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Abstract 

This study focused on compressed random forest with XGBoost (CRF+XGB) 

for internet of things (IoT)-based crop recommendation. The method combines 

the high performance of random forest (RF) with the high-speed computing 

capacity of extreme gradient boosting (XGB). RF identifies the most 

significant environmental and soil factors while XGB interpret subtle 

relationships. The hybridization yields a compact model with minimal accuracy 

loss. The RF+XGB hybrid achieved 99.55% accuracy and the lightweight 

CRF+XGB is 98.86% with significant reduction in inference time and memory 

usage. The purpose of study is to develop a highly accurate, resource-efficient 

model for real-time agriculture systems, recognising that IoT devices operate 

under strict computational constraints. SHAP analysis illustrates both models 

incorporate important features such as rainfall, soil moisture, and nutrients (N, 

P, K), and thus they are straightforward to interpret. The model provides an 

efficient, scalable, and practical solution that balances performance and 

resource use for real agricultural application. 

Keywords: Compression model, Crop recommendation, Hybrid model, Precision 

agriculture, Internet of things. 
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1. Introduction 

The agriculture sector faces increasing challenges to boost food production, keep 

operations sustainable, and achieve economic growth. Precision agriculture 

integrations have been introduced using internet of things (IoT) sensors, cloud 

computing and artificial intelligence (AI) for solutions [1, 2]. Machine learning 

(ML) models such as Decision Trees, RF, and gradient boosting methods like XGB 

are able to predict soil health, crop yield, and suitability of crops, but these models 

typically require heavy-duty computational capabilities, which limit them from 

being deployed on small IoT or edge devices [1, 3, 4]. 

Previous works were succeeded in simulation environments such as hydroponic 

systems but had high complexity and low portability in real-time field use [4-7]. To 

counter such limitations, this paper introduces CRF+XGB which provides precise, 

efficient, and explainable agronomic crop recommendations even when run on 

hardware-constrained devices. The approach combines the best of RF and XGB by 

integrating their respective benefits, optimized with the model compression [8]. 

Transparency and interpretability are maintained using shapely additive 

explanations (SHAP) analysis, even after compression. 

The novelty of this work is firstly, the integration of RF and XGB using a 

stacking approach to take advantage of their complementary strengths. Secondly, 

knowledge distillation has been applied to compress the hybrid ensemble into a 

lightweight model. Thirdly, a thorough evaluation is performed across accuracy, 

memory usage, inference speed, and SHAP interpretability. This study offers an 

efficient and easily deployable solution for data-driven crop recommendation in 

precision agriculture.  

2. Literature Review 

Machine learning (ML) and AI have revolutionized agriculture into data-driven 

systems [9-11]. With IoT, cloud computing, and real-time computation of data, 

farmers are able to track environment and soil parameters to make sustainable 

decisions [12, 13]. Integrating IoT with ML models, improve agricultural harvests, 

utilize computing and other resources more efficiently, and improve environment 

well-being [14-16]. However, it is challenging to achieve the proper balance 

between knowledge, accuracy, and computation speed, especially in 

implementations of IoT from extremely low-power edge devices with very low 

processing capabilities [17-19]. Traditional models like decision Trees, SVMs, and 

RF have been applied widely but struggle with nonlinear soil-climate relationships 

[20]. Gradient boosting, like XGB, overcomes these drawbacks by identifying 

richer patterns, which increase higher computational complexity and long train 

duration [14]. 

Recent advances have brought IoT-based ML into real-time AIoT systems, 

enabling adaptive irrigation and crop management [16, 21]. However, many high-

performance ML models remain too computationally demanding for embedded IoT 

devices [13, 19]. Although some studies explored RF–XGB hybrids for combined 

interpretability and accuracy, research on compressing such hybrids for resource-

constrained IoT settings is scarce [4]. Key gaps include limited attention to 

efficiency and interpretability, few IoT-oriented compression methods, and 

minimal work on heterogeneous RF–XGB compression [9-13, 20]. The proposed 

CRF+XGB framework directly addresses these gaps by combining ensemble 
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strengths with compression for an interpretable, scalable IoT solution. The three 

key studies that inform the current research are summarised in Table 1 where the 

methodologies, performance results, and limitations are noted. The current study 

seeks to address these limitations by creating an efficient, interpretable and IoT-

ready system. 

Table 1. Comparison of related studies. 

Ref. Model and Dataset Limitations 

[1] RF (IoT soil & weather data) 

& IoT-Based Precision 

Farming 

Data collected offline; not adaptable to 

real-time environmental changes. 

[3] 

 

XGB (AIoT hydroponic 

monitoring) & Hydroponic 

Crop System 

IoT systems require continuous data 

connectivity; model scalability remains 

a challenge. 

[4] ML for nutrient & water 

uptake & Hydroponic 

Soybean Growth 

Evaluation conducted in controlled lab 

environment, not real farms. 

3. Research Methodology 

The CRF+XGB framework follows five phases: preprocessing, base-learner 

training, hybrid construction, compression, and performance analysis. The dataset 

has 2,200 samples with seven features across 22 crop classes [1]. After 

LabelEncoder cleaning, 80/20 splitting, and Min-Max scaling, RF (n_estimators = 

200) and XGB (n_estimators = 200, learning_rate = 0.05) were stacked using 

Logistic Regression meta-learning [22, 23].  

Formally, the hybrid model is constructed as follows: Step 1 is train base models, 

RF (𝑅𝐹 𝑚𝑜𝑑𝑒𝑙: 𝑦̂𝑅𝐹 = 𝑅𝐹. 𝑓𝑖𝑡 (𝑋𝑡𝑟𝑎𝑖𝑛 , 𝑦𝑡𝑟𝑎𝑖𝑛)) and XGB (𝑋𝐺𝐵 𝑚𝑜𝑑𝑒𝑙: 𝑦̂𝑋𝐺𝐵 =
𝑋𝐺𝐵. 𝑓𝑖𝑡 (𝑋𝑡𝑟𝑎𝑖𝑛 , 𝑦𝑡𝑟𝑎𝑖𝑛)) [1, 3]. For any dataset X, their outputs are (𝑃𝑅𝐹 =
𝑅𝐹. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡 (𝑋), 𝑃𝑋𝐺𝐵 = 𝑋𝐺𝐵. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡 (𝑋)) where 𝑃𝑅𝐹  and 𝑃𝑋𝐺𝐵 are vectors 

contains class predictions or probabilities. Step 2, prepare meta-model training 

data, meta features are formed as (𝑋𝑚𝑒𝑡𝑎 = [𝑃𝑅𝐹   𝑃𝑋𝐺𝐵], 𝑦𝑚𝑒𝑡𝑎 = [𝑦𝑡𝑟𝑎𝑖𝑛]). Each 

row of 𝑋𝑚𝑒𝑡𝑎 has the base-model predictions for the same sample. Step 3, train the 

meta-learner, logistic regression classifier is trained (𝑓𝑚𝑒𝑡𝑎 . 𝑓𝑖𝑡 = (𝑋𝑚𝑒𝑡𝑎 , 𝑦𝑚𝑒𝑡𝑎)) 

for classifications like logistic regression, simple neural network, linear regression 

or another tree-based model. Step 4, hybrid predictions, entailed a new dataset 𝑋𝑡𝑒𝑠𝑡 

to first get base predictions (𝑃𝑅𝐹
𝑡𝑒𝑠𝑡 = 𝑅𝐹. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋𝑡𝑒𝑠𝑡),  𝑃𝑋𝐺𝐵

𝑡𝑒𝑠𝑡 =
𝑋𝐺𝐵. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋𝑡𝑒𝑠𝑡)), form the meta-input ( 𝑋𝑚𝑒𝑡𝑎

𝑡𝑒𝑠𝑡 = [ 𝑃𝑅𝐹
𝑡𝑒𝑠𝑡   𝑃𝑋𝐺𝐵

𝑡𝑒𝑠𝑡 ]), and then 

attain the final hybrid prediction (𝑦̂ℎ𝑦𝑏𝑟𝑖𝑑 = 𝑓𝑚𝑒𝑡𝑎( 𝑋𝑚𝑒𝑡𝑎
𝑡𝑒𝑠𝑡 )).  

The relationship is summarized as (𝑦̂ℎ𝑦𝑏𝑟𝑖𝑑 = 𝑓𝑚𝑒𝑡𝑎(𝑃𝑅𝐹 , 𝑃𝑋𝐺𝐵)), where (𝑃𝑅𝐹 =

𝑅𝐹. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋) and 𝑃𝑋𝐺𝐵 = 𝑋𝐺𝐵. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋)) the class probability distributions 

produced by RF and XGB are integrated. This configuration allows the hybrid 

model to combine the robustness of RF with the high predictive accuracy of XGB. 

After training, the hybrid ensemble was compressed through knowledge 

distillation, in which the hybrid model was induced as the teacher and a smaller 

XGB model was induced as the student [24, 25]. Knowledge distillation minimizes 

the Kullback-Leibler divergence between the teacher's and student's predicted 
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probability distributions (𝐿𝐾𝐷 = ∑ ∑ 𝑇𝑖
(𝑗)

𝑗𝑖 𝑙𝑜𝑔
𝑇𝑖

(𝑗)

𝑆
𝑖
(𝑗)). The teacher's predicted 

probability for class in an instance is directly related to the student prediction. By 

this optimization, the compressed model learns to represent the teacher's decision 

boundaries using fewer parameters and lower computational cost [26]. 

Model performance was assessed using accuracy, precision, recall, F1-score, 

log Loss, inference time, and memory usage. SHAP explainability confirmed that 

hybrid and compressed models preserved the same feature importance patterns with 

humidity, rainfall, and soil nutrients (N, P, K). The full process is outlined in Fig. 

1 [15]. 

 

Fig. 1. Pseudocode for the CRF+XGB framework. 

In summary, the proposed CRF+XGB framework couples ensemble learning 

and model compression well to create an effective, accurate, and interpretable 

solution for IoT-based crop recommendation. The workflow is able to deliver high 

prediction accuracy, low computational cost, and understandable reasoning. It is 

thus practical for real-world agricultural decision support systems. 

4.  Results and Discussion 

4.1. Quantitative evaluation 

Figure 2 shows the hybrid (RF+XGB) model achieved 99.55% accuracy, while 

CRF+XGB model achieved 98.86% with 0.7% less while running ten times faster 

and consuming 90% less memory, in comparison to the previous study using the 

same dataset, making it suitable for IoT [27, 28]. These results are better than 

previous works [1, 3] with higher accuracy [4]. The approach offers an efficient, 

interpretable, and real-time functionality for low resource agriculture [29].  
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Fig. 2. Performance and efficiency comparison among RF, XGB,  

Hybrid and CRF+XGB models; (a) Performance, (b) Log loss,  

(c) Inference time (ms/sample), (d) Memory usage (MB). 

4.2. Interpretability and model comparison 

SHAP explainability was used to identify how each input contributed to 

predictions. The feature-importance patterns from the compressed model were very 

similar to the hybrid ensemble, which confirms that interpretability is well 

preserved. The result of SHAP has shown that the most influencing factors are soil 

nutrients, including N, P, and K, rainfall, and humidity. This agreed with the 

findings of previous studies. Spearman correlations with hybrid and XGB models 

revealed perfect ranking agreement, ρ = 1.00, in proof that the compressed model 

maintains accuracy and transparency for precision agriculture. Figure 3: A perfect 

SHAP correlation that CRF+XGB maintains both explainability and efficiency, 

hence bridging the gap between the experimental ML system and real-world 

agricultural practice. 

While other interpretable techniques have been explored in agricultural 

application domains, such as LIME and permutation importance, SHAP was used 

in this study because it is founded on a stronger theoretical framework and can 

provide consistent additive feature attributions [15, 17, 25].  



38       M. H. Tasani et al. 

 
 
Journal of Engineering Science and Technology                Special Issue 2/2026 

 

Fig. 3. SHAP feature importance correlation (SHAP) among models. 

4.3. Discussion summary 

Experiments showed the hybrid RF+XGB model achieved the highest accuracy, 

while the compressed CRF+XGB model matched its performance with faster 

processing and lower memory use. Both models produced identical feature-

importance rankings, preserving interpretability. Overall, CRF+XGB offers an 

accurate, efficient, and practical solution for large-scale IoT-based intelligent crop 

recommendation. 

5. Conclusion 

This paper proposes a hybrid compression model, CRF with XGB, for IoT based 

precision agriculture. It combines the strengths of RF and XGB to perform with 

high accuracy, interpretability and lightweight deployment. Hybrid RF+XGB 

obtained 99.55% accurate and CRF+XGB was 98.86%, with faster inference and 

lower memory use. SHAP analysis indicated that both models utilized similar 

important features such as humidity, rain, and soil nutrient components such as N, 

P, and K for transparent and interpretable decision patterns. Proposed future 

research includes employing the CRF+XGB model on low power devices such as 

Raspberry Pi or ESP32 to measure real time performance to improve data privacy, 

flexibility, and scalability across a wide range of agricultural environments. 
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