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Abstract 
Potholes are a type of distress that occurs in pavement surfaces. According to the method adopted for distress surveys, potholes are classified 
into three levels of severity: low, medium, and high. The severity assessment is traditionally performed through slow and labor-intensive 
manual procedures. To automate this process, this study employed the YOLOv8s and YOLOv8m models to detect pothole distress and 
classify its severity. During the training phase, YOLOv8m achieved the best evaluation metrics, while YOLOv8s outperformed in the 
testing phase, particularly in recognizing high-severity potholes. However, both models failed to effectively detect low and medium severity 
levels, indicating the need for improvements before field application. One possible explanation for this limitation is the lack of depth 
information in the input images, a factor that will be addressed in future research. 
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Clasificación de la severidad del deterioro tipo bache en pavimentos 
asfálticos utilizando YOLOv8 

 
Resumen 
Los baches son un tipo de deterioro que ocurre en las superficies de los pavimentos. De acuerdo con el método adoptado para el 
levantamiento de deterioros, los baches se clasifican en tres niveles de severidad: baja, media y alta. La determinación del nivel de severidad 
se realiza mediante procedimientos manuales que son lentos y extenuantes. Con el objetivo de automatizar este proceso, este estudio utilizó 
los modelos YOLOv8s y YOLOv8m para detectar el deterioro tipo bache y clasificar su severidad. En la etapa de entrenamiento, el modelo 
YOLOv8m obtuvo las mejores métricas, mientras que en la etapa de prueba el YOLOv8s mostró el mejor desempeño, destacándose en el 
reconocimiento de baches con severidad alta. No obstante, ambos modelos fueron incapaces de reconocer con precisión los niveles de 
severidad baja y media, lo que indica la necesidad de mejoras para su aplicación en campo. Una posible explicación de esta limitación es 
la ausencia de información de profundidad en las imágenes utilizadas, cuestión que será abordada en estudios futuros. 
 
Palabras clave: aprendizaje profundo; aprendizaje automático; visión por computadora; detección de objetos. 

 
 
 

1. Introduction 
 
The quality of roadways is essential to daily life, directly 

influencing user safety and comfort, as well as impacting 
vehicle and roadway maintenance costs. Asphalt pavements, 
due to their cost-effectiveness and ability to withstand heavy 
loads, are widely used but are susceptible to the emergence 
of distresses that can significantly compromise their 
functionality. 

 
How to cite: de Souza, A.M., Cestari, V.F., and Fontenele, H.B., Classification of pothole distress severity in asphalt pavements using YOLOv8. DYNA, (92)238, pp. 47-56, July 
- September, 2025. 

Thus, pavement performance must be monitored, and 
maintenance (both preventive and corrective) should occur at the 
appropriate time [1]. For this purpose, the implementation of a 
Pavement Management System (PMS) is required. The PMS is 
responsible for managing the existing road infrastructure, 
ensuring optimal traffic conditions. The core component of the 
PMS is pavement evaluation. Through this process, it is possible 
to identify the current condition of the pavement, the existing 
distresses, their severity level, and their location.  
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Among the various types of distresses, potholes are 
particularly notable, as they represent the most common 
and impactful form of pavement deterioration, severely 
compromising serviceability, according to [2]. Potholes 
are cavities of varying sizes that can appear in any part of 
the pavement surface [3]. This type of distress can be 
caused by traffic loads and weather conditions 
(particularly in areas with interconnected cracking), 
construction failures, or disintegration due to mix design 
deficiencies [4]. Potholes are categorized into three 
severity levels (low, medium, and high), with each level 
defined based on area and depth [3]. 

Determining the severity level of distresses is 
fundamental for identifying which roads require 
Maintenance and Rehabilitation (M&R). Several 
methodologies exist for distress severity classification, 
such as ASTM D6433-24 [5], the Distress Identification 
Manual (DIM) [6], and the Brazilian Distress 
Identification Manual (Manual de Identificação de 
Defeitos - MID) [3]. Although each procedure presents 
distinct methods, they share a common characteristic: all 
require manual, in-field evaluation conducted by 
engineers and/or technicians. Due to the reliance on 
human labor, these evaluations are not only time-
consuming and tiring but also prone to errors and 
subjectivity. 

In the past decade, [7] observed a significant increase 
in studies employing smartphones in conjunction with 
Machine Learning (ML) techniques, thus providing a more 
automated methodology for processing field-acquired 
data. There are numerous ML and Deep Learning (DL) 
algorithms. Among the models capable of recognizing 
objects in images, the You Only Look Once (YOLO) 
architecture stands out. The first version of YOLO was 
developed by [8], and currently, the object detector has 
over ten versions, with YOLOv8 [9], YOLOv9 [10], 
YOLOv10 [11], YOLOv11 [12] and YOLOv12 [13] being 
the most recent. YOLO architectures are applied across 
various domains, such as medicine [14, 15] and agriculture 
[16,17]. In engineering, YOLO is used for the automatic 
detection of pavement distresses, being capable of 
identifying potholes [18-20], cracks [21-23], and multiple 
distresses simultaneously [24-26]. 

However, the aforementioned studies only explore the 
models’ capability to detect distresses, without addressing 
severity classification. In the literature, the automatic 
classification of pavement distress severity levels remains 
underexplored, with few published works. Among the 
studies that address this topic using YOLO architectures, 
[27-29] can be mentioned. [27] used different versions of 
YOLOv5 to detect block cracks at two severity levels (low 
and high) using images obtained from an evaluation 
vehicle. The best results were achieved with YOLOv5m, 
which attained a precision of 72.3%, recall of 78.2%, and 
mAP of 76.7%. [28] employed three object detectors 
(YOLOv5, YOLOv8, and CenterNet) for the detection of 
five types of cracks (longitudinal, transverse, fatigue, 
diagonal, and block) and their respective three severity 
levels. YOLOv8 achieved the best results, with a precision 
of 52%, recall of 58.4%, and 

 

 
Figure 1. Methodology Steps 
Source: The Authors. 

 
 

mAP of 60%. However, despite addressing severity, the criteria 
used to define it were not specified. In [29],  the authors trained 
three public datasets using YOLOv4 for the recognition of 
multiple distresses and their severity levels. The distresses 
studied included cracks (fatigue, longitudinal, transverse, and 
edge), patching, and potholes. The reported precision, recall, and 
mAP were 90%, 90%, and 87.44%, respectively. Nonetheless, 
the authors noted that no depth-related information on the 
potholes was available, and severity classification was based 
solely on image texture (i.e., darker textures were assumed to 
represent higher severity and vice versa). 

Given the above, the present study aims to evaluate, in an 
automated manner, the severity classification of potholes in 
urban asphalt pavements. To this end, two versions of the 
YOLOv8 object detector (YOLOv8s and YOLOv8m) were 
used, trained on a proprietary dataset in which the severity 
levels were determined through field measurements. The 
YOLOv8 architecture was selected due to the optimized 
accuracy-speed tradeoff, making it suitable for real time 
object detection in diverse applications [9]. Furthermore, 
YOLO effectiveness in pavement distress and severity 
detection has been demonstrated in recent literature [27-29]. 

 
2. Methodology 

 
This section presents and discusses all the procedures 

carried out throughout the study. It is divided into six stages 
(Fig. 1), namely: Data Acquisition, Data Augmentation, Data 
Labeling, Model Training, and Model Evaluation. 

 
2.1 Data acquisition 

 
The first stage consisted of image collection, during 

which an initial dataset of pothole images from urban roads 
was compiled. These images were captured using a Galaxy 
M52 smartphone equipped with a 64-megapixel camera. 
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Table 1. 
Severity classification.  

Severity Depth (cm) Area (m²) 
Low < 2.5 < 0.28 

Medium < 2.5 > 0.28 
Medium 2.5 a 5.0 < 0.28 
Medium > 5.0 < 0.10 

High 2.5 a 5.0 > 0.28 
High >5,0 > 0.10 

Source: The Authors. 
 
 
In addition to photographing the distresses, field 

measurements were also conducted to determine their 
severity levels. For this purpose, MID [3] was employed. 
According to [3] , potholes must be measured based on their 
depth (in centimeters) and surface area (in square meters). 
The area is determined using a circumscribed rectangle, with 
one side aligned parallel to the road axis. 

Table 1 presents the severity classification criteria 
according to the MID. A total of 20 images were collected 
for each severity level (high, medium, and low), totaling 60 
images. Of these, 36 were used for model training, 12 for 
validation, and 12 for testing. Additionally, the dataset 
developed by [30] was used, which includes 12 potholes 
images — 10 of high severity and 2 of medium severity. 

 
2.2 Data augmentation 

 
Due to the limited number of collected images, data 

augmentation techniques were applied. This technique is 
commonly used to increase the size and diversity of training 
sets by applying transformations to the original images [31]. 
Various transformations can be employed; in this study, 
zoom, shear, rotate, 90º rotation, and flip were used. The 
Python library Augmentor was used to implement data 
augmentation, via the PyCharm Integrated Development 
Environment (IDE). Figure 2 displays the code used, with 
each line representing an applied operation. 

A total of 60 images underwent augmentation, including 
48 original images and 12 from [30]. As a result, 2,618 
images were generated — 2,225 for training (85%) and 393 
for validation (15%). Table 2 shows the distribution of 
images per severity level in the final dataset. 

 
2.3 Data labeling 

 
After augmentation, the images were annotated. This 

process involved manually drawing bounding boxes around 
the objects of interest in the dataset. In this study, the target 
objects were potholes on pavements and their associated 
severity levels. All 2,618 images were manually labeled 
using the LabelStudio platform, as shown in Fig. 3. 

 
2.4 Model training  

 
The model selected for training was YOLOv8, a version 

released in 2023 by Ultralytics (also responsible for YOLOv5 
and more recently YOLOv11). YOLOv8 offers state-of-the-
art performance in terms of accuracy and speed compared to 
previous YOLO versions [9]. 

 

Its architecture is divided into Backbone, Neck, and 
Head, as illustrated in Fig. 4. Although structurally similar to 
YOLOv5, key differences, according to [32], include: 
• Use of a modified CSPDarknet53 convolutional neural 

network in the Backbone; 
• Replacement of the CSPLayer (used in YOLOv5) with 

the C2f module; 
• Incorporation of a Spatial Pyramid Pooling Fast (SPPF) 

layer, which accelerates computation by pooling features 
into a fixed size map; 

• Each convolution is followed by batch normalization 
and a SiLU activation; 

• The Head is decoupled to process classification and 
regression tasks independently. 

 
Table 2. 
Dataset Split.  

Severity Training Validation 
Low 396 132 

Medium 569 129 
High 1260 132 
Total 2225 393 

Source: The Authors. 
 

 
Figure 2. Code and Operations. 
Source: The Authors. 

 

  
Figure 3. Labeling via LabelStudio 
Source: The Authors. 
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Figure 4. YOLOv8 architecture.  
Source: [24]. 

 
YOLOv8 is available in five versions: YOLOv8n (nano), 

which is lightweight and fast but less accurate; YOLOv8s 
(small); YOLOv8m (medium); YOLOv8l (large); and 
YOLOv8x (extra-large), which is slower and heavier but 
delivers higher accuracy. In this study, the YOLOv8s and 
YOLOv8m versions were used. 

Model training was conducted locally using the Anaconda 
development environment and the PyTorch library. YOLOv8s 
was trained on a notebook with an NVIDIA GeForce GTX 1660 
Ti GPU, Intel Core i7 9th generation processor, and 16 GB of 
RAM, while YOLOv8m was trained on a notebook with an 
NVIDIA GeForce RTX 4050 GPU, Intel Core i7 13th generation 
processor, and 32 GB of RAM. 

 
2.5 Model evaluation  

 
To assess the model’s performance, standard machine 

learning evaluation metrics were employed, including 
Confusion Matrix, Precision, Recall, Average Precision 
(AP), and mean Average Precision (mAP). 

The Confusion Matrix (Fig. 5) is a 2x2 matrix in which 
the main diagonal represents correct predictions, and the 
secondary diagonal represents errors. The main diagonal 
includes True Positive (TP) and True Negative (TN) values. 
A TP occurs when the model correctly detects a pothole; a 
TN occurs when the model correctly identifies the absence of 
potholes. The secondary diagonal includes False Positive 
(FP) and False Negative (FN) values. An FP indicates the 
model predicted a pothole when there was none, while an FN 
indicates the model failed to detect an existing pothole. 

Precision (eq. 1) uses TP and FP values to measure the 
model's ability to correctly identify and localize objects. 
Recall (eq. 2) uses TP and FN values to determine how many 
of the actual objects were correctly detected. 

Using Precision and Recall, the precision-recall curve is 
generated. The area under this curve represents the AP (eq. 
3), which quantifies the model’s performance for a specific 
class. For performance across all classes, mAP (eq. 4) is used. 

According to [24], YOLOv8 outputs two mAP values at 
the end of training: mAP@50 and mAP@50-95. The first 
measures performance at a 50% confidence threshold, while 
the latter evaluates performance across multiple thresholds 
ranging from 50% to 95%. 

In addition to these metrics, the model was also evaluated 
through testing using 12 unseen images (4 per severity level) 
to assess practical performance in real-world conditions. 

Figure 5. Confusion Matrix 
Source: The Authors. 

 
 

3. Results and discussions 
 

3.1 Training results 
 
This section presents the results of the training and testing 

processes for YOLOv8s and YOLOv8m. The training for 
YOLOv8s was configured for 200 epochs, with the best 
results obtained at epoch 163.  

 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =

𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 (1) 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 (2) 

 

𝐴𝐴𝐴𝐴 = � 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟) 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
1

0
 (3) 

 

𝑚𝑚𝑚𝑚𝑚𝑚 =
1

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 × � 𝐴𝐴𝐴𝐴𝐴𝐴
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑖𝑖=1

 (4) 

 
Fig. 6 shows the precision-recall curve, which relates the 

precision and recall metrics and is used to calculate the AP 
for each class and the overall mAP. The curve indicates that 
the model achieved a satisfactory mAP@50 of approximately 
50%. High and medium severity levels yielded above-
average AP values — 59.60% and 77.60%, respectively — 
while the low severity class underperformed, achieving only 
9% AP. 
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Figure 6. YOLOv8s Precision-Recall Curve 
Source: The Authors 

 

 
Figure 7. YOLOv8m Precision-Recall Curve 
Source: The Authors. 

 
 
For YOLOv8m, the precision-recall curve in Fig. 7 shows 

that the low severity class achieved better performance than 
with YOLOv8s, reaching 28.10% AP at epoch 125 — a 
19.10% improvement. This also positively impacted the 
mAP@50 across all classes, which increased from 48.70% 
with YOLOv8s to 53.70% with YOLOv8m. 

Table 3 presents the evaluation metrics for the best-
performing epochs of the YOLOv8s and YOLOv8m models. 
It shows that the low severity class had the worst 
performance in YOLOv8s, with a precision of 23.80% and a 
recall of just 1.52%. However, significant improvement was 
observed in YOLOv8m, where the low severity class had the 
highest precision (61.30%). Additionally, recall improved for 
all three severity levels, reaching 76.6% for high severity. 

Despite these improvements, YOLOv8m showed a 
decrease in precision and mAP@50 for the medium and high 
severity levels. Nevertheless, this decline did not affect the 
overall model performance. In conclusion, YOLOv8m 
outperformed YOLOv8s, achieving 56.90% precision, 
56.20% recall, 53.70% mAP@50, and 32.40% mAP@50–95. 

To potentially achieve better training evaluation metrics, 
more advanced versions such as YOLOv8x and YOLOv8xl 
could be considered. These models include more parameters and 
tend to produce better results. However, their training time is 
significantly longer and requires greater computational power. 

Table 3. 
Evaluation Metrics for the Training Phase 

Model C Evaluation Metrics (%) 
Precision  Recall mAP50 mAP50-95 

YOLOv8s 

LS 23.80 1.52 9.03 3.83 
MS 70.40 60.50 77.60 50.8 
HS 68.80 64.40 59.60 35.10 
All 54.30 42.10 48.70 29.90 

YOLOv8m 

LS 61.30 15.90 28.0 12.10 
MS 60.20 76.00 75.60 51.3 
HS 49.30 76.60 57.30 33.90 
All 56.90 56.20 53.70 32.40 

Legend: C: Class; LS: Low Severity; MS: Medium Severity; HS: High 
Severity.  
Source: The Authors. 

 
 

Table 4. 
Confusion Matrix and Evaluation Metrics for the Test Phase 

Model C NI Predicted EM (%) 
LS MS HS NC P  R  

YOLOv8s 

LS 4 0 0 2 2 0.00 0.00 
MS 4 0 0 2 2 0.00 0.00 
HS 4 0 1 3 0 42.86 75.00 
All 12 0 1 7 4 14.29 25.00 

YOLOv8m 

LS 4 0 1 1 2 0.00 0.00 
MS 4 1 0 3 0 0.00 0.00 
HS 4 1 2 3 0 42.86 50.00 
All 12 2 3 7 2 14.29 16.67 

Legend: C: Class; NI: Number of Images; LS: Low Severity; MS: Medium 
Severity; HS: High Severity; NC: Not Classified; P: Precision; R: Recall; 
EM: Evaluation Metrics. 
Source: The Authors 

 
 

3.2 Test results  
 
As previously mentioned, 12 images from the dataset — 

4 for each severity level — were reserved for testing and 
excluded from the training process. These 12 images were 
evaluated by both trained models using a 30% confidence 
threshold. Table 4 presents the confusion matrices with the 
testing results for both models. 

Table 4 shows that during testing, both models yielded 
unsatisfactory results for the low and medium severity levels, 
failing to correctly detect any of the four images in each class, 
thus resulting in precision and recall values of 0%. In 
contrast, the high severity class showed better performance, 
42.86% precision and 75.00% recall for YOLOv8s, and 
42.86% precision and 50.00% recall for YOLOv8m. These 
stronger results for the high severity class can be attributed to 
its greater representation in the dataset. 

Tables 5, 6, and 7 provide a more detailed view of how 
the models classified the images. Table 5 shows the test 
results for the high severity class. It explains the drop in recall 
from 75% with YOLOv8s to 50% with YOLOv8m. This drop 
was due to the bounding box overlap in YOLOv8m (see IDs 
1 and 2 in Table 5): while YOLOv8s correctly detected a 
single high-severity pothole, YOLOv8m assigned multiple 
severity levels to the same distress. Thus, YOLOv8s 
performed better for high severity in testing, correctly 
identifying 3 out of 4 images.  

Tables 6 and 7 show the results for medium and low 
severity classes. As previously stated, no true positives were 
recorded in these classes, which justifies the precision and 
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recall values of 0%. These test results suggest that the models 
are not yet viable for recognizing medium and low severity 
potholes. 

One plausible explanation for these inadequate results is 
the absence of depth information in the images. As 
previously discussed, severity classification for potholes is 
based on both area and depth. However, all images used in 
training and testing were 2D, which means YOLO only 
extracted features in two dimensions, disregarding depth — 
a third-dimensional parameter. This hypothesis is supported 
by cases such as potholes in IDs 2 and 4 in Table 6 and ID 3 
in Table 7. These potholes have large surface areas but 
shallow depths. In the field, they were classified as medium 
or low severity, but the model interpreted them as high 
severity due to their large visible area. 

There are several alternatives to address this issue. As 
previously mentioned, [29] used texture-related information 
to estimate pothole depth. They converted RGB images to 
grayscale and applied image enhancement techniques, 
including Histogram Equalization, Average Filtering, 
Median Filtering, and Gaussian Filtering. 

Another solution was proposed by [33], who first trained 
RetinaNet for pothole detection without considering severity 
levels, achieving 99.0% precision and recall. Then, they 

applied the photogrammetric process of Structure from 
Motion (SfM) to derive 3D geometric data from 2D images. 
This process produced a point cloud, which was used in a 
Python script to estimate pothole depth and, consequently, 
classify its severity. Their methodology first applies DL for 
defect detection, followed by severity estimation based on 3D 
analysis.  

In addition to these approaches, sensors and lasers (e.g., 
LiDAR) can provide precise 3D data.  However, such devices 
are typically expensive. [34] mention more affordable 
options such as Microsoft Kinect, Structure Sensor, and Intel 
RealSense. 

Other computer vision techniques like 3D object 
detection, monocular 3D object detection, and monocular 
depth estimation may also prove useful for future research. 
However, the literature has not reported the use of these 
techniques for pothole detection 

Finally, it is worth noting that the YOLO architecture has 
undergone further development beyond YOLOv8, with 
significant improvements in versions YOLOv9 [10], 
YOLOv10 [11], YOLOv11 [12], and YOLOv12 [13]. Future 
research is encouraged to explore these newer architectures.  
 

 
Table 5. 
Testing Stage for High Severity 

ID 
Manual Field Measurements (cm) Severity 

(in-situ) Severity (YOLOv8s) Severity (YOLOv8m) 
Length Width Depth 

1 36.60 33.50 6.40 High 

High 

 

Low and High 

 

2 47.80 38.70 5.20 High 

High 

 
 

High and Medium 

 
 

3 56.30 51.10 5.30 High Medium Medium 
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4 43.70 23.90 5.90 High 

High 

 

High 

 
Source: The Authors. 

 
 

Table 6. 
Testing Stage for Medium Severity 

ID Manual Field Measurements (cm) Severity 
(in-situ) Severity (YOLOv8s) Severity (YOLOv8m) Length Width Depth 

1 21.50 19.40 2.80 Medium 

Not Classified 

 

High 

 

2 31.30 18.90 3.10 Medium 

High 

 

High 

 
3 31.80 24.30 2.90 Medium Not Classified Low 
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4 29.70 19.90 3.10 Medium 

High 

 

High 

 
Source: The Authors. 

 
 

Table 7. 
Testing Stage for Low Severity 

ID Manual Field Measurements (cm) Severity 
(in-situ) Severity (YOLOv8s) Severity (YOLOv8m) Length Width Depth 

1 7.90 7.30 2.20 Low 

Not Classified 

 

Not Classified 

 

2 11.50 6.40 2.30 Low 

High 

 

Medium 

 
3 19.90 14.40 2.50 Low High High 
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4 19,80 8,40 2,30 Low 

Not Classified 

 

Not Classified 

 
Source: The Authors. 

 
 
Other object detectors outside the YOLO family may also 

be viable, such as R-CNN [35] and RetinaNet [36]. 
Furthermore, the use of deep learning architectures with 
segmentation blocks and monocular depth estimation blocks, 
as used in [37], can also provide better results in the accurate 
recognition of potholes and their severity levels. 

 
4. Conclusion 

 
In this study, two versions of the YOLOv8 architecture 

(YOLOv8s and YOLOv8m) were trained to recognize the 
severity level of pothole distresses in asphalt pavements. 
Based on the training results, the version with a larger 
number of parameters — YOLOv8m — achieved better 
evaluation metrics. However, during the testing phase, 
YOLOv8s showed superior performance, particularly in 
detecting high-severity potholes. For medium and low 
severity levels, both models proved ineffective, failing to 
correctly identify these classes — a shortcoming that may be 
attributed to the lack of depth-related data in the input 
images. It can be concluded that the trained models require 
significant improvements before being viable for practical 
applications.  

Future studies will explore the possibility of developing a 
system capable of detecting potholes and determining their 
severity while incorporating depth information. In addition, 
new pothole images will be added to the database, thus 
improving the generalization capacity of YOLO models and 
their applicability in real-world. 
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