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ABSTRACT: The identification of tea harvesting areas is an important part of tea culture. The use of 

satellite imagery for this application offers effectiveness. PlanetScope imagery has the advantage of 

high spatial, spectral, and temporal resolution and is widely used in agricultural and plantation studies. 

The objective of this study was to map tea pruning areas in the Danau Kembar Tea Plantation, Solok 

Regency, West Sumatra, using PlanetScope imagery. The images underwent radiometric, geometric 

correction and were then analyzed spectrally using the Normalized Difference Vegetation Index 

(NDVI) to obtain tea vegetation density classes. The image map resulting from this classification was 

used to identify the spatial distribution of harvesting and non-harvesting areas. The mapping results 

were validated by field surveys, and accuracy calculations were performed using the confusion matrix 

method. The findings showed that 250.50 hectares or 90.37% of the study area, are harvesting areas, 

with mapping accuracy reaching 84.0%. This study can provide an important reference for monitoring 

plantation land management, production estimation, and tea harvesting.  
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1. INTRODUCTION 

Indonesia has long been recognized as one of the world's largest tea (Camelia sinensis) producers, a 

reputation that makes the country a strategic supplier in the global supply chain. More than just an 

export commodity that contributes to the country's foreign exchange, the tea industry plays a vital role 

in the people's economic structure, particularly as an employer in rural areas (Manumono & Listiyani, 

2023). West Sumatra, for example, is known as one of the strategic tea production centers in Indonesia. 

In this region, PTPN IV Danau Kembar stands as a leading agribusiness entity specializing in black tea 

production. Despite its massive production potential, this plantation faces a classic but crucial 

challenge, inefficiency in plantation monitoring (Dengia et al., 2023; Lavenia & Rinanda Saputri, 

2023). This problem is not unique to PTPN IV, but rather a reflection of the challenges faced by the 

national tea plantation industry in general. Amid the threat of global climate change, which is making 

weather patterns increasingly unpredictable, data accuracy is key to agribusiness sustainability (Fatawa 

et al., 2023). Therefore, the need for innovative monitoring tools to support sustainable plantation 

practices is becoming increasingly urgent. 

 

In tea plantation management, harvesting is not just a routine activity, but rather a core operational task 

that requires precise management. Therefore, monitoring of areas ready for harvest is a crucial aspect. 

This monitoring process plays a vital role as it is the main determinant of the sustainability of the 

plantation business cycle. Accurate monitoring data is needed to synchronize harvesting rotations, 

schedule plant maintenance, and compile valid production estimates. To support this managerial 

complexity, remote sensing technology is now widely adopted as a strategic solution. This technology 

offers the advantage of a synoptic overview, which is the ability to provide a comprehensive and 

simultaneous view of a large area. These benefits can supports plantation management, such as the 

identification of spatial conditions of plants efficiently and effectively compared to conventional survey 
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methods (Khanal et al., 2020; Omia et al., 2023; Weiss et al., 2020). Conventional methods in 

identifying harvest areas generally rely on historical production records or manual field monitoring 

surveys. This method often has limitations in that it is less reliable in capturing spatial variability in the 

field and less accurate in terms of time. As an alternative technology-based solution, remote sensing 

offers scalability for agricultural monitoring (Waspadi & Danoedoro, 2019). 

 

In the cultivation of perennial crops such as tea, where canopy conditions can vary greatly between 

blocks due to pruning or pest attacks, high-resolution satellite imagery is an unavoidable necessity. 

PlanetScope is one of the leading technological breakthroughs with dense temporal coverage (almost 

daily) and fine spatial detail (Rafif et al., 2021). The technical advantages of PlanetScope are 

significant, as explained by by (Skakun et al., 2021), its 8-band sensor and 3-meter spatial resolution 

can increase the accuracy of crop production estimates by up to 77% compared to other popular 

resource satellites, such as Sentinel and LANDSAT variants. This sharper resolution enables the 

detection of phenological changes, crop responses to agronomic treatments, and the identification of 

specific management zones within a single field (Kaya et al., 2025; Liu et al., 2025; Parida et al., 2024). 

 

Scientifically, the identification of plantation crop characteristics using remote sensing data can be done 

through an empirical approach that links in situ (field) data with spectral indices, particularly the 

Vegetation Index (VI). (Yan et al., 2025) summarizes that VI is highly sensitive to the biophysical, 

biochemical, and physiological characteristics of plants. Among various indices, the Normalized 

Difference Vegetation Index (NDVI) is the most widely applied in this field (Nițu et al., 2025). NDVI 

serves as a variable that describes photosynthetic activity, enabling quantitative correlations between 

vegetation conditions such as vegetation health and crop productivity. Previous studies in tea 

plantations have confirmed a strong relationship between NDVI and tea bud production. Siahaan et al. 

(2024) reported a coefficient of determination exceeding 57.6%. Furthermore, cross-country research 

by Phan et al. (2020) in Vietnam, Ramzan et al. (2023) in Pakistan, and dan Rama Rao et al. (2007) in 

India showed significant results with an accuracy above 70% and coefficient determination value above 

0.80. 

 

Based on this background, this study aims to identify effective harvesting areas for tea plantations at 

PTPN IV, Danau Kembar Unit, Solok Regency, West Sumatra, using PlanetScope satellite imagery. In 

addition, this study also aims to test validity by comparing the accuracy of interpretations with field 

observation data. 

 

2. METHODS 

2.1 Research Location 

 

This study was conducted at Tea Plantation estate of Afdeling B, PTPN IV Danau Kembar. located in Solok 

Regency, West Sumatra, Indonesia, the extent of this estate is about 284.76 hectares that stretches between 

100°37'8.893"E, 0°58'33.75"S and 100°38'51.994"E, 1°0'21.65"S. This estate consist of 28 blocks. The area 

is situated at an elevation of approximately 1,300–1,600 meters above sea level with a tropical highland 

climate zone, characterized by annual rainfall of 2,500–3,000 mm and an average temperature of 18–25°C. 

the detail of study area showed in  .  

Figure 1 Research Area 
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2.2. Data and Material 

 

PlanetScope satellite imagery was used as primary data source for this study, obtained on April 14th, 

2025. The images had a spatial resolution of 3 meters and consist of 8 bands. Detail of image 

specification used can be seen in Table 1. The secondary data used are block maps in Afdeling B 

obtained from PTPN IV Danau Kembar. The 1:25,000 scale Indonesian Topographic (RBI) Map 

published by the Indonesian Geospatial Information Agency (BIG) was used as additional material for 

geographical reference and guidance in conducting field validation. 

Variable Detail 

Sensor PSD.SD 

Product Type Analytic Surface Reflectance 

Image Acquisition April 14th 2025 

Spatial Resolution 3 m 

Radiometric Resolution 16 bit 

Cloud Cover 0% 

Off nadir 3.1° 

Format Data TIFF 

Spectral Resolution 1. Coastal Blue: 431 – 452 nm 

2. Blue: 465 – 515 nm 

3. Green I (Green): 515 – 550 nm 

4. Green: 547 – 584 nm 

5. Yellow: 600 – 620 nm 

6. Red: 630 – 685 nm 

7. Red Edge: 695 – 730 nm 

8. Near-Infrared (NIR): 758 – 885 nm 

Table 1 Image specification 

2.3. Research Method 

2.2.1. Image Pre-processing 

 
Citra PlanetScope underwent preprocessing in the form of geometric correction based on RBI map 

using image-to-map method. This process is carried out to ensure positional accuracy based on 

legitimate geographical references. Next, radiometric calibration is performed by converting the 

original pixel values to surface reflectance (REF). Formula (1) is used in this process. 

REF(i) = RAD(i)
π∗SD2

EAI(i)∗cos(SZ)
    (1) 

The radiance value (RAD) on each band (i) is used as input. This formula also involves the solar zenith 

angle (SZ) and the distance between the Earth and the Sun at the time of acquisition (SD), both of which 

can be found in the image metadata (Huang & Roy, 2021). The Exo-Atmospheric Irradiance (EAI) 

value is a standard value used in the image calibration process. Planet simplifies the calibration process 

with the conversion formula as presented in (2). 

REF(I) = DN(i) ∗ RC(i)    (2) 

The formula simply converts the original value of the digital number (DN) by multiplying it by the 

Reflectance Coefficient (RC) (Frazier & Hemingway, 2021). These values are available in each 

PlanetScope product metadata and vary based on the conditions when the data was acquired by the 

satellite. The images that have been corrected geometrically and radiometrically are then cropped 

according to the vector block map data of Afdeling B. This process is important to filter the study area 

and ensure that no land cover outside the plantation area is included in the process. 
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2.2.2. Image Interpretation 

 
To identify and map harvesting areas, image interpretation used a hybrid method that combines digital 

and visual techniques. The initial stage of digital interpretation was carried out using NDVI 

transformation. This method involves red (i8) and infrared (i6) images and is calculated using formula 

(3). NDVI was chosen because of its ability to represent plant vegetative development and biomass 

estimation (Anurogo et al., 2018; Purnamasari et al., 2024). The spectral index has also proven to be 

robust in its application for estimating agro-industrial crop production and effective across a range of 

agroclimatic characteristics. 

NDVI = 
(i8−i6)

(i8+i6)
      (3) 

NDVI values are reclassified according to the estimated vegetation density level. At this stage, visual 

interpretation is used to divide the value range based on the appearance in the image. The elements of 

interpretation used in this process include color, texture, pattern, shadow, and association (Seidlova et 

al., 2021). Vegetation density classes are divided into five categories, i.e. very low, low, medium, high, 

and very high. The assumption is that the denser the tea vegetation, the closer it is to being ready for 

harvest. 

2.2.3. Accuracy Assessment 

To ensure the reliability of the detection model, a rigorous validation process was executed by 

comparing the predicted class of harvesting area against the actual validation data derived from field 

survey. Field survey were conducted by selecting a number of samples purposively based on a tentative 

vegetation density map. The information collected in the field was the actual conditions, accompanied 

by coordinate recordings using handheld GPS devices. 

The classification scheme adopted a binary nominal scale, categorizing features into two distinct 

classes: harvesting area and non-harvesting area. The accuracy assessment was quantified using a 

confusion matrix, a standard framework for evaluating classification performance. This matrix 

facilitates a cross-tabulation between the predicted values and the reference objects, segmenting the 

results into four fundamental partitions i.e. True Positive (TP), True Negative (TN), False Positive (FP), 

and False Negative (FN) (Chicco & Jurman, 2020; Chugh et al., 2020). The cross-tabulation of the four 

cases can be seen in Table 2. 

 Prediction 

Actual Harvesting Area Non-Harvesting Area 

Harvesting Area true positive (TP) false negative (FN) 

Non-Harvesting Area false positive (FP) true negative (TN) 

Table 2 Confusion matrix of harvesting area identification 

The assessment of the model's performance was conducted using a suite of statistical metrics: Precision, 

Recall, and F1 Score. Total Accuracy serves as a measure of overall effectiveness, estimated by 

calculating the ratio of correctly classified instances to the total population tested, as denoted in 

Equation (1). Precision quantifies the reliability of positive predictions; it is defined as the ratio of 

correct positive predictions (TP) to the total number of instances predicted as positive, as presented in 

Equation (2). Recall, synonymous with sensitivity, measures the model's ability to identify all relevant 

instances, represented by the True Positive Rate in Equation (3). Finally, the F1 Score (Equation 4) is 

utilized as a balanced metric; it is calculated as the harmonic mean of precision and recall, providing a 

single score that accounts for both false positives and false negatives (Chicco & Jurman, 2020). The 

following is the formula used to calculate the three metrics' values. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (1)  

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
     (2) 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
     (3) 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
   (4) 

3. RESULT AND DISCUSSION 

Spectral analysis of the processed PlanetScope imagery revealed a broad range of NDVI values, 

spanning from 0.124 to 0.787, illustrating significant spatial heterogeneity in vegetation density across 

the estate. A critical threshold was established at an NDVI value of 0.511; areas falling below this 

benchmark were categorized as non-vegetated or pruning area. Consequently, tea vegetation (canopy) 

density was stratified into five distinct classes: very high, high, moderate, low, and very low (non-

vegetated). The resulting spatial distribution of vegetation density is visualized in Figure 2. 

 
Figure 2 Vegetation density of tea plantation entire Afdeling B 

From an agronomic perspective, the high and very high density classes correspond to tea bushes 

exhibiting dense foliage and abundant shoot proliferation, signaling optimal harvest readiness. In 

contrast, moderate and low density area reflect reduced canopy cover, typically indicative of recent 

plucking cycles or early stages of regrowth. The very low class primarily delineates pruning zones or 

non-vegetated infrastructure within the estate. Therefore, areas with low to very low vegetation density 

were classified as non-harvesting areas, while areas with moderate to very high vegetation cover were 

categorized as harvesting areas. The Figure 3 below shows the classification of vegetation density into 

harvesting areas in each block of Afdeling B. 

Figure 3 Classification of vegetation density to harvesting area in each block 
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The total area of the plantation studied was 284.76 hectares, with 250.50 hectares classified as 

harvesting ready area. On the other hand, 34.26 hectares of the area are classified as non-harvesting 

areas. The tentative harvesting area map produced was validated by field observations at predetermined 

sampling points. The spatial distribution of harvesting and non-harvesting areas is presented in Figure 

4 below. 

 
Figure 4 Spatial distribution of harvesting area and field survey sample point 

The areas with high tea canopy density dominate, covering 119.81 hectares, followed by very high 

density areas covering 70.81 hectares and moderate areas covering 59.88 hectares. The area not 

included in the non-harvesting class is divided into 23.99 hectares with low vegetation cover and 10.27 

hectares with very low vegetation cover. Details of the area of each harvesting class can be seen in 

Table 3. 

Vegetation Density 
Harvesting Area 

Hectares 
Non-Harvesting Harvesting 

Very High  70.81 70.81 

High  119.81 119.81 

Moderate  59.88 59.88 

Low 23.99  23.99 

Very Low 10.27  10.27 

Total 34.26 250.50 284.76 

Table 3 Recapitulation of harvesting area extent 

Spatial quantification of Afdeling B revealed a total extent of 284.76 hectares, within which 250.50 

hectares were delineated as harvesting area. This distribution implies a high land utility rate, with 

approximately 87.96 % of the total area dedicated to active tea production (harvesting area), leaving a 

residual 12.04% comprising maintenance area or non-harvesting area. Detailed analysis at the block 

level identified notable spatial discrepancies. Block 46 exhibited the most pronounced variance 

between total block size and active productive area, with a difference of 3.37 hectares; this suggests 

that a substantial portion of the block was on maintenance or remained underutilized during the 

observation period. In sharp contrast, Block 22, 41, and 48 demonstrated the highest land efficiency 

with minimal discrepancies, indicating near-total canopy coverage and optimal harvest readiness. These 

comparative findings underscore the spatial heterogeneity inherent in the estate’s management practices 

and canopy distribution. Comparison of block and harvest area extent can be seen in Figure 5. 
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Figure 5 Comparison of block and harvest area 

Based on field observations using harvest area maps of 25 samples, 12 locations from the harvest area 

class and 9 non-harvest area samples corresponded to actual conditions as shown in Table 4. The result 

demonstrated robust performance with an overall accuracy of 84.0% and an F1 Score of 85.7%, 

indicating a reliable balance between precision and sensitivity. High precision rate of 92.3% depict a 

strong capability to minimize commission errors. Although the recall value of 80.0% indicates a slight 

tendency towards omission errors, the overall metrics suggest that the map produced is stable for 

operational monitoring. Detail of accuracy metric value can be seen ini Table 5. 

  Map 
Total 

Actual Harvesting Area Non-Harvesting Area 

Harvesting Area 12 3 15 

Non-Harvesting Area 1 9 10 

Total 13 12 25 

Table 4 Confusion matrix of harvesting area indetification 

 

Metric Value 

accuracy 84.0% 

precision 92.3% 

recall 80.0% 

F1 85.7% 

Table 5 Metric of accuracy assesment 

 

The accuracy aligns with the typical acceptable threshold for vegetation classification, which generally 

ranges between 75% and 85% for heterogeneous canopy covers. This performance validates the high-

resolution PlanetScope imagery in resolving the spectral complexities of tea plantations and 

distinguishing its spatial vegetation characteristics. Furthermore, the strong F1 score confirms that the 

chosen vegetation indices and classification thresholds were effective in distinguishing harvesting areas 

from other. 

4. CONCLUSION 

The analysis shows that 250.50 hectares or 87.97% of the tea plantation area of Afdeling B, PTPN IV 

Danau Kembar is harvesting area, while the remaining 34.26 hectares (12.04%) is non-harvesting area. 

The mapping of the harvest area using Planetscope imagery resulted in a total accuracy of 84%, which 

proved the reliability of the imagery in mapping the harvest area. 
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