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Abstract 
Machine learning-based weather forecasting models are of paramount im-
portance for almost all sectors of human activity. However, incorrect weather 
forecasts can have serious consequences on a global scale. The Adamawa re-
gion of Cameroon has suffered the consequences of erroneous forecasts, re-
sulting in enormous losses and material damage. Missing or abnormal values 
are one of the problems that can contribute to the inaccuracy of weather fore-
casting models. Our objective is to provide a systematic view of how anomalies 
can affect the results of weather forecasting models and to compare imputa-
tion methods such as LinearRegressor, BayesianRidge, ExtraTreeRegressor 
(ETR), KNeighborsRegressor (KNR), DecisionTreeRegressor, KNNImputer, 
and MICE. The performance criteria used to evaluate these methods are RMSE 
and execution time. For the dataset, we generated four datasets with a specific 
anomaly rate. The abnormal values were transformed into missing values. Next, 
all the missing values were imputed using these different imputation methods, 
and then compared. Finally, the cleaned data was used by Machine learning-
based forecasting models to generate forecast data. The results show that the 
imputation of anomalies in weather data is done in a reduced time, allowing 
for good quality weather data while improving the accuracy of weather fore-
casting models. 
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1. Introduction 

Erroneous weather forecasts can have severe global consequences, affecting agri-
culture, food security, water resource management, and increasing the risk of nat-
ural disasters [1]. Regarding natural disasters, according to WMO [2], between 
1970 and 2019, there were 22,326 disasters that met the registration criteria, these 
events causing 4,607,671 deaths and $4.92 trillion in economic losses. In Africa, 
from 1970 to 2019, 1695 disasters claimed the lives of 731,747 people and caused 
economic losses of $38.5 billion [2].  

However, the accuracy of weather forecasting models remains a major chal-
lenge [3]-[5]. Missing or abnormal values are one of the problems that can con-
tribute to the deterioration of weather forecasting model performance, leading to 
erroneous or inaccurate weather forecasts. 

According to the World Bank [6], most weather services in sub-Saharan African 
countries no longer meet the current needs for weather and climatic information. 
The data collected by these services are riddled with anomalies, which can be miss-
ing or abnormal values. Therefore, these data constitute a huge problem for weather 
forecasts. The origins of these anomalies are as follows: instrument failure (instru-
ment malfunctions, insufficient maintenance, incorrect calibration) [7]-[10], en-
vironmental conditions (extreme conditions, physical obstacles, contamination) 
[8], human errors (reading errors, input errors, lack of training) [8] [9], and trans-
mission problems (interference, insufficient bandwidth, and network outages) [8] 
[11]. Cameroon is one of the sub-Saharan countries. 

The production of weather data is becoming an essential element of the devel-
opment process in Cameroon [12]. According to estimates from the Department 
National of Meteorology (DNM) in 2014, more than 80% of the weather observa-
tion network in Cameroon is no longer used and needs to be renewed [12]. 

In the Adamawa region of Cameroon, there are four climate stations recognized 
by the DNM and the Ministry of Transport [12], among which we have the 
ASCENA weather station in Ngaoundere. In terms of observation means, these 
climate stations in the Adamaoua region face a number of problems that hinder 
the proper collection of weather data [12]. This includes the presence of anomalies 
in the weather data streams. This contributes to reducing the performance of the 
weather forecasting models in the weather forecasting systems.  

Weather forecasting systems involve data collection, processing, storage, and 
analysis [13]. Data collection and processing are carried out using a weather sta-
tion. The databases contained in the weather forecasting systems include observed 
and forecasted weather data. Forecast models use observed weather data to gen-
erate forecast data. 

Several weather forecasting models have been proposed, including some based 
on machine learning. However, the presence of missing or abnormal values in 
weather data streams poses a major challenge to the accuracy of these models. 
Indeed, the presence of these values in the weather data stream can make weather 
forecasts inaccurate [5] [7]. According to (Alejandro et al., 2022) [1], machine 
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learning-based weather forecasting models that are deployed in a real environ-
ment can become inaccurate due to the presence of anomalies in weather data 
streams. This argument was supported by (Ajina et al., 2023) [14], (Ravi et al., 
2022) [15], and (Zhang et al., 2020) [16] when they stated that the presence of 
missing and abnormal values in weather data streams can make forecast weather 
data inaccurate. Thus, (Heinrigs, 2020) [17] believes that improving the accuracy 
of forecasts requires the availability of high-quality observational data. In the con-
text of our work, missing and abnormal values are considered anomalies. 

Our objective is to provide a systematic view of how anomalies can affect the 
results of weather forecasting models and to compare imputation methods such 
as LinearRegressor (LR) [18] [19], BayesianRidge (BR) [18], ExtraTreeRegressor 
(ETR) [18] [19], KNeighborsRegressor (KNR), DecisionTreeRegressor (DTR) 
[18] [19], KNNImputer (KNNI) [20] [21], and MICE [1] [20]. The performance 
criteria used to evaluate these methods are the RMSE and execution time. For the 
dataset, we generated four datasets with a specific anomaly rate. The abnormal 
values were transformed into missing values. And subsequently, all the missing 
values were imputed by these different imputation methods and then compared. 
So, the data cleaned using the best imputation method in terms of accuracy was 
used by our various machine learning-based weather forecasting models to pro-
duce forecast data in order to select the weather forecasting model best suited to 
the cleaned data. Subsequently, we will propose an architecture for a weather fore-
casting system equipped with a Real-Time Anomaly Detection and Correction 
Module. And finally, we will also propose a Real-Time Anomaly Detection and 
Correction Algorithm. 

The structure of our research work is organized as follows. Section 2 presents 
related works. In this section, we will discuss the role of weather stations and then 
address the management of anomalies in the weather forecasting systems pro-
posed by the authors. Section 3 presents the study area and the weather data used 
in this research work. The methodological framework used in our work, the anom-
alies in the weather data, the imputation methods used, the ML-based weather fore-
casting models for performing real-time weather forecast simulations from data 
cleaned by the ETR imputation method, the evaluation metrics and the tools used 
are presented in Section 4. Section 5 presents the results of this research work. 
Section 6 presents the discussion of this research work. Conclusion and future 
work of our research are presented in Section 7. 

2. Related Work 

Meteorology is the interdisciplinary science of atmospheric physics, which studies 
the state of the weather, the atmospheric environment, the phenomena produced, 
and the laws that govern them [22]. The process of measuring the weather is di-
rectly linked to the establishment of weather stations. 

2.1. Weather Station 

The weather station is an example of how science and technology are applied to 
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understand and forecast local weather conditions [10] [23]. For the purpose of 
understanding and forecasting the weather in a region, the weather station is used 
to collect quantitative data on the local weather [23]. Figure 1 shows a weather 
station with its various components. 

 

 

Figure 1. Weather station [24]. 
 

Observation data sets are essential in the weather forecasting process, as they 
provide a stream of information describing the current state of the atmosphere 
[25]. The collected data may be in raw form that cannot be directly entered into 
the forecasting models [26], as they may contain missing or abnormal values that 
are considered anomalies [26]. 

2.2. Anomalies in Weather Observation Data 

With the rapid development of automatic data collection via the weather station, 
the problem of anomalies has become a considerable problem. The weather data 
observed from the weather sensors are not entirely credible [7]. Min-Ki et al. [7] 
mention that there are many anomalies in the weather data due to multiple defects 
in the weather forecasting systems. The origins of these anomalies are as follows: 
instrument failure [7]-[10], environmental conditions [8], human errors [8] [9], 
and transmission problems [8] [11]. 

In most weather stations, the data logger is usually configured to encode the 
missing sensor reading as an “impossible value”, usually a large negative value such 
as −999 [27]. Most often, different “impossible values” are used to encode different 
problems; that is, a value of −998 may indicate an offline sensor, while a value of 
−999 may encode a currently uninstalled sensor [27]. Anomalies can be either ab-
normal values (−999, −998) or missing values (NaN) present in weather observa-
tion data. However, these values disrupt weather forecasting models and degrade 
their performance.  

The presence of anomalies can lead to biased estimates and misinterpretation 
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of results [8]. The presence of anomalies makes the weather forecast data impre-
cise [5] [7] and negatively affects the performance of the forecast models [5] [7] 
[16]. Similarly, Ravi et al. [15] state that these values are bad for machine learning 
models which can reduce the accuracy of weather models, leading to less reliable 
forecasts.  

Weather forecast errors or inaccurate predictive data can lead to poor decision-
making, crop failures, air crashes due to inappropriate weather phenomena, fam-
ilies, illness, industrial bankruptcies, unemployment, and so on.  

The management of these anomalies is crucial to ensure the continuity of ob-
servations and their use in weather forecasting. So, to ensure good accuracy of 
machine learning-based weather forecasting models, the observation data streams 
must be cleaned [17]. Accurate forecasts are an important element [28]. There-
fore, it is necessary to refine the flow of real-time weather observation data to ob-
tain more accurate weather forecasts [5]. 

The following section will address the different approaches to minimizing 
anomalies in the weather data streams proposed by the authors. 

2.3. Weather Forecasting Systems Based on Machine Learning 

In the field of real-time weather forecasting, we have two categories of authors 
who have proposed weather forecasting systems whose weather forecasting mod-
els are based on Machine Learning (ML). The first category of authors proposes 
weather forecasting systems that do not take anomaly management into account. 
The second category proposes weather forecasting systems that take into account 
anomaly management. Their management is based on the detection and removal 
of anomalies in real time. 

Regarding the first category, several authors have proposed weather forecasting 
systems that do not take into account anomaly management. (Goncalo et al., 2015) 
[29] proposed an intelligent weather station that collected data on temperature, 
humidity, and solar radiation. The data collected was stored and then routed to 
the ANN-based weather forecasting model to predict the temperature in real time. 
According to their results, the accuracy of their model gave an RMSE of 0.30. (Ko-
thapalli and Totad, 2017) [30] proposed a forecasting system that allows real-time 
weather forecasting. Their system collected temperature and humidity data. The 
data collected was stored and then routed to the ANN-based weather forecasting 
model to predict these two weather parameters. However, the accuracy of their 
weather forecasting model was not mentioned. (Parashar, 2018) [31] proposed a 
real-time weather forecasting system. Their system allowed for the collection of 
temperature, humidity, and atmospheric pressure data. The data collected was 
stored and then sent to the MLR-based weather forecasting model to predict the 
temperature. According to their results, the accuracy of their model gave an RMSE 
of 1.35. (Pradeep et al., 2020) [32] proposed a weather forecasting system that al-
lows the collection of weather data. These data are transferred to the cloud via 
GSM. The data transferred are then routed to the forecasting model based on the 
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TCN (Temporal Convolutional Neural) to perform real-time weather forecasting. 
According to their results, the accuracy of their forecasting model gave an MSE of 
2.048. However, the systems proposed by the first category of authors do not take 
anomaly management into account. But the second category of authors takes into 
account the management of anomalies present in the observation data. 

Several authors have proposed approaches for handling anomalies in weather 
data streams. This management is based solely on the detection and removal of 
anomalies in real time. (Masoud and Tao, 2020) [33] proposed an approach to 
detect anomalies (missing and incorrect values) in temperature. The detected 
anomalies are removed. Subsequently, the processed temperature data are used by 
the linear regression (LR) weather forecasting model. The accuracy of their fore-
casting model gave an MAE of 2.74. (Shruti et al., 2021) [13] proposed an ap-
proach to detect abnormal events present in real-time weather data and eliminate 
them. (Kaya et al., 2023) [28] proposed an approach to detect anomalies in real-
time weather data streams. The objective of their study is to identify inaccurate 
data in a stream of weather data and then remove them. (Adela et al., 2024) [34] 
used isolation forests and autoencoders to identify anomalies in the data recorded 
during the period 2009-2023. However, anomaly detection was performed on his-
torical data and not in real time. However, all anomaly management approaches 
proposed by the authors of the second category are based solely on the detection 
and removal of anomalies without imputing them. Nonetheless, Little and Rubin 
[35] have shown the limitations of deletion by proving that the removal or dele-
tion of these anomalies leads to a loss of information, contributing to the inaccu-
racy of the forecasting models. 

 

 

Figure 2. Categories of real-time weather forecasting systems. 
 

Figure 2 summarizes the two categories of authors who have proposed real-
time weather forecasting systems. This figure illustrates the limitations or short-
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comings of their systems that could bias weather forecast data. 
It is therefore important to impute the anomalies present in the weather data 

streams in order to obtain high-quality forecast data generated by our weather 
forecasting models [36]. According to Bruyant et al. (2023) [37], data imputation 
helps prevent data loss and improves the quality of forecast data generated by 
forecasting models. 

3. Study Area and Weather Data 
3.1. Study Area 

The study area in the Adamawa region of Cameroon is located on the Adamawa 
plateau, characterized by its altitude and its high-altitude Sudano-Sahelian climate 
[38]. The Adamawa Plateau is located between 1000 m and 2000 m in altitude 
[38]. This region is a mountainous area that marks the transition between the for-
ested Cameroon to the south and the savannas to the North. It borders Nigeria to 
the West and the Central African Republic (CAR) to the East [38]-[40]. With an 
area of 63,701 km2 [38]. It is covered by the humid tropical highland climate, also 
known as the highland Sudanese climate, which generally extends between 6˚ and 
8˚ N in Cameroon [38] [40]. There are two well-contrasted seasons of almost 
equal duration (6 months) but varying depending on the stations [38]. The rainy 
season generally extends from March to September-October, while the dry season 
runs from October-November to February. Due to its high altitude, Adamawa en-
joys a “temperate” climate [38]. The temperatures are generally quite low, with an 
annual average of around 22˚C [38] [40]. The minimum temperature is 15˚C [38]. 
It is recorded around December-January which then experiences cold nights [38]. 
On the other hand, the maximum temperature (31˚C) is recorded in March, 
which corresponds to the end of the dry season [38] [40].  

3.2. Weather Data 

The simulation is based on the weather data for the city of Ngaoundéré. In fact, 
Ngaoundéré is the capital of the Adamawa Region of Cameroon. In step 1 of our 
methodological framework presented in section 4.1, we used five weather param-
eters (temperature, air humidity, dew point, precipitation, and atmospheric pres-
sure), while in steps 2 and 3, we only used the temperature parameter. The mete-
orological parameters were selected based on the decision of the GRIA research 
team in order to perform meteorological data imputation simulations. The data 
was collected from NASA POWER at the URL: https://power.larc.nasa.gov/data-
access-viewer/. Moreover, the decision to use the temperature parameter in steps 
2 and 3 was based on the fact that most of the authors of the articles consulted also 
used this parameter as a target in real-time weather forecasting. Although we do 
not have the same meteorological dataset, the objective was to show how imputa-
tion techniques can perform real-time imputation processing while improving the 
quality of meteorological observation data that will subsequently be used by 
weather forecasting models for real-time weather forecasting. 
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Table 1 below presents the different weather parameters.  
 

Table 1. Weather parameters. 

Weather parameters Symbols Units 

Temperature T2M Celsius 

Relative humidity R2HM Percentage 

Precipitation PRECTOTCORR millimeter 

Dew point T2MDEW Farenheit 

Air pressure PS Hectopascals 

4. Methods and Tools 
4.1. Methodological Framework 

In this section, we present the methodological framework of our work. Our meth-
odological framework consists of five steps of our work (see Figure 3): 
• Step 1: Comparison of the forecast data predicted by the LSTM model, using 

the uncleaned data stream as input on one hand and the cleaned data stream 
on the other hand. This step shows how the forecasting model becomes in-
accurate when the data stream contains anomalies. Figure 4 describes this 
step; 

• Step 2: Comparison of different imputation methods. Performance evaluation 
metrics are based on accuracy and execution time. Figure 5 illustrates the pro-
cess of comparing different imputation methods; 

• Step 3: Forecast using our various models on data cleaned using the ETR im-
putation method, which previously had a specific anomaly rate (see Figure 6); 

• Step 4: Proposal for an Architecture of a Forecasting System; 
• Step 5: Proposal of a Real-Time Anomaly Detection and Correction Algorithm 

in a Weather Forecasting System. 
 

 

Figure 3. Proposal design. 
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Figure 4. Prediction via LSTM model taking data streams as input (uncleaned and cleaned). 
 

 

Figure 5. Selection of the best imputation model. 
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Figure 6. Prediction via our different forecasting models on cleaned data via imputation 
method. 

4.2. Anomalies in Weather Data 

In this study, we randomly included artificial anomalies using a computer pro-
gram we designed, namely missing values (NaN) and abnormal values (−999, 
−998). These anomalies are used to evaluate existing imputation models. 

Figure 7 shows the unprocessed data flow, and Figure 8 shows the processed 
data flow. 

 

 

Figure 7. Unprocessed data flows. 
 

 

Figure 8. Processed data flows. 
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4.3. Imputation Methods 

Imputation methods allow for the modification of data structure by replacing 
missing values with estimated values [37] [41] [42], which makes the data com-
plete and usable for weather forecasting models. These methods are essential be-
cause missing data can bias the results of the forecast data generated by weather 
forecasting models [8]. 

We focus on seven existing imputation methods to select the best. The imputa-
tion methods we have used are as follows: LinearRegressor (LR) [18] [19], Bayes-
ianRidge (BR) [18], DecisionTreeRegressor (DTR) [18] [19], ExtraTreeRegressor 
(ETR) [18] [19], KNeighborsRegressor (KNR), KNNImputer (KNNI) [20] [21] 
and MICE [20] [21]. 

To facilitate the comparative study between the different imputation methods, 
we normalized the meteorological data using the MinMaxScaler object from 
scikit-learn. 

4.3.1. LinearRegressor 
One technique for dealing with missing data in a dataset is called linear regression 
imputation, which involves predicting the missing values using a linear regression 
model [18] [19]. In order to estimate the missing values for the variable of interest, 
a regression model based on the observed data must be constructed [18] [19]. 
When normality assumptions are satisfied, this method is frequently applied to 
continuous variables. 

4.3.2. BayesianRidge 
By adding uncertainty about the missing values to the model, Bayesian regression is 
employed as an imputation technique to deal with missing data [18]. This method, 
which is frequently referred to as Bayesian imputation, entails creating several im-
puted datasets and then integrating the outcomes to produce conclusions that take 
into consideration the uncertainty posed by the missing data [18]. 

4.3.3. DecisionTreeRegressor 
It is possible to utilize the DecisionTreeRegressor as an imputation technique, es-
pecially with an iterative imputation framework [18] [19]. This method makes use 
of decision trees’ predictive capabilities to estimate missing values by examining 
their correlations with other dataset aspects [18] [19]. 

4.3.4. ExtraTreeRegressor 
It is possible to use Extra Tree Regressor as an imputation technique, especially in 
an iterative imputation framework [18] [19]. The main concept is to approach the 
imputation of missing values in a single feature as a regression issue, in which the 
observed values of other features in the dataset are used to predict the missing 
values of that feature [18] [19]. 

4.3.5. KNeighborsRegressor 
KNR also identifies the k-nearest neighbors to a data point with a missing value. 
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However, instead of directly using the neighbors’ values, it builds a regression 
model (usually a linear regression model) using the neighbors’ data to predict the 
missing value. 

4.3.6. KNNImputer 
One technique for estimating and filling in missing values in a dataset is K-Nearest 
Neighbors (KNN) imputation [20] [21]. To estimate the missing data, it first de-
termines the “k” most comparable data points (neighbors) to the observation with 
the missing value. Then, it uses the values from these neighbors [20] [21]. Using 
a selected distance metric (such as the Euclidean distance for numerical data or 
the Hamming distance for categorical data), KNN imputation determines the k-
nearest neighbors of a data point with a missing value. 

4.3.7. MICE 
One effective statistical technique for dealing with missing data in datasets is Mul-
tivariate Imputation by Chained Equations, or MICE [20] [21]. Regression models 
based on other variables in the dataset are used iteratively to impute missing val-
ues. Until the imputed values converge, this process is repeated, producing several 
complete datasets. After that, these datasets can be examined independently, and 
the findings pooled to produce statistical conclusions [20] [21]. 

4.4. Weather Forecasting Model Based on ML 

We used four weather forecasting models based respectively on MLR, ANN, 
LSTM, and TCN to simulate weather forecasts from data cleaned by the imputa-
tion method. The choice of these models is due to the weather forecasting models 
that were mentioned in one of the subsections of the related works, namely sub-
section 2.3. The MLR, ANN, LSTM, and TCN are Batch Machine Learning mod-
els, also referred to as Offline Machine Learning [43] [44]. These models were 
designed using historical data before being deployed for real-time weather fore-
casting simulations. The objective is to show through evaluation metrics that im-
putation methods improve the quality of forecast weather data generated by these 
weather forecasting models.  

4.5. Evaluation Metrics 

Model evaluation metrics will be used to evaluate imputation methods and weather 
forecasting models. For the imputation methods, we will use the following met-
rics: time execution and Root Mean Squared Error (RMSE). For weather forecast-
ing models, we will use Root Mean Squared Error (RMSE). RMSE is used to de-
termine the difference between the weather forecast (or the estimated weather) 
and the expected weather observation values. This metric is used to analyze the 
accuracy of the models. Their mathematical expressions are given below: 

( )2

1

1 ˆRMSE
n

i i
i

y y
n =

= −∑  

where n is the number of weather observations in the dataset, iy  is the actual 
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value of the weather observation, and ˆiy  is the weather predicted (or estimated) 
value of the ith observation. 

All our data has been normalized to facilitate the evaluation of imputation 
methods as well as weather forecasting models. 

4.6. Tools 

To carry out our experiments, we used a laptop with the following specifications: 
Windows 10 Professional 64-bit, 4GB RAM, AMD 1.80 GHz processor. The pro-
gramming language used is Python. The IDE used is Jupyter Notebook. 

5. Results 
5.1. Forecasting via LSTM Model Taking Data Streams as Input  

(Uncleaned and Cleaned) 
5.1.1. Forecast of Weather Data Containing Anomalies 
Figure 9 shows an extract of the weather data stream containing the anomalies. 
This weather data stream contains two types of anomalies: missing values (NaN) 
and abnormal values (−999). This data stream will be used as input by the LSTM 
weather forecasting model. The results of these forecasts are shown in Figure 10. 

 

 

Figure 9. Extract of weather data stream containing anomalies. 
 

 

Figure 10. Data predicted by our LSTM model. 
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We have observed that the presence of anomalies in the flow of weather data 
leads to poor forecasts and a decrease in the performance of the forecasting model. 

5.1.2. Forecast of Processed Weather Data 
Using the same data streams containing the anomalies, the abnormal values are 
transformed into missing values. Then, all these missing values are imputed using 
an MICE imputation method. The cleaned data streams are finally used by the 
LSTM model to produce the forecast data. Figure 11 shows the result of a cleaned 
extract of weather data using the imputation method, and Figure 12 illustrates the 
result of the weather forecast simulation based on this data. 

 

 

Figure 11. An extract of the processed data flow. 
 

 

Figure 12. Weather forecast based on processed data. 

5.2. Selection of the Best Imputation Model  

The temperature dataset contains 8759 weather observations for the year 2020 and 
the sampling time is 1 hour. We chose a single year (2020) in order to perform 
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simulations of anomaly detection and imputation in weather data flows to demon-
strate the importance of imputation techniques in the data integration process for 
obtaining high-quality meteorological data, which can contribute to the accuracy 
of weather forecast data in a real-time weather forecasting system. 

This dataset was used to perform imputation simulations. We conducted im-
putation simulations on our dataset using the seven imputation methods. Each 
simulation was repeated 30 times in order to obtain the average RMSE and the 
average execution time for each imputation method. As shown in Figure 6, the 
dataset contains a specific anomaly rate and is then cleaned. All abnormal values 
have been transformed into missing values. Subsequently, the imputation models 
will take care of imputing all the missing values present in the dataset. The evalu-
ation results of our different imputation methods are presented in Table 2 and 
Table 3. 

 
Table 2. RMSE. 

Imputation models 1% rate 5% rate 8% rate 10% rate 

LR 0.0044 0.010 0.015 0.014 

MICE 0.0044 0.0104 0.015 0.015 

KNNI 0.0111 0.0244 0.0269 0.0346 

BR 0.0044 0.0104 0.015 0.0144 

DTR 0.0040 0.0095 0.0166 0.0134 

ETR 0.0040 0.0095 0.0166 0.0134 

KNR 0.0039 0.0102 0.0175 0.0145 

Interval [0.0039; 0.0111] [0.0095; 0.0244] [0.015; 0.0216] [0.0134; 0.0346] 

 
Table 3. Execution time (second). 

Imputation models 1% rate 5% rate 8% rate 10% rate 

LR 0.33 0.31 1.59 0.12 

MICE 0.17 0.19 1.29 0.13 

KNNI 0.56 0.86 1.85 1.97 

BR 0.12 0.24 0.5 0.15 

DTR 0.37 0.46 1.2 0.29 

ETR 1.53 1.44 1.45 1.91 

KNR 0.24 0.37 0.74 0.55 

Interval [0.12; 1.53] [0.19; 1.44] [0.19; 1.44] [0.12; 1.97] 

 
First of all, with anomaly rates ranging between 1% and 10% that were corrected 

by imputation methods. The RMSE results on the quality of the data processed by 
these imputation methods range between 0.0039 and 0.0346 (see Table 2). From 
these results, we observe a very good quality of the processed weather data because 
the RMSEs are very low. Moreover, all imputation methods run in less than 2 sec-
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onds (see Table 3). Furthermore, the results of the evaluation of the imputation 
method in terms of accuracy, illustrated in Table 2 and Figure 13, show that the 
KNR model (RMSE = 0.0039) is the best method to handle anomalies with a miss-
ing value rate of 1%. For handling anomalies with missing values of 5% and 10%, 
the ETR method is the best imputation method, with an RMSE of 0.0095 and 
0.0134, respectively. Finally, for handling anomalies with a missing value rate of 
8%, the MICE method (RMSE = 0.015) is the best imputation method. 

 

 

Figure 13. Result for RMSE of Imputation Methods. 
 

The data cleaned by the ETR method will be used as input by the weather fore-
casting models based on MLR, ANN, LSTM, and TCN, respectively, to produce 
the forecast data. The following section presents the results of the forecast data 
produced by these forecasting models and their accuracy. 

5.3. Prediction via Our Different Forecasting Models on Cleaned  
Data via ETR Imputation Method 

As mentioned in section 3.5, the objective is to show through evaluation metrics 
that imputation methods improve the quality of forecast weather data generated 
by these weather forecasting models. 

The accuracy results of the different weather forecasting models based on MLR, 
ANN, LSTM, and TCN, respectively, according to the anomaly rates imputed by 
the ETR method, are illustrated in Table 4 and Figure 14.  

 
Table 4. RMSE of forecasting models. 

Imputation models 0% rate 1% rate 5% rate 8% rate 10% rate 

MLR 0.0261 0.0277 0.0344 0.0494 0.0411 

ANN 0.0173 0.0196 0.0286 0.0461 0.0364 

LSTM 0.0109 0.0193 0.0407 0.0758 0.0565 

TCN 0.0111 0.0179 0.0379 0.0703 0.0506 

Interval 
[0.0109; 
0.0261] 

[0.0179; 
0.0277] 

[0.0286; 
0.0407] 

[0.0461; 
0.0758] 

[0.0364; 
0.0565] 
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Figure 14. Result for RMSE of forecasting models. 
 

Anomaly rates between 0% and 10% were corrected in order to obtain cleaned 
data. This data was used by weather forecasting models based on MLR, ANN, 
LSTM, and TCN, respectively, to perform real-time weather forecasting simula-
tions. According to Table 4 and Figure 14, their RMSEs range from 0.0109 to 
0.0758, which is very low. Their low RMSEs indicate smaller average forecast er-
rors and, consequently, more accurate forecasts. 

Figures 15-19 present the results of the weather forecast simulation for our dif-
ferent models based on the data cleaned by ETR imputation method. 

 

 

Figure 15. Weather forecast based on weather observation data containing no anomalies. 
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Figure 16. Weather forecast from cleaned data with a prior anomaly rate of 1%. 
 

 

Figure 17. Weather forecast from cleaned data with a prior anomaly rate of 5%. 
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Figure 18. Weather forecast from cleaned data with a prior anomaly rate of 8%. 
 

 

Figure 19. Weather forecast from cleaned data with a prior anomaly rate of 10%. 
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5.4. Proposal for an Architecture of a Weather Forecasting System 

Figure 20 illustrates our proposed weather forecasting system, which is divided 
into two parts: data integration and data analysis. As part of data integration, we 
have four modules: the weather data collection module, the data transformation 
module (physical data to digital data), the storage module, and the real-time anom-
aly detection and correction module. This last module is responsible for cleaning 
the real-time data streams. The data analysis part contains the ML-based forecast-
ing model. The forecasting model can receive cleaned data as input in order to 
obtain more accurate forecasts. Therefore, the cleaning of weather observation 
data is crucial to ensure the quality of forecast data generated by weather forecast-
ing models. 

 

 

Figure 20. Weather forecast from cleaned data with a prior anomaly. 
 

Our proposed algorithm for real-time data cleaning is housed in the real-time 
anomaly detection and correction module of our weather forecasting system. This 
algorithm is presented in the next session. 

5.5. Proposal of a Real-Time Data Cleaning Algorithm 

Our proposed algorithm is as follows: 
 

 
 

The detection of abnormal values is carried out thru an abnormal value detec-
tion model based on Machine Learning. Similarly, the detection of missing values 
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is carried out through a missing value detection model based on Machine Learn-
ing. Furthermore, data imputation is carried out using a specific imputation 
method. 

This algorithm processes weather data in real time to obtain cleaned weather 
observation data. These data will be used by the weather forecasting model. 

6. Discussion 

The results of the simulations from step 1 of our methodological framework al-
lowed us to see that the presence of anomalies in weather observation data makes 
weather forecasting models inaccurate. These results support the assertion of 
(Alejandro et al., 2022) [1], (Ravi et al., 2022) [15], and (Zhang et al., 2020) [16], 
hence the necessity to impute these anomalies in order to have better quality 
weather observation data that will subsequently be used by weather forecasting 
models, thereby improving the accuracy of these models. 

The simulation results from step 2 of our methodological framework allowed 
us to see that the imputation methods used help avoid information loss while ob-
taining high-quality weather data. 

Regarding the results of step 3 of our methodological framework, they allowed 
us to have cleaned weather data using the ETR imputation method, thereby mak-
ing the forecasting models more precise. These results support the assertion of 
(Heinrig, 2020) [17] and (Bruyant et al., 2023) [37] which state that improving the 
accuracy of forecasts requires the availability of higher quality data. 

Given that the real-time weather forecasting systems proposed by the authors 
can either take into account the monitoring of collected weather data, namely the 
real-time detection and removal of anomalies, or do so without monitoring this 
data, which can negatively affect the performance of weather forecasting models. 
Thus, we proposed in step 4 of our methodological framework an architecture for 
a weather forecasting system with a real-time anomaly detection and correction 
module. The particularity of this module is that it allows for the detection of anom-
alies in real-time and imputes them without losing information. And in step 5, we 
proposed an Anomaly Detection and Correction Algorithm. 

However, although imputation methods contribute to the performance of 
weather forecasting models based on Batch Machine Learning as presented in sec-
tion 3 and section 4, in the context of real-time weather forecasting, these models 
will not be able to adapt in real-time over time to new data structures related to 
the chaotic nature of the atmosphere (variations or climate changes) because the 
parameters of these models are static. To further improve the accuracy of forecast 
data, we propose in our future work an adaptive and evolving weather forecasting 
model based on Online Machine Learning that can adapt in real-time to new 
structures of weather observation data. 

7. Conclusion 

In summary, in the field of real-time weather forecasting, we have two categories 
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of authors who have proposed weather forecasting systems whose weather fore-
casting models are based on ML. The first category of authors proposes weather 
forecasting systems that do not take into account anomaly management, thus the 
possibility of having anomalies present in the weather observation data. The sec-
ond category offers weather forecasting systems that take into account anomaly 
management. This management is based on the detection and deletion of anom-
alies in real time. This data deletion leads to information loss and data reduction. 
These two categories can result in the inaccuracy of weather forecasting models. 
According to our various results, we first showed that the presence of anomalies 
in weather observation data streams can contribute to the degradation of weather 
forecasting models. We also conducted performance evaluation studies on impu-
tation methods, namely LR, MICE, KNNI, ETR, DTR, and BR. The performance 
of these methods was very conclusive, allowing for high-quality meteorological 
data. Subsequently, the cleaned data were used to perform real-time weather fore-
casting simulations using forecasting models based on MLR, ANN, LSTM, and 
TCN, respectively. We also proposed the architecture of a weather forecasting sys-
tem as well as a real-time anomaly detection and correction algorithm. However, 
although imputation methods contribute to the performance of batch machine 
learning-based weather forecasting models, in the context of real-time weather fore-
casting, these models will not be able to adapt in real-time to new data structures 
related to the chaotic nature of the atmosphere (variations or climate changes) be-
cause the parameters of these models are static. To further improve the accuracy 
of weather forecast data, we propose in our future work an adaptive and evolving 
weather forecast model based on online machine learning that can adapt in real-
time to new structures of weather observation data due to variations or climate 
changes. 
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