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Abstract: Robust building extraction is crucial for 3D building models in Unmanned Aerial Vehicle (UAV) images. 

Automatic building extraction is in extremely high demand due to the productivity gain. Conventional building 

detection methods were time-consuming, costly, and highly complex for human experts. Several DL techniques were 

developed for building detection. But the accuracy was not enhanced. To solve this issue, the Weighted Hermitian 

Wavelet Multilayer Extreme Learning Machine (WHWMELM) technique is proposed with multiple layers for building 

detection in UAV images. The aim of the proposed method is to accurately detect building objects with maximum 

accuracy and minimal time. First, the input layer obtains UAV aerial input images, and the Weighted Myriad Filtering 

model is utilized for eliminating noise in the first hidden layer. The Hermitian multi-wavelet transform uses the next 

hidden layer to extract color, texture, and shape features. Later, the Schutz Feature Matching Coefficient classifies 

UAV images into buildings and non-buildings with higher accuracy and less time. The methodology has demonstrated 

promising results on a demanding benchmark dataset, significantly reducing time. 

Keywords: Unmanned Aerial Vehicle, UAV Aerial Images, Building Detection, Multilayer Extreme Learning Machine. 

 

1. Introduction 

The automatic detection of buildings has always 

been a hot topic of study in the field of aerial image 

processing. In modern years, UAVs have developed 

rapidly and provided high-resolution aerial images to 

detect and recognize surface objects. DL has attained 

immense attention in areas of speech recognition, image 

recognition, information retrieval, etc. CNN Branch 

Reinforce Transformer, termed BranTNet, was 

developed in [1] for finding the straw fires in UAV Aerial 

Images. With this, environmental protection and health 

preservation were ensured. However, the detection 

accuracy was lower. A rural-created building in UAV was 

discovered in [2] by the Multiscale Fusion Network. 

Developed network addressed the problems related to 

the diversity of UAV images. However, time 

consumption was not reduced.  

An Improved Lightweight Network was 

introduced in [3] to extract building footprints from UAV 

images. Fuse feature maps were used to get building. 

However, the extraction rate was not improved. A deep 

learning model was described in [4] to robotically find 

sugarcane crop lines using UAV images. CNN was 

employed to partition the images. Identified lines were 

enhanced with a refinement procedure. But, the noisy 

pixel was not eradicated to enhance the image quality.  

Deep learning was employed in [5] with UAVs. 

Nevertheless, the feature extraction was not performed. 

An approach for detecting weeds in Chinese cabbage 

depended on the deep learning model described in [6]. 

It used UAV images as sample images. However, it 

failed to perform preprocessing.  

A CNN-based model for identifying the 

individual tree was designed in [7] by using visible-

thermal UAV images. Trees were discovered at thermal 

image based on brightness temperature variation. But, 

the precision and recall were not concentrated. UAV TIR 

object detection approach was described in [8] for UAV. 
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Features extracted with CNN via YOLO. Ground-based 

TIR images and videos captured with FLIR 

cameras. However, object detection time was not 

reduced.  

A novel scheme to eliminate soil contribution 

from images that enhances the accuracy of maize at all 

development epochs was explained in [9].The ensemble 

learning model showed good strength in computing 

maize LAI at diverse growth stages. But, the time was 

higher. Cotton plants were discovered by DL through 

RGB images acquired by a UAV designed in [10]. The 

method was designed based on the YOLOv3 for the 

detection of VC plants. However, the accuracy was not 

enhanced.  

Traditional building detection approaches were 

designed for classifying objects. The above existing 

methods some limitations are identified such as the 

lesser accuracy, higher time consumption, failed to 

consider error rate, and poor image quality. To overcome 

the issue, proposed WHWMELM is introduced for 

building detection.  

The major contributions of the WHWMELM 

technique are provided as follows.  

❖ The proposed WHWMELM technique is 

developed to accurately detect building images 

with preprocessing, feature extraction, and 

classification.  

❖ The Weighted Myriad Filtering model is applied 

to perform preprocessing in the WHWMELM 

technique. It determines and eliminates the 

noisy pixels to get better-quality images. In this 

way, the PSNR is improved and the MSE is 

reduced.  

❖ Hermitian multi-wavelet transform is utilized in 

the WHWMELM technique to decompose 

images into diverse frequency bands for 

extracting the features such as texture, color, 

and shape. With this, the classification time is 

minimized.  

❖ The Schutz Feature Matching Coefficient 

approach is employed in the WHWMELM 

technique for classification. The similarity 

between two features is measured. An image 

into building objects or non-building objects is 

categorized. As a results, classification 

accuracy is enhanced. 

Manuscript organized as given by. Related 

works are explained in Section 2. The UAV system 

presented in Sections 3 and 4 explains the research 

procedure with the following architecture diagram. 

Section 5 describes results and discussion. Section 6 

concludes conclusion. 

 

 

2. Literature Survey 

To categorize plant communities of karst 

wetland, UAV images by spaceborne Jilin-1 

multispectral images were used in [11]. Combined 

visible/multi-spectral UAV images using deep learning 

models were developed in [12] for object identification to 

broccoli development monitoring to obtain a visualized 

map. 

In [13], evaluation amid Pixel-based of DL as 

well as Object-based of image examination was carried 

out depending on UAV images. For computing 

resources of private native forests, drone-based 

monitoring and image processing schemes were 

developed in [14]. The major purpose was to make 

competence for performing forest list remote with no 

relying on laborious meadow evaluations.  

During preprocessing, feature extraction, and 

classification, Satin Bowerbird Optimization through DL 

for Food Crop Classification was developed in [15] using 

UAV images.  

It used a bilateral filtering model to get 

preprocessed images. MobileNetv2 feature extractor 

was employed to extract the features. Also, classification 

using a Convolutional LSTM (ConvLSTM) model was 

applied to carry out crop categorization. But, the 

accuracy was not improved. A lightweight CNN 

architecture named EmergencyNet was developed in 

[16] to significantly classify the UAV images for 

emergency response/monitoring scenarios.  

In [17], lightweight DL networks were developed 

to determine Derris trifoliate by little data. White grapes 

and berries from a UAV are discovered in [18] by Multi-

object tracking and segmentation. PointTrack algorithm 

was employed to find the grape bunches. Spatial 

Embeddings were considered to detect berries. A high-

resolution hybrid network was designed in [19] for object 

detection in UAV images. Detection of maize tassels was 

carried out in [20] finds maize tassels. 

A weighted ensemble transferred UNet-based 

model (WETUM) was developed in [21] to generate a 

building damage map (BDM). Mask Region-

Convolutional Neural Network (Mask R-CNN) was 

introduced in [22] for obtaining automatic building 

detection. But, the classification was not performed. 

LUD-You Only Look Once (YOLO) was investigated in 

[23] for handling the issue of image feature degradation. 

Computational cost and memory were reduced by using 

C2f-BiLevel Routing Attention (C2f-BRA) feature 

extraction. Pruning operations were carried out to 

decrease the complexity of the network. However, the 

accuracy was not enhanced. Buildings were extracted in 

[24] by employing Res-Unet. Nevertheless, the memory 

was higher. U-Net was discussed in [25] for enhancing 

image quality with semantic segmentation. However, the 

huge dataset was not concentrated. 
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3. UAV scheme 
3.1 Why Develop a UAV Platform for Building 

Detection? 

Identification of objects (i.e., buildings) as 

recorded on imagery obtained has a general process 

inside digital photogrammetry. Nevertheless, meeting 

timely as well as trouble-free operation constraint to 

remote sensing stage is in demand. Fixed-wing aircraft 

were employed as well as they needed a professional 

crew of pilots, navigators, as well as could operate in fine 

weather. Two demands determinefor timely information. 

1) Presented another airborne platform2) camera 

system, and enhanced data processing with growth of 

dedicated software packet as well as workflow. 

For capturing images of small areas, UAVs 

prepared by image sensors were suited. UAVs do not 

necessitate well-skilled operation and this leads to 

easier staff employment, lower costs, as well as work 

disposition. UAVs do not have similar strict operational 

control with external authorities, comprises Peking 

University as well as the Chinese Academy of Survey 

and Mapping. The last analysis resulted in a palette of 

products during recently developed components that 

numerous UAV platforms and cameras are integrated for 

the image acquisition system.  

 

4. Building Detection by WHWMELM 

Technique 

Buildings have presented as a basic part to 

forming a town.  

Hence, modern building maps are imperative 

with different applications, including urban mapping as 

well as expansion investigation. Detection of building 

footprints is subject of intense study, by design of DL. 

Therefore, building detection using the WHWMELM 

technique from UAV images is introduced in this 

research. This technique takes advantage of simple, 

elastic, and low-cost UAV aerial imagery. The workflow 

of the proposed WHWMELM technique to fulfill the 

objectives of this research is illustrated in Figure 1. This 

technique mainly consists of three stages which are 

introduced as follows in detail. 

Figure 1 shows the process proposed 

WHWMELM technique which consists of three phases 

such as preprocessing, feature extraction, and 

classification. The UAV images ‘ 𝐼1, 𝐼2, 𝐼3, … . 𝐼𝑛’  are 

collected from the dataset at different times for building 

detection. With the input images, the research procedure 

is explained as given below.  

 

4.1 Preprocessing 

To begin with, the proposed WHWMELM 

technique performs image preprocessing. The 

preprocessing step involves image resizing and noise 

removal while preserving the edges and enhancing the 

quality, resulting in improved detection accuracy. In the 

proposed research, the preprocessing step is 

implemented to achieve better-quality images for 

classification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Flow process of Methodology for Building Detection 

Weighted Hermitian Wavelet Multilayer Extreme Learning Machine 

Building detection using UAV imagery 
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In the WHWMELM technique, preprocessing is 

performed using Weighted Myriad Filtering in the first 

hidden layer to take away noise from the image. To 

determine the noisy pixels in the given image, the 

filtering technique considers the maximum likelihood 

value. The UAV images taken from the input dataset are 

described as '𝐼1, 𝐼2, 𝐼3, … . 𝐼𝑛 '. The pixels in the input image 

are referred to as ‘𝜎1, 𝜎2, 𝜎3, … . 𝜎𝑚’. Here, the pixels in the 

input images are related in the filtering kernel window 

through the representation of rows (𝑖) and columns (𝑗).  

The center pixel is considered in the proposed 

weighted myriad filtering. It finds the maximum likelihood 

position evaluation among the center and neighboring 

pixels via a given mathematical formula. 

𝑂𝑔 = 𝑎𝑟𝑔 𝑚𝑎𝑥(𝑤 ∗ |𝜎𝑖𝑗 − 𝜎𝑘|)   (1) 

 In the above equation (4.1),  𝑂𝑔  is a filtered 

output, arg 𝑚𝑎𝑥 indicates an argument of the maximum 

function 𝜎𝑖𝑗  denotes a center pixel and 𝜎𝑘 denotes a 

neighboring pixel, 𝑤and refers to a weight. The weight 

function in the filtering model helps to handle the blurring 

in input images. From the above equation, pixels that 

vary from the maximum likelihood of nearby pixels are 

identified. It’s eradicated to get better-quality input 

images. 

 

4.2 Data augmentation 

Data augmentation is a vital task in building 

detection, land cover classification, and change 

detection for small datasets. Data augmentation is the 

process of creating new data (images) to produce 

additional information from limited data. The main goal 

of data augmentation is to enhance the volume, quality, 

and variety of training images. In our work, data 

augmentation is employed to generate a large number 

of UAV images. Also, the generalization and deep 

learning performance are enhanced.  

 

4.3 Feature Extraction  

In the second hidden unit, WHWMELM uses 

feature extraction with less time for building detection by 

using the Hermitian multi-wavelet transform. Feature 

extraction involves a critical algorithm for denoting the 

visual content of an input image. It denotes the original 

image in terms of a minimized form. Morlet wavelet 

transform and the Hermitian multi-wavelet transform are 

employed to decompose images into different frequency 

sub-bands. This decomposition is applied in different 

image processing tasks such as image compression, 

denoising, and feature extraction. However, the accurate 

time and frequency localization is a challenging issue. 

Hence, the Hermitian multi-wavelet transform is selected 

to perform feature extraction for separating the images 

into four sub-bands such as Low-Loe (𝑆𝑙𝑙 ), Low-High 

(𝑆𝑙ℎ), High-Low (𝑆ℎ𝑙),, and High-High (𝑆ℎℎ).  

After denoising, the high-frequency images are 

targeted and extracted. Less high-frequency images are 

discarded. In this way, the time is reduced. Multiple 

scaling and wavelet functions are employed in the 

Hermitian multi-wavelet transform for examining 

preprocessed images with higher feature extraction 

performance. The process of feature extraction is shown 

below Figure 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Hermitian multi-wavelet transform-based image decomposition. 
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As shown in the figure, preprocessed images 

are given as input to the transformation. Then the 

Hermitian multi-wavelet transform is applied to 

decompose the image into different sub-bands with low 

and high frequencies. Upon feature decomposition, 

features are obtained. In the primary stage, input images 

are partitioned into low ( 𝑆𝑙 ) as well as high (𝑆ℎ ). 

Horizontal as well as perpendicular paths of the image 

are divided by the Hermitian multi-wavelet 

transformation. Then, next successive steps, down 

sampling carried out as well as output of every stage, 

create four sub-bands 𝑆ℎ𝑙 , 𝑆ℎℎ , 𝑆𝑙𝑙 , 𝑆𝑙ℎ . Once again the 

same process is executed on the sub-band to make the 

next decomposition level. The transformation is given 

by, 

𝜑(𝑡) =  (2𝑘)−0.5 𝑘𝛼𝛿𝑛(𝑡) (𝑒−
1

2𝑘
𝑡2

 )      (2) 

𝜏(𝑡) =  (2𝑘)−0.5 𝑘𝛼𝑊𝑛(𝑡) (𝑒−
1

2𝑘
𝑡2

 )      (3) 

Where, multi-scale function in time ‘𝑡’ indicates 

𝜑(𝑡), ‘k’ as well as ‘𝑡' are integers, '𝜏(𝑡)’ denotes a multi-

wavelet function, ‘ 𝛿𝑛(𝑡) ' refers to a multi-scale filter 

coefficient, refers multi-wavelet filter coefficient is 

'𝑊𝑛(𝑡)’, The normalization coefficient is ‘𝛼’. From this, 4 

sub-bands are acquired from preprocessed images. 

Upon image decomposition, for extracting feature from 

the imagefeature extraction is employed.  

 

4.4 Schutz Feature Matching Coefficient-based 

Building Detection  

Lastly, the proposed WHWMELM carries out the 

classification to determine the building object in the input 

images with the help of the Schutz Feature Matching 

Coefficient. The third hidden layer carries out 

classification. The layer receives extracted features from 

the input images as input. The feature matching 

coefficient approach is employed in computer vision to 

discover features among two images. It involves 

identifying distinctive features in each image, such as 

corners, edges, or other significant structures, based on 

their similarity. This process is essential for different 

tasks such as building detection, object recognition, 

image alignment, and 3D reconstruction. The aim of the 

feature matching is to recognize and compare 

corresponding features (like edges, corners, or textures) 

in two or more images. The Jaccard index and Schutz 

index are employed to compute the similarity between 

two features. But the Jaccard index only considers 

shared attributes (intersection or present). Contrary to 

the existing Jaccard index, Schutz index considers both 

shared and unshared features (both intersection or 

present and differences or absent). In our work, the 

Schutz Feature Matching Coefficient approach is chosen 

in the WHWMELM technique to find the similarity 

between features or the matching between features 

detected in different images. The similarity coefficient 

value is from 0 to 1. The value ‘1’indicates features 

perfect match; the building is detected. The value ‘0’

indicates features do not match, the non-building is 

detected. Based on the similarity score, the accuracy of 

finding a building or non- non-building is achieved. 

Schutz Feature Matching Coefficient approach is 

formulated as given below.  

𝛽 =
𝐸𝐹∩𝑇𝐹

∑ 𝐸𝐹+∑ 𝑇𝐹−𝐸𝐹∩𝑇𝐹
         (4) 

Where ‘𝛽’ denotes a Schutz Feature Matching 

Coefficient,𝐸𝐹  points outs extracted features from the 

input image (i.e., training image), and 𝑇𝐹  point outs 

features from the testing image, 𝐸𝐹 ∩ 𝑇𝐹  denotes a 

mutual dependence among the features. The results of 

the Schutz Feature Matching Coefficient approach are 

varied between 0 to 1. Lastly, the outputs are obtained 

at the output layer for building detection. The 

classification results of the output layer are provided by,  

𝛽 = {
1 ;  𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑜𝑏𝑗𝑒𝑐

0 ; 𝑛𝑜𝑛 −  𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑜𝑏𝑗𝑒𝑐𝑡
       (5) 

The result of ‘𝛽 = 1’ denotes that the training 

and testing features are matched and the building is 

detected. On the other hand, ‘𝛽 = 0 denotes features 

that are not matched where the building is not detected. 

From that, the building objects are accurately 

determined depending on the feature-matching process. 

Later, the error ‘ 𝜀 ’ is computed at the output layer 

according to the variation between predicted and actual 

results.  

𝜀 = |𝜀𝑥 − 𝜀𝑦|
2
       (6) 

From (6), ‘𝜀𝑥 ’denoted as squared dissimilarity 

among actual error, predicted error is ‘ 𝜀𝑦 ’. If the 

proposed technique attains smaller errors, the process 

is stopped, and the buildings are correctly detected. The 

algorithmic process of building detection is described as 

follows.  

Input: Dataset, UAV images 𝐼1, 𝐼2, 𝐼3, … . 𝐼𝑛 

Output: Accurate building detection  

Begin 

1. Get number of UAV images 𝐼1, 𝐼2, 𝐼3, … . 𝐼𝑛 

//input layer  

2. For each input UAV image //hidden layer 1  

3. Perform image preprocessing 

4. Eliminate noise from images 

5. For each preprocessed image //hidden layer 

2  

6. Apply Hermitian multi-wavelet transform 

7. Carry out first level transformation obtain 𝑆𝑙 

and 𝑆ℎ 

8. Execute second level transformation obtain 

𝑆ℎ𝑙 , 𝑆ℎℎ , 𝑆𝑙𝑙 , 𝑆𝑙ℎ 
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9. End for 

10.  Forevery sub-band 

11. Extract texture, color, shape features 

12. End for 

13. Forward extracted features to an hidden layer 

3  

14. For extracted features 𝐸𝐹 

15. Measure Schutz Feature Matching 

Coefficient approach 

16.  If (𝛽 = 1)then 

17. Building object is detected 

18.  Else 

19. Non-building object is detected 

20. End if 

21. End for 

22. End for  

23. Measure error 𝜀 

24. Repeat the process until minimum error is 

attained 

End 

As explained in the above algorithm, building 

detection from UAV images is achieved using 

WHWMELM with higher accuracy and less time. This 

can be achieved by initially preprocessing the input 

images by eliminating the noisy pixels. Then, the more 

informative features are extracted to reduce the time for 

building object detection. Later, resultant features are 

classified via the Schutz feature matching coefficient 

approach to determine whether the object is a building 

or non-building.  

 

5. Results and Discussion  

The experimental evaluation of the proposed 

WHWMELM technique and BranTNet [1], Multiscale 

Fusion Network [2], and WETUM [21] are implemented 

in Python using UAV Small Object Detection Dataset 

taken from 

https://www.kaggle.com/datasets/sovitrath/uav-small-

object-detection-dataset. This dataset comprises aerial 

imagery from UAVs for little object detection employing 

deep learning. The dataset includes 844 images from 

UAVs with 10 different classes. The total number of 

instances is 18,234. Each image is in high resolution. 

Starting from 1600 pixels in width, some even go up to 

2700 pixels in width. The dataset is divided into training, 

validation, and test. Training (717 samples), Validation 

(84 samples), and Test (43 samples) utilized. 10 different 

classes are utilized, such as Building, ship, vehicle, 

prefabricated-house, well, cable-tower, pool, landslide, 

cultivation-mesh-cage, and quarry. The aim of the 

dataset is to precisely classify the object (building or non-

building) in UAV images. For conducting the 

experiments, the number of UAV images in the range 

from 100-1000 was employed. The performance of the 

WHWMELM technique is evaluated in various metrics. 

Hardware and Software configurations and 

hyperparameter details are listed in Tables 1 and 2. 

 

Table 1. Hardware and Software Configurations 

Software requirements Hardware requirements 

O/S: Windows 10 and above CPU Processor: Intel® Core™ i3 Processor 

Language: Python Hard drive capacity: 1TB 

 Mouse: Logitech 

 Keyboard: 110 keys enhanced 

 RAM (Memory capacity): 8GB 

 System type: 32-bit Operating system 

 

Table 2. Hyperparameter Details of Proposed WHWMELM technique 

S. No Hyperparameters Description 

1 Number of layers used in Multilayer Extreme 

Learning Machine 

One input layer, three hidden layers, and one output 

layer 

2 Activation function used in first hidden layer Weighted Myriad Filtering 

3 Activation function used in second hidden 

layer 

Hermitian multi-wavelet transform 

4  Activation function used in third hidden layer Schutz Feature Matching Coefficient 

5 Learning rate The value of the learning rate used in our work is 0.01 

6 Number of epochs The number of epochs is used in 20 

7 Batch size The value of the batch size used in our work is 16 

8 Number of input images 100-1000 employed for experimentation 

 

https://www.kaggle.com/datasets/sovitrath/uav-small-object-detection-dataset
https://www.kaggle.com/datasets/sovitrath/uav-small-object-detection-dataset
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Figure 3 (a). Five sample input UAV images (b) Corresponding preprocessed images 

Figure 3 shows five sample UAV images 

collected from the dataset. Each collected sample of 

UAV images, preprocessing is carried out by using the 

Weighted Myriad Filtering model to eradicate noisy 

images. Also, the preprocessed images are obtained, 

and it is given in Figure 3 (b). With preprocessed results, 

the features (texture, color, shape) are extracted with the 

aid of Hermitian wavelet transform in Figures 4, 5, 6, and 

7. Finally, the building and non-building images are 

classified using the Schutz Feature Matching Coefficient 

in Figure 5. 

Figure 4 illustrates the Hermitian wavelet 

transform of different decompositions of images of sub-

band form five input images. 

Figure 5 depicts the output results of texture 

feature extraction for different sample images.  

Figures 6 and 7 show the results of shape and 

color feature extraction from sample images 

respectively.  

Figure 8 demonstrates the final output of 

building detected images using the proposed 

WHWMELM technique.  

Table 3 shows the comparison of the ground 

truth and predicted buildings. The ground truth and 

predicted building results are obtained from Figure 8. 

Here, accuracy is obtained as 90% and 88%. The overall 

quantitative performance analysis of diverse methods is 

examined during the following metrics.  

Table 4 shows Description of performance 

parameters and Table 5 shows the performance 

analysis of PSNR for the proposed WHWMELM 

technique, existing BranTNet [1], multiscale fusion 

network [2] and WETUM [21] with and without denoise 

images. The PSNR is calculated for different 

classification methods. The above results confirm that 

the results of PSNR are improved in the WHWMELM 

technique than the conventional [1, 2] and [21]. Also, the 

results with denoising images are found to be better than 

those without denoising images. For instance, the PSNR 

using the proposed WHWMELM technique is obtained 

as 70.07 dB, BranTNet is obtained as 68.13 dB, the 

multiscale fusion network is obtained as 67.3 dB and 

WETUM [21] is obtained as 69.04 dB with the input of 

denoising image size 1.13 MB. Similarly, PSNR without 

denoising image (1.13 MB) is obtained as 68.13 dB, 

66.54 dB, 65.85 dB and 67.71 dB using WHWMELM, 

BranTNet [1], and multiscale fusion network [2] and 

WETUM [21] is obtained as 69.04 dB. 

The higher PSNR is obtained based on applying 

the Weighted Myriad filtering model significantly 

discovers the noisy pixels in input UAV images with a 

lesser amount of time. Then, the discovered noise pixels 

using the WHWMELM technique are taken away from 

the given image. With this, the proposed WHWMELM 

technique minimizes the mean square error. This 

supports for proposed WHWMELM technique to 

decrease the dissimilarity between original UAV images 

and preprocessed UAV images. Thus, WHWMELM 

enhances PSNR for building detection using denoising 

images by 10%, 7% and 2% as compared to BranTNet 

[1], Multiscale Fusion Network [2] and WETUM [21] 

respectively. 

 
(a) 

 
(b) 
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(e) 

Figure 4. Hermitian multi-wavelet transform for preprocessed images 
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Figure 5. Texture feature extraction for sample images 

 Similarly, the WHWMELM technique improves 
PSNR up to 8%, 5% and 2% without denoising images 
as compared to BranTNet [1], Multiscale Fusion Network 
[2], and WETUM [21], respectively.  

 Figure 9 and 10 shows the classification 
accuracy of four different classification methods based 
on with and without denoising images collected from a 
given dataset for building detection. The results of 
classification accuracy are obtained for UAV 1000 
images. 
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Figure 6. Shape feature extraction for sample images 

 

 

 

 

 

Figure 7. Color feature extraction for sample images 
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Figure 8. Output building detected images. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Classification accuracy with denoising images

The obtained outcomes of WHWMELM 

discussed with conventional BranTNet [1] and multiscale 

fusion network [2] and WETUM [21]. From the 

comparative graphs, the classification accuracy of 

images for building detection is improved using 

denoising images compared to without denoising 

images. In both the graphs, the accuracy value is 

Table 3. Comparison of ground truth and predicted buildings 

Number of ground truth building  Number of predicted building Accuracy (%) 

50 45 90 

28 25 88 
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enhanced in the proposed WHWMELM technique than 

the existing [1, 2] and [21] methods.  

On the contrary to other methods, the higher 

classification accuracy is achieved by applying the 

Schutz Feature Matching Coefficient in the WHWMELM 

technique for classifying the input UAV images. During 

the classification process, the similarity between 

extracted features from the images is computed. 

According to the similarity measure, images are 

classified into building objects or non-building objects. 

With this, the building objects in the UAV images are 

accurately identified for urban planning or development. 

The results of classification accuracy using the proposed 

WHWMELM technique with denoising images are 

increased by 13%, 8% and 3% compared to existing 

BranTNet [1], Multiscale Fusion Network [2] and 

WETUM [21] respectively. In addition, CA of 

WHWMELM without denoising images enhanced up to 

12%, 9% and 3% compared to existing BranTNet [1] and 

Multiscale Fusion Network [2] and WETUM [21] 

respectively.  

Table 6 describes the experimental results of 

training time with and without denoising images using 

the proposed WHWMELM technique, existing BranTNet 

[1], and multiscale fusion network [2] and WETUM [21]. 

Number of images is used as input and it is varied in the 

ranges of 100 to 1000.  

 

Table 4. Description of performance parameters 

Parameter Symbol used Description 

Peak-Signal-

to-Noise 

Ratio  

Psnr It is computed depending on the mean square error which is estimated as the 

variation between the preprocessed image and original image.  

𝑷𝒔𝒏𝒓 = 𝟏𝟎 ∗ 𝐥𝐨𝐠𝟏𝟎 [
𝑳𝟐

𝑴𝒔𝒆

] 

𝑃𝑠𝑛𝑟denotes a PSNR,𝐿2 refers to a maximum possible pixel range, 𝑀𝑠𝑒 denotes 

a mean square error that is computed as the variation between preprocessing 

image size 𝐼𝑝 and original input image size 𝐼𝑜.  

Classification 

Accuracy 

 

CA Number of images correctly categorized for building detection as defined as 

CA for evaluation.  

𝑪𝑨 =
𝑵𝑰𝑪𝑪

𝑻𝑰
∗ 𝟏𝟎𝟎     

𝐶𝐴 refers a classification accuracy, 𝑁𝐼𝐶𝐶  refers number of images properly 

categorized.  

Training time 

 

TT It computed as amount of time used by the algorithm to classify the images 

(building objects and non-building objects) for building detection. 

𝑻𝑻 =  𝑰𝒏 ∗ 𝑻𝒊𝒎𝒆 (𝑺𝑰)   

𝐼𝑛 point outs the number of images and 𝑇𝑖𝑚𝑒 (𝑆𝐼)  refers a time taken for 

detecting building in a single image.  

Precision  𝑃 Precision is measured with number of true positives and false positives. 

𝑃 = (
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
) ∗ 100 

𝑃 denotes precision, 𝑇𝑃 indicates true positive rate, and 𝐹𝑃 represents false 

positive rate.  

Recall  𝑅 Recall is calculated to determine the number of true positives and false 

negatives during the building detection. 

𝑅 = (
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
) 

𝑅  denotes recall, 𝑇𝑃  denotes true positive rate, and 𝐹𝑁  represents false 

negative rate. 

F1-score 𝐹 It is measured as the average value of both precisions and recall. 

𝐹 = [2 ∗
𝑃 ∗ 𝑅

𝑃 + 𝑅
] 

Memory 

Consumption 

𝑀𝐶 It is referred to as the amount of memory consumed by algorithm for identifying 

the building. 

 𝑀𝑂 = 𝑰𝒏 ∗ 𝑀𝑒𝑚 (𝑆𝐼)  

𝑀𝑂  represents the memory consumption, and 𝑀𝑒𝑚 (𝑆𝐼) ’ signifies the time 

taken for detecting building in single image. It is determined in terms of Mega 

byes (MB).  
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Table 5. Comparative results of PSNR 

Image size (MB) 
PSNR (dB) 

Multiscale Fusion Network BranTNet WETUM WHWMELM 

With denoising images  

1.13 67.30 68.13 69.04 70.07 

1.16 68.14 69.21 70.16 73.15 

1.21 69.03 70.14 71.43 73.51 

1.33 66.25 68.25 72.68 74.43 

1.34 65.14 67.14 71.12 72.62 

1.42 67.82 69.52 73.16 74.25 

1.49 69.14 71.11 74.49 75.25 

1.68 65.25 67.52 72.18 73.63 

1.81 64.14 66.21 70.55 72.25 

1.83 63.04 65.25 67.49 69.25 

Without denoising images  

1.13 65.85 66.54 67.71 68.13 

1.16 66.11 67.52 68.56 69.76 

1.21 67.82 68.97 69.82 71.25 

1.33 64.25 66.14 67.68 69.52 

1.34 62.14 64.67 67.11 68.14 

1.42 64.52 66.81 68.98 70.64 

1.49 65.82 67.82 70.22 71.63 

1.68 63.14 65.14 68.35 69.62 

1.81 62.54 64.25 67.42 68.14 

1.83 61.34 63 66.56 67.52 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10. Classification accuracy without denoising images 
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Table 6. Comparative Results of Training Time 

Number of images 
Training time (ms) 

Multiscale Fusion Network BranTNet WETUM WHWMELM 

With denoising images  

100 41 38 34 29 

200 43 40 36 30 

300 46 43 37 31 

400 48 44 39 33 

500 50 47 42 36 

600 52 49 44 38 

700 55 51 46 40 

800 57 54 49 42 

900 59 56 52 46 

1000 60 58 54 48 

Without denoising images  

100 46 43 39 32 

200 48 46 41 35 

300 49 47 42 36 

400 52 49 44 40 

500 55 52 46 42 

600 56 53 48 45 

700 59 55 49 47 

800 60 57 52 49 

900 62 59 54 51 

1000 65 62 57 54 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Performance of precision, recall, F1-score and memory consumption with denoising images 
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Figure 12. Performance of precision, recall, F1-score, and memory consumption with denoising images 

From the table 6, the training time of the 

proposed WHWMELM technique is found to be lower for 

building detection than the conventional methods. As 

compared to without denoising images, training time is 

minimized with denoising images. With the input of 100 

images, the classification time is measured to be 29ms, 

38ms, 41ms and 34ms using the WHWMELM technique, 

existing BranTNet [1], multiscale fusion network [2] and 

WETUM [21]. By considering the input without denoising 

images, the training time is obtained as 32ms, 43ms, and 

46ms and 39ms for proposed and existing methods. The 

lesser time consumption is attained by performing the 

most relevant feature extraction process in the 

WHWMELM technique. Images to different regions 

decomposed by hermitian multi-wavelet transform. From 

the decomposed images, building footprints detected to 

extract features. These extracted features are classified 

with lower time through the coefficient matching process.  

This helps to reduce the time needed for 

classification in the WHWMELM technique than the 

other methods. The results of training time for denoising 

images are minimized using the proposed WHWMELM 

technique by 27% and 23% and 14% as compared to the 

existing BranTNet [1] and multiscale fusion network [2] 

and WETUM [21]. Training time output of the proposed 

WHWMELM technique without denoising the image is 

reduced by 22%, 18% and 9% to the existing [1] [2] and 

[21] methods. 

Figures 11 and 12 show the performance results 

of precision, recall, F1-score, and memory consumption 

with and without denoising images using the proposed 

WHWMELM technique, existing BranTNet [1], and 

multiscale fusion network [2], and WETUM 

[21].Proposed WHWMELM technique outperforms 

existing methods in terms of achieving higher precision, 

recall, F1-score and lesser memory consumption. This 

improvement is achieved by employing the Schutz 

Feature Matching Coefficient to determine whether 

images as building objects or non-building objects. The 

results of precision for denoising images are improved 

using the proposed WHWMELM technique by 7%, 10% 

and 3% as compared to the existing BranTNet [1] and 

multiscale fusion network [2], and WETUM [21]. 

Precision output of the proposed WHWMELM technique 

without denoising the image is enhanced by 9%, 11% 

and 3% than the existing [1, 2] and [21] methods. 

The results of recall for denoising images are 

improved using the proposed WHWMELM technique by 

9%, 13% and 2% as compared to the existing BranTNet 

[1] and multiscale fusion network [2], and WETUM [21]. 

Recall output of the proposed WHWMELM technique 

without denoising the image is improved by 7%, 11% 

and 2% than the existing [1, 2] and [21] methods. The 

results of the F1-score for denoising images are 

improved using the proposed WHWMELM technique by 

7%, 11% and 2% as compared to the existing BranTNet 

[1] and multiscale fusion network [2], and WETUM [21]. 

F1-score output of the proposed WHWMELM technique 

without denoising the image is enhanced by 7%, 10% 

and 2% than the existing [1, 2] and [21] methods. Also, 

the space complexity for denoising images is decreased 

using the proposed WHWMELM technique by 16%, 25% 

and 8% as compared to the existing BranTNet [1] and 

multiscale fusion network [2], and WETUM [21]. Space 

complexity output of the proposed WHWMELM 

technique without denoising the image is reduced by 

7%, 15% and 5% to the existing [1, 2] and [21] methods. 

 

6. Conclusion 

A novel proposed a detection procedure named 

WHWMELM is developed for building detection using 

UAV images with higher accuracy and less time. Initially, 

the Weighted Myriad Filtering model-based 



Vol 8 Iss 2 Year 2026      A. Franklin Alex Joseph et al., /2026 

Int. Res. J. Multidiscip. Technovation, 8(2) (2026) 75-91 | 90 

preprocessing is carried out to eliminate the noisy pixels 

in the images to increase the image quality. After that, 

texture, color, and shape features were extracted with 

the Hermitian multi-wavelet transform. With the 

extracted features, the time consumed for building 

detection is reduced. The designed technique carried 

out the classification of building images using the Schutz 

Feature Matching Coefficient. The similarity between 

extracted features and testing features is computed to 

classify the images into building or non-building objects. 

From that, the UAV images are classified with higher 

accuracy and smaller errors. Experimental evaluation of 

the WHWMELM technique is carried out with diverse 

factors with respect to the UAV images. The result 

demonstrates that the proposed WHWMELM technique 

improved the performance of building detection in terms 

of higher classification accuracy of 8%, PSNR of 10%, 

precision of 7%, recall of 8% and F1-score of 7% and 

lesser time of 21% and memory consumption of 16% 

with denoising images as compared to existing methods. 

Outcomes of the WHWMELM technique are to provide 

maximum PSNR by 5%, accuracy by 8%, precision by 

8%, recall by 6% and F1-score by 6% and minimum time 

16% and memory consumption by 9% without denoising 

images than the conventional methods. The limitation of 

the proposed technique is that considers only one 

dataset. In future work, the proposed technique is 

extended to consider more datasets for enhancing the 

building detection performance. 
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