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Abstract  

This study aims to analyze the deviation value of the Measuring and Limiting Device (APP) in 

the indirect measurement system of medium voltage customers at PT PLN (Persero) UP3 

Belitung. Measurements were carried out using two approaches, namely manually using the 

WS2330 Portable Standard Meter and digitally through the PLN Daily Performance Monitoring 

(DPM) system. Tests were conducted on industrial customers, namely PT Tommy Utama, PT 

Timah TBK, and PT Hafidar Sukses Nusantara. The measurement results showed a significant 

decrease in the deviation value after technical repair actions. Before the repair, the highest 

deviation value of 3.2% occurred in PT Timah TBK customers. The average deviation value after 

the repair was within the tolerance limit of SPLN 34-2:2012 (±0.5%–1%). In addition, the 

measurement data were used to build a Random Forest Classifier model to automatically classify 

APP conditions based on the WS2330 and DPM output parameters. The simulation results 

showed an accuracy of 83.8% indicating the great potential of applying machine learning in 

supporting the early detection system for APP deviations. This study recommends the 

development of a Hybrid Monitoring System based on the integration of field and digital data to 

improve the reliability of the measurement system at PLN. 
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Introduction  

Electrical energy is one of the fundamental necessities of modern society, playing a crucial 

role in supporting economic, social, and technological development [1], [2]. As the national 

electricity provider, PT PLN (Persero) is responsible for ensuring reliable electricity distribution 

and accurate recording of energy consumption. This recording process is carried out through the 

Measuring and Limiting Device (Alat Pengukur dan Pembatas, APP), which serves as the basis 

for electricity energy transactions between customers and PLN [3]. 

Accurate APP performance not only ensures fairness for customers in billing processes but 

also directly contributes to the reduction of energy losses, which represent one of PLN’s key 

performance indicators [4]. Deviations or inaccuracies in APP measurements lead to 

discrepancies between actual energy consumption and recorded values, potentially resulting in 

financial losses for both PLN and customers [5]. On a broader scale, undetected and systematic 

APP deviations may undermine PLN’s operational accountability and affect tariff policies as well 

as long-term energy planning. 

 Medium-voltage (MV) customer metering systems generally employ indirect 

measurement methods involving Current Transformers (CTs) and Potential Transformers (PTs) 

[6]. Although this approach is more practical and safer for high-capacity customers, the use of 

CTs and PTs introduces additional sources of error within the measurement system [7]. Several 

factors may contribute to APP deviation, including CT/PT failures that alter current or voltage 

ratios, installation or wiring errors that lead to measurement mismatches, burdens that do not 

comply with SPLN standards, and environmental conditions such as high humidity, flooded 

cubicles, or exposure to extreme temperatures. 

Previous studies have emphasized the importance of APP accuracy and the impact of 

CT/PT errors on measurement results [8], [9]. However, most existing research remains limited 

to manual analysis using calibration instruments and has not yet integrated data-driven analytical 

approaches to support early detection of measurement deviations [10], [11]. 

Advancements in digital technology have enabled real-time collection of customer energy 

consumption data through Automatic Meter Reading (AMR) systems such as Amicon. The 

generated data include load profiles, voltage, current, power factor, and event logs, which have 

significant potential for further analysis to detect anomalies or APP deviations. Nevertheless, in 

practice, these data have not been optimally utilized for predictive or classification purposes [12]. 

On the other hand, Machine Learning (ML) methods have been widely applied in power 

systems, including load forecasting, fault detection, and reliability prediction of distribution 

networks [13]. The application of ML for detecting APP measurement deviations remains 

relatively limited, despite its substantial potential to enhance PLN’s operational efficiency [14]. 

Along with the ongoing digitalization of power systems, data from Daily Performance 

Monitoring (DPM) or Amicon (Automatic Meter Reading) platforms can be leveraged for 

automatic deviation detection. By employing Machine Learning techniques, historical customer 

energy consumption data can be analyzed to identify deviation patterns (anomalies) and classify 

APP operating conditions. 

The research problems addressed in this study are formulated as follows: 

1. To determine the calculation and measurement of deviation values in the Measuring and 

Limiting Device (Alat Pengukur dan Pembatas, APP) within an indirect metering system. 

2. To evaluate APP performance through field measurements using the WS2330 Portable 

Standard Meter and digital data analysis obtained from the Daily Performance Monitoring 

(DPM) system. 

3. To identify the causes of measurement errors in APP installed for medium-voltage customers 

at PT PLN (Persero) UP3 Belitung. 

 

The research problems addressed in this study are formulated as follows: 

1. To determine the calculation and measurement of deviation values in the Measuring and 

Limiting Device (Alat Pengukur dan Pembatas, APP) within an indirect metering system. 
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2. To evaluate APP performance through field measurements using the WS2330 Portable 

Standard Meter and digital data analysis obtained from the Daily Performance Monitoring 

(DPM) system. 

3. To identify the causes of measurement errors in APP installed for medium-voltage customers 

at PT PLN (Persero) UP3 Belitung. 

 

Based on these problems, this study aims to analyze the calculation and measurement of 

APP deviation values in an indirect metering system, to conduct both manual (WS2330-based) 

and digital (DPM-based) APP testing in order to evaluate measurement accuracy, to identify the 

technical and data-related factors contributing to APP measurement errors, to apply a Random 

Forest Classifier algorithm for automatic classification of APP operating conditions, and to 

develop a Hybrid Monitoring System concept as an early detection mechanism for APP 

deviation at PLN. Consequently, this research provides a practical contribution to PT PLN 

(Persero) in enhancing the reliability of its electrical energy metering system. 

 

Literature Review 

1.1 Measuring and Limiting Device (APP) 

The Measuring and Limiting Device (Alat Pengukur dan Pembatas, APP) is the primary 

equipment used by PT PLN (Persero) to record customer electrical energy consumption. The 

APP consists of a kWh meter, a power limiter, a Current Transformer (CT), and a Potential 

Transformer (PT). For customers with high power demand or medium-voltage levels, an indirect 

metering system is applied, which relies on CTs and PTs to enable safe measurement of current 

and voltage values [17].Sistem Pengukuran Tidak Langsung 

 

1.2 Indirect Metering System 

For medium-voltage (MV) customers, an indirect metering system is employed because high 

current and voltage levels cannot be measured directly by energy meters. Therefore, CTs and 

PTs are used to step down current and voltage to safe levels for metering equipment. However, 

mismatched CT/PT ratios, wiring errors, and environmental conditions such as temperature and 

humidity may introduce measurement deviations. CT errors in the range of 2–3% can 

significantly affect kWh measurement results. Consequently, routine APP testing is required to 

ensure that measurement accuracy remains in compliance with SPLN standards. 

 

1.3 APP Measurement Deviation 

Measurement deviation refers to the difference between the APP measurement results and 

the actual electrical energy consumed. The primary causes of deviation include CT/PT failures—

such as CT core saturation or winding damage, which alter the current ratio delivered to the 

meter—installation or wiring errors, including phase or polarity mismatches that may lead to 

negative or inaccurate power calculations, non-compliant burden conditions in which excessive 

secondary loads increase measurement error, and adverse environmental conditions such as high 

humidity, extreme temperatures, or flooded cubicles that affect insulation performance and 

measurement accuracy. CT errors can impact measurement accuracy by several percentage 

points, leading to significant implications for energy billing values [6]. Meanwhile, the WS2330 

Portable Standard Meter manual explains that portable testing can directly detect kWh and CT 

deviation errors in the field, thereby supporting technical inspection of APP installations [12]. 

 

1.4 APP Testing Using the WS2330 Instrument 

The WS2330 Portable Standard Meter is a field testing instrument used by PLN to directly 

evaluate the accuracy of kWh meters, CTs, and PTs. The WS2330 is capable of detecting 

installation errors and CT/PT mismatches with high accuracy. The testing procedure includes 

measurements of current, voltage, power, and power factor, which are then compared against 
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standard reference values. Despite its effectiveness, this method has limitations, as it is manual 

in nature and not performed continuously. 

 

1.5 Application of Machine Learning in Metering Systems 

Advances in Machine Learning (ML) have created significant opportunities for improving 

power system management. Previous studies [15] have demonstrated that ML models such as 

Random Forest and Decision Tree algorithms can identify system fault patterns with high 

accuracy. In this study, a Random Forest Classifier algorithm is employed to classify APP 

operating conditions based on PLN’s Daily Performance Monitoring (DPM) data into three 

categories: Normal, Minor Deviation, and Major Deviation [18], [19]. 

 

Research Methodology  

The research was conducted within the operational area of PT PLN (Persero) UP3 Belitung. Data 

were collected using two primary methods: 

1. Field measurements using the WS2330 Portable Standard Meter on customers PT Tommy 

Utama, PT Timah Tbk, and PT Hafidar Sukses Nusantara. 

2. Digital data obtained from PLN's Daily Performance Monitoring (DPM) system, including 

parameters of active energy, load current, voltage, and power factor. 

 

The research stages consisted of the following steps: 

1. A literature review covering SPLN 34-2:2012 standards and the fundamental theory of 

indirect metering systems. 

2. Collection of field measurement data and digital monitoring data. 

3. Data preprocessing, including the removal of missing values, time alignment, and data 

verification. 

4. Deviation calculation using the following equation: 

 

Deviation (%) =
𝐸𝑎𝑐𝑡𝑢𝑎𝑙 − 𝐸𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑

𝐸𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
× 100 

 

5. Classification of APP operating conditions into three categories: Normal (<0.5%), Minor 

Deviation (0.5–1%), and Major Deviation (>1%). 

6. Implementation of the Random Forest Classifier algorithm using combined WS2330 and 

DPM measurement data, with an 80% training set and 20% testing set split. 

7. Validation of the classification results using accuracy as the evaluation metric 

 

The research workflow is illustrated in Figure 1, encompassing the stages of literature 

review, data collection, deviation analysis, implementation of the machine learning model, and 

result validation. 

 
Figure 1. Research Workflow Diagram. 
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Results  

Test Results 

The study was conducted within the operational area of PT PLN (Persero) UP3 Belitung, 

involving three medium-voltage customers: PT Tommy Utama, PT Timah Tbk, and PT Hafidar 

Sukses Nusantara. 

1. PT Tommy U*** 

a. Monthly kWh Consumption Analysis (DPM Monitoring) 

The DPM monitoring results indicate that this customer experienced a 39% decrease in monthly 

kWh consumption compared to the previous six months. The kWh consumption data are 

presented in Figure 2. 

 

 
Figure 2. Monthly kWh Consumption (DPM Monitoring) of PT Tommy U* ** 

b. AMR Reading Inspection Using the Amicon Application 

Based on the AMR readings obtained through the Amicon application, an anomaly was 

identified in the secondary current of the kWh meter, where the recorded secondary current 

value was zero (0). The AMR reading results for customer PT Tommy* are presented in Figure 

3. 

 
Figure 3. AMR Reading Results from the Amicon Application 

c. APP Testing through On-Site Measurements Using Measuring Instruments 

On 26 July 2023, an inspection was conducted using the WS2330 Portable Standard Meter to 

identify the cause of the secondary current mismatch with the multiplication factor. The 

inspection covered the APP system, the PLN-side cubicle, as well as the condition of the 

equipment and building facilities. The results are presented in Figure 4. 

 

 
Figure 4. Results of CT Error Inspection on Customer APP 
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The measurement results indicate significant CT errors, namely −96.423% (R phase), 

−91.434% (S phase), and −88.162% (T phase). The corresponding primary currents were 

21.8183 A, 20.6454 A, and 23.7353 A, while the secondary currents were 0.07804 A, 0.17685 

A, and 0.28098 A, respectively. The CT ratio applied was 50/5. The error calculation is 

presented in the following equation. 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 =
((𝐾𝑡 𝑥 𝐼𝑠)− 𝐼𝑝)

𝐼𝑝
 𝑥 100 = %    ........................................................................... (1) 

Dimana Kt adalah Ration CT = 10 

⚫ 𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑅 =
((10 𝑥 0,07804)− 21,8183)

21,8183
 𝑥 100 = % ................................................ (2) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑅 =
(0,7804− 21,8183)

21,8183
 𝑥 100 = % ........................................................ (3) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑅 = (−0,96423) 𝑥 100 = %  ............................................................ (4) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑅 = − 96,423%  

◼ 𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑆 =
((10 𝑥 0,17685)− 20,6454)

20,6454
 𝑥 100 = % ................................................. (5) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑆 =
(1,7685− 20,6454)

20,6454
 𝑥 100 = %   ...................................................... (6) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑆 = (−0,91894) 𝑥 100 = %  ............................................................ (7) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑆 = − 91,894% 

◼ 𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑇 =
((10 𝑥 0,28098)− 23,7353)

23,7353
 𝑥 100 = %   ............................................... (8) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑇 =
(2,8098− 23,7353)

23,7353
 𝑥 100 = %  ........................................................ (9) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑇 = (−0,881619) 𝑥 100 = %  ........................................................ (10) 

𝐸𝑟𝑟𝑜𝑟 𝐶𝑇 𝑃ℎ𝑎𝑠𝑎 𝑇 = − 88,1619% 

 

Accordingly, the average CT error for this customer was −92.0063%. Visual inspection 

revealed that the PLN-side cubicle ducting was flooded and corroded, and the cubicle CT was 

burnt and cracked. These conditions are illustrated in Figure 5. 

 

  
 

Figure 5. Flooded Cubicle Ducting and Burnt, Physically Cracked CT on the PLN-Side 

Cubicle 

⚫ Corrective Actions for Customer PT Tommy* 

1. Replacement of the CT in accordance with the installed CT ratio, as shown in the figure 

below. 

  
        (a)                        (b) 

Figure 6. (a) CT condition before replacement, (b) newly installed CT after replacement 

2. Rehabilitation of the cubicle room by draining the accumulated water around the cubicle 

ducting and renovating the cubicle room. The rehabilitation process of the cubicle room 

is shown in the figure below. 
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Figure 7. The process of draining the accumulated water around the cubicle ducting 

⚫ Results of Monthly kWh Consumption Inspection (DPM Monitoring) 

The monthly kWh consumption of PT Tommy* after the corrective actions is shown in Figure 8. 

 
Figure 8. Monthly kWh Consumption (DPM Monitoring) of PT Tommy* 

Based on the DPM monitoring results shown above, the customer’s monthly kWh consumption 

increased by up to 197% after corrective actions were implemented on the field-installed 

equipment. 

 

2. PT Tima* T** 

a. Monthly kWh Consumption Inspection (DPM Monitoring) 

DPM monitoring shows a decrease in monthly kWh consumption in May 2023 to 28,000 

kWh, down from the previous average of 100,000 kWh per month. The data are presented in 

Figure 9.  

 
Figure 9. DPM Monitoring 

b. AMR Reading Inspection via the Amicon Application 

The AMR readings obtained via the Amicon application (Figure 10) indicate an undervoltage 

anomaly, characterized by the loss of voltage in the R phase with a recorded kWh voltage 

value of zero. 

 
Figure 10. Instant Data Display from AMR Readings in the Amicon Application Showing Zero 

Voltage on the R Phase 

c. On-Site APP Inspection 

On 27 June 2023, the inspection results indicated an R-phase voltage of 0 V and a current of 

0.77 A, as shown in Figure 11 
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   (a)                          (b)  (c) 

Figure 11. (a) Vr, (b) Vs, (c) Vt 

      
   (a)                       (b)                      (C) 

Figure 12. (a) Arus Phasa R, (b) Arus Phasa S, (c) Arus Phasa T 

Test Results Using the Calibration Test Instrument Before Corrective Actions 

After testing with the kWh calibration test instrument, the measured R-phase voltage was 

11.01 V, the S-phase voltage was 49.73 V, and the T-phase voltage was 49.42 V. The kWh 

measurement results obtained using the calibration test instrument are shown in Figure 13 

below. 

 
Figure 13. kWh Meter Test Results for PT Timah* 

 

Physical Inspection Results for PT Timah*** 

The inspection process included examination of the CTs and PTs in the cubicle, wiring 

configuration, and the physical condition of each component. The inspection process is shown 

in the figure below. 

  
Figure 14. Inspection of Customer PT Timah*** 

 

The R-phase voltage loss was caused by the VT output cable becoming detached from the 

MCB bolt. In the Schneider cubicle, the VT cable supplying the kWh meter passes through a 

terminal block and an MCB; therefore, when the cable became detached, the voltage at the kWh 

meter was also lost. The configuration is illustrated in the following single-line diagram. 
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Figure 15. Single Line Diagram Wiring Kubikel Schneider 

Corrective Actions for Customer PT Timah*** 

1. The cable that had become detached from the MCB bolt was reconnected, restoring the 

voltage supply to the kWh meter to normal conditions. The test results indicate that the R-

phase voltage has returned to normal, as shown in Figure 16. 

 

 
Figure 16. Measurement Results After Corrective Actions 

Simulation of Measured Power and Meter Error Calculation for PT Timah*** 

 

 
Figure 17. Simulation of kWh Error Calculation After Corrective Actions 

 

Normal Condition: Power Measured at the kWh Meter: 

𝑃𝑟 = 𝑉𝑟 × 𝐼𝑟 × 𝐶𝑂𝑆 𝜑𝑟 = 58,10 × 0.803 × 0.969 = 45,23 𝑊 .................................. 

 (4.16) 

𝑃𝑠 = 𝑉𝑠 × 𝐼𝑠 × 𝐶𝑂𝑆 𝜑𝑠 = 58,93 × 0.853 × 0.961 = 48,29 𝑊 ......................... (4.17) 

𝑃𝑡 = 𝑉𝑡 × 𝐼𝑡 × 𝐶𝑂𝑆 𝜑𝑡 = 58,5 × 0.8024   × 0.95   = 44,59 𝑊 ....................... (4.18) 

    Jumlah = 138,11W 

Phase R Voltage Condition 0 (Zero), Power Measured on the kWh Meter: 

𝑃𝑟 = 𝑉𝑟 × 𝐼𝑟 × 𝐶𝑂𝑆 𝜑𝑟 = 0         × 0.8034 × 0.969 = 0 𝑊  .............................. (4.6) 

𝑃𝑠 = 𝑉𝑠 × 𝐼𝑠 × 𝐶𝑂𝑆 𝜑𝑠 = 49.73 × 0.8528 × 0.961 = 40,75 𝑊  .................... (4.7) 

𝑃𝑡 = 𝑉𝑡 × 𝐼𝑡 × 𝐶𝑂𝑆 𝜑𝑡 = 49.42 × 0.8024   × 0.95 = 37,67 𝑊  ...................... (4.8) 

  Jumlah = 78,42 W 

Measured Power 

 𝑃 =
78,42

138,11 
× 100% = 56,78 %  .............................................................................. (4.19) 

Error 

𝐸 = (
78,42 

138,3 
− 1) × 100 % = −43,21 %  .................................................................. (4.20) 
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Comparison of kWh Consumption Before and After Repair 

 
Figure 18. Monthly kWh Consumption Monitoring (DPM Monitoring) After Repair 

From the figure above, a significant change in the monthly kWh consumption of this 

customer can be observed. In month 5, PT Timah***’s kWh consumption was only 28,000 kWh 

after the repair. In the following months, the kWh consumption increased considerably, remaining 

above 100,000 kWh per month. The test results are presented in Table 1. 

 

Table 1. The Test Results 

No Customer Name Deviation 

Before (%) 

Deviation  

After (%) 

Technical Notes 

1 PT Tommy U** 2.5 0.3 CT malfunction occurred; 

current transformer 

replaced. 

2 PT Timah *** 3.2 0.4 Broken cable on the VT 

output side; cable 

reconnected.. 

3 PT Hafidar Sukses 

Nusantara 

1.8 1.5 Values within tolerance 

limits; no repair 

performed. 

 

The test results indicate that the deviation values before repair were relatively high (>2%), 

suggesting the presence of energy measurement errors. After the repair, all customers showed a 

significant reduction in deviation to below 2%, indicating that the APP (energy metering device) 

had returned to accurate operation. These findings suggest that common errors in the APP are 

caused by: 

• CT/PT transformer damage, resulting in disproportionate current and voltage readings. 

• Disconnected cables on the VT output side, causing active energy to go unrecorded. 

• Phase load imbalance, which affects power and power factor (cos φ) values. 

 
Figure 19. Measurement Deviation Graph Before and After Repair 

Classification Analysis Using Machine Learning 

To support the technical analysis, this study applies the Random Forest Classifier algorithm 

in the classification of APP (Energy Metering and Limiting Device) conditions. The purpose of 
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applying this model is to identify measurement deviation conditions based on digital data from 

PLN’s Daily Performance Monitoring (DPM) system. The results of the Machine Learning 

model testing are shown in Figure 20 below. 

 

 
Figure 20. Confusion Matrix of APP Condition Classification Results (Random Forest 

Classifier) 

The measurement data were used to train the Random Forest Classifier model. This model 

classifies APP conditions into three categories: Normal, Minor Deviation, and Major Deviation. 

The training results yielded an accuracy of 83.8%, a precision of 0.91, a recall of 0.89, and an 

RMSE of 0.42. These results demonstrate the potential of machine learning to assist PLN in 

implementing a DPM-based early warning system. 

 

Conclusion  

Based on the research results, it can be concluded that APP testing using WS2330 and 

PLN’s DPM data provides consistent outcomes. After technical repairs were performed, all 

customers showed a significant reduction in deviation, bringing the values within the SPLN 34-

2:2012 tolerance limits. The application of the Random Forest Classifier was able to 

automatically classify APP conditions with an accuracy of up to 83.8%. This approach can be 

further developed into a Hybrid Monitoring System, an integrated monitoring system combining 

field measurements and DPM digital data, to detect deviations early and support predictive 

maintenance of APP at PLN. 
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