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Abstract 

Load rating which provide information about load carrying capacity of a bridge can be 

seen as one of the important properties for bridge maintenance. However, visual 

inspection or load testing required to obtain bridge's load rating might be costly and time 

consuming. Motivated by the recent success on deep learning implementation, we 

develop a deep learning-based method for bridge's load rating estimation using bridge 

image. In this paper, we collect bridge images and label those images using load rating 

information available from National Bridge Inventory database. These labelled images 

are grouped into 4 datasets. Then, supervised training on a deep convolutional neural 

network is performed by using these datasets. The proposed system manages to produce 

reasonable accuracy in estimating bridge load rating. 

1. Introduction 
With the increasing number of aging and deteriorating bridges, it is essential to 

understand the structures condition thus catastrophic events such as bridge failure can be 

avoided. One of the important properties for bridge maintenance is the load carrying 

capacity which can be determined from load rating since overweight vehicle can 

accelerate structural deterioration and decrease the service life of bridges [1]. In general, 

load rating is obtained using visual inspection and load testing. However, there are 

challenges in obtaining load rating such as availability of resources, subjectivity, cost, 

and time (figure 1). 

 

  

Figure 1 Challenges in classical load rating 

In visual inspection, subjectivity might greatly introduce variability in the result. Hence, 

Load rating with truck load test can be conducted to produce more accurate measurement. 

However, the test requires a pre-weighed truck and bridge closure which can be 

expensive. In addition, instrument for sensing purpose is required in retrieving data from 
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the measurement. The design and installation of instrument system will require time and 

effort while in some situation, sensor installation might provide great risk to the installer. 

This method also requires a model or bridge data in obtaining the load rating. However, 

some parts of the world especially the developing countries are having problems in the 

availability of experts and reliable data. In these countries, creating a bridge model can 

be challenging.  

In order to tackle these challenges, deep learning technique can be employed as a potential 

solution. Deep learning is a class of machine learning algorithms which utilises many 

layers of processing stages hierarchically in performing its task [2]. Deep learning 

mechanism can be analogised with the process of perceiving new object. By feeding raw 

data to a network, the network will learn from its experience to understand the data. 

Traditional learning requires matching features to learning algorithm (expertise) while in 

case of deep learning, features are extracted automatically. 

Deep learning has revolutionised the field of computer vision and become a dominant 

approach for recognition and detection purpose [2]. In addition, it has been utilised in a 

wide range of application such as image classification for a large number of classes [3], 

traffic sign recognition [4], medical object classification [5], and damage detection in 

structures [6-9] hence it is challenging to unfold the potential of deep learning further. 

This promising achievement and the ubiquitous use of mobile camera have motivated the 

research in the development of a deep learning-based method for load rating estimation 

using image.  

This project aims to address the global development issues mentioned previously. By 

automatically performing structural identification, we have the potential to develop 

cheap, scalable, transparent, standardised and verifiable bridge maintenance. 

Furthermore, no model or bridge data will be required in order to obtain load rating thus 

can provide solution for countries that are lacking in experts or bridge documentation. By 

using a simple camera, time and cost required for the test can be minimised which helps 

in a situation where rapid assessment is required such as in transporting supplies during 

disaster or military parade. The proposed method is not intended to fully replace the 

existing method. Instead it can be employed as a complementary method in a situation 

where performing load test or visual inspection can be a challenge. 

2. Related Research 

2.1. Load rating 

In general, load rating analysis is employed to obtain load carrying capacity of bridges. 

According to AASHTO Manual for Bridge Evaluation [10], the load rating factor of 

bridges is given by: �� = − � − � � � ± ����� + �  

where RF is the rating factor of structural element, C is the bridge current capacity, DC 

is the moment produced by the dead load of structural component, DW is the moment 

(1) 
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produced by wearing surface, P is the effect of other permanent or superimposed dead 

loads, LL is the effect of live load, IM is the impact factor, and γ is the safety factor and 

it is defined on AASHTO. The value of depends on the load rating type: inventory and 

operating rating. Inventory rating is defined as a load level which is allowed on a bridge 

for indefinite period while the operating rating is a maximum allowable load which can 

be applied on a structure [10]. 

Research in the implementation of image processing and deep learning has been 

conducted. Catbas et al [11] proposed a method which utilised sensor system to calculate 

load rating of Sunrise Bridge in Florida. In this research, strain data from the critical 

location of the bridge and image data from CCTV are utilised. By using image processing 

technique on the image data, the location of a vehicle in the bridge can be determined. By 

combining this data with the strain measurement, unit influence line is extracted. To 

validate the result, a bridge model is created. In this research it is shown that the method 

can be employed to calculate load rating of a bridge. 

In addition, Sirca et al employed deep learning architectures which provided conversion 

from Allowable Stress-based load rating into load factor design-based load rating [10]. 

The neural network has 2 hidden layer which convert 3 inputs (area of the cross section, 

moment of inertia, and section modulus) into LFD-based data. It is shown that the deep 

architectures manage to provide conversion between these methods.  

2.2. Convolutional Neural Networks (CNN) 

CNN is one of deep learning architecture which has been successfully implemented in 

image processing. CNN is known as the first successful deep learning architecture due to 

its capability in training hierarchical layers [2, 13, 14]. CNN has shown strong capabilities 

in processing image data. The basic principle of CNN is the combinations between local 

computation (convolution of signal with weight sharing units) and pooling which provide 

translation to the system. In convolution the weights will depend on the spatial separation 

instead of depending the spatial position [13, 14]. 

3 ideas play an important role in CNN: sparse interactions, parameter sharing, and 

equivariant representation [13,14]. Unlike traditional neural network which involves 

every input unit to calculate each output, CNN exploits sparse interaction where output 

is derived from some input data in a region where the filter is convolving. This can be 

performed by having some filters which are smaller than the inputs size. In this way, 

fewer parameters are required which can lead to a decrease in memory requirement of the 

model and an increase in its efficiency. In addition, the filters used in CNN will move 

around the input data and convolution will be conducted. By performing convolution 

operation, one set of parameters in every location can be learned Instead of learning 

different parameters for every location.  

Typical convolutional network consists of three processes such as convolution, activation 

(detector stage), and pooling [13,14]. First, convolutions are performed in parallel and a 

set of linear activations are produced. Then, a nonlinear activation function is applied to 

each of the linear activation set. Lastly, pooling is employed to modify the data by 
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replacing the output of the net at a certain location with the summary statistic value on 

that region. Typical CNN architecture can be seen in figure 2. 

 

Figure 2 Typical CNN architecture for classification purpose 

CNN has been utilised for crack monitoring on structures. In 2017, Young-Jin et al 

employed CNN technique for crack detection on concrete surfaces [6]. In the research, 

40 K images with 256 x 256-pixel resolutions are used to train a neural network and 55 

testing images are utilised to observe the network performance. Comparative study with 

traditional Canny and Sobel edge detection method is conducted to observe the 

performance of the proposed method and it is shown that the proposed system produces 

better capability in sensing thin crack. Furthermore, Protopapadakis et al proposed an 

automatic robotic inspector which monitor tunnel condition in 2016 [7]. In his work CNN 

is employed for visual inspection of the robot. By utilising CNN, high-level 

discriminative features for complex non-linear pattern classification can be produced. 

These features later are used to calculate real-time 3D information to identify the crack 

position and orientation. 

In addition, studies for crack detection on pavement using CNN have been conducted [8, 

9].  In these studies, pavement images are employed to train neural networks. However, 

unlike [8] which trains the neural networks from scratch, in [9] transfer learning using a 

pre-trained VGG 16 network is performed. In this way, a pre-trained model is finetuned 

thus it can be more suitable for the new prediction task. Both studies manage to detect a 

presence of crack in the pavement images.  

3. Methodology 
This research proposes an alternative method for load rating estimation. This method will 

employ a bridge image as an input and provide a prediction about its load rating. The 

schematic of the proposed method is shown in figure 3. 



5 

 

 

Figure 3 Proposed load rating estimation schematic 

For this purpose, three main activities are performed in this project: 

1. Data Preparation 

2. Neural network training and testing 

3. Evaluation 

In data preparation, bridge images and bridge database will be retrieved. By using load 

rating information from the database, these images will be labelled into their respective 

classes. The labelled data will be separated into training and testing data. Supervised 

learning using the training data will be conducted to train networks. To examine the 

performance of the networks, testing data which represents a new data for the network 

will be utilised.  

3.1. Data Preparation 

To obtain sample for this research, first a database from Federal Highway Association 

(FHWA) is collected [15]. FHWA provides National Bridge Inventory (NBI) which has 

bridge information in United States from 1992 to 2016. In this research the 2016 National 

Bridge Inventory database is employed. This database contains bridge information such 

as the bridge ID, state ID, bridge location, bridge feature, load design, bridge construction, 

year of construction, bridge condition, load rating, and other bridge information. 

The next step in data preparation is collecting bridge images. A total of bridge images is 

collected from a website called www.bridgehunter.com [16]. For this purpose, an 

interface program is developed using Python. This interface downloads images as well as 

the bridge inventory number. Some bridge images collected for this research can be seen 

in figure 4. 

http://www.bridgehunter.com/
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Figure 4 Bridge images for training and testing CNNs 

Since no load rating information is available on the website, the bridge inventory number 

is retrieved from the website. By utilising the inventory number, the corresponding load 

rating can be obtained from NBI database. The load rating information is then used to 

label each image. In the database, the load rating spans from 0 to 100 tons. In this research, 

7585 bridge images are collected. Figure 5 shows the sample distribution obtained in this 

research. 

 

Figure 5 Data distribution according to load rating information 
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In this research several dataset combinations are used to find the dataset which yields the 

highest performance. The dataset information is available in table 1. 

Table 1 Datasets for CNN training and Testing 

Dataset Total Number of Classes Class Description 

1 7 

1. 0-10 tons 

2. 10-15 tons 

3. 15-20 tons 

4. 20-25 tons 

5. 25-30 tons 

6. 30-35 tons 

7. >35 tons 

2 5 

1. 0-10 tons 

2. 10-20 tons 

3. 20-30 tons 

4. 30-40 tons 

5. >40  tons 

3 3 

1. 0-15 tons 

2. 15-30 tons 

3. >30 tons 

4 3 

1. 0-20 tons 

2. 20-40 tons 

3. >40 tons 

3.2. Transfer learning 

The pre-trained network that is employed for transfer learning purpose is Alexnet [3]. The 

layer configuration of Alexnet can be seen in table 2.  

Table 2 Layers of pre-trained Alexnet 

Layer Type 
Number of 

Kernel 
Kernel Size Stride  Padding Activation 

0 Input 3 227 x 227 - - - 

1 Convolution 96 11 x 11 x 3 4 0 Relu 

2 Max Pooling - 3 x 3 2 0 - 

3 Convolution 256 5 x 5 x 48 1 2 Relu 

4 Max Pooling - 3 x 3 2 0 - 

5 Convolution 384 3 x 3 x 256 1 1 Relu 

6 Convolution 384 3 x 3 x 192 1 1 Relu 

7 Convolution 256 3 x 3 x 192 1 1 Relu 

8 Max Pooling - 3 x 3 2 0 - 

9 Fully Connected 4096 - - - Relu + Dropout 

10 Fully Connected 4096 - - - Relu + Dropout 

11 Fully Connected 1000 - - - - 

12 Softmax - - - - - 

 

Initially, Alexnet is used to classify images into 1000 classes. For this research, the 

number of classes in transfer learning process is configured according to the number of 
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classes in the dataset. For each CNN, 80% of images in the dataset is randomly picked as 

training images while the rest are chosen as testing images. Training process are 

performed through 60 epoch and testing is carried out to observe the network’s 
performance. A sample of confusion matrix which shows the prediction result of the 

neural network is shown in figure 6(a). 

(a) (b) 
Figure 6 Confusion matrix for load rating estimation; (a) multiclass prediction; (b) binary 

prediction 

After the classification process, each class in the dataset can be used to predict whether 

or not a bridge can be used in specific load level. An example of this method for dataset 

2 is: whether a bridge’s load rating is less than 10 ton or higher, less than 20 ton or higher, 

less than 30 ton or higher, and higher than 40 ton. An example of confusion matrix 

produced by using this method can be seen in figure 6(b). 

To investigate the networks performance, some parameters such as accuracy, precision, 

recall, and f1 score are measured for each confusion matrix. The precision, recall, and f1 

score are given by (2), (3), and (4) respectively. ��� � = ���� + �� 

����� = ���� + �  

�  � � = . ��� �  . �������� � + ����� 
Where is TP true positive, FN is false negative, and FP is false positive. Due to the dataset 

configuration, the load levels utilised for the prediction are: 

1. Bridge load rating is less than 10 tons or higher (load level A) 

2. Bridge load rating is less than 15 tons or higher (load level B) 

(2) 

(3) 

(4) 
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3. Bridge load rating is less than 20 tons or higher (load level C) 

4. Bridge load rating is less than 25 tons or higher (load level D) 

5. Bridge load rating is less than 30 tons or higher (load level E) 

6. Bridge load rating is less than 35 tons or higher (load level F) 

7. Bridge load rating is less than 40 tons or higher (load level G) 

4. Discussion 
The accuracy, precision, recall, and F1 score for each load level can be seen in table 3. 

Table 3 Performance of neural network for load rating prediction 

Dataset Parameter 
Load Level 

A B C D E F G 

1 

Accuracy 0.89386 0.81992 0.73966 0.66208 0.68902 0.85402 - 

Precision 0.35436 0.4831 0.57204 0.6644 0.75112 0.90396 - 

Recall 0.34108 0.43698 0.50368 0.70172 0.75912 0.93002 - 

F1 score 0.34292 0.45786 0.5345 0.68194 0.75444 0.91656 - 

2 

Accuracy 0.82372 - 0.73298 - 0.69822 - 0.90572 

Precision 0.46254 - 0.55736 - 0.7551 - 0.93838 

Recall 0.32974 - 0.50344 - 0.77136 - 0.96112 

F1 score 0.35338 - 0.52858 - 0.76284 - 0.94956 

3 

Accuracy - 0.82372 - - 0.70284 - - 

Precision - 0.49488 - - 0.76108 - - 

Recall - 0.42438 - - 0.77022 - - 

F1 score - 0.45558 - - 0.76516 - - 

4 

Accuracy - - 0.74546 - - - 0.92116 

Precision - - 0.59514 - - - 0.93582 

Recall - - 0.4919 - - - 0.98208 

F1 score - - 0.53545 - - - 0.95855 

 

From the table, it can be seen that the proposed system produces high accuracy in 

predicting bridge load rating. The maximum accuracy is 92.11% and it is achieved when 

predicting whether the bridge load rating is less or higher than 40 tons from a neural 

network which is trained using dataset 4. The precision, recall, and F1 score obtained 

from this network are 93.58%, 98.2%, and 95.85%. The lowest accuracy is produced 

when prediction on load level D (25 tons) is made. In this load level, the accuracy, 

precision, recall and F1 score are 66.2%, 66.44%, 70.17%, and 68.19% respectively. 

In addition, from table 3, it is shown that for each load level, optimum performance is 

achieved from different dataset. In predicting load level A, the neural network created 

using dataset 1 has better performance than the network trained using dataset 2. However, 

it is the other way around in predicting load level E as it can be seen from the table. 

Therefore, measurement at specific load level should be conducted using the neural 

network that produce best performance at that level.  
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Some factors might contribute to the network performance. The key problem in the 

research is the limited samples available. Filtering data means less data which can lead to 

decrease in the performance. Due to this problem, all data are picked without taking into 

consideration some aspects that might affect the neural networks performance due to the 

mislabelling. In this research, all sample are utilised without taking account the methods 

(Load Factor Design, Allowable Stress, LRFR) used in obtaining the load rating. This 

might produce error in the network performance since these methods involve different 

calculation. 

In addition, the samples used in the research have various bridge condition. Some samples 

are bridges with good condition, while others are bridge with decent or bad condition. For 

similar bridge different bridge’s condition might result to the variance in capacity hence 
variation in load rating. 

5. Conclusion and Future Works 
In this research, a deep learning-based bridge load rating estimation method has been 

proposed. The system manages to produce maximum 92.11% of accuracy when detecting 

whether a bridge load rating is higher or lower than 40 tons. In this neural network, 

reasonable precision, recall, and F1 score are also produced. In addition, this study also 

finds the dataset configuration which can yield the best performance for the load level 

used in the study. 

Some future works related to this research should be emphasised in collecting more data 

and filtering this data according to other parameters which might affect the load rating. 

In addition, it is interesting to create synthetic data using a simulation software and use 

the data in the training process. Furthermore, study of other CNN architecture 

implementation for load rating estimation might be interesting since there is no generic 

solution when dealing a problem using CNN method. 
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