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ABSTRACT: 

Change detection has a history spanning over four decades in military and civilian applications. Monitoring and controlling urban 
changes, particularly identifying unauthorized land-use changes, is essential for urban management. Traditional methods lack 
efficiency due to limitations in accuracy, speed, and comprehensiveness, while newer deep learning approaches face challenges like 
training data preparation, time-consuming processes, and high computational demands. This paper proposes a relatively fast, low-
cost, and high-accuracy method using photogrammetric products with planar and vertical accuracies better than 30 cm. By applying 
thresholds and filters, a Digital Difference Model (DDM) is generated to detect changes in residential areas. Overall accuracy in two 
test sites exceeded 90% and 83%, respectively. Disturbing features were removed by masking Orthophotomosaics using intelligent 
algorithms. Applying optimized filters in four stages improved accuracy by over 30%. While the process depends on regional 
characteristics and urban-specific thresholds, its lower cost and higher speed make it widely applicable to similar areas. For regions 
with different urban textures, optimal thresholds and parameters must be recalculated using the same methodology. 

* Corresponding author

1. INTRODUCTION

1.1 General Instructions 

Change detection in geomatics has extensive applications in 
military and civilian domains, including monitoring enemy 
fortifications, damage assessment, map updating (Hamidi & 
Bigdeli, 2021), urban management, environmental monitoring, 
crisis management, and detecting unauthorized constructions. 
This technology is also used in agriculture (monitoring plant 
growth), natural resource management (detecting illegal 
logging), archaeology, geology, and air traffic management 
(Moghimi et al., 2016). High-resolution time-series remote 
sensing data, particularly drone-based photogrammetric 
products, enable three-dimensional (length, width, height) 
change analysis, ideal for monitoring unauthorized 
constructions requiring height change assessment. 
Change detection methods include pattern matching, object-
based image analysis (OBIA), and deep learning (e.g., 
convolutional neural networks) (Cheng & Han, 2016). These 
methods, comparing dual-time data, achieve high accuracy (up 
to 97%) in building detection (Masoumi et al., 2021; Guerin et 
al., 2014). However, shadows and vegetation cause errors 
(Sanin et al., 2012). Advanced methods, such as DSMs and 
graph-cut algorithms (Pang et al., 2019) or multimodal 
networks (Xie et al., 2024, with an F1 score of 79.29%), 
improve accuracy by mitigating shadows and vegetation effects 
(Guo et al., 2024). The NDVI index also aids in shadow 
removal (Gao et al., 2018). A multimodal joint learning 
framework for building change detection, training a Siamese 
dual-time image network and a height difference (HDiff) 
network with labeled source data and unlabeled target data 
pairs, using vanilla, integrated, and separate joint learning, 
achieved an optimal F1 score of 79.29% (Xie et al., 2024). 
Additionally, the Multi-scale Feature Fusion Network 
(MFFNet), using 1-meter pixel DSMs from satellite imagery, 
accurately detected building changes in China by eliminating 
vegetation and shadow effects (Guo et al., 2024). 

The proposed method integrates photogrammetric data and 
Orthophotomosaic classification to detect building height 
changes, eliminating interferences like shadows and vegetation. 
Using thresholding and time-series data, it offers high accuracy 
in monitoring unauthorized constructions. 

2. LITERATURE REVIEW

2.1 2.1 Supervised Image Classification 

To eliminate interfering features (e.g., shadows, vegetation) 
from orthophotomosaic images and detect buildings, the 
Maximum Likelihood classification method is employed. This 
method, per Equation (1), classifies pixels based on band count 
and similarity to training samples (Hamidi & Bigdeli, 2021). 

(1) 

Where n is the number of input bands,X is the pixel in n bands, 
and PX(X) is the probability of pixel X belonging to class k. 
Classification accuracy is evaluated using overall accuracy and 
the Kappa coefficient. 

2.2 Validation and Accuracy Assessment of the Proposed 
Process 

The proposed process, combining three components to generate 
various events, requires evaluating algorithm accuracy in 
detecting targets in remote sensing images to identify the most 
accurate event. A confusion matrix compares ground truth with 
algorithm predictions for each event, calculating overall 
accuracy based on the ground truth map, resulting in four 
possible scenarios (Hamidi & Bigdeli, 2021). 
In summary, the performance of the proposed process is 
evaluated based on identified targets across four scenarios: True 
Positive (TP, ground truth positive and predicted positive), 
False Positive (FP, ground truth positive and predicted 
negative), False Negative (FN, ground truth negative and 
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predicted positive), and True Negative (TN, ground truth 
negative and predicted negative). 
      (2) 
 
The accuracy evaluation metrics for target detection algorithms 
include: 
2.1.1 Overall Accuracy 
The accuracy of an algorithm is valid in TP and TN scenarios, 
where targets are correctly identified or correctly excluded as 
non-targets. According to Equation (2), this metric is calculated 
as the ratio of correctly identified elements to the total number 
of events across all scenarios. It assesses the algorithm's quality 
(Hamidi and Bigdeli, 2021). 
2.1.2 Kappa Coefficient 
Using the confusion matrix, the Kappa coefficient compares the 
algorithm’s performance to a random classifier, indicating how 
much better it performs. It is calculated per Equation (3). The 
coefficient ranges from -1 to +1, where values closer to +1 
indicate higher agreement between scales, and values closer to -
1 indicate lower agreement. A Kappa of zero signifies complete 
disagreement. 
 
      (3) 
     

3. IDENTIFICATION OF THE PROPOSED PROCESS 
COMPONENTS 

The proposed process is executed using three components: 
height threshold, area threshold, and length-to-width ratio, with 
the method for determining optimal values for each component 
described as follows: 
 
3.1 Height Threshold 

To determine the optimal height threshold for the building class 
in urban areas, as shown in Figure 1, the Digital Difference 
Model (DDM) is analyzed across various height ranges. By 
applying different height thresholds, feature behavior is 
examined in ranges of 0–1 m, 1–5 m, and 1 m to the maximum 
DDM value. Residential buildings are not discernible below 1 
m, but above 1 m, they exhibit consistent behavior, forming a 
continuous surface indicative of a building. Limiting the 
threshold to a specific range reduces the likelihood of including 
the feature in final targets due to discontinuous segments. 
 
 
 
 
 
 

Figure 1. Analysis of height changes at different thresholds 
using the Digital Difference Model (DDM). a) Validation of the 

DDM in the 0–1 m range. b) 1–5 m range. c) 1 m to the 
maximum DDM value. 

 
3.2 Area Threshold 

After extracting pixels exceeding the height threshold, the area 
of the identified target at a uniform height is connected to form 
a continuous surface. An area threshold is then applied to 
distinguish it from other features. The optimal area threshold is 
determined through trial-and-error and validation. In the first 
study area (Yazd), with a DDM pixel size of 40 cm (0.16 m² per 
pixel), the area representing a complete building is identified, 
and detection accuracy is assessed. In the second study area 

(Mehriz), with a 10 cm pixel size (0.01 m² per pixel), 
standardization between the two areas is required. The 
threshold, validated by examining 10 buildings absent in the 
first image but present in the second (indicating construction), 
isolates features by. 
 
3.3 Length-to-Width Ratio 

In urban and non-urban areas, features like vehicles, with 
heights ranging from 0.5 m (passenger cars) to 3.5 m (buses, 
trailers), are present. To eliminate vehicles from final results, 
the length-to-width ratio (major-to-minor axis) of features 
identified in prior steps is calculated, filtering out those 
exceeding a specific threshold. This component also identifies 
walls, edges, and boundaries that meet height and area 
thresholds but are not buildings and must be excluded. As 
shown in Figure 2, passenger cars have a length-to-width ratio 
similar to building components (e.g., parapets) but are removed 
earlier due to their smaller area. The proposed process combines 
these components, generating various events with different 
values, and selects optimal values based on accuracy validation 
(Hamidi & Bigdeli, 2021). 
 
 
 
 
 
 
 
 
 
 

Figure 2. Analysis of changes in geometric components of 
features. a) Minor axis (width). b) Major axis (length). 

 
4. MATERIALS AND METHODS 

The proposed method detects 3D changes in buildings and 
earthworks using high-resolution, multi-temporal 
photogrammetric data. A two-stage process generates a Digital 
Difference Model (DDM) from DSMs and applies thresholds to 
isolate changes, removing interfering features via post-
classification comparison (Hamidi & Bigdeli, 2021). A shadow- 
and vegetation-free model improves target detection in 
residential areas. Ground truth maps and orthophotomosaics 
validate targets, with optimal parameters determined through 
accuracy metrics. Non-targets (e.g., vegetation, vehicles) are 
filtered using length-to-width ratios. 
 
4.1 Study Area 

The study covers urban areas in Yazd (1,200 m elevation) and 
Mehriz (1,400 m), using aerial photogrammetric data with a 
two-month interval for Yazd (March–April 2020) and three 
years for Mehriz (February 2019–April 2022). 
 
 
 
 
 
 
 
 
 

Kappa = Pr(a) – Pr (e) /  1- Pr (e) 

Accuracy = TP + TN /  TP + TN + FP + FN 
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Figure 3. Map of the first study area (Yazd) and the second 
study area (Mehriz) and their geographical locations 

4.2 Data Used 

The specifications of the aerial photography equipment for both 
regions are presented in Table 2. The data preparation method 
involved aerial triangulation combined with ground control 
point processing, generating a dense point cloud through 
calculations of tie and key points, followed by the creation of a 
Digital Surface Model (DSM) and, finally, an 
Orthophotomosaic. 
 

Row 1 2 

Study Area 
First 

(Yazd) 
Second 

(Mehriz) 
Time 1 2 1 2 

Platform Gyroplane 
Crewed 
aircraft 

DJI 
Phantom 

4 

Crewed 
aircraft 

Camera 
Phase 
One 

FujiFilm 
GFX100 

DJI 
Phantom 

4 

FujiFilm 
GFX100 

GSD 6 cm 4 cm 2 cm 4 cm 
F 100 mm 50 mm 8.8 mm 50 mm 

Table 1. Data preparation tool specifications 
 

Analysis in the first study area (Yazd) reveals height changes in 
buildings, building components (parapets, canopies), new roads, 
vehicle movements, earthworks, construction equipment, 
containers, kiosks, and vegetation. Orthophotomosaics for the 
first and second time periods have ground accuracies of 6 cm 
and 4 cm, respectively, with 10 cm pixel size. The Digital 
Surface Model (DSM) has a 30 cm height accuracy and 40 cm 
pixel size. The minimum and maximum heights in the first 
period are 1259.35 m and 1279.43 m, respectively, and in the 
second period, 1258.72 m and 1279 m. 
 

 
Figure 4. Targets examined in the article: Buildings, building 
components (parapets and canopies), walls, earthworks, and 

vehicles. 
 

Analysis in the second study area (Mehriz) reveals height 
changes in buildings, building components (parapets, canopies), 
new roads, vehicle movements, earthworks, pools, walls, land 
leveling, barren land cover, and vegetation. Orthophotomosaics 
for the first and second time periods have ground accuracies of 

2 cm and 4 cm, respectively, with 10 cm pixel size. The Digital 
Surface Model (DSM) has a 30 cm height accuracy and 10 cm 
pixel size. Minimum and maximum heights in the first period 
are 1441.31 m and 1483.8 m, respectively, and in the second 
period, 1441.12 m and 1487.75 m. 
The article’s workflow, the initial step involves verifying the 
spatial co-registration of data from the first and second time 
periods. This ensures that the pixel positions of fixed features, 
such as a tower, a wall, or a building corner, which have not 
undergone geometric or height changes over time, are identical 
in both Orthophotomosaics and Digital Surface Models 
(DSMs). Due to the differing aerial photography times, this 
verification does not include shadow consistency. 
Once spatial co-registration of data is confirmed, the Digital 
Difference Model (DDM) is generated by subtracting the first 
time period’s Digital Surface Model (DSM) from the second, 
with pixel sizes matching the DSMs. The DDM displays height 
changes (e.g., a building’s height increasing from 6 m to 9 m 
shows a 3 m change) and is insensitive to topography but 
affected by errors in photogrammetric processes like aerial 
triangulation or ground control points (Wu et al., 2016). 
 DDM = DSM_{T2} - DSM_{T1}  (4) 
A Median filter smooths sharp points, and Orthophotomosaic 
classification (using Maximum Likelihood per Equation 1) 
removes shadows and vegetation, classified as noise, by setting 
their DDM pixels to zero (Wu et al., 2016). This enhances 
accuracy, but longer time intervals (>3 months) increase errors 
due to factors like sun angle changes (Shahtahmassebi et al., 
2013). Classification may exclude valid targets if a shadow in 
the first image overlaps a new feature in the second. 
Thresholding, determined via trial-and-error, involves height 
and area thresholds (Shahtahmassebi et al., 2013). Height 
thresholding creates a binary image, removing features below 
the threshold. Area thresholding groups adjacent pixels into 
continuous surfaces. For each target, five components are 
calculated: ID, X/Y coordinates, major/minor axes, and length-
to-width ratio. Non-target features (e.g., buses, canopies) with 
high length-to-width ratios are filtered out using ground truth 
data. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. Calculated DN values for final targets - Columns 1 to 

5 correspond to: target identifier, average Digital Difference 
Model (DDM) value across the target area, target center value 
in the T1 image, target center value in the T2 image, and the 

length-to-width ratio of the target. 
 

Final targets meeting all criteria are displayed as a binary image 
and on the second time period’s Orthophotomosaic, with target 
identifiers. Some targets may not align with ground truth. The 
proposed process’s overall accuracy is calculated by comparing 
identified targets with ground truth using standard metrics. 
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Factors affecting detection accuracy are analyzed, and 
suggestions to minimize interfering factors are provided. 
To identify targets (buildings and earthworks), ground truth 
maps for both study areas are created. Using the Digital 
Difference Model (DDM), pixels above a 1-meter height 
threshold are filtered and validated against Orthophotomosaics. 
Targets are manually identified and delineated. In Yazd, 41 
targets, and in Mehriz, 65 targets were identified. 
 

5. RESULTS AND DISCUSSION 

It should be noted that the proposed process can only achieve 
similar results in areas similar to the study areas of this article. 
For example, in areas such as Tehran, where buildings are taller 
than the buildings in these areas, it is necessary to first test and 
evaluate different threshold values and then proceed to identify 
new buildings. 
5.1 Identification of changes in built-up features (positive 
height changes) 

5.1.1 First study area (Yazd city) 
The results of implementing the proposed process, which was 
based on the three mentioned components, were carried out step 
by step in 20 different events. By counting the total number of 
targets identified by each event, the number of correct targets, 
the number of incorrect targets, and the number of embedded 
targets, the overall accuracy of identifying each event was 
calculated based on the accuracy evaluation criteria based on 
the confusion matrix. By sorting the results, based on the 
overall accuracy component from lowest to highest value, the 
highest overall accuracy is obtained in the event with a height 
threshold of 1 meter, an area threshold of 200 pixels, and a 
length to width ratio of 3.5, which is 0.905 (90.5%). Also, the 
kappa coefficient in this case reaches 0.921. Therefore, the 
values of the components of this event are examined in the 
second study area (Mehriz city) and their results are compared 
with each other. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Output of the proposed process. (Left) In the binary 
output image, the final targets are shown in white, and their 

corresponding counters are displayed in red above each target. 
(Right) The corresponding display of the final targets over the 

Orthophotomosaic of the second epoch. 
 

5.1.2 Second study area (Mehriz city) 
The pixel size of the digital difference model of this area is 10 
centimeters (0.01 square meters). According to the parameters 
determined in the first study area (Yazd city), the value of 200 
pixels for the area threshold, which is equal to 32 square meters, 
is converted to 3200 pixels, equal to 32 square meters, by 
applying a coefficient of 16 to equate this value in the second 
study area (Mehriz city). By applying this coefficient, 150 

pixels are converted to 2400 pixels. The results of implementing 
the proposed process in the second study area (Mehriz city) 
show that applying a height threshold of 1 meter and an area 
threshold of 200 pixels achieves the best results; however, by 
changing the length to width ratio from 3.5 to 4, more reliable 
results are obtained. In such a way that in the event with a 
length to width ratio of 4, with a one-unit decrease in the 
number of error targets, the overall accuracy in the highest case 
increases by about 3 percent, from 80.8 percent to 83.6 percent. 
The kappa coefficient is also obtained to be 0.934. 
 
5.2 Analysis and evaluation of the effect of applying filters 
on the results of the proposed process 

To evaluate the results of applying noise removal filters to the 
digital difference model, it is necessary to calculate the effect of 
applying or not applying them on the final results. Therefore, 
considering the results of the first study area (Yazd city) and the 
event with the highest overall accuracy (90.5%), at this stage, 
only this case was examined. Initially, all filters and the length-
to-width ratio component were excluded from the 
implementation process. In this way, increasing the number of 
calculated targets (TP) and reducing the number of embedded 
targets (FN) are positive results of not applying the said filters. 
In such a way that all ground reality targets are identified and 
there will be no unidentified targets. However, we are faced 
with a multiple increase in the number of false targets (FP). As 
a result, the accuracy evaluation criteria also show a significant 
decrease. So that the overall accuracy decreases by 22% to 
0.683. 
In the next step, the proposed process was implemented with all 
filters except the classification filter. By doing this, the number 
of calculated targets increases and the number of embedded 
targets decreases. So that all targets are identified in accordance 
with the ground reality and there are no embedded targets. On 
the other hand, we are faced with a multiple increase in the 
number of false targets. As a result, the accuracy evaluation 
criteria also show a significant decrease. So that the overall 
accuracy reaches 0.759. 
By not applying the edge removal filter, the number of 
calculated targets and the number of embedded targets are the 
same as the original event. But the number of false targets 
increases. As a result, the overall accuracy reaches 0.884. 
Finally, by not applying the length to width ratio, the number of 
calculated targets is equal to the original event; However, the 
number of embedded targets decreases and the number of false 
targets increases. As a result, the overall accuracy reaches 
0.826. The results of the evaluation with and without filters are 
shown in Table 2. 
 

Criteria 
No. 

Target 
TP FP FN OA K 

Main 39 38 1 3 0.905 0.921 
Without 
Filters 

60 41 19 0 0.683 1.0 

Without 
Classification 

54 41 13 0 0.759 1.0 

Without 
Edge 

40 38 2 3 0.884 0.921 

Without 
Geometry 

44 38 6 2 0.826 0.923 

Table 2. Comparison of the results of applying and not applying 
filters to the algorithm in the selected results of the first study 

area (Yazd city) 
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5.3 Discussion and review of results 

The most important factors in the differences in the results of 
implementing the proposed process in the two study areas are 
the different conditions of the two areas in terms of the pixel 
dimensions of the input data and the time interval and season of 
their two times of photography, relative to each other. Because 
with the same implementation components for the two areas in 
the same events, different results are obtained; However, the 
implementation process and the final result are acceptable for 
the application of identifying and detecting new constructions. 
By examining the results of not applying different filters, it can 
be concluded that if the classification results that are applied to 
the implementation model of the proposed process to remove 
the effect of shadows and vegetation are not applied, all the 
ground reality targets are identified and no features are missed. 
However, the error in counting false targets increases sharply, 
which directly affects the overall accuracy and precision of the 
identified results and reaches the lowest value. 
On the other hand, by not applying the edge smoothing filter 
and the aspect ratio component, the number of identified targets 
is equal to the original event; but in both cases, the error 
increases, which results in a decrease in the accuracy of the 
identified targets, which can be seen on the overall accuracy. 
Finally, in the absence of the edge filter, the number of 
unidentified targets is the same as the original event; but in the 
absence of the aspect ratio, we also see a decrease in the number 
of unidentified targets. 
Among the filters applied to the digital difference model, the 
application and non-application of the edge filter does not have 
a significant effect on the final results and can be completely 
discarded; But according to Table 2 and compared to the 
original event, by reducing the number of false targets by one, 
the overall accuracy in the first study area (Yazd city) is the 
highest. Finally, by comparing the results of the proposed 
process with other studies conducted in the field of building 
change detection and extraction, it is observed that in recent 
years, the use of image and elevation data fusion approach to 
reduce detection errors and increase the accuracy of extracted 
targets is increasing. However, the most important limiting 
factor in building detection is the presence of shadows and 
vegetation, which show similar elevation behavior to buildings. 
To solve this problem, various researches have been conducted 
using various methods, datasets, and networks. For example, 
Guo and his colleagues, using the MFFNet network and using 
several different datasets, have been able to achieve an overall 
accuracy of 98% in detecting and extracting new buildings (Guo 
et al., 2024). In another study, Xie and his colleagues achieved 
an accuracy of nearly 80% in detecting and extracting buildings 
by combining deep learning methods and merging elevation 
data with images, as well as using labeled training methods. In 
neural networks, the main factor determining the performance 
of the network includes the preparation of training data, the 
training and evaluation process of the network, and the structure 
of the network itself. These factors play a key role in the 
execution speed and overall accuracy of the algorithms. In this 
paper, due to the implementation approach of the proposed 
process and the lack of the need to design and prepare the 
neural network, the process of extracting the desired targets is 
carried out at a higher speed than other related research. 
More precisely, the implementation of the main process, 
including the preparation of the ground reality map, 
classification of Orthophotomosaic images, and generation of 
the digital difference model (DDM), which was carried out in 
different software environments, achieved results with an 
accuracy of more than 90% in less than an hour. It should be 

noted that achieving this level of accuracy depends on the 
geographical, topographic, and texture characteristics of the 
area in question. 
 

6. CONCLUSION 

Identifying and detecting changes in features is inevitable in 
urban management in order to increase the speed of dealing 
with various natural and unnatural phenomena. In this paper, a 
new process for identifying and detecting changes that have 
occurred over time was carried out, based on the integration of 
photogrammetric products, including digital surface models and 
Orthophotomosaics, based on the use of the height and spectral 
nature of the data. In this paper, using high spatial resolution 
data (10 and 40 cm) for two study areas, with the help of 
thresholding and filtering in several stages to the digital 
difference model that is obtained by subtracting two digital 
surface models of two periods, building changes were extracted 
with the aim of investigating and identifying unauthorized 
constructions, with an average accuracy higher than 86%. 
According to the results based on the discussions and analyses 
obtained, compared to deep learning methods based on neural 
networks, the relatively higher execution speed, the lack of the 
need for appropriate training data, and the easier preparation of 
the model are the strengths of this process. On the other hand, 
obstacles such as shadows and vegetation in the area disrupt the 
counting and identification of targets and are considered as 
errors, and eliminating their effect in a simple solution using the 
results of supervised classification and applying it to the digital 
difference model increases the final accuracy by up to 30%. In 
various military and civilian applications, the process proposed 
in this article can be used to identify and detect new positions, 
changes that have occurred in operational areas, and monitor 
and control the legal boundaries and privacy of military, urban, 
and non-urban areas; with the difference that the sensitivity to 
the type of changes will determine the implementation 
components of the proposed process in the desired area. 
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