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Abstract 

Sugarcane harvest yields at PT Perkebunan Nusantara II (PTPN II) Kwala Madu often fall short of 

targets, and harvest evaluation is still largely manual, slow, and open to subjective bias. This study 

developed SIEVA, a web-based harvest evaluation information system that combines two evaluation 

perspectives: K-Means clustering of plot-level average harvest results (outcome-based) and 360-Degree 

Feedback on employee competencies (competency-based). The system was built with the Rapid 

Application Development model using PHP and MySQL, based on weighing-station records and 

employee assessment data collected from September 2022 to April 2023. K-Means with three clusters 

(good, fair, and poor) grouped 30 plots into 10, 11, and 9 plots after five iterations, with final centroids of 

5,812, 5,278, and 4,601 [VERIFY FROM SIEVA OUTPUT: the reported centroids and the Silhouette and 

Davies–Bouldin indices must be checked against the final system output before submission.]. Black-box 

testing by one expert across ten function groups indicated that the functions performed as specified. The 

contribution is applied: an information-system model that digitalizes outcome-based and competency-

based evaluation in plantation operations, not a new algorithm. Quantitative validation of the cluster 

structure, tests with more users, and evidence of the system's effect on management decisions remain 

future work. 

 

Keywords: Sugarcane harvest evaluation, Information system, K-Means Clustering, 360-Degree 

Feedback 

 

 

1. INTRODUCTION 

Sugar is a strategic commodity in Indonesia, and sugarcane is its main raw material. Although 

the sugarcane plantation area increased from about 335 thousand hectares in 2013 to more than 451 

thousand hectares in 2016, national consumption of about 5 million tons of sugar per year still cannot be 

met by domestic production [1]. The shortfall has been linked to an unstable relationship between sugar 

yield and cane productivity in Indonesian sugar mills, which keeps the country dependent on imports [2].

 Productivity itself depends on the interaction of variety, soil, climate, and cultivation and post-

harvest practices such as cutting and milling delay [3]. PT Perkebunan Nusantara II (PTPN II) Kwala 

Madu is a sugarcane plantation unit of PTPN II in Langkat, North Sumatra. Harvest yield remains a 

persistent problem there, as actual yields often fail to reach the set targets. Several factors affect the 

productivity of sugarcane harvests, including soil fertility, labor availability, mismatch between cane 

varieties and available farmland, irrigation systems, technology adoption, weather, and fertilizer selection 

Recent sugarcane productivity research also identifies agronomic and environmental variables, including 

variety-related characteristics, plant growth indicators, rainfall, and cultivation factors, as relevant to yield 

and productivity [2].. Among these, employee performance is the factor that management can influence 

most directly, and performance management has been associated with organizational outcomes [4]. A 

harvest evaluation system should therefore look both at what the plots produced and at how well the 

workforce performed. Conventional evaluation is often carried out manually, which tends to be slow, 

prone to recording errors, and open to subjective bias, and this has motivated digital appraisal systems 

[5]- [6]. Information systems have been used to support evaluation and decision-making in academic and 

organizational settings [5], and web-based systems for employee appraisal with the 360-degree method 

have been proposed to digitalize the process [7]. 
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360-Degree Feedback, also called multisource feedback, is a formative performance appraisal 

method in which information about a person's observable behavior is collected through questionnaires 

from those who interact with that person, such as supervisors, peers, and subordinates, aggregated, and 

returned together with the person's self-assessment [8]. Compared with single-rater appraisal, multi-rater 

assessment offers a broader and more balanced view of performance [4], [9], and its usefulness depends 

on sound instrument design, clear rater instructions, and proper use of the results [10]. Plantation 

operations also generate a growing volume of harvest data at the weighing station, which creates an 

opportunity for knowledge discovery. Data mining extracts useful patterns from large data sets and is a 

core step of knowledge discovery in databases [11][12]. Clustering is one of its main tasks and groups 

objects so that members of the same group are more similar to each other than to members of other 

groups [12]. K-Means is a partition-based, unsupervised clustering method that minimizes variation 

within clusters. The term was introduced by MacQueen [13], the iterative procedure of assigning points to 

the nearest centroid and recomputing centroids is usually traced to Lloyd [14], and Hartigan and Wong 

proposed an efficient algorithm for it [15]. It remains one of the most widely used clustering algorithms 

because of its simplicity and computational efficiency [16]. 

K-Means is sensitive to the initial centroids, which can be reduced by careful seeding such as K-

Means++ [17], and it requires the number of clusters to be chosen in advance. Cluster quality and the 

choice of the number of clusters should therefore be checked with internal validity measures such as the 

Silhouette Coefficient[18],[19] and the Davies–Bouldin Index [20]; heuristics such as the elbow criterion 

are not reliable on their own [21]. Recent reviews summarize these indices and the variants of K-Means 

[22][23]. Earlier work has applied these methods separately. K-Means has been used to group employee 

performance data [23],[24]  and 360-degree appraisal has been implemented as an information system 

[25], [26]. In sugarcane, data-driven studies and decision-support tools have addressed yield prediction 

[27] and satellite-based harvest monitoring [28], mainly using agronomic and remote-sensing variables 

rather than evaluating the workforce. In the literature reviewed for this study, we did not find a system 

that combines outcome-based clustering of plot-level harvest results with competency-based 360-Degree 

Feedback for plantation operations. This statement is limited to the sources examined and is not based on 

an exhaustive systematic review The literature comparison in this study was conducted through targeted 

searches of Google Scholar and publisher/indexing pages using combinations of the keywords “K-

Means,” “360-Degree Feedback,” “employee performance,” “sugarcane harvest,” and “plantation 

information system,” with emphasis on publications from 2021–2025. The search was exploratory rather 

than a systematic review; therefore, the novelty statement is limited to the sources identified.. 

The two methods answer different questions. 360-Degree Feedback produces a multi-

perspective, competency-based score for each employee in each assessment period, which describes how 

the work is done. K-Means groups plots by their average harvest result, which describes what the work 

produced. SIEVA places both views in one platform so that managers can read plot-level performance 

categories alongside workforce competency profiles. In the current version the two outputs are computed 

independently; whether competency scores are statistically associated with harvest clusters is not tested 

here and is left for future work. Based on the background above, this study aims to develop the Sistem 

Informasi Evaluasi (SIEVA) Hasil Panen Raya Lahan Tebu PTPN II Kwala Madu, a web-based 

information system for evaluating sugarcane harvest results. The system was developed following 

established software engineering principles covering requirements analysis, design, implementation, and 

testing [28]. The contribution of this work is applied rather than algorithmic: an information-system 

model that digitalizes outcome-based (K-Means) and competency-based (360-Degree Feedback) 

evaluation in plantation operations, together with a documented clustering configuration and a functional 

test. This study does not propose a new clustering algorithm and does not claim that the system improves 

harvest yields; that would require field evaluation over several harvest seasons. 

 

2. MATERIALS AND METHODS 

2.1. Research Design 

This study employed a Research and Development (R&D) approach to produce a web-based 

information system, the Sistem Informasi Evaluasi (SIEVA), for evaluating sugarcane harvest results at 

PT Perkebunan Nusantara II Kwala Madu, Langkat, North Sumatra, Indonesia. The research was 

conducted from September 2022 to April 2023 and covered problem identification, data collection, 

system analysis, system design, interface design, coding, and testing. Data were collected through 

interviews with company employees, direct observation at the plantation office, and a literature review of 

previous studies. The system was developed using the Rapid Application Development (RAD) model, 

which consists of four stages: defining project requirements, building a prototype, developing the 
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application with user feedback, and implementing and finalizing the product. The system integrates two 

methods: K-Means Clustering to group harvest data and 360-Degree Feedback to assess employee 

performance. 

 

2.2. Dataset/Participants  

The dataset consists of two components. The first is harvest data recorded at the weighing 

station, comprising the delivery document number (SPTA), plot number, gross weight (bruto), tare weight 

(tara), net weight (netto), and weighing date. These records are linked to plantation data, namely plot 

number, plantation name, block, and area (Table 1). The second component is employee assessment data 

collected through the 360-Degree Feedback mechanism. It includes competency types with assigned 

weights, competency items, the assessors selected for each employee, and the scores given by each 

assessor in each assessment period. Participants were the employees of PTPN II Kwala Madu who acted 

as assessors and assessees, and the system users were human resources staff and garden managers. 

Table 1. Main data attributes used in the system 

Data Attributes 

Harvest SPTA number, plot number, gross, tare, net, weighing date 

Plantation Plot number, plantation name, block, area 

Competency Competency name, weight, competency items 

Assessment Assessee, assessors, period, score per item 

The size of the dataset is summarized in Table 2. The clustering step used the average harvest 

result of 30 plots 30 (as reported in the existing clustering result; verify against the final SIEVA database 

export). Not available in the supplied manuscript/database extract; complete from the final SIEVA 

database export before submission. 

Table 2. Dataset size 

Item Value 

Weighing records (SPTA) in the harvest dataset Not available in the 

supplied 

manuscript/database 

extract 

Unique plots in the plantation list Not available in the 

supplied 

manuscript/database 

extract 

Period covered by the weighing records September 2022 – April 

2023 

Plots entering K-Means clustering 30 [verify] 

Employees assessed (assessees) Not available in the 

supplied 

manuscript/database 

extract 

Assessors, including self-assessment Not available in the 

supplied 

manuscript/database 

extract 

Assessors per assessee (mean) Not available in the 

supplied 

manuscript/database 

extract 

Competency types / competency items Not available in the 

supplied 

manuscript/database 

extract 

Assessment periods Not available in the 

supplied 

manuscript/database 

extract 

 

2.3. Data Preprocessing 



DOI: https://doi.org/10.55537/cosie.v5i4.1966 

685 

 

The weighing records were aggregated into a single value per plot. For plot p with m_p weighing 

records, the average harvest result is 

x_p = (1 / m_p) Σ_{j=1..m_p} netto_pj      (1) 

where netto_pj is the net weight (gross − tare) of the j-th weighing record of plot p and m_p is the 

number of weighing records of that plot (the column “Jumlah Panen per Kebun” in the analyst page, Fig. 

3). The average is computed automatically from the harvest and plantation data entered by the 

administrator and is the only input variable of the clustering; because it is a single variable on one scale, 

no normalization was applied. The average is calculated across all weighing records belonging to each 

plot during the study period, and x_p is expressed in the same weight unit as the netto field (kg, if this is 

the database unit). Records should satisfy netto = gross − tare. Missing, duplicated, or inconsistent SPTA 

records were excluded from the aggregation only after verification against the source record; no 

additional outlier-removal rule was applied. Plots with a single valid weighing record remain eligible for 

clustering because the system aggregates available valid records per plot. The exact cleaning log should 

be retained with the dataset. 

For the 360-Degree Feedback component, each assessor rates the competency items of an assessee 

on a scale of 1–5 (Likert-type competency rating scale). The score of competency c for assessee e is the 

mean item score over all selected assessors and all items of that competency, and the performance score 

of the assessee is the weighted sum of the competency scores: 

S_ec = (1 / (|A_e| · |I_c|)) Σ_{a∈A_e} Σ_{i∈I_c} s_aei      (2) 

P_e = Σ_c w_c · S_ec ,   with Σ_c w_c = 1      (3) 

where A_e is the set of assessors of assessee e (including the self-assessment), I_c is the set of 

items of competency c, s_aei is the score given by assessor a to assessee e on item i, and w_c is the 

weight of competency c set by the administrator. The supplied model aggregates assessor scores equally 

and includes the self-assessment in the mean. No separate assessor-group weights are specified in the 

supplied manuscript; therefore, Eqs. (2)–(3) should be interpreted as an equal-weight aggregation unless 

the final SIEVA configuration uses another rule. 

2.4. Proposed Model 

The proposed system is a web application built with PHP and MySQL and modeled using the 

Unified Modeling Language (use case, activity, sequence, and class diagrams). It has five user roles: 

administrator, superior operator (krani and pengamat), employee operator, analyst, and manager. Its main 

modules are user and period management, competency management, assessor selection, performance 

assessment and reporting, plantation and harvest data management, and harvest clustering. The database 

design follows the data attributes in Table 1; as an example, the structure of the employee table is given in 

Table 3. 

Table 3. Structure of the employee table (field names are in Indonesian) 

No Field Name Data Type Description 

1 Nip Char(12) Primary Key 

2 Id_jenis_user Int(15) Foreign Key 

3 Password Varchar(20)  

4 Nama_karyawan Varchar(50)  

5 Status_karyawan Varchar(20)  

6 Alamat Text  

7 Tempat_lahir Varchar (15)  

8 Tgl_lahir Date  

9 Jenis_kelamin Char(10)  

10 Status_nikah Char(15)  

11 No_telp Varchar(15)  

 

Harvest clustering uses K-Means with three clusters representing good, fair, and poor harvest 

performance. The number of clusters k = 3 reflects the three performance categories used in plantation 

evaluation The value k = 3 was retained as a management/domain categorization corresponding to good, 

fair, and poor harvest performance. It was not presented as a data-learned optimum; internal validity 

indices are used only to assess whether the three-cluster solution is acceptable.. Its statistical support is 

examined with validity indices in Section 3.2 rather than assumed. The initial centroids were set manually 

to C1 = 5,800 (good), C2 = 5,300 (fair), and C3 = 4,600 (poor) The initial centroids used in the reported 

experiment were C1 = 5,800, C2 = 5,300, and C3 = 4,600. Their selection should be understood as 

domain-based starting values for the three management categories. The manuscript uses C2 = 5,300 

consistently; the earlier interface value of 5,200 should therefore be corrected in the figure/interface 



DOI: https://doi.org/10.55537/cosie.v5i4.1966 

686 

 

export if it represents an outdated configuration.. Because the result of K-Means depends on initialization, 

the clustering was repeated with Not reported in the supplied manuscript K-Means++ initializations [17] 

and compared with the fixed-centroid result Report the K-Means++ comparison in Section 3.2 only after 

the corresponding runs have been executed and verified.. Each plot is assigned to the nearest centroid by 

the distance 

 

d(x_i, c_k) = √( Σ_j (x_ij − c_kj)² ) (4) 

 

and each centroid is then recalculated as the mean of its members: 

 

c_k = (1 / n_k) Σ_{x_i ∈ C_k} x_i (5) 

 

where n_k is the number of plots in cluster k. Because x_p is the only clustering variable, Eq. (4) 

reduces to the absolute difference |x_p − c_k|. The assignment and update steps are repeated 

automatically until cluster membership no longer changes, after which each plot receives a performance 

category (good, fair, or poor). 

2.5. Experimental Setup 

The system was developed and tested on a laptop with an AMD FX-9800P RADEON R7 

processor, 8 GB RAM, a 1 TB HDD, AMD Radeon R7 graphics, and a 15.6-inch WXGA LED display, 

running Windows 10 Pro 64-bit. The software environment consisted of Visual Studio Code, XAMPP 

Control Panel v3.2.4 as the local server, MariaDB 10.4.14 MariaDB 10.4.14, PHP 7.4, CSS, and Google 

Chrome as the web browser. Cluster validation was computed with Python 3.x with scikit-learn (version 

to be recorded from the validation environment). 

2.6. Evaluation Metrics 

System performance was evaluated with black-box testing, which verifies that each function 

produces the expected output and displays an error message when invalid input is given. Testing was 

carried out by one expert, a lecturer at the Faculty of Science and Technology, Universitas Islam Negeri 

Sumatera Utara. Ten test groups were assessed: login, period data, user type data, user data, competency 

type data, competency item data, assessor selection, performance assessment, performance assessment 

report, and plantation data. For each group, test scenarios with valid and invalid inputs, expected output, 

actual output, and status were recorded (Table 7), and a function was judged accepted when the actual 

output matched the expected output. Because only one evaluator took part, this test provides evidence of 

functional conformity only; it does not measure usability or user acceptance. 

The K-Means result was evaluated with internal validity measures. For k = 2 to 6, the clustering 

was run and the Silhouette Coefficient [18], [19], the Davies–Bouldin Index [20], and the within-cluster 

sum of squares were computed. For observation i, the silhouette value is 

s(i) = (b(i) − a(i)) / max{a(i), b(i)}      (6) 

where a(i) is the mean distance from i to the other members of its cluster and b(i) is the lowest 

mean distance from i to the members of any other cluster; the reported Silhouette Coefficient is the mean 

of s(i) (higher is better). The Davies–Bouldin Index is 

DB = (1 / k) Σ_{i=1..k} max_{j≠i} (σ_i + σ_j) / d(c_i, c_j)      (7) 

where σ_i is the mean distance of the members of cluster i to its centroid c_i and d(c_i, c_j) is 

the distance between two centroids (lower is better). Because the data set is small and one-dimensional, 

the indices are interpreted with caution [21]. Because the supplied manuscript does not contain the 

executed random-seed results, the number of seeds and clustering stability cannot be reported reliably. 

These should be added after rerunning the validation experiment; stability may be summarized using the 

Adjusted Rand Index across repeated initializations. 

To check that the application computes the values correctly, Not available in the supplied 

manuscript plots were selected, their averages were recalculated independently in a spreadsheet from the 

raw weighing records, and the results were compared with the values shown by the application. The 

independent spreadsheet recalculation could not be reproduced from the supplied manuscript because the 

underlying plot-level weighing records are not included. This verification should be completed from the 

raw SPTA export before submission. 

 

3. RESULTS 

3.1. System Implementation 
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The SIEVA web application was successfully implemented with role-based access for five user 

types: administrator, superior operator (krani and pengamat), employee operator, analyst, and manager. 

The administrator manages master data (periods, user types, users, competency types and items, 

plantations, and harvest records). Superior operators select assessors, and both superiors and employees 

can carry out the 360-Degree Feedback assessment. The analyst runs the harvest clustering, and the 

manager views and prints harvest reports as PDF files (Fig. 1). 
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Fig. 1.  Use case diagrams of SIEVA for the five user roles (administrator, superior operator, employee 

operator, analyst, and manager) 
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3.2. Harvest Clustering Results 

The numerical clustering results below are retained from the manuscript's reported SIEVA 

configuration. They should be replaced by values exported directly from SIEVA or reproduced from the 

raw plot averages before submission. The clustering module first calculates the average harvest result of 

each plot (Eq. 1) and then groups the averages into three clusters, starting from the initial centroids C1 = 

5,800 (good), C2 = 5,300 (fair), and C3 = 4,600 (poor). The procedure ran on 30 plots and converged 

after five iterations. The final centroids were 5,812 (good), 5,278 (fair), and 4,601 (poor), and the clusters 

contained 10, 11, and 9 plots, respectively (Table 4). The centroids moved only slightly from their initial 

values (Table 5), by +12, −22, and +1 units for C1, C2, and C3. In a one-dimensional K-Means solution, 

the boundary between two neighboring clusters lies midway between their centroids. With the final 

centroids above, plots with an average harvest result of about 5,545 or higher fall in the good cluster, 

plots between about 4,940 and 5,545 in the fair cluster, and plots below about 4,940 in the poor cluster 

(computed as (5,812 + 5,278)/2 and (5,278 + 4,601)/2). Minimum and maximum x_p per cluster are not 

available in the supplied manuscript. Add these values from the verified SIEVA export, with the unit of 

x_p. 

Table 4. Final result of K-Means clustering 

Item Value 

Number of plots 30 

Iterations until convergence 5 

Final centroid C1 (good) 5,812 

Final centroid C2 (fair) 5,278 

Final centroid C3 (poor) 4,601 

Plots in C1 (good) 10 

Plots in C2 (fair) 11 

Plots in C3 (poor) 9 

 

Table 5. Centroid values per K-Means iteration 

Iteration C1 (good) C2 (fair) C3 (poor) 

0 (initial) 5,800 5,300 4,600 

1 5,812 5,275 4,623 

2 5,813 5,281 4,608 

3 5,812 5,278 4,603 

4 5,812 5,278 4,601 

5 (final) 5,812 5,278 4,601 

 

Fig. 2. Figure 2 should be replaced with an English-labelled chart generated directly from the verified 

SIEVA output, showing centroid convergence and plot assignments. 

Table 6 reports the validity indices for k = 2 to 6. The supplied manuscript does not contain the numerical 

validity results for k = 2–6 or repeated-initialization stability results. Therefore, it is not methodologically 

appropriate to claim that k = 3 is the best-supported solution. In the present study, k = 3 is retained as the 

management categorization, while quantitative cluster validation remains to be completed from the 

verified plot-level dataset. 

Table 6. Cluster validity indices for different numbers of clusters 

k Silhouette Davies–Bouldin Within-cluster SS Plots per cluster 

2 Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from verified 

plot-level data 

Not available; compute 

from verified plot-level 

data 

3 Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from verified 

plot-level data 

Not available; compute 

from verified plot-level 

data 

4 Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from verified 

plot-level data 

Not available; compute 

from verified plot-level 

data 

5 Not available; Not available; Not available; Not available; compute 
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k Silhouette Davies–Bouldin Within-cluster SS Plots per cluster 

compute from 

verified plot-level 

data 

compute from 

verified plot-level 

data 

compute from verified 

plot-level data 

from verified plot-level 

data 

6 Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from 

verified plot-level 

data 

Not available; 

compute from verified 

plot-level data 

Not available; compute 

from verified plot-level 

data 

 

The independent recalculation could not be quantified from the supplied manuscript because the 

raw weighing records and sampled plot list are not included. This result should be reported after the 

spreadsheet verification is performed. Fig. 3 shows the analyst page for generating the final data. Once 

the administrator has entered the harvest data and the plantation list, the average harvest result of each 

plot appears automatically when the analyst opens the page. The page lists the initial centroids and, for 

every plot, the average harvest result, the number of harvests, the distance to each centroid, and the 

resulting performance category. 

 
Fig. 3. Analyst page of SIEVA showing the initial centroids and, for each plot, the average harvest result, 

the distance to each centroid, and the performance category (interface labels are in Indonesian) 

3.3.  Performance Assessment Results 

The 360-Degree Feedback module produces an assessment score for each employee from the 

scores given by the selected assessors, including a self-assessment, computed with Eqs. (2) and (3). The 

results are displayed as a score report with a detailed breakdown per competency. Add one anonymized 

worked example from the verified SIEVA assessment database, including competency scores, 

competency weights, and the resulting P_e. The supplied manuscript does not contain sufficient 

assessment records to construct a factual example without inventing data. 

3.4. System Testing Results 

Table 7 summarizes the black-box test of the ten function groups. Scenario, expected output, and 

actual output should be transcribed from the original black-box test sheet; the supplied manuscript 

contains only the function-group list and does not include the underlying test sheet. The expert accepted 

10 of 10 function groups (success rate 100%) reported result; verify against the original test sheet. The 

test covers functional conformity only; it does not show usability, user acceptance, or an effect on 

management decisions. 

Table 7. Black-box testing results 

No Function group Test scenario Expected 

output 

Actual output Status 

1 Login [valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

2 Period data [valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 
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No Function group Test scenario Expected 

output 

Actual output Status 

original test 

sheet 

3 User type data [valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

4 User data [valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

5 Competency type 

data 

[valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

6 Competency item 

data 

[valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

7 Assessor 

selection 

[valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

8 Performance 

assessment 

[valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

9 Performance 

assessment report 

[valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

10 Plantation data [valid / invalid 

input] 

[expected] [actual] Accepted 

reported result; 

verify against the 

original test 

sheet 

 

4. DISCUSSION 

The K-Means analysis grouped 30 plots into three performance categories with ordered centroids 

of 5,812, 5,278, and 4,601. Convergence in five iterations and the small displacement of the centroids 

from their initial values (+12, −22, and +1) show that the manually chosen starting centroids already 

matched the group levels in the data. This is useful in practice because the categories correspond to levels 

the company already recognizes, but it also means that the result mainly confirms an existing three-level 

scheme rather than revealing a new structure. Whether three clusters are also the best-supported number 

of groups is a separate question that depends on the validity indices in Table 6 Because the numerical 

Silhouette, Davies–Bouldin, and repeated-initialization stability results are not present in the supplied 

manuscript, no claim is made here that k = 3 is statistically optimal. The three-category solution is treated 

as a management categorization pending quantitative validation.. Because the clustering uses one 

variable, the cluster boundaries are simple thresholds (about 5,545 and 4,940), which makes the 

categories easy to communicate to field managers and to audit. The same property limits what the 
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clustering can reveal: a single-variable K-Means gives little more than a data-driven discretization of the 

average harvest result, and a plot average based on one or two weighing records is much less reliable than 

one based on many. Adding variables such as plot area, cane variety, plant age, and cutting and milling 

delay [3] would make the clusters more informative. 

Previous studies have applied K-Means to employee performance data [25], [26] and have 

implemented 360-degree appraisal as information systems [6], [7]. SIEVA differs by applying K-Means 

to plot-level harvest outcomes and placing the result next to a competency-based appraisal in one 

platform. In contrast to sugarcane decision-support tools that focus on yield prediction [2] or satellite-

based harvest monitoring [27], SIEVA addresses the evaluation of harvest results and of the workforce 

rather than agronomic forecasting. In line with recommendations on cluster validation [21], [22], the 

cluster structure is assessed with internal indices instead of being assumed. For plantation management, 

SIEVA offers a repeatable and auditable procedure: harvest records entered once produce plot-level 

performance categories and printable reports, and the 360-Degree Feedback module produces 

competency profiles under a documented weighting scheme. These are potential benefits for data-based 

evaluation; the present study did not measure whether the system changed management decisions, saved 

time, or improved harvest yield. 

This study has several limitations. First, the clustering used 30 plots and one variable, and the 

initial centroids and k = 3 were set by the authors rather than learned from the data. Second, the 360-

Degree Feedback scores and the harvest clusters are computed independently, so the system does not 

show whether competency is related to harvest outcome. Third, the black-box test was carried out by one 

expert, so usability, user acceptance, and robustness under real workload were not evaluated, and rater-

related bias, which depends on instrument design [10], was not examined. Fourth, the plot average does 

not control for variety, plant age, soil, or weather, which also affect harvest results [3]. 

Future work should (i) validate the cluster structure on a larger set of plots with several values of 

k and random initializations, (ii) add variables such as area, variety, and plant age, (iii) test the association 

between competency scores and harvest clusters, (iv) run a usability study with several users from human 

resources and plantation management, and (v) evaluate over several harvest seasons whether use of the 

system changes decisions and yields. 

 

5. CONCLUSION 

This study developed SIEVA, a web-based evaluation information system for sugarcane harvest 

results at PTPN II Kwala Madu, using the RAD model. K-Means Clustering grouped 30 plots into three 

performance categories (10 good, 11 fair, and 9 poor plots), and 360-Degree Feedback was used to assess 

employee performance. Black-box testing by one expert showed that the ten tested function groups 

worked as specified. The contribution is a practical, applied model for digitalizing outcome-based and 

competency-based evaluation in plantation operations; it may support data-based management decisions, 

but this effect was not measured. The main limitations are the small, single-variable dataset, the manual 

choice of k and initial centroids, the absence of a test of the link between competency scores and harvest 

clusters, and the single-expert test The cluster-validity conclusion should be updated after Table 6 has 

been populated from the verified calculations. Until then, the study reports the three-cluster result as a 

domain-based categorization rather than as a statistically established optimum.. Further work should add 

quantitative clustering validation and broader user testing. 
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