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ABSTRACT - Lost Production Opportunity (LPO) measures production that cannot be realized because a well 

or facility is constrained. In many field-planning workflows, LPO and workover schedules are still estimated from 

historical averages and a fixed production uplift for each job. Although practical, these assumptions do not 

represent the nonlinear interactions among production behavior, equipment failures, downtime, and intervention 

timing. This work examines whether those interactions can be learned from field data and used to improve the 

monthly scheduling of rigless workover jobs. Historical production, Planned Downtime (PDT), Unplanned 

Downtime (UPDT), and operational event records from Field ‘YUD’ were compiled at a monthly resolution. 

XGBoost regression models were trained using a chronological data split and evaluated using MAE, RMSE, 

sMAPE, and actual-versus-predicted plots. The resulting LPO forecasts and feature-importance rankings were 

then incorporated into a Decision Support System (DSS). By integrating these outputs with workover capacity, 

expected uplift, job cost, commodity price, and operational constraints, the DSS assigns a monthly risk level and 

recommends whether workover activity should be increased, selected cautiously, or reduced. The gas and oil 

models produced sMAPE values of 16.79% and 19.06%, respectively. In the 2026 simulation, DSS-based 

scheduling increased gas production from 83.43 to 84.56 MMscfd and oil production from 9,650 to 9,805 BOPD 

relative to the conventional schedule. These results suggest that field data can be used not only to estimate LPO, 

but also to place rigless workover jobs in months where their production benefit is less exposed to operational 

disruptions. 

Keywords: lost production opportunity (LPO); unplanned downtime (UPDT); machine learning; workover; 

production planning. 
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1. Introduction 

Maintaining production in mature oil and gas fields requires effective coordination between reservoir 

deliverability, well performance, and surface-facility availability. Production potential cannot be fully realized 

when wells or facilities experience operational constraints. The associated production shortfall, referred to as Lost 

Production Opportunity (LPO), is therefore an important consideration in production planning. In this study, LPO 

comprises losses associated with Planned Downtime (PDT), including scheduled maintenance, shutdowns, and 

well interventions, and Unplanned Downtime (UPDT), arising from unexpected equipment failures, well 

problems, and facility disruptions. Distinguishing these components is necessary because scheduled activities and 

unexpected disturbances require different planning responses. In Field ‘PHSS’, operated by Pertamina Hulu 

Indonesia Region 3 Zone 9, production planning must accommodate recurring operational disruptions alongside 

a limited capacity for rigless workover activities. Conventional planning relies on historical loss estimates, 

engineering judgment, and assumed production uplift from interventions. Although these inputs provide a 

practical planning basis, historical averages may not adequately represent changes in event frequency, downtime 

duration, affected equipment, and production conditions. Moreover, an intervention with promising production 

potential may deliver a smaller realized benefit when executed during a period of substantial facility constraints. 

The planning problem therefore involves both estimating future production losses and determining when available 

workover resources can be used most effectively. 

Previous studies have applied data analytics to several aspects of this problem. Nwaochei et al. (2019) 

examined data-science approaches for prioritizing non-rig well-work candidates, while Siahaan et al. (2022) 

applied automated analytics and machine learning to generate well-intervention candidates. In a mature-field 

setting, Maulana et al., (2025) applied Apriori association-rule mining to identify relationships between well-

performance indicators, treatment type, and workover success, demonstrating the value of data-driven screening 

for production optimization.  Popa et al. (2023) investigated workover rig scheduling using genetic algorithms. 

In relation to production losses, Mat Piah et al. (2025) analyzed offshore production-deferment records and 

highlighted the difficulties of identifying consistent patterns in data affected by operational, mechanical, and  

external factors. Their findings also emphasized the importance of data quality for reliable interpretation. These 

studies provide complementary foundations for candidate selection, scheduling, and deferment analysis. 

However, applying these capabilities to PHSS requires an explicit connection between the monthly production-

loss outlook and the timing of rigless interventions. The practical gap addressed in this study is the translation 

of LPO forecasts into monthly workover decisions that account for both planned and unplanned production-

loss exposure. Candidate ranking alone does not establish whether the proposed execution month is favorable, 

while a loss forecast alone does not specify how intervention activity should be allocated. This connection is 

particularly relevant where candidate demand exceeds execution capacity and shared facilities constrain 

production from multiple wells. Considering UPDT without the accompanying PDT burden may also 

underestimate the production constraints already present in the operating plan. 

Extreme gradient boosting (XGBoost) is selected to model nonlinear relationships and interactions within 

tabular production, downtime, and operational-event records. Its feature-importance outputs provide a basis for 

examining which recorded variables contribute to the predictions and for supporting engineering interpretation. 

The contribution of this study is an integrated, field-specific workflow that connects monthly LPO forecasting, 

the separate consideration of PDT and UPDT, and a monthly Risk Index within a Decision Support System (DSS). 

The DSS uses this information to guide rigless workover allocation while considering expected production uplift, 

candidate urgency, and operational capacity. Accordingly, this study aims to evaluate the accuracy of monthly oil 

and gas LPO forecasts, identify the operational variables most relevant to the predictions, and assess how 

incorporating these forecasts into a DSS affects rigless workover scheduling. The proposed schedule is evaluated 

against the conventional planning approach through a comparison of projected production under the stated 

operating assumptions. The intended contribution is a transparent and reproducible basis for aligning intervention 

timing with anticipated production-loss exposure, supporting engineering review and monthly production 

planning in PHSS. 
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1.1 Background 

Rigless workover resources in Field ‘YUD’ are limited, while the number of candidate wells is considerably 

larger than the number of jobs that can be executed. A useful schedule must therefore consider both the expected 

production gain and the risk of carrying out a job during a period of high production loss. XGBoost was selected 

because tree-based boosting can represent nonlinear relationships in tabular operating data and can also rank the 

features that drive its predictions. Previous oil and gas applications have often treated production forecasting, 

downtime prediction, and intervention selection as separate problems. Here, they are linked in one DSS: the model 

forecasts LPO, the forecast is converted into a monthly risk indicator, and the indicator is used to guide rigless 

workover timing. 

1.2 Research problems 

The study addresses the following questions: 

• How accurately can monthly lost production opportunity (LPO) be forecast from historical operating 

data using machine learning? 

• Which forecast outputs and operational variables can be combined into a practical risk indicator for 

workover planning? 

• How can LPO forecasts be incorporated into a Decision Support System (DSS) to improve rigless 

workover scheduling and the economic value of oil and gas production? 

1.3 Research objectives 

The primary objective is to develop a machine-learning model that forecasts LPO in Field ‘YUD’ while 

retaining the temporal patterns found in the operating data. A second objective is to identify the events and 

equipment most closely associated with UPDT, so the forecast can be interpreted by engineers rather than used as 

an unexplained numerical output. The study also converts the forecast into an operational risk indicator and 

embeds that indicator in a DSS for rigless workover scheduling. The final schedule is assessed by comparing its 

projected oil and gas production with the output of the conventional planning approach. 

1.4 Research scope and limitations 

The analysis covers historical oil and gas production, downtime, LPO, intervention, and selected facility 

records from one field over the period for which consistent data were available. Model development is restricted 

to XGBoost and does not include a coupled physical reservoir model. Only rigless workover activities are 

included; rig-based workovers fall outside the scheduling exercise. The resulting DSS is a planning prototype 

and is intended to complement, rather than replace, engineering review and the field's formal operational 

approval process. 

1.5 Research benefits 

The work contributes an applied workflow that connects LPO forecasting with intervention planning. For 

engineers, it provides a reproducible way to compare monthly workover windows using operational risk and 

production value. For planners and managers, it offers a transparent basis for reviewing the timing of the medium-

term oil and gas program. 

1.6 Research gap 

Most published upstream applications address production forecasting, decline analysis, equipment 

reliability, or well-intervention ranking as separate tasks. Fewer studies examine PDT and UPDT together as 

sources of LPO and then carry the forecast forward into a monthly workover schedule. Field forecasts also 

continue to rely heavily on averages and manual adjustments, which can obscure changes in operational event 

patterns. This study addresses that gap by linking an LPO forecast derived from historical operating data to  a 

risk-based scheduling rule. 
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2. Theoretical background 

2.1 Concept of oil and gas production planning 

An upstream production system extends from the reservoir to the point at which hydrocarbons are processed 

and transported. Reservoirs, completions, artificial-lift equipment, flowlines, manifolds, separators, compressors, 

and other surface facilities operate as one connected system. A restriction in any part of that chain can change the 

field rate, which is why reservoir behavior and surface-facility performance should be evaluated together (Allan 

et al., 2016; Natural Gas Market Module of the National Energy Modeling System: Model Documentation 2025).  

From a reservoir-engineering perspective, production planning must balance fluid deliverability, recovery, 

pressure support, integrity, and facility capacity (Smithson 2016). Integrated Asset Modeling provides one way 

to examine these interactions when preparing forecasts and comparing development or operating scenarios (Allan 

et al., 2016). Planning then translates the technical potential into executable targets: long-term development 

volumes, annual and monthly commitments, and short-term decisions on downtime and well intervention (Hadi 

et al., 2008; Teh et al., 2008). The quality of those targets depends on the underlying data and on whether known 

subsurface, well, network, facility, and economic constraints are represented. For Field ‘YUD’, this makes PDT 

and UPDT part of the forecast itself rather than adjustments made only after the production target has been set. 

2.2 Lost production opportunity (LPO) and unplanned downtime (UPDT) 

LPO is the difference between the production that could have been delivered under normal conditions and the 

volume actually realized while a well or facility was constrained. Its magnitude depends on the affected production 

capacity as well as the frequency and duration of the event. UPDT covers shutdowns that were not included in the 

operating plan, including equipment failure, instrument malfunction, process disturbance, well-integrity problems, 

and power-supply interruption. Because the same duration of downtime can have very different consequences at 

a high-rate and a low-rate asset, identifying the event cause and affected equipment is as important as recording 

the number of hours offline. This event-level view is consistent with the reliability studies reported by                            

Asihono & Mulyono (2023) and Wisnu & Ros (2024). 

2.3 Workover and well intervention in production context 

Production from a mature field decline for several reasons, including depletion, changes in produced fluids, 

formation damage, integrity problems, and restrictions in the production system. New drilling is one response, but 

a large part of the remaining potential must be recovered from existing wells. Well intervention covers operations 

that change a well's mechanical, hydraulic, or flowing condition; a workover generally involves more extensive 

access to the wellbore or a material change to the completion or production system (von Flatern 2014). Typical 

candidates include wells affected by scale, sand, liquid loading, artificial-lift failure, tubing leaks, or completion 

damage (Okon 2021). Selecting a candidate is not simply a matter of choosing the steepest decline. Expected 

uplift, diagnosis, probability of success, job duration, resource availability, cost, safety, and the production 

deferred during execution all affect the decision (Popa et al., 2023). The LPO and UPDT forecasts in this work 

are used to add the timing of operational risk to that selection process (Siahaan et al., 2022). 

2.4 Rigless workover 

At PT Pertamina Hulu Sanga Sanga, the term rigless workover refers to interventions performed without a 

conventional workover rig. Depending on well condition and job complexity, this route can shorten 

mobilization and execution time and reduce cost, which is particularly useful in a mature field with many 

candidates (Wijaya et al., 2020). The activity may involve installing or replacing downhole equipment, 

diagnostic logging, well cleanout, selected remedial work, access to a productive interval, or a limited 

completion modification. Not every well is technically suitable for a rigless method; candidate screening is 

therefore retained in the scheduling workflow. 
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Figure 1.  

Conceptual illustration of Lost Production Opportunity associated with Planned Downtime (LPO PDT) and Unplanned 

Downtime (LPO UPDT). Hatched areas represent the production volumes not realized during each event. Original schematic 

prepared for this study based on the production-loss concepts described by Feng et al. (2013) 

 

 

 

 

Figure 2.  

Conceptual illustration of well intervention and workover to restore or improve production in mature fields  

(Popa et al., 2023). 

2.5 Machine learning in the context of LPO prediction and oil and gas production DSS 

Machine learning estimates a response from patterns present in historical data without requiring every 

relationship to be written as a single physical equation. Upstream applications include production forecasting, 
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equipment surveillance, predictive maintenance, and operational decision support (Hyoung et al., 2024). LPO is 

a suitable, although challenging, target because it is shaped by several interacting variables: recent well 

performance, event frequency, downtime duration, well age, intervention history, and facility condition. The 

influence of these variables can change over time and is rarely proportional. Rule-based estimates remain useful 

for screening, but they may miss such interactions when the operating environment changes (Mat et al., 2025b). 

2.6 Time series analysis 

Time-series observations preserve their order in time, and adjacent values are usually related. A monthly LPO 

value, for example, may carry information from events, deferment, and production behavior in preceding months. 

Randomly shuffling these observations would leak future information into model training. For this reason, the 

data in this study were split chronologically, and lagged or rolling variables were constructed only from 

information available before the forecast month (Woodward et al., 2017). 

2.7 Exploratory data analysis 

Exploratory data analysis (EDA) was used before model fitting to determine what the field records actually 

contained. Distributions and time plots revealed outliers, shutdown periods, and possible seasonal behavior, while 

boxplots, correlation maps, and autocorrelation plots helped assess relationships and temporal dependence. This 

step was also used to distinguish genuine high-loss events from missing or inconsistent entries. The findings 

informed data cleaning and the selection of operational features for the LPO model (Woodward et al., 2017).  

2.8 XGBoost characteristics relevant to this study 

XGBoost was selected for the following characteristics. 

• Nonlinear relationships and variable interactions 

The effect of an operational event on LPO is not constant. One additional day of downtime produces a 

larger loss at a high-rate well, and the uplift from a workover depends on the condition of the well before 

intervention. XGBoost does not require these relationships to be specified in advance. Its tree structure 

can split the data at different operating ranges, while boosting combines the splits into a model that 

represents interactions among event, equipment, and production variables. 

• Handling missing values and noisy field data 

Operational databases often contain incomplete measurements, inconsistent event descriptions, and 

changes in reporting practice. XGBoost can assign missing values to a learned default branch within each 

tree and uses regularization to limit unnecessary complexity. These properties do not remove the need 

for data quality control, but they make the algorithm practical for moderately noisy field data after the 

main inconsistencies have been resolved. 

• Regularization to prevent overfitting 

Unlike classical boosting algorithms, XGBoost explicitly includes L1 and L2 regularization in its 

objective function: 

ℒ = ∑ 𝑙(
𝑖

𝑦𝑖 , 𝑦̂𝑖) +∑ Ω(
𝑘

𝑓𝑘)   (1) 

with: 

Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∣∣ 𝑤 ∣∣2      (2) 

where 𝑇, 𝑤, 𝛾 and 𝜆 are the number of leaves, the leaf weight, and regularization parameters, respectively. 

Regularization is important in this case because the number of monthly observations is limited relative to 

the number of possible operational features. Penalizing unnecessary leaves and extreme leaf weights 

reduces the tendency to reproduce isolated events in the training period. The objective is a model that retains 

useful patterns when it is applied to a later month, rather than one that only fits the historical sample. 
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• Computational efficiency and DSS implementation 

The selected model also had to operate inside a planning tool. XGBoost trains quickly on the tabular 

dataset used here, is supported directly in Python, and can generate predictions without a large computing 

environment. The trained model could therefore be connected to the risk-index and scheduling 

calculations used by the DSS, rather than remaining a stand-alone academic exercise. 

• Model interpretation using feature importance 

Feature importance provides an initial view of which variables the fitted model uses most often or most 

effectively. Gain, cover, and split frequency can be inspected to determine whether the forecast is being 

driven by plausible production and equipment signals. In this application, those rankings are used to 

identify recurring LPO drivers and to direct attention to compressors or event types that warrant 

engineering review. They do not establish causality, but they make the model easier to challenge before 

its forecast is used in workover planning. 

2.9 Decision support system (DSS): definition and decision architecture 

A decision support system (DSS) combines information and analytical rules to assist with decisions that cannot 

be resolved by a fixed procedure alone. Its architecture is commonly described in terms of data-driven, model-

driven, and knowledge-driven components. For the present workflow, historical LPO, UPDT events, production, 

and well status form the data layer. The XGBoost forecast and workover optimizer form the model layer. 

Operating rules - for example, limiting additional work during a high-risk month and honoring resource capacity 

- provide the knowledge layer. 

2.10 Workover scheduling considering risk index 

Workover scheduling determines which candidate is executed and when. In a mature field, the candidate list 

normally exceeds available crews, equipment, and budget. Production decline is therefore only one part of the 

ranking; expected value, probability of success, deferment during the job, and execution risk must also be 

considered. Bringing the forecast and candidate ranking into the same workflow can make the monthly plan more 

consistent and easier to review (Popa et al., 2023). 

The Risk Index used here summarizes several of those considerations in one monthly indicator. Following the 

usual definition of risk as a combination of likelihood and consequence, the index separates relatively high-, 

medium-, and low-risk workover windows (Dethlefs & Chastain 2012). 

Its inputs are forecasted LPO, PDT, and UPDT; deferment and decline history; expected workover uplift; 

urgency; job duration; resource demand; and available integrity or equipment information. Together, these 

variables describe the likely production loss, the value of intervention, the urgency of the candidate, and 

whether the job is practical within the available window. The index provides an initial ranking, not an automatic 

authorization to execute a job. The final schedule must still be checked against unit availability, materials, job 

type, location, simultaneous operations, and other field restrictions. This distinction is important in a mature 

asset, where a statistically attractive candidate may not be operationally ready (Cio Mario et al., 2019; 

Nwaochei et al., 2019).  

 

3. Methodology 

The research workflow consists of seven main stages. First, historical production, LPO, PDT, UPDT, 

intervention, and equipment-event data were collected and integrated. Second, the data were cleaned, standardized, 

and aligned chronologically. Third, relevant model variables were constructed through feature engineering. Fourth, 

the dataset was divided chronologically into training and testing periods. Fifth, XGBoost regression models were 

developed and evaluated using MAE, RMSE, sMAPE, and actual-versus-predicted plots. Sixth, the resulting LPO 

forecasts were converted into monthly Risk Indices. Finally, the Risk Indices were incorporated into the DSS to 

support rigless workover scheduling and compare the resulting production profile with the conventional schedule. 
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The workflow in Figure 3 begins with separate treatment of PDT and UPDT, the two components used to 

construct total LPO. Field records are collected, cleaned, aligned in time, and transformed into model variables. 

XGBoost is then trained and evaluated on a later test period. The predicted components are combined into total 

LPO and passed to the Risk Index, which guides the monthly placement of rigless workover activity. Machine 

learning is therefore one element of the DSS rather than the final output of the study. The workflow continues 

from prediction to operational interpretation, scheduling, and a comparison of the production value obtained under 

the proposed and conventional plans. 

Figure 4 presents the detailed workflow that extends the general model-development architecture shown in 

Figure 3. Historical production, PDT- and UPDT-related LPO, and operational-event data are first collected, 

cleaned, standardized, and chronologically aligned. The processed data are then used to develop separate XGBoost 

models for gas and oil UPDT-LPO forecasting. After determining the forecasting window and model parameters, 

the data are divided chronologically into training and testing periods. Model performance is evaluated using MAE, 

RMSE, sMAPE, and actual-versus-predicted plots. Models with unacceptable errors are recalibrated, whereas 

validated models are used to generate monthly UPDT-LPO forecasts and identify the most influential recurring 

operational and equipment-related factors. 

 

 

Figure 3. 

General analytical architecture of the study, linking historical operating data, LPO forecasting,  

monthly risk assessment, and rigless workover planning. 

 

The forecasted UPDT-LPO is subsequently combined with scheduled PDT to construct a monthly Operational 

Risk Index. This index, together with the annual workover plan, expected production uplift, and operational 

constraints, becomes the input to the Decision Support System. The system reallocates rigless workover activities 

toward lower-risk months and limits additional interventions during periods of high production-loss exposure. 

The resulting schedule is translated into three operational recommendations—Boost WO, Normal/Selective WO, 
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and Hold/Reduce WO—while remaining subject to engineering review, candidate readiness, resource availability, 

and field-operating constraints. 3 presents the overall analytical architecture of the study, showing the relationship 

between data preparation, LPO forecasting, Risk Index development, and workover scheduling. Figure 4 provides 

a more detailed representation of the same workflow, including the individual data-processing, model-validation, 

forecasting, and decision-support stages. 

3.1 Data and field characteristics 

The dataset represents a mature oil and gas field and contains production, LPO, UPDT, deferment, intervention 

history, and selected facility or equipment records. Each source describes a different part of field behavior, so the 

data were aligned by date, well or operating unit, and production stream before modeling. The assembled series 

includes routine operating periods as well as shutdowns and unusually high-loss events. Only records with sufficient 

completeness and consistent definitions were retained for the analysis period. This screening was necessary because 

reporting formats and event labels changed over time, and some measurements were missing or contained outliers. 

The final dataset was organized at daily and monthly resolution to preserve event detail while providing the monthly 

observations required for the workover plan. Production behavior, facility capacity, equipment reliability, and 

intervention history were then converted into candidate predictors for LPO and the Risk Index. 

3.2 Data processing and preprocessing stages 

Preprocessing followed the sequence shown in Figure 4: source collection, integration, cleaning, treatment of 

missing values, standardization of formats and units, transformation, feature engineering, and final validation. 

The purpose was not to smooth away large operating events, since those events contain the signal of interest, but 

to separate them from duplicate, incomplete, or incorrectly coded records. Production, PDT, UPDT, deferment, 

intervention, and available equipment-condition records were obtained from internal field sources. Dates, well 

names, field identifiers, and operating-unit labels were standardized before the tables were joined. Events were 

then assigned to the corresponding daily or monthly production period. This alignment made it possible to examine 

whether a change in production was preceded or accompanied by a recorded disruption or workover activity. 

3.3 Research variables and operational definitions 

Variables were organized according to their role in the workflow. The first group contains the prediction targets: 

LPO and its PDT and UPDT components. The second group contains model inputs derived from production, 

deferment, decline, disruption, and intervention history. The third group contains the operational variables required 

by the workover Risk Index, including uplift, urgency, duration, resource demand, and integrity or equipment 

condition. A consistent definition and unit were assigned to each variable before the daily data were aggregated. 

Total LPO represents the production that was not realized because of a technical, operating, or facility constraint. 

PDT covers losses associated with activities already included in the plan, such as maintenance, shutdowns, and 

scheduled well work. UPDT covers losses caused by events that were not scheduled, including equipment failures, 

well problems, and unexpected facility restrictions. 

Predictors include recent production and decline behavior, historical deferment, the frequency and duration of 

disruptions, and previous well-service or workover activity. Lagged and rolling features were added where they 

could be calculated without using future information. These variables allow the model to distinguish a recurring 

loss pattern from an isolated change in rate. The workover Risk Index uses the predicted LPO components together 

with expected uplift, urgency, job duration, and resource requirements. The variables were chosen to represent 

the consequence of delaying a job, the potential benefit of executing it, and the practical effort needed to complete 

it. The two variable groups serve different purposes. Historical operating variables are used to estimate the future 

LPO profile, whereas candidate and resource variables are introduced only when the forecast is converted into a 

workover decision. Keeping these stages separate prevents a scheduling preference from being treated as evidence 

about the physical occurrence of downtime. 
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Figure 4.  

Detailed flowchart for LPO forecasting and rigless workover scheduling, covering data preprocessing, feature engineering, 

chronological training–testing separation, XGBoost model development, and performance evaluation 

. 

 

3.4 Prediction model development 

PDT and UPDT were modeled separately because their drivers are different. Scheduled maintenance and 

planned well activity largely determine PDT, while equipment failure, well problems, and unplanned facility 

restrictions dominate UPDT. Separate predictions also allow planners to see whether a high monthly LPO value 

is already embedded in the plan or is associated with additional operating uncertainty. The two forecasts were 

added only after model evaluation to obtain total LPO. The model matrix contained cleaned production and 

deferment history, decline indicators, event and intervention records, and time-based variables such as lags and 

moving averages. Training observations preceded the test observations in time; no random split was used. 

XGBoost regression was fitted to the training period, and its predictions were evaluated with MAE, RMSE, 

sMAPE, and actual-versus-predicted plots. Feature importance was reviewed alongside the error metrics to 

determine whether the model relied on credible operating signals. Once validated, the PDT and UPDT forecasts 

were combined and supplied to the workover Risk Index. 
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3.5 Model evaluation and workover risk index development 

Evaluation was performed before the forecasts entered the scheduling calculation. PDT and UPDT outputs 

were examined separately, then combined to assess the error and operating meaning of total LPO. This sequence 

avoids masking a weak component model behind an apparently reasonable aggregate forecast. MAE describes the 

typical absolute error, RMSE places more weight on large misses, and sMAPE expresses error relative to the scale 

of actual and predicted values. R² was retained as a supplementary measure where appropriate. Plots of actual and 

predicted values were inspected for missed peaks, timing shifts, and systematic bias. The accepted forecast was 

then combined with deferment and decline history, uplift, urgency, duration, resource demand, and integrity or 

equipment status. After scoring and weighting, the resulting index was used to compare candidate months, subject 

to field constraints and engineering review. 

3.6 Model implementation stages 

Implementation follows the same sequence used during model development so that every scheduling 

recommendation can be traced to its inputs. A validated dataset is passed to the fitted XGBoost models, the 

predicted components are converted to total LPO, and the result is joined to operational and economic workover 

variables. The DSS then produces a monthly risk class and an associated planning action. For each forecast month, 

the system first generates PDT and UPDT estimates and records their contribution to total LPO. The Risk Index 

combines this profile with the candidate-workover information and checks the proposed allocation against annual 

and monthly capacity. The final step calculates the projected production response and compares it with the 

conventional schedule, allowing the recommendation to be reviewed in both operational and economic terms. 

3.7 Research scenarios and analysis assumptions 

Three event-load scenarios were used to test how the forecast responds to changes in disturbance-related 

inputs. The Base case retains the central input values, while the High and Low cases alter selected event drivers. 

They are sensitivity cases rather than complete simulations of every field condition; production history, affected 

units, and other predictors are not all shifted together. The scheduling exercise assumes that total LPO is the sum 

of separately forecasted PDT and UPDT. It also assumes a finite annual and monthly capacity for rigless workover 

jobs. Candidate placement therefore seeks a balance among loss risk, expected uplift, execution feasibility, and 

economic value. Because readiness, integrity, and actual facility conditions can change after the forecast is issued, 

the DSS output is treated as a planning recommendation rather than an automatic field instruction. 

3.8 Results analysis method 

Results were reviewed at three levels. First, predictive performance was assessed for the gas and oil models. 

Second, feature importance and scenario behavior were examined to understand what drove the forecasts. Third, 

the monthly Risk Index and workover allocation were evaluated against production and capacity outcomes. Model 

performance was evaluated using MAE, RMSE, and sMAPE were interpreted relative to the scale and unit of 

each target variable, with lower values indicating better predictive performance (Hyndman & Koehler 2006). 

For percentage-based forecast errors, as summarized by Montaño Moreno et al. 2013, classified values below 

10% as highly accurate, values between 10% and 20% as good, values between 20% and 50% as reasonable, 

and values above 50% as inaccurate.  

Although this classification was originally proposed for MAPE, the present study adopted the 20% threshold 

as a practical interpretive benchmark for sMAPE rather than as a universal machine-learning standard. 

Accordingly, the gas and oil models, with sMAPE values of 16.79% and 19.06%, respectively, were considered 

to provide good predictive accuracy for the monthly planning application. Actual-versus-predicted plots were 

also examined to identify systematic bias, timing deviations, and missed LPO peaks. Forecast result PDT and 

UPDT were then aggregated to total LPO, and high-loss months were compared with the event and equipment 

features ranked by the model. The recommended schedule was finally compared with the conventional plan 

using projected gas and oil production. This last comparison tests whether an accurate forecast leads to a useful 

operating decision, rather than treating model error as the only measure of success.  
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4. Result and discussion 

4.1 Overview of research results 

The working dataset contained 1,096 daily observations from DailyRate_LPO and 1,489 records from 

UPDT_Events. After cleaning and monthly aggregation, 36 monthly observations covering January 2023 through 

December 2025 were available for XGBoost development and testing. The analysis generated four outputs: test-

period performance for gas and oil LPO, a 2026 forecast, a monthly Risk Index with workover actions, and a 

production comparison between the DSS and conventional schedules. The results are reported in that order so the 

operational recommendation can be traced back to model performance and its dominant inputs. 

4.2 XGBoost model validation results 

• Gas prediction model performance 

For gas LPO, the test-period MAE was 3.13, RMSE was 3.80, and sMAPE was 16.79%. The prediction 

follows most of the month-to-month movement in the observed series, although the largest misses 

coincide with abrupt changes in June, August, and November 2025. The error level is acceptable for the 

monthly planning exercise, but the peak deviations show that isolated disruption events remain difficult 

to anticipate. 

• Oil prediction model performance 

The oil model returned an MAE of 4.02, an RMSE of 6.19, and an sMAPE of 19.06%. Its error is higher 

than that of the gas model because the oil series contains sharper fluctuations and several values close to 

zero, which also make percentage error more sensitive. The largest departures between actual and 

predicted LPO occur in December 2024, April 2025, and November 2025. 

• Comparison of gas and oil model performance 

All three metrics are lower for gas than for oil (Table 1). The difference is consistent with the smoother 

gas-LPO pattern in the test period and the more intermittent behavior of oil LPO. Both sMAPE values 

remain below the 20% threshold adopted for this study, so both forecasts were carried forward to the 

2026 scenario and scheduling analysis. 

Table 1.  

XGBoost Model Error Summary. 

 
Component MAE RMSE sMAPE 

 

 Gas 3,13 3,80 16,79%  

 
Oil 4,02 6,19 19,06% 

 

 

4.3 Dominant factors influencing LPO prediction 

The gas model relies strongly on event and compressor-condition variables. Low Suction Pressure, 

Vibration, and Discharge Gas Pressure appear among the leading issue-level features (Figure 6), together with event 

counts and trip or shutdown indicators. This pattern is operationally plausible because a compressor disturbance can 

immediately restrict the volume that the gas system is able to deliver. Figure 5 compares the actual and predicted 

monthly gas UPDT-LPO values using a chronological training–testing split, with the red dashed line indicating the 

beginning of the out-of-sample testing period. During training, the predictions closely follow the observed monthly 

fluctuations, indicating that the model captures the recurring temporal and operational patterns in the historical data. 

In the testing period, the model continues to reproduce the general gas-LPO trend, although larger deviations occur 

during abrupt changes in June, August, and November 2025. These deviations indicate that isolated operational 

disruptions remain more difficult to predict than recurring loss patterns. Overall, the gas model achieved an MAE of 

3.13 MMSCF, an RMSE of 3.80 MMSCF, and an sMAPE of 16.79%, demonstrating good predictive accuracy for 

monthly planning based on the adopted error criterion. 
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Figure 5.  

Comparison of actual and XGBoost-predicted monthly gas LPO associated with unplanned downtime (UPDT).  

The vertical dashed line separates the training and testing periods, showing the model’s fit to historical observations and its predictive performance on subsequent unseen data. 
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Figure 6.   

Ranking of operational-issue features by gain-based importance in the XGBoost model for gas LPO UPDT prediction. 

 

 

Figure 7.   

Gain-based importance of compressor-related features in predicting gas LPO UPDT.  

The ranking identifies C-4600, C-4200A, and C-1500 as the compressor identifiers most influential in the model’s predictions. 

 

 

When the compressor name is used as a feature, C-4600, C-4200A, and C-1500 receive the highest importance 

scores for gas LPO (Figure 7). The ranking does not by itself prove that these units caused every high-LPO month, 

but it shows that their event histories were repeatedly useful to the model. They should therefore be reviewed 

alongside maintenance and operating records when the forecast indicates elevated gas risk. Oil LPO shows a 

similar facility signal, although the ranking is distributed across a different group of variables. C-7400, C-2650, and 

C-1500 are the leading compressor identifiers, followed by Vibration, Low Suction Pressure, and Engine Oil Low 

Pressure (Figures 9 and 10). The result suggests that restrictions in shared surface equipment can affect oil realization 

as well as gas delivery. Figure 8 compares the actual and predicted monthly oil UPDT-LPO values. During the testing 

period, the model generally follows the observed trend, although larger deviations occur in December 2024, April 

2025, and November 2025. The presence of abrupt peaks and near-zero values contributes to the higher RMSE and 

increases the sensitivity of the percentage-based error. Overall, the oil model achieved an MAE of 4.02, an RMSE 

of 6.19, and an sMAPE of 19.06%, which remains within the adopted criterion for good monthly predictive accuracy.

https://doi.org/10.29017/scog.v49i3.2150


 
 

551 

 

 

 

https://doi.org/10.29017/scog.v49i3.2150 

 

Yudha et al. Scientific Contributions Oil and Gas 

 

 

 

 

 

Figure 8.  

Comparison of actual and XGBoost-predicted monthly oil LPO associated with unplanned downtime (UPDT). 
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Figure 9.   

Ranking of operational-issue features by gain-based importance in the XGBoost model for oil LPO UPDT prediction. 

Vibration, low suction pressure, and engine oil low pressure are the leading issue categories. 

 

 

 

Figure 10.  

 Top 12 Most Influential Compressors – Oil. 

 

 

Taken together, the rankings show that the forecast is not being driven by the production series alone. The 

type of disruption and the unit on which it occurred add useful information, supporting the inclusion of event-

level features in the LPO model. 

4.4 2026 forecast results 

• 2026 gas UPDT forecast 

The Base gas-UPDT forecast varies from 6.64 to 35.67 MMSCF per month, with a monthly average of 

23.36 MMSCF (Figure 11). July is the highest month, followed by November and December, whereas 

September has the lowest estimate. The concentration of higher values in the second half of 2026 

identifies periods that require closer review before additional production downtime is scheduled. 

Changing Event Load also moves the forecast in several months, confirming that disturbance intensity 

contributes to the predicted profile.
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Figure 11.  

 Monthly gas LPO UPDT forecasts for 2026 under Base, High, and Low operational-event-load scenarios.  

The comparison illustrates how changes in assumed event load affect the predicted timing and magnitude of unplanned production losses. 

 

 

 

Figure 12.   

Monthly gas LPO UPDT forecasts for 2026 under Base, High, and Low operational-event-load scenarios.  

The comparison illustrates how changes in assumed event load affect the predicted timing and magnitude of unplanned production losses. 
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• 2026 oil UPDT forecast 

Oil UPDT is more variable than gas in the 2026 Base forecast, ranging from 0.99 to 65.32 per month 

and averaging 21.37 (Figure 12). The maximum occurs in January, with additional high values in April 

and June. Under the High Event Load case, the largest increases occur in April, June, July, and 

September. This irregular response is consistent with the more intermittent oil pattern observed during 

model validation. 

• Interpretation of forecast scenario crossing 

The High, Base, and Low curves occasionally cross. This behavior follows from the structure of the 

scenario rather than from a plotting error. XGBoost represents the data with a set of nonlinear tree splits, 

so changing Event Load can move an observation into a different combination of terminal leaves. At the 

same time, the scenario changes only selected disturbance variables; deferment history, earlier monthly 

behavior, affected units, and issue combinations continue to influence the prediction. A High Event Load 

can therefore produce a lower value than the Base case in a month where the remaining features point to 

lower loss. No monotonic constraint was imposed, so the model was not forced to increase LPO whenever 

Event Load increased. 

• Total LPO forecast 

Total monthly LPO was calculated by adding the forecasted PDT and UPDT components. For gas, the 

combined forecast totals approximately 1,377.75 MMSCF in 2026 (Figure 13). December has the largest 

monthly LPO at 224.95 MMSCF, followed by May at 212.88 MMSCF, March at 189.60 MMSCF, and 

July at 177.41 MMSCF. The ranking differs from the UPDT-only profile because planned downtime 

contributes materially to the total in several months. 

The oil total is dominated by forecasted PDT in several months (Figure 14). May records the highest 

value at approximately 29,600.76, followed by April at 17,015.10 and December at 7,875.57. The scale 

and timing of these peaks show that scheduled activity, rather than UPDT alone, determines the principal 

oil-LPO windows in the 2026 plan. 

This distinction matters for workover scheduling. A month with moderate UPDT can still be unsuitable for 

additional well activity if the existing plan already contains substantial downtime. The scheduling rule 

therefore uses the combined LPO profile while retaining PDT and UPDT as separate diagnostic inputs. 

4.5 Risk Index and WO Scheduling Results 

Table 2 links the principal gas and oil LPO drivers with the monthly Risk_Index, the proposed Plan_WO_Perf 

and Plan_WO_PCTGL allocations, and the resulting action category. It is the point at which the forecast is 

converted from a production-loss estimate into a planning recommendation. As shown in Figure 15, the number 

of proposed workover jobs generally falls as the monthly Risk Index increases. Low-risk months absorb more 

activity, whereas high-risk months retain capacity but avoid adding downtime to an already exposed production 

period. The allocation is therefore intentionally uneven across the year. 

A High-Risk Index denotes a month with greater forecast production-loss exposure. In those months, the DSS 

recommends holding or reducing workover activity unless a candidate is sufficiently urgent. Lower values create 

a more favorable window for additional jobs. The decision is not made from the index alone: the driver notes 

identify the relevant issue type, affected unit, and contribution to gas or oil LPO. The resulting actions are reported 

as Boost WO, Normal/Selective WO, or Hold/Reduce WO. 

• Risk index development results 

For gas, December has the highest monthly Risk Index, followed by May, March, and July; these are also the 

months with the largest combined gas LPO. The oil index peaks in May and then April, reflecting the strong 

PDT contribution in those months. The agreement between the index ranking and the forecast profile confirms 

that the scoring step retained the main production-loss signal. 
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Figure 13. 

Monthly total gas LPO forecast for 2026, showing the contributions of planned downtime (PDT) and unplanned downtime (UPDT). The stacked bars identify periods of elevated production-loss 

exposure relevant to workover planning. 

 

 

 

 

 

 

Figure 14.   

Monthly total oil LPO forecast for 2026, separated into planned downtime (PDT) and unplanned downtime (UPDT) components.
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Figure 15.   

Proposed monthly allocation of gas perforation, oil perforation, and PCTGL jobs for 2026,  

alongside the corresponding gas and oil Risk Indices 

 

• Workover scheduling allocation results 

The proposed 2026 program contains 73 gas perforation/workover jobs, 34 oil perforation/workover jobs, and 

15 oil PCTGL jobs. All remain within the annual capacity assumptions. The busiest month contains 16 

performance jobs against a limit of 20, while PCTGL reaches two jobs against a limit of five. Gas workover 

activity is concentrated in January, February, June, and August; none is assigned in May or December because 

of the higher monthly risk. 

• Planning action interpretation 

Boost WO is assigned to the lower-risk windows in January, February, June, August, and October. April, 

September, and November fall into Normal/Selective WO, which permits execution but requires tighter 

candidate screening. March, May, July, and December are classified as Hold/Reduce WO because their 

forecast LPO, particularly for gas, is relatively high. These categories redistribute the same limited 

capacity; they do not imply that every low-risk candidate should be executed or that urgent integrity work 

should be deferred. 

4.6 Impact of workover scheduling on production performance 

The recommended schedule was next evaluated in a production simulation. Two cases were compared: the 

DSS allocation described above and a conventional schedule that does not adjust monthly job placement using 

the predicted risk. 

 

Figure 16.   

Forecast Comparison Using DSS and Conventional Method. 
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Table 2.  

Risk Index and Workover Scheduling Results. 

 

Month Gas driver note total Oil driver note total 
Risk index 

GAS 

Risk index 

OIL 

Plan WO gas 

Perf 

Plan WO oil 

Perf 

Plan WO oil 

PCTGL 

Planning 

action 

Jan-

2026 

UPDT — Issue: Engine Oil Low 

Pressure, Vibration, Lubricant 

Unit: C-1500 (PAM), C-4200A (SEM), 

C-2650 (SEM) 

 

PDT — Issue: C-3600C Engine 

Exchange, C-1400 PM 4K, C-12000 PM 

2K 

Unit: C-3600C (NLM), C-1400 (SEM), 

C-12000 (MUT) 

UPDT — Issue: Engine Oil Low 

Pressure, Engine Under Speed, 

Engine Panel 

Unit: C-1500 (PAM), C-7400 

(PAM), C-2650 (SEM) 

 

PDT — Issue: C-12000 PM 2K, 

BCPHP PM serv 2k, NCPHP PM 

serv 2K 

Unit: C-12000 (MUT), BCPHP 

(BDK), NCPHP (NLM) 

0.010 0.018 12 3 1 Boost WO 

Feb-

2026 

UPDT — Issue: Engine Oil Low 

Pressure, High Temperature, Lubricant 

Unit: C-4600 (SEM), C-1500 (PAM), C-

4200A (SEM) 

 

PDT — Issue: C-4570 Booster GOH, C-

2800C PM 3K, C-2650 PM 2K 

Unit: C-4570 (MUT), C-2800C (MUT), 

C-2650 (SEM) 

UPDT — Issue: Engine Under 

Speed, Engine Oil Low Pressure, 

ESM 

Unit: C-1500 (PAM), C-2650 

(SEM), C-8200 (MUT) 

 

PDT — Issue: C-1280 PM 2K, C-

2650 PM 2K, C-2800C PM 3K 

Unit: C-1280 (MUT), C-2650 

(SEM), C-2800C (MUT) 

0.039 0.000 11 4 2 Boost WO 

Mar-

2026 

UPDT — Issue: Engine Panel, High 

Temperature, Low Suction Pressure 

Unit: C-4200A (SEM), C-1500 (PAM), 

C-2650 (SEM) 

 

PDT — Issue: Retrofit Panel Semberah 

Plant 14 (C-4500), C-7400 PM 2K, C-

1580 PM 2K 

Unit: C-7400 (MUT), C-1580 (SEM) 

UPDT — Issue: Engine Under 

Speed, ESM, Discharge Gas 

Pressure 

Unit: C-7400 (PAM), C-2650 

(SEM), C-5340 (NLM) 

 

PDT — Issue: C-8300 PM 2K, C-

1500 PM 2K, NCPHP PM serv 2K 

Unit: C-8300 (MUT), C-1500 

(PAM), NCPHP (NLM) 

0.815 0.014 1 3 1 Hold / reduce 

WO 

Apr-

2026 

UPDT — Issue: Engine Oil Low 

Pressure, Mechanical Issue, High 

Temperature 

Unit: C-4600 (SEM), C-4200A (SEM), 

C-4200B (MUT) 

 

PDT — Issue: C-7400 GOH, C-12000 

PM 2K, C-6700B PM 3K 

Unit: C-7400 (MUT), C-12000 (MUT), 

C-6700B (NLM) 

UPDT — Issue: Engine Under 

Speed, Engine Oil Low Pressure, 

Vibration 

Unit: C-1500 (PAM), C-2650 

(SEM), C-1400 (SEM) 

 

PDT — Issue: C-7400 GOH, C-

12000 PM 2K, BCPHP PM serv 2k 

Unit: C-7400 (MUT), C-12000 

(MUT), BCPHP (BDK) 

0.293 0.575 7 1 1 Normal / 

selective WO 

May-

2026 

UPDT — Issue: High Temperature, 

Discharge Gas Pressure, Low Suction 

Pressure 

Unit: C-4200A (SEM), C-1500 (PAM), 

C-2650 (SEM) 

 

PDT — Issue: C-12000 TOH, C-2030B 

PM 8K, C-2700 PM 8K 

Unit: C-12000 (MUT), C-2030B 

(NLM), C-2700 (MUT) 

UPDT — Issue: Engine Under 

Speed, ESM, Discharge Gas 

Pressure 

Unit: C-7400 (PAM), C-2650 

(SEM), C-5340 (NLM) 

 

PDT — Issue: C-12000 TOH, C-

1500 PM 2K, C-8100 PM serv 2K 

Unit: C-12000 (MUT), C-1500 

(PAM), C-8100 (SEM) 

0.937 1.000 0 0 0 Hold / reduce 

WO 

Jun-

2026 

UPDT — Issue: Engine Under Speed, 

Engine Oil Low Pressure, High 

Temperature 

Unit: C-4600 (SEM), C-4200A (SEM), 

C-1500 (PAM) 

 

PDT — Issue: C-2800C PM 3K, C-8200 

PM 3K, C-4800 PM 2K 

Unit: C-2800C (MUT), C-8200 (MUT), 

C-4800 (MUT) 

UPDT — Issue: Engine Oil Low 

Pressure, Vibration, ESM 

Unit: C-1500 (PAM), C-2650 

(SEM), C-4570 (MUT) 

 

PDT — Issue: C-8300 PM 2K, 

NCPHP PM serv 2K, C-2800C PM 

3K 

Unit: C-8300 (MUT), NCPHP 

(NLM), C-2800C (MUT) 

0.012 0.009 11 4 2 Boost WO 

Jul-

2026 

UPDT — Issue: Engine Oil Low 

Pressure, Lubricant, High Temperature 

Unit: C-4200A (SEM), C-1500 (PAM), 

C-4200B (MUT) 

 

PDT — Issue: C-1400 Exchange 

Engine, C-7040 PM 8K, C-12000 PM 

2K 

Unit: C-1400 (SEM), C-7040 (MUT), 

C-12000 (MUT) 

UPDT — Issue: Engine Oil Low 

Pressure, Discharge Gas Pressure, 

Low Suction Pressure 

Unit: C-1500 (PAM), C-4200B 

(MUT), C-9600 (MUT) 

 

PDT — Issue: C-12000 PM 2K, C-

7400 PM 2K, BCPHP PM serv 2k 

Unit: C-12000 (MUT), C-7400 

(MUT), BCPHP (BDK) 

0.752 0.022 2 3 1 Hold / reduce 

WO 

Aug-

2026 

UPDT — Issue: Lubricant, Low Suction 

Pressure, Engine Panel 

Unit: C-4200A (SEM), C-1500 (PAM), 

C-6200 (MUT) 

 

PDT — Issue: C-2500 PM 8K, C-7080 

PM 8K, C-6700B PM 3K 

Unit: C-2500 (MUT), C-7080 (BDK), 

C-6700B (NLM) 

UPDT — Issue: Engine Under 

Speed, ESM, Lubricant 

Unit: C-2650 (SEM), C-4200B 

(MUT), C-5340 (NLM) 

 

PDT — Issue: C-1500 PM 2K, C-

8100 PM serv 2K, C-2500 PM 8K 

Unit: C-1500 (PAM), C-8100 

(SEM), C-2500 (MUT) 

0.000 0.006 12 4 2 Boost WO 
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Table 2. Risk Index and Workover Scheduling Results. (continued). 

 

Month Gas driver note total Oil driver note total 
Risk index 

GAS 

Risk index 

OIL 

Plan WO gas 

Perf 

Plan WO oil 

Perf 

Plan WO oil 

PCTGL 

Planning 

action 

Sep-

2026 

UPDT — Issue: Mechanical Issue, High 

Temperature, Lubricant 

Unit: C-4600 (SEM), C-4200A (SEM), 

C-1500 (PAM) 

 

PDT — Issue: C-2700 Booster GOH, C-

12000 PM 2K, C-4600 PM 2K 

Unit: C-2700 (MUT), C-12000 (MUT), 

C-4600 (SEM) 

UPDT — Issue: Engine Under 

Speed, Vibration, Mechanical Issue 

Unit: C-7400 (PAM), C-2650 

(SEM), C-4200B (MUT) 

 

PDT — Issue: C-12000 PM 2K, C-

8300 PM 2K, NCPHP PM serv 2K 

Unit: C-12000 (MUT), C-8300 

(MUT), NCPHP (NLM) 

0.577 0.023 4 3 1 Normal / 

selective WO 

Oct-

2026 

UPDT — Issue: Engine Panel, Low 

Suction Pressure, Vibration 

Unit: C-4600 (SEM), C-4200A (SEM), 

C-9600 (MUT) 

 

PDT — Issue: C-4800 Engine 

Exchange, C-2450 PM 8K, C-8200 PM 

3K 

Unit: C-4800 (MUT), C-2450 (SEM), 

C-8200 (MUT) 

UPDT — Issue: Engine Under 

Speed, Vibration, High Temperature 

Unit: C-7400 (PAM), C-2650 

(SEM), C-9600 (MUT) 

 

PDT — Issue: C-1280 PM 2K, C-

2450 PM 8K, C-2650 PM 2K 

Unit: C-1280 (MUT), C-2450 

(SEM), C-2650 (SEM) 

0.209 0.000 8 4 2 Boost WO 

Nov-

2026 

UPDT — Issue: Engine Under Speed, 

High Temperature, Engine Panel 

Unit: C-4200A (SEM), C-1500 (PAM), 

C-2650 (SEM) 

 

PDT — Issue: C-2800B GOH, C-5500A 

TOH, C-4800 PM 2K 

Unit: C-2800B (MUT), C-5500A 

(NLM), C-4800 (MUT) 

UPDT — Issue: Vibration, ESM, 

Discharge Gas Pressure 

Unit: C-1400 (SEM), C-7400 

(PAM), C-2650 (SEM) 

 

PDT — Issue: C-7400 PM 2K, C-

1500 PM 2K, Pencegahan LPO per 

tahun sebesar 26.59 MMSCF & 

2933 BBL dengan penggantian jalur 

pipa flowline ke sumur injeksi di 

Badak Plant 

Unit: C-7400 (MUT), C-1500 

(PAM) 

0.452 0.016 5 3 1 Normal / 

selective WO 

Dec-

2026 

UPDT — Issue: Low Suction Pressure, 

Discharge Gas Pressure 

Unit: C-4600 (SEM), C-4200A (SEM), 

C-1500 (PAM) 

 

PDT — Issue: C-2800C GOH, C-8300 

Booster GOH, C-2600 PM 8K 

Unit: C-2800C (MUT), C-8300 (MUT), 

C-2600 (MUT) 

UPDT — Issue: Engine Under 

Speed, Low Suction Pressure, High 

Temperature 

Unit: C-2650 (SEM), C-5340 

(NLM), C-8200 (MUT) 

 

PDT — Issue: C-8300 Booster 

GOH, C-12000 PM 2K, BCPHP PM 

serv 2k 

Unit: C-8300 (MUT), C-12000 

(MUT), BCPHP (BDK) 

1.000 0.266 0 2 1 Hold / reduce 

WO 

 

 

Figure 16 compare production forecast result using decision support system (DSS) vs conventional method. 

Conventional case produces 83.43 MMscfd of gas and 9,650 BOPD of oil in the 2026 simulation. Using the LPO 

forecast, Risk Index, and monthly workover actions shifts jobs toward lower-risk windows and raises the projected 

rates to 84.56 MMscfd and 9,805 BOPD. The difference is 1.13 MMscfd of gas and 155 BOPD of oil. Because 

the number of jobs is still constrained, the improvement is attributed mainly to timing rather than to adding 

unlimited intervention activity. 

The monthly plots show that most of the production improvement occurs when jobs are moved into low-risk 

periods and removed from high-risk periods. Job count alone is therefore an incomplete measure of schedule 

quality; the background LPO burden in the execution month also matters. This timing strategy is feasible in Field 

‘YUD’ because the rigless contract is charged per executed job. Reducing activity in one month does not create a 

direct standby cost, so a Hold/Reduce action can avoid incremental deferment without leaving a paid unit idle. 

Figure 17 and Table 3 illustrate how the gas LPO profile is translated into monthly workover decisions. The 

upper bars in Figure 17 compare the gas production rates generated by the conventional and DSS-based schedules, 

while the lower bars represent the PDT and UPDT contributions to monthly LPO. As summarized in Table 3, 

March, May, July, and December record relatively high gas Risk Indices of 0.82, 0.94, 0.75, and 1.00, respectively, 

and are therefore classified as Hold/Reduce WO periods with limited or no perforation jobs. In contrast, January, 

February, June, August, and October are classified as Boost WO periods and receive higher workover allocations. 

April, September, and November are categorized as Normal/Selective WO periods. This risk-based redistribution 

increases the projected average gas production from 83.43 to 84.56 MMscfd, representing an improvement of 

1.13 MMscfd over the conventional schedule. 
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Figure 18 and Table 4 present the corresponding results for oil production. The largest oil LPO values occur 

in May, April, and December, at approximately 1,314, 726, and 590 bbl, respectively. Accordingly, Table 4 

assigns no perforation or PCTGL jobs in May, while workover activity is limited in April and December. Higher 

numbers of perforation and PCTGL jobs are allocated to months with lower production-loss exposure, particularly 

February, June, August, and October. The operational recommendations in Table 4 reflect the combined field-

level risk assessment; therefore, the final action category considers both gas and oil conditions rather than the oil 

Risk Index alone. Although the DSS profile is slightly lower than the conventional profile in several months 

because of job rescheduling, the production benefits are recovered in subsequent lower-risk periods. Overall, the 

DSS increases the projected average oil production from 9,650 to 9,805 BOPD, corresponding to an improvement 

of 155 BOPD. These results demonstrate that workover performance depends not only on the total number of jobs 

but also on their timing relative to the monthly PDT and UPDT profiles. 

 

 

 

Figure 17.   

Monthly Gas Production and LPO Chart. 

 

 

 

 

Figure 18.   

Monthly Oil Production and LPO Chart.
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Table 3.  

Risk Index, Workover Schedule, and Gas Perforation Action Plan. 

 

 
Job Type Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

 

 Risk 

Index 
0,01 0,04 0,82 0,29 0,94 0,01 0,75 0,00 0,58 0,21 0,45 1,00 

 

 Workover 

Job (Perf) 
12 11 1 7 0 11 2 12 4 8 5 0 

 

 

Remark 
Boost 

WO 

Boost 

WO 

Hold / 

reduce 

WO 

Normal / 

selective 

WO 

Hold / 

reduce 

WO 

Boost 

WO 

Hold / 

reduce 

WO 

Boost 

WO 

Normal / 

selective 

WO 

Boost 

WO 

Normal / 

selective WO 

Hold / 

reduce 

WO 

 

 

 

 

Table 4.  

Risk Index, Workover Schedule, and Oil Perforation and PCTGL Action Plan. 

 

 

Job Type Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

 

 Risk Index 0.02 0.00 0.01 0.57 1.00 0.01 0.02 0.01 0.02 0.00 0.02 0.27  

 Workover 

Job (Perf) 
3 4 3 1 0 4 3 4 3 4 3 2 

 

 WO PCTGL 1 2 1 1 0 2 1 2 1 2 1 1  

 

Remark 
Boost 

WO 

Boost 

WO 

Hold / 

reduce 

WO 

Normal / 

selective 

WO 

Hold / 

reduce 

WO 

Boost 

WO 

Hold / 

reduce 

WO 

Boost 

WO 

Normal / 

selective 

WO 

Boost 

WO 

Normal / 

selective 

WO 

Hold / 

reduce 

WO 
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4.7 Discussion 

The error metrics and feature rankings indicate that XGBoost captured a meaningful relationship between 

operating events and LPO. The gas forecast is the more stable of the two, and its leading variables - Low Suction 

Pressure, Vibration, Discharge Gas Pressure, and Engine Oil Low Pressure - point consistently to compressor 

performance. This is consistent with the field configuration: when compression is restricted, deliverable gas 

cannot be fully realized even if reservoir and well capacity remain available. 

Oil LPO is less regular. Its larger RMSE and sMAPE reflect abrupt peaks and several near-zero observations 

rather than a uniform bias across the test period. Compressor and issue-level variables still appear in the oil 

ranking, suggesting that shared facility conditions influence oil realization, but they do not explain the full 

variation. Additional well and process-level variables may be needed to resolve the remaining oil error. 

A second result is the importance of separating PDT from UPDT. In April and May, for example, the oil profile 

is driven mainly by planned downtime. A scheduler using only the UPDT forecast could interpret those months 

as available and add intervention-related deferment to an already heavy plan. Combining the components prevents 

that specific planning error while still showing whether the exposure is planned or unexpected. 

The Risk Index provides the link between that forecast and the workover decision. It does not merely rank 

months by predicted loss; it also introduces uplift, urgency, job duration, resources, and integrity information. 

Consequently, a high-loss month is treated cautiously rather than automatically closed, and a low-loss month still 

requires technically ready candidates. 

The production simulation supports this use of the forecast. Relative to the conventional plan, the DSS case 

gains 1.13 MMscfd of gas and 155 BOPD of oil without exceeding the assumed annual or monthly job capacity. 

The result should be interpreted as a scenario comparison, not as a guaranteed field gain, because actual execution 

will depend on candidate success, facility availability, and operating conditions in 2026. 

4.8 Main research findings 

Optimization in this case means choosing a better execution window, not keeping the rigless unit continuously 

occupied. Costs are incurred for completed jobs, so shifting or withholding a non-urgent job does not create the 

standby exposure associated with a continuously contracted rig. The economic value of the DSS therefore comes 

from two sources: production gained when work is placed in a favorable month and production loss avoided when 

unnecessary activity is removed from a high-risk month. 

Three findings are most relevant to field planning. First, both models met the adopted sMAPE threshold, 

although the gas forecast was more stable. Second, recurring compressor events, downtime counts, low suction 

pressure, and vibration were among the most informative LPO features, highlighting facility reliability as a central 

production constraint. Third, the 2026 Risk Index translated the forecast into distinct workover windows: Boost 

WO in low-risk months, Normal/Selective WO in intermediate months, and Hold/Reduce WO in months with 

high combined LPO. The simulated production response indicates that this timing-based allocation can outperform 

the conventional schedule within the same capacity limits. 

 

5. Conclusion 

The analysis leads to the following conclusions: 

XGBoost provided a quantitative monthly lost production oppurtunity (LPO) forecast from the available 

historical field data. The gas and oil models achieved sMAPE values of 16.79% and 19.06%, respectively, and 

the gas model reproduced the test-period pattern more consistently. Model interpretation also identified plausible 

operational drivers, particularly compressor-related events, low suction pressure, vibration, and recurring 

equipment units. 

Forecasting planned downtime (PDT) and unplanned downtime (UPDT) separately gave the Risk Index 

information that an unplanned downtime (UPDT) only estimate would miss. The forecast supported practical 
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decisions to increase, selectively execute, or postpone workover activities based on operational risk and 

candidate readiness. 

Embedding the forecast and Risk Index in a DSS improved the simulated 2026 production result from 83.43 

to 84.56 MMscfd for gas and from 9,650 to 9,805 BOPD for oil. The improvement came from changing job timing 

within the assumed capacity, rather than from increasing activity without limit. For the rigless arrangement used 

in Field ‘YUD’, holding a non-urgent job during a high-risk month is also economically credible because costs 

are based on executed work and no direct idle-unit charge is incurred. 

The principal limitation is the short monthly history: only 36 aggregated observations were available after pre-

processing. Future work should extend the observation period and add real-time facility measurements, 

maintenance history, well-level conditions, and clearer event taxonomy. Those additions would allow temporal 

validation across more than one operating cycle and may improve the model's response to rare oil-LPO peaks. 

The scheduling component could also be developed into a formal economic optimization that includes job-

specific cost, hydrocarbon price, probability of success, and the revenue exposed during execution. Before field 

use, every recommendation should continue to pass through engineering review, candidate-readiness checks, and 

the current operating constraints of Field ‘YUD’. 
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8. Glossary of terms and symbols 

Terms & Symbol Definition Unit 

LPO Lost Production Opportunity; production volume that cannot be 

realized because of well, operational, or facility constraints. 

MMSCF 

(gas); bbl 

(oil) 

PDT Planned Downtime; production loss associated with scheduled 

maintenance, shutdowns, or well activities. 

MMSCF 

(gas); bbl 

(oil) 

UPDT Unplanned Downtime; production loss caused by unexpected 

equipment failures, well problems, or facility restrictions. 

MMSCF 

(gas); bbl 

(oil) 

DSS Decision Support System used to support workover scheduling and 

production-planning decisions. 

– 

EDA Exploratory Data Analysis. – 

XGBoost Extreme Gradient Boosting; the machine-learning algorithm used to 

predict LPO. 

– 

WO Workover; a well intervention performed to restore or improve 

production performance. 

job 

Perf Perforation activity. job 

PCTGL Permanent Coiled Tubing Gas Lift. job 

MAE Mean Absolute Error; the average absolute difference between actual 

and predicted values. 

Same as 

target 

variable 

RMSE Root Mean Square Error; an error measure that gives greater weight to 

large prediction errors. 

Same as 

target 

variable 

sMAPE Symmetric Mean Absolute Percentage Error. % 

R² Coefficient of determination; the proportion of variation explained by 

the model. 

– 

Risk Index Composite indicator of monthly production-loss exposure and 

workover-execution risk. 

– 

Event Load Relative intensity of disturbance-related events used in the forecast 

scenarios. 

– 

Plan_WO_Perf Planned monthly allocation of perforation or workover jobs. job/month 

Plan_WO_PCTGL Planned monthly allocation of PCTGL jobs. job/month 

BOPD Barrels of oil per day. bbl/d 

MMSCF Million standard cubic feet. MMSCF 

MMscfd Million standard cubic feet per day. MMscf/d 

bbl Barrel of oil. bbl 

L Overall objective or loss function of the XGBoost model. – 

l(yᵢ, ŷᵢ) Training loss between the actual and predicted values for observation i. – 

yᵢ Actual value of the target variable for observation i. MMSCF or 

bbl 

ŷᵢ Predicted value of the target variable for observation i. MMSCF or 

bbl 

i Observation index. – 

k Tree index in the XGBoost model. – 

fₖ Prediction function produced by tree k. – 

Ω(fₖ) Regularization term for tree k. – 

T Number of leaves in a decision tree. count 

w Vector of decision-tree leaf weights. – 

γ Regularization parameter controlling the penalty for adding tree leaves. – 

λ L2 regularization coefficient applied to leaf weights. – 
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