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The agricultural sector in developing countries is highly susceptible to significant losses 

due to weather variability and seasonal risks. Existing premium calculation methods often 

rely on homogeneous risk assumptions, which fail to account for claim patterns that are 
highly dependent on agricultural seasonality. This limitation often leads to mispriced 

premiums, deterring farmer participation in crucial insurance schemes. To address this, 

our study proposes and analyzes a compound cyclic Poisson model designed to estimate 

agricultural insurance premiums under weather-dependent shocks. The model explicitly 
integrates seasonal variations in claim frequency and severity, aligning premium 

calculation with actual agricultural risk profiles. Our approach uses a quantitative, 

stochastic modeling method based on a compound cyclic Poisson process, which effectively 

captures cyclical claim patterns that correspond with planting and harvesting seasons. As 
a case study, the research was conducted in South Sulawesi province, an ideal 

representation of an agrarian region with high weather risk intensity. The weather index 

used in this study combines rainfall and temperature indicators to better represent climate-

induced risks. Through simulations, we found that the insurance premium, derived from our 
model, ranges from IDR 36,796 during low weather index conditions to IDR 328,713 during 

high weather index conditions, approximately 20-80% below the fixed AUTP market 

premium of IDR 180,000. This flexible pricing range allows farmers to choose the most 

suitable policy for their risk level and empowers insurance companies to set fair and 
financially sustainable premiums, ultimately encouraging broader participation in 

agricultural insurance. The originality of this study lies in the integration of a compound 

cyclic Poisson process to model seasonal claim dynamics in agricultural insurance. This 

approach contributes to the literature by providing a stochastic framework that bridges 
theoretical modelling and practical premium calibration under real world weather 

variability. 
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1. INTRODUCTION 

Agricultural sectors in developing countries are highly vulnerable to substantial losses caused by 

weather variability and seasonal risks, including droughts, floods, and pest outbreaks, which directly affect 

crop yields and farmers’ incomes [1]. The unpredictable nature of weather exacerbates economic 

uncertainty, making an accurately priced agricultural insurance system essential for risk mitigation [2]. 

However, traditional premium setting methods often fail to capture recurring seasonal risk patterns, leading 

to premiums that do not fully reflect the actual risk exposure [3]. Over the past two decades, literature 

studies on agricultural insurance have highlighted significant progress in developing innovative approaches 

to enhance farmers’ resilience. These studies demonstrate that risk management and climate change 

adaptation have become central themes in agricultural research [4], reflecting the increasing urgency to 

address climate-induced threats to food security and rural livelihoods. 

Most existing premium calculation methods assume homogeneous risk, where the claim intensity is 

considered constant over time [5]. In the context of agricultural risk management in Indonesia, the Asuransi 

Usaha Tani Padi (AUTP) program, launched in 2015 as part of the government’s farmer protection policy, 

adopts a uniform coverage and premium structure that does not account for spatial or seasonal variation in 

risk [6]. While the fixed coverage, flat rate premium structure of AUTP ensures simplicity and broad 

accessibility, it contrasts sharply with variable premium schemes and index-based insurance approaches 

widely adopted in other agricultural insurance programs globally. In a variable premium system, the 

premium is adjusted based on quantifiable risk factors such as historical yield variability, local climatic 

conditions, and hazard frequency, ensuring that farmers in high-risk areas pay higher premiums while those 

in low-risk zones pay less [7]. This tailoring of premiums can improve financial sustainability for insurers 

while providing fairer cost distribution among farmers. 

In the agricultural context, claim intensity is strongly influenced by planting and harvesting cycles 

[8]. Recent studies emphasize that stochastic models are powerful tools for capturing uncertainty in 

dynamic systems [9]. This insight is highly relevant to agricultural insurance, where weather risks 

inherently follow stochastic and seasonal patterns. Consequently, adopting a stochastic modeling approach 

that incorporates seasonal fluctuations is essential to ensure that premiums are not only accurate in 

reflecting true risk exposure but also equitable for farmers [10]. The compound Poisson model has long 

been employed in actuarial science to jointly model claim frequency and claim severity [11]. This flexibility 

makes the compound Poisson framework highly suitable for agricultural insurance, where losses are 

heterogeneous and vary considerably across seasons and locations. The main limitations of homogeneous 

Poisson models are their inability to represent claim patterns that are highly dependent on agricultural 

seasonality [8]. This limitation often results in mispriced premiums, which in turn can discourage farmer 

participants in agricultural insurance schemes [1]. Without appropriately reflecting seasonal variability, 

premium schemes may either overcharge low-risk farmers or underfund the pool for high-risk periods. 

Further developments have introduced the cyclic Poisson process, in which claim intensity varies as a cyclic 

function of time, such as annual or seasonal cycles [12]. This extension is particularly relevant for 

agricultural insurance, as crop loss risks typically peak during certain stages of the planting and harvesting 

cycle. By adopting a nonhomogeneous Poisson process with cyclic intensity, it is possible to construct a 

more realistic risk representation compared to homogeneous assumptions [13]. 

Several recent studies have sought to integrate the compound and cyclic Poisson structures to capture 

seasonal dependencies in claim data [14]. Such integration enables more precise premium estimation by 

jointly considering seasonal variation in claim frequency and the variability in claim amounts [15]. Building 

on this, the cyclic Poisson process introduces time-varying claim intensity following seasonal patterns 

highly relevant for agriculture, where loss risks peak during certain crop stages. Combining compound and 

cyclic Poisson structures enables more accurate premium estimation by accounting for both seasonal 

frequency variation and claim severity variability. Despite extensive applications in actuarial science, 

particularly in life [16], health [17], motor [18], and property insurance [5], few studies have integrated 

compound cyclic Poisson models into agricultural premium pricing frameworks. This gap presents an 

opportunity for methodological innovation tailored to agricultural risk, especially under increasing climate 

variability. By integrating weather index parameters such as weather anomalies and planting and harvesting 

cycles into the intensity function, premiums can better reflect localized and seasonal risks, improving 

actuarial fairness and financial sustainability. 
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The purpose of this study is to formulate and analyze a compound cyclic Poisson model for 

estimating agricultural insurance premiums under weather-dependent shocks. The model explicitly 

incorporates seasonal variation in claim frequency and severity, aligning premium calculation with actual 

agricultural risk profiles. The key contributions of this study are twofold. First, it introduces a stochastic 

framework that captures the temporal dynamics of weather-related agricultural risk with greater fidelity 

than traditional models [19]. Second, it demonstrates the implications of this approach for equitable 

premium setting in agricultural insurance, with potential benefits for insurers, policymakers, and farming 

communities in developing regions. Unlike the standard Poisson model, which assumes a constant event 

intensity over time, the compound cyclic Poisson model accounts for the periodic nature of paddy 

cultivation, where planting and harvesting cycles coincide with seasonal weather patterns, thereby 

providing a more realistic representation of loss occurrence and improving premium accuracy. The results 

are expected to inform the design of sustainable risk transfer mechanisms that support agricultural resilience 

and rural livelihoods. 

2. RESEARCH METHODS 

2.1 Research Data and Variables 

This study utilizes two primary categories of data, namely weather index data and production loss data. 

The climate-related data are secondary in nature, obtained from the Meteorology, Climatology, and 

Geophysical Agency (BMKG) and the European Center for Medium-Range Weather Forecasts (ECMWF). 

The dataset covers climate conditions in South Sulawesi Province recorded over the past ten years. The data 

are essential for qualifying seasonal weather variability and identifying anomalies in climate patterns that 

significantly affect agricultural yield. Accurate weather indices derived from credible meteorological sources 

are crucial for stochastic premium estimation models [20]. Paddy production data are sourced from the BPS-

Statistics Indonesia and complemented by field surveys to estimate the financial impact of crop failure. These 

estimates are critical for calibrating the model’s loss parameters. Reliable loss measurement is a prerequisite 

for deriving stable and unbiased premium estimators in index-based agricultural insurance [21].  

The compound cyclic Poisson stochastic model is employed to capture the periodic and random nature 

of agricultural losses caused by seasonal weather variability. In this model, the occurrence of loss events is 

assumed to follow a Poisson process whose intensity varies cyclically with time, reflecting seasonal climatic 

fluctuations. The aggregate loss 𝑋𝑖  in each period is modeled as the sum of random claim amounts associated 

with each weather event, expressed as Eq. (1). 

 

𝑋𝑖 = ∑ 𝑌𝑡

𝑁𝑖

𝑖=1

, (1) 

where 𝑁𝑖 follows a periodic Poisson distribution and 𝑌𝑡 represents the individual loss magnitude. The 

expected value and variance of 𝑋𝑖 are then derived to estimate the fair premium. The variables employed in 

this study are presented in Table 1, which outlines the key parameter and their respective descriptions. 

Table 1. Variable Descriptions 

Variable Unit 

𝒌(𝒕,𝝉) Weather index mm/day 

𝝉 Paddy crop cycle duration day 

𝒕𝒓 Beginning of the cropping season day 

𝑿𝒊 Extent of the loss IDR/ton 

𝜶 Safety factors % 

The methodological process proceeds in several key stages: 

1. Data preprocessing, where climate and yield data are cleaned, standardized, and synchronized over 

the same temporal range. 
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2. Weather index construction, which involves deriving rainfall, temperature, and sunshine duration 

indices to quantify climate risk exposure. 

3. Model calibration, where parameters such as claim intensity 𝚲̂𝒏(𝒕𝒓), complementary risk intensity 

𝚲̂𝒏
𝒄
(𝒕𝒓), and mean loss per claim 𝝁̂𝒏 are estimated using historical data. 

4. Simulation of expected claim and variance, where the final index-based premium is computed. 

2.2 Model Formulation 

The stochastic model employed in this research is rooted in the theoretical foundation established by 

studies on the asymptotic distribution of estimators for expectation and variance functions within the 

compound cyclic Poisson process [22], [23]. Building on this foundation, the model is further adapted to 

capture seasonal agriculture risks. The model parameters are defined as the expected value of claims 𝜓̂𝑛(𝑡), 

which represents the estimated average loss that farmers might experience, while the variance of claims 𝑉̂𝑛(𝑡), 

describes the uncertainty of this estimation due to fluctuations in weather and the volatility of unhusked dry 

grain prices. The expected value of claims is analyzed using Eq. (2). 

𝜓̂𝑛(𝑡) = ((1 + 𝑘𝑡,𝜏)Λ̂𝑛(𝑡𝑟) + 𝑘𝑡,𝜏Λ̂𝑛
𝑐
(𝑡𝑟)) 𝜇̂𝑛, (2) 

whereas the variance of claims is analyzed using Eq. (3). 

𝑉̂𝑛(𝑡) = ((1 + 𝑘𝑡,𝜏)Λ̂𝑛(𝑡𝑟) + 𝑘𝑡,𝜏Λ̂𝑛
𝑐
(𝑡𝑟)) 𝜇̂2,𝑛, (3) 

where 

Λ̂𝑛(𝑡𝑟) =
1

𝑘𝑛,𝜏
∑ 𝑁([𝑘𝜏,  𝑘𝜏 + 𝑡𝑟])

𝑘𝑛,𝜏−1

𝑘=0

, (4) 

Λ̂𝑛
𝑐
(𝑡𝑟) =

1

𝑘𝑛,𝜏
∑ 𝑁([𝑘𝜏 + 𝑡𝑟 , 𝑘𝜏 + 𝜏])

𝑘𝑛,𝜏−1

𝑘=0

, (5) 

𝜇̂𝑛 =
1

𝑁([0, 𝑛])
∑ 𝑋𝑖

𝑁([0,𝑛])

𝑖=1
, (6) 

𝜇̂2,𝑛 =
1

𝑁([0, 𝑛])
∑ 𝑋𝑖

2
𝑁([0,𝑛])

𝑖=1
. (7) 

Here, Eq. (4) represents the primary risk claim intensity, while Eq. (5) represents the complementary 

risk claim intensity. Then Eq. (6) represents the average farmer’s loss, while Eq. (7) represents the variance 

of the farmer’s loss. This structure draws from the premium modeling approach that integrates periodicity 

into compound Poisson models, yielding a more accurate representation of seasonal claim patterns [24]. 

Furthermore, incorporating weather index parameters directly into premium calculations improves 

responsiveness to extreme climate events [25]. Following the estimation of claim intensities and loss 

components described in Eqs. (4)-(7), additional equations are introduced to capture the correlation structure, 

the relationship between weather indices and potential losses, the computation of cumulative weather 

variables, and the final premium estimation.  

To assess the influence of weather on paddy yields, Pearson correlation coefficients were computed 

between annual paddy production (𝑃) band three primary climate variables: temperature (𝑇), rainfall (𝑅), 

and sunshine duration (𝑆). The formula is expressed as Eq. (8). 

𝜌𝑋,𝑌 =
𝐶𝑜𝑣(𝑋, 𝑌)

𝜎𝑋𝜎𝑌
. (8) 

The results indicate that: 

𝜌𝑇,𝑌 = correlation between annual paddy production (q/ha) and max temperature (°𝐶), 

𝜌𝑅,𝑌 = correlation between annual paddy production (q/ha) and average rainfall during growing season (mm),  

𝜌𝑆,𝑌 = correlation between annual paddy production (q/ha) and mean sunshine duration (hours/day). 

These relationships provide a quantitative basis for designing index-based insurance models. 
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The simulation of index-based insurance premiums in this study begins with the weather index data 

𝑘𝑡,𝜏, which serves as the primary driver of potential losses. To establish a realistic link between climate 

conditions and financial damages, we assume that higher values of the weather index correspond to larger 

potential losses. The relationship is expressed in a linear form as Eq. (9). 

 𝑋𝑖 = 𝛽 ∙ 𝑘𝑡,𝜏 + 𝜀𝑖, (9) 

where 𝛽 > 0 is a scaling parameter that translates the weather index into economic losses and 𝜀𝑖~𝑁(0,5) 

represents normally distributed random noise capturing natural variability. For the baseline simulation, we 

set 𝛽 = 10, meaning that every one unit increase in the weather index adds, on average, 10 units of loss. The 

selection of 𝛽 = 10 is based on an empirical calibration approach rather than an arbitrary assumption. This 

value was determined by considering the proportional relationship between variation in the weather index 

𝑘𝑡,𝜏 and the average actual loss experienced by farmers 𝑋𝑖. Specifically, since the weather index in the dataset 

ranges approximately from 0 to 200 and the maximum observed or assumed economic loss reaches around 

IDR 6 million per hectare, the ratio of loss change to weather index change is roughly consistent with the 

chosen scaling factor. Thus, setting 𝛽 = 10 ensures that the model reflects a realistic elasticity of loss relative 

to weather fluctuations and allows the simulated premiums to align closely with actual market premiums. 

 Since losses cannot be negative, all simulated values 𝑋𝑖 are truncated at zero. To accurately assess the 

total moisture availability during a specific growing season, we aggregated the daily weather data over a 

period of 𝜏 days. The cumulative weather for the entire crop cycle was then calculated using Eq. (10). 

 𝑘𝑡,𝜏 =
1

𝜏
∑ 𝐶𝐻(𝑖)

𝑡𝑟+𝜏

𝑖=𝑡𝑟

. (10) 

This process involves summing the daily weather amounts, represented by 𝐶𝐻(𝑖), from the start of the 

reference period (𝑡𝑟) to the end 𝑡𝑟 + 𝜏. The sum is then divided by the total number of days in the cycle 𝜏 to 

derive the average weather 𝑘𝑡,𝜏. This metric provides a crucial indicator of the total water supply available to 

the crop throughout its lifecycle, offering a robust basis for evaluating agricultural outcomes under 

hydrological conditions. 

The next step is to compute the statistical properties of these simulated losses. The mean loss in Eq. 

(6) and the mean squared loss in Eq. (7) are calculated as fundamental descriptors of the distribution. These 

statistics allow us to estimate the expected value of claims, 𝜓̂𝑛(𝑡), using the formulation of Eq. (2). At the 

same time, the variability of claims is quantified by the variance, 𝑉̂𝑛(𝑡), derived from Eq. (3). These two 

quantities together describe both the average magnitude and the uncertainty of potential payouts. 

With these values in hand, the insurance premium is determined according to the principle of risk 

loading. Specifically, the premium is given by Eq. (11). 

 𝜋𝑛(𝑡) = 𝜓̂𝑛(𝑡) + 𝛼√𝑉̂𝑛(𝑡), (11) 

where the safety loading factor 𝛼 is set at 1%. In this formulation, the premium equals the expected claim 

plus a small margin proportional to the standard deviation of claims, ensuring coverage for both average and 

extreme outcomes. To further refine the analysis, claim intensity is calculated for different categories of risks.  

Eqs. (3) and (4) are estimated over the time window 𝜏 = 90 − 130 days (according to the paddy planting 

cycle), with the baseline period set to 𝑡𝑟 = 0. These intensities reflect the likelihood of adverse events 

occurring within critical stages of the agricultural season, thereby anchoring the simulated losses to realistic 

agronomic time horizons. 

Altogether, this simulation framework integrates climate indices with stochastic loss modelling and 

actuarial premium calculation. By combining observed weather data, a linear climate-loss relationship, and 

formal insurance pricing formulas, the method produces a dynamic and transparent estimate of index 

insurance premiums. This allows for an intuitive mapping of how premiums adjust in response to varying 

weather patterns while maintaining statistical rigor and actuarial soundness. 
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2.3 Analytic Properties 

The analytical assessment of the model includes: 

1. Unbiasedness, ensuring that the expected claim estimator 𝜓̂𝑛(𝑡) is not systematically over or 

underestimated. Bias in premium estimators can lead to systemic mispricing, particularly in 

agricultural insurance contexts [20]. 

2. Estimator consistency verifying that parameter estimates converge to their true values as the sample 

size grows, following standard asymptotic properties of stochastic estimators. 

3. Parameter sensitivity analysis evaluating how variations in 𝑘𝑡,𝜏, 𝜇̂𝑛, 𝜇̂2,𝑛, and 𝛼 affect the premium 

outcome. Sensitivity analysis of premium models to index parameters provides insight into their 

robustness under volatile climate conditions [25]. 

3. RESULTS AND DISCUSSION 

3.1 Historical Climate Pattern Analysis 

We begin by analysing daily historical data from January 1, 2015, to July 31, 2025, covering 

temperature, rainfall, and sunshine duration. The time series reveals multiple extreme weather points where 

rainfall exceeded 100 mm/day, indicating potential flooding events, daily average temperature spiked above 

seasonal norms, raising crop stress levels, and sunshine duration surpassed 11 hours/day, which, combined 

with high temperatures, can accelerate evapotranspiration and trigger drought conditions. A preliminary 

visual inspection of the rainfall data shows seasonal patterns interspersed with extreme spikes. These events 

represent high-risk periods for paddy farmers due to significant yield losses. 

To quantify these risks, the compound cyclic Poisson stochastic model is employed to simulate the 

stochastic behaviour of weather-induced losses over time. In this framework, weather-related loss 

occurrences are modelled as a cyclic Poisson process, where the event frequency 𝑁𝑖 follows a Poisson 

distribution with a time-varying rate that captures seasonal fluctuations in weather risk. The total loss during 

each period is expressed as the sum of individual random losses associated with each event in Eq. (1). 
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   (c) 

Figure 1. (a) Maximum Daily Temperature (°C), (b) Daily Rainfall (mm), (c) Daily Sunshine Duration (hours) 

Pattern from January 01, 2015, to July 31, 2025, in South Sulawesi Province 

Data source: Meteorology, Climatology, and Geophysical Agency (BMKG) and European Centre for Medium Range 

Weather Forecasts (ECMWF), with visualization generated using the R application 

Fig. 1 shows a distinct seasonal cycle with several extreme weather events identified from the dataset. 

High temperature episodes surpassing the physiological threshold for paddy growth can lead to reduced 

panicle formation and grain filling. Heavy rainfall events occur on days with precipitation exceeding 100 

mm/day, which are likely to cause flooding and submergence of paddy fields. Excessive sunshine duration 

occurs on days with more than 8 hours/day of sunshine during the dry season, which can accelerate 

evapotranspiration and trigger drought stress. 

3.2 Correlation Between Weather Variables and Paddy Production 

To quantitatively assess the impact of these climatic variables on paddy production, a Pearson 

correlation analysis was conducted. This analysis paired monthly average data for rainfall, temperature, and 

sunshine duration with corresponding paddy yields quintal per hectare (q/ha) from 2018 to 2024. To 

accurately capture the temporal influence of climate on crop growth, the climatic data were lagged by one 

period, meaning the weather metrics preceding the harvest were correlated with the final production data. 

Table 2. Correlation between Climate Variables and Paddy Production 

Climate Variable Correlation Coefficient 

Maximum temperature - 0.3878711 

Rainfall - 0.70013761 

Sunshine duration - 0.6287436 

The correlation coefficients presented in Table 2 are used to quantify the degree of dependence between 

climatic variables and paddy productivity, which directly informs the determination of agricultural insurance 

premiums. These correlations are incorporated into the stochastic loss function of the compound cyclic 

Poisson model to calibrate the sensitive parameter 𝛽, which links weather indices to expected financial losses. 

Thus, the correlation analysis serves as the foundation for translating climate variability into measurable 

financial risk, ensuring that the calculated premiums accurately reflect real-world agricultural vulnerability. 

Based on the results, the correlation analysis reveals a significant relationship between climatic variables and 

paddy productivity. A negative correlation between them suggests that excessive climate variable during 

critical growth stages reduces yields. Rainfall showed a strong negative correlation with paddy productivity 

(𝑟 = −0.70013761). This indicates that the excessive rainfall is consistently associated with a decrease in 

harvest yields. This can be attributed to several factors, such as an increased risk of flooding, physical damage 

to crops, and a higher prevalence of pests and diseases that thrive in high-humidity conditions. Interestingly, 

sunshine duration also demonstrated a significant negative correlation with paddy productivity (𝑟 =
−0.6287436). While sunshine is crucial for photosynthesis, this finding suggests that an excessive duration 

of sunshine, especially without sufficient rainfall, can lead to drought conditions. Drought severely disrupts 

the water supply, a critical factor for paddy growth. Therefore, both too little and too much water, either from 

insufficient rain or from extreme heat, are detrimental to paddy productivity. Meanwhile, temperature did not 

show a strong correlation with paddy productivity (𝑟 = −0.3878711), suggesting its influence might be less 
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significant than that of rainfall and sunshine duration, or that the temperature in the region remained within 

the optimal range for the crop. 

The correlation results build the empirical foundation for designing weather-indexed insurance in 

which payouts are triggered by the derivation of 𝑅, 𝑇, or 𝑆 beyond optimal thresholds. These findings suggest 

that there is an optimal point for both climatic variables. Paddy yields are maximized when rainfall and 

duration are at balanced levels, rather than at either extreme, too wet or too dry. The results confirm that both 

recessive rainfall and prolonged dry spells exert a significant adverse effect on production. This aligns with 

literature that identifies hydrometeorological extremes as key determinants of agricultural loss. 

3.3 Index-Based Premium Calculation 

The results of the agricultural insurance claim simulation based on the weather index can be seen in 

Fig. 2, which illustrates the distribution of actual losses 𝑋𝑖, expected claims 𝜓̂𝑛(𝑡), and standard deviations 

√𝑉̂𝑛(𝑡). 

 
Figure 2. Histogram of Simulated Claims 

Source: Author’s own simulation results using R application (2025) 

The histogram in Fig. 2 shows that actual losses 𝑋𝑖 are relatively small and increase gradually as the 

number of simulated claims grows. In contrast, the expected claim values are higher than the actual losses, 

indicating that the premium model provides a conservative estimate to ensure greater protection for farmers. 

Meanwhile, the standard deviation of claims exhibits significant fluctuations with sharp spikes at certain 

points, reflecting high uncertainty or volatility caused by potential extreme weather events. 

The premium is calculated by applying Eq. (11) within this mathematical model. However, the 𝜋𝑛(𝑡) 

value derived from this simulation is a model loss expressed in abstract mathematical units, not in real 

currency. To make this result relevant to market conditions, the premium must be calibrated to an IDR value. 

This calibration process is done using Eq. (12), 

 𝑐𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 =
𝑚𝑎𝑟𝑘𝑒𝑡 𝑝𝑟𝑒𝑚𝑖𝑢𝑚 (𝐼𝐷𝑅)

𝑚𝑜𝑑𝑒𝑙 𝑝𝑟𝑒𝑚𝑖𝑢𝑚 (𝑢𝑛𝑖𝑡𝑠)
. (12) 

This factor acts as a bridge, connecting the model’s theoretical results with a price that can be applied 

in the real market. Based on the AUTP scheme, the established market premium is IDR 180,000/ha/planting 

cycle (without government subsidies), with a benefit value of IDR 6,000,000/ha/claim. The numerical 

simulation results are shown in Table 3.  

Table 3. Premium Estimates by Calibration Factor and Risk Level 

Loss 𝑿𝒊 𝝍̂𝒏(𝒕) 𝑽̂𝒏(𝒕) 𝝅𝒏(𝒕) (units) Premium (IDR) 

0.77531 4.93327 30.6921 4.98867 36,796 

0.87792 4.93327 30.6921 4.98867 36,796 

⋮ ⋮ ⋮ ⋮ ⋮ 

1.25601 4.93327 30.6921 4.98867 36,796 

2.45819 9.86653 61.3842 9.94488 73,353 
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Loss 𝑿𝒊 𝝍̂𝒏(𝒕) 𝑽̂𝒏(𝒕) 𝝅𝒏(𝒕) (units) Premium (IDR) 

3.94132 14.7998 92.0763 14.8958 109,870 

4.86127 19.7331 122.768 19.8437 146,367 

6.49263 24.5996 153.460 24.7902 182,851 

7.47795 29.5996 184.153 29.7353 219,326 

8.46191 34.5329 214.845 34.6794 255,793 

9.98815 39.4661 245.537 39.6228 292,255 

11.0082 44.3994 276.229 44.5656 328,713 

This mathematical framework in Table 3 ensures that the premium is endogenously linked to climate 

variability. As the weather index increases, the model predicts higher potential losses due to excessive or 

insufficient rainfall, which are major determinants of paddy yield reduction. Consequently, the premium rises 

sharply under adverse weather conditions to compensate for higher expected payouts, while remaining 

relatively low when the weather is within favorable ranges. From an economic perspective, the premium’s 

variability mirrors the risk exposure faced by farmers. At low indices, with favorable weather, the premium 

is modest ≈ IDR 36,796, or about 20% of the current market premium AUTP, indicating minimal risk of 

loss. However, under extreme rainfall scenarios corresponding to high weather indices, the premium escalates 

beyond IDR 328,713, which is around 182% of the AUTP rate, signaling substantial potential crop damage 

and the need for greater financial protection. This comparison underscores that the proposed model not only 

reflects the dynamic relationship between climate risk and insurance pricing but also provides a flexible and 

risk-responsive alternative to the fixed rate structure of existing agricultural insurance schemes. 

The simulation results demonstrate a clear divergence in premium values between high and low 

seasonal risk scenarios, represented by variations in the seasonal index parameter 𝑘𝑡,𝜏. Under high-risk 

conditions where the seasonal index reflects elevated weather variability and a higher probability of extreme 

weather events, the model produced premium estimates higher than in low-risk conditions. This sensitivity 

aligns with designing a dynamic pricing scheme that responds directly to seasonal climate signals rather than 

applying uniform rates. The simulations also confirmed that as 𝑘𝑡,𝜏 approaches its lower bound (indicative of 

stable weather patterns), the model converges to premiums close to those of flat rate schemes, thereby 

maintaining competitiveness during low-risk seasons. 

4. CONCLUSION 

The simulation shows that the weather index insurance premium, derived from the model  𝑋𝑖 = 𝛽 ∙

𝑘𝑡,𝜏 + 𝜀𝑖; 𝜋𝑛(𝑡) = 𝜓̂𝑛(𝑡) + 𝛼√𝑉̂𝑛(𝑡) ranges from  IDR 36,796 under low weather index conditions to IDR 

328,713 under high weather index conditions. These values are strongly influenced by the calibration 

coefficient 𝛽 = 10, which empirically represents the sensitivity of farmers’ losses to changes in the weather 

index. Each one unit increase in the index corresponds to an average rise of ten units in potential loss, 

reflecting the proportional impact of adverse weather on paddy yields. This variation emerges directly from 

the model’s mathematical structure, where losses 𝑋𝑖 are expressed as a linear function of the weather index 

𝑘𝑡,𝜏, scaled by a sensitivity parameter 𝛽, and adjusted by stochastic noise 𝜀𝑖~𝑁(0, 𝜎2) that captures natural 

uncertainty. Compared to the fixed market premium of IDR 180,000 per season, the model generates lower 

premiums under favorable weather, indicating underpricing relative to the market, and significantly higher 

premiums under extreme weather, implying possible overpricing. This divergence highlights a key tension: 

while the market offers a uniform, averaged risk price, the mathematical model yields climate-sensitive, risk-

adjusted premiums that escalate with increasing weather index values. In summary, the model demonstrates 

that weather index insurance premiums are strongly influenced by weather conditions, capturing actuarial 

fairness, but may diverge from the fixed market rate depending on the severity of climatic risk. 

Author Contributions 

Ika Reskiana Adriani: Conceptualization, Formal Analysis, Methodology, Project Administration, Software, 

Writing-Original Draft, Review and Editing-Manuscript. Miftahulkhairah: Data Curation, Resources and 

Validation. Gemala Hardinasinta: investigation, Resources, and Formal Analysis. Hafidzah: Data Curation 

and Visualization. All authors discussed the results and contributed to the final manuscript. 



2336  Adriani, et al.     A COMPOUND CYCLIC POISSON STOCHASTIC MODEL FOR PREMIUM … 

 

Funding Statement 

This research was financially supported by the Beginner Lecturer Research (PDP) grant scheme for fiscal 

year 2025, under the Directorate of Research and Community Service (DPPM) of the Directorate General of 

Research and Development (Ditjen Risbang), Ministry of Higher Education, Science, and Technology 

(Kemdiktisaintek), based on decree number 0419/C3/DT.05.00/2025 and agreement number 

014/C3/DT.05.00/PL/2025, with the derivative contract from Institute for Research and Community Service 

(LPPM) Institut Teknologi Bacharuddin Jusuf Habibie (ITH) number 010/IT13.D/KH-DPPM/2025. The 

support is gratefully acknowledged. 

Acknowledgment 

The authors would like to express their sincere gratitude to the DPPM of the Ditjen Risbang, Kemdiktisaintek, 

for the financial support provided through the PDP grant scheme for the fiscal year 2025. The authors also 

gratefully acknowledge the LPPM of ITH for administrative support and facilitation in managing the research 

contract. The findings and conclusions presented in this publication are those of the authors and do not 

necessarily reflect the official views of the Ministry or LPPM ITH. Additionally, special thanks are extended 

to the reviewers for their insightful comments and constructive suggestions that greatly improved the quality 

of this manuscript. 

Declarations 

The authors declare that they have no competing interests. 

Declaration of Generative AI and AI-Assisted Technologies 

Generative AI (e.g, ChatGPT) was used exclusively for language editing and stylistic improvement. The 

authors take full responsibility for the content and confirm that all analyses, results, and interpretations are 

their own. The final manuscript was additionally reviewed for linguistic accuracy by an English-language 

expert. 

 

REFERENCES 

[1] P. Hasanah, M. Azka, and N. L. Payung, “SIMULATION OF CROP INSURANCE PREMIUM WITH POISSON PROCESS 

AND EXPONENTIAL DISTRIBUTION; CASE STUDY ON RICE FARMING IN VILLAGE OF SUKARATU-EAST 

JAVA,” presented at the The 2nd International Seminar on Science and Technology (ISSTEC 2019), Atlantis Press, Oct. 2020, 

pp. 6–9. doi: https://doi.org/10.2991/assehr.k.201010.002 
[2] K. Syuhada, V. Tjahjono, and A. Hakim, “COMPOUND POISSON–LINDLEY PROCESS WITH SARMANOV 

DEPENDENCE STRUCTURE AND ITS APPLICATION FOR PREMIUM-BASED SPECTRAL RISK FORECASTING,” 

Appl. Math. Comput., vol. 467, p. 128492, Apr. 2024. doi: https://doi.org/10.1016/j.amc.2023.128492 

[3] R. Saefullah and R. A. Ibrahim, “DETERMINING THE PURE PREMIUM AT JASA RAHARJA INSURANCE COMPANY 
PURWAKARTA BRANCH USING FAST FOURIER TRANSFORM (FFT) THROUGH ESTIMATED AGGREGATE LOSS 

DISTRIBUTION,” Int. J. Quant. Res. Model., vol. 5, no. 4, 2024. doi: https://doi.org/10.46336/ijqrm.v5i4.815 

[4] I. R. Adriani, W. Ekasasmita, D. Afriansyah, and K. Zahra, “THE AGRICULTURAL INSURANCE: EXPLORE TRENDS 

AND ADVANCES OVER THE LAST TWO DECADES,” Mandalika Math. Educ. J., vol. 7, no. 2, pp. 583–597, June 2025. 
doi: https://doi.org/10.29303/jm.v7i2.9018 

[5] Wei Wei, Zhibin Liang, Kam Chuen Yuen, “OPTIMAL REINSURANCE IN A COMPOUND POISSON RISK MODEL WITH 

DEPENDENCE | JOURNAL OF APPLIED MATHEMATICS AND COMPUTING,” J. Appl. Math. Comput., vol. 58, pp. 389–

412, 2018. doi: https://doi.org/10.1007/s12190-017-1150-z 
[6] “PELAKSANAAN ASURANSI USAHA TANI PADI (AUTP) TAHUN 2024 | DINAS PERTANIAN.” Accessed: Aug. 18, 

2025. [Online]. Available: https://distan.bulelengkab.go.id/informasi/detail/berita/94_pelaksanaan-asuransi-usaha-tani-padi-

autp-tahun-2024 

[7] M. Carter, A. de Janvry, E. Sadoulet, and A. Sarris, “INDEX INSURANCE FOR DEVELOPING COUNTRY 
AGRICULTURE: A REASSESSMENT,” Annu. Rev. Resour. Econ., vol. 9, 2017, pp. 421–438, Oct. 2017. doi: 
https://doi.org/10.1146/annurev-resource-100516-053352 

[8] E. C. K. Cheung and Z. Zhang, “PERIODIC THRESHOLD-TYPE DIVIDEND STRATEGY IN THE COMPOUND POISSON 

RISK MODEL,” Scand. Actuar. J., vol. 2019, no. 1, pp. 1–31, Jan. 2019. doi: 10.1080/03461238.2018.1481454. 
[9] I. R. Adriani, H. Husain, W. Ekasasmita, and Kusnaeni, “COMPARATIVE ANALYSIS OF VASICEK, CIR, AND DOTHAN 

MODELS FOR FORECASTING INTEREST RATES AND ORI PRICES,” presented at the 9th International Conference on 

Accounting, Management, and Economics 2024 (ICAME 2024), Atlantis Press, July 2025, pp. 2331–2345. doi: 
https://doi.org/10.2991/978-94-6463-758-8_186 

https://doi.org/10.2991/assehr.k.201010.002
https://doi.org/10.1016/j.amc.2023.128492
https://doi.org/10.46336/ijqrm.v5i4.815
https://doi.org/10.29303/jm.v7i2.9018
https://doi.org/10.1007/s12190-017-1150-z
https://doi.org/10.1146/annurev-resource-100516-053352
https://doi.org/10.1080/03461238.2018.1481454
https://doi.org/10.2991/978-94-6463-758-8_186


BAREKENG: J. Math. & App., vol. 20(3), pp. 2327- 2338, Sep, 2026  2337 

 

 

[10] A. Ghribi, C. Hmani, and A. Masmoudi, “EXPONENTIAL-COMPOUND POISSON MIXTURE MODEL FOR MOTOR 

INSURANCE CLAIMS | SÃO PAULO JOURNAL OF MATHEMATICAL SCIENCES,” São Paulo J. Math. Sci., vol. 19, no. 

11, 2025. doi: https://doi.org/10.1007/s40863-024-00477-w 
[11] J. Bi and K. Chen, “OPTIMAL INVESTMENT-REINSURANCE PROBLEMS WITH COMMON SHOCK DEPENDENT 

RISKS UNDER TWO KINDS OF PREMIUM PRINCIPLES,” RAIRO - Oper. Res., vol. 53, no. 1, pp. 179–206, Jan. 2019. doi: 
https://doi.org/10.1051/ro/2019010 

[12] D. P. Lyberopoulos and N. D. Macheras, “A CHARACTERIZATION OF MARTINGALE-EQUIVALENT MIXED 
COMPOUND POISSON PROCESSES,” Ann Appl Probab, vol. 31, no. 2, pp. 778–805, 2021. doi: https://doi.org/10.1214/20-

AAP1604 

[13] B. Liu, M. Zhou, and P. Li, “OPTIMAL INVESTMENT AND PREMIUM CONTROL FOR INSURERS WITH AMBIGUITY: 

COMMUNICATIONS IN STATISTICS - THEORY AND METHODS: VOL 49 , NO 9 - GET ACCESS,” vol. 49, no. 9, pp. 
2110–2130, 2020. doi: https://doi.org/10.1080/03610926.2019.1568487 

[14] F. Mourdoukoutas, T. J. Boonen, B. Koo, and A. A. Pantelous, “OPTIMAL PREMIUM PRICING IN A COMPETITIVE 

STOCHASTIC INSURANCE MARKET WITH INCOMPLETE INFORMATION: A BAYESIAN GAME-THEORETIC 

APPROACH,” Insur. Math. Econ., vol. 119, pp. 32–47, Nov. 2024. doi: https://doi.org/10.1016/j.insmatheco.2024.07.006 
[15] Y. Wang, W. Yu, Y. Huang, X. Yu, and H. Fan, “ESTIMATING THE EXPECTED DISCOUNTED PENALTY FUNCTION 

IN A COMPOUND POISSON INSURANCE RISK MODEL WITH MIXED PREMIUM INCOME,” Mathematics, vol. 7, no. 

3, 2019. doi: https://doi.org/10.3390/math7030305 

[16] S. A. Rakhmawan, T. Mahmood, N. Abbas, and M. Riaz, “UNIFYING MORTALITY FORECASTING MODEL: AN 

INVESTIGATION OF THE COM-POISSON DISTRIBUTION IN THE GAS MODEL FOR IMPROVED PROJECTIONS.,” 

Lifetime Data Anal., vol. 30, no. 4, pp. 800–826, Oct. 2024. doi: https://doi.org/10.1007/s10985-024-09634-x 

[17] A. E. Gomez-Rexrode, K. R. Chhabra, D. A. Telem, and G. F. Chao, “VARIATION IN PRE-OPERATIVE INSURANCE 

REQUIREMENTS FOR BARIATRIC SURGERY,” Surg. Endosc., vol. 36, no. 11, pp. 8358–8363, Nov. 2022. doi: 
https://doi.org/10.1007/s00464-022-09293-9 

[18] M. Guillen, A. M. Pérez-Marín, and J. P. Nielsen, “PRICING WEEKLY MOTOR INSURANCE DRIVERS’ WITH 

BEHAVIORAL AND CONTEXTUAL TELEMATICS  DATA.,” Heliyon, vol. 10, no. 16, p. e36501, Aug. 2024. doi: 

https://doi.org/10.1016/j.heliyon.2024.e36501 
[19] F. Mourdoukoutas, T. J. Boonen, B. Koo, and A. A. Pantelous, “OPTIMAL PREMIUM PRICING IN A COMPETITIVE 

STOCHASTIC INSURANCE MARKET WITH INCOMPLETE INFORMATION: A BAYESIAN GAME-THEORETIC 

APPROACH,” Insur. Math. Econ., vol. 119, pp. 32–47, Nov. 2024. doi: https://doi.org/10.1016/j.insmatheco.2024.07.006 

[20] N. I. Safitri, I. Mangku, and H. Sumarno, “A STUDY ON THE ESTIMATOR DISTRIBUTION FOR THE EXPECTED 
VALUE OF A COMPOUND PERIODIC POISSON PROCESS WITH POWER FUNCTION TREND,” Inpr. Indones. J. Pure 

Appl. Math., 2022. doi: https://doi.org/10.15408/inprime.v4i2.25104 

[21] S. F. S. Y. Alhabshi, Z. H. Zamzuri, and S. N. M. Ramli, “MONTE CARLO SIMULATION OF THE MOMENTS OF A 

COPULA-DEPENDENT RISK PROCESS WITH WEIBULL INTERWAITING TIME,” Risks, 2021. doi: 
https://doi.org/10.3390/risks9060109 

[22] I. R. Adriani, I. W. Mangku, and R. Budiarti, “SEBARAN ASIMTOTIK PENDUGA FUNGSI NILAI HARAPAN DAN 

FUNGSI RAGAM PADA PROSES POISSON PERIODIK MAJEMUK,” IPB University, Bogor Indonesia, 2019. [Online]. 

Available: https://repository.ipb.ac.id/handle/123456789/98569  
[23] I. R. Adriani, I. W. Mangku, and R. Budiarti, “ASYMPTOTIC DISTRIBUTIONS OF ESTIMATORS FOR THE MEAN AND 

THE VARIANCE OF A COMPOUND CYCLIC  POISSON PROCESS,” BAREKENG J. Ilmu Mat. Dan Terap., vol. 20, no. 1, 

pp. 0453–0464, 2026. doi: https://doi.org/10.30598/barekengvol20iss1pp0453-0464 

[24] M. Tomita, K. Takaoka, and M. Ishizaka, “SOME MATHEMATICAL PROPERTIES OF THE PREMIUM FUNCTION AND 
RUIN PROBABILITY OF A GENERALIZED CRAMÉR–LUNDBERG MODEL DRIVEN BY MIXED POISSON 

PROCESSES,” Jpn. J. Ind. Appl. Math., 2024. doi: https://doi.org/10.1007/s13160-024-00656-4 

[25] Y. Li, S.Wang, X. Liang, and G. Zhao, “EXTREME WEATHER INSURANCE UNDERWRITING DECISION MODEL 

BASED ON BREAK-EVEN THEORY AND MONTE CARLO ALGORITHM - CONSENSUS,” Acad. J. Bus. Manag., vol. 
7, no. 1, 2025. doi: https://doi.org/10.25236/AJBM.2025.070102 

 

  

https://doi.org/10.1007/s40863-024-00477-w
https://doi.org/10.1051/ro/2019010
https://doi.org/10.1214/20-AAP1604
https://doi.org/10.1214/20-AAP1604
https://doi.org/10.1080/03610926.2019.1568487
https://doi.org/10.1016/j.insmatheco.2024.07.006
https://doi.org/10.3390/math7030305
https://doi.org/10.1007/s10985-024-09634-x
https://doi.org/10.1007/s00464-022-09293-9
https://doi.org/10.1016/j.heliyon.2024.e36501
https://doi.org/10.1016/j.insmatheco.2024.07.006
https://doi.org/10.15408/inprime.v4i2.25104
https://doi.org/10.3390/risks9060109
https://doi.org/10.30598/barekengvol20iss1pp0453-0464
https://doi.org/10.1007/s13160-024-00656-4
https://doi.org/10.25236/AJBM.2025.070102


2338  Adriani, et al.     A COMPOUND CYCLIC POISSON STOCHASTIC MODEL FOR PREMIUM … 

 

 


	A COMPOUND CYCLIC POISSON STOCHASTIC MODEL FOR PREMIUM DETERMINATION IN WEATHER INDEXED AGRICULTURAL INSURANCE: CASE STUDY IN SOUTH SULAWESI, INDONESIA
	1. INTRODUCTION
	2. RESEARCH METHODS
	2.1 Research Data and Variables
	2.2 Model Formulation
	2.3 Analytic Properties

	3. RESULTS AND DISCUSSION
	3.1 Historical Climate Pattern Analysis
	3.2 Correlation Between Weather Variables and Paddy Production
	3.3 Index-Based Premium Calculation

	4. CONCLUSION
	Author Contributions
	Funding Statement
	Acknowledgment
	Declarations
	Declaration of Generative AI and AI-Assisted Technologies
	REFERENCES

