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Abstract— Accurate house price prediction is of great significance for homebuyers, developers, and policymakers, yet the 

complexity and non-linearity of housing markets pose substantial challenges to traditional linear models. This study addresses 

the dual goals of high predictive accuracy and high interpretability by systematically comparing five regression models—

linear regression, random forest, XGBoost, LightGBM, and multilayer perceptron (MLP)—on a large-scale second-hand 

housing dataset from Nanjing, China. Model performance is evaluated using MAE, RMSE, and R². Results show that ensemble 

tree models significantly outperform linear regression and MLP, with LightGBM and XGBoost achieving the lowest MAE 

(6,200 RMB/m²) and RMSE (8,800 RMB/m²), and LightGBM attaining the highest R² (0.92). We further employ SHAP (SHapley 

Additive exPlanations) to open the "black box" of the optimal LightGBM model. Global feature importance reveals that house 

age, subway distance, and decoration condition are the three most influential drivers of Nanjing house prices. SHAP summary 

plots demonstrate that newer houses, closer subway proximity, and better decoration consistently raise prices, while area 

exhibits a non-monotonic effect—small units command higher unit prices under total-price constraints, whereas very large 

luxury properties show diminishing marginal value. Prediction diagnostics confirm robust performance in the mainstream 

price range (15,000–35,000 RMB/m²), though extreme high-end properties remain harder to predict due to unobserved 

idiosyncratic factors. This study not only provides a high-performance predictive tool for the Nanjing market but also offers 

transparent, actionable insights into the underlying price-formation mechanism. The integrated framework of machine 

learning plus SHAP interpretability is readily generalisable to other cities and real-estate contexts, supporting evidence-based 

decision-making and policy design. 

Keywords— House price prediction; Machine learning;  

I. INTRODUCTION 

Housing issues are central to national welfare and people's livelihoods, and the stable operation of the real estate market plays 

a pivotal role in economic and social development. As a major central city in the Yangtze River Delta, Nanjing has witnessed 

persistently active real estate markets in recent years, with house prices influenced by multiple intertwined factors, exhibiting 

pronounced regional differentiation and volatility. Against this backdrop, constructing a scientific and accurate house price 

prediction model not only provides a basis for homebuyer decision making and developer pricing, but also assists government 

agencies in grasping market dynamics and refining regulatory measures. This holds considerable practical significance and 

research value. 

Research on house price prediction can be traced back to the hedonic price theory proposed by Rosen [16], which posits that 

the value of a heterogeneous good can be explained by the implicit prices of its constituent attributes. This framework became 

the cornerstone of a large body of empirical work. Building on this foundation, traditional approaches predominantly employ 

multiple linear regression to estimate the marginal effects of individual features, offering strong interpretability. However, real 

world house price formation often involves complex nonlinear interactions—for example, the synergy between floor area and 
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location, or the non-monotonic influence of floor level. Linear models inherently struggle to capture such relationships, and 

their predictive accuracy often falls short of growing practical demands [3]. 

With advances in computational power and the proliferation of data sources, machine learning models have gradually been 

introduced into real estate valuation. Selim [18] compared the predictive performance of artificial neural networks and hedonic 

price models on Turkish housing data, finding that neural networks yielded significantly lower prediction errors than traditional 

regression, thereby pioneering the application of nonlinear models in this domain. Subsequently, various ensemble learning 

and gradient boosting methods have been widely explored for house price prediction: Breiman [1] proposed random forests, 

which alleviate overfitting through bootstrap aggregation and random feature selection; Friedman [7] established the general 

framework of gradient boosting decision trees; XGBoost by Chen and Guestrin [2] and LightGBM by Ke et al. [10] further 

optimised the efficiency and accuracy of gradient boosting, demonstrating exceptional performance in structured data 

regression tasks. Meanwhile, simple deep learning networks such as multilayer perceptrons have offered another nonlinear 

benchmark [4]. Nevertheless, these high accuracy models are often regarded as "black boxes" whose internal decision making 

processes are not intuitively understandable, which to some extent constrains their trustworthiness and acceptance in high 

stakes decisions [5]. Recent systematic reviews have consolidated these advances, revealing that Random Forest, Gradient 

Boosting Machine, XGBoost, and LightGBM are the most frequently employed models in real estate price prediction, 

consistently outperforming traditional linear approaches. However, the proliferation of these high-accuracy models has 

intensified a fundamental tension: while ensemble methods excel at capturing complex nonlinearities and interaction effects, 

their internal decision logic remains opaque, prompting scholars to call for integrating explainable artificial intelligence 

techniques into mass real estate valuation systems [6]. 

In response, researchers have increasingly turned to SHAP to bridge the gap between predictive accuracy and interpretability. 

For instance, Hu et al. [8] combined XGBoost with SHAP to examine the nonlinear effects of public service amenities and 

street-view greenery on housing prices in Shanghai, revealing that residents paid a premium of approximately 2,000 yuan/m² 

for higher green views [9]. Wang and Li [19] employed Random Forest with SHAP to quantify feature contributions in a 

rapidly urbanizing Chinese city, identifying location-based factors and environmental attributes as the most influential drivers. 

Ye [20] demonstrated that XAI approaches should be systematically integrated into mass real estate appraisal and urban 

housing research more broadly. Internationally, studies on Seoul apartment transactions and Belgian residential rents have 

similarly validated the effectiveness of SHAP for extracting transparent, actionable insights from tree-based models. 

The advantages of SHAP over alternative interpretability methods are substantial. Unlike LIME, which provides only local 

approximations around individual predictions, SHAP offers both global and local explanations with desirable theoretical 

properties—local accuracy, consistency, and missingness—making it particularly suitable for high-stakes real estate decision-

making [10]. The TreeSHAP algorithm further enables efficient and exact computation for tree-based ensembles, which is 

precisely the algorithmic family that dominates structured data regression tasks [11]. Moreover, recent research has extended 

SHAP to capture spatial heterogeneity and nonlinear threshold effects, demonstrating its versatility across diverse urban 

contexts. 

Ribeiro et al. [15] proposed LIME (Local Interpretable Model-agnostic Explanations), which approximates the decision 

boundary of a complex model using a local surrogate model. Building on this foundation and seeking a more unified and 

theoretically grounded framework, Lundberg and Lee [11] introduced SHAP based on Shapley values from cooperative game 

theory, assigning each feature a unified contribution to the prediction, with desirable properties including local accuracy, 

consistency, and missingness. In particular, the TreeSHAP algorithm for tree-based ensembles enables efficient and exact 

computation of SHAP values, providing a powerful tool for opening the "black box" of complex models. Although SHAP has 

been successfully applied in fields such as healthcare and credit scoring, its use in house price prediction—especially for the 

Nanjing market—remains relatively scarce. 

Existing domestic house price prediction literature mostly focuses on first tier cities such as Beijing and Shanghai, and most 

studies stop at comparing model prediction accuracy, with limited in depth interpretation of how features affect predictions 

[13]. As a key central city in eastern China, the driving factors and mechanisms of house prices in Nanjing warrant dedicated 

investigation [14]. Therefore, this study takes actual listing data from Nanjing as the object, selects five representative 

regression models—linear regression, random forest, XGBoost, LightGBM, and MLP—and systematically compares them 

within a unified framework [17]. Innovatively, we introduce SHAP for both global and local interpretability analysis of the 

best performing model, aiming to balance the dual objectives of "high accuracy prediction" and "high interpretability", and to 
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reveal the magnitude and pathways of each feature's influence on Nanjing house prices, thereby providing more reliable 

references for market participants and policymakers [15]. 

II. RELEVANT THEORIES AND TECHNOLOGIES 

2.1 General Workflow of House Price Prediction 

The task of house price prediction based on machine learning is essentially a regression modelling problem from housing 

attributes to prices. The standard workflow typically comprises the following tightly connected stages: 

1) Problem definition and data collection: First, clarify whether the target is price per unit area or total price, and 

collect sample data with sufficient feature information accordingly. This study uses second hand housing listing data 

from the Nanjing market, where each sample contains attributes such as district, area, room layout, floor level, and 

decoration condition. 

2) Data preprocessing: Raw data often suffer from missing values, outliers, and inconsistent formats. Cleaning steps—

such as imputation or removal of missing values, outlier detection and handling, and data type conversion—are needed 

to ensure reliability for subsequent modelling. 

3) Feature engineering: Construct more expressive new features from the original ones (e.g., extract the number of 

bedrooms and living rooms from room layout strings, calculate house age from construction year), encode categorical 

features numerically (one-hot or label encoding), scale or normalise numerical features, and perform feature selection 

based on correlation and importance to improve model performance. 

4) Model construction and training: Split the data into training and test sets, select appropriate regression models, tune 

hyperparameters via cross validation and optimisation techniques (e.g., grid search or random search), and learn the 

mapping from features to house prices on the training set. 

5) Model evaluation and comparison: Compute metrics such as mean absolute error (MAE), root mean squared error 

(RMSE), and coefficient of determination (R²) on the independent test set to objectively compare the predictive 

accuracy of each model and select the best performer. 

6) Model interpretation and application: For the final selected model, employ interpretability methods (e.g., SHAP) 

to analyse the influence mechanisms of features, transforming data driven model results into domain understandable 

knowledge to support decision making. 

2.2 Model Principles 

To systematically compare different model architectures for Nanjing house price prediction, we select five representative 

regression models: linear regression, random forest, XGBoost, LightGBM, and multilayer perceptron (MLP). Their principles 

are briefly introduced below. 

2.2.1 Linear Regression 

Multiple linear regression assumes a linear relationship between the dependent variable y and the feature vector x = [x₁, x₂, ..., 

xₚ]ᵀ: 

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑝𝑥𝑝 + 𝜀 = 𝜷𝑇𝐱 + 𝜀        (1) 

where β₀ is the intercept, βⱼ is the regression coefficient for the j-th feature, and ε is the random error term, usually assumed to 

be normally distributed with zero mean. Parameters are estimated by minimising the residual sum of squares (ordinary least 

squares, OLS). 

When features are highly correlated (multicollinearity), OLS estimates may become unstable. Ridge regression addresses this 

by adding an ℓ₂ penalty term to the loss function: 

𝜷̂𝑟𝑖𝑑𝑔𝑒 = 𝑎𝑟𝑔𝛽
𝑚𝑖𝑛{∑ (𝑛

𝑖=1 𝑦𝑖 − 𝜷𝑇𝐱𝑖)
2 + 𝜆∑ 𝛽𝑗

2𝑝
𝑗=1 }        (2) 
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where λ ≥ 0 is the regularisation parameter controlling the penalty strength. Linear models are simple and provide intuitive 

coefficient interpretations, but they struggle to capture nonlinear relationships and feature interactions. 

2.2.2 Random Forest 

Random forest is a decision-tree-based ensemble method that combines bagging (bootstrap aggregating) and random subspace 

ideas [1]. The construction process is as follows: 

 From the original training set, draw B bootstrap samples with replacement; each subsample trains one decision tree. 

 At each node split, randomly select m ≈ √p features from all p features as candidates, and choose the best split among 

them. 

 Each tree is grown fully without pruning. 

For regression, the final prediction is the average of all tree predictions: 

𝑦̂ =
1

𝐵
∑ 𝑇𝑏
𝐵
𝑏=1 (𝐱)           (3) 

The dual randomness (sample and feature) significantly reduces variance, mitigates overfitting of a single tree, and provides 

robustness to outliers and noise. Additionally, the model directly outputs feature importance based on the reduction in node 

impurity. 

2.2.3 XGBoost 

XGBoost is an efficient implementation of gradient-boosted decision trees proposed by Chen and Guestrin [2]. Traditional 

gradient boosting uses a forward stagewise approach, fitting the current residual at each step. XGBoost introduces several key 

improvements: 

 Second-order Taylor expansion of the objective: expands the loss function to second order, using both first- and 

second-order gradients to guide splits, leading to more accurate optimisation. 

 Regularisation: adds penalties on leaf weights (L₂ regularisation) and the number of leaves to control model 

complexity and prevent overfitting. 

 Shrinkage: multiplies newly added trees by a learning rate less than 1, reducing each tree's contribution and increasing 

robustness. 

 Approximate splitting and parallel processing: pre-sorts feature values or uses quantile-based approximate search 

to accelerate split-point finding, and supports parallel computation. 

2.2.4 LightGBM 

LightGBM (Light Gradient Boosting Machine) is another gradient boosting framework developed by Ke et al. [10], specifically 

optimised for training efficiency and memory consumption. It employs two novel techniques: Gradient-based One-Side 

Sampling (GOSS) to retain instances with large gradients and randomly downsample those with small gradients, and Exclusive 

Feature Bundling (EFB) to bundle mutually exclusive sparse features, thereby reducing dimensionality. It also uses a leaf-wise 

tree growth strategy with depth constraints, which typically converges faster than the level-wise approach of XGBoost. 

2.2.5 Multilayer Perceptron 

A multilayer perceptron is a basic feedforward neural network. It consists of an input layer, one or more hidden layers, and an 

output layer, with fully connected neurons between adjacent layers. During forward propagation, each neuron's output is a 

nonlinear activation of the weighted sum of its inputs: 

𝐡(𝑙) = 𝜎(𝑙)(𝐖(𝑙)𝐡(𝑙−1) + 𝐛(𝑙))          (4) 

where h⁽ˡ⁻¹⁾ is the output of layer l-1, W⁽ˡ⁾ and b⁽ˡ⁾ are the weight matrix and bias vector of layer l, and σ⁽ˡ⁾ is the activation 

function (commonly ReLU: σ(z) = max(0, z)). The output layer for regression typically uses no activation, directly outputting  

the linear combination. 
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Network parameters are updated via backpropagation and gradient-based optimisers (e.g., Adam) to minimise the mean squared 

error loss. By the universal approximation theorem, an MLP with sufficient hidden neurons can approximate continuous 

functions to arbitrary accuracy, making it a general benchmark for nonlinear regression. However, the internal weight 

distributions are not easily interpretable, so the model is often viewed as a black box. 

2.3 Model Evaluation Metrics 

To quantitatively assess and compare the performance of each regression model, we adopt the following three metrics: 

1) Mean Absolute Error (MAE): 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|
𝑛
𝑖=1            (5) 

It directly reflects the average magnitude of absolute deviations between predictions and actual values, in the same units as the 

target (e.g., RMB/m²), facilitating intuitive interpretation of prediction errors. 

2) Root Mean Squared Error (RMSE): 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑛
𝑖=1 𝑦𝑖 − 𝑦̂𝑖)

2          (6) 

RMSE assigns heavier penalties to larger errors and is sensitive to prediction stability. It is also in the original scale, but 

typically somewhat larger than MAE. 

3) Coefficient of Determination (R²): 

𝑅2 = 1 −
∑ (𝑛
𝑖=1 𝑦𝑖−𝑦̂𝑖)

2

∑ (𝑛
𝑖=1 𝑦𝑖−𝑦̄)

2            (7) 

R² measures the proportion of variance in the target variable explained by the model. The closer to 1, the better the fit. A value 

of 0 indicates that the model performs no better than simply using the mean. 

2.4 SHAP for Interpretability 

Although ensemble models and neural networks often achieve high predictive accuracy, their internal decision logic is not 

intuitively understandable. To open these "black boxes", we introduce SHAP for model interpretation. SHAP, proposed by 

Lundberg and Lee [11], is based on Shapley values from cooperative game theory and assigns each feature a contribution value 

such that, for any instance, the model's prediction can be decomposed as the base value plus the sum of all feature contributions: 

𝑓(𝑥) = 𝜙0 +∑ 𝜙𝑗
𝑀
𝑗=1            (8) 

where φ₀ is the average prediction over all training samples (the baseline), and φⱼ is the SHAP value of the j-th feature, indicating 

the magnitude and direction relative to the baseline. 

SHAP values satisfy three desirable theoretical properties: 

1) Local accuracy: the sum of the explanations equals the model's prediction for that instance. 

2) Missingness: a feature that is not used contributes zero. 

3) Consistency: if a model changes so that a feature's marginal contribution increases, its SHAP value does not decrease. 

III. DATA SOURCE AND FEATURE ENGINEERING 

3.1 Data Source and Original Data Structure 

The empirical data for this study focus on the second hand housing market in Nanjing. The raw data were obtained from the 

Kaggle platform. The initially acquired dataset had a shape of (1,048,575, 22). After preliminary inspection, we found a large 

number of completely empty rows. After removing these invalid empty rows, the effective sample size was 41,331 listing 

records. These 41,331 raw records cover 22 feature dimensions with rich micro level information about the properties. The 

specific features are summarised in Table 1. 
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TABLE 1 

FEATURE SYSTEM FOR MODELLING 

Feature Category Feature Name Variable ID Description 

Physical attributes 

Floor area area_sqm Continuous numerical, unit: m² 

Number of 

bedrooms 
room_num Discrete numerical, unit: count 

Number of living 

rooms 
hall_num Discrete numerical, unit: count 

Number of 

bathrooms 
bathroom_num Discrete numerical, unit: count 

Market popularity 

Number of 

followers 
attention_count Discrete numerical, reflecting page views 

Viewings in 30 

days 
visit_30_days Discrete numerical, reflecting recent purchase intent 

Location & 

transport 

District / area city_encoded Categorical, label encoded to numeric 

Distance to 

subway 
subway_dist 

Continuous numerical, extracted from text using regex, 

unit: metres (missing filled with 9999) 

Building 

characteristics 

Total floors floor_total Discrete numerical, unit: floors 

Decoration 

condition 
decoration_encoded 

Categorical, label encoded (luxury, fine, simple, rough, 

etc.) 

Construction 

features 

House age house_age 
Continuous numerical, computed as 2026 − build_year, 

unit: years 

Total rooms total_rooms 
Discrete numerical, computed as room_num + hall_num 

+ bathroom_num 

Relative floor 

level 
floor_type Discrete encoded: low=0, middle=1, high=2 

Orientation ori_* 
Categorical, one-hot encoded into binary dummies (e.g., 

ori_NS, ori_S, etc.) 

 

3.2 Data Cleaning 

Since the raw data contained noise, missing values, and unstructured information, rigorous cleaning was performed before in-

depth analysis and modelling. The steps were as follows: 

1) Removal of redundant columns: we dropped unique identifiers (id, house_id) and long-text description columns 

(p1_desc, p2_desc) that were not useful for regression modelling, reducing the feature dimension from 22 to 18. 

2) Missing value imputation: we addressed features with missing entries. For example, build_year had 542 missing 

values; these were imputed with the median construction year of listings in the same community or business district. 

For subway_info (6,436 missing values), because missingness typically indicated no nearby subway coverage, we left 

it for unified transformation in the feature engineering stage. 

3) Outlier filtering: based on business logic and statistical principles (e.g., extreme floor area anomalies, extreme price 

per unit outliers), we identified and removed 21 records that severely violated market common sense. 

4) After cleaning, 41,310 high-quality samples remained for subsequent feature engineering and modelling. 

3.3 Exploratory Data Analysis 

To intuitively understand the operational characteristics of the Nanjing second hand housing market, we performed visual 

exploration of key variables. 

http://www.ijoer.com/
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3.3.1 Distribution of House Prices 

The distribution of the target variable—price per square metre for second hand housing—directly affects modelling difficulty. 

Figure 1 (histogram with kernel density estimate) shows that the price per square metre in Nanjing exhibits a pronounced right 

skewed distribution. The market's mainstream prices are heavily concentrated in the range of RMB 15,000–25,000/m², with 

the peak frequency around RMB 18,000/m². 

 
FIGURE 1: Distribution of second hand unit prices 

Histogram with kernel density estimate showing right-skewed distribution of house prices per square metre in Nanjing. 

The distribution shows a long right tail with most values concentrated between 15,000 and 25,000 RMB/m², peaking 

around 18,000 RMB/m², with a long tail extending beyond 90,000 RMB/m² for luxury properties. 

From the boxplot in Figure 2, the median unit price is slightly below RMB 20,000/m², and the interquartile range is mainly 

between 15,000 and 26,000/m². Notably, there is a dense cluster of outliers above the upper whisker, with maximum values 

exceeding 90,000/m². This indicates significant internal stratification within the Nanjing market: a small number of prime 

location premium properties (e.g., top school district houses, high-end improvement properties) pull the overall price ceiling 

upward. This long tail distribution suggests that log transformation of the target variable or using tree-based models insensitive 

to outliers may be beneficial. 

 
FIGURE 2: Boxplot of second hand unit prices by district in Nanjing 

Boxplot showing median unit prices across different districts of Nanjing. The plot illustrates significant variation across 

districts, with central districts showing higher median prices and wider interquartile ranges, while suburban districts 

show lower prices with narrower distributions. 
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3.3.2 Relationship between Area and Price 

Floor area is one of the most fundamental physical determinants of price. The scatter plot in Figure 3 reveals a nonlinear 

relationship. The vast majority of properties are in the 50–150 m² range, covering just-needed and first-time improvement 

segments. A typical "total price constraint effect" can be observed: 

 In the 50–100 m² small- to medium-size segment, the variance of unit price is enormous, ranging from around RMB 

10,000/m² (suburban old properties) to as high as RMB 80,000–90,000/m² (extreme outliers). 

 When the floor area exceeds 200 or even 300 m², the upper bound of unit price decreases significantly due to buyers' 

total budget constraints, and the unit price largely stabilises between RMB 20,000 and 60,000/m². 

 

FIGURE 3: Scatter plot of area vs. unit price 

Scatter plot showing a nonlinear relationship between floor area (m²) and unit price (RMB/m²). The plot shows high price 

variance for small units (50-100 m²), with some achieving very high unit prices, while very large units (>200 m²) show 

lower and more compressed unit prices, consistent with a total-price constraint effect. 

3.3.3 Feature Correlation Analysis 

To complement the univariate and bivariate visual explorations, we further quantify the linear relationships among all 

continuous variables (e.g., floor area, house age, subway distance) and ordinal/categorical variables that were label-encoded 

(e.g., district, decoration condition) using the Pearson correlation coefficient matrix, visualised as a heatmap in Figure 4. This 

analysis serves three crucial purposes: it provides an early statistical check on which features are most linearly associated with 

the target variable, it identifies potential multicollinearity among predictors, which is particularly relevant for linear models, 

and it helps to justify the subsequent choice of tree-based ensemble methods over parametric approaches. 

http://www.ijoer.com/
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FIGURE 4: Correlation heatmap 

Heatmap showing Pearson correlation coefficients between all features and the target variable (unit_price). Key 

observations: house_age shows the strongest negative correlation (r = -0.25), subway_dist shows negative correlation (r = 

-0.20), decoration_encoded shows positive correlation (r = 0.17), area_sqm shows weak positive correlation (r = 0.14). 

Strong multicollinearity is observed among area_sqm, room_num, bathroom_num, and total_rooms (r > 0.7). 

The correlation coefficients between the dependent variable unit_price (price per square metre) and each feature reveal a 

hierarchy of influence that aligns remarkably well with real-estate economic theory and local market intuition. Among all 

predictors, house_age exhibits the strongest negative correlation with price (r = -0.25). This indicates that, on a linear basis, 

older properties tend to sell at lower unit prices, a phenomenon widely observed in urban housing markets due to structural 

depreciation, outdated floor plans, and deteriorating communal facilities. In Nanjing, a city with a rich historical fabric, this 

effect is particularly pronounced because many older communities lack modern amenities such as elevators or underground 

parking, which are increasingly demanded by younger, improvement-oriented buyers. 

The second most influential feature in terms of absolute correlation is subway_dist (r = -0.20), confirming the substantial 

"metro premium" in Nanjing's second-hand market. With over ten metro lines in operation and a rapidly expanding network, 

proximity to a subway station has become a critical determinant of residential desirability, as it directly reduces commuting 

time and enhances accessibility to employment hubs, shopping centres, and public services. Notably, the negative sign is 

intuitive: shorter distances (lower numerical values) are associated with higher prices. 

Decoration_encoded (r = 0.17) shows a moderate positive correlation, suggesting that better-decorated properties command a 

price uplift. This finding is consistent with the prevailing improvement-driven demand in Nanjing, where many buyers prefer 

move-in-ready homes that save both time and renovation costs. The effect, while statistically significant, is weaker than that 

of house age and subway distance in linear terms, which may be because decoration quality is partly endogenous to other 

features (e.g., newer buildings tend to have better finishes). 

More intriguingly, area_sqm displays only a very weak positive correlation with unit price (r = 0.14). This near-flat linear 

relationship does not imply that area is unimportant; rather, it strongly suggests a non-monotonic and non-linear association—

a pattern already glimpsed in the scatter plot (Figure 3). As previously discussed, under a total-price budget constraint, smaller 

units (e.g., 50–80 m²) often exhibit disproportionately high per-square-metre prices, whereas ultra-large luxury apartments 

(above 200 m²) suffer from diminishing marginal values because the total price becomes prohibitive for most buyers. This non-

linearity is precisely the kind of complex interaction that linear regression fails to capture, and it provides a statistical 

justification for why ensemble tree models later outperform OLS by a significant margin (MAE reduction of ~14%). 

Other features such as attention_count and visit_30_days show negligible correlations with price (around 0.00), suggesting that 

online popularity metrics do not linearly translate into higher prices—possibly because they reflect listing exposure rather than 

intrinsic value. Similarly, floor_total and the orientation dummies exhibit near-zero correlations, indicating that their effects 
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are either weak, non-linear, or conditional on other factors (e.g., the value of a high floor may depend on the building's 

surroundings). 

3.3.4 Inter-Feature Correlations: Multicollinearity and Its Implications 

Turning to the relationships among predictors, the heatmap reveals several strong positive correlations that are physically 

intuitive but statistically important. The most salient is the cluster around area_sqm, which is highly correlated with room_num 

(r = 0.77), bathroom_num (r = 0.75), and total_rooms (r = 0.80). This is entirely expected: larger homes typically contain more 

bedrooms, bathrooms, and overall rooms. Such high collinearity poses a serious challenge for ordinary least squares (OLS) 

regression, as it inflates the variance of coefficient estimates, making individual parameter interpretations unstable and 

unreliable. Although ridge regression (which we included in our linear model variant) can mitigate this issue through L₂ 

regularisation, it does not eliminate the inherent difficulty of disentangling the marginal effect of each room-related variable 

when they move almost in lockstep. 

Similarly, area_sqm shows moderate correlations with house_age (negative, around -0.20) and subway_dist (negative, around 

-0.15), implying that newer and more central properties tend to be slightly larger, though the relationships are not strong enough 

to cause severe multicollinearity. The orientation dummies, as expected, exhibit low inter-correlations because they are 

mutually exclusive categories after one-hot encoding. 

Importantly, tree-based models such as Random Forest, XGBoost, and LightGBM are largely immune to multicollinearity. 

Their split-based learning mechanism evaluates each feature independently at each node, and the presence of correlated features 

does not degrade predictive performance; it may even improve robustness by providing multiple correlated signals. 

Consequently, we do not apply dimensionality reduction techniques like PCA (which would sacrifice interpretability) nor do 

we drop any of the highly correlated room-related features. Instead, we retain all original and engineered variables to preserve 

their physical meaning, because our ultimate goal is not just prediction but also transparent interpretation via SHAP. The 

correlation matrix, however, serves as a cautionary reminder that when we later interpret SHAP values, the contributions of 

correlated features should be considered jointly rather than in isolation. 

3.3.5 Linking Correlation to Model Selection and SHAP Interpretability 

The correlation analysis provides a solid empirical foundation for our methodological choices. First, the weak and non-linear 

relationship between unit_price and area_sqm strongly argues against a purely linear specification. Second, the presence of 

multicollinearity further undermines the reliability of linear regression coefficients, even though our regularised variant (ridge) 

partially addresses this. Third, the fact that house_age and subway_dist emerge as the top two linear correlates with price 

foreshadows their dominance in the SHAP global importance ranking (see Section 4.3), lending cross-validation credibility to 

both statistical and machine-learning perspectives. In essence, the correlation matrix not only summarises the data's linear 

structure but also reinforces the narrative that ensemble trees, with their inherent ability to model interactions and non-linear 

thresholds, are the most appropriate tools for this housing market. 

Moreover, the near-zero correlations between many features and the target do not imply that these features are irrelevant; they 

may have conditional effects that only manifest in sub-populations or in combination with other variables. For instance, the 

impact of floor level (floor_type) on price could be positive in high-rise buildings with scenic views but negative in older walk-

up buildings. Such interaction effects are precisely what gradient boosting machines can capture through their hierarchical 

splitting, and what SHAP can later expose through individual contribution analysis. Thus, the correlation heatmap, while 

limited to linear associations, serves as a valuable preliminary diagnostic that complements the more sophisticated non-linear 

explorations presented later. 

In summary, Figure 4 reinforces the following key insights: (1) house age, subway distance, and decoration condition are the 

most linearly influential predictors, (2) area has a weak linear effect but is likely to exhibit non-linear behaviour, (3) strong 

collinearity among size-related features validates our decision to favour tree-based models over linear ones, and (4) the overall 

correlation structure is consistent with the economic intuition of the Nanjing housing market, thereby enhancing the credibility 

of our subsequent modelling and interpretation pipeline. 

3.4 Feature Engineering and Final Dataset Construction 

Based on the patterns revealed in EDA and the structure of the raw data, we performed deep feature derivation and encoding 

on the 18 cleaned features to maximise information extraction for machine learning models. 
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3.4.1 Feature Construction 

Raw real estate data typically contain information that is either static, coarse grained, or embedded in unstructured text, making 

it suboptimal for direct machine learning input. To extract the maximum predictive signal and to encode domain knowledge, 

we performed a deliberate feature engineering step that transforms the original 18 cleaned attributes into a richer, more 

expressive set of 24 predictors. This process involved deriving new variables that capture temporal dynamics, spatial 

aggregation, textual information, and categorical hierarchies—all of which are grounded in hedonic pricing theory and the 

specific characteristics of the Nanjing housing market. Below we detail each newly constructed feature, its computational logic, 

missing value treatment, and the economic rationale underpinning its inclusion. 

 total_rooms: Computed as the sum of room_num, hall_num, and bathroom_num. This aggregate feature captures the 

overall spatial capacity of the property and reduces the dimensionality of the three separate room-type variables 

without losing predictive information. 

 house_age: Computed as 2026 − build_year. The year 2026 corresponds to the data collection period. House age 

captures the depreciation effect—older properties typically command lower prices due to structural ageing, outdated 

designs, and deteriorating community facilities. 

 subway_dist: Extracted from the text description field using regular expressions to identify numerical distances (in 

metres) to the nearest subway station. Missing values (indicating no nearby subway) were imputed with 9,999 to 

represent effectively infinite distance. 

 floor_type: Derived from the original floor information, encoded into three ordered categories: low (0), middle (1), 

and high (2), capturing the relative vertical position within the building. 

Orientation encoding: The original orientation field (e.g., "south", "north-south", "east") was expanded through one-hot 

encoding into 11 binary dummy variables: ori_E, ori_NE, ori_SE, ori_EW, ori_N, ori_S, ori_NS, ori_unknown, ori_W, 

ori_NW, and ori_SW, preserving all categorical information without imposing ordinal assumptions. 

3.4.2 Encoding of Categorical Features 

With the continuous and ordinal features constructed, the remaining categorical variables require numerical transformation to 

be compatible with machine learning algorithms, and we adopt a differentiated encoding strategy that respects the intrinsic 

nature of each feature. 

For orientation, which possesses no natural ordering—a south-facing unit is not quantitatively "greater" or "less" than an east-

facing one—we apply one-hot encoding, expanding the original field into 11 binary dummy variables so that each direction 

contributes independently to the prediction without imposing a false hierarchy; this is particularly important in Nanjing's 

subtropical monsoon climate, where south-facing units command a well-documented premium while other orientations exhibit 

more nuanced preferences. 

In contrast, both the district/area and decoration condition features exhibit clear ordinal structures that make label encoding 

more appropriate and efficient. For districts, we leverage the empirically observable price hierarchy across Nanjing's 

administrative areas—with Gulou and Qinhuai at the top, Jianye and Xuanwu in the middle tier, and Jiangning, Pukou, and 

other suburban districts at the lower end—and map each district to an integer label (city_encoded) based on its median unit 

price on the training set, thereby preserving the ranking while avoiding the dimensional explosion that one-hot encoding would 

incur. 

Similarly, decoration quality follows an unambiguous progression from rough through simple and fine to luxury, which we 

label-encode as decoration_encoded with values 0 through 3, respectively, allowing tree-based models to discover optimal split 

points along this quality gradient. 

Although label encoding implicitly assumes ordinality and could be problematic for linear models, our primary framework of 

ensemble trees is entirely robust to this treatment, as these algorithms treat the integer labels merely as ordered thresholds for 

partitioning rather than as cardinal measurements with equal intervals. This dual encoding scheme successfully transforms all 

textual attributes into a compact numerical matrix of 24 predictors, balancing information preservation, model compatibility, 

and interpretability, and we ensure that all encoding mappings are defined exclusively on the training set and then applied 

unchanged to the test set to prevent data leakage. 
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3.4.3 Final Modelling Dataset Shape 

Following the aforementioned data cleaning and feature engineering pipeline, the raw data were successfully transformed into 

a standardised and well-structured machine learning input matrix, laying a solid foundation for subsequent model training and 

evaluation. The final modelling dataset is specifically composed as follows: the predictor matrix X has a shape of (41,310 × 

24), comprising 41,310 valid samples and 24 predictive features; the target vector y has a shape of (41,310), corresponding to 

the unit area price (RMB/m²) for each sample. 

Within the complete 24 feature system, we systematically organise them into several functional groups: 

 Area and room-related features: area_sqm, room_num, hall_num, bathroom_num, total_rooms 

 Floor and building characteristics: floor_total, floor_type, house_age 

 Location and amenity features: city_encoded, subway_dist 

 Market popularity: attention_count, visit_30_days 

 Decoration condition: decoration_encoded 

 Orientation dummies: 11 binary variables (ori_E, ori_NE, ori_SE, ori_EW, ori_N, ori_S, ori_NS, ori_unknown, 

ori_W, ori_NW, ori_SW) 

Overall, this feature matrix incorporates both raw measurements and domain knowledge derived engineered variables, striking 

a favourable balance between information richness and dimensional parsimony, thus providing high-quality input data for the 

subsequent systematic comparison of five regression models and the SHAP-based interpretability analysis. 

IV. MODEL PERFORMANCE COMPARISON AND SHAP-BASED INTERPRETABILITY ANALYSIS 

In this chapter, we systematically compare the predictive performance of the five regression models (linear regression, random 

forest, XGBoost, LightGBM, and MLP) on the Nanjing second hand housing dataset. The best performing model is selected 

and its prediction diagnostics are examined. Subsequently, we employ SHAP for global and local interpretability analysis of 

the optimal model, uncovering the influence mechanisms of each feature on house prices, and we interpret the results in the 

context of the Nanjing real estate market. 

4.1 Model Evaluation Metrics Comparison 

We evaluate the five models on the test set using MAE, RMSE, and R². Table 2 presents the results, and Figure 5 shows the 

corresponding bar charts. 

 
FIGURE 5: Model performance comparison bar charts 

Bar charts comparing MAE, RMSE, and R² across five models: Linear Regression, Random Forest, XGBoost, 

LightGBM, and MLP. LightGBM and XGBoost show the lowest MAE and RMSE values. All models achieve R² above 

0.88. 

http://www.ijoer.com/
https://dx.doi.org/


International Journal of Engineering Research & Science (IJOER)                  ISSN: [2395-6992]                 [Vol-12, Issue-8, August- 2026] 

Website: www.ijoer.com                                                                                                                     Journal DOI: 10.25125/engineering-journal 

 

 

Page | 13  

TABLE 2 

PERFORMANCE COMPARISON OF MODELS 

Model MAE (RMB/m²) RMSE (RMB/m²) R² 

LightGBM 6,200 8,800 0.92 

XGBoost 6,200 8,800 0.88 

Random Forest 6,600 9,200 0.92 

MLP 7,100 9,500 0.92 

Linear Regression 7,200 9,600 0.92 

 

From Table 2, we observe the following. First, ensemble tree models generally outperform linear models and the neural 

network. LightGBM and XGBoost achieve the best MAE (6,200 RMB/m²) and RMSE (8,800 RMB/m²), representing a 

reduction of about 14% in MAE compared with linear regression (7,200 RMB/m²). This indicates that nonlinear relationships 

between features and prices exist and that tree-based ensembles can capture them more effectively. Second, LightGBM and 

XGBoost have comparable accuracy, but LightGBM has a slight edge in R². Although their MAE and RMSE are identical, 

LightGBM's R² is 0.92 versus XGBoost's 0.88, suggesting that LightGBM explains more of the price variation. Given 

LightGBM's advantages in training speed and memory usage, we select it as the optimal model for subsequent analysis. Third, 

all models achieve R² above 0.88, with four reaching 0.92. This suggests that the selected features have strong explanatory 

power for house prices. An R² above 0.9 for second hand housing prediction is considered quite good, and our results fall in 

the upper range, indicating practical utility. 

It is notable that Linear Regression achieves R² = 0.92, comparable to the tree-based models. This surprisingly high 

performance may be due to several factors: (1) the presence of strong linear relationships between several key features and 

price, (2) the large sample size (41,310 samples) which provides stable coefficient estimates, (3) the use of Ridge regularisation 

which mitigates multicollinearity issues, and (4) the relatively well-behaved nature of the Nanjing housing market where many 

price determinants do exhibit approximately linear relationships within the mainstream price range. However, the significantly 

higher MAE and RMSE of the linear model indicate that it performs worse in absolute terms, particularly in the tails of the 

distribution where non-linear effects become more pronounced. This is consistent with the residual analysis presented later, 

which shows larger errors for the linear model at extreme price levels. Thus, while the linear model achieves comparable R², 

it does so with larger absolute errors, making it less suitable for practical applications where accurate individual predictions 

are required. 

4.2 Prediction Diagnostics of the Optimal Model 

4.2.1 Actual vs. Predicted Values 

We diagnose the prediction performance of the optimal model (LightGBM) on the test set. Figure 6 shows a scatter plot of 

actual versus predicted unit prices, with the red dashed line representing the ideal prediction line (y = x). Points closer to this 

line indicate more accurate predictions. 

 
FIGURE 6: LightGBM-based prediction scatter plot 

Scatter plot showing actual vs. predicted unit prices (RMB/m²). The plot shows that the majority of points lie closely 

around the 45-degree diagonal line, indicating good fit in the mainstream price range of 15,000–35,000 RMB/m². A few 

outliers are visible at the low end (<10,000 RMB/m²) and high end (>40,000 RMB/m²), where prediction accuracy 

decreases. 
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From Figure 6, we observe: 

1) Overall good fit: the vast majority of points lie closely around the 45° reference line, consistent with R² = 0.92, indicating 

high prediction accuracy in the mainstream price range (about 15,000–35,000 RMB/m²). 

2) A few outliers: some points deviate considerably from the reference line in the low price (below 10,000 RMB/m²) and 

high price (above 40,000 RMB/m²) regions. This reflects the difficulty in predicting extreme price properties—low price 

listings may correspond to suburban or older, smaller properties, while high price ones may represent prime location luxury 

homes, whose pricing is more influenced by idiosyncratic factors. 

3) No obvious systematic bias: the scatter is roughly symmetric around the diagonal, suggesting that the model does not 

over- or under-estimate systematically. 

4.2.2 Residual Diagnostics 

Figure 7 presents the histogram and Q-Q plot of the residuals (actual − predicted) to check the normality assumption and 

identify anomalous predictions. 

 
FIGURE 7: Residual distribution and Q-Q plot 

(Left) Histogram showing residual distribution with a unimodal shape centered near zero, ranging approximately from -

25,000 to +60,000 RMB/m², with most values concentrated in the -5,000 to +5,000 RMB/m² range. (Right) Q-Q plot 

showing central alignment with the theoretical line but deviations in the tails, confirming approximate normality for 

mainstream predictions but larger errors for extreme values. 

From the residual histogram, residuals are mainly concentrated in the [-5,000, 5,000] RMB/m² interval, with a unimodal 

distribution and mean near zero, consistent with MAE = 6,200 RMB/m². The distribution shows a pronounced right skewed 

long tail: positive residuals (model underestimation) can reach as high as 60,000 RMB/m², while negative residuals (model 

overestimation) go down to about -25,000 RMB/m². This indicates that the model's prediction errors for high priced properties 

are more substantial—the idiosyncratic premiums of luxury homes are difficult to capture with standardised features. 

The Q-Q plot shows that the central part of the scatter aligns well with the theoretical line, confirming that residuals in the 

mainstream price range are approximately normally distributed, satisfying the basic regression assumption. The tails deviate 

noticeably, further confirming the presence of extreme values. 

Diagnostic conclusion: the model performs robustly in the mainstream market segment, but its predictive ability is limited at 

both ends of the price distribution, especially for high-end luxury properties. The root cause is that luxury housing pricing is 

more heavily influenced by hard-to-quantify factors such as interior fit-out quality, views, floor orientation, and seller 

psychology, which cannot be fully explained by structured features like area, age, and subway distance. 

4.3 SHAP-Based Global Interpretation 

To open the model's "black box" and understand LightGBM's decision logic, we conduct global interpretability analysis using 

SHAP. SHAP, derived from Shapley values in cooperative game theory, fairly allocates the contribution of each feature to the 

prediction and is currently regarded as the most consistent interpretability method. 
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4.3.1 Feature Importance Ranking 

Figure 8 shows the bar chart of feature importance based on the mean absolute SHAP values (in descending order). Three core 

driving factors of Nanjing second hand house prices can be clearly identified: 

 
FIGURE 8: SHAP feature importance bar chart 

Horizontal bar chart showing mean absolute SHAP values for all features. house_age ranks highest (approximately 2,500 

RMB/m²), followed by subway_dist (approximately 2,100 RMB/m²), decoration_encoded (approximately 1,800 RMB/m²), 

area_sqm (approximately 1,500 RMB/m²), and then other features with decreasing importance. This hierarchy identifies 

three core drivers: house age, subway proximity, and decoration condition. 

 First: house_age (house age). House age is the most important feature affecting price. Newer properties enjoy 

significant premiums due to modern design and better facilities, while older properties suffer depreciation because of 

ageing construction, outdated layouts, and deteriorating community environments. In a historically and culturally rich 

city like Nanjing, the age effect is especially pronounced—the unit price gap between old communities built in the 

1980s–90s and post-2000 properties in the main urban area can exceed a factor of two. 

 Second: subway_dist (distance to subway). Subway accessibility ranks second, fully validating the reshaping effect 

of Nanjing's rail transit development on real estate values. As of 2025, Nanjing has over 10 metro lines in operation 

with a total mileage exceeding 500 km. The logic that "a station nearby brings gold" has been quantitatively verified 

in Nanjing's housing market. Proximity to a subway station enhances commuting convenience and strengthens the 

competitiveness of listings. 

 Third: decoration_encoded (decoration condition). Decoration quality is the third most important factor. Well-

decorated properties not only save buyers time and effort but also add value through the design and materials used. 
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Especially in a market dominated by improvement-oriented demand, decoration condition often becomes a key 

bargaining chip between buyers and sellers. 

Additionally, area_sqm also ranks high—smaller, just-needed units tend to have higher unit prices, reflecting that under the 

"total price constraint", buyers are more tolerant of higher unit prices for small to medium-sized units. 

4.3.2 Direction of Feature Effects and Interactions 

The SHAP summary bee swarm plot in Figure 9 further reveals the direction of each feature's effect on price. Each dot 

represents a sample, colour indicates the feature value (high in red, low in blue), and the horizontal position indicates the 

contribution direction. 

 
FIGURE 9: SHAP summary bee swarm plot 

Bee swarm plot showing the distribution of SHAP values for each feature. For house_age: high age (red) points are on 

the negative side, low age (blue) on the positive side—indicating a negative correlation with price. For subway_dist: short 

distance (blue) on the positive side, long distance (red) on the negative side—indicating subway convenience increases 

prices. For decoration_encoded: high-quality (red) on the positive side—indicating quality decoration increases prices. 

For area_sqm: mixed pattern showing non-monotonic effect—small units show high positive contributions, medium units 

show moderate contributions, and very large units show diminished or negative marginal contributions. 

 house_age: high age (red) concentrates on the negative side; low age (blue) on the positive side—house age is 

significantly negatively correlated with price, confirming depreciation for older properties. 

 subway_dist: short distance (blue) is on the positive side; long distance (red) on the negative side—subway 

convenience substantially increases prices. The "metro-adjacent" premium is explicitly quantified. 

 decoration_encoded: high-quality decoration (red) concentrates on the positive side—good decoration has a positive 

pulling effect. 
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 area_sqm: the distribution of large (red) and small (blue) areas on the horizontal axis is non-monotonic—smaller 

units tend to have higher unit prices (the "smaller area, higher unit price" phenomenon in just-needed markets), while 

very large luxury units show diminishing marginal value due to total-price constraints. 

V. CONCLUSION AND FUTURE DIRECTIONS 

5.1 Conclusion 

This study focuses on the second hand housing market in Nanjing, with the dual objectives of "high accuracy prediction" and 

"high interpretability". We systematically conducted machine learning based house price prediction and feature influence 

analysis. The main contributions can be summarised in four aspects. 

First, we established a complete standardised pipeline for house price prediction. Following the six-stage workflow—problem 

definition and data collection, data preprocessing, feature engineering, model construction and training, model evaluation and 

comparison, and model interpretation and application—we obtained raw data from Kaggle (initially 1,048,575 records, 22 

features). After removing redundant columns, imputing missing values, and filtering outliers, we retained 41,310 high-quality 

samples. We then performed deep feature derivation and encoding: constructed total_rooms from room counts, computed 

house_age from construction year, extracted subway_dist from unstructured text, and encoded floor level and orientation 

(including one-hot expansion), resulting in a standardised feature matrix with 24 predictors. 

Second, we systematically compared the predictive performance of five representative regression models. Linear regression, 

random forest, XGBoost, LightGBM, and MLP were evaluated on the same train-test split using MAE, RMSE, and R². The 

results show that ensemble tree models outperform linear regression and the neural network overall. LightGBM and XGBoost 

tie for the best MAE (6,200 RMB/m²) and RMSE (8,800 RMB/m²), which is about 14% lower than linear regression's MAE 

(7,200 RMB/m²). LightGBM's R² (0.92) is higher than XGBoost's (0.88), indicating better explanatory power for price 

variation. Considering both accuracy and efficiency, we selected LightGBM as the optimal model. 

Third, we performed systematic prediction diagnostics on the optimal model. Scatter plots of actual vs. predicted values show 

that the model fits well in the mainstream price range (approx. 15,000–35,000 RMB/m²), with points closely distributed around 

the 45° line, consistent with R² = 0.92. However, a few outliers exist at the low price (below 10,000 RMB/m²) and high price 

(above 40,000 RMB/m²) ends, indicating greater difficulty in predicting extreme prices. Residual analysis reveals that residuals 

are mainly in [-5,000, 5,000] RMB/m², unimodal and centred near zero, but with a pronounced right skewed long tail—positive 

residuals (underestimation) can reach 60,000 RMB/m², while negative residuals (overestimation) go to about -25,000 RMB/m², 

confirming that the model struggles more with high-end luxury properties. Q-Q plot diagnostics confirm approximate normality 

of residuals in the mainstream segment. 

Fourth, we innovatively employed SHAP to open the model's black box. Based on Shapley values, we conducted global and 

local interpretability analysis of the LightGBM model. The global feature importance ranking identifies three core drivers: 

house_age ranks first—newer properties enjoy significant premiums while older ones incur depreciation; subway_dist ranks 

second—quantitatively confirming the value reshaping role of Nanjing's rail transit; decoration_encoded ranks third—

reflecting the negotiation weight of decoration quality under improvement-oriented demand. The SHAP summary bee swarm 

plot further reveals the direction of each feature's effect: house age is negatively correlated with price; subway convenience 

boosts price; quality decoration exerts a positive pull; and area exhibits a non-monotonic pattern—small units tend to have 

higher unit prices due to total price constraints, while very large luxury units show diminishing marginal value. 

5.2 Limitations 

Despite the contributions, several limitations remain. 

First, feature coverage is limited. Although we constructed 24 features, many potential price determinants are not included. 

Macro level factors such as city GDP growth, net population inflow, land supply policies, and interest rates are absent; micro 

level factors such as school district quality, community environment, views, and neighbourhood composition are also omitted. 

Particularly for the high-end luxury segment, idiosyncratic factors like interior design, views, floor orientation, and seller 

psychology play a larger role, which partly explains the larger prediction errors for high price properties. 

Second, generalisability is constrained. Our model is trained and evaluated solely on Nanjing data. Its applicability to other 

cities (e.g., first tier or third/fourth tier cities) remains to be tested. Real estate markets differ substantially across cities in terms 

of supply-demand structure, policy environment, and demographic characteristics; model parameters and feature importance 
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rankings derived from Nanjing may not directly transfer. Moreover, machine learning models typically assume that training 

and future data come from the same distribution, but housing markets are heavily influenced by policy and economic changes, 

which may lead to concept drift and degrade prediction accuracy over time. 

Third, interpretability methods have their own limitations. Although SHAP assigns unified contributions to each feature, these 

are approximations based on the model's internal structure, not causal effects. SHAP values reflect statistical associations 

between features and predictions, not causal relationships. Moreover, global interpretations depend on the training data 

distribution; when the distribution shifts, previous conclusions may need to be re-evaluated. 

5.3 Future Research Directions 

To address the above limitations, future research could explore the following avenues. 

First, incorporate temporal dynamics and predictive adaptability. Future work could collect panel data across multiple years 

and build models that combine time series analysis with tree-based methods—for example, integrating LightGBM with vector 

autoregression (VAR) or exploring RNNs/LSTMs to capture temporal dependencies and cyclical fluctuations. Transfer 

learning could also be applied to adapt knowledge learned from historical data to current prediction tasks, mitigating concept 

drift. 

Second, integrate multi-source heterogeneous data. Future efforts should incorporate richer data sources: macro level indicators 

(GDP, population inflow, land prices, interest rates, policy changes) and micro level contextual data such as POIs (schools, 

hospitals, commercial districts), social media sentiment, and street view images. Multi-modal machine learning approaches 

could enhance both prediction accuracy and interpretability. 

Third, conduct cross-city comparative studies. Applying the same framework to other cities—Beijing, Shanghai, Shenzhen, as 

well as Hangzhou and Chengdu—would allow comparisons of feature importance rankings, revealing city-specific price 

formation mechanisms and providing empirical support for city-specific regulation policies. Meta-transfer learning could also 

be explored to transfer knowledge from data-rich cities to data-scarce ones. 

Fourth, deepen interpretability analysis. Beyond SHAP, future research could combine Partial Dependence Plots and Individual 

Conditional Expectation plots to visualise marginal effects and nonlinear shapes. Hybrid frameworks that integrate Shapley 

values with Least Core attribution could improve robustness. More importantly, moving from association to causation—using 

causal discovery algorithms or instrumental variables—would provide stronger evidence for policy making. 

Fifth, explore advanced deep learning architectures. Although our MLP underperformed relative to ensemble trees, this does 

not preclude deep learning's potential. Future attempts could include Graph Neural Networks to model spatial dependencies 

and market linkages among listings, or Transformer-based architectures to capture complex feature interactions. With the rapid 

advancement of Large Language Models, leveraging LLMs to extract semantic information from unstructured text (listing 

descriptions, news, policy documents) could also supplement structured features. 
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Abstract— Enterprise Resource Planning (ERP) systems have become indispensable for integrating organizational processes 

and improving operational efficiency. However, evaluating ERP system effectiveness remains challenging because 

conventional evaluation methods often rely on subjective assessment techniques and fail to capture the complex relationships 

among multiple organizational and operational performance indicators. This study proposes a hybrid framework that 

integrates Inverse Variance Weighting (IVW), Tabu Search Algorithm (TSA), and supervised Machine Learning (ML) models 

for objective ERP effectiveness evaluation. Operational and organizational Key Performance Indicators (KPIs), including 

throughput, lead time, defect rate, machine utilization, system uptime, response time, employee productivity, order fulfillment 

rate, supply chain responsiveness, customer satisfaction, cost efficiency, and return on investment, were employed to construct 

a composite ERP effectiveness index. The IVW technique objectively assigned KPI weights based on statistical stability, while 

Tabu Search optimized KPI selection and feature combinations. Linear Regression, Support Vector Regression, and Random 

Forest Regression models were subsequently trained to predict ERP effectiveness. Model performance was evaluated using 

Mean Absolute Error (MAE), Root Mean Square Error (RMSE), coefficient of determination (R²), and five-fold cross-

validation. The proposed framework provides an objective, scalable, and intelligent decision-support mechanism capable of 

improving ERP performance evaluation in manufacturing environments. The study contributes a novel hybrid optimization 

and machine learning framework that enhances predictive accuracy while reducing the subjectivity associated with 

conventional ERP evaluation techniques. 

Keywords— Enterprise Resource Planning, ERP Effectiveness, Inverse Variance Weighting, Tabu Search, Machine 

Learning, Key Performance Indicators. 

I. INTRODUCTION 

Enterprise Resource Planning (ERP) systems have transformed organizational operations by integrating business processes 

into a unified platform that facilitates information sharing, operational efficiency, and strategic decision-making. 

Manufacturing organizations increasingly depend on ERP systems to coordinate procurement, inventory management, 

production scheduling, finance, human resource management, and customer relationship management. The integration of these 

functions enables organizations to reduce operational costs, improve productivity, enhance customer satisfaction, and achieve 

sustainable competitive advantage. 

Despite these advantages, evaluating the effectiveness of ERP systems remains a significant challenge. Traditional ERP 

evaluation approaches primarily rely on subjective assessment methods, expert judgment, balanced scorecards, or simple Key 

Performance Indicator (KPI) aggregation techniques. Although these approaches provide useful managerial insights, they often 

fail to capture the nonlinear relationships that exist among organizational performance variables. Furthermore, subjective 

weighting methods such as the Analytic Hierarchy Process (AHP) introduce human bias into the evaluation process, thereby 

reducing the reliability and objectivity of ERP performance assessment. 
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Recent advances in artificial intelligence, machine learning, and metaheuristic optimization have created opportunities for 

developing intelligent ERP evaluation frameworks capable of learning complex patterns from organizational data. Machine 

learning algorithms have demonstrated remarkable predictive capabilities across manufacturing applications, including 

production planning, demand forecasting, predictive maintenance, supplier evaluation, quality control, and supply chain 

optimization. Similarly, metaheuristic optimization techniques such as Tabu Search have proven effective in solving complex 

optimization problems characterized by large search spaces and multiple conflicting objectives. 

Although previous studies have independently applied machine learning, optimization algorithms, or statistical weighting 

techniques in ERP-related research, very few have integrated these approaches into a unified framework for comprehensive 

ERP effectiveness evaluation. Existing studies largely focus on individual ERP modules or isolated performance metrics rather 

than providing a holistic evaluation methodology that considers both operational and organizational performance indicators 

simultaneously. 

To address this research gap, this study proposes a hybrid ERP evaluation framework that integrates Inverse Variance 

Weighting, Tabu Search optimization, and supervised machine learning algorithms. The proposed framework objectively 

determines KPI importance, optimizes feature selection, and predicts ERP effectiveness using advanced regression models. By 

combining statistical weighting with optimization and predictive analytics, the framework minimizes subjective bias while 

improving evaluation accuracy and decision support for manufacturing organizations. 

The major contributions of this study are: 

1) The development of a hybrid Tabu Search–Machine Learning framework for ERP effectiveness evaluation; 

2) The application of Inverse Variance Weighting to objectively determine KPI importance; 

3) The integration of optimization and predictive analytics to improve ERP performance assessment; and 

4) The provision of an intelligent decision-support tool capable of assisting manufacturing organizations in monitoring 

and improving ERP system performance. 

II. MATERIALS AND METHODS 

2.1 Research Design 

This study adopted a quantitative research design to develop and validate a hybrid framework for evaluating the effectiveness 

of Enterprise Resource Planning (ERP) systems in manufacturing organizations. The framework integrates objective statistical 

weighting, metaheuristic optimization, and supervised machine learning to produce an intelligent decision-support model for 

ERP performance assessment. The overall workflow consists of data acquisition, preprocessing, KPI weighting, feature 

optimization, machine learning model development, validation, and performance comparison. The methodology is designed to 

minimize subjective bias while improving prediction accuracy and model robustness. 

Operational Data: Operational data were extracted directly from ERP system logs and include production throughput (units 

produced per unit time), cycle time (time to complete one production cycle), lead time (time from order receipt to delivery), 

machine utilisation (percentage of time equipment is actively used), defect and rework rates (proportion of defective items 

requiring correction), resource allocation records, and cost optimisation reports. These data enable the computation of technical 

performance indicators that reflect the system's operational efficiency. 

Organisational Key Performance Indicators (KPIs): Organisational Key Performance Indicators (KPIs) were also collected. 

KPIs are quantifiable measures used to evaluate the success of an organisation in achieving its objectives; here they include 

employee productivity indices (output per employee), supply chain responsiveness (time to respond to demand fluctuations), 

order fulfilment accuracy (percentage of orders delivered correctly and on time), and customer satisfaction scores (derived 

from survey scales or net promoter scores). These indicators capture the broader impact of ERP systems on organisational 

performance. 

All variables were arranged into a structured dataset as shown in Equation (1) below: 

𝑋 = {xij}, 𝑖 = 1, 2, … . , 𝑛; 𝑗 = 1, 2, … . , 𝑚         (1) 

where n represents the number of observations (data records) and m represents the number of KPIs. 
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2.2 Data Collection 

ERP operational records and organizational performance data were collected from selected manufacturing organizations over 

a twelve-month period. The dataset comprised approximately 500–1,500 observations and included twelve Key Performance 

Indicators (KPIs) representing both operational and organizational performance. These indicators included throughput, lead 

time, defect rate, machine utilization, system uptime, response time, employee productivity, order fulfillment rate, supply chain 

responsiveness, customer satisfaction, cost efficiency, and return on investment (ROI). 

2.2.1 Phase One: Data Collection 

The data was collected from the ERP system and organisational records of selected manufacturing organisations. The data set 

includes: 

1) Organisational KPIs: throughput, cycle time, lead time, defect rate, and cost; 

2) Operational KPIs: productivity, responsiveness, and satisfaction. 

2.2.2 Phase Two: Data Cleaning and Preparation 

The dataset was pre-processed to ensure the quality of the data. Missing values were replaced using median imputation method, 

based on the variable's distribution. Duplicate records were removed using unique identifiers for each record. 

Outliers were detected using the Interquartile Range (IQR) method as shown in Equation (2): 

𝑥 < 𝑄1 − 1.5 𝐼𝑄𝑅    𝑜𝑟    𝑥 > 𝑄3 + 1.5 𝐼𝑄𝑅         (2) 

Where: 

 Q₁ = first quartile 

 Q₃ = third quartile 

 IQR = Q₃ - Q₁ 

2.2.3 Phase Three: Exploratory Data Analysis (EDA) 

For this purpose, Exploratory Data Analysis was performed. In EDA, distribution plots were used to check the distribution of 

each KPI. Correlation analysis was also performed to check the relationship between variables. Box plots were used to check 

the existence of any outliers in the dataset. This phase is important to check if the dataset is suitable for modelling. Feature 

selection is also an important part of this phase [2]. 

2.2.4 Phase Four: KPI Structuring and Inverse Variance Weighting 

All KPIs were classified into two groups: technical (operational) KPIs and organisational KPIs. In order to determine objective 

weights, the inverse variance weighting method was used. The variance of each KPI i was calculated using Equation (3): 

𝜎𝑖
2 =

1

𝑛
∑ (𝑥𝑘𝑖 − 𝑥𝑖)2𝑛

𝑘=1
           (3) 

Based on the computed variance, inverse variance weighting was applied as shown in Equation (4): 

𝑤𝑖 =
1/𝜎𝑖

2

∑ 1/𝜎𝑗
2

𝑚

𝑗=1

            (4) 

The ERP Effectiveness Score was then computed as shown in Equation (5): 

𝑌 = ∑ 𝑤𝑖𝑥𝑖
𝑚
𝑖=1             (5) 

Where: 

 Y = ERP effectiveness score 

 wᵢ = weight of KPI i 

 xᵢ = KPI value 
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2.2.5 Phase Five: Train-Test Split and Feature Engineering 

The data set was split into training and testing sets using the ratio of 70% and 30%, respectively, in order to prevent overfitting: 

 Training set: model learning and optimization 

 Test set: independent evaluation 

Feature matrix X and target variable Y are defined as: 

 X: all KPIs excluding ERP effectiveness 

 Y: computed ERP effectiveness score 

2.2.6 Phase Six: Data Scaling and Normalization 

Directly after splitting, min-max normalisation was applied to input features to ensure uniform scaling to bring all values to a 

comparable scale on the scale from 0 to 1, applying min-max scaling as shown in Equation (6). Scaling parameters were 

computed using the training dataset only to prevent data leakage. 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
            (6) 

2.2.7 Phase Seven: Hybrid Optimization and Machine Learning Model Development 

In this stage, metaheuristic optimisation and predictive modelling are integrated to produce the hybrid TSA-ML framework. 

Tabu Search Algorithm 

Tabu Search was used to optimize KPI selection and weighting. The objective function is defined based on Root Mean Square 

Error as shown in Equation (7): 

RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦

^

𝑖)
2

𝑛

𝑖=1
          (7) 

The algorithm searches for the best subset of features and weight combinations while avoiding previously visited solutions 

[12], [13]. 

2.3 Data Preprocessing 

To improve data quality, missing values were handled using median imputation because of its robustness against skewed 

distributions and extreme observations. Duplicate records were removed using unique identifiers, while outliers were detected 

using the Interquartile Range (IQR) method. To prevent data leakage, all preprocessing operations were performed only on the 

training dataset before model development. Exploratory Data Analysis (EDA) was subsequently conducted using descriptive 

statistics, histograms, box plots, and Pearson correlation analysis to understand variable distributions and identify potential 

multicollinearity among the selected KPIs. 

2.4 ERP Effectiveness Score Development 

An objective ERP Effectiveness Score was developed using the Inverse Variance Weighting (IVW) technique. The variance 

of each KPI was first computed to quantify its statistical variability. Indicators with lower variance were assigned higher 

weights because they provide more stable information regarding ERP performance. 

The normalized weight assigned to each KPI was calculated using the inverse of its variance, ensuring that the sum of all 

weights equals one. The ERP Effectiveness Score was then computed as the weighted aggregation of all normalized KPIs and 

served as the target variable for machine learning prediction. 

This approach eliminates the subjectivity associated with expert-assigned weights and provides an objective performance index 

based entirely on observed data characteristics. 

2.5 Feature Scaling and Dataset Partitioning 

The dataset was partitioned into training (70%) and testing (30%) subsets. The training dataset was used for model learning 

and optimization, whereas the testing dataset was reserved for independent model evaluation. 
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To ensure numerical consistency among variables, predictor features were normalized using Min–Max scaling, transforming 

all variables into the interval [0,1]. Scaling parameters were estimated exclusively from the training dataset to avoid information 

leakage. 

2.6 Tabu Search Optimization 

A Tabu Search Algorithm (TSA) was employed to identify the optimal subset of ERP performance indicators and 

corresponding feature combinations. Unlike conventional search techniques that frequently become trapped in local optima, 

Tabu Search employs adaptive memory structures (tabu lists) to discourage revisiting previously explored solutions. 

The optimization objective was to minimize the Root Mean Square Error (RMSE) of ERP effectiveness prediction while 

maximizing predictive accuracy. During each iteration, neighbouring feature subsets were generated, evaluated, and compared 

until convergence criteria were satisfied. 

 

FIGURE 1: Tabu Search Optimization Progress (Tabu Search Convergence) 

2.7 Machine Learning Models 

Three supervised regression algorithms were employed for ERP effectiveness prediction: 

1) Linear Regression (LR): A baseline statistical model for estimating linear relationships between ERP KPIs and the 

effectiveness score. 

2) Support Vector Regression (SVR): A nonlinear regression algorithm capable of modeling complex relationships 

using kernel functions while minimizing prediction error. 

3) Random Forest Regression (RFR): An ensemble learning algorithm comprising multiple decision trees that 

improves prediction accuracy, robustness, and resistance to overfitting. 

Each model was trained using the optimized feature subset generated by the Tabu Search Algorithm. 

 

FIGURE 2: (a) Actual vs Predicted Linear Regression and (b) Residual Plot Linear Regression 
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2.8 Model Validation 

The predictive performance of each model was evaluated using three standard regression metrics: 

 Mean Absolute Error (MAE) 

 Root Mean Square Error (RMSE) 

 Coefficient of Determination (R²) 

Additionally, five-fold cross-validation was performed to assess model generalization and reduce the likelihood of overfitting. 

2.9 Statistical Analysis 

To determine whether the proposed hybrid framework significantly outperformed conventional ERP evaluation approaches, 

statistical comparisons were conducted using one-way Analysis of Variance (ANOVA) and paired t-tests. Sensitivity analysis 

was also performed by varying KPI values by ±10% to evaluate the stability and robustness of the proposed model under 

changing operational conditions. 

2.10 Proposed Hybrid Framework 

The proposed framework integrates three complementary computational techniques: 

1) Inverse Variance Weighting for objective KPI weighting. 

2) Tabu Search Optimization for optimal feature selection. 

3) Machine Learning Regression for ERP effectiveness prediction. 

The integration of these techniques enables the framework to reduce subjective bias, improve prediction accuracy, and provide 

intelligent decision support for manufacturing organizations compared with traditional ERP evaluation methods. 

  
FIGURE 3: Inverse Variance KPI Weights FIGURE 4: Feature Contribution to ERP 

Performance 

III. RESULTS AND DISCUSSION 

3.1 Data Preprocessing Results 

The initial ERP dataset underwent preprocessing to improve data quality before model development. Missing values were 

successfully treated using median imputation, duplicate records were removed, and outliers were identified using the 

Interquartile Range (IQR) method. Following preprocessing, the distributions of the selected KPIs became more compact, with 

a substantial reduction in extreme observations, particularly for throughput and cost efficiency. This produced a cleaner dataset 

that enhanced the robustness of the predictive models. 

3.2 Exploratory Data Analysis 

The distribution plots showed that most ERP KPIs exhibited approximately balanced distributions after preprocessing, 

indicating that the dataset was suitable for predictive modelling. Moderate positive skewness was observed for lead time and 

defect rate, while variables such as machine utilization, system uptime, customer satisfaction, and ROI displayed relatively 
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stable distributions. Pearson correlation analysis further revealed weak pairwise correlations among the KPIs, suggesting 

minimal multicollinearity and confirming that each KPI contributed distinct information to the evaluation process. 

3.3 KPI Weighting and ERP Effectiveness Score 

The Inverse Variance Weighting (IVW) method objectively determined the contribution of each KPI to the ERP effectiveness 

index. System uptime received the highest normalized weight (0.3592), followed by defect rate (0.3482) and response time 

(0.1841). These three indicators accounted for nearly 89% of the total weighting, demonstrating that stable operational 

indicators contributed most strongly to ERP performance evaluation. Conversely, throughput and cost efficiency received the 

lowest weights because of their relatively high variability across observations. 

The weighted aggregation of all KPIs produced the ERP Effectiveness Score, which served as the dependent variable for 

subsequent machine learning models. Sample scores ranged from approximately 39.74 to 44.72, indicating measurable 

differences in ERP performance among the sampled manufacturing operations. 

3.4 Performance of the Hybrid TSA–ML Framework 

The proposed hybrid framework combined objective KPI weighting, Tabu Search optimization, and supervised machine 

learning to predict ERP effectiveness. Feature optimization using the Tabu Search Algorithm reduced redundant information 

and enabled the learning algorithms to focus on the most informative performance indicators. 

Among the evaluated regression models, Random Forest Regression produced the best predictive performance because of its 

ability to capture nonlinear relationships and interactions among ERP KPIs. Support Vector Regression also demonstrated 

strong predictive capability, whereas Linear Regression served as an effective baseline but was less capable of modelling 

complex operational relationships. 

Overall, integrating Tabu Search with machine learning improved prediction accuracy compared with using conventional 

regression models without optimization. 

3.5 Model Validation 

Model performance was evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), coefficient of 

determination (R²), and five-fold cross-validation. Cross-validation demonstrated consistent predictive performance across 

different data partitions, indicating that the developed framework generalized well and was not significantly affected by 

overfitting. The sensitivity analysis further confirmed that moderate changes in KPI values produced stable ERP effectiveness 

predictions, demonstrating the robustness of the proposed framework. 

3.6 Comparison with Existing Studies 

The proposed framework extends previous ERP evaluation studies by integrating three complementary techniques into a 

unified decision-support system: 

1) Objective KPI weighting through Inverse Variance Weighting; 

2) Feature optimization using the Tabu Search Algorithm; and 

3) Predictive modelling using supervised machine learning. 

Unlike conventional ERP evaluation methods that rely heavily on subjective expert judgment, the proposed framework 

objectively derives KPI importance directly from observed data. This improves reproducibility and minimizes evaluator bias. 

Furthermore, while many previous studies focus on isolated ERP modules such as inventory management or procurement, the 

proposed framework evaluates ERP effectiveness using both operational and organizational performance indicators, providing 

a more comprehensive assessment of enterprise performance. 

3.7 Practical Implications 

The developed hybrid framework has important implications for manufacturing organizations. Engineering managers can 

employ the framework to: 

 Objectively evaluate ERP system performance; 
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 Identify critical operational weaknesses; 

 Prioritize performance improvement initiatives; 

 Support strategic investment decisions; 

 Monitor ERP implementation success over time; and 

 Improve overall operational efficiency through data-driven decision-making. 

Because the framework combines optimization and machine learning, it is scalable and can be adapted to different industrial 

sectors with minimal modification. 

3.8 Summary of Findings 

The findings demonstrate that: 

1) Objective statistical weighting provides a reliable basis for ERP performance evaluation; 

2) Tabu Search effectively optimizes KPI selection; 

3) Machine learning accurately predicts ERP effectiveness; 

4) The integrated TSA–ML framework outperforms conventional KPI-based evaluation approaches; and 

5) The proposed model provides an intelligent and robust decision-support tool for evaluating ERP systems in 

manufacturing organizations. 

IV. DISCUSSION 

This study presented a hybrid framework for evaluating Enterprise Resource Planning (ERP) system effectiveness by 

integrating Inverse Variance Weighting (IVW), the Tabu Search Algorithm (TSA), and supervised machine learning 

techniques. The framework was designed to overcome the limitations of conventional ERP evaluation methods, which often 

depend on subjective KPI weighting and have limited capability to model the complex relationships among organizational 

performance indicators. 

The proposed methodology objectively determined KPI importance using statistical weighting, optimized feature selection 

through Tabu Search, and employed Linear Regression, Support Vector Regression, and Random Forest Regression to predict 

ERP effectiveness. The integration of these techniques produced a robust decision-support framework capable of evaluating 

ERP performance more accurately and consistently than traditional approaches. 

The results demonstrate that system uptime, defect rate, and response time are the most influential KPIs in determining ERP 

effectiveness, reflecting the importance of system reliability and operational stability in manufacturing environments. This 

finding aligns with previous research emphasising the critical role of system availability and quality management in ERP 

success [10], [17]. 

The superior performance of Random Forest Regression over other models can be attributed to its ensemble nature, which 

enables it to capture complex nonlinear interactions among KPIs without requiring explicit specification of functional forms. 

This makes it particularly suitable for ERP effectiveness prediction, where relationships among performance indicators are 

often non-linear and context-dependent [7], [23]. 

Compared with existing approaches that rely on subjective expert weighting [17] or single-metric evaluation [5], the proposed 

framework offers several advantages: objectivity, reproducibility, scalability, and the ability to handle multiple performance 

indicators simultaneously. 

V. CONCLUSION 

The findings demonstrate that the proposed hybrid framework provides an objective, scalable, and intelligent mechanism for 

ERP performance evaluation in manufacturing organizations. By combining optimization and machine learning, the framework 

reduces evaluator bias, improves predictive accuracy, and supports evidence-based managerial decision-making. 
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Consequently, the study contributes to both ERP research and intelligent manufacturing by providing a practical approach for 

monitoring and improving enterprise system performance. 

5.1 Practical Contributions 

The proposed framework offers several practical benefits: 

 Objective evaluation of ERP performance using statistically derived KPI weights; 

 Intelligent prediction of ERP effectiveness through machine learning; 

 Improved resource allocation and operational planning; 

 Support for continuous performance monitoring; 

 Enhanced decision-making for ERP implementation and optimization; and 

 Applicability to manufacturing organizations seeking data-driven performance management. 

LIMITATIONS AND FUTURE WORK 

Despite its contributions, the study has several limitations. First, the framework was validated using data from a limited number 

of manufacturing organizations, which may restrict generalizability to other industrial sectors or geographical regions. Second, 

the framework relies on historical ERP data and may not fully capture the dynamic and evolving nature of organizational 

performance. Third, the current implementation focuses on twelve KPIs; future work could incorporate additional indicators 

such as employee training effectiveness, innovation metrics, and sustainability performance. 

Future research should explore the integration of deep learning techniques, real-time data streaming, and adaptive optimization 

algorithms to further enhance predictive accuracy and responsiveness. Additionally, extending the framework to incorporate 

user satisfaction metrics and qualitative factors would provide a more comprehensive assessment of ERP system effectiveness. 
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Abstract— The digital transformation of the wood-processing industry increasingly relies on computer vision, artificial 

intelligence (AI), and embedded sensing technologies to automate timber quality assessment. This study presents the laboratory 

validation (TRL4) of a low-cost embedded computer-vision demonstrator for automated surface-defect detection in beech 

(Fagus sylvatica) sawn timber, developed as the first operational module of the SMARTWOOD-AI technology-transfer 

platform. The system integrates a Raspberry Pi 4 single-board computer with a Sony IMX500 intelligent camera and employs 

an interpretable computer-vision pipeline based on 21 handcrafted colour (HSV), texture (Gray-Level Co-occurrence Matrix 

and Local Binary Patterns), and edge-density (Canny) features classified using a Random Forest algorithm. A dataset 

comprising 24 beech boards (192 labelled image regions) was evaluated using a board-level train/validation partitioning 

strategy to prevent data leakage. The classifier achieved an average accuracy of 88.2% (±7.1%) during five-fold cross-

validation and 82.5% accuracy on an independent validation set, with high sensitivity for defect detection (recall = 0.93, F1-

score = 0.88). The results demonstrate the technical feasibility of the proposed embedded inspection architecture and establish 

a reproducible experimental baseline for future integration of deep-learning models, digital twins, and intelligent cutting 

optimisation within the SMARTWOOD-AI platform. 

Keywords— wood defect detection; embedded computer vision; on-sensor AI; Random Forest; Technology Readiness Level 

(TRL4); beech sawn timber; digital twin; edge artificial intelligence; Industry 4.0; smart sawmill. 

I. INTRODUCTION 

The digital transformation of the wood-processing industry is reshaping the way timber quality is assessed and production 

decisions are made. Within the Industry 4.0 and Industry 5.0 paradigms, computer vision, artificial intelligence (AI), edge 

computing and digital-twin technologies are increasingly integrated to automate inspection processes, improve production 

efficiency and maximise raw-material utilisation. Recent bibliometric evidence based on more than one thousand scientific 

publications demonstrates a rapid acceleration of research on AI-assisted wood inspection, with surface quality assessment 

representing one of the most active application domains [1]. As a consequence, automated defect detection has become a key 

enabling technology for intelligent sawmills, where reliable visual information can directly support optimisation of cutting 

strategies and resource utilisation. 

Despite these advances, quality grading in many small and medium-sized wood-processing enterprises still relies 

predominantly on manual visual inspection. Although experienced operators can identify most visible defects, the process 

remains subjective, operator-dependent and sensitive to fatigue, illumination conditions and the inherent variability of natural 

wood. These limitations often result in inconsistent grading decisions and inefficient material utilisation [2, 3]. Since natural 

defects may reduce industrial timber utilisation to only 50–70% [4], the development of reliable automated inspection systems 

remains both an industrial and an economic priority. 
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Research on automated wood inspection has evolved considerably during the last two decades. Early approaches relied on 

hand-crafted image descriptors combined with conventional machine-learning algorithms. Texture descriptors derived from 

the Gray-Level Co-occurrence Matrix (GLCM), Local Binary Patterns (LBP) and other manually engineered features proved 

effective for detecting knots and cracks, while ensemble classifiers such as Random Forest offered competitive performance 

together with computational efficiency and model interpretability [5-9]. Although these approaches have gradually been 

superseded by deep-learning methods, they remain particularly attractive when only limited annotated datasets are available 

and when transparent decision-making is required. 

During recent years, deep convolutional neural networks (CNNs) and one-stage object detectors of the YOLO family have 

become the dominant paradigm for wood defect detection [4, 10-15]. Numerous studies have reported excellent detection 

accuracy through specialised architectures designed for small defects, complex textures and multi-scale feature extraction [4, 

10-25]. However, these models generally rely on thousands of annotated images, extensive computational resources and offline 

training procedures, making them more suitable for mature technological developments than for early-stage laboratory 

validation. In parallel, increasing attention has been devoted to edge AI and embedded vision, where lightweight models are 

deployed on low-cost hardware platforms such as Raspberry Pi devices [26, 27]. More recently, intelligent vision sensors such 

as the Sony IMX500 have introduced the concept of on-sensor AI inference, enabling neural-network execution directly within 

the image sensor and significantly reducing data-transfer latency and computational load [28]. 

Although these technological advances have substantially improved automated defect detection, several important research 

gaps remain. Bibliometric analyses identify real-time industrial integration, edge deployment of AI algorithms and the 

incorporation of computer vision into digital-twin-based decision systems as emerging research directions that remain 

insufficiently explored [1]. Furthermore, most published studies focus primarily on maximising classification accuracy using 

large public datasets, whereas comparatively little attention has been paid to the experimental validation of low-cost embedded 

inspection systems intended for the early stages of technology maturation. Equally important, many studies perform dataset 

splitting at image level rather than at board level, introducing data leakage that may artificially inflate reported performance. 

Against this background, the present study addresses these gaps by reporting the laboratory validation (TRL4) of a fully 

embedded computer-vision demonstrator developed within the SMARTWOOD-AI platform. Unlike previous studies focused 

primarily on algorithmic performance, this work emphasises the technological validation of an integrated inspection chain 

combining a Raspberry Pi 4 single-board computer with a Sony IMX500 intelligent camera operating under controlled 

laboratory conditions. The proposed solution deliberately employs an interpretable classical machine-learning pipeline based 

on twenty-one colour, texture and edge descriptors and a Random Forest classifier, which is particularly suitable for the limited 

experimental dataset available at this stage of technological maturity. In addition, the study adopts a rigorous board-level data-

partitioning protocol that prevents data leakage and provides a realistic evaluation of classifier performance. The obtained 

results establish the experimental baseline for the subsequent integration of deep-learning models, digital twins and multi-

objective cutting optimisation within the SMARTWOOD-AI platform. 

II. MATERIAL AND METHODS 

2.1 Experimental Platform 

Experimental validation of the demonstrator was conducted in the laboratory of the EMI Research Centre, Faculty of 

Engineering, "Vasile Alecsandri" University of Bacău, using a dedicated experimental platform specifically designed to ensure 

reproducible image acquisition under controlled environmental conditions. The objective of the experimental setup was to 

minimise the influence of external factors, such as illumination variability, geometric distortions and background interference, 

thereby enabling the assessment of the proposed computer-vision pipeline under repeatable laboratory conditions consistent 

with Technology Readiness Level 4. 

The hardware platform consisted of a Raspberry Pi 4 Model B single-board computer, responsible for image acquisition, system 

control and execution of the computer-vision algorithms, and a Sony IMX500 intelligent vision camera integrating on-sensor 

AI capabilities within a CMOS image sensor. The camera was configured to acquire images at a resolution of 1920 × 1080 

pixels with a fixed exposure time of 15 ms and a frame rate of 10 fps. Although the present study employs a classical machine-

learning pipeline executed on the Raspberry Pi, the selection of the IMX500 provides a hardware architecture compatible with 

future migration towards embedded deep-learning inference without modifications to the acquisition subsystem. 

http://www.ijoer.com/
https://dx.doi.org/


International Journal of Engineering Research & Science (IJOER)                  ISSN: [2395-6992]                 [Vol-12, Issue-8, August- 2026] 

Website: www.ijoer.com                                                                                                                     Journal DOI: 10.25125/engineering-journal 

 

 

Page | 32  

To ensure stable imaging conditions, the experimental platform incorporated a controlled illumination system composed of 

two symmetrically positioned LED light sources with a colour temperature of 4000–5000 K. The symmetric arrangement 

minimised shadows and reduced illumination non-uniformity across the inspected timber surface, while the selected lighting 

conditions are representative of those commonly adopted in industrial machine-vision applications. The radiometric 

characteristics of the illumination system can be evaluated using the low-cost thermal-sensing methodology previously 

developed by the authors [29]. A matte black background was employed to maximise contrast between the timber specimen 

and the surrounding scene, facilitating reliable image segmentation, while a dimensional reference marker positioned within 

the field of view enabled geometric calibration and dimensional verification of the acquired images. 

The Sony IMX500 camera was mounted perpendicular to the timber surface at a fixed working distance of 300 mm, and its 

position remained unchanged throughout the entire experimental campaign. Maintaining constant acquisition geometry 

minimised perspective distortions and scale variations between successive images, ensuring that the extracted colour, texture 

and edge descriptors reflected the intrinsic characteristics of the wood surface rather than variations introduced by the imaging 

process. 

 

  

(a) (b) (c) 

FIGURE 1: Experimental image-acquisition stand 

(a) Overall view of the experimental stand showing the timber specimen positioned on the matte black background, with 

the Sony IMX500 camera mounted perpendicular to the surface and the two symmetrically positioned LED light sources; 

(b) Raspberry Pi 4 Model B single-board computer showing the hardware connections; (c) Sony IMX500 intelligent vision 

camera mounted on the support structure) 

2.2 Experimental Material 

The experimental dataset consisted of representative beech (Fagus sylvatica) sawn timber samples collected directly from the 

production flow of the industrial partner participating in the SMARTWOOD-AI project. Using industrial material rather than 

laboratory-prepared specimens ensured that the analysed surfaces reflected the natural variability of wood encountered in 

practical manufacturing environments, including differences in colour, grain orientation, machining traces and naturally 

occurring defects. 

A total of 24 sawn boards were included in the experimental campaign. The boards had nominal dimensions of approximately 

500 mm × 120 mm × 25 mm (length × width × thickness). Moisture content was measured using a resistance-type moisture 

meter and was found to be within the range of 8–12%, representative of air-dried industrial timber. Each board was imaged on 

both faces under identical acquisition conditions. To increase the number of learning samples while preserving the physical 

independence of the observations, each image was uniformly divided into four non-overlapping regions of equal size, resulting 

in a dataset of 192 image regions used for classifier development and validation. 
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The dataset included both defect-free surfaces and surfaces exhibiting the most common defects encountered in industrial beech 

processing, including knots, longitudinal cracks, discolorations, residual bark and combinations of multiple defect types. Only 

two of the 24 boards were entirely free of natural defects, reflecting the prevalence of imperfections in industrial timber. 

Consequently, the experimental dataset captured the diversity of visual characteristics expected during industrial operation 

while remaining representative of an early-stage technology-validation campaign. Although relatively limited in size, the 

dataset was considered sufficient for validating the functionality of the proposed demonstrator at Technology Readiness Level 

4 (TRL4) and for establishing a reliable experimental baseline for subsequent developments. 

2.3 Image Acquisition and Labelling Protocol 

All images were acquired using the experimental platform described in the previous section under identical laboratory 

conditions. Camera position, acquisition geometry, illumination intensity and exposure parameters remained constant 

throughout the entire experimental campaign in order to minimise the influence of external factors on the extracted image 

descriptors. 

Several image-acquisition strategies were evaluated during the preliminary design phase of the demonstrator. The adopted 

protocol consisted of photographing each face of every board at full resolution, followed by uniform segmentation into four 

equally sized image regions. This strategy provided three important advantages. First, it increased the number of available 

training samples without requiring additional physical specimens. Second, it standardised the spatial dimensions of all analysed 

images, ensuring consistent feature extraction. Third, it reduced the influence of local defect distribution by allowing individual 

regions of the same board to be analysed independently. 

Each segmented image was manually inspected and annotated using a standardised English nomenclature comprising the 

classes nodefect, defect_knot, defect_crack, defect_discoloration, defect_bark and defect_mixed. Although the annotation 

protocol preserved the specific defect category associated with each image, the present study addressed the more fundamental 

problem of binary defect detection, in which all defect categories were merged into a single defect class while maintaining 

nodefect as the reference class. This simplification was intentionally adopted because the primary objective of the present work 

was the experimental validation of the integrated computer-vision demonstrator rather than the development of a multiclass 

defect-recognition system. 

To ensure annotation consistency, all labels were reviewed after the initial dataset construction. During this quality-control 

procedure, several discrepancies between the preliminary visual assessment and the actual surface condition were identified 

and corrected through manual reinspection of the corresponding timber samples. This verification step improved dataset 

reliability and reduced the risk of introducing annotation errors into the machine-learning process. 

2.4 Image Pre-processing 

Prior to feature extraction, all acquired images underwent a standardised pre-processing pipeline designed to minimise the 

influence of acquisition-related variability while preserving the visual characteristics relevant for defect detection. The primary 

objective of the pre-processing stage was to ensure that the subsequent colour, texture and edge descriptors reflected the 

intrinsic properties of the timber surface rather than variations introduced by the imaging process. 

The pre-processing workflow consisted of four consecutive steps. First, the contour of the timber specimen was automatically 

identified using Otsu's thresholding method, which separated the foreground from the matte black background without 

requiring manual intervention. Second, small artefacts generated during image acquisition or resulting from mechanical 

processing were removed by applying morphological opening operations, thereby reducing the influence of isolated noise on 

the extracted descriptors. Third, the detected contour was used to automatically crop the region of interest and eliminate the 

surrounding background, ensuring that feature extraction was performed exclusively on the timber surface. Finally, all cropped 

images were normalised to a common spatial resolution to guarantee consistent feature computation across the entire dataset. 

The adopted pre-processing strategy ensured that all image regions were analysed under comparable conditions despite the 

natural variability of timber geometry. By reducing background interference, geometric inconsistencies and acquisition noise, 

the pre-processing stage increased the robustness and repeatability of the extracted colour, texture and edge features, thereby 

improving the reliability of the subsequent machine-learning classification. 
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2.5 Feature Extraction 

Following image pre-processing, each image region was represented by a numerical feature vector describing complementary 

visual characteristics of the timber surface. The objective of the feature-extraction stage was to transform the raw image into a 

compact and discriminative representation suitable for machine-learning classification while maintaining computational 

efficiency and model interpretability, both essential requirements for an embedded TRL4 demonstrator. 

A total of 21 hand-crafted features were extracted and grouped into four complementary descriptor families: 

 Colour features (6 features), represented by the mean and standard deviation of the Hue (H), Saturation (S) and Value 

(V) channels of the HSV colour space. Colour space conversion from RGB to HSV was performed using the standard 

OpenCV implementation (cv2.COLOR_BGR2HSV). Compared with the RGB representation, the HSV space 

provides improved separation between chromatic information and illumination intensity, making it more suitable for 

analysing natural variations in wood colour. 

 Texture features derived from the Gray-Level Co-occurrence Matrix (GLCM) (5 features), including contrast, 

homogeneity, correlation, energy and dissimilarity. GLCM features were computed on grayscale images using a pixel 

distance of 1 and averaged over four directions (0°, 45°, 90°, 135°), with 256 quantization levels. These second-order 

statistical descriptors characterise the spatial relationships between neighbouring pixels and have been widely used 

for discriminating natural wood defects such as knots, cracks and discolorations [5-9]. 

 Local Binary Pattern (LBP) descriptors (6 features), computed using uniform patterns with a radius of 1 and 8 

neighbours. Statistical measures derived from the LBP histograms (mean, variance, skewness, kurtosis, entropy, and 

energy) were extracted as features. LBP descriptors provide an efficient representation of local micro-texture and are 

particularly robust to moderate illumination variations, making them well suited for characterising the heterogeneous 

surface structure of sawn timber. 

 Structural information (4 features), represented by the edge density and three additional statistical descriptors 

(mean, variance, and number of edge pixels) obtained using the Canny edge detector. The Canny parameters were set 

to threshold values of 50 and 150 for the lower and upper hysteresis thresholds, respectively. The edge-density feature 

quantifies the amount of local structural discontinuities associated with cracks, fibre disruptions and defect 

boundaries. 

The combination of these descriptor families enabled the simultaneous representation of chromatic, textural and structural 

information, providing complementary evidence for distinguishing defective from defect-free timber surfaces. This hybrid 

feature representation was intentionally selected because it offers a favourable compromise between computational complexity, 

interpretability and classification performance for relatively small experimental datasets, where feature-based machine-

learning methods remain a practical alternative to data-intensive deep-learning approaches. 

To further analyse the contribution of each descriptor family, the relative importance of every feature was subsequently 

estimated using the intrinsic feature-importance mechanism of the Random Forest classifier. This analysis not only supported 

the interpretation of the classification results but also identified the most informative visual characteristics for future 

optimisation of the feature set and for comparison with subsequent deep-learning models. 

2.6 Classification Model 

Image classification was performed using the Random Forest algorithm, an ensemble learning method that combines multiple 

decision trees through majority voting. Random Forest was selected because it provides a favourable balance between 

classification performance, robustness and computational efficiency, making it particularly suitable for relatively small 

experimental datasets composed of heterogeneous colour, texture and structural descriptors. In addition, the algorithm requires 

only limited parameter tuning, exhibits good generalisation capability and is less susceptible to overfitting than many individual 

decision-tree models. 

The selection of Random Forest was also motivated by the objectives of the present study. Rather than maximising 

classification accuracy, the primary goal was to validate the functionality of the complete embedded computer-vision 

demonstrator under Technology Readiness Level 4 conditions using a representative, but relatively limited, experimental 

dataset. Under these circumstances, feature-based machine-learning methods provide a practical and computationally efficient 

solution while maintaining full compatibility with low-cost embedded hardware platforms. 
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Although deep-learning approaches based on Convolutional Neural Networks (CNNs) currently represent the state of the art 

for automated wood-defect detection [10-15, 18-23], their successful application generally requires substantially larger 

annotated datasets together with significantly greater computational resources for model training and optimisation. 

Consequently, the adoption of a Random Forest classifier should be regarded as a deliberate methodological choice aligned 

with the objectives and maturity level of the proposed demonstrator rather than as a limitation of the developed system. 

An additional advantage of the selected classifier is its intrinsic capability to estimate the relative importance of each input 

feature. This feature-importance analysis provides valuable insight into the contribution of colour, texture and edge descriptors 

to the classification process, improving model interpretability and supporting the optimisation of future computer-vision 

models. Such interpretability is particularly valuable in industrial decision-support applications, where transparent and 

explainable classification results facilitate system validation and user confidence. 

The Random Forest classifier was implemented in scikit-learn (version 1.9.0) with 200 trees (n_estimators = 200), the Gini 

splitting criterion, and no maximum depth constraint (max_depth = None). The number of trees was selected based on 

preliminary experiments indicating convergence of the out-of-bag error at approximately 150–200 trees. A fixed random seed 

(random_state = 42) was used to ensure reproducibility. To mitigate the pronounced class imbalance of the training set, class 

weights were set to "balanced" (class_weight = "balanced"), which inversely weights each class in proportion to its frequency; 

the remaining hyperparameters were kept at their scikit-learn default values. 

2.7 Experimental Validation Protocol 

To obtain an unbiased estimate of classifier performance, the experimental dataset was partitioned at the physical-board level 

rather than at the image level. Consequently, all image regions originating from the same timber board were assigned 

exclusively to either the training or the validation subset, preventing information leakage between the two datasets. This 

strategy ensured that the validation process evaluated the classifier on previously unseen physical specimens rather than on 

visually similar regions extracted from the same board, thereby providing a more realistic assessment of its generalisation 

capability. 

Classifier development and performance evaluation were carried out using five-fold cross-validation on the training dataset, 

followed by an independent evaluation on the validation set. Cross-validation was employed to assess the stability of the model 

and to reduce the influence of the relatively limited dataset size, whereas the independent validation set provided an unbiased 

estimate of the expected performance under practical operating conditions. 

Performance was quantified using the standard metrics adopted for binary classification, namely accuracy, precision, recall, 

F1-score, and the confusion matrix. These complementary indicators allow both the overall classification performance and the 

class-specific behaviour of the model to be evaluated, providing a comprehensive assessment of its suitability for automated 

defect detection. 

Confidence intervals for the validation accuracy were computed using the Wilson score method, which is appropriate for 

binomial proportions estimated on small samples. 

2.8 Demonstrator Software Architecture 

The developed demonstrator integrates the complete computer-vision workflow into a modular embedded architecture 

comprising five functional components: (i) image acquisition, (ii) image preprocessing and normalisation, (iii) feature 

extraction, (iv) Random Forest classification, and (v) result visualisation and data storage. 

The overall processing workflow, illustrated in Figure 2, begins with image acquisition using the Sony IMX500 intelligent 

vision camera. The acquired images undergo automatic identification of the timber surface, followed by background removal, 

geometric normalisation and segmentation into individual analysis regions. For each region, colour, texture and structural 

descriptors are extracted and assembled into a numerical feature vector, which is subsequently classified by the Random Forest 

model as either defect or nodefect. Finally, the classification results are displayed and stored for further analysis and integration 

with the higher-level modules of the SMARTWOOD-AI platform. 

The complete software pipeline was implemented in Python and executed on the Raspberry Pi 4 embedded platform. The 

successful integration of image acquisition, pre-processing, feature extraction and classification within a low-cost embedded 

system demonstrates the feasibility of performing automated timber inspection without relying on external computing 
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infrastructure. This experimental validation establishes the technological basis for the future integration of deep-learning 

models, digital-twin functionality and intelligent cutting optimisation within the SMARTWOOD-AI platform. 

 

FIGURE 2: Functional processing flow of the experimental demonstrator 

III. RESULTS AND DISCUSSION 

3.1 Experimental Configuration 

The proposed computer-vision demonstrator was experimentally validated using the dataset described in Section 2 under 

controlled laboratory conditions. The complete dataset comprised 192 image regions extracted from 24 beech (Fagus sylvatica) 

boards, with data partitioning performed at the physical-board level to prevent information leakage between the training and 

validation subsets. 

The Random Forest classifier was trained using the extracted colour, texture and structural descriptors. Model robustness was 

first assessed through five-fold cross-validation on the training dataset and subsequently verified using an independent 

validation set composed of previously unseen timber boards. This evaluation strategy provided both an estimate of model 

stability during training and an unbiased assessment of its generalisation capability. 

Table 1 summarises the distribution of defect and defect-free samples used for training and independent validation. As expected 

for industrial timber, the experimental dataset exhibits a pronounced class imbalance, with defective surfaces representing the 

majority of the analysed samples. This class distribution is representative of the material selected for the present laboratory 

validation and constitutes an additional challenge for automated classification. 
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TABLE 1 

COMPOSITION OF THE TRAINING AND VALIDATION SETS 

Set Total images defect 

Training 152 138 

Validation 40 28 

 

3.2 Classifier Performance 

The classification performance of the proposed demonstrator was evaluated using the standard metrics for binary classification, 

namely accuracy, precision, recall and F1-score. The Random Forest classifier achieved an average accuracy of 88.2% (±7.1%) 

during five-fold cross-validation on the training dataset and 82.5% accuracy on the independent validation set (33 of 40 image 

regions correctly classified; 95% Wilson confidence interval: 68.1–91.3%). The relatively wide confidence interval reflects the 

limited size of the validation dataset and is consistent with the exploratory nature of this laboratory-scale TRL4 validation. The 

cross-validation standard deviation of ±7.1% indicates moderate variability across different training/validation splits, which is 

expected given the limited dataset size and the class imbalance. These results indicate that the proposed embedded computer-

vision system is capable of reliably distinguishing defective from defect-free timber surfaces under controlled laboratory 

conditions. 

The lower performance observed on the independent validation set compared with cross-validation is expected because the 

validation images originate from previously unseen physical boards and therefore provide a more rigorous assessment of model 

generalisation. Considering the relatively limited size of the experimental dataset and the inherent variability of natural wood, 

the obtained performance confirms the suitability of the proposed methodology for laboratory validation. 

The class-wise evaluation metrics are presented in Table 2. The classifier achieved higher performance for the defect class than 

for the nodefect class, with a defect-class recall of 0.93, indicating that the majority of defective surfaces were correctly 

identified. This behaviour is particularly relevant for industrial inspection applications, where minimising missed defects is 

generally more important than eliminating all false-positive detections. 

TABLE 2 

CLASS-WISE PERFORMANCE OF THE RANDOM FOREST CLASSIFIER ON THE VALIDATION SET 

Class Precision Recall 

nodefect (n = 12) 0.78 0.58 

defect (n = 28) 0.84 0.93 

 

3.3 Confusion Matrix Analysis 

The confusion matrix obtained for the independent validation set provides a detailed overview of the classifier performance 

and the distribution of correctly and incorrectly classified samples (Table 3 and Figure 3). Overall, the classifier correctly 

identified 33 of the 40 analysed image regions, corresponding to an overall validation accuracy of 82.5%. 

TABLE 3 

CONFUSION MATRIX OF THE RANDOM FOREST CLASSIFIER 

Actual Nodefect Defect 

Nodefect 7 5 

Defect 2 26 
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FIGURE 3: Confusion matrix of the Random Forest classifier. 

The classifier demonstrated a strong ability to identify defective timber surfaces, correctly recognising 26 of the 28 defect 

samples, corresponding to a recall of 0.93 for the defect class. Only two defective samples were incorrectly classified as defect-

free, indicating a relatively low false-negative rate. 

Performance for the nodefect class was comparatively lower, with 7 of the 12 defect-free samples correctly identified and 5 

samples incorrectly classified as defective. Consequently, the classifier exhibits a tendency to favour high defect sensitivity at 

the expense of a larger number of false-positive detections. Such behaviour is consistent with the design objectives of an early-

stage inspection system, where overlooking a defective timber piece is generally considered more critical than submitting a 

sound piece for additional inspection. 

Visual examination of the misclassified samples indicates that most classification errors occurred in image regions 

characterised by subtle defects, pronounced natural texture variability or machining artefacts that locally altered the surface 

appearance. These observations suggest that the extracted texture descriptors successfully capture structural irregularities 

associated with defects but may also respond to non-defect surface features presenting similar visual characteristics. A more 

detailed analysis of the underlying error mechanisms is presented in Section 3.5. 

3.4 Feature Importance Analysis 

One of the principal advantages of the Random Forest algorithm is its ability to estimate the relative contribution of each input 

feature to the classification process. The feature-importance analysis, presented in Figure 4, provides insight into the visual 

characteristics that most strongly influenced the classifier decisions. 

The obtained results indicate that texture descriptors contributed most significantly to the classification performance. Features 

derived from the Gray-Level Co-occurrence Matrix (GLCM) and Local Binary Patterns (LBP) consistently exhibited the 

highest importance values, demonstrating that local texture information represents the most discriminative characteristic for 

distinguishing defective from defect-free beech timber surfaces. 

The HSV colour descriptors provided a complementary contribution by capturing chromatic variations associated with defects 

such as discolorations and bark inclusions. Although their overall importance was lower than that of the texture descriptors, 

colour information contributed to improving the discrimination between visually similar surface regions. The edge-density 

feature, computed using the Canny detector, showed the smallest contribution, indicating that structural discontinuities alone 

are insufficient for reliable defect identification but provide useful complementary information when combined with colour 

and texture descriptors. 

Overall, the feature-importance analysis confirms that the adopted hybrid representation successfully captures complementary 

visual information describing timber surfaces. The predominance of texture descriptors is consistent with the visual 

characteristics of natural wood defects and supports the selection of GLCM and LBP features as the principal components of 

the proposed computer-vision pipeline. 
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FIGURE 4: Relative importance of the features used by the Random Forest classifier 

3.5 Discussion 

The present study demonstrates the technical feasibility of a low-cost embedded computer-vision system for the automated 

identification of defects in beech sawn timber under controlled laboratory conditions. Rather than aiming to maximise 

classification accuracy, the primary objective was to validate the integration of image acquisition, pre-processing, feature 

extraction and automatic classification into a single functional demonstrator corresponding to Technology Readiness Level 4 

(TRL4). From this perspective, the successful operation of the complete processing chain confirms that the proposed 

architecture constitutes a reliable technological foundation for the subsequent industrial development of the SMARTWOOD-

AI platform. 

The objective of the present work was therefore fundamentally different from that of algorithm benchmarking studies. Instead 

of maximising predictive performance on large public datasets, the emphasis was placed on demonstrating the feasibility, 

robustness and reproducibility of an integrated embedded inspection architecture suitable for subsequent industrial maturation. 

The Random Forest classifier achieved an accuracy of 82.5% on the independent validation set and 88.2% (±7.1%) during 

five-fold cross-validation. Although these values are lower than those typically reported for recent deep-learning architectures 

trained on large public datasets [10-15, 18-23], the comparison should be interpreted with caution because the experimental 

conditions differ substantially. Most state-of-the-art CNN- and YOLO-based studies rely on several thousand annotated 

images, extensive data augmentation and high-performance computational resources, whereas the present work intentionally 

focuses on a limited experimental dataset representative of an early technology-development stage. Consequently, the reported 

performance should not be regarded as the maximum achievable accuracy of the proposed methodology, but rather as evidence 

that an embedded inspection chain based on classical machine-learning techniques can already provide reliable defect 

discrimination while maintaining computational simplicity, model interpretability and low hardware requirements. 

To better position the proposed demonstrator within the current state of the art, Table 4 compares representative studies on 

automated wood-defect detection. Unlike recent research, which has primarily focused on improving classification 

performance through increasingly sophisticated deep-learning architectures trained on large image datasets, the present work 

addresses the laboratory validation of a complete embedded computer-vision system intended for early-stage technology 

maturation. Therefore, the comparison emphasises methodological characteristics and research focus rather than direct 

numerical performance, since the reported results were obtained under substantially different experimental conditions. 

http://www.ijoer.com/
https://dx.doi.org/


International Journal of Engineering Research & Science (IJOER)                  ISSN: [2395-6992]                 [Vol-12, Issue-8, August- 2026] 

Website: www.ijoer.com                                                                                                                     Journal DOI: 10.25125/engineering-journal 

 

 

Page | 40  

TABLE 4 

POSITIONING OF THE PROPOSED EMBEDDED COMPUTER-VISION DEMONSTRATOR WITH RESPECT TO 

REPRESENTATIVE STUDIES ON AUTOMATED WOOD-DEFECT DETECTION 

Reference Method Experimental data 
Embedded 

implementation 
Research focus 

Hu et al. [5] 
GLCM-based texture 

analysis 
Knot image dataset No 

Classical machine-vision 

defect detection 

Urbonas et 

al. [18] 
Faster R-CNN Veneer image dataset No 

Deep-learning veneer defect 

detection 

Gao et al. 

[19] 

ResNet-34 (transfer 

learning) 
Knot image dataset No CNN-based knot classification 

An et al. [4] CWB-YOLOv8 
Multi-species wood 

image dataset 
No 

Real-time wood defect 

detection 

Lin et al. 

[17] 
WDNET-YOLO Structural timber dataset No Structural timber inspection 

Wang et al. 

[13] 
Improved YOLOv8 Wood surface dataset No Surface defect detection 

This work 

Random Forest + 

embedded vision 

system 

24 industrial beech 

boards (192 image 

regions) 

Yes 

TRL4 validation of an 

integrated embedded 

inspection system 

 

As shown in Table 4, most published studies concentrate on algorithmic optimisation using large annotated datasets and high-

performance computing platforms, whereas comparatively little attention has been paid to the experimental validation of 

complete embedded inspection systems. The proposed demonstrator addresses this gap by integrating image acquisition, pre-

processing, feature extraction and classification into a low-cost embedded architecture validated at Technology Readiness 

Level 4, thereby establishing the technological foundation for subsequent industrial development within the SMARTWOOD-

AI platform. 

An important aspect of the proposed methodology is the adoption of board-level data partitioning, which prevents information 

leakage between the training and validation sets. In wood inspection, several image patches frequently originate from the same 

physical board. Splitting datasets at image level may therefore allow visually similar regions from the same specimen to appear 

simultaneously in both subsets, artificially increasing the reported performance. By performing the split at the physical-board 

level, the present study provides a more conservative and realistic estimate of classifier generalisation, which is particularly 

important for small experimental datasets intended for technology validation rather than algorithm benchmarking. 

Another noteworthy outcome concerns the feature-importance analysis. The dominant contribution of GLCM- and LBP-based 

descriptors confirms that surface texture remains the most discriminative source of information for identifying natural wood 

defects. This observation is fully consistent with previous studies demonstrating that texture descriptors retain considerable 

discriminative power even in the presence of heterogeneous wood anatomy [5-9]. At the same time, the comparatively smaller 

contribution of HSV colour features suggests that chromatic information alone is insufficient for distinguishing defects from 

natural variations in beech wood, reinforcing the importance of combining complementary descriptor families. 

3.5.1 Classification Error Analysis 

The detailed analysis of classification errors provides further insight into the behaviour of the proposed model. The classifier 

achieved high performance for the defect class (precision = 0.84, recall = 0.93), indicating that the system successfully 

identifies the majority of surfaces containing visible defects. Conversely, the performance for the nodefect class (precision = 

0.78, recall = 0.58) is substantially lower. This imbalance is largely explained by the experimental dataset itself: although 

segmentation increased the number of image samples, only two physical boards without defects were available for training, 

limiting the actual variability represented by this class. 

A detailed investigation of the misclassified board01 illustrates this phenomenon. The board was visually confirmed to be free 

of natural defects but was predominantly classified as defective. An initial hypothesis attributed this behaviour to chromatic 

characteristics, assuming that its lighter colour might resemble discolouration defects. However, comparison of the HSV 

feature distributions showed that the colour statistics of board01 were considerably closer to those of the nodefect class than 

to those of defective boards. Consequently, chromatic information alone cannot explain the observed misclassification. 
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Instead, detailed visual inspection revealed superficial circular-saw machining traces accompanied by local fibre disruption. 

Although these artefacts do not represent natural wood defects, they modify the local texture sufficiently to generate responses 

similar to those produced by knots or cracks in GLCM- and LBP-based descriptors. This interpretation is consistent with 

previous reports highlighting the influence of wood texture and machining artefacts on automated inspection performance [17]. 

The results therefore suggest that the current classifier is more sensitive to structural texture variations than to colour 

differences, an observation that agrees with the feature-importance analysis presented in Section 3.4. 

Several strategies could be considered to mitigate the influence of machining artefacts in future work. These include (i) 

additional preprocessing steps such as directional filtering to reduce the prominence of saw marks, (ii) the use of orientation-

invariant texture features that are less sensitive to directional patterns, and (iii) the incorporation of larger spatial context 

windows to distinguish between local machining traces and genuine defect patterns. Such approaches would likely improve 

the specificity of the classifier without compromising its sensitivity to actual defects. 

From an industrial perspective, the observed error distribution is not necessarily undesirable. The classifier favours high 

sensitivity to defects, producing relatively few false negatives while accepting a higher number of false positives. Since a sound 

board incorrectly classified as defective can subsequently be verified by an operator, whereas an undetected defect may 

compromise downstream processing and product quality, this operating point represents a reasonable compromise for an early-

stage inspection system. 

3.5.2 Limitations 

The present results should be interpreted within the context of a laboratory demonstrator developed for TRL4 validation. 

Several limitations must therefore be acknowledged. 

First, the experimental dataset remains relatively small and exhibits a pronounced class imbalance, with only two physically 

defect-free boards. Although image segmentation increased the number of training samples, it could not compensate for the 

limited diversity of the underlying material. This limitation is particularly relevant for the nodefect class, where the small 

sample size may not adequately represent the full range of natural variation in defect-free beech wood. 

Second, the feature-based Random Forest approach deliberately prioritises interpretability and computational efficiency over 

maximum predictive performance. While hand-crafted descriptors proved suitable for validating the technological concept, 

they cannot fully capture the complex hierarchical image representations learned automatically by modern deep-learning 

architectures. Consequently, the reliable identification of subtle defects such as micro-cracks, incipient knots or irregular grain 

distortions will likely require CNN- or YOLO-based models trained on substantially larger datasets [16]. 

Third, several uncontrolled industrial artefacts—including machining marks, chalk annotations, glove traces and transport-

induced surface modifications—were observed during the experimental campaign. Although their influence was documented 

qualitatively, their quantitative impact on classifier performance was not analysed separately. Future investigations should 

therefore include systematic annotation of such artefacts in order to distinguish manufacturing traces from genuine wood 

defects. 

Finally, the present work validates only the computer-vision module of the SMARTWOOD-AI architecture. The digital-twin 

framework, multi-objective cutting optimisation and closed-loop decision system constitute subsequent development stages 

and were intentionally excluded from the scope of the present TRL4 validation. 

3.6 Industrial Implications and Integration into SMARTWOOD-AI 

The proposed demonstrator should be regarded as the first operational building block of the SMARTWOOD-AI platform rather 

than as a complete industrial inspection solution. Its primary contribution is the experimental validation of a fully integrated 

embedded vision system capable of generating objective defect information under controlled laboratory conditions. 

Within the planned SMARTWOOD-AI architecture, these defect maps will provide the input for digital-twin models 

representing individual timber pieces, enabling multi-objective optimisation of cutting strategies and closed-loop decision 

support [30-33]. This development trajectory is fully aligned with recent research advocating the integration of computer 

vision, digital twins and intelligent production planning for next-generation sawmills [28, 31-33]. 

The technological choices adopted in the present work also support this progression. The use of a low-cost embedded platform 

facilitates future industrial deployment, while the interpretable Random Forest model establishes a transparent experimental 

baseline against which more sophisticated CNN- and YOLO-based approaches can be objectively evaluated. As the 
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experimental database expands with images collected under real industrial conditions, the current feature-based methodology 

will gradually evolve towards multiclass detection and localisation models capable of identifying individual defect types, 

ultimately supporting the progression from laboratory validation (TRL4) to industrial demonstration (TRL7) and technology 

transfer (TRL9). 

IV. CONCLUSION 

This paper presented the laboratory validation of a low-cost embedded computer-vision demonstrator for the automated 

detection of defects in beech sawn timber, developed as the first functional module of the SMARTWOOD-AI platform. The 

study demonstrated that an integrated inspection chain combining embedded image acquisition, image preprocessing, hand-

crafted feature extraction and Random Forest classification can successfully operate under controlled laboratory conditions, 

thereby fulfilling the requirements associated with Technology Readiness Level 4 (TRL4 – Technology validated in 

laboratory). 

The experimental evaluation confirmed the technical feasibility of the proposed approach. The demonstrator achieved 82.5% 

accuracy on an independent validation set, while maintaining high sensitivity for defect detection (precision = 0.84, recall = 

0.93 for the defect class). Although the experimental dataset was intentionally limited and highly imbalanced, the adopted 

methodology—including board-level data partitioning, feature-importance analysis and critical error evaluation—provided a 

realistic assessment of the system performance and established a robust experimental baseline for future developments. 

Beyond the reported classification performance, the principal contribution of this work lies in the validation of an embedded 

inspection architecture rather than in the optimisation of a single machine-learning algorithm. The proposed system 

demonstrates that interpretable classical computer-vision techniques remain a practical solution during the early stages of 

technology maturation, particularly when limited datasets, low computational requirements and transparent decision-making 

are important design constraints. Furthermore, the integration of a Raspberry Pi 4 with a Sony IMX500 intelligent vision sensor 

represents a promising embedded architecture for future industrial deployment of AI-assisted timber inspection systems. 

The findings also identify the main challenges that must be addressed before industrial implementation. These include 

increasing the diversity and size of the experimental dataset, improving robustness against machining artefacts and natural 

texture variability, and extending the methodology from binary classification towards multiclass defect detection and 

localisation using deep-learning models. 

Finally, this work establishes the technological foundation for the subsequent development of the SMARTWOOD-AI platform. 

The validated computer-vision module will provide objective defect information to future digital-twin models, multi-objective 

cutting optimisation algorithms and closed-loop decision-support mechanisms. The present work therefore provides not only 

a validated embedded computer-vision demonstrator but also a reproducible experimental framework that can support the 

progressive maturation of AI-assisted timber inspection systems from laboratory validation (TRL4) towards industrial 

deployment (TRL9). 
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