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Abstract: Smoke detection plays a critical role in preventing fire-related hazards, 

particularly in intelligent monitoring and early warning systems. Conventional 

smoke sensors often exhibit limited responsiveness in dynamic environmental 

conditions, prompting the adoption of IoT-based sensor data combined with 

machine learning techniques. This study presents a comparative evaluation of four 

supervised classification algorithms, K-Nearest Neighbors (KNN), Decision Tree, 

Random Forest, and Gradient Boosting, using the Smoke Detection Dataset from 

Kaggle. The methodology integrates SMOTE to address class imbalance and Z-

score normalization for feature standardization. Hyperparameter tuning was 

performed using GridSearchCV with 5-fold cross-validation, and model 

performance was assessed based on accuracy and execution time. Experimental 

results show that KNN achieved the highest accuracy (98.33%) with the lowest 

execution time (0.0327 s), whereas Decision Tree recorded the lowest accuracy 

(84.17%) but remained computationally fast (0.0406 s). Random Forest and 

Gradient Boosting demonstrated strong predictive capability (97.22% and 96.94%, 

respectively), but at higher computational costs (1.4338 s and 8.3819 s, 

respectively). Almost all models achieved perfect scores (1.00) for precision, 

recall, and F1-score following SMOTE-based balancing, except KNN which 

obtained slightly lower values (0.99). The findings indicate a trade-off between 

predictive performance and computational efficiency, suggesting that lightweight 

models such as KNN are better suited for real-time IoT-based smoke detection. In 

contrast, ensemble models may be more appropriate for backend analysis. This 

research contributes an integrated evaluation framework that combines data 

rebalancing, multi-model benchmarking, and time-based performance analysis, 

providing practical insights for the development of responsive and scalable early 

smoke detection systems. 

 

Keywords: Decision Tree, Gradient Boosting, IoT sensors, K-Nearest Neighbors, 
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INTRODUCTION 

Smoke is a mixture of gases and particles resulting from incomplete combustion. Its presence is often an early 

indicator of potential hazards, such as household, forest, or industrial system fires (He et al. 2025). In addition to 

threatening physical safety, smoke exposure negatively affects human health, both in the short term, such as 

respiratory and eye irritation, and in the long term, potentially triggering chronic lung diseases (Jamal et al. 2025). 

Therefore, early smoke detection is crucial for enabling timely warning and response systems (Carletti et al. 2024). 

Conventional smoke detection technologies that utilize ionization or photoelectric principles are often less 

responsive to dynamically changing environmental conditions, making them less reliable for proactive detection 

(Vasconcelos et al. 2024). To address these limitations, recent studies have shifted towards the utilization of 

environmental sensor data, including temperature, humidity, air pressure, carbon monoxide (CO), and particulate 

concentration, as a more adaptive and flexible approach (Deepa et al. 2022; Erkmen and Ayrancı 2024). Along 

with technological advancements, such sensor data can now be combined with machine learning algorithms to 

develop intelligent, adaptive, and real-time smoke detection systems (Liu et al. 2024; Wang et al. 2023). 

Classification methods such as K-Nearest Neighbors (KNN), Decision Trees, Random Forests, and Gradient 

Boosting have demonstrated the ability to learn and classify complex patterns in sensor-based environmental data 

effectively. 
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However, previous studies still exhibit several methodological limitations. First, most existing research only 

focuses on one or two algorithms (Vasconcelos et al. 2024; Wang et al. 2023), limiting the ability to assess model 

performance comprehensively. Second, performance evaluation predominantly emphasizes accuracy, while the 

efficiency of prediction time, crucial for real-time detection scenarios, is rarely considered (Handoko and Aditya 

2025; Jamal et al. 2025). Third, only a limited number of studies investigate the effectiveness of data balancing 

techniques such as SMOTE on model performance (Fulazzaky, Saefuddin, and Soleh 2024; Hairani, Saputro, and 

Fadli 2020; Handoko and Aditya 2025). 

To the best of our knowledge, no study has yet provided a comprehensive comparison of four classical machine 

learning algorithms (KNN, Decision Tree, Random Forest, and Gradient Boosting) while simultaneously 

evaluating the trade-off between prediction accuracy and computational time on imbalanced environmental sensor 

data for smoke detection. This constitutes the main research gap addressed in this work. 

This research focuses on the simultaneous evaluation of accuracy and prediction efficiency across four machine 

learning classifiers using IoT-based environmental sensor data rebalanced with the SMOTE technique. In addition, 

the study provides a comparative analysis of the generalization capabilities of each model under data imbalance 

mitigation, offering empirical evidence on the effectiveness of SMOTE for sensor-based smoke detection. This 

integrated methodological setup, combining multi-algorithm benchmarking, time-efficiency analysis, and data 

rebalancing, has not been explicitly explored in prior work. 

Based on these gaps and objectives, this research aims to evaluate the performance of four machine learning 

classification algorithms, KNN, Decision Tree, Random Forest, and Gradient Boosting, in detecting smoke using 

environmental sensor data. The evaluation considers accuracy, precision, generalization capability, and 

computational efficiency to identify the most effective model for the development of smart, adaptive, and real-

time smoke detection systems (Julian, Dewantara, and Wahyuni 2024; Rajoli et al. 2024). The results of this study 

are expected to provide practical guidance for implementing IoT-based early warning systems that are not only 

accurate but also time-efficient at predicting fire-related hazards. 

 

LITERATURE REVIEW 

The advancement of smoke detection technology has progressed through two dominant research directions: 

vision-based deep learning models and sensor-based machine learning systems. (Liu et al. 2024) demonstrate that 

deep learning architectures such as Transformer-Boosted U-Net achieve high accuracy in image-based 

segmentation in complex environments, highlighting their suitability for remote sensing applications. In contrast, 

(Deepa et al. 2022) emphasize that IoT sensor-based systems, built on features such as temperature, humidity, gas 

concentration, and particulate matter, are more favorable for real-time field implementation due to lower 

computational latency. Taken together, these findings suggest a fundamental trade-off: vision-based deep learning 

excels in detection precision and spatial representation, whereas sensor-based approaches are more practical for 

early warning applications where rapid prediction and low-cost deployment on embedded hardware are crucial. 

A similar contrast emerges when comparing modeling strategies across studies. (Vasconcelos et al. 2024) 

confirm that CNN and LSTM architectures are robust for smoke detection in dynamic visual environments, while 

(Wang et al. 2023) stress the importance of high-volume annotated datasets to exploit the capacity of deep models 

fully. However, these approaches depend heavily on large-scale image data and centralized computing resources, 

which may be less suitable in environments where dense camera networks are unavailable but distributed 

environmental sensors can be easily deployed. Complementing this line of work, (Li et al. 2023) report improved 

spatial detection using Random Forest combined with Sub-pixel Mapping, reinforcing the potential of lightweight 

traditional machine learning methods for environmental data. This contrast indicates that, while deep learning 

dominates image-based smoke detection, classical machine learning remains a compelling alternative for sensor-

based settings in which the input space is tabular, the feature set is interpretable, and computational budgets are 

constrained. 

In evaluating model performance under data imbalance, both (Fulazzaky et al. 2024; Handoko and Aditya 2025) 

demonstrate the superiority of SMOTE-based enhancement methods, with the latter quantitatively proving 

accuracy improvements up to 15%. These results suggest that synthetic oversampling can effectively mitigate 

underrepresentation of the minority class in hazard detection tasks. However, neither study investigates how such 

accuracy gains affect real-time prediction efficiency, nor do they systematically compare multiple model families 

under the same rebalanced dataset. At the same time, ensemble-based methods such as Random Forest and 

Gradient Boosting have shown generalization capabilities and robustness to noisy sensor readings (Julian et al. 

2024; Zhang, Tan, and Robert 2024), but they generally involve higher computational costs, which may be 

disadvantageous for edge-based IoT implementations with limited CPU and memory. Consequently, the 

interaction between imbalance handling (e.g., SMOTE), model complexity, and prediction speed remains 

insufficiently explored in the context of smoke detection. 

Synthesizing current research trends from 2023 to 2025, recent studies clearly prioritize accuracy optimization 

through deep learning and ensemble models, often on visual data, while only a limited number explicitly analyze 
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the trade-off between predictive performance and computational efficiency. Moreover, most existing works either 

focus on visual inputs or evaluate a single algorithm (or a narrow subset of models) rather than performing 

systematic multi-model comparison using environmental sensor features. This situation motivates the present 

study to focus on four representative classical machine learning algorithms, K-Nearest Neighbors, Decision Tree, 

Random Forest, and Gradient Boosting, for sensor-based smoke detection. K-Nearest Neighbors and Decision 

Trees provide relatively low computational complexity and high interpretability, making them suitable baselines 

for resource-constrained IoT devices. Random Forest and Gradient Boosting, on the other hand, represent stronger 

ensemble learners with proven generalization but higher computational demands. By applying SMOTE to 

rebalance environmental sensor data and jointly evaluating these four algorithms on both accuracy and prediction 

speed, this research directly addresses the identified gaps. It provides a conceptually grounded basis for selecting 

models that are not only accurate but also computationally efficient for real-time smoke detection applications. 

 

METHOD 

Research Stages 

This research was conducted through a structured workflow that began with data collection and preprocessing, 

followed by data splitting and SMOTE-based balancing. The models (KNN, Decision Tree, Random Forest, and 

Gradient Boosting) were trained and optimized using hyperparameter tuning, then evaluated using multiple 

performance metrics, learning curve analysis, and prediction time assessment. The process continued with threats-

to-validity analysis, discussion, and conclusion, as illustrated in Figure 1. 

 

  
Fig 1. Research Stages 

 

The data used in this study were obtained from Kaggle, titled “Smoke Detection Dataset,” developed by 

Deepcontractor. The dataset link is available at https://www.kaggle.com/datasets/deepcontractor/smoke-detection-

dataset. This dataset is a simulated air quality monitoring system based on Internet of Things (IoT) sensors, 

designed to detect the presence of smoke in an environment (Bhamra et al. 2023; Wang et al. 2023). The next stage 

is data preprocessing, which includes data cleaning (handling missing values), normalization of numerical features, 

and data balancing using the SMOTE technique to address class imbalance (Fulazzaky et al. 2024; Hairani et al. 

2020; Handoko and Aditya 2025). SMOTE was selected over other resampling techniques, such as ADASYN and 

SMOTE-Tomek, because it generates synthetic samples by interpolating minority class neighbors while preserving 

the feature distribution, reducing noise injection risk (Talukder et al. 2024). Previous studies demonstrated that 

SMOTE achieves higher classification stability in environmental sensor-based detection models compared to 

ADASYN, which tends to generate noisy instances (Fulazzaky et al. 2024; Handoko and Aditya 2025). Moreover, 

SMOTE-Tomek focuses on both over and undersampling, but may remove borderline samples, which are essential 

in early smoke detection scenarios. 

Z-score normalization was applied to scale all numerical sensor features to a standardized range before model 

training. This technique transforms each feature so that its mean is zero and its standard deviation is 1, reducing 

the influence of extreme values and improving algorithm convergence. The standardization formula is shown 

below: 

σz = (x −  μ) / σ                        (1) 

 

Where x represents the feature value, μ is the mean, and σ is the standard deviation of the feature in the training 

set. Standardization was applied after the data split to prevent data leakage, ensuring that the parameters μ and σ 

were calculated only from the training data. 

To ensure reliable experimental evaluation, the dataset was split into 80% for training and 20% for testing, 

using random_state = 42 to guarantee reproducibility. SMOTE balancing was applied only to the training data, 

avoiding information leakage into the test set that could artificially inflate performance scores.  

https://doi.org/10.33395/sinkron.v10i1.15546
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Fig 2. Split Data 

 

Once the data were ready, the following stage involved model training, which analyzed four machine learning 

algorithms. 

 

Hyperparameter optimization was conducted using GridSearchCV with 5-fold cross-validation. The optimal 

configurations obtained were as follows: KNN (n_neighbors=3, metric='minkowski', weights='distance'), Decision 

Tree (criterion='gini', max_depth=10), Random Forest (n_estimators=150, max_depth=15), and Gradient 

Boosting (learning_rate=0.1, n_estimators=200, subsample=0.8). The highest cross-validation accuracy was 

achieved by the Gradient Boosting model (0.99994). 

Hyperparameter optimization for the Random Forest model was conducted using a focused grid search 

strategy. Although the initial range of n_estimators (100–300) was based on prior literature (Fulazzaky et al. 2024; 

Li et al. 2023), preliminary testing revealed that configurations above 200 substantially increased computation 

time (1–3 hours per setup) and posed resource constraints in Google Colab. Consequently, the search space was 

refined to only 150 and 200, enabling more efficient evaluation without compromising accuracy. Similarly, the 

selection of other parameters, such as max_depth, was restricted to the most empirically relevant values to balance 

model performance and computational feasibility. 

 

Following the hyperparameter optimization procedure, the theoretical background of each classification 

algorithm is briefly outlined to justify its methodological relevance and to provide conceptual context for its 

application in sensor-based smoke detection. 

 

K-Nearest Neighbors (KNN) 

KNN is a distance-based classification method that assigns a new data point to the class with the most votes among 

its k nearest neighbors. The distance between data points is calculated using the Euclidean distance formula 

(Erkmen and Ayrancı 2024; Jamal et al. 2025). 

 

𝒅(𝒙, 𝒚) = √∑ (𝒙𝒊 − 𝒚𝒊)𝟐𝒏
𝒊=𝟏       (2) 

 

Random Forest 

Random Forest is an ensemble learning method that constructs multiple decision trees to improve predictive 

performance. Each tree is trained using a random subset of data and features, and the final result is determined 

through majority voting (Fulazzaky et al. 2024; Li et al. 2023) 

 

𝒚̂ = 𝒎𝒐𝒅𝒆(𝒉𝟏(𝒙), 𝒉𝟐(𝒙), … , 𝒉𝑻(𝒙))     (3) 

 

Decision Tree 

A Decision Tree is a tree-structured model that splits data based on the most informative features. One of the most 

commonly used splitting methods is the Gini impurity (Erkmen and Ayrancı 2024; Syukron, Santoso, and 

Widiharih 2020) 

 

𝑮𝒊𝒏𝒊(𝒕) =   𝟏 −  ∑ (𝑷𝒊)
𝟐𝒄

𝒊=𝟏              (4) 

 

Gradient Boosting 

Gradient Boosting is an ensemble technique that builds models sequentially, where each new model attempts to 

correct the errors of the previous ones by minimizing a loss function through Gradient optimization (Fulazzaky et 

al., 2024; Talukder et al., 2024; Tao et al., 2021). 

 

𝒚̂(𝒙) =  ∑ 𝜸𝒎𝒉𝒎(𝒙)𝑴
𝒎=𝟏       (5) 

 

 Each model was trained on the preprocessed training data and adjusted using the optimal parameters. The 

process then continued with model evaluation and classification, where the performance of each model was 

assessed on the test data using evaluation metrics such as accuracy, precision, recall, F1-score, and a confusion 

matrix (Jamal et al. 2025; Rajoli et al. 2024). 

 The evaluation results were then used in the visualization stage, where model performance was presented as 

graphs or comparison tables to facilitate analysis and interpretation. The entire process culminated in the final 
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stage, in which conclusions and recommendations were drawn from findings obtained throughout the classification 

and evaluation (Julian et al. 2024; Zhang et al. 2024). 

 

Model Evaluation Framework 

The models were evaluated using four main metrics: Accuracy, Precision, Recall, and F1-Score. Each of these 

metrics complements the others and is especially important for imbalanced datasets, such as smoke detection 

(Alharbi, Ouarbya, and Ward 2022; Fulazzaky et al. 2024; Hairani et al. 2020) 

 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
     (6) 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =  
𝑻𝑷

𝑻𝑷+𝑭𝑷
      (7) 

𝑹𝒆𝒄𝒂𝒍𝒍 =  
𝑻𝑷

𝑻𝑷+𝑭𝑵
       (8) 

𝑭𝟏 =  
𝟐 ∙𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ∙𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝑹𝒆𝒄𝒂𝒍𝒍
      (9) 

 

To ensure the robustness and scientific validity of the experimental results, several potential threats to validity 

were identified and addressed during the research process. These include algorithmic bias, sensor variability, 

hardware dependency, and data drift, each of which may affect the performance and generalization of the models 

in real-world scenarios. The evaluation process not only focused on performance metrics but also assessed 

methodological rigor by identifying potential validity threats and their mitigation strategies, as outlined in Table 

1. 

Table 1. Risk Analysis on Model Validity and Mitigation Strategies 

Threat to Validity Potential Impact Mitigation Strategy 

Algorithmic bias Overfitting to the dominant 

class, leading to misleading 

accuracy 

Applied SMOTE to balance classes and used 5-fold 

cross-validation to ensure generalization 

Sensor noise / 

environmental 

fluctuations 

Unstable model predictions 

due to anomalies in sensor 

readings 

Implemented data cleaning and anomaly detection 

using z-score filtering during preprocessing 

Hardware dependency 

on computational 

performance 

Variability in prediction 

speed due to dynamic 

cloud resource allocation 

Experiments were executed in the same Google 

Colab runtime session (free tier) to maintain 

consistency. Time-based comparisons were 

analyzed relatively rather than absolutely 

Data drift in real-world 

IoT deployment 

Reduced long-term 

performance due to 

environmental changes 

Recommended periodic retraining and monitoring 

of model performance in operational environments 

 

These mitigation strategies were incorporated to enhance the reliability of the findings and increase the 

applicability of the model in real-time IoT-based early warning systems. 

Although ensemble-based algorithms such as Random Forest and Gradient Boosting generally offer higher 

robustness and generalization, they require greater computational resources, which may limit their applicability in 

real-time edge-based IoT environments. Conversely, lightweight models such as K-Nearest Neighbors and 

Decision Trees provide lower prediction latency but may be more sensitive to noisy or imbalanced sensor data. 

Therefore, including both classification accuracy and prediction time in the evaluation framework is essential for 

determining the most effective algorithm for real-time smoke detection. The following section presents the 

experimental results and comparative analysis of the four classification models based on the outlined evaluation 

framework, highlighting both predictive accuracy and computational efficiency. 

 

RESULT 

This section presents the experimental results from the evaluation of the four machine learning models, conducted 

according to the predefined methodology. The findings are structured into data inspection, preprocessing impact, 

model learning behavior, and comparative performance analysis in terms of predictive accuracy and execution 

time. 

 

Data Collection 

The dataset consists of 62,630 observations with 16 input features and one target label (Fire Alarm). The input 

features include temperature, relative humidity, air pressure, concentrations of carbon monoxide (CO), ethanol, 
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butane, and sensor measurements from the MQ-135 gas sensor. Additionally, the dataset includes timestamp 

information and device location metadata. 

 
Fig 3. Dataset Label 

 
Fig 4. Missing Value Check 

During dataset inspection, no missing values or empty columns were detected, as shown in Figure 4. The target 

label is a binary classification: 0 (False) or 1 (True). A total of 44,757 observations belong to class 1 (True) and 

17,873 observations belong to class 0 (False), as presented in Figure 5 and Table 2. 

 

Table 2. Total Values for 1 and 0 

Fire alarm Total Percent 

1 44757 71.46 

0 17873 28.54 

 
Fig 5. Comparison Diagram of Class 1 and Class 0 

 

Preprosessing 

At the preprocessing stage, the dataset was imbalanced, with 44,757 observations labeled as class 1 (True) and 

17,873 as class 0 (False). To address the imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) 

was applied. After resampling, both classes contained 35,825 instances each. The distribution before and after 

balancing is shown in Figure 5. 

 

 
Fig 6. Data Distribution Before and After SMOTE 

https://doi.org/10.33395/sinkron.v10i1.15546


 

Sinkron : Jurnal dan Penelitian Teknik Informatika 
Volume 10, Issue 1, Januari 2026 

DOI : https://doi.org/10.33395/sinkron.v10i1.15546 

e-ISSN : 2541-2019 
 p-ISSN : 2541-044X 

 

 

*name of corresponding author 

 
This is anCreative Commons License This work is licensed under a Creative 
Commons Attribution-NonCommercial 4.0 International License. 127 

 

Model Training and Learning Curves 

Model training was monitored using learning curves for the four algorithms. Figures 7–10 show the training and 

validation accuracy as a function of the training set size for: 

 

Random Forest 

The training accuracy gradually increased and approached 100% as the training set size expanded. The validation 

accuracy also increased consistently. 

 

 
Fig 7. Random Forest Accuracy Results 

 

KNN 

Training accuracy decreased as the training data increased, while the validation accuracy increased. 

 
Fig 8. KNN Accuracy Results 

 

Decision Tree 

Training accuracy rapidly increased and reached nearly 100% at early training stages. Validation accuracy also 

increased as the training set size grew. 

 

 
Fig 9. Decision Tree Accuracy Results 

 

Gradient Boosting 

Training and validation accuracy both increased and remained consistently high across all training sizes. 
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Fig 10. GradientBoosting Accuracy Results 

After the training process, model performance was summarized in terms of accuracy and execution time. Results 

are shown in Table 3. 

 

Table 3. Comparison of Model Accuracy and Execution Time 

MODEL ACCURACY ESTIMATION (s) 

RandomForest 97.22% 1.4338 

KNN 98.33% 0.0327 

DecisionTree 84.17% 0.0406 

GradientBoost 96.94% 8.3819 

 

The differences in accuracy among the models are minimal; however, execution time results show significant 

variation. 

 

Model Evaluation 

After model training, the performance of each model was evaluated using a confusion matrix. The confusion 

matrices for the four models are shown in Figure 11.  

 

RandomForest KNN 

  
  

DecisionTree GradientBoost 

  
Fig 11. Evaluation Confusion Matrix for Four Models 

https://doi.org/10.33395/sinkron.v10i1.15546


 

Sinkron : Jurnal dan Penelitian Teknik Informatika 
Volume 10, Issue 1, Januari 2026 

DOI : https://doi.org/10.33395/sinkron.v10i1.15546 

e-ISSN : 2541-2019 
 p-ISSN : 2541-044X 

 

 

*name of corresponding author 

 
This is anCreative Commons License This work is licensed under a Creative 
Commons Attribution-NonCommercial 4.0 International License. 129 

 

Random Forest achieved an accuracy of 97.22% with an execution time of 1.4338 seconds. Based on the 

confusion matrix, the model correctly classified 3,584 samples as class 0 and 8,932 as class 1. 

KNN achieved an accuracy of 98.33%with an execution time of 0.0327 seconds. The confusion matrix shows 

3,594 correctly classified samples for class 0 and 8,931 for class 1. 

Decision Tree achieved an accuracy of 84.17% and an execution time of 0.0406 seconds. The model correctly 

classified 3,594 samples as class 0 and 8,932 as class 1. 

Gradient Boosting achieved an accuracy of 96.94% with an execution time of 8.3819 seconds. The model 

correctly classified 3,594 samples as class 0 and 8,932 as class 1. 

The summary of Precision, Recall, and F1-Score is shown in Table 4 

 

Table 4. Evaluation Results Based on Precision, Recall, and F1-Score 

MODEL PRECISION RECALL F1-SCORE 

RandomForest 1.00 1.00 1.00 

KNN 0.99 0.99 0.99 

DecisionTree 1.00 1.00 1.00 

GradientBoost 1.00 1.00 1.00 

 

Although the performance scores are nearly identical across all models, the execution time reveals substantial 

differences, indicating trade-offs between predictive accuracy and computational efficiency. These findings are 

further interpreted in the Discussion section. 

 

DISCUSSIONS 

The classification results indicate that all four algorithms achieve relatively high predictive accuracy on the 

sensor-based smoke detection task, with accuracy values ranging from 84.17% to 98.33%. KNN attains the highest 

accuracy (98.33%), followed by Random Forest (97.22%) and Gradient Boosting (96.94%), while the Decision 

Tree shows the lowest accuracy (84.17%). When these results are interpreted in light of model complexity and 

computational cost, apparent differences emerge in terms of efficiency and scalability, which are critical for real-

time IoT deployments where latency and resource constraints are as crucial as raw accuracy. In terms of execution 

time, KNN achieves the lowest runtime (0.0327 s), followed by Decision Tree (0.0406 s), Random Forest (1.4338 

s), and Gradient Boosting (8.3819 s), reflecting the increasing computational burden of more complex ensemble 

methods. 

The relatively low execution time of the Decision Tree is consistent with its hierarchical, node-based structure, 

in which prediction traverses only a single path from root to leaf. In theory, prediction cost grows approximately 

with tree depth rather than with the size of the training set, making tree-based models attractive for fast decision-

making in embedded systems (Deepa et al. 2022; Erkmen and Ayrancı 2024). However, the observed accuracy of 

84.17% indicates weaker generalization than KNN and ensemble models, reflecting the well-known limitation of 

unpruned trees in handling complex feature interactions and nonlinear decision boundaries. Gradient Boosting, by 

contrast, offers high predictive performance (96.94%) at the cost of the longest execution time (8.3819 s). This is 

expected because boosting sequentially constructs an ensemble of weak learners, where each new tree is trained 

to correct residual errors from previous trees, increasing both training and inference costs as the number of boosting 

stages grows. Similar accuracy–efficiency trade-offs have been reported in previous studies (Talukder et al. 2024), 

which generally recommend boosting-based models for offline analysis or batch prediction rather than strict real-

time settings. Random Forest also shows strong performance (97.22%), benefiting from reduced variance through 

bagging and the aggregation of multiple decorrelated trees, consistent with robustness findings for environmental 

sensor data (Fulazzaky et al. 2024). Nevertheless, the execution time of 1.4338 s suggests that this robustness 

comes with a higher computational cost, which may limit its applicability on ultra-constrained IoT devices. 

KNN presents a distinct behavior profile. In this study, it not only achieves the highest accuracy but also the 

lowest execution time, making it highly attractive for the current dataset and problem scale. However, as an 

instance-based method, its prediction cost scales with the size and dimensionality of the training set, since each 

new instance must be compared to many stored samples. Prior work (Vasconcelos et al. 2024) has shown that 

KNN becomes less practical for continuous, high-frequency monitoring on large-scale data. Thus, while KNN is 

highly effective under the conditions of this experiment, its suitability for extensive deployments or devices with 

strict memory constraints may be limited. 

The use of SMOTE during preprocessing successfully mitigated class imbalance, yielding balanced classes 

and consistently high precision, recall, and F1-scores across all models, in line with the findings of (Handoko and 

Aditya 2025) for hazard-detection tasks. However, because the dataset is simulated rather than derived from long-

term real-world deployments, it may not fully capture environmental variability, sensor drift, or hardware 

heterogeneity. Under non-stationary conditions, SMOTE-generated synthetic samples may not represent future 
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distributions accurately, potentially leading to performance degradation over time. From an IoT implementation 

perspective, the observed trade-offs suggest that KNN is a strong candidate for latency-critical early warning 

systems at the current problem scale. At the same time, Decision Trees remain attractive for ultra-low-resource 

settings due to their simplicity and interpretability. Ensemble models such as Random Forest and Gradient 

Boosting are better suited for edge nodes with sufficient resources or cloud-based backends. These findings support 

the broader literature (Talukder et al. 2024; Vasconcelos et al. 2024), which indicates that lightweight models are 

generally preferable for real-time deployments, whereas heavier ensembles are more appropriate for backend 

analytics and periodic model refinement, potentially within hybrid edge–cloud architectures. 

 

CONCLUSION 

This study presents a comparative evaluation of four supervised machine learning algorithms, K-Nearest 

Neighbors (KNN), Decision Tree, Random Forest, and Gradient Boosting, for smoke detection using 

environmental sensor data. Scientifically, the main contribution lies in an integrated framework that combines 

SMOTE-based class imbalance handling, evaluation of classification accuracy, and explicit analysis of 

computational performance, allowing a balanced assessment between predictive quality and efficiency. All models 

achieved relatively high accuracy, with KNN obtaining the highest value (98.33%) and Decision Tree the lowest 

(84.17%). From a practical perspective, KNN demonstrated both the highest accuracy and the lowest execution 

time (0.0327 s), indicating its strong potential for real-time IoT and edge-based smoke detection systems where 

rapid response is essential. The Decision Tree, while less accurate, still offered low execution time (0.0406 s) and 

a simple, interpretable structure, which may be advantageous for ultra-low-resource devices. In contrast, Gradient 

Boosting, despite its competitive accuracy (96.94%), required a substantially longer execution time (8.3819 s), 

which may limit its use on resource-constrained devices. Future research should investigate lightweight deep 

learning or hybrid models that combine the speed of shallow classifiers with the adaptability of more complex 

architectures. Further work is also recommended to improve the real-time processing of streaming sensor data and 

to enable tighter integration with edge computing platforms, thereby enhancing scalability, robustness, and 

responsiveness in intelligent environmental monitoring and early warning applications. 
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