ (𝑋⃗𝑖 − 𝑋⃗̅) (𝑋⃗𝑖 − 𝑋⃗̅)
𝑡

𝑖∈ℎ  (14) 

 𝑚 𝑐−1 𝑆𝑅 ~ 𝑊(𝑚, Σ) (15) 

Then, it can be concluded that the scatter matrix 𝐴𝑅 is as in Eq. 16 where 𝐴𝑅~
1

𝑚
𝑊(𝑚, Σ). 

The value of 𝑐 can be approximated as 1. Whereby, [30] predicted the values of 𝑚 by 

simulation approach and are listed in Table 1. Finally, the formula of 𝑅𝑖
𝑅 =

|𝐴−𝑖
𝑅 |

|𝐴𝑅|
 is 

approximated by 𝑅𝑖
𝑅  ~

𝑚𝑝

𝑚(𝑚−𝑝+1)
 𝐹𝑚,𝑚−𝑝+1. 

 𝐴𝑅 = ∑ (𝑋⃗𝑗 − 𝑋⃗̅𝑅) (𝑋⃗𝑗 − 𝑋⃗̅𝑅)
𝑡

𝑗∈ℎ = 𝑐−1 𝑆𝑅

𝑚
 (16) 
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Table 1: The prediction of 𝑚 from [30] 

Dimension (𝒑) and 

Size (𝒏) 

𝒎pred 

𝑝 = 5, 𝑛 = 50 12.89 

𝑝 = 10, 𝑛 = 100 33.13 

𝑝 = 10, 𝑛 = 500 126.71 

𝑝 = 20, 𝑛 = 1000 298.35 

 

The illustration in Table 2 shows the considerable difference in sensitivity between the 

robust MVV estimator and the classical estimator from a simulation that is generated from 

multivariate data having sizes 𝑝 = 5 and 𝑛 = 50 with 𝑘 = 3 outliers. It is shown that the 

MVV estimator is insensitive to outliers. 

 

Table 2: Comparison of the sensitivity of MVV and classical robust estimators 

 
Method 

Classical Robust MVV 

𝐴  27.1628 0.040128 

𝐴−𝐼  0.807614 0.039319 

𝑅−𝐼  0.029732 0.979824 

Cutoff 0.999722 0.096965 

Sensitivity to outliers Very sensitive Insensitive 

 

4      Quadratic Discriminant Analysis 

Quadratic discriminant analysis or QDA is a statistical tool that is used for classification 

and is an extension of linear discriminant analysis (LDA) [19][32]. Both have been used 

successfully for various classification tasks, such as diabetes disease classification [33], 

radar signal classification [34], and industrial process fault diagnosis [35]. The 

discriminant analysis can also be used as dimensionality reduction methods [36] and 

commonly used due to its simplicity and effectiveness [37]. 

Both LDA and QDA strives to find a decision boundary that best separates the classes in 

the data. The decision boundary in the LDA is calculated in a linear function where it 

assumes that the variance between all classes is equal. Meanwhile, the decision boundaries 

between classes in the QDA can be non-linear, or in this case, quadratic. 

Suppose we have training samples represented by vectors of 𝑚 features and class labels. 

The objective of the training phase of a machine learning model is to calculate the 

discriminant functions for each class, {𝑓1, 𝑓2, … , 𝑓𝑐}, that are being used to determine the 

decision boundaries [38]. In order to assign a class label to the unknown samples, the 

discriminant functions are compared to get the maximum score, i.e., 𝑓𝑖(𝑥) > 𝑓𝑗(𝑥) with 

𝑖, 𝑗 = 1, 2, … , 𝑐  and 𝑖 ≠ 𝑗 . To simplify, assume we have two classes {𝜔1, 𝜔2}  and, 

consequently, two discriminant functions 𝑓1 and 𝑓2, then the decision boundary can be 

calculated as in Eq. 17. 

 sign(𝜙(𝑥)) = sign(𝑓1(𝑥) − 𝑓2(𝑥)) = {
𝜔1 if 𝜙(𝑥) ≥ 0

𝜔2 if 𝜙(𝑥) < 0
 (17) 
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Let 𝑋  be the input data which consists of 𝑁  samples of which has 𝑚  features. The 

algorithm to build the QDA classifier is as follows [38]: 

1. Compute the mean of each class 𝜇𝑖 =
1

𝑛𝑖
∑ 𝑥𝑖

𝑛𝑖
𝑖=1  where 𝜇𝑖 denotes the mean of the 

𝑖th class and 𝑥𝑖 ∈ 𝜔𝑖. 

2. Calculate the priori probability of each class: 𝑃(𝜔𝑖) =
𝑛𝑖

𝑁
. 

3. Calculate the covariance matrix for each class: Σ𝑖 =
1

𝑛𝑖
∑ (𝑥 − 𝜇𝑖)(𝑥 − 𝜇𝑖)

𝑇
𝑥∈𝜔𝑖

. 

4. Calculate the discriminant functions 𝑓𝑖 for all classes 𝜔𝑖 as in Eq. 18. 

 𝑓𝑖(𝑥) = −
Σ𝑖

−1

2
(𝑥𝑇𝑥 + 𝜇𝑖

𝑇𝜇𝑖 − 2𝜇𝑖
𝑇𝑥) −

𝑚

2
ln(2𝜋) −

ln|Σ𝑖|

2
+ ln(𝑃(𝜔𝑖)) (18) 

The decision boundary between two classes, 𝜔1 and 𝜔2, can then be represented as in Eq. 

19 where 𝑊 = −
1

2
(Σ1

−1 − Σ2
−1) represents the coefficient of the quadratic term 𝑥𝑇𝑥, =

𝜇1
𝑇Σ1

−1 − 𝜇2
𝑇Σ2

−1  denotes the slope, and 𝑊0 = −
1

2
(𝜇1

𝑇Σ1
−1𝜇1 − 𝜇2

𝑇Σ2
−1𝜇2 + ln|Σ1| −

ln|Σ2|) + ln
𝑃(𝜔1)

𝑃(𝜔2)
 is the bias [38]. 

 𝜙(𝑥) = 𝑥𝑇𝑊𝑥 + 𝑤𝑇𝑥 + 𝑊0 (19) 

 

5      Remote Sensing Data for the Experiments 

The first Landsat satellite was launched on July 23, 1972, as a collaboration between 

NASA and the United States Geological Survey (USGS) [39]. The early Landsat-1 satellite 

imagery has been used in geological mapping and hydrological studies [40], mineral 

exploration [39], and agricultural resources monitoring [41]. Currently, the satellite is in 

its ninth series (Landsat-9) which, together with Landsat-8, provides valuable Earth 

observation data every 8 days. Since 2008, the satellite image data have been freely 

available to the public and can be accessed or downloaded through the USGS website [42]. 

The Landsat-8 satellite is equipped with two main instruments: the operational land imager 

(OLI) and thermal infrared sensor (TIRS). The OLI is a sensor that captures multispectral 

images with a total of 9 spectral and panchromatic bands. The first band is a coastal or 

aerosol band, bands 2 to 7 are the visible, near-wave infrared, and short-wave infrared 

bands, and band 9 is specifically designed to detect cirrus clouds. Moreover, the 

panchromatic band 8 has a lower spatial resolution of 15 meters, instead of 30 meters in 

the other spectral bands [43]. Meanwhile, the TIRS captures thermal infrared images and 

consists of two bands (band 10 and 11) with 100 meters spatial resolution. The Landsat-9 

was launched on September 27, 2021, more than 8 years after its predecessor, with nearly 

identical, but improved, instruments and provides redundancy and continuation of the 

Landsat-8 [44]. Fig. 2 shows the example of Landsat-9 satellite imagery from the OLI 

sensor. 
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(a) 

 
(b) 

 
(c) 

Fig. 2: Example of Landsat-9 OLI data showing the Cisarua regency in Indonesia; (a) 

band 3 visible green; (b) band 5 near-infrared; (c) band 7 short-wave infrared 2. 

 

The study area for the experiment is the Bogor area in West Java, Indonesia. Previous 

studies from [45][46] have already shown the importance of urbanization in the area for 

the surrounding cities. The Cigudeg, Cisarua, Nanggung, and Sukajaya regency are 

excluded from the training set and used for the land mapping as the testing area. The total 

pixels for training the QDA model are 595,586 pixels with a composition of 239,049 pixels 

(40.14%) for the green area, 214,586 pixels (36.03%) for the partial green area, and 

141,951 pixels (23.83%) for the impervious area. Moreover, each pixel in the data set is 

represented by 6 spectral bands (3 visible bands, 1 near infrared band, and 2 short-wave 

infrared bands). 

 

6      Experiments and Results 

Many factors influence the success of a machine learning model prediction. Data 

processing which is a collection of techniques for enhancing the quality of raw data, is not 

just a key step but a crucial one in the machine learning process [47]. In this step, raw data 

is converted into a format that can be understood and evaluated by computers and machine 

learning algorithms. These algorithms play a crucial role in automatically extracting 

knowledge from machine-readable data. The quality of the data determines the 

performance of the model. Therefore, the potential impact of improving the dataset quality 

on the model’s accuracy is significant. To overcome issues such as noisy, redundant, or 

missing data, preprocessing is not just beneficial but necessary. In the experiments, data 

preprocessing involved data cleaning using the minimum vector variance method. Data 

cleaning is performed before the machine learning process. The flowchart in Fig. 3 

illustrates the experimental process. 

The data set that contains 595,586 pixels are cleaned using the MVV method. After that, 

the performance of the QDA model trained using the cleaned data is compared to the model 

that is trained using the original data set. The MVV detects outliers from the data set and 

removes 37,163 pixels. The final data set after data cleaning consists of 558,423 pixels. 

The data set is split 70% as the training data and 30% for the model validation ensuring 

that the proportions of each classes are preserved. The classification models are compared 

using the precision, recall, and F1-score metrics on the validation data. Meanwhile, the 
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training data are used to train the QDA model. The QDA is implemented using Python 

programming language, and the Scikit-Learn library using regularization parameter 0.5. 

 
 

Fig. 3: The flowchart of the experiments 

Table 3 presents the F1-scores obtained from both the original and cleaned datasets across 

ten independent experiments. The results consistently show that the cleaned dataset yields 

higher F1-scores compared to the original dataset, indicating a notable improvement in 

model performance after data preprocessing. It also suggests that cleaning the data 

substantially enhances the model’s ability to balance precision and recall. Furthermore, the 

small standard deviation of 0.0011 demonstrates that the improvement is stable and 

reproducible across multiple trials, highlighting the robustness of the data cleaning process. 

Table 3: Comparison of the F1-scores obtained from the original and cleaned datasets 

across ten experiments. 

# Experiments F1-score from Original 

Data Set 

F1-score from Cleaned 

Data 

Difference 

1 0.9100 0.9662 0.0562 

2 0.9117 0.9668 0.0551 

3 0.9115 0.9672 0.0557 

4 0.9105 0.9674 0.0569 

5 0.9122 0.9660 0.0538 

6 0.9107 0.9674 0.0567 

7 0.9101 0.9666 0.0565 

8 0.9131 0.9670 0.0539 

9 0.9119 0.9668 0.0549 

10 0.9118 0.9667 0.0549 

  Mean 0.0555 

  Std. Deviation 0.0011 

 

To evaluate whether the improvement in F1-scores after data cleaning is statistically 

significant, a paired t-test was performed comparing the results from the original and 

cleaned datasets across ten experiments. Since each pair of scores represents the same 

experimental condition before and after cleaning, the paired t-test is appropriate for this 
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analysis. The test yielded t(9) = 159.9423 with a p-value of 1.6×10⁻¹⁵, which is far below 

the 0.05 significance threshold. This confirms that the observed improvement in F1-score 

is highly significant and not due to random variation. Therefore, the data cleaning process 

demonstrably enhanced the model’s classification performance. 

The confusion matrix as in Fig. 4 shows that the second model that is trained using cleaned 

data appears to have better class separation with fewer misclassifications. Both models 

perform well on the green class with high true positive count, but some confusion clearly 

exists with the partial green class in the model without data cleaning. Data cleaning using 

the MVV completely eliminated the confusion between green and partial green class. It 

suggests better decision boundaries on the second model. However, a lot of impervious 

area are falsely detected as partial green in both models. They also perform moderately 

well on partial green class. 

 
(a) 

 
(b) 

Fig 4: The confusion matrix of (a) model trained with the original data set (without 

cleaning); and (b) model trained using the cleaned data. 

 
(a) 

 
(b) 

Fig 5: The mapping overlay for the Cigudeg area showing (a) the mapping results and (b) 

the composite images from Landsat data. 
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The best model, which is the QDA model trained using data that have been cleaned using 

MVV, is implemented for land mapping in the 4 areas in Bogor to evaluate the model 

performance visually. The Landsat 8 images are from April 2020. Fig. 5, 6, 7, and 8 show 

the mapping results for the Cigudeg, Cisarua, Nanggung, and Sukajaya regency, 

respectively, where red areas denote the impervious area, dark green areas denote the green 

area, and light green denotes the partial green area or the transitional zones. These overlays 

visually show the spatial distribution of land categories in the regions. Comparing each 

images side by side allows direct visual comparison where the QDA predictions align with 

the actual surface features, such as vegetation, roads, and buildings. 

 

 
(a) 

 
(b) 

Fig 6: The mapping overlay for the Cisarua area showing (a) the mapping results and (b) 

the composite images from Landsat data. 

 
(a) 

 
(b) 

Fig 7: The mapping overlay for the Nanggung area showing (a) the mapping results and 

(b) the composite images from Landsat data. 
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(a) 

 
(b) 

Fig 8: The mapping overlay for the Sukajaya area showing (a) the mapping results and (b) 

the composite images from Landsat data. 

 

From the total area of 177.47 km2 in Cigudeg, the model identifies 131.12 km2 (73.8%) of 

green area, 3.16 km2 of partial green area, and 43.19 km2 of impervious area. Cigudeg also 

has the largest percentage of green areas among the four regencies. In contrast, Cisarua has 

the smaller proportion of green areas at 42.21% of its total 71.59 km2. It shows significant 

partial green (18.63 km2) and impervious (22.74 km2) coverage, suggesting a more mixed-

use landscape. Nanggung presented more balanced land profile, with 63.07% of its 157.91 

km2 classified as green, along with smaller areas of partially green (8.88 km2) and 

impervious (49.43 km2) land. The mapping result of Sukajaya indicates an area with 

substantial human influence. With a total area of 166.16 km2, it has 51.4% green coverage. 

It also contained 12.58 km2 of partially green and 68.18 km2 of impervious area. 

Moreover, the QDA parameters from the best model that is trained using cleaned data can 

be found in Eq. 20, 21, and 22 where the discriminant function is defined as 𝑥𝑇𝑄𝑥 +
𝑤𝑇𝑥 + 𝑐 = 0. 

 𝑄 =

[
 
 
 
 
 

0.133 0.065
0.065 −0.005

−0.005 0.035
−0.066 −0.052

−0.022 −0.093
0.029 0.002

−0.005 −0.067
0.035 −0.052

−0.122 0.017
0.017 0.002

0.082 0.023
0.004 −0.002

−0.022 0.029
−0.094 0.002

0.082 0.004
0.023 −0.002

−0.058 −0.009
−0.009 0.049 ]

 
 
 
 
 

 (20) 

 𝑤 = (−0.006 0.020 0.060 0.148 −0.014 −0.051) (21) 

 𝑐 = 6.94959725 (22) 
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7      Conclusion  

This research highlights a critical phase of data preprocessing, specifically robust outlier 

detection for data cleaning and enhancing machine learning performance in remote sensing 

applications. By employing the minimum vector variance method (MVV), we successfully 

removed anomalous observations from Landsat 8 imagery, resulting in a cleaner dataset 

that enabled the quadratic discriminant analysis model to generate more accurate and 

visually consistent land cover maps. The F1-score improvement from 0.91 to 0.9662 

illustrates how eliminating outliers sharpens class boundaries and reduces 

misclassification, particularly between green and partially green areas. 

The findings emphasize that preprocessing can be a decisive factor in model accuracy. 

MVV’s robustness makes it a practical tool for large multivariate datasets. The MVV 

estimator is a high-breakdown-point estimator. The estimator can tolerate a large 

proportion of outliers in the data before its performance is significantly broken. Future 

work may explore integrating MVV with other classification methods or extending it to 

multi-temporal satellite data for change detection. Overall, the study confirms that robust 

data cleaning is a prerequisite for reliable land cover mapping and should be prioritized in 

remote sensing and machine learning pipelines. While this study focuses on the Bogor 

region, the underlying principles of the MVV-based cleaning method are not region-

specific. Therefore, the approach could be adapted to other geographic or climatic contexts, 

provided that sufficient regional calibration and model training is performed. Future 

research should validate the method in regions with different topographies and weather 

patterns to assess its broader applicability. 
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