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Abstract: In complex settings, the identification and dynamic monitoring of 
construction disturbance areas still face problems such as insufficient feature 
extraction, limited generalisation, and unstable multi-temporal detection 
accuracy. This study proposed a novel multi-level integrated approach that 
combines fractal network evolution algorithm (FNEA) segmentation, genetic 
algorithm (GA) global optimisation, and convolutional neural network (CNN) 
multi-scale feature learning to achieve high-precision disturbance recognition 
and dynamic monitoring. Experimental results showed that the method 
achieved an overall accuracy of 95.2% ± 0.4% (95% CI [95.0, 95.4]), 
maintained an accuracy above 99% in multi-temporal tests, reduced the false 
alarms and missed detections by 0.7–5.2% compared with baseline methods, 
and converged within 30 iterations. Compared with existing techniques, the 
framework provides an intelligent and efficient solution through the joint use of 
image segmentation, evolutionary optimisation, and deep feature learning, 
opens a new direction for remote sensing monitoring in complex construction 
environments. 

Keywords: construction disturbance detection; fractal network evolution; 
genetic algorithm; convolutional neural network; CNN; multi-feature fusion. 
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1 Introduction 

Human activities such as urban expansion, infrastructure construction, and mining can 
lead to significant environmental changes. These anthropogenic impacts may cause 
vegetation destruction, soil erosion, and alterations in surface thermal conditions, thereby 
disrupting ecological balance and affecting sustainable environmental development  
(Lv et al., 2023; Guo et al., 2023). Effective detection of human activities is crucial for 
environmental management, urban planning, and disaster warning (Darem et al., 2023). 
However, construction areas exhibit uneven spatial distribution and complex patterns, 
which challenge traditional methods and often lead to low accuracy and instability. 
Remote sensing offers large-scale coverage, long multi-temporal, and high 
spatiotemporal resolution. These advantages provide new opportunities for  
construction-disturbance monitoring (Liu et al., 2023). When remote sensing data are 
combined with artificial intelligence techniques, the quality and efficiency of large-scale 
dataset processing can be significantly improved, enhancing the classification accuracy 
and adaptability of disturbance detection methods (Padhy et al., 2023). However, 
machine learning methods based on traditional spectral indices still suffer from high 
misclassification rates when dealing with complex construction environments. This 
limitation has driven the development of intelligent detection models, with research 
focusing on the integration of multi-feature, multi-temporal, and multi-source data. 
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In studies on construction disturbance area classification, Xu et al. (2022). 
recommended a classification approach using NDVI and NDBI for separating 
construction areas from natural surfaces. Experimental results showed that the method 
achieved 83.5% classification accuracy in typical bare soil regions. However, it was 
highly sensitive to variations in illumination conditions and soil moisture, leading to a 
high misclassification rate. Li et al. (2022) further integrated multi-band spectral features 
and applied a support vector machine (SVM) for classification. Compared to single-index 
classification methods, the overall accuracy improved by 10%. However, SVM requires 
manual selection of features and parameter optimisation, limiting its adaptability to 
different construction areas. To overcome the limitations of traditional machine learning 
approaches, Zeng et al. (2022) introduced a U-Net deep learning model that automatically 
extracts high-dimensional features of construction disturbance areas using an end-to-end 
framework. Their model achieved 92% overall classification accuracy on GF-2  
high-resolution imagery. Despite its strong feature extraction capability, U-Net heavily 
depends on labelled data, restricting its large-scale applicability. Casagli et al. (2023) 
applied object-based classification by improving segmentation methods, achieving 
classification stability with an accuracy of over 85% under different terrain conditions. 
However, the method is highly sensitive to segmentation scale, making automation 
difficult. Addressing this issue, Wang et al. (2022) introduced a genetic algorithm (GA) 
to optimise classifier parameters and improve model adaptability. Their results 
demonstrated a 6.4% increase in classification accuracy over the RF method. However, 
GA still suffers from local optima in high-dimensional data optimisation and lacks 
effective temporal information integration for dynamic classification. 

For detecting dynamic changes in construction disturbance, Ahmad et al. (2023a) 
proposed a method based on spectral brightness values, detecting construction activity by 
calculating pixel values across multiple multi-temporal images. However, their method is 
sensitive to illumination variations and cloud cover, leading to a high false detection rate. 
Yang et al. (2023) developed a multi-temporal analysis method that monitors vegetation 
disturbance trends using NDVI changes. Their study on the Sentinel-2 dataset showed an 
85.7% detection accuracy for large-scale construction projects, but its ability to identify 
bare soil and building zone changes was limited, reducing its applicability. Ahmad et al. 
(2023b) developed a grey-level co-occurrence matrix (GLCM) texture variation detection 
method, which effectively captured surface structural changes, achieving a 12.3% 
improvement in recognition accuracy over traditional spectral analysis methods. 
However, its high computational complexity poses challenges in processing large-scale 
construction areas. Shen et al. (2022) introduced shape parameters, such as area and 
compactness, to construct a temporal detection model. Although it achieved 88.2% 
accuracy for large-scale construction projects (area > 1 km2), it exhibited significant 
omission errors in small disturbance areas (area < 100 m2). Atik et al. (2022) proposed a 
deep learning framework for adaptive change detection, using convolutional neural 
networks (CNN) to extract multi-temporal features, achieving 91.5% detection accuracy 
in complex construction environments. However, the model’s reliance on a large amount 
of labelled data limits its applicability in data-scarce regions. 

In summary, existing construction disturbance classification methods still face 
limitations in feature extraction, computational efficiency, and adaptability. To address 
these challenges, this study proposes an AI-driven detection model aimed at improving 
classification accuracy and dynamic monitoring capability for construction disturbance 
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areas while enabling adaptive optimisation of classification standards. The key 
innovation of this study lies in integrating the strengths of fractal network evolution 
algorithm (FNEA), GA, and CNN to construct a spectral-texture-shape multidimensional 
feature space and develop a temporal feature analysis framework, enhancing the 
recognition capability of change detection methods across different construction stages. 
The objective is to achieve precise monitoring and adaptive classification adjustments for 
disturbance areas in complex construction environments. 

2 Development of a detection and classification model for construction 
disturbance areas based on remote sensing data 

This section presents a construction disturbance classification model. Section 2.1 
employs FNEA for image segmentation to identify construction areas and classify 
different disturbance types. Section 2.2 integrates temporal information to monitor the 
changes in construction areas and optimises the classification method to achieve high 
detection accuracy. 

2.1 AI-driven FNEA feature recognition method for construction disturbance 
areas 

In practical applications, remote sensing images may suffer from geometric distortion, 
noise interference, and spectral inconsistencies, which directly affected the reliability of 
feature extraction and classification accuracy (Peters et al., 2022). To address these 
issues, this study adopted the FNEA to construct a classification framework and 
incorporated GA-based optimisation and CNN-based parameter tuning to achieve  
high-precision identification of construction disturbance areas. During the preprocessing 
stage of remote sensing data, radiometric and geometric corrections were performed on 
the original images to ensure data accuracy and consistency. The radiometric correction 
is expressed as equation (1). 

 min
max min min

max min

DN DN

DN DN
corrL L L L


  


 (1) 

In equation (1), Lcorr represents the corrected radiance value; Lmax and Lmin are the 
maximum and minimum radiance values; DN denotes the pixel value of the original 
image; DNmin and DNmax are the minimum and maximum digital numbers used for 
normalisation. The feature space of construction disturbance areas consists of spectral, 
texture, and shape features, which work together to significantly improve classification 
accuracy. The regional mean spectral value is obtained using equation (2). 

1

1 n

A i

i

S P
n 

   (2) 

In equation (2), SA represents the spectral feature value; Pi denotes the spectral value of 
the ith pixel; and n is the total number of pixels. This feature distinguishes construction 
areas (e.g., bare soil) from vegetation-covered areas. Texture features are computed using 
the GLCM, as illustrated in equation (3). 
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    (3) 

In equation (3), CGLCM represents the texture contrast; P(i, j) signifies the joint probability 
of grey levels i and j; K is the number of grey levels, typically set to 256. A higher 
contrast value indicates rougher surface textures (e.g., tire tracks from construction 
machinery). Shape features are characterised by calculating the compactness of the 
region, as depicted in equation (4). 

2

4πA
C

P
  (4) 

In equation (4), C represents compactness; A is the size of the region; and P is the 
boundary of the region. The compactness C approaches 1 for circular regions; irregular 
construction disturbances typically yield lower C values. The FNEA is applied for image 
segmentation, which follows a top-down segmentation approach, as evident in Figure 1. 

Figure 1 Schematic diagram of image segmentation (see online version for colours) 

 

In Figure 1, the image is segmented using a top-down approach that merges pixels 
iteratively. The goal of image segmentation is to minimise the heterogeneity between 
pixels and objects, as expressed in equation (5). 

( , )
o O

H d p o


  (5) 

In equation (5), H represents the heterogeneity of segmented objects; O represents the set 
of segmented objects; pi is the pixel; and d(p, o) represents the distance measure 
considering spectral, texture, and shape differences. FNEA iteratively merges adjacent 
pixels to generate homogeneous objects, effectively avoiding the ‘salt-and-pepper noise’ 
problem in traditional segmentation methods (Shahid et al., 2022). The FNEA image 
segmentation method relies on multi-scale segmentation parameter settings, where the 
scale parameter determines the object size, and the consistency criterion balances spectral 
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and shape factors to enhance classification accuracy. The composition of image 
segmentation parameters is apparent in Figure 2. 

Figure 2 Composition of image segmentation parameters (see online version for colours) 

 

Figure 2 presents the parameter system of FNEA image segmentation. Proper parameter 
settings optimise segmentation results, reduce noise, and improve classification accuracy. 
Feature extraction is performed through the weighted fusion of multiple features, as 
shown in equation (6). 

1

m

k k

k

w f


 F  (6) 

In equation (6), F represents the comprehensive feature value; wk denotes the weight of 
the kth feature, which is optimised through the evolutionary algorithm; and fi represents 
the normalised feature value. The FNEA classification rule is constructed based on the 
similarity between objects and categories, as shown in equation (7). 

     1
, j j j

j
S x C x x μ x μ


     (7) 

In equation (7), S(x, Cj) represents the similarity between objects x and categories Cj, 
which is calculated based on the Mahalanobis distance. This FNEA classification rule 
dynamically adjusts feature weights to adapt to different construction environments. 
FNEA optimises classifier parameters using GA, as expressed in equation (8). 

( 1) ( ) Δt t η  θ θ θ  (8) 

In equation (8), θ(t+1) and θ(t) represent the new and old classifier parameters, respectively; 
η is the learning rate; and Δθ denotes the parameter change, which is generated through 
crossover and mutation operations. The classification threshold is adaptively adjusted 
using deep learning, as expressed in equation (9). 

Δτ τ τ    (9) 

In equation (9), τ′ represents the adjusted classification threshold; τ is the original 
classification threshold;  denotes the adjustment coefficient; and Δτ represents the 
threshold variation, which is calculated through backpropagation of the CNN based on 
validation set errors. The overall workflow for construction-disturbance detection and 
classification is shown in Figure 3. 
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Figure 3 Workflow for construction-disturbance area recognition based on FNEA, GA, and CNN 
(see online version for colours) 
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As shown in Figure 3, the process starts with remote-sensing data preprocessing. After 
extracting spectral, texture, and shape features, FNEA performs image segmentation and 
sets the classification rules. GA then tunes the feature weights and classifier parameters. 
Finally, CNN adaptively adjusts the classification threshold to produce the recognition 
results for construction-disturbance areas. 

2.2 Construction of a dynamic monitoring and classification model for 
construction disturbance based on multi-feature change detection 

The previous section introduced the extraction and classification of static construction 
disturbance areas. This section further addresses the challenge of real-time monitoring for 
dynamic construction disturbances. Traditional methods typically rely on single-phase 
data or individual features for analysis, making it difficult to comprehensively capture the 
dynamic changes in construction disturbances. This study integrated multi-temporal 
change detection methods to develop an AI-driven dynamic monitoring model, enhancing 
real-time detection capabilities. The overall process is illustrated in Figure 4. 

As shown in Figure 4, the model determines construction disturbance areas based on 
brightness difference, texture variation, and shape features. AI is utilised to optimise 
classification standards, improving both real-time performance and accuracy in dynamic 
monitoring. The specific feature construction process is detailed as follows. First, to 
obtain remote sensing images at different time points, a multi-temporal dataset is 
established, as expressed in equation (10). 

 , , .t t t tX S T G  (10) 

In equation (10), Xt represents the multi-temporal feature vector, which denotes the 
feature set of the construction disturbance area at time t; St corresponds to spectral 
features; Tt represents texture features; Gt denotes shape features, describing geometric 
characteristics such as area, perimeter, compactness, and roundness at time t, which help 
distinguish construction areas from natural changes. By integrating spectral, texture, and 
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shape features, this formula constructs a multi-temporal feature set for construction 
disturbance areas, enabling accurate identification and classification of disturbance 
changes. The brightness difference method is then applied to detect disturbance changes, 
as defined in equation (11). 

1Δ t tB B B    (11) 

In equation (11), ΔB represents the brightness difference; Bt is the brightness at time t;  
Bt–1 represents the brightness at time t – 1. To describe texture feature variations in the 
images, the GLCM is used to extract greyscale directional information, as illustrated in 
Figure 5. 

Figure 4 Workflow of the dynamic monitoring and classification model for construction 
disturbance (see online version for colours) 

 

Figure 5 Grey-level co-occurrence matrix (see online version for colours) 

 

Figure 5 demonstrated the GLCM calculation process at different angles (0°, 45°, 90°, 
135°). Texture feature variations are analysed by constructing a co-occurrence matrix, as 
given in equation (12). 

1Δ t tT T T    (12) 

In equation (12), ΔT represents the texture variation value, quantifying the degree of 
texture change between two time points t and t – 1. A larger value indicates a greater 
impact of construction disturbance on surface texture. Tt and Tt–1 represent the texture 
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feature at times t and t – 1, describing the greyscale relationships among image pixels. 
Shape variation detection is formulated in equation (13). 

1Δ t tC C C    (13) 

In equation (13), ΔC represents the updated classification result. Construction disturbance 
often results in ΔC < 0, as newly added disturbed areas tend to have more irregular 
shapes. Ct and Ct–1 are the shape feature values at the new and previous time points. The 
integrated change index is defined in equation (14). 

1 2 33Δ Δ ΔI B T C      (14) 

In equation (14), I represents the integrated change index. If this value exceeds a 
threshold, it is classified as a significant disturbance change. 1, 2 and 3 correspond to 
the weights of brightness, texture, and shape variations, respectively. AI-based 
classification is then applied to dynamically categorise disturbed areas and optimise 
classification standards, as described in equation (15). 

 
1

( 1| )
1 x b

P y X
e 

 
 w

 (15) 

In equation (15), P(y = 1|X) represents the probability that the input features X represents 
the input feature vector; w is the weight vector; b is the bias term; e is the base of the 
natural logarithm, approximately 2.718. To enhance accuracy in dynamic monitoring, the 
approach is optimised by minimising a decrease in the cross function with regularisation, 
as given in equation (16). 

    2

1

1
log 1 log 1 |ˆ |ˆ | |

N

i i i i

i

y y y y λ
N 

        w  (16) 

In equation (16), L denotes the loss function; N represents the number of samples; yi is 
the true class label; ˆiy  is the predicted value computed by the classification model; λ is 

the regularisation coefficient, which controls model complexity to prevent overfitting; 
||w|| is the norm of the weight vector, constraining model weights to avoid excessive 
values, thereby improving generalisation ability. To further enhance adaptability, AI 
dynamically adjusts classification standards in real-time, as formulated in equation (17). 

Γ Γ ΔΓδ    (17) 

In equation (17), Γ′ represents the updated classification standard; Γ is the original 
classification standard; δ is the update coefficient; ΔΓ denotes the standard variation. 

3 Verification of the construction disturbance area detection and 
classification model based on remote sensing data 

To validate the effectiveness of the proposed static classification model (Section 3.1) and 
dynamic monitoring model (Section 3.2), this section conducts a comprehensive 
evaluation through experimental design and comparative analysis in terms of 
classification accuracy, robustness, and real-time performance. 
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3.1 Validation of AI-driven FNEA construction disturbance area feature 
recognition method 

This study used multi-source remote sensing data, including optical and radar imagery: 

1 Sentinel-2 data provided by the European Space Agency (ESA), with 10 m spatial 
resolution and a 5-day revisit, collected from January 2020 to June 2024 

2 Landsat-8 data released by the US Geological Survey (USGS), with 30 m spatial 
resolution and a 16-day revisit, covering the same period as Sentinel-2 

3 synthetic aperture radar (SAR) data from the Sentinel-1 mission, with 10 m 
resolution, available under cloudy conditions. 

These datasets cover typical construction-disturbance scenarios such as road building, 
mining, and urban expansion, with 2,400 image samples in total. Ground truth was 
obtained by: 

1 manual interpretation of unmanned aerial vehicle (UAV) images at 0.2 m accuracy to 
delineate disturbance areas 

2 consulting local government planning documents and construction records to 
confirm disturbance types and stages 

3 field surveys in representative regions to validate the interpretations. 

The final annotated set contains 18,000 samples of disturbed and non-disturbed areas for 
model training and validation. The FNEA parameters are set as follows: initial 
segmentation scale = 50, heterogeneity weight (spectrum: texture: shape) = 0.6:0.3:0.1. 
The dynamic model parameters were: CCI threshold = 0.7, learning rate η = 0.01, and 
regularisation coefficient λ = 0.1. 

To assess the effectiveness of the proposed method (FNEA+GA+CNN), 
representative baselines were selected for comparison: 

1 support vector machine (SVM), a classical supervised classifier based on the 
maximum-margin principle, widely used in remote-sensing scene classification and 
effective for small-to-medium samples and high-dimensional features 

2 random forest (RF), an ensemble of decision trees via bagging, known for robustness 
and low sensitivity to noise, often adopted for stable classification of multi-source 
features 

3 U-Net convolutional neural network (U-Net), an encoder-decoder semantic 
segmentation network suited to end-to-end pixel-level classification and a strong 
baseline for land-cover segmentation. 

Additionally, an ablation experiment is conducted to further analyse the effectiveness of 
the proposed method by comparing the classification performance of FNEA combined 
with different optimisation strategies (GA, CNN). The evaluation metrics include OA, 
kappa and F1-score, as shown in Table 1. 
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Table 1 Comparison of classification accuracy of different methods (mean ± SD, 95% CI in 
parentheses) 

Method OA (%) Kappa 
F1  

(construction class) 

SVM 82.3 ± 1.5  
(95% CI: 81.4–83.2) 

0.74 ± 0.02  
(95% CI: 0.73–0.75) 

0.68 ± 0.03  
(95% CI: 0.67–0.69) 

RF 85.6 ± 1.2  
(95% CI: 84.9–86.3) 

0.79 ± 0.02  
(95% CI: 0.78–0.80) 

0.73 ± 0.02  
(95% CI: 0.72–0.74) 

U-Net 88.1 ± 0.9  
(95% CI: 87.6–88.6) 

0.82 ± 0.01  
(95% CI: 0.81–0.83) 

0.76 ± 0.02  
(95% CI: 0.75–0.77) 

FNEA 91.4 ± 0.7  
(95% CI: 91.0–91.8) 

0.87 ± 0.01  
(95% CI: 0.86–0.88) 

0.82 ± 0.01  
(95% CI: 0.81–0.83) 

FNEA + GA 92.8 ± 0.6  
(95% CI: 92.4–93.2) 

0.89 ± 0.01  
(95% CI: 0.88–0.90) 

0.84 ± 0.01  
(95% CI: 0.83–0.85) 

FNEA + CNN 93.5 ± 0.5  
(95% CI: 93.2–93.8) 

0.90 ± 0.01  
(95% CI: 0.89–0.91) 

0.85 ± 0.01  
(95% CI: 0.84–0.86) 

FNEA + GA + CNN 
(proposed) 

95.2 ± 0.4  
(95% CI: 95.0–95.4) 

0.93 ± 0.01  
(95% CI: 0.92–0.94) 

0.88 ± 0.01  
(95% CI: 0.87–0.89) 

Note: Results are reported as mean ± standard deviation (SD) with 95% confidence 
intervals (CI), computed from n = 10 independent runs. 

Table 1 showed that the proposed method outperformed other comparison methods in 
terms of OA, kappa and F1-score, achieving an OA of 95.2% ± 0.4% (95% CI  
[95.0, 95.4]), a kappa coefficient of 0.93 ± 0.01 (95% CI [0.92, 0.94]), and an F1-score of 
0.88 ± 0.01 (95% CI [0.87, 0.89]). Compared to using only FNEA (OA = 91.4% ± 0.7%), 
incorporating GA optimisation (FNEA + GA) improved classification accuracy to 92.8% 
± 0.6% (95% CI [92.4, 93.2]), while further integration of CNN feature fusion  
(FNEA + CNN) enhanced classification accuracy to 93.5% ± 0.5% (95% CI [93.2, 93.8]). 
These results indicated that the proposed multi-feature fusion and evolutionary 
optimisation mechanism effectively adapted to complex construction scenarios. The 
classification results based on remote sensing images were quantitatively analysed using 
manual visual interpretation data to extract features of disturbance areas in construction 
scenes for 2021 and 2023. Producer accuracy, user accuracy, overall accuracy and kappa 
coefficient were adopted as evaluation metrics to assess the stability of the proposed 
classification method and its effectiveness in extracting disturbance areas, as shown in 
Figure 6. 

In Figure 6(a), the proposed method achieved user accuracy of 80.2% ± 1.4% in 2021 
and 79.8% ± 1.6% in 2023, staying close to 80%. In Figure 6(b), the producer accuracy 
for disturbance areas in both years is around 83%, indicating that the method effectively 
extracts disturbance area information. Figure 5(c) shows that the overall accuracy reached 
99.63% ± 0.21% (2021) and 99.02% ± 0.24% (2023), demonstrating reliable 
classification results. The kappa coefficient is 0.8247 ± 0.012 in 2021 and 0.8137 ± 0.015 
in 2023, close to 1, indicating high agreement between classification results and actual 
conditions with minimal misclassification. These results confirm that the proposed 
method accurately identifies disturbance areas and remains stable over different time 
periods. Next, the dynamic monitoring performance of the proposed multi-feature fusion 
method for disturbance areas is verified. 
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Figure 6 Stability and accuracy verification of the proposed classification method, (a) user 
accuracy comparison (b) producer accuracy comparison (c) comparison of total 
precision and kappa coefficient (see online version for colours) 
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Note: Results are reported as mean ± SD, based on n = 10 independent runs. The same 
convention applies below. 

3.2 Verification of the construction disturbance dynamic monitoring and 
classification model based on multi-feature change detection 

The results from the previous section indicate that the proposed static feature recognition 
classification method achieves high accuracy and stability. Next, the dynamic monitoring 
performance of the proposed multi-feature fusion method for disturbance areas is 
verified. The proposed multi-feature change detection method is compared in accuracy 
with advanced deep learning and feature fusion methods, transformer and MS-FFN, as 
shown in Figure 7. 
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Figure 7 Comparison of change detection accuracy for three methods (a) producer accuracy 
comparison (b) producer accuracy comparison (see online version for colours) 
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Figure 7(a) presented the change detection performance. The proposed method achieved 
the lowest false positive rate and false negative rate, at 31.35% ± 1.2% and  
23.18% ± 1.0%, respectively. Meanwhile, the overall error rate of the proposed method 
was 1.35% ± 0.3%, which is 0.73% and 0.36% lower than those of transformer and  
MS-FFN, respectively. Figure 7(b) showed that transformer has the highest false positive 
rate (52.67% ± 1.5%) due to misclassification caused by disturbance type changes (60%) 
and soil accumulation (40%). MS-FFN had a lower false positive rate (36.17% ± 1.3%), 
with misclassification proportions of 55% and 45% for disturbance type changes and soil 
accumulation, respectively. The proposed method achieved the lowest false positive rate 
(31.64% ± 1.1%), with an equal misclassification proportion of 50% for disturbance type 
changes and soil accumulation. Change vector analysis (CVA) is used as a comparison 
method. CVA is a classical change detection method, making it suitable for comparing 
the performance differences between multi-feature fusion and single-feature methods. 
The error rates for newly added disturbance areas, new buildings, and newly added  
non-disturbance areas serve as evaluation metrics, as shown in Figure 8. 

Figure 8(a) showed that the proposed method had an error rate of 2.6% ± 0.4%, which 
is 5.2% lower than that of CVA. The newly added area calculated by the proposed 
method was 662.6 ± 12.4 hm2, closest to the actual value of 649.2 hm2. Figure 8(b) 
indicated that the proposed method achieves the lowest misclassification rates for newly 
added buildings and non-disturbance areas, at 21.76 ± 2.1 hm2 and 27.13 ± 2.4 hm2, 
respectively, demonstrating stronger classification differentiation capability. These 
results confirmed that the proposed method, by utilising multiple features for 
classification, achieved higher accuracy and reliability in disturbance area monitoring. To 
verify the effectiveness of the proposed algorithm (FNEA + GA + CNN) in optimisation 
problems, it was compared with quantum genetic algorithm (QGA), particle swarm 
optimisation (PSO) and transformer (a deep learning model). These algorithms represent 
three different approaches: intelligent optimisation, heuristic search, and complex feature 
extraction. The fitness values of each method on different datasets are compared, as 
shown in Figure 9. 
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Figure 8 Comparison of dynamic detection errors for two feature fusion methods, (a) comparison 
of errors in the area of additional disturbed areas detected by different methods  
(b) misclassification comparison of new buildings and non-disturbed areas (see online 
version for colours) 
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Figure 9 Fitness function curves for different methods, (a) road construction (b) mining (c) urban 
expansion (d) comprehensive construction (see online version for colours) 
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Note: Curves show the mean, and the shaded area denotes ±SD, computed over n = 10 
independent runs. 
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Figure 9(a) showed that the proposed algorithm reached the optimal solution within  
30 iterations, while other methods achieved the optimal solution only after 100 iterations. 
In Figure 9(b), the proposed method converged to a fitness value of 1.06 ± 0.03 within  
20 iterations and stabilised at 1.01 ± 0.02 after 40 iterations. Figure 9(c) demonstrated 
that the proposed method rapidly converged within the first 20 iterations and ultimately 
stabilised at 1.00 ± 0.02. Figure 9(d) showed that the proposed method reached a fitness 
value of 1.05 ± 0.02 within 20 iterations and finally stabilises at 1.01 ± 0.01. These 
results indicated that the proposed method surpassed others in both convergence speed 
and accuracy. Next, the receiver operating characteristic (ROC) curves of the lightweight 
gradient boosting machine (LightGBM) and extreme gradient boosting (XGBoost) are 
compared on training and testing datasets, as shown in Figure 10. 

Figure 10 ROC curves of different algorithms, (a) training set (b) test set (see online version  
for colours) 
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Note: Curves present the mean; AUC is given as mean ± SD (95% CI), calculated over  
n = 10 independent runs. 

Figure 10 showed that the proposed method’s ROC curve was closer to the top-left 
corner, indicating a higher AUC and overall classification performance. In Figure 10(a), 
the proposed method achieved an AUC of 0.95 ± 0.02 (95% CI [0.93, 0.97]), surpassing 
XGBoost (0.85 ± 0.03，95% CI [0.82, 0.88]) and LightGBM (0.88 ± 0.02, 95% CI  
[0.86, 0.90]). In Figure 10(b), the proposed method maintained a significant advantage in 
AUC, with the smallest degradation 5.3% ± 0.6% (95% CI [4.8%, 5.9%]). These results 
confirmed that the proposed method outperformed the comparison methods in 
classification accuracy and generalisation ability, with its smaller degradation proving its 
superior adaptability to unknown data. 

4 Conclusions 

Accurately identifying and dynamically monitoring construction disturbance areas can 
help the government in urban planning, environmental protection, and land management 
(Karuppiah et al., 2022). However, existing methods for detecting construction 
disturbances struggle to ensure high classification accuracy and precise detection of 
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multi-temporal changes. Based on this, this study presented a method to recognise 
construction disturbances via FNEA segmentation. The method employed FNEA for 
image segmentation, optimised classification parameters through GA, and incorporated 
CNN for feature learning, which enhanced classification accuracy and the stability of 
dynamic monitoring. 

The results indicated that the proposed method demonstrated significant advantages 
in construction disturbance detection. The method achieved an OA of 95.2% ± 0.4% 
(95% CI [95.0–95.4]), a kappa value of 0.93 ± 0.01 (95% CI [0.92–0.94]), and an  
F1 grade of 0.88 ± 0.01 (95% CI [0.87, 0.89]), which is a notable improvement compared 
to the U-Net method proposed by Sun and Wu (2022b) (F1 = 0.84). Particularly in 
dynamic monitoring tasks for construction disturbances, the classification accuracy 
reached 99.63% ± 0.21% in 2021 and 99.02% ± 0.24% in 2023, while the false detection 
rate and missed detection rate dropped to 31.35% ± 1.2% and 23.18% ± 1.0%, 
respectively. As compared to the transformer and MS-FFN takes on suggested by Sun 
and Wu (2022a) and Xiao et al. (2023) the strategy put forward is more robust. In 
contrast to the U-Net method introduced by Singh and Sharma (2021), the method in this 
study demonstrates greater adaptability. Testing on different datasets showed that the 
proposed method converged within 20–30 iterations, which was significantly faster than 
the 100 iterations required by QGA and PSO, improving computational efficiency by 
approximately 70%. Meanwhile, the proposed method achieved an AUC value of  
0.95 ± 0.02 (95% CI [0.93, 0.97]), whereas XGBoost and LightGBM obtained only  
0.85 ± 0.03 (95% CI [0.82, 0.88]) and 0.88 ± 0.02 (95% CI [0.86, 0.90]), respectively, 
proving its strong generalisation ability across different datasets. 

In conclusion, the proposed construction disturbance detection method not only 
improves classification accuracy but also enhances dynamic monitoring stability and 
optimises computational efficiency, providing an efficient and intelligent solution for 
remote sensing monitoring in complex construction environments. However, several 
limitations remain: the study area was limited and cross-regional generalisation has not 
yet been verified; high-precision detection relies on large labelled data, which is costly; 
and higher-resolution or multi-source data were not fully used. Future work may explore 
cross-region transfer and adaptation, apply semi-supervised or interactive labelling to 
reduce data cost, and integrate heterogeneous multi-source data with distributed 
computing to further improve adaptability and practicality. 
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