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Abstract:  6 

Traditional methods for monitoring road construction often rely on manual measurements and 7 

visual inspections, which are time-consuming and prone to errors. This study introduces a novel 8 

approach that uses unmanned aerial vehicles (UAVs) and the You Only Look Once (YOLO) model 9 

(YOLOv11-seg) to significantly improve the accuracy and efficiency of road layer detection and 10 

volume calculation. By utilizing high-resolution images taken by the DJI Phantom 4 Pro drone, 11 

the model successfully identifies and segments crucial road layers, such as subgrade, asphalt, and 12 

aggregate base. The YOLOv11-seg model demonstrates remarkable classification accuracy, 13 

achieving 95% for both asphalt and aggregate base and 83% for subgrade. Additionally, the model 14 

reaches a maximum precision of 1.0 at the highest confidence level. Its F1 score is 0.92 at an 15 

optimal confidence threshold of 0.779, and it maintains a recall of 0.96 at lower confidence levels. 16 

For volumetric analysis, this study evaluates four software tools: Agisoft Metashape, 17 

CloudCompare, Civil 3D, and WebODM. It identifies WebODM as the most accurate, achieving 18 

volume accuracies of 99.85% for subgrade and asphalt and 99.9% for aggregate base. This 19 

application of drone imagery and object detection technology simplifies monitoring and 20 

significantly reduces labor and errors associated with traditional road construction monitoring 21 

methods. 22 
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1. Introduction 36 

Traditional approaches for identifying layers in road construction and calculating their volumes 37 

are often slow and demand considerable labor. Inspectors usually depend on manual tools, like 38 

rulers and measuring tapes, to estimate each layer’s volume. They also perform visual inspections 39 

to monitor construction progress. These traditional techniques mainly use Global Navigation 40 

Satellite System (GNSS) receivers and total station instruments [1]. Although total stations can 41 

provide accurate measurements through electronic distances and angle calculations, they require a 42 

lot of time, effort, and data interpretation. In modern road construction, precise measurements are 43 

crucial, but traditional methods often fall short, causing delays and errors. However, until now, no 44 

comprehensive software solution is available for calculating the volume of road layers, and no 45 

Artificial Intelligence (AI) model has been trained specifically for detecting road layers. Our 46 

research aims to fill this gap by proposing a model for detecting road layers and introducing an 47 

innovative software-based approach for volume calculation. This solution promises to be more 48 

efficient and accurate. 49 

With the rise of new technologies, many operations have seen big improvements. AI and 50 

photogrammetry, for instance, have become key players in various fields, especially construction 51 

[2]. A significant development is the use of UAVs in the construction sector. UAVs have become 52 

an important tool in the construction industry because they are used for improving efficiency and 53 

lowering the costs of various construction processes. They're used for tasks like land surveying, 54 

creating topographic maps, monitoring construction progress, and calculating stockpile volumes 55 

using aerial images [3][4][5]. Drones equipped with Light Detection and Ranging (LiDAR) 56 

sensors generate 3D point clouds for roadside object classification [6] and capture detailed aerial 57 

images, making volume calculations, such as earthwork volume, more efficient and precise 58 

compared to traditional surveying methods [7]. They also facilitate earth volume measurements 59 

through 3D modeling, utilizing vertical and oblique drone images for comprehensive comparison 60 

measurements [8]. Kim et al. highlight that UAVs provide a reliable alternative to traditional 61 

methods such as GNSS, particularly in early road construction stages where accurate volume 62 

estimation is crucial [9]. Additionally, new techniques for automatically registering point clouds 63 

have been introduced to improve quality control in construction projects [10. These advances show 64 

how drone technology can make construction processes more efficient and accurate. However, 65 

using drones specifically to calculate the volume of road layers is an area that hasn't been explored 66 

much, and this research aims to delve into that. 67 

AI is rapidly advancing and has become a transformative force in the construction industry. It 68 

enhances traditional practices, making the construction process more time-efficient and cost-69 

effective. It is used to improve overall efficiency and reduce the need for on-site operators, such 70 

as surveyors [11]. AI is currently used for road assessment, including crack and pothole detection. 71 

For example, the YOLOv5 object detection algorithm has proven effective in identifying road 72 

defects from images captured by UAVs, demonstrating significant potential in construction site 73 

monitoring [12]. Furthermore, the combination of convolutional neural networks (CNN) with 74 

Markov random fields (MRF) has been shown to improve the accuracy of detecting road defects. 75 

This approach helps ensure spatial consistency in feature extraction and classification [13].  76 

Various deep learning models, such as ARD-Unet, have shown promise in detecting cracks and 77 



other defects at the pixel level, thereby increasing the accuracy of infrastructure assessments [14]. 78 

YOLO has been utilized in many ways in the road construction industry, mostly for the detection 79 

of defects in roads. For instance, YOLO models have been used to detect pavement distress 80 

[15][16][17]. However, despite these applications, no YOLO model has yet been trained for the 81 

identification of road layers from images, which is another novel approach this paper introduces. 82 

The YOLO framework, introduced by Redmon et al. in 2015 [18], has gained recognition in 83 

computer vision for its high accuracy and smaller model size [19]. As its name suggests, YOLO 84 

analyzes the entire image in a single pass to extract features. It employs a single CNN on the whole 85 

image to simultaneously predict both the bounding boxes and class probabilities [20]. This 86 

approach makes the detection process more efficient compared to earlier, more complex methods. 87 

The YOLO framework has evolved through several iterations, with each model improving in speed 88 

and accuracy. Many developers use YOLO models because they can be trained on a single GPU. 89 

YOLO’s architecture allows it to achieve high speed and efficiency, making it suitable for real-90 

time processing applications, such as video surveillance [21]. YOLOv11, the latest YOLO model, 91 

significantly advances object detection technology by building on its predecessors and introducing 92 

innovative enhancements [22]. In benchmark tests, YOLOv11 showed significant improvements 93 

in both inference speed and accuracy compared to earlier versions from YOLOv5 through 94 

YOLOv10. As illustrated in Figure 1, YOLOv11 not only surpassed these models in achieving 95 

higher mean Average Precision (mAP) on the Common Objects in Context (COCO) dataset but 96 

also processed data more quickly [23]. The YOLOv11 models demonstrate improved accuracy 97 

while minimizing complexity. It is effective in a wide range of computer vision applications and 98 

offers faster processing speeds. Importantly, it maintains a balance between accuracy and 99 

computational efficiency, along with advanced feature extraction capabilities [23]. YOLOv11 100 

provides five models, including YOLOv11 for Detection, YOLOv11-seg for instance 101 

segmentation, YOLOv11-pose for Pose/Keypoints, YOLOv11-obb for Oriented Detection, and 102 

YOLOv11-cls for classification [23]. This study suggests a novel approach to using the YOLOv11-103 

seg model for road layer identification and segmentation using images from construction sites.  104 

This study introduces two novel approaches to improving road construction monitoring. This paper 105 

presents the innovative application of the YOLOv11-seg model for identifying and segmenting 106 

road layers using images, marking its first use in this context. Secondly, while UAVs have 107 

previously been used for volume estimations of earthworks and stockpiles, this research extends 108 

their application to calculate the volume of road layers. By utilizing four different software tools, 109 

this study also identifies the most accurate method for volume calculation. This shows a 110 

comprehensive, dual-focused approach that enhances the management and monitoring of road 111 

construction projects. 112 



 113 

Figure 1: Comparison of YOLOv11 model with earlier YOLO versions in terms of mAP and 114 

inference speed on the COCO dataset. 115 

2. YOLOv11 Architecture 116 

The YOLOv11 architecture consists of three important components: Backbone, Neck, and Head.  117 

2.1 Backbone 118 

The backbone is responsible for extracting features from the input images and is an important 119 

component of the YOLO architecture. It consists of Convolution layers, C3k2 Block, Spatial 120 

Pyramid Pooling Fast (SPPF), and Cross Stage Partial with Spatial Attention (C2PSA) Blocks [24]. 121 

The YOLOv11 backbone structure is shown in Figure 2. 122 

  123 

 124 

Figure 2: Illustration of YOLOv11 backbone structure highlighting key components such as 125 

Convolution layers, C3k2 Block, and SPPF. 126 

 127 

2.1.1 Convolution Layers and C3k2 Block 128 

The Convolution layers extract basic features from the input image using various filter sizes. In 129 

YOLOv11, these layers reduce the image's spatial dimensions while increasing the number of 130 

channels, improving feature detection. A significant update in YOLOv11 is the introduction of the 131 

C3k2 block, which replaces the older C2f block found in prior versions [24]. This C3k2 block 132 

enhances efficiency by using two smaller convolution layers instead of one large layer, as seen in 133 

YOLOv8 [25]. The 'k2' signifies a smaller filter size, enabling faster processing while keeping 134 

performance high. 135 



2.1.2 SPPF and C2PSA Blocks 136 

YOLO11 continues to use the SPPF feature from its predecessors while adding the C2PSA block 137 

[24] [22]. The SPPF block captures features at multiple scales, while the C2PSA block significantly 138 

enhances the model's focus on key areas of the image by using a spatial attention mechanism. This 139 

mechanism combines features within the image, enabling YOLO11 to more accurately identify 140 

objects. 141 

2.2 Neck 142 

In YOLOv11, the neck serves as a link between the backbone and the head. It plays a key role in 143 

integrating and processing features, refining what the backbone extracts before these features are 144 

used for predictions. The structure of the neck includes: 145 

2.2.1 C3k2 Block 146 

YOLOv11 introduces the C3k2 block, which replaces the older C2f block used in previous 147 

versions. As discussed earlier, the C3k2 block is faster and more efficient, improving the overall 148 

performance of the feature aggregation process. 149 

2.2.2 Attention Mechanism 150 

The YOLOv11 uses the C2PSA block to improve spatial attention. This helps the model focus on 151 

important parts of an image for better object detection. This feature is not available in YOLOv8, 152 

which gives YOLOv11 a potential advantage in accurately detecting smaller or obscured objects 153 

[24]. 154 

2.3 Head 155 

In YOLOv11, the head is the part of the model that makes its final predictions. The model classifies 156 

objects and determines their positions using bounding boxes in the head. The YOLOv11 head 157 

structure is shown in Figure 3 and includes: 158 

2.3.1 Upsampling and Concatenation 159 

In YOLOv11, the head uses upsampling and concatenation to improve its ability to detect objects. 160 

Upsampling enlarges feature maps so the model can spot smaller objects more effectively. These 161 

detailed maps are then combined with features from earlier layers through a process called 162 

concatenation. This helps the model represent features more effectively, allowing it to make more 163 

accurate predictions. 164 

2.3.2 Feature Processing 165 

In YOLOv11, feature processing plays an important role after upsampling and concatenation. This 166 

step uses C3k2 blocks to fine-tune the enhanced features. These blocks bring together information 167 

from different layers, which improves the model's ability to identify subtle and complex patterns 168 

within images. This process improves the model's accuracy and reliability, enabling it to recognize 169 

and classify objects effectively across various settings and backgrounds.  170 

2.3.3 Detection Layer 171 

After the feature processing stage in YOLOv11, the detection layers are engaged. The refined 172 

feature maps from various scales are combined to identify objects. The detection layers use these 173 



features to accurately predict the locations and classifications of objects within an image 174 

(Segment).  175 

 176 

Figure 3: Detailed representation of YOLOv11 head structure showcasing the process of feature 177 

integration, object classification, and detection. 178 

3. Volume Calculation Methods: Principles and Applications 179 

The working principle and applications of the four software programs are discussed below:  180 

3.1 Agisoft Metashape 181 

Agisoft Metashape is a photogrammetric software that uses Structure from Motion (SfM) 182 

techniques for 3D reconstruction and modeling. By processing overlapping images taken from 183 

various angles, it generates dense point clouds and orthomosaics, resulting in precise spatial 184 

representations. Metashape's applications range from land cover classification and vegetation 185 

monitoring to providing accurate spatial data for agricultural and remote sensing purposes [26]. 186 

It's also used to create high-resolution digital surface models and orthomosaics, offering crucial 187 

spatial information for construction and architectural projects. The software excels in 3D building 188 

and facade modeling, improving visual representation and spatial accuracy assessments. These 189 

features make it invaluable for construction monitoring and cultural heritage preservation [27][28]. 190 

When integrated with UAV technology, Metashape's capabilities in construction are further 191 

enhanced. It processes high-resolution aerial imagery from drones to create detailed 3D models 192 

and orthophotos, providing a faster and more accurate alternative to traditional surveying methods 193 

[29][30]. 194 

3.2 CloudCompare 195 

CloudCompare is an open-source software designed to work with 3D point clouds and meshes. It 196 

offers advanced tools for processing, visualizing, and comparing datasets generated through 197 

techniques like terrestrial laser scanning and photogrammetry. CloudCompare is widely used in 198 
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fields such as structural monitoring, archaeological analysis, and environmental modeling. 199 

[31][32][33]. In construction, it serves as a powerful tool for volume calculations. By using 200 

advanced algorithms, like Multiscale Model to Model Cloud Comparison (M3C2), it enables 201 

precise distance measurements between point clouds [34][35], allowing for accurate assessments 202 

of material volumes before and after excavation. 203 

3.3 Civil3D 204 

Civil 3D, developed by Autodesk, is a comprehensive civil engineering software that supports a 205 

variety of applications, from transportation planning and land development to environmental 206 

projects. It's particularly valuable for volume calculations, using advanced algorithms to determine 207 

cut and fill volumes from surface models, which are crucial for estimating material requirements 208 

in construction projects [36][37]. A key element in Civil 3D is the creation of Triangulated 209 

Irregular Network (TIN) surfaces. This process connects data points to form a network of triangles, 210 

providing highly accurate representations of existing and proposed terrains, which are important 211 

for precise volume calculations. Additionally, integrating Civil 3D with UAV photogrammetry 212 

further improves its capabilities [37], allowing for accurate volume estimations for stockpiles and 213 

excavation sites. 214 

3.4 WebODM 215 

WebODM is an open-source photogrammetry software with a user-friendly interface, built on the 216 

OpenDroneMap (ODM) framework [38][39] that turns aerial images captured by drones into 217 

detailed 3D models, including orthophotos, point clouds, and digital elevation models. It works by 218 

using a technique called structure-from-motion, which takes overlapping 2D images and converts 219 

them into 3D models through steps like dense point cloud generation and mesh creation. In 220 

construction, WebODM excels in volume calculations, such as estimating earthwork volumes, 221 

stockpile measurements, and excavation assessments. It creates accurate 3D models and point 222 

clouds from aerial images, making it especially useful for large-scale projects like highways and 223 

ports, where traditional methods can struggle with time and accuracy. 224 

4. Methodology 225 

4.1 Detection Model 226 

The process of training the detection model included data collection, processing, and model 227 

training. 228 

4.1.1 Data Collection and Processing 229 

Using a DJI Phantom 4 Pro drone, we captured high-quality, overlapping photographs of various 230 

road layers at multiple construction sites, including the Military College of Engineering in Risalpur 231 

and DHA Quetta. Additionally, to enhance the diversity and robustness of our dataset, we gathered 232 

relevant images from the internet. The collection consisted of approximately 1,000 images, which 233 

included aerial, front, and side views. Importantly, the images from the Military College of 234 

Engineering were georeferenced, and not only did they serve as a critical component for training 235 

our detection model, but they were also used in the volume calculation phase of our study. To give 236 

a clearer view of the sites and the types of images collected, Figure 4a - 4c showcases a selection 237 

of the photographs captured from these locations. After collection, the RGB images underwent 238 

two crucial processing steps to prepare them for training the model. First, we annotated more than 239 



1,000 images using the Labelme tool, ensuring precise labeling of road layers. Next, we converted 240 

the annotation data from JSON format, which is incompatible with YOLO, into a format acceptable 241 

for YOLO, see Figure 5, using the labelme2yolo tool. This process ensured that the data could be 242 

effectively used for training.  243 

(a)      (b) 244 

   245 

(c)      (d) 246 

    247 

Figure 4: Samples of RGB images captured from different angles, illustrating data collection 248 

diversity. 249 

 250 

 251 

 252 

Figure 5: YOLO accepted format 253 

4.1.2 Model Training 254 

The YOLOv11-seg model was trained using annotated images on Google Colab, which provided 255 

access to a powerful GPU to handle the processing demands efficiently. We trained the model for 256 

350 epochs using an image size of 640 for both training and validation, with a batch size of 8, 257 

which was used for less computational power requirement. The dataset was divided into 70% for 258 

training and 30% for validation to assess the model's performance accurately. To increase the 259 

dataset's diversity and enhance the model's generalization capabilities, we applied various data 260 



augmentation techniques using albumentations. These included slight blurring, median blurring, 261 

converting images to grayscale, and applying Contrast Limited Adaptive Histogram Equalization 262 

(CLAHE) to adjust image contrast. Each augmentation was applied with a probability of 0.01, 263 

ensuring subtle yet effective variations. The optimizer used was AdamW, with a momentum of 0.9, 264 

a weight decay factor of 0.0005 to prevent overfitting and a learning rate of 0.001429. We used 265 

eight data loader workers to effectively manage data throughput during training. Additionally, 266 

early stopping criteria were set, and regular checkpoints were saved to avoid overfitting, where the 267 

model would cease the training if the validation stopped improving. Table 1 summarizes all the 268 

hyperparameters which were used in the training process. 269 

Table 1: Summary of key hyperparameters used during YOLOv11 model training, including 270 

epochs, learning rate, and image size. 271 

Hyperparameter Value 

Epochs 350 

Image Size 640 

Batch Size 8 images 

Learning rate 0.001429  

Momentum 0.9 

Weight decay 0.0005 

 272 

4.2 Volume Calculation 273 

The methodology for calculating volume comprised three key stages: data collection, dense point 274 

cloud generation, and volume computation using four different software tools. 275 

4.2.1 Data Collection 276 

The RGB images of the MCE site captured by the drone for the YOLO model were also used for 277 

volume calculation. These images were intended for dual use: to train the YOLO model and to 278 

facilitate volume calculation. To ensure high accuracy in the volume measurements, ground control 279 

points (GCPs) were established and visibly marked within the images. For example, two GCPs 280 

visible in the Figure were recorded with their own coordinates: one at Latitude 34.049655° N, 281 

Longitude 71.989204° E, and Altitude 212.229064 meters; the other at Latitude 34.049569° N, 282 

Longitude 71.989422° E, and Altitude 211.718859 meters. This illustrates that each GCP has its 283 

specific location data. This step was essential because GPS data can have errors, which could lead 284 

to inaccuracies. GCPs provided more reliable reference points, significantly improving the 285 

precision of our volume calculations. 286 



 287 

Figure 6: Georeferenced RGB image with GCPs established for improved accuracy in volume 288 

calculations. 289 

4.2.2 Dense Point Cloud Generation 290 

Using Agisoft Metashape, we generated point clouds from the RGB images through 291 

photogrammetric reconstruction. This technique allowed us to create detailed 3D models of the 292 

road surface, capturing it both before the new layer was laid and after. GCPs were crucial for 293 

accurately aligning the point cloud with real-world coordinates, ensuring precise georeferencing. 294 

This accuracy was essential for creating a reliable 3D model. After georeferencing, we post-295 

processed the point clouds to generate dense point clouds. This step enhanced the level of detail, 296 

providing a thorough representation of the road surface. For example, Figure 7 shows the dense 297 

point cloud of a specific site before any layer application, with a red rectangle indicating the area 298 

designated for layer application. Figure 8 shows the same location after the application of 299 

aggregate base and subgrade layers. Comparing these examples helps us evaluate the changes in 300 

the road surface resulting from the new layer application. 301 

 302 



Figure 7: Dense point cloud of the construction site prior to the application of road layers, 303 

illustrating initial surface conditions. 304 

 305 

 306 

Figure 8: Dense point cloud post-application of aggregate base and subgrade layers, showcasing 307 

layer addition. 308 

4.2.3 Volume Computation 309 

The dense point clouds generated by Agisoft Metashape were used to calculate the volume of the 310 

road layers across multiple software tools, including Metashape itself, CloudCompare, and Civil 311 

3D, all of which relied on the Metashape-generated point cloud for volume computation. However, 312 

it's important to note that Metashape used the dense point cloud of the site after the layer 313 

application, focusing on the post-application surface. In contrast, Civil 3D and CloudCompare 314 

used both pre- and post-application dense point clouds, allowing for a comparative analysis to 315 

determine the volume. WebODM, on the other hand, generated its own post-application dense 316 

point cloud to determine the volume. The following sections detail the volume calculation process 317 

for each tool 318 

4.2.3.1 Agisoft Metashape: 319 

In Agisoft Metashape, polygons were drawn around the boundaries of each road layer, the subgrade 320 

layer, the aggregate base, and the asphalt (see Figure 9a—Figure 9c). These boundaries were 321 

created to obtain the correct volume of each layer. After the layer boundaries were set, the software 322 

calculated the volume of each layer with regard to elevation variation within these polygons. This 323 

way, more accurate estimations of the volume of each layer were achieved with reference to the 324 

detailed 3D models obtained from the dense point clouds. 325 

Figure 9: Polygon Boundaries around Aggregate Base, Subgrade and Asphalt  326 



     327 

(a)      (b)     (c) 328 

4.2.3.2 CloudCompare: 329 

In CloudCompare, we determined the volume of the road layer by comparing the point cloud of 330 

the construction site before the layer application with the point cloud of the site after the layer 331 

application. We isolated the area of interest by removing irrelevant environmental elements. 332 

Utilizing CloudCompare's volumetric analysis tools, we calculated the volume of material in the 333 

layer by using a grid-based approach with a step size of 0.009. Figures 10A to 10C illustrate the 334 

elevation differences across the layers, with blue indicating the least variation, red indicating the 335 

largest variation, and green representing the intermediate values.  336 

Figure 10: Elevation differences captured in CloudCompare across (a) Aggregate Base, (b) 337 

Subgrade, and (c) Asphalt, highlighted using a color gradient from blue (least variation) to red 338 

(largest variation). 339 

        340 

(a)      (b)     (c) 341 

 342 

4.2.3.3 Civil 3D: 343 

In Civil 3D, we worked with point clouds converted into RCP format via Autodesk Recap from 344 

the original Agisoft Metashape outputs. These dense point clouds, representing the pre- and post-345 

construction phases, were used to create TIN surfaces for both stages. By overlaying these 346 

surfaces, we could analyze the changes in each layer, including subgrade, aggregate base, and 347 

asphalt. This comparison allowed us to determine the volume of material added or removed during 348 

construction. Figure 11a – 11c shows the overlapped surfaces of the layers of both stages. 349 



 350 

 351 

(a)        (b)             (c) 352 

    353 

Figure 11: Overlapped Surface of (a) Aggregate Base, (b) Subgrade and (c) Asphalt before and 354 

after construction 355 

4.2.3.4 WebODM: 356 

In WebODM, we processed RGB drone images taken after the application of the road layer to 357 

create a detailed point cloud and 3D model of the construction site. This post-application point 358 

cloud was generated with high geospatial accuracy through the integration of GCPs. WebODM 359 

allowed us to define the boundaries of the road layers within this point cloud, facilitating precise 360 

volume calculations based on elevation data. This approach provided us with a comprehensive 361 

understanding of the material volumes involved in the construction process, enhancing the 362 

accuracy of our volumetric analysis. 363 

 364 

5. Results and Discussion 365 

5.1 Metrics Used 366 

To assess the performance of YOLOv11, we used several key metrics to help us understand the 367 

model's accuracy and efficiency. The primary metrics included: 368 

5.1.1 Precision and Recall 369 

Precision measures the accuracy of the model in identifying only relevant objects and is calculated 370 

as the ratio of true positive detections to the total number of detections by the model. 371 

Precision =
True Positive

True Positive+False Positives
    (1) 372 

Recall measures the accuracy of the model in identifying all relevant objects within the dataset and 373 

is calculated as the ratio of true positive detections to the total number of actual positives in the 374 

dataset. 375 

Recall =
True Positive

True Positive+False Negatives
     (2) 376 

 377 

 378 



5.1.2 F1-Score 379 

F1-Score combines the harmonic mean of precision and recall into a single value, providing a 380 

balanced measure of the model’s accuracy. 381 

 F1 Score= 2 ×
Precision × Recall

Precision + Recall
     (3) 382 

5.1.3 Mean Average Precision (mAP) 383 

Mean Average Precision (mAP) is a widely used metric for evaluating object detection models. It 384 

calculates average precision at different Intersection over Union (IoU) thresholds. There are two 385 

primary mAP calculations reported: 386 

• mAP@0.5: This metric measures average precision at an IoU threshold of 0.5, primarily 387 

focusing on the model's accuracy in classifying objects. 388 

• mAP@0.5:0.95: This average precision is calculated across various IoU thresholds, 389 

ranging from 0.5 to 0.95, ensuring a thorough assessment of the model's localization and 390 

classification abilities. 391 

 mAP=
1

Number of Classes
× ∑ Average Precision𝑁

𝑖=1  𝑓𝑜𝑟 𝑐𝑙𝑎𝑠𝑠 𝑖 (𝐴𝑃𝑖)           (4) 392 

5.1.4 Confusion Matrix 393 

The confusion matrix illustrates the model's performance in predicting various road layer classes 394 

by comparing predicted labels with actual labels. We used a normalized confusion matrix to clearly 395 

indicate the model's strong performance areas and its frequent mistakes.  396 

5.2 YOLOv11 Results 397 

5.2.1 Confusion Matrix Evaluation 398 

The normalized confusion matrix, depicted in Figure 12, provides a detailed view of YOLOv11's 399 

classification accuracy for different road layer types. Key insights from the analysis include:  400 

• Aggregate Base: Correctly predicted 95% of the time (0.95). However, there is some 401 

confusion with Asphalt. 402 

• Subgrade: Correctly predicted 83% of the time (0.83). However, there is some confusion 403 

with the aggregate base. 404 

• Asphalt: Correctly predicted 95% of the time (0.95). 405 



 406 

Figure 12:  Normalized Confusion Matrix. 407 

5.2.2 F1 Confidence Curve 408 

The model achieves its highest F1 score of 0.92 at a confidence threshold of around 0.779, see 409 

Figure 13, indicating an optimal balance of precision and recall at this level. This threshold is well-410 

suited for scenarios where a high F1 score is crucial, as it provides an effective balance between 411 

precision and recall across all classes. 412 

 413 



Figure 13:  F1 Confidence Curve  414 

5.2.3 Precision Confidence Curve 415 

The precision-confidence curve shows how precision varies at different confidence levels for each 416 

class. The model consistently achieves high precision, peaking at 1.0 when the confidence 417 

threshold is set to 1.0, see Figure 14. The "Subgrade" class demonstrates particularly high 418 

precision, whereas "Aggregate Base" and "Asphalt" have slightly lower precision, especially at 419 

lower confidence levels. This suggests that the model is most reliable for "Subgrade," with 420 

precision improving for all classes as the confidence threshold increases. 421 

 422 

Figure 14: Precision-Confidence Curve. 423 

5.2.4 Precision Recall Curve 424 

The precision-recall curve illustrates the model's capability to balance precision and recall across 425 

different classes. The model achieves high precision and recall for both "Aggregate Base" and 426 

"Asphalt". However, for "Subgrade," precision decreases as recall increases, indicating difficulty 427 

in maintaining precision at higher recall levels. The overall mAP@0.5 IoU reflects a well-428 

maintained balance of precision and recall across the dataset. Figure 15 offers a comprehensive 429 

overview of each class's performance. 430 



 431 

Figure 15: Precision-Recall Curve 432 

5.2.5 Recall Confidence Curve 433 

The recall-confidence curve shows how recall varies at different confidence levels. The model 434 

attains a high recall of 0.96 with a low confidence threshold, as depicted in Figure 16. This shows 435 

that the model effectively identifies most instances across all classes when the threshold is set 436 

lower. As the confidence threshold increases, recall decreases, showing the balance between 437 

achieving high precision and maintaining a high recall rate. 438 

 439 

Figure 16: Recall-Confidence Curve 440 



5.2.6 Training and Validation Loss 441 

The training and validation loss curves in Figure 17 show how YOLOv11 learned during training. 442 

Both losses went down steadily, showing that the model learned well without overfitting. 443 

YOLO11’s consistent performance in terms of precision and recall proves its reliability in road 444 

layer detection tasks.  445 

 446 

Figure 17: Training and validation loss curves indicating YOLOv11's learning progression and 447 

model convergence during training. 448 

5.2.7 Model Detection Results 449 

The trained YOLOV11 model was used to detect road layers in images not included in the training 450 

set, ensuring that the model’s performance was evaluated on entirely new data. YOLOv11 451 

processes an image by dividing it into a grid and then predicting bounding boxes and class 452 

probabilities for each grid cell in a single pass. This allows the model to efficiently identify 453 

multiple objects and their classes within an image. Figures 18a and 18b presents the detection 454 

results from the trained YOLOv11-seg model applied to test images. Figures 19a and 19b display 455 

the detection results using the YOLOv11 model on images that were not part of the training set. 456 

Meanwhile, Figures 20a and 20b illustrate the detection results for "Asphalt" using the same model 457 

on images that were not part of the training set.  458 
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Figure 18a – 18b: Detection results on test images using YOLOv11.  469 

(a) 470 
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 491 

Figure 19a – 19b: Detection results using the YOLOv11 model on images not included in the 492 

training. 493 

(a)       (b) 494 

   495 

Figure 20a – 20b: Detection results of asphalt layer using the YOLOv11 model on images 496 

not included in the training. 497 

5.3 Volume Calculation 498 

To assess the accuracy and reliability of these software tools, the calculated subgrade volumes 499 

from Agisoft Metashape, CloudCompare, Civil 3D, and Web ODM were compared with the actual 500 

volume laid on the site (see Table 2). 501 

Table 2: Comparison of calculated and actual road layer volumes using different software tools, 502 

highlighting accuracy levels for subgrade, aggregate base, and asphalt layers. 503 



Road Layer Software 
Calculated Volume 

(𝒎𝟑) 

Actual Volume 

(𝒎𝟑) 
%Accurate 

Subgrade 

Agisoft 

Metashape 
4.731 

4.59 

96.93 

CloudCompare 4.636 98.99 

Civil3D 4.75 96.51 

WebODM 4.597 99.85 

Aggregate 

Base 

Agisoft 

Metashape 
2.426 

2.26 

92.65 

CloudCompare 2.395 94.03 

Civil3D 2.63 83.62 

WebODM 2.262 99.9 

Asphalt 

Agisoft 

Metashape 
8.083 

8.17 

98.93 

CloudCompare 8.916 90.86 

Civil3D 9.37 85.31 

WebODM 8.182 99.85 

 504 

The comparison of calculated and actual volumes using different software tools highlights the 505 

varying degrees of accuracy achieved by each method. The evaluations indicated that WebODM 506 

was the most accurate, and Agisoft Metashape and CloudCompare were second most accurate 507 

compared to Civil 3D. These results also indicate that WebODM outperforms other methods in 508 

terms of volume calculations, suggesting its potential as a preferred tool for precise and reliable 509 

calculations in road construction projects using UAVs. Following this, we present a detailed 510 

comparison of the advantages and disadvantages observed in our study for each software tool in 511 

Table 3. This table is based on our practical experience and observations during the course of our 512 

research. 513 

Table 3: Advantages and disadvantages of volume calculation tools, including Agisoft 514 

Metashape, CloudCompare, Civil 3D, and WebODM. 515 



Software Advantages Disadvantages 

Agisoft Metashape 

- High precision in creating 

dense point clouds and 3D 

models from UAV imagery. 

- User-friendly interface for 

defining boundaries for 

volume calculations. 

- Integration with GCPs 

improves accuracy. 

- Effective for elevation-based 

volume calculations and 

photogrammetry. 

- Computationally intensive; 

requires significant 

processing power and time for 

large datasets. 

CloudCompare 

- Open-source and cost-free, 

making it accessible for 

budget-sensitive projects. 

- Specialized in point cloud 

analysis with advanced 

volume calculation algorithms 

(e.g., grid-based and concave 

hull methods). 

- Effective for comparing pre- 

and post-construction data. 

- Complex interface, which 

can be challenging for new 

users. 

- Requires manual setup (e.g., 

cropping areas of interest), 

increasing the chance of user 

error. 

Civil 3D 

- Tailored for civil engineering 

with robust tools for grading, 

surface modeling, and cross-

sections. 

- Excels in cut-and-fill volume 

calculations and aligns with 

CAD workflows. 

- Integrates seamlessly with 

BIM for large-scale 

infrastructure projects. 

- High licensing cost and steep 

learning curve for new users. 

- Limited photogrammetry 

capabilities; cannot process 

dense point clouds without 

preprocessing. 

WebODM 

- Open-source, user-friendly, 

and suitable for budget-

conscious projects. 

- Capable of processing UAV 

imagery for generating dense 

point clouds and accurate 

volume calculations. 

- Flexible deployment options 

(local or cloud-based 

processing). 

- Limited engineering-specific 

tools for advanced analyses 

like cut-and-fill. 

- Struggles with very large 

datasets on low-spec systems. 

- Lacks some customization 

features and integration 

capabilities available in more 

specialized software like Civil 

3D or Metashape. 

 516 

 517 



6. Conclusion 518 

This study introduces a novel method for detecting road layers and calculating their volume by 519 

combining drone technology with artificial intelligence, thereby improving the monitoring of road 520 

construction projects. We utilized high-resolution images captured by a DJI Phantom 4 Pro drone 521 

along with images taken by the internet to train the YOLOv11-seg model. This model was trained 522 

to classify and segment different road layers, including subgrade, asphalt, and aggregate base, 523 

directly from the images. The model demonstrated impressive accuracy in identifying road layers, 524 

achieving 95% accuracy for both the aggregate base and asphalt layers and 83% accuracy for the 525 

subgrade layer. It also performed exceptionally well on other important metrics, reaching perfect 526 

precision at the highest confidence level. Additionally, it achieved an F1 score of 0.92 at a 527 

confidence threshold of 0.779 and a recall of 0.96 at lower confidence levels. This consistent 528 

performance highlights the model's capability to accurately and reliably identify road layers, 529 

ensuring effective and comprehensive monitoring of road construction projects. 530 

The high-resolution images captured by the UAV not only aided in training the model but also 531 

enabled accurate volume calculations. To improve precision, Ground Control Points (GCPs) were 532 

established on-site since GPS coordinates alone do not offer sufficient accuracy. In this study, we 533 

presented a new method for calculating the volume of road layers using UAV technology. 534 

Additionally, we compared the results from four different software tools to determine the most 535 

effective approach. Among these, WebODM proved to be the most accurate, closely matching the 536 

actual volumes on construction sites with an accuracy of 99.85% for subgrade and asphalt, and 537 

99.9% for aggregate base. Agisoft Metashape closely followed, showing accuracies of 96.93% for 538 

subgrade, 92.65% for aggregate base, and 98.93% for asphalt. Other tools also performed well; 539 

CloudCompare achieved a 98.99% accuracy for subgrade, 90.86% for asphalt and 94.03% for 540 

aggregate base, while Civil3D showed accuracies of 96.51% for subgrade, 83.62% for aggregate 541 

base, and 85.31% for asphalt. This approach minimizes human error, enhances data security, and 542 

ensures consistent construction progress monitoring. As a result, adopting these technologies can 543 

lead to improved project management, cost savings, and better road construction quality. 544 

This research raises several important questions and provides opportunities for further 545 

investigation. One key area for development is improving the current YOLO model to detect and 546 

analyze more complex aspects of road construction. Although this paper has focused on three 547 

primary layers, including subgrade, aggregate base course, and asphalt course, road construction, 548 

in reality, often involves a more complex layering structure. Enhancing the model's ability to 549 

identify and segment these additional layers could transform it into a more effective monitoring 550 

tool. Furthermore, while this study used high-resolution images, integrating LiDAR technology 551 

could further improve the volume calculation process. LiDAR technology offers high accuracy, 552 

which can lead to more precise volume measurements. By applying the findings from this research 553 

to real-world projects, we could significantly reduce the need for frequent site visits and the 554 

number of surveyors required. This would optimize both the cost and efficiency of monitoring road 555 

construction. 556 

Data Availability  557 

Data was generated during the study and is available at 558 

https://figshare.com/s/8c22df61ae4f3bfaafd5 559 

https://figshare.com/s/8c22df61ae4f3bfaafd5
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YOLO – You Only Look Once 561 

UAV – Unmanned Aerial Vehicle 562 

GNSS - Global Navigation Satellite System 563 

AI – Artificial Intelligence 564 

LiDAR - Light Detection and Ranging 565 

CNN - Convolutional Neural Network 566 

MRF - Markov Random Fields  567 

mAP - mean Average Precision 568 

COCO - Common Objects in Context 569 

SPPF - Spatial Pyramid Pooling Fast 570 

C2PSA - Cross Stage Partial with Spatial Attention 571 

SfM - Structure from Motion 572 

M3C2 - Multiscale Model to Model Cloud Comparison  573 

TIN - Triangulated Irregular Network 574 

ODM – OpenDroneMap 575 

CLAHE - Contrast Limited Adaptive Histogram Equalization 576 

GCP - Ground Control Points 577 

IoU - Intersection over Union 578 
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