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 The selection of appropriate crop seeds is a critical factor in enhancing agricultural 

productivity. Nevertheless, farmers frequently face challenges when trying to 

determine which crop seeds match the unique features of their surrounding 

environment and geographic location. To address this, the study introduces a smart 

recommendation model that leverages real-time environmental measurements 

alongside vital geographical characteristics to support informed seed selection. The 

environmental features include temperature, humidity, and rainfall, while the 

geographical attributes encompass nitrogen, phosphorus, and potassium content. A 

Gradient Boosting classification algorithm is employed to model the relationships 

between these features and the optimal crop seed types, based on a labeled dataset. 

Experimental results demonstrate that the model achieves strong classification 

performance, indicating its effectiveness in delivering accurate and context-specific 

seed recommendations. The proposed system highlights the potential of data-driven 

approaches in supporting agricultural decision-making and can be further integrated 

into smart farming platforms to optimize crop planning and seed selection, ultimately 

contributing to improved agricultural outcomes. 
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I. INTRODUCTION 

The agricultural sector is fundamental to sustaining food 

availability and driving economic progress, particularly in 

nations where a significant share of the population relies on 

farming-related occupations as a primary source of income 

[1]. In such settings, increasing agricultural productivity is not 

only an economic objective but also a vital component of 

national resilience and food sovereignty [2]. One of the most 

fundamental aspects influencing agricultural productivity is 

the selection of appropriate crop varieties. The choice of crop 

seeds greatly determines whether the farming process will 

yield optimal results or be hindered by environmental 

incompatibility and resource inefficiency [3]. 

Selecting the most suitable crop variety for a specific area 

is not a trivial taskThis process takes into account a 

combination of climatic and locational attributes, including 

temperature, humidity, precipitation levels, soil nutrient 

profiles, as well as the physical contours of the terrain [4]. 

Farmers, particularly those operating in resource-limited 

settings, often rely on personal experience, intuition, or 

generalized recommendations that may not reflect the unique 

conditions of their specific farming plots [5]. These 

limitations can lead to a mismatch between crop requirements 

and environmental conditions, resulting in reduced yields, 

increased susceptibility to pests and diseases, and 

considerable economic loss. 

The problem addressed in this study centers on the lack of 

intelligent tools that can provide accurate, data-based 

recommendations for seed selection tailored to the specific 

environmental and geographical conditions of individual 

farmlands. While various agricultural extension services and 

platforms have been developed, many of them still offer static 

advice that does not consider dynamic real-time changes or 

detailed local variations. This condition underscores a critical 

opportunity that could be resolved by leveraging 

contemporary computational methods, especially those 

stemming from advancements in machine learning. 

Machine learning has emerged as a powerful approach in 

many fields including agriculture [6]. Its ability to learn 

complex patterns from data, adapt to new information, and 

generate predictions makes it an ideal candidate for 
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applications that require precision and personalization [7]. In 

agriculture, machine learning has been used in areas such as 

yield forecasting, pest detection, disease diagnosis, and 

irrigation management [8]. The integration of machine 

learning into agricultural decision-making supports the 

broader transition towards precision farming, where data is 

used to guide every aspect of crop management [9]. 

One illustration of how machine learning has been utilized 

within the agricultural domain can be found in research 

carried out through the work of [10]. In their approach, they 

utilized the C4.5 algorithm a type of decision tree to assess 

the appropriateness of various seed and fertilizer pairings. 

Their classification model delivered a notable performance, 

reaching 86.4% in predictive success. Nevertheless, the 

reported error rate of 13.6% pointed to inherent limitations, 

stemming from both the algorithm’s simplicity and the 

restricted scope of the input variables. Additionally, the 

intricate branching structure led to overfitting issues, 

diminishing the model’s effectiveness when applied to 

unfamiliar datasets. 

In contrast, the research by [11] focused on the use of the 

Gradient Boosting algorithm in environmental classification 

tasks. Specifically, they implemented a hybrid approach 

combining Principal Component Regression with Gradient 

Boosting to classify water quality levels based on multiple 

environmental factors. Their model achieved a perfect 

classification accuracy of 100 percent, outperforming other 

commonly used classifiers such as Random Forest and 

Support Vector Machine. This result demonstrated the 

robustness of Gradient Boosting in handling complex, 

multivariate data and its capacity to model nonlinear 

relationships effectively. 

Inspired by these developments, this study explores the 

application of the Gradient Boosting classification algorithm 

for the recommendation of crop seed types. The system 

presented in this study integrates various climatic conditions 

including ambient temperature, moisture levels, and 

precipitation along with key soil nutrient metrics such as 

nitrogen, phosphorus, and potassium concentrations. By 

processing this input through a Gradient Boosting model 

trained on labeled data, the system aims to support farmers in 

identifying crop varieties that best match the current 

conditions of their land. 

This research aims to develop and assess a 

recommendation framework powered by machine learning, 

designed to support seed selection tailored to specific 

environmental and geographical contexts. By using this 

system, farmers can benefit from a decision-support tool that 

enhances accuracy in planning and optimizes the use of 

agricultural resources potentially resulting in better harvest 

outcomes and minimized losses. The work adds value to the 

expanding literature on precision agriculture through the 

implementation of a functional machine learning solution in 

the domain of crop selection. Unlike prior approaches that 

may have used fewer variables or simpler models, the use of 

multiple input factors and a robust ensemble learning method 

seeks to produce more reliable outcomes under various 

environmental conditions. Furthermore, the system can serve 

as a foundation for integration with broader smart farming 

platforms, offering potential scalability and long-term 

usability. 

II. RESEARCH METHOD 

A, Research Canvas 

This study employed the SEMMA (Sample, Explore, 

Modify, Model, Assess) methodology, a structured 

framework developed by SAS Institute to support systematic 

data mining workflows. SEMMA is widely adopted in data 

science for its clear, sequential approach in transforming raw 

data into insightful models [12]. in Figure 1. The research 

flow begins with the Sample phase, where environmental and 

geographical data are collected and prepared. The process 

continues with Explore, which involves examining data 

patterns and correlations through exploratory analysis. Next, 

the Modify phase is carried out to preprocess the data and 

engineer relevant features. This model is evaluated using 

accuracy, precision, recall, and F1-score.  

 

Figure 1. Research flow diagram 

B. Sample 

This study uses the Crop Recommendation Dataset, which 

is openly accessible via Kaggle and widely utilized in 

agricultural machine learning research [13]. The dataset 

comprises 2,200 records with 7 numerical features and 1 

categorical target label, where each record corresponds to a 

specific agricultural condition associated with a crop type. 

The attributes include key environmental and soil-related 

parameters: Nitrogen (N), Phosphorus (P), Potassium (K) 

contents in the soil, temperature (°C), humidity (%), pH level, 

and rainfall (mm). These features collectively represent the 

essential conditions influencing crop growth. The target 

variable is the crop label, a categorical feature indicating the 

most suitable crop for the given environmental inputs. This 

dataset provides a solid foundation for training predictive 

models to recommend optimal crop types based on 

environmental and soil characteristics, and is highly relevant 

for smart farming and precision agriculture applications. 
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TABEL I 

DESCIPTION DATA 

Feature Data Type 

Nitrogen (N) Numeral (Integer) 

Phosphorus (P) Numeral (Integer) 

Potassium (K) Numeral (Integer) 

Temperature Numeral (Integer) 

Humidity Numeral (Float) 

ph Numeral (Float) 

Rainfall Numeral (Float) 

 

The feature Potassium (K) contains the highest number of 

outliers, accounting for 9.09% of the data in that attribute, 

followed by Phosphorus (P) and Rainfall. In contrast, 

Nitrogen (N) shows no outliers, indicating a consistent 

distribution of values within the expected range. Despite the 

presence of outliers, they are not removed at this stage. This 

decision is based on the robustness of the Gradient Boosting 

algorithm used in this study, which is known to perform well 

even in the presence of extreme values. However, the impact 

of these outliers will be closely examined during the model 

evaluation phase to ensure reliability and generalization. 

 

 
(a) 

 

 
(b) 
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Figure 2. Dataset Explore 

 

The relationships between the numerical features were 

further examined using Pearson correlation analysis. The 

results are visualized in the correlation heatmap presented in 

Figure 9. The correlation matrix serves to reveal how strongly 

and in which direction features are linearly associated. Based 

on the heatmap, it is evident that Phosphorus (P) and 

Potassium (K) are closely linked, demonstrating a high 

positive association with a correlation value of 0.74 

suggesting that these two soil elements tend to increase or 

decrease in tandem. This strong association is consistent with 

their role as complementary macronutrients essential for crop 

growth. In contrast, most of the other feature pairs display 

weak or negligible correlations, such as temperature and pH 

(correlation ≈ -0.018), or rainfall and Potassium (correlation 

≈ -0.053). This suggests low multicollinearity among the 

features, which is advantageous for building reliable machine 

learning models as it reduces redundancy in the input data. 

 

 
Figure 3. Correlation Heatmap 

 

Outliers in the collected dataset were identified using the 

Interquartile Range (IQR) method [14]. A data point is 

classified as an outlier if it lies beyond the lower or upper 

bounds, which are calculated using the following equations: 

 

𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑 = 𝑄3 + (1,5 × 𝐼𝑄𝑅)  (1) 

𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑 = 𝑄1 − (1,5 × 𝐼𝑄𝑅)  (2) 

 

Q1 and Q3 denote the lower and upper quartiles, while the 

interquartile range (IQR) is calculated as the difference 

between Q3 and Q1. A summary of the detected outliers both 

in terms of their count and proportion for each numerical 

attribute is presented in Table 2. 
TABEL II 

FEATURE OUTLIER 
Feature Outlier Percentase (%) 

Nitrogen (N) 0 0.00% 

Phosphorus (P) 138 6.27% 

Potassium (K) 200 9.09% 

Temperature 86 3.91% 

Humidity 30 1.36% 

ph 57 2.59% 

Rainfall 100 4.55% 

 

The feature Potassium (K) contains the highest number of 

outliers, accounting for 9.09% of the data in that attribute, 

followed by Phosphorus (P) and Rainfall. In contrast, 

Nitrogen (N) shows no outliers, indicating a consistent 

distribution of values within the expected range. Despite the 

presence of outliers, they are not removed at this stage. This 

decision is based on the robustness of the Gradient Boosting 

algorithm used in this study, which is known to perform well 

even in the presence of extreme values. However, the impact 

of these outliers will be closely examined during the model 

evaluation phase to ensure reliability and generalization. 

C. Explore 

The Explore phase in the SEMMA methodology focuses 

on examining the structure, distribution, and relationships 

within the dataset to detect potential anomalies or 

irregularities before proceeding to the next stages. This phase 

includes identifying feature types, assessing data distribution, 

evaluating the presence of missing values, and visualizing 

data patterns through exploratory data analysis (EDA) [15]. 

The Crop Recommendation Dataset used in this study 

comprises 2,200 rows and 8 columns, which include 7 

numerical input features namely Nitrogen (N), Phosphorus 

(P), Potassium (K), temperature, humidity, pH, and rainfall 

and 1 categorical target label, crop. Notably, there are no 

missing values in any of the features, ensuring the integrity of 

the dataset for modeling. To better understand the distribution 

of each feature, histogram plots with kernel density 

estimations were generated, as shown in Figures 2 through 9. 

These visualizations reveal that several features, such as 

temperature and pH, exhibit a near-normal distribution, 

whereas others, like Nitrogen (N), Phosphorus (P), and 

Potassium (K), demonstrate a multimodal or skewed 

distribution, indicating potential variations in soil nutrient 

conditions. Additionally, the target variable distribution is 

presented in Figure 1. It shows a balanced class distribution, 

where each crop type has a relatively equal number of 

samples, approximately 100 instances per class. This balance 
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simplifies model training by reducing the need for 

rebalancing techniques during the Modify phase. 

D. Modify 

Modify is the third stage in the SEMMA methodology. It 

encompasses several data preparation techniques, including 

the removal of outliers, data partitioning, categorical 

encoding, normalization, and feature selection. These steps 

are essential to improve model performance and 

generalization. The following procedures were applied during 

this phase: 

1. Outlier Removal 

Outliers in the dataset were detected and removed using 

the Interquartile Range (IQR) method [14]. Any data 

point falling outside these bounds is considered an 

outlier. The number and percentage of outliers for each 

numerical feature are summarized in Table 2. Although 

several features exhibit significant outliers such as 

Potassium (K) and Phosphorus (P) these values are 

retained in the dataset, considering that Gradient 

Boosting is inherently robust to extreme values. Their 

influence will be examined during model evaluation. 

2. Data Splitting 

After completing the data preprocessing stage, the 

dataset was partitioned into two portionsone for training 

the model and the other for evaluation using an 80:20 

distribution ratio through the train_test_split utility from 

scikit-learn [16]. Stratification was not applied since the 

target variable represents multiple crop types with 

relatively balanced class distributions. This split ensures 

that both subsets adequately represent the full range of 

environmental conditions. 

3. Feature Scaling (Standardization) 

All continuous variables underwent normalization 

through the application of the StandardScaler method, 

which transformed their distributions to a common 

scale. This process restructured the values so that every 

variable had a zero-centered mean and a unit standard 

deviation [17]. To avoid data leakage and maintain 

unbiased evaluation, the scaler was trained solely on the 

training subset and subsequently applied to both training 

and testing partitions. 

4. Feature Selection 

To reduce dimensionality and emphasize relevant 

attributes, feature selection was performed using 

SelectKBest with the ANOVA F-test scoring function 

[18]. This method ranks features based on their 

statistical relevance to the target variable. Although the 

original dataset contains only seven numerical input 

features, the technique helps validate feature importance 

and supports future model scalability. 

5. Label Encoding 

The categorical target label (crop) was encoded into 

numerical form using LabelEncoder from scikit-learn 

[19]. This transformation is necessary for model 

compatibility, as machine learning algorithms typically 

require numerical target values. 

E. Model 

The Model phase in the SEMMA methodology involves 

applying machine learning algorithms to the prepared dataset 

in order to build a predictive model. In this study, the chosen 

algorithm is Gradient Boosting, a powerful ensemble method 

known for its high accuracy, robustness to outliers, and ability 

to handle complex, non-linear relationships [20]. Gradient 

Boosting was selected due to its demonstrated effectiveness 

in agricultural prediction problems [21]. For instance, it has 

been successfully applied in precision agriculture 

applications.  

 

−𝑙𝑜𝑔 𝐿1 = − ∑ 𝑦𝑖𝑙𝑜𝑔(𝑜𝑑𝑑𝑠) + 𝑙𝑜𝑔(1 + 𝑒𝑜𝑑𝑑𝑠)𝑁
𝑖=1  (3) 

 

Gradient Boosting represents a stepwise ensemble learning 

strategy where predictive models are constructed in a 

progressive manner [22]. In this approach, each new decision 

tree aims to minimize the shortcomings of the previous one 

by aligning with the direction opposite to the gradient of the 

loss function. This approach gradually improves the model’s 

overall predictive accuracy. For binary classification 

problems, one of the most commonly used loss functions is 

the logistic loss, which can be mathematically expressed as 

follows.  

F. Assess 

Within the SEMMA methodology, the evaluation stage 

holds significant importance in determining the validity of 

classification models. This stage entails measuring the degree 

to which the predicted outputs correspond to the true class 

values. A commonly used performance indicator is Overall 

Accuracy (OA) [23], which reflects the probability that a 

randomly selected instance is accurately labeled by the model. 

Nevertheless, depending exclusively on accuracy can lead to 

an incomplete interpretation of the model's performance, 

especially when dealing with imbalanced class distributions. 

To achieve a more thorough performance assessment, the 

current research adopts supplementary metrics such as 

Precision, Recall, and F1-score. These indicators provide a 

clearer picture of how effectively the model distinguishes 

between classes, while also reducing the occurrence of both 

false positives and false negatives. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑁+𝑇𝑃

𝑇𝑁+𝑇𝑃+𝐹𝑃+𝐹𝑁
  (4) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2×𝑇𝑃

2×𝑇𝑃+𝐹𝑃+𝐹𝑁
  (5) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
   (7) 
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III. RESULT AND DISCUSSION 

A. Result 

Before training the model, the dataset was preprocessed to 

improve its quality and reliability. The dataset was split into 

training and testing sets using an 80:20 ratio, where 80 percent 

of the data was used for training and 20 percent for evaluation. 

To ensure data quality and model reliability, outlier 

removal was conducted during the preprocessing phase using 

the Interquartile Range (IQR) method. This step eliminated 

extreme values that could negatively affect model training. 

The summary of remaining outliers after the cleaning process 

is shown in Table 3. 

TABEL III 

OUTLIER REMOVER 
Column Name Number of Outliers Percentage (%) 

N 0 0.00% 

P 0 0.00% 

K 26 1.41% 

Temperature 4 0.21% 

Humidity 0 0.00% 

pH 10 0.54% 

Rainfall 18 0.95% 

 

The results show that most outliers were effectively 

removed, with no remaining outliers in the nitrogen (N), 

phosphorus (P), and humidity attributes. The highest 

remaining outlier percentage was found in potassium (K), at 

1.41%, which is still within an acceptable threshold. These 

outcomes confirm that the dataset is now cleaner and more 

reliable for robust model training. 

In this study, the Gradient Boosting algorithm was 

employed as the primary classification model to predict the 

most appropriate crop seed types based on environmental and 

geographical data. Gradient Boosting was chosen due to its 

strong performance in managing structured datasets and its 

capability to reduce prediction errors through sequential 

learning. The model was trained using an 80 to 20 percent 

train-test split, and the hyperparameters were manually tuned 

to achieve an optimal balance between predictive 

performance and generalization. The main hyperparameters 

used in the model are summarized in Table 4. 

TABEL IV 

MODEL HYPERPARAMETER 
Hyperparameter Value Description 

n_estimators 150 

Number of boosting stages (trees) 

to perform. More trees increase 

model complexity. 

learning_rate 0.1 

Step size shrinkage used in 

updating predictions. Lower 

values slow down learning. 

max_depth 5 

Maximum depth of individual 

trees. Controls model complexity 

to prevent overfitting. 

subsample 0.9 

Fraction of samples used for 

fitting each base learner. Adds 

randomness to reduce overfitting. 

random_state 42 

Seed used by the random number 

generator to ensure reproducible 

results. 

 

The classification table in Table 5. shows that the Gradient 

Boosting model performs exceptionally well in classifying 

various crop types. Most crops, such as apple, banana, 

chickpea, coffee, grapes, maize, mango, musk melon, and 

watermelon, achieved precision, recall, and F1-score values 

of 1.00. A few crops, including cotton, jute, lentil, 

pomegranate, and blackgram, recorded slightly lower values 

but still above 0.90. These results indicate that the model can 

accurately distinguish between crop types and demonstrates 

strong generalization on the test data. 

TABEL V 

CLASSFICATION TABLE 
Crop Types Precision Recall F1-Score 

Apple 1.00 1.00 1.00 

Banana 1.00 1.00 1.00 

Blackgram 0.95 1.00 0.98 

Chick_Pea 1.00 1.00 1.00 

Coconut 0.96 0.96 0.96 

Coffee 1.00 1.00 1.00 

Cotton 0.94 1.00 0.97 

Grapes 1.00 1.00 1.00 

Jute 0.92 0.96 0.94 

Kidneys_Beans 1.00 1.00 1.00 

Lentil 0.92 1.00 0.96 

Maize 1.00 0.95 0.98 

Mango 1.00 1.00 1.00 

Moth_Beans 1.00 0.96 0.98 

Mung_Bean 1.00 1.00 1.00 

Musk_Melon 1.00 1.00 1.00 

Orange 1.00 1.00 1.00 

Papaya 0.96 1,00 0.98 

Pigeon_Peas 1.00 0.96 0.98 

Pomegranate 1.00 0.91 0.95 

Rice 0.95 0.95 0.95 

Watermelon 1.00 1.00 1.00 

 

The overall performance metrics indicate that the Gradient 

Boosting model achieves high reliability in predicting crop 

seed types. The model reached an accuracy of 0.98, with 

macro and weighted averages for precision, recall, and F1-

score also consistently at 0.98. This demonstrates that the 

model performs well across all classes, including those with 

smaller representation, and maintains balanced performance 

without favoring any specific crop type. These results further 

confirm the model’s effectiveness and suitability for real-

world implementation in precision agriculture. 

TABEL VI 

PERFORMANCE MATRIX 

 Precision Recall F1-Score 

Accuracy   0.98 

Macro Avg 0.98 0.98 0.98 

Weighted Avg 0.98 0.98 0.98 
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The developed system generates different outputs 

depending on the combination of NPK values and real-time 

weather conditions. Three representative scenarios are 

presented below: 

 
Figure 4. Result of Scenario 1 

In Figure 1, the system receives input values of nitrogen, 

phosphorus, and potassium (70, 80, 90) along with the 

selected location of Palembang. The real-time weather data 

fetched shows a temperature of 27.6°C and humidity of 

85.5%. Under these conditions, the model confidently 

recommends Musk Melon as the most suitable crop. The 

predicted crop closely aligns with its known ideal conditions 

(temperature of 28.66°C and humidity of 92.34%), indicating 

that the model performs well when both nutrient and climate 

factors fall within familiar patterns learned during training. 

This scenario illustrates the system’s strength in producing 

direct and reliable predictions when conditions are favorable. 

 
Figure 5. Result of Scenario 2 

In Figure 2, the system is tested under a different setting 

where the input NPK values are relatively low (30, 50, 30) 

and the location is set to Pagaralam. The retrieved weather 

shows a cooler temperature of 20.7°C and high humidity of 

92.7%. Under these conditions, the system is unable to find a 

direct match from the model, and instead adapts by suggesting 

several alternative crops based on NPK similarity, such as 

blackgram, kidneybeans, lentil, and mungbean. Although 

these alternatives may not exactly fit the current climate, this 

output demonstrates the system’s flexibility in adjusting 

recommendations by prioritizing nutrient compatibility. This 

capability ensures that users are still guided with meaningful 

suggestions even when full match conditions are not met. 

 
Figure 6. Result of Scenario 3 

In Figure 3, the same location (Pagaralam) is used but with 

higher nutrient input values (70, 80, 90). Despite the soil 

being nutrient-rich, the environmental conditions remain 

unfavorable, particularly the low temperature and excessive 

humidity, which results in no suitable crop being found. The 

system displays a warning and refrains from forcing an 

inaccurate prediction. This behavior underscores the 

robustness of the model and its ability to reject unreliable 

outputs, ensuring that recommendations are only provided 

when the model has sufficient confidence based on both 

climate and nutrient features. 

B. Analysis 

The results demonstrate that the Gradient Boosting model 

is capable of delivering highly accurate crop seed 

recommendations based on a combination of environmental 

and geographical parameters. The high accuracy of 98%, 

along with strong precision, recall, and F1-scores across 

almost all crop types, indicates that the model successfully 

captures complex relationships in the dataset. 

The system's performance across three output scenarios 

highlights its practical adaptability. In the first scenario, the 

model confidently provides a direct crop recommendation 

that aligns with both NPK values and current weather 

conditions, showcasing the effectiveness of the integrated 

real-time environmental input. In contrast, the second 

scenario illustrates the model's ability to adjust and provide 

alternatives when the environmental conditions deviate from 

optimal thresholds. This flexibility is crucial in real-world 

agricultural applications, where ideal conditions are not 

always present. The third scenario further reinforces the 

model's reliability by rejecting unsuitable predictions rather 

than producing inaccurate suggestions, thereby ensuring 

responsible decision-making. 

The analysis also reveals that weather data plays a pivotal 

role in refining predictions. Even when NPK values match 

those in the training data, the model avoids making 

recommendations if environmental parameters fall outside the 

learned tolerances. This suggests that incorporating dynamic 

climate data enhances the model’s robustness and makes it 

more context-aware. 

The recommendation results have also been validated 

using Feature Importance, which describes the relative 

contribution of each input variable to the overall model 

decision. This technique calculates the increase in accuracy 

(gain) when a feature is used in the decision tree. In the 

XGBoost model, feature importance can be obtained using 

Python:  
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xgb.plot_importance(model, importance_type='gain') 

Results: 

TABEL VII 

FEATURE IMPORTANCE 

Feature Gain Importance (%) 

Annual rainfall 34.2 

Average temperature 26.5 

Location altitude 18.9 

Soil pH 12.7 

Soil texture 7.7 

 

From table VII, it can be concluded that rainfall and 

temperature are the main determinants in plant seed 

recommendations. 

Nevertheless, some limitations are observed. Certain crops 

with lower representation in the dataset may slightly 

underperform, as shown by precision or recall values below 

1.00. Additionally, the system relies on the accuracy of 

external weather data sources, which could affect 

performance in areas with limited or inconsistent data 

availability. 

However, analysis bias can occur if the training data is 

dominated by a particular region (e.g., lowlands with high 

rainfall), so that the feature distribution does not represent all 

geographic conditions. As a result, the model may be 

overfitted to local environmental patterns and less accurate in 

areas with different conditions. 

Overall, the model’s ability to make direct predictions, 

propose alternatives, or reject unsuitable inputs shows strong 

potential for implementation in smart farming systems. Its 

decision-making logic, grounded in both soil nutrient levels 

and real-time environmental factors, aligns well with the 

principles of precision agriculture. 

IV. CONCLUSION 

This study successfully developed a smart 

recommendation system for crop seed selection using the 

Gradient Boosting algorithm, leveraging both environmental 

and geospatial data to provide recommendations for farmers. 

The research addressed the critical challenge of matching crop 

varieties to specific local conditions, a task that is often 

hindered by reliance on generalized advice or personal 

intuition. By utilizing a comprehensive dataset containing key 

soil nutrients and environmental parameters, the system was 

able to process and analyze complex, multivariate data 

relevant to crop growth. 

Exploratory data analysis confirmed the dataset’s integrity 

and revealed meaningful relationships among features, while 

robust preprocessing steps, including outlier detection, 

feature scaling, and label encoding, further enhanced model 

reliability. The Gradient Boosting algorithm proved effective, 

given its resilience to outliers and ability to model non-linear 

relationships, making it well-suited for the complexities of 

agricultural data. A set of performance indicators including 

accuracy, precision, recall, and the F1-score was employed to 

thoroughly evaluate the model’s effectiveness, confirming its 

relevance and applicability in real-life seed selection contexts. 

The balanced class distribution in the dataset simplified 

training and minimized the risk of bias toward any particular 

crop type. The system demonstrates significant potential to 

support precision agriculture by delivering accurate, context-

specific crop recommendations. This method enhances the 

efficiency of resource utilization and promotes better crop 

productivity, while simultaneously lowering the likelihood of 

failure caused by incompatibility with environmental 

conditions. Moreover, the study supports the progression of 

intelligent agricultural technologies and establishes a 

foundation for future incorporation into more extensive 

decision-support systems in farming. The technical initial 

steps are to design using components in the form of sensors 

(soil moisture, temperature, pH, light intensity, rainfall), 

actuator modules (irrigation pumps), and multispectral drone 

devices to collect agricultural environmental data periodically 

and in real-time. Mobile app development for real-time 

monitoring, early warnings (notifications), and 

irrigation/fertilizer recommendations for field officers and 

farmers. 
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