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Abstract - Missing values substantially degrade the 

reliability of environmental time-series forecasting; 

however, prior studies largely evaluate imputation 

methods in isolation without systematically linking 

missingness mechanisms to deep learning forecasting 

performance. To address this gap, this study proposes a 

mechanism-aware comparative framework that evaluates 

deletion and six imputation methods (Mean, Median, 

Mode, LOCF, KNN, and MICE) across three 

environmental time-series datasets with naturally 

occurring missing values, using LSTM as the forecasting 

model. The novelty lies in jointly analyzing statistical error 

(MAPE, RMSE), goodness-of-fit (R²), and statistical 

significance to identify structurally aligned imputation 

strategies under different missingness patterns. 

Experimental results show that deletion as baseline 

consistently produces the worst performance (MAPE: 

5.91429; 7.35000; 2.84881), whereas imputation reduces 

proportional error by more than 70% on average (p < 0.05). 

LOCF performs best under temporal dependency (MAPE 

0.73959; R² 0.92757), KNN achieves the most balanced 

performance under MCAR-like behavior (R² 0.94086), and 

Mean imputation yields the lowest error in MAR-

structured data (MAPE 0.41560; R² 0.97077). These 

findings demonstrate that imputation effectiveness 

depends on alignment with missingness structure rather 

than methodological complexity, providing evidence-based 

guidance for robust environmental. 

 
Keywords: Imputation, missing values, LSTM, forecasting, 

climatology. 

I. INTRODUCTION 

Time series data is very important across various 

scientific fields because it is used to understand the 

dynamics of changes in natural phenomena in a 

sustainable manner [1]. In the context of climatology and 

environmental data science, the completeness of time-

series data is crucial for capturing seasonal patterns, 

long-term trends, and anomalies that affect analysis and 

decision-making [2]. When data is lost, the temporal 

structure becomes incomplete, potentially leading to 

inaccurate interpretations by statistical analysis and 

prediction models. Data loss or missing values in a time 

series not only degrade data quality but also can lead to 

estimation bias and lower model stability [3], especially 

in deep learning-based models such as Long Short-Term 

Memory (LSTM), which are highly sensitive to temporal 

pattern continuity [4]. Since LSTM models learn 

sequential dependencies, disruptions in temporal 

consistency can significantly affect forecasting accuracy 

and robustness. 

Handling missing values is an important stage before 

the analysis and forecasting process is carried out. 

Missing values due to data loss are generally categorized 

into three types: Missing Completely at Random 

(MCAR), Missing at Random (MAR), and Missing Not 

at Random (MNAR) [5]. Every missing-value category 

has different characteristics, requiring an appropriate 

handling approach to maintain the data structure and 

ensure stable prediction results. Various approaches have 

been developed to deal with missing values in time series 

data. Simple methods, such as removing rows with 

missing data, can be used; however, they may eliminate 

important information and increase bias [6]. 

Alternatively, statistical imputation methods such as 

mean, median, and mode imputation [7], as well as time-

based approaches such as Last Observation Carried 

Forward (LOCF) [8, 9], have been widely applied. More 

advanced techniques include machine learning-based 

methods such as k-Nearest Neighbors (KNN) [10, 11] 

and Multiple Imputation by Chained Equations (MICE) 

[12, 13]. These methods aim to minimize data distortion 

while preserving temporal structure, ensuring the data 

remains suitable for predictive modeling. 

Although various methods for handling missing 

values have been proposed, existing studies still exhibit 

several limitations. Many investigations focus only on a 

single dataset, limiting the generalizability of their 

findings across different missing data characteristics [14-
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16]. Some studies evaluate imputation performance 

under only one missing-value mechanism, without 

systematically comparing MCAR, MAR, and MNAR 

scenarios [17-19]. Other research concentrates solely on 

comparing imputation accuracy without examining its 

impact on deep learning-based forecasting models such 

as LSTM [20, 21]. Furthermore, comparative studies 

integrating multiple environmental datasets with all three 

missingness types and evaluating forecasting robustness 

remain scarce. As a result, the relationship between 

missing-value mechanisms, imputation strategies, and 

LSTM forecasting performance in climatology and 

environmental data science remains incompletely 

understood. 

To address these gaps, this study proposes a 

structured comparative framework to evaluate the 

performance of an LSTM-based forecasting model under 

different missing-value mechanisms across multiple 

environmental time-series datasets, including daily 

temperature, sunspot activity, and water temperature. 

The novelty of this research lies in its integrated 

evaluation framework, which combines multiple datasets, 

missing-value mechanisms, and imputation approaches 

within a unified robustness analysis of LSTM forecasting 

performance.  

II. METHOD 

This section describes the methodological stages used 

in research. Each stage is carried out to ensure data 

quality and the accuracy of the developed model. The 

complete sequence of the research procedure is presented 

in Fig. 1. At the same time, detailed explanations of each 

stage are provided in the subsequent subsections. 

A. Data Acquisition 

This study uses three time-series datasets from the 

fields of climatology and environmental science, 

obtained from Kaggle. The first dataset, Eighty Years of 

Canadian Climate Data, contains daily climate records 

spanning 80 years from across Canada. The second 

dataset, Daily Sun Spot Data, contains the number of 

daily sunspots from January 1, 1818, to October 31, 2019, 

as a representation of the Sun’s activity that affects the 

variation in light and heat radiation reaching Earth. The 

third dataset, Sofia Weather Records, contains daily 

weather data for Sofia, Bulgaria, including air 

temperature records. The descriptive statistics of the 

three datasets are presented in Table I. 

Table I presents a statistical summary of the three 

datasets used in the study, with a diverse distribution of 

values. Dataset 1 shows Canada’s daily air temperature, 

with an average of −0.42°C and a wide range of −48.1°C 

to 23.9°C, and contains 1,691 missing values. Dataset 2 

reflects sunspot activity, with an average of 79.25, an 

extreme range of 528, an anomaly at the minimum value 

(−1), and 3,204 missing values. Meanwhile, Dataset 3 

depicts daily temperatures in Sofia, with an average of 

1,647°C, a range of −36.9°C to 29.1°C, and 50 missing 

values. All three datasets exhibit variations in 

characteristics that need to be considered during data 

processing. 

The target attributes for each dataset are selected 

based on their relevance to the purpose of time-series 

analysis and the availability of observation values [22]. 

This research requires data with missing values. In 

Dataset 1, the mean_temperature_whitehorse attribute is 

used as the target because it represents the stable daily 

average temperature and is best suited for modeling local 

climate dynamics in Whitehorse, Canada. In Dataset 2, 

the number_of_sunspot attribute was chosen as the target 

because it is a direct indicator of sunspot activity, which 

is highly variable in studies of solar radiation variation. 

Meanwhile, in Dataset 3, the air_temperature attribute is 

used as the target because it captures daily temperature 

changes and serves as a core variable for predicting 

weather context. 

 

 

Fig. 1 Research methods 
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TABLE I 

STATISTICS OF THE DATASET 

Statistics Dataset 1 Dataset 2 Dataset 3 

Number of 

Instances 

27.530 73.718 87.599 

Average -0.42°C 79.25 1.647 

Standard 

deviation 

12.87 77.47 9.695 

Minimum -48.1°C -1 

(anomaly/invalid 

value) 

-36.9 

Quartile 1 

(25%) 

-8.4°C 15 -3.6 

Median 

(50%) 

1.9°C 58 1.7 

Quartile 3 

(75%) 

10.0°C 125 8.3 

Maximum 23.9°C 528 29.1 

Total 

missing 

value 

1.691 

(6.15%) 

3.204 (4.35%) 50 

(0.057%%) 
B. Data Exploration 

Based on Table I, each dataset has a different number 

of missing values in the target attributes, with varying 

proportions and characteristics. Dataset 1 contains 1,691 

missing values, Dataset 2 contains 3,204 missing values, 

while Dataset 3 contains only 50 missing values. The 

presence of this missing value is important for evaluating 

the causes of data loss patterns, which can affect the 

quality of the forecasting model [23]. In addition, the 

differences in data types and the initial reasons for 

missing values in each dataset provide a methodological 

basis for testing different imputation methods [24]. A 

complete overview of the types of missing values in each 

dataset is shown in Table II. 

In Table II, the mechanisms underlying missing data 

in each dataset can be formally described using 

probability notation [25]. Let 𝑅denote the missingness 

indicator (where 𝑅 = 1 indicates a missing value and 

𝑅 = 0otherwise), and let 𝑋represent the complete set of 

variables. MNAR mechanism in (1), the probability of 

missingness depends on both observed and unobserved 

values, expressed as 𝑃(𝑅 ∣ 𝑋) = 𝑃(𝑅 ∣
𝑋𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 , 𝑋𝑚𝑖𝑠𝑠𝑖𝑛𝑔) . This condition is observed in 

Dataset 1, where missing values in the 

mean_temperature_whitehorse attribute tend to occur 

during extreme temperature periods, indicating that the 

temperature value itself directly influences the 

probability of data loss. In contrast, Missing Completely 

at Random (MCAR) in (2) is defined as 𝑃(𝑅 ∣ 𝑋) =
𝑃(𝑅) , meaning that the probability of missingness is 

independent of any variable in the dataset. Dataset 2 

satisfies this assumption, as missing values in 

number_of_sunspot do not exhibit any systematic 

relationship with other attributes or with the target value, 

and are instead associated with archival inconsistencies. 

Meanwhile, Missing at Random (MAR) in (3) follows 

the formulation 𝑃(𝑅 ∣ 𝑋) = 𝑃(𝑅 ∣ 𝑋𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) , where 

the probability of missingness depends only on observed 

variables but not on the missing variable itself. This 

mechanism characterizes Dataset 3, in which missing 

values in air_temperature are associated with other 

observed attributes, such as dew_point_temperature and 

surface_air_pressure, without being directly influenced 

by air_temperature itself. These differing missing-data 

mechanisms justify evaluating multiple imputation 

strategies across datasets. 

C. Handling Missing Values 

Handling missing values is a crucial step in data 

preprocessing, especially in time-series analysis used for 

forecasting. Incompleteness or improper handling of data 

can degrade model accuracy and lead to biased 

interpretations [26]. There are two main approaches to 

handling missing values: deletion and imputation [27]. 

However, deletion techniques may lead to substantial 

information loss and disrupt temporal continuity, 

particularly in sequential datasets. Therefore, imputation 

methods are generally preferred in time-series 

forecasting because they aim to reconstruct missing 

observations while preserving the underlying data 

structure. 

Imputation methods are being developed to maintain 

temporal structures and patterns over time series data 

[28]. This method has many variations, starting from 

simple statistical techniques to algorithmic approaches. 

In this study, six imputation methods were selected to 

represent basic and advanced approaches and evaluated 

for their effects on forecasting quality across datasets 

with different data-loss patterns (Table III) [27]. The 

selection of these methods aims to assess each 

technique’s ability to preserve the characteristics of the 

original data and to support accurate forecasting. Each 

method in Table III may produce different impacts 

because the three datasets exhibit distinct missing-value 

patterns: MNAR, MCAR, and MAR. 

To provide a clearer methodological understanding, 

each missing value handling method presented in Table 

III is formally expressed using a unified mathematical 

notation. Let 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛}  denote a time-series 

dataset, where 𝑥𝑡represents the observation at time 𝑡. Let 

𝒪 ⊂ {1,2,… , 𝑛} be the set of observed indices and ℳ ⊂

{1,2,… , 𝑛} be the set of missing indices, with 𝑛𝑜𝑏𝑠 =∣

𝒪 ∣. 
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TABLE II 

OBSERVED MISSING DATA MECHANISMS ACROSS DATASETS 

Dataset Type of Missing Values Formula Description 

1 
Missing Not at Random 

(MNAR) 

𝑃(𝑅|𝑋) = 

𝑃(𝑅|𝑋𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 , 𝑋𝑚𝑖𝑠𝑠𝑠𝑖𝑛𝑔)  

(1) Data loss is directly affected by the value of the 

target attribute 

2 
Missing Completely at 

Random (MCAR) 
𝑃(𝑅|𝑋) = 𝑃(𝑅) 

(2) 
Completely random data loss 

3 
Missing at Random 

(MAR) 

𝑃(𝑅|𝑋)
= 𝑃(𝑅|𝑋𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) 

(3) Data loss is affected by other attributes, but not 

by the value of the target attribute. 

TABLE III 

HANDLING MISSING VALUES 

Method Description Advantages Disadvantages 

Drop Missing 

values 

Delete instances that contain missing 

values. 

Simple and ideal if missing < 

1%. 

Creating information loss. 

Mean Imputation Imputation based on the average 

attribute. 

Quick and easy to 

implement. 

Eliminate variation and bias 

from extreme data. 

Median Imputation Imputation based on the middle 

value of the data. 

Robust against outliers. Not considering temporal 

context. 

Mode Imputation Imputation based on the value that 

appears most often. 

Stable if there is a repetition 

of the value. 

Bias if the dominant value is 

not representative. 

MICE Imputation Imputation based on a model that 

considers other variables. 

Taking into account other 

variables. 

Bad for univariate but complex 

time-series. 

LOCF Imputation Imputation based on the last 

available observation value. 

Maintaining temporal 

patterns. 

Causes stagnation if missing in 

a row. 

KNN Imputation Based on the proximity of the feature 

value to the nearest neighbor of K. 

Considering the similarities 

of observations. 

Sensitive to K parameters and 

data distribution. 

 

1)  Drop Missing Values: The drop method removes 

all observations containing missing values in (4). 

𝑋∗ = {𝑥𝑡 ∣ 𝑡 ∈ 𝒪}                          (4)  

2)  Mean Imputation: The mean of observed values is 

computed as in (5).  

𝑥̄ =
1

𝑛𝑜𝑏𝑠
∑ 𝑥𝑡𝑡∈𝒪  , 𝑥𝑡 = {

𝑥̄, 𝑡 ∈ ℳ
𝑥𝑡, 𝑡 ∈ 𝒪

          (5)  

3)  Median Imputation: The median of observed values is 

defined as in (6). 

𝑥̃ = median({𝑥𝑡 ∣ 𝑡 ∈ 𝒪}),  𝑥𝑡 = {
𝑥̃, 𝑡 ∈ ℳ
𝑥𝑡 , 𝑡 ∈ 𝒪

     (6) 

4)  Mode Imputation: The mode of observed values 

(𝑥𝑚𝑑) is written in (7). 

𝑥𝑚𝑜𝑑𝑒 = arg⁡max⁡
𝑣

freq(𝑣),⁡⁡⁡𝑥𝑡 = {
𝑥𝑚𝑜𝑑𝑒, 𝑡 ∈ ℳ
𝑥𝑡 , 𝑡 ∈ 𝒪

    (7) 

5)  MICE Imputation: For a target variable 𝑋predicted 

using auxiliary variables 𝑍 , the iterative regression 

model is defined as in (8). Where 𝑓(⋅)is a regression 

model, 𝜖𝑡 ∼ 𝑁(0, 𝜎2), and 𝑘 denotes the iteration step. 

𝑥𝑡
(𝑘+1)

= 𝑓(𝑘)(𝑍𝑡) + 𝜖𝑡
(𝑘)

                  (8) 

6)  LOCF Imputation: In time-series data, missing 

values are replaced by the most recent observed value, as 

in (9). 

𝑥𝑡 = {
𝑥𝑡−1, 𝑡 ∈ ℳ
𝑥𝑡, 𝑡 ∈ 𝒪

                       (9) 

7)  KNN Imputation: The Euclidean distance between 

observations 𝑡and 𝑠based on 𝑝auxiliary variables 𝑍  is 

defined as in (10) [29].  

𝑑(𝑡, 𝑠) = √∑ (
𝑝

𝑗=1
𝑧𝑡𝑗 − 𝑧𝑠𝑗)2            (10) 

The missing value at time 𝑡  is estimated using the 

average of its 𝐾nearest neighbors defined as in (11), 

where 𝑁𝐾(𝑡) denotes the set of 𝐾nearest neighbors of 

observation 𝑡. 

𝑥𝑡 =
1

𝐾
∑ 𝑥𝑠𝑠∈𝑁𝐾(𝑡)                    (11) 

All missing value handling methods in this study are 

formulated using a unified time-series notation, where 

𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛} represents the observed sequence, 𝒪 

denotes the set of observed indices, and ℳdenotes the 

set of missing indices. The drop method removes all 

observations in ℳ, producing a reduced dataset 𝑋∗. 
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D. Forecasting 

Forecasting in this study used the Long Short-Term 

Memory (LSTM) method implemented in Python with 

TensorFlow and Keras. In contrast, Scikit-learn and 

Pandas were used for preprocessing and evaluation. The 

dataset was cleaned, the target variable selected, and then 

split into 80% for training and 20% for testing. A sliding-

window approach with 24 time steps was applied, where 

the previous 24 observations were used to predict the 

next value, and the input was reshaped into a three-

dimensional format suitable for LSTM. Model training 

used mini-batch learning, and performance was 

evaluated using RMSE, MAPE, and R² before further 

optimization using Particle Swarm Optimization.  

Normalization plays an important role in time-series 

models that are sensitive to scale differences between 

values, such as LSTM [30]. Data normalization was 

performed using the MinMaxScaler to scale values to the 

range 0-1, thereby stabilizing the training process [30]. 

The Min-Max normalization formula is shown in (12). 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                          (12) 

In the Min-Max Normalization formula, the 

calculation process is carried out by subtracting the 

original value (𝑥)  from the minimum value (𝑥min). Then 

the result is divided by the difference between the 

maximum values (𝑥max ) and minimum values (𝑥min ) 

resulting in generating new value that is standardized and 

proportional to the initial distribution (𝑥′ ) [31]. This 

normalization step ensures that the input data are 

consistently scaled, thereby improving numerical 

stability and facilitating effective learning in the LSTM 

forecasting model described in the following section. 

LSTM is a development of the Recurrent Neural 

Network (RNN) designed to overcome vanishing 

gradients and increase the ability to model long-term 

temporal dependencies in time series [32]. LSTM has 

three main gates (input, forget, and output gates) that 

govern the information stored or discarded, allowing the 

model to retain relevant internal memory. LSTMs’ 

mechanism can capture nonlinear patterns, long-term 

and seasonal trends, and extreme fluctuations [33]. These 

characteristics make LSTM suitable for climatological 

data, sunspot activity, and weather recordings, and 

therefore appropriate as the primary forecasting model in 

this study. The mathematical formulation of the LSTM 

is described in (13-18). 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)               (13) 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)               (14) 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)               (15) 

𝑐̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)             (16) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐̃𝑡                 (17) 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝑐𝑡)                     (18) 

Equations (13) to (18) describe the internal 

mechanisms of the LSTM in processing information at 

each step of time. Value of input gate (𝑖𝑡), forget gate (𝑓𝑡), 
and output gate ( 𝑜𝑡 ) Calculated using the sigmoid 

activation function that received the previous hidden 

state merge (ℎ𝑡−1) and current inputs (𝑥𝑡), as a result, the 

three gates determine the proportion of information that 

enters, retains, or forwards. The candidate of cell state 

(𝑐̃𝑡) It is then passed through a tanh activation function 

to generate a new representation ready to be combined. 

Next, the main cell state (𝑐𝑡 ) updated by combining 

previous memory (𝑐𝑡−1 ) which is maintained by the 

forget gate with new information filtered by the input 

gate. Lastly, the hidden state ( ℎ𝑡 ) is generated by 

multiplying the cell state transformed by tanh in the 

output gate, so that only the selected information is 

passed to the next time step [34]. Through this structure, 

an LSTM dynamically regulates the flow of information 

to meet the model’s needs.   

To achieve the best results, Particle Swarm 

Optimization (PSO) is used to find the optimal 

hyperparameter combination for the LSTM model. PSO 

works by forming a population of particles that move in 

the search space to maximize the quality of the model 

with minimal time [35]. In this study, each particle 

represents a specific configuration of LSTM 

hyperparameters, including the number of units, learning 

rate, batch size, and number of epochs. The particles 

iteratively update their positions based on both their 

individual best (pbest) and global best (gbest) 

performances, enabling the swarm to converge to an 

optimal solution efficiently. This optimization process 

aims to maximize forecasting accuracy while 

minimizing training time and prediction error. The 

detailed representation of hyperparameter configurations 

used in this study is presented in Table IV. 

 In this study, the final configuration of model 

parameters was automatically determined through the 

hyperparameter tuning process using PSO. The 

optimization procedure systematically searched the 

predefined parameter space to identify the combination 

that yielded the best forecasting performance, as 

measured by the selected evaluation metrics. 

Consequently, the parameter settings reported in this 

research are not the result of manual trial-and-error 

selection but are derived from the PSO-driven 

optimization process.  
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E. Evaluation Metrics 

The evaluation of model performance in this study 
was carried out using three main metrics, namely Mean 
Absolute Percentage Error (MAPE), Root Mean Square 
Error (RMSE), and Coefficient of Determination (R²). 
These three metrics were chosen because they provide a 
comprehensive picture of the prediction error rate, model 
stability, and the model’s ability to explain temporal 
patterns in time series data [44]. To ensure balanced 
model assessment and avoid bias toward a single 
performance indicator, a multi-metric selection criterion 
was applied by jointly considering MAPE, RMSE, and 
R² in the model comparison process [45]. The 
combination of these three complementary indicators 
enables a more objective, multidimensional evaluation of 
how different imputation strategies affect downstream 
forecasting performance. 

MAPE is an evaluation metric that measures the 
average percentage of absolute error between the actual 
and predicted values [46]. The calculation formula, as 
shown in (19) [44], calculates the absolute difference 

between the actual values (𝑦𝑖) and prediction (𝑦̂𝑖), then 
divide it by the actual value to obtain the relative 
proportion of error. The entire proportion of the error is 

then averaged by the number of observations (𝑛) and 
multiplied by 100%. 

𝑀𝐴𝑃𝐸 =
100%

𝑛
⁡∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1             (19) 

RMSE is an evaluation metric that measures the 
average magnitude of the squared error between the 
actual and predicted values and returns it to the original 
scale via the square root, as shown in (20) [47] [44]. By 

squaring the difference (𝑦𝑖 − 𝑦̂𝑖) , RMSE provides a 
greater penalty for extreme error. The average value of 
the squared error obtained is then rooted so that the result 
remains in the same unit as the original data. RMSE is 
sensitive to outliers and large fluctuations. RMSE is an 
appropriate metric for evaluating the accuracy of 
forecasting models that require consistent performance 
under extreme-value conditions and sudden changes. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2
𝑛
𝑖=1                (20) 

R² is an evaluation metric that measures how much 

variation in the actual values the model explains, 

indicating the model’s ability to capture the time-series 

archetype after the imputation process. Based on (21) 

[44], R² is calculated by comparing the total Sum of 

Squared Errors (SSE) to the total variation of actual data 

or Total Sum of Squares (TSS). A value close to 1 

indicates that the model captures the data’s variance well. 

By distinguishing between prediction errors and natural 

variations in the data, R² enables a more comprehensive 

assessment of the model’s accuracy in understanding the 

data’s structure. Therefore, this metric is useful for 

evaluating the extent to which forecasting models can 

explain complex time-series dynamics. 

𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖−𝑦̅)2
𝑛
𝑖=1

                   (21) 

To ensure robustness, MAPE evaluation is 
complemented by a paired t-test to determine whether 
performance differences between imputation strategies 
are statistically significant rather than due to random 
variation. The test assesses whether the mean difference 
in forecasting errors across identical test sets differs 
significantly from zero at a predefined significance level. 
In addition to quantitative metrics, graphical time-series 
analysis of actual versus predicted values is conducted to 
assess trend alignment, responsiveness to extreme 
fluctuations, and stability across different missing-data 
mechanisms. 

III. RESULT AND DISCUSSION 

In this section, the performance of the LSTM model 
in predicting three time-series datasets is analyzed, with 
various methods for handling missing values applied. A 
comparison was made between a baseline model that 
uses the drop-missing-values technique and a model that 
uses various imputation methods. Model performance 
was evaluated using three main metrics: MAPE, RMSE, 
and R². This analysis aims to assess the extent to which 
the imputation strategy improves prediction accuracy 
compared to the lost-data erasure approach. The full 
results are presented in Table V. 

Across the three datasets from results in Table V, 
removing incomplete observations significantly reduces 
prediction accuracy and disrupts temporal dependencies 
required by the LSTM model. Most imputation 
techniques reduce forecasting error by more than 70%, 
with paired t-tests confirming that these improvements 
are statistically significant. However, no single method 
consistently dominates across all conditions: LOCF 
performs best in Dataset 1 with MNAR-like temporal 
continuity; MICE achieves the lowest MAPE in Dataset 
2 under MCAR conditions but shows higher RMSE due 
to occasional large residuals; while KNN provides more 
stable absolute error and better variance preservation. In 
Dataset 3 with MAR characteristics, central tendency 
methods such as Mean and Median perform similarly 
because the dataset’s distribution is stable. Overall, the 
combined MAPE, RMSE, and R² analyses indicate that 
imputation effectiveness depends on the missingness 
mechanism, temporal dependency, and distribution 
stability, highlighting the importance of adaptive 
imputation strategies for LSTM-based time-series 
forecasting. 
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TABLE IV 

HYPERPARAMETER TUNING PSO  

Hyperparameter Search Space / Values Information 

Hidden Layers 2, 10 [36] Consistently < 5 across multiple datasets. 

Neurons per Layer 1, 100 [37] The best balance between accuracy and 

complexity of the model. 

Activation Function {tanh, ReLU, sigmoid} [38] Stable for forecasting time series. 

Optimizer {Adam, RMSprop, SGD} [39] Selected by PSO to ensure convergence. 

Loss Function {MSE, MAE} [40] Minimize forecasting errors. 

Batch Size 32 – 64 [41] Provide a stable training process on the dataset. 

Epochs 50 – 100 Tuned to avoid underfitting or overfitting 

Dropout 0.0 – 0.5 [42] Reduces overfitting. 

PSO Parameters swarm=10, generations=5, velocity [0,1], 

pbest=1.5, gbest=2.0 [43] 

Optimization process. 

TABLE V 

MODEL PERFORMANCE EVALUATION RESULTS 

Method 

MAPE RMSE 𝐑𝟐 

Dataset 

1 

Dataset 

2 

Dataset 

3 

Dataset 

1 

Dataset 

2 

Dataset 

3 

Dataset 

1 

Dataset 

2 

Dataset 

3 

Drop Missing 

Values 

5.91429 7.35000 2.84881 4.09995 15.70427 1.49142 0.88524 0.93480 0.97492 

Mean Imputation 0.95311 4.61261 0.41560 3.52167 16.64167 1.60957 0.91533 0.93439 0.97077 

Median 

Imputation 

0.78635 4.01872 0.53360 3.31405 20.32393 1.50689 0.92513 0.90215 0.97439 

Mode Imputation 1.00753 8.59048 0.78746 4.03448 20.06531 2.37675 0.88887 0.90462 0.93627 

MICE 

Imputation 

0.90673 2.44567 1.25159 3.56648 24.43312 4.40376 0.91316 0.85858 0.78186 

LOCF 

Imputation 

0.73959 6.61441 0.77787 3.25713 18.34903 2.15973 0.92757 0.92024 0.94740 

KNN Imputation 0.82810 3.12849 0.92293 3.55424 15.80088 2.24950 0.91375 0.94086 0.94348 

 

Across the datasets, MICE shows the greatest 

variability in R² performance, particularly in Dataset 3, 

indicating that its multivariate iterative estimation may 

introduce structural distortion when inter-variable 

dependencies are weak or moderate. Mode imputation 

also performs poorly because replacing continuous 

values with the most frequent observation disrupts 

natural variance patterns and weakens structural 

consistency. When considered alongside MAPE and 

RMSE results, the R² analysis highlights the importance 

of multi-metric evaluation: LOCF consistently performs 

best in Dataset 1 under strong temporal dependency; 

KNN provides the most stable structural performance in 

Dataset 2 despite MICE’s proportional advantage; and 

central tendency methods remain competitive in Dataset 

3. In addition to these quantitative metrics, visual 

inspection of forecasting graphs is used as 

complementary validation to assess pattern alignment, 

temporal consistency, and structural stability across 

Dataset 1 (Fig. 2), Dataset 2 (Fig. 3), and Dataset 3 (Fig. 

4). 

The forecasting graph for Dataset 1 (Fig. 2) shows 

that the predicted curve closely follows the cyclical 

pattern of the actual data, with aligned peaks and troughs 

and no noticeable phase shifts, indicating stable temporal 

continuity and supporting the metric-based results. In 

Dataset 2 (Fig. 3), the data exhibit higher variability, 

where the prediction line occasionally overshoots or 

undershoots local extremes but still follows the overall 

signal trajectory without structural divergence. For 

Dataset 3 (Fig. 4), the model successfully captures the 

gradual upward trend and subsequent decline, with only 

small, evenly distributed deviations between predicted 

and actual values. Overall, the graphical analysis 

confirms the quantitative evaluation, demonstrating that 

the selected imputation methods maintain structural 

alignment between predicted and actual patterns. To 

further assess robustness, the LSTM model is also 

compared with other recurrent architectures (RNN, GRU, 
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and BiLSTM) using the same optimal imputation 

strategy, with detailed results presented in Table VI. 

From Table VI, for Dataset 1 with LOCF imputation, 

LSTM shows the most balanced performance, achieving 

the lowest MAPE and RMSE and the highest R² 

compared with GRU, Bi-LSTM, and standard RNN. 

GRU and Bi-LSTM produce results that are relatively 

similar but do not surpass LSTM. In contrast, RNNs 

perform significantly worse due to their limited ability to 

maintain temporal dependencies. In Dataset 2 with KNN 

imputation, LSTM again delivers the best overall results, 

showing lower prediction errors and higher explanatory 

power. At the same time, GRU and Bi-LSTM remain 

competitive but slightly less accurate. The gap between 

LSTM and RNN becomes more evident in this dataset, 

indicating that gated architectures handle volatile 

patterns more effectively. In Dataset 3 with Mean 

imputation, performance differences among GRU, 

LSTM, and Bi-LSTM become smaller. However, LSTM 

still maintains stable, competitive forecasting 

performance across varying data conditions. 

The comparative evaluation indicates that LSTM 

remains the most consistent architecture across datasets 

and optimal imputation strategies. Although it is not 

always the absolute best in every case, it consistently 

ranks among the top-performing models. It demonstrates 

stable forecasting capability, confirming that the selected 

LSTM framework is numerically strong, visually 

coherent, and competitively reliable compared with 

alternative recurrent models. The findings also suggest 

that imputation effectiveness depends more on the 

underlying missingness mechanism and statistical 

structure of the dataset than on methodological 

complexity. For example, in Dataset 3 with MAR 

characteristics and stable variance, Mean imputation 

produced competitive results, indicating that simple 

statistical estimators can remain effective when 

distributional structure and temporal continuity are 

preserved. Overall, forecasting stability improves when 

imputation maintains statistical continuity and variance 

patterns. At the same time, methods that disrupt temporal 

adjacency or variance structure may amplify sequential 

prediction errors. 

In the context of recent literature on environmental 

and climatological forecasting, many studies emphasize 

architectural innovation while giving limited attention to 

the interaction between missingness mechanisms and 

deep sequence models [48, 49]. However, emerging 

research in spatiotemporal modeling suggests that 

different missing-data mechanisms, such as MCAR, 

MAR, and MNAR, influence model generalization and 

stability. The present study contributes to this growing 

body of work by empirically demonstrating that identical 

neural architectures can produce substantially different 

forecasting outcomes depending on the imputation 

strategy applied. By explicitly linking missingness 

theory with recurrent learning dynamics, this study 

extends prior research that typically evaluates imputation 

and forecasting separately. 

 

 
Fig. 2 Best result Graph Forecasting LSTM of dataset 1 

(locf imputation) 

 
Fig. 3 Best result Graph Forecasting LSTM of dataset 2 

(KNN Imputation) 

 
Fig. 4 Best result Graph Forecasting LSTM of dataset 3 

(Mean Imputation) 

TABLE VI 

 COMPARISON OF VARIOUS LOCF IMPUTATION RESULTS 

Method 
Dataset 1 Dataset 2 Dataset 3 

MAPE RMSE 𝐑𝟐 MAPE RMSE 𝐑𝟐 MAPE RMSE 𝐑𝟐 
RNN 2.07995 7.00709 1.55435 7.20033 67.68945 0.08539 2.85135 8.7261 0.14101 

GRU 0.92128 3.63496 0.91079 6.50112 21.78677 0.88756 0.49631 1.36801 0.97889 

LSTM 0.73959 3.25713 0.92757 3.12849 15.80088 0.94086 0.41560 1.60957 0.97077 

Bi-LSTM 0.83314 3.37314 0.92318 5.28019 16.44733 0.93592 0.59817 1.57143 0.97214 
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Despite these contributions, several limitations 

should be acknowledged. The analysis is conducted 

within a predominantly univariate framework. It uses 

synthetically generated missingness scenarios, which 

may not fully capture the multivariate and 

spatiotemporal complexity of real environmental data. 

Additionally, although several recurrent architectures 

were compared, the study does not include newer 

attention-based or Transformer models, suggesting that 

future research should extend the analysis to multivariate 

datasets, incorporate advanced imputation approaches, 

and evaluate forecasting robustness under real-world 

missing-data conditions. 

IV. CONCLUSION 

This study shows that appropriate missing value 

imputation significantly improves LSTM forecasting 

performance compared to the Drop Missing Values 

approach, which can remove important temporal 

dependencies. The results indicate that the effectiveness 

of imputation methods depends on the underlying 

missingness mechanism of each dataset. Improvement 

forecasts are reflected in lower MAPE and RMSE values 

and higher R², indicating that reconstruction quality 

strongly influences model stability. However, the study 

is limited to a mainly univariate framework, synthetic 

missingness scenarios, and comparisons restricted to 

recurrent-based models. Future research should explore 

multivariate spatiotemporal datasets, real-world 

missing-data patterns, and advanced models, including 

attention-based, Transformer-based, and generative 

imputation approaches. 
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