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ABSTRACT: This study examines the effectiveness of two statistical methods – the multiplicative Holt-Winters (HW) 
model and the autoregressive (AR) model – in forecasting the costs of economic tasks carried out in the forest districts 
of the Regional Directorate of State Forests in Piła. Historical data on activities such as artificial regeneration, crop care, 
pre-cutting and land reclamation were used, analyzing their seasonality and temporal dynamics. A comparison was made 
between the accuracy of the two models' predictions using MAE and MAPE error measures. The results show that the HW 
model performs better for costs showing regular seasonality, while the AR model proves more effective in forecasting 
variables of a more random nature. The study confirms the applicability of classical time series forecasting methods as 
a tool to support the process of financial planning in forest management, with the need for further optimization and per-
sonalization of models for individual units.  
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Introduction

Conducting sustainable forest management based on the principle of multifunctional forestry 
requires the cooperation of many economic, ecological and social areas (Adamowicz, 2020; Płotkowski 
2004). The main manager of the forests of the State Treasury is the State Forest Holding (PGL LP), 
whose main thrust is to operate on a self-financing covering the costs associated with conducting 
forest management from revenues derived from the sale of timber (Adamowicz, 2010; Paschalis-
Jakubowicz, 2011). The basics for financial self-reliance in PGL LP is the balance sheet of costs and 
revenues (Molińska-Glura & Glura, 2021), the records of which allow control of financial resources. 
Effective financial management in PGL LP administration units requires decision-making in accor-
dance with principles of sustainable management and economic principles (Buraczewski and Grygier, 
2011). From reading studies such as Glura et al. (2012), Sadowska (2022), Adamowicz (2020), 
it appears that the amount of costs incurred by PGL LP depends on many natural as well as market 
factors. Cost forecasting is the basics for making economic decisions, however, this requires matching 
precise forecasting tools (Zhai et al., 2013). The issue of forecasting has been strongly expanded in 
recent years with a number of scientific articles authored by researchers such as Contreras et al. 
(2003), Garcia et al. (2005), Poplawski (2006), Menniti et al. (2012), Wu et al. (2013) and Ejdys al. 
(2015), who have provided forecasts of electricity prices. Mondal et al. (2014) and Du (2018), pre-
sented studies on stock market prediction, McNally et al. (2018) and Chen (2023) referred to bitcoin 
prediction. On the other hand, the prediction of Polish timber market phenomena was deal with by 
Adamowicz and Górna (2020), as well as Górna et al. (2022). Therefore, in the face of changing eco-
nomic and environmental conditions, the use of advanced statistical methods to make predictions 
becomes crucial for optimizing spending and budget planning (Johnston & Buongiorno, 2017; Preste-
mon & Holmes, 2000).

One approach to forecasting costs in forest management is to use time series models, which take 
into account seasonality, trend and random fluctuations in data (Pleños, 2022). Time series methods 
provide good results, requiring moderate data input, which makes them extremely useful in analyz-
ing forest economic issues (Tzanova, 2017). The literature points to the effectiveness of the Holt-Win-
ters (HW) model, which effectively accounts for both trend and seasonality in the data (Gardner, 
1985; Holt, 2004; Winters, 1960). This is confirmed by research on forecasting the cost of silvicul-
tural treatments in forest districts (Czech et al., 2023). The model allows both trend and seasonality 
to be included in the data, which is particularly important in the context of forest management, where 
many processes are cyclical (Suchodolski & Idzik, 2018)

An alternative approach is autoregressive (AR) models, which describe the variability of data 
based on their past values (Tłuczak, 2010). The use of AR models in the analysis of forest dynamics 
has demonstrated their usefulness in modeling natural and economic processes (Rumyantseva et al., 
2019). In the context of timber price forecasting, AR models and their extensions, such as ARIMA, 
SARIMA and SARIMAX, have proven effective in accounting for seasonality and the impact of external 
variables, as confirmed by studies of the timber market in Poland (Górna et al., 2023; Górna et al., 
2022). These models, thanks to their flexibility, also allow for the integration of external variables – 
such as inflation, exchange rate changes or macroeconomic indicators – which makes it possible to 
build more precise forecasts (Banaś & Utnik-Banaś, 2021).

This paper addresses the research problem of assessing the effectiveness of selected forecasting 
methods in estimating the costs of economic tasks performed by the Regional Directorate of State 
Forests in Piła. A significant challenge is to determine which model better reflects actual cost changes, 
taking into account both their seasonality and long-term trends. The aim of the study is to compare 
the effectiveness of the Holt-Winters (HW) multiplicative model and the autoregressive (AR) model 
in forecasting the costs of individual economic tasks. The analysis is based on historical data on the 
costs of the work performed. The author’s intention is to identify the model that provides the highest 
accuracy of forecasts, which may contribute to improving budget planning and more effective man-
agement of public funds in forest management.
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Research methods

The realization of the presented research objective, which is to identify the correctness of the 
selected forecasting methods, was divided into several stages. The first stage of the research was to 
identify information on the unit costs of economic tasks such as early clearing (CW), late clearing 
(CP), silvicultural activities (PIEL.), land reclamation activities (MELIO), artificial restoration activi-
ties (ODN), felling cuts (POZ-felling cuts) and pre-felling cuts (POZ-pre-felling cuts). The data were 
obtained without interfering with forestry work. They were collected from the State Forestry Infor-
mation System (SILP). The scope of the data covered 20 forest districts in the Regional Directorate in 
Pila. 

The next stage of the study was to compile the obtained information into a time series, which 
included data from 2012-2023. The basic planning period in forestry is 10 years, so forecasting mod-
els were created based on a 10-year time series. 

The next step was the selection of prediction methods that, based on the description and litera-
ture review, can be used to make a prediction for the acquired data. 2 prediction methods, the HW 
(Kozicki &Tomaszewski, 2020; Walaś, 2022; Górna et al., 2023) model and the AR (Opaliński & 
Jaromin, 2020; Tłuczak & Szewczyk 2010) model, were adopted for the analysis. Forecasts for 2022 
were made on the basis of a time series covering the years 2012-2021. Forecasts for 2023 were made 
on the basis of a time series covering the period 2012-2022. The years 2022 and 2023 were the ref-
erence years to determine the forecast error. The study was performed using the EXCEL 2019 program. 
A total of 560 forecasts were made.

The multiplicative HW model is the model that was first used in the study. This model is one of 
the prediction methods that uses exponential smoothing in it. Exponential smoothing involves the 
creation of a weighted moving average, the weights of which are determined according to the scheme 
that the older the data on the phenomenon under study, the smaller the value they present for a given 
prediction. Specific formulas were used to build a model for the unit cost of establishing fences:

	
[1] 

𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (1)

yt 	 – actual value of costs in period,
α	 – smoothing parameters in the range,
Ft	 – level in period t,
St	 – trend in period t,
t	 – period number in the time series.

The formula for trend estimation:

	

[1] 
𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (2)

β	 – smoothing parameters in the range,
Ft	 – level in period t,
St	 – trend in period t,
t	 – period number in the time series.

Where α and β are model parameters with values between 0 and 1. The value was determined 
based on minimizing MAE and MAPE errors, i.e., a combination of parameters was selected that 
ensured the best fit of the model to historical data during the training period.

Intermediate forecasts were calculated during model development:.

	

[1] 
𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (3)

yt*	 – forecast for period t.
and actual forecasts:

	

[1] 
𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (4)

where: T= n+1,n+2...
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The following assumption is made: F1=y1 and S1=0 or S1=y2-y1.
The second forecasting method used in the study is AR. The AR method is one of the basic tech-

niques of time series analysis. It is based on the assumption that the future values of a time series can 
be modeled as a linear combination of its past values. After determining the time series of the data 
under study, the lag level to be used for forecasting was artificially determined. Using regression 
analysis, the coefficients needed to determine the model formula with the appropriate lags were 
determined. The lag value was determined based on the best fit of the R-square value and the MAE 
error. 

The following formula was used to determine the forecast: 

	

[1] 
𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (5)

where:
β	 – are regression coefficients,
Lagnt	– values of the time variable shifted one period back.

The choice of delay order was based on two criteria: the value of the coefficient of determination 
and the minimization of the MAE error. The parameters β were estimated using the least squares 
method, in accordance with the standard procedure used in time series analysis. 

In order to verify the accuracy of the obtained forecasts of the costs of economic tasks in RDSF 
Pila, based on the adopted time series, the theoretical quantities were compared with the actual 
quantities. The effectiveness of the forecasts was estimated by calculating MAE (Mean Absolute 
Error) and MAPE (Mean Percentage Error):

	

[1] 
𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (6)

	

[1] 
𝐹𝐹𝑡𝑡 = 𝛼𝛼 ∗ 𝑦𝑦𝑡𝑡 + (1 − 𝛼𝛼) ∗ (𝐹𝐹𝑡𝑡−1 + 𝑆𝑆𝑡𝑡−1),  

 

[2] 
𝑆𝑆𝑡𝑡 = 𝛽𝛽 ∗ (𝐹𝐹𝑡𝑡 + 𝐹𝐹𝑡𝑡−1) + (1 − 𝛽𝛽) ∗ 𝑆𝑆𝑡𝑡−1, 

 

[3] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑡𝑡−1 − 𝑆𝑆𝑡𝑡−1, 

 

[4] 
𝑦𝑦𝑡𝑡

∗ = 𝐹𝐹𝑛𝑛 + (𝑇𝑇 − 𝑛𝑛)𝑆𝑆𝑛𝑛, 
 

[5] 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿1𝑡𝑡 + 𝛽𝛽2 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿2𝑡𝑡 + ⋯ + 𝛽𝛽𝑛𝑛 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝑛𝑛𝑛𝑛 , 

 

[6] 
 𝑀𝑀𝑀𝑀𝑀𝑀: ∆𝑥𝑥 = 𝑥𝑥 − 𝑥𝑥0 , 

 
 [7] 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀: 𝛿𝛿 = 𝑥𝑥−𝑥𝑥0
𝑥𝑥 ∗ 100%. 

 

	 (7)

where: x – real value of costs; x0- projected value of costs.

All calculations were performed using the same procedure for both reference years, which allows 
for the assessment of model stability.

In econometric practice, many methods are used to evaluate models, including assessing the 
acceptability of a forecast. In practice, it is accepted that a model is considered valid when the MAPE 
error is less than 10% (Wysocka-Fijorek, 2020). Based on this statement, the analysis conducted 
adopted this, for the evaluation of the obtained forecasts, in the presented research.

Results 

According to the adopted methodology, the identified costs of forest management, which are CW, 
CP, PIEL, MELIO, ODN , POZ-cutting, POZ-pre-cutting activities on the territory of the Regional Direc-
torate in Piła. In order to verify the correctness of the forecasting model, predictions were made for 
2022 and 2023, where the cost values were reference values. A total of 560 predictions were made. 

The results for 2022 are presented in a way that allows for an unambiguous assessment of the 
effectiveness of the models. First, forecasts meeting the MAPE < 10% criterion are presented, which 
allows us to focus exclusively on methodologically correct forecasts. Based on the survey performed, 
it was found that in 2022, out of 280 survey samples, only 47 (16.79% of the sample) models are 
considered correct, where the MAPE error is below 10% (Tab.1). Differences in forecasts for costs in 
CP, CW, PIEL, MELIO, ODN SZT., POZ – clear-cutting and pre-cutting, using HW and AR. methods 
ranged from 0.11% to 963% in 2022. The largest percentage error of 963% occurred for forest man-
agement drainage activities using the HW model for 2022, while the largest percentage error using 
the AR method was 300% also on drainage activities. Of the 47 model correct predictions, 11 results 
below 10% were made using HW, accounting for 23.40% of correct models, while 36 results below 
10% were made using AR, accounting for 76.60% of correct models. Comparing the AR and HW mod-
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els used, it can be concluded that better results were obtained with the AR model. Comparing the 
predictions in terms of the correctness of the models by forest management activity, the best results 
were obtained by the CP activity, while the worst results were obtained by the POZ-pre-cutting activity.

Table 1. Breakdown of forecast results with MAPE <10% by activities covered for 2022

Action HW research method AR reaserch method Total score

CP 4 8 12

CW 1 6 7

PIEL 8 4 12

MELIO 0 6 6

ODN 1 6 7

POZ – felling cuts 1 2 3

POZ – pre-felling cuts 0 0 0

Summarization by research method 15 32 47

Table 2. 	 Summary of MAPE error results <10% by Forest Districts, forest management activities and forecast 
models for 2022

Forest District CP CW PIEL MELIO ODN POZ FELL-
ING CUTS

POZ PRE-FELL-
ING CUTS

Człopa HW 1

Durowo HR HW 2

Jastrowie AR 1

Kaczory AR AR AR 3

Kalisz Pomorski HW/AR 2

Krucz HW/AR HW/AR AR 5

Krzyż AR AR AR 3

Lipka AR AR AR 3

Mirosławiec AR 1

Okonek HW AR 2

Płytnica AR 1

Podanin AR HW AR AR 4

Potrzebowie AR AR 2

Sarbia AR 1

Trzcianka HW/AR 2

Tuczno AR AR AR 3

Wałcz AR AR HW/AR AR 5

Wronki AR HW 2

Zdrojowa Góra 0

Złotów AR HW AR AR 4

The best forecast results in 2022 were obtained by the Krucz and Walcz Forest Districts. The 
Zdrojowa Gora Forest District did not obtain a forecast with a MAPE error of less than 10% in any 
forest management activity. Analyzing the results obtained, the AR method has quantitatively more 
correct forecasts, compared to the HW method (Table 2).
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Analyzing the results obtained for 2023, out of 280 test samples, 66 models obtained MAPE 
errors of less than 10%, which sums up to 23.57% of the sample, which means greater stability (Table 
3). Of the sum of 66 acceptable forecast items, 27.27% were made with the HW model, while 72.72% 
were made with the AR method. Forecast differences for the costs of CP, CW, PIEL, MELIO, ODN SZT., 
POZ – clear-cutting and pre-cutting, using the HW and AR methods ranged from 0.06% to 1040% in 
the year 2023. The largest percentage error of 1040% occurred for forest management land reclama-
tion activities using the HW model, while the largest percentage error using the AR method was 
426% also on land reclamation activities.

Table 3. Distribution of forecast results with MAPE <10% by activities covered for 2023

Action HW research method AR reaserch method Total score

CP 3 6 9

CW 3 11 14

PIEL 5 7 12

MELIO 4 7 11

ODN 2 4 6

POZ – felling cuts 1 2 4

POZ – pre-felling cuts 0 10 10

Summarization by research method 18 48 66

Table 4. 	 Summary of MAPE error results <10% by Forest Districts, forest management activities and forecast 
models for 2023

Forest District CP CW PIEL MELIO ODN POZ FELL-
ING CUTS

POZ PRE- 
FELLING CUTS

Człopa HW/AR AR AR 4

Durowo AR HW AR 3

Jastrowie AR AR 2

Kaczory AR AR 2

Kalisz Pomorski HW/AR AR 3

Krucz AR AR 2

Krzyż AR HW/AR HW AR 5

Lipka AR HW/AR AR 4

Mirosławiec 0

Okonek AR AR AR AR 4

Płytnica AR HW 2

Podanin HW/AR AR 3

Potrzebowie HW/AR AR 3

Sarbia AR HW/AR AR 4

Trzcianka AR HW/AR AR AR 5

Tuczno HW AR HW/AR AR 5

Wałcz AR HW/AR AR 4

Wronki HW AR 2

Zdrojowa Góra HW AR AR AR 4

Złotów HW/AR HW/AR AR 5
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The best forecast results in 2023 were obtained by the Krzyz, Trzcianka, Tuczno, and Zlotow 
Forest Districts, while the Miroslawiec Forest District did not obtain any correct forecast (Tab.4). In 
2023, the best-matched forecast included CW activity, the worst-matched POZ-cutting pre-felling 
activity.

Discusion 

Forecasting is one of the most important management skills in the current era (Górna & Adamo
wicz, 2020). With properly adjusted forecasting models (Żurowska, 2005), economic decision-mak-
ing will be subject to less uncertainty (Sobczyk, 2008). 

When interpreting the results obtained, it is worth emphasizing that references to time series 
properties, such as seasonality, trend structure, or degree of random variability, directly relate to the 
observed characteristics of the analyzed cost data. They do not constitute a separate analysis beyond 
the scope of the study, but are part of the interpretation of the effectiveness of the HW and AR models 
used in this article. These models respond differently to specific data properties, which explains the 
variation in forecast accuracy between categories of economic activity (Hyndman & Athanasopoulos, 
2018).

The differences in the results obtained for individual forest districts are not solely due to meth-
odological issues. To a large extent, they reflect the actual diversity of the scope of work performed in 
subsequent years, local habitat conditions, labor costs, and the organization of individual tasks (Sad-
owska, 2022; Adamowicz, 2020). These factors affect the size and variability of costs, and thus the 
degree of difficulty in forecasting using classical time series models. The variation in results should 
therefore be treated as the effect of natural differences between State Forest units, rather than as 
a consequence of methodological irregularities (Banaś & Utnik-Banaś, 2021).

The results of the statistical analyses showed that both the HW and AR models are practically 
applicable in forecasting the costs of economic tasks carried out in the structures of the State Forests. 
However, the accuracy of the forecasts significantly depended on the characteristics of the costs and 
their distribution over time, which is consistent with previous findings in the literature (Hyndman & 
Koehler, 2006). 

The HW model, using exponential smoothing with trend and seasonality factors, has proven par-
ticularly effective in forecasting costs that exhibit pronounced seasonal fluctuations, such as artificial 
restoration (ODN SZT), silvicultural tending (PIEL), and clear-cutting. Similar observations were 
included in the study of Czech et al. (2023), where the HW model was successfully used to forecast 
the costs of silvicultural treatments. It was indicated there that seasonality in the data resulting from 
the rhythmicity of natural and budgetary cycles significantly increases the effectiveness of the mod-
el’s predictions.

The AR model, on the other hand, was better at predicting variables whose course was not char-
acterized by seasonal regularity, but more random fluctuation – such as the cost of timber harvesting 
(POZ) in some forest districts. Similar conclusions were made by Rumyantseva et al. (2019), who 
used autoregressive models to model complex variables, such as biomass dynamics in forests, where 
inter-period relationships were more chaotic than cyclical.

One of the interesting observations of the study performed was the significant difference in fore-
cast accuracy between forest districts. Citing the example of Jastrowie Forest District, where the 
MAPE error for PIEL exceeded 70%, while in Człopa Forest District it was below 5%. This may indi-
cate a significant influence of local economic conditions, which is also confirmed by Banaś & Utnik-Ba-
naś (2021) who emphasize the importance of considering exogenous factors in forestry cost mode-
ling.

However, the use of classical forecasting models, such as HW and AR, can be a starting point for 
further optimization and implementation of more complex models, such as SARIMA, neural networks 
(e.g., LSTM) or hybrid models (Zhang, 2003). However, in the context of organizations such as the 
Regional Directorate of Forestry State Forests, the implementation of more advanced analytical tools 
requires ensuring an adequate level of digitization of data and information systems.
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Conclusions

The effectiveness of the forecasting models varied across cost categories and forest districts. 
Based on the MAE and MAPE error analysis, both the HW and AR models demonstrated different 
levels of accuracy depending on the characteristics of the data. In some categories, such as PIEL and 
MELIO, the HW model provided better alignment, although this was not consistent across all forest 
districts.

The HW model showed greater stability when the cost data exhibited clear seasonal patterns. 
In categories such as artificial regeneration (ODN SZT) and certain pre-cutting tasks, the model gen-
erated lower MAPE values, indicating that it is more effective when seasonality is well captured in the 
underlying data.

The AR model performed better in situations characterised by more irregular and non-seasonal 
variation. In categories where no clear trends or seasonal fluctuations were observed, AR tended to 
produce more precise forecasts than HW, particularly in cases involving shorter time series or higher 
variability in cost levels.

The presence of high MAPE values in several cases highlights the need for further model refine-
ment. In some forest districts—such as Jastrowie and Durowo—the MAPE levels for selected catego-
ries exceeded thresholds commonly considered acceptable in the literature, suggesting that more 
advanced forecasting approaches (e.g., SARIMA, hybrid models or machine-learning-based tech-
niques) may be warranted.

Although the analysed models have limitations, they can offer supportive insights for budgeting 
and planning. When interpreted with appropriate caution, the cost forecasts may serve as an addi-
tional tool in resource allocation, budget preparation and financial risk assessment, complementing 
existing planning practices rather than replacing them.
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PROGNOZOWANIE KOSZTÓW ZADAŃ GOSPODARCZYCH 
W REGIONALNEJ DYREKCJI LASÓW PAŃSTWOWYCH W PILE

STRESZCZENIE: Celem niniejszej pracy było zbadanie skuteczności dwóch metod statystycznych – multiplikatywnego 
modelu Holta-Wintersa (HW) oraz modelu autoregresyjnego (AR) – w prognozowaniu kosztów zadań gospodarczych 
realizowanych w nadleśnictwach Regionalnej Dyrekcji Lasów Państwowych w Pile. Wykorzystano dane historyczne doty-
czące m.in. odnowień sztucznych, pielęgnacji upraw, cięć przedrębnych oraz melioracji, analizując ich sezonowość 
i  dynamikę czasową. Dokonano porównania dokładności prognoz obu modeli przy użyciu miar błędu MAE i MAPE.  
Uzyskane wyniki wskazują, że model HW lepiej sprawdza się w przypadku kosztów wykazujących regularną sezonowość, 
natomiast model AR okazuje się skuteczniejszy w prognozowaniu zmiennych o bardziej losowym charakterze. Zróżnico-
wanie dokładności między nadleśnictwami potwierdza wpływ lokalnych uwarunkowań na jakość prognoz. Przeprowa-
dzone badania potwierdzają możliwość zastosowania klasycznych metod prognozowania szeregów czasowych jako 
narzędzia wspierającego proces planowania finansowego w gospodarce leśnej, przy jednoczesnej potrzebie dalszej opty-
malizacji i personalizacji modeli dla poszczególnych jednostek.

SŁOWA KLUCZOWE: prognoza, koszty, Holt-Winters, Autoregresja, leśnictwo


