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Abstract 
This article presents novel deep Convolutional Neural Networks (CNN) approach for transmissibility based 

damage assessment in structures. The proposed approach operates on images that are generated from the 

structure’s transmissibility functions so to exploit the CNNs’ image processing capabilities and thus to 

automatically extract and select relevant features to the structure’s degradation process. These feature maps 

are then fed into a multi-layer perceptron to achieve damage assessment. The proposed approach is validated 

and exemplified by means of two case studies involving a mass-spring system and a structural beam where 

training data is generated from finite element models that have been calibrated on experimental data. The 

results indicate that the proposed CNN based approach delivers satisfactory damage localization and 

quantification and thus being an appropriate tool for accurate damage assessment. 

1 Introduction 

One of the main challenges in vibration-based damage assessment is the selection of an appropriate metric 

of the system response that is sufficiently sensitive to small damage. This metric can be constructed in the 

time, frequency or modal domains, being the latter two the most broadly used. The idea of directly using the 

transmissibility functions (TF) has attracted many researchers [1]–[19]. TF relate the responses between two 

points of the structure. Among all dynamic responses, transmissibility functions are the easiest to obtain in 

real-time because the in-situ measurement is straightforward. The advantage is that no modal extraction is 

necessary, thus contamination of the data with modal extraction errors is avoided and they are identified 

from response only data. Therefore, it does not involve the measurement of excitation forces. 

Worden [1] presented the first investigation of TF as indicators of structural damage, where it was shown 

that for a simple lumped-parameter system, transmissibilities are able to detect small stiffness changes. 

Since then, the research group headed by Worden and Manson has done extensive research in this topic. In 

[2], Worden et al. used a representative aircraft skin panel to investigate the sensitivity of transmissibilities 

to damage. Damage detection was realized via a statistical outlier analysis. Manson et al [3], [4] verified the 

performance of the outlier analysis technique to detect damage in a Gnat aircraft inspection panel. Damage 

was simulated by holes and saw-cuts across the panel. About the same time as Worden, Zhang et al [20] 

proposed a procedure to detect structural damage using changes in the TF, which were derived from 

structural translations and curvatures, being the latter the most sensitive to damage. Johnson and Adams [6] 

also studied the use of TF for detecting, locating and quantifying damage. They demonstrated that since 

transmissibility functions are determined solely by the system zeroes (antiresonant frequencies), they are 

potentially better indicators of localized damage. These results were employed to develop a framework for 

transmissibility-based damage identification using smart sensor arrays [7]. Maia et al. [8] presented a 

methodology for computing the transmissibility matrix from responses only. They showed that TF are 

sensitive to damage, making them a possible approach for damage assessment. Sampaio et al. [9] 

implemented a similar approach to explore the ability of  transmissibilities in detecting and localizing 

damage. They concluded that it is possible to detect sensitive changes to damage, but further research is 

needed. In a later work, Maia et al. [10] compared two damage indicators constructed with TF and with 
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frequency response functions (FRF). They concluded that the method based on transmissibility 

measurements is much more sensitive to damage. 

The most successful applications of vibration-based damage assessment are model updating methods based 

on global optimization algorithms [21]–[24]. The basic assumption is that damage can be directly related to 

a decrease in stiffness in the structure. Nevertheless, these algorithms are exceedingly slow, making them 

impractical for real-time applications. As an alternative to these methods, Neural Networks (NN) have been 

proposed as a tool for damage identification [25]–[27]. In recent years, the interest in applying machine 

learning algorithms for transmissibility-based damage assessment has increased [28], being NN the most 

frequently used. However, the number of spatial response locations and spectral lines in transmissibility 

measurements is overly large for traditional NN applications. The direct use of transmissibilities leads to 

NN with many input variables and connections, thus rendering them until now impractical. Hence, it has 

been necessary to extract features from the transmissibilities and then use these features as inputs to the NN. 

Indeed, Worden [12] trained an auto-associative NN for damage detection (novelty detection). The feature 

vector was constructed from transmissibility data, selecting spectral lines centered at a particular peak and 

then using PCA to reduce the dimension of the data set. Chen et al. [13] used a comb data sampling technique 

to acquire amplitude and phase data of transmissibility functions randomly. These data were the input to a 

damage classification NN, which was validated using simulated data of a sandwich beam and a frame 

structure. Pierce et al. [14] and Worden et al. [29] identified spectral line windows with the largest variations 

due to damage as features to train a NN-based damage classifier. In both cases, the classifier was evaluated 

with experimental data of the aircraft (Gnat) wing. Lai and Perera [16] trained a damage classification NN 

using damage indicators extracted from the power spectrum density transmissibility. This methodology was 

evaluated using simulated data of a beam. Meruane [17] trained an online sequential extreme learning 

machine (OS-ELM) algorithm to detect, locate and quantify structural damage using antiresonant 

frequencies extracted from transmissibility measurements. The approach is illustrated with two 

experimental cases: an eight-degree-of-freedom (DOF) mass-spring system and a beam under multiple 

damage scenarios. Meruane and Ortiz-Bernardin [18] presented another algorithm for real-time damage 

assessment that uses a linear approximation method in conjunction with antiresonant frequencies that are 

identified from transmissibility functions. The performance is validated by considering three experimental 

structures: an eight DOF mass-spring system, a beam, and an exhaust system of a car. 

All the aforementioned works rely on identifying and extracting proper features. Nonetheless, the feature 

extraction process requires specialized knowledge of the problem under investigation and the best selection 

is case sensitive. It is here where deep learning techniques have been proposed for automatic feature 

extraction and fault diagnostic analysis. Indeed, since 2015, deep learning techniques have proven to be 

competitive with traditional machine learning techniques when dealing with fault diagnosis of rotating 

machines such as in [30]–[40].  

In this paper, we propose a novel deep CNN based approach for the detection, localization and quantification 

of structural damage that operates on transmissibility functions. The main advantage over previous 

investigations is that this approach makes automatic feature extraction. Therefore, the input to the proposed 

algorithm are the full transmissibility functions. The proposed CNN based approach is validated and 

exemplified by means of two case studies: an eight degree of freedom (DOF) mass-spring system and a 

beam under multiple damage scenarios. 

2 Deep Learning and Convolutional Neural Networks  

Deep learning is representation learning commonly used as supervised learning to analyze previously 

labeled data through either regression or classification. Since 2012, deep learning has become a popular 

approach for numerous tasks involving image recognition and computer vision, due to its high performance 

which rivals and surpasses human accuracy. Deep learning techniques have shown superior performance in 

image classification [41], natural sentence classification [42] and image segmentation [43] than previous 

state of the art methods mainly based on shallow architectures.  
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To understand how convolutional neural network works, first it is important to know how a one-layer Feed 

Forward Network (FFN) works. Consider, for example, the neural network shown in Figure 1. A FFN takes 

the input data vector 𝒙, a weight matrix 𝑾1 (for the input layer) and a bias vector 𝒃1 to obtain a vector of 

values for the hidden layer. This is represented by using Equation 1, where 𝑓 is an activation function such 

as the sigmoid function or a rectifier linear unit (ReLU) function. Then, the output vector 𝒚 is computed 

from the hidden unit’s vector 𝒉 and an additional weight matrix 𝑾2 and bias vector 𝒃2 (characterizing the 

connections between the hidden and the output layers) using Equation 2.  

𝒉 = 𝑓(𝑾1𝒙 + 𝒃1) 
(1) 

 

𝒚 = 𝑓(𝑾2𝒉 + 𝒃2) 
(2) 

The weights and biases are then obtained by minimizing the error between the predicted value and the real 

value based on a training dataset. The error is represented by a cost function, where regression models 

usually use the mean squared error. The minimization is usually done with gradient descent method and the 

gradients are calculated with the backpropagation algorithm [44].  

The FFN architecture can be expanded for use in deep learning problems by adding additional hidden layers 

or increasing the number of hidden units. Deeper FFNs allow for a higher level of abstraction but require 

more computational resources. 

 

Figure 1: Feed Forward Neural Network with 3 hidden units and 2 output values. 

A CNN is a deep learning neural network that uses convolution operations instead of matrix multiplication 

in its layers. The convolution is performed using a weights matrix 𝑲, also known as filter or kernel. The 

kernel is used to obtain a feature map 𝑺 from the input vector A using the convolution operation as shown 

in Equation 3.  

𝑺 = 𝑨 ∗ 𝑲    where   𝑺(𝑖, 𝑗) = ∑ ∑ 𝑨(𝑖 − 𝑚, 𝑖 − 𝑛) ⋅ 𝑲(𝑚, 𝑛)

𝑚𝑛

  

 

(3) 

Figure 2 shows a representation of the convolution operation using a 2x2 kernel and a 3x3 input data matrix 

to obtain a 2x2 output matrix. A bias matrix 𝑩 is added to the convolution and an activation function is 

applied to the result to form the feature map 𝑯 as shown in Equation 4. The training of the weights and 

biases can be interpreted as a feature extraction. If a value in the feature map gets activated, it indicates that 

an important learned feature is in that position. In the case of image analysis, an activation in the feature 

map can indicate the location of features like edges or specific shapes. In the context of vibration analysis, 

these local features identification capabilities can be used to locate peaks in the transmissibility functions 

which are later used to characterize the damage state of a system. 
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Figure 2: Convolution operation of a 3x3 input matrix and a 2x2 kernel. 

 

A convolution layer in a CNN consists of several kernels and biases applied to a single input matrix to 

generate a set of feature maps in a hidden layer. Every component in the feature map is computed using the 

same kernel thus reducing the amount of weights that need to be calculated. Also, each component of the 

output feature map is calculated only from a subset of the input matrix reducing the amount of connections 

and, therefore, decreasing the required computation resources. To achieve higher levels of abstraction and 

more complex relations between features, feature maps can be used as input to adjacent convolution layers.  

𝑯 = 𝑓(𝑨 ∗ 𝑲 + 𝑩) (4) 

The last section of a CNN is a feed forward neural network that is responsible for generating the predicted 

labels as the output vector. Figure 3 shows an architecture of a CNN with three 5x5 convolutional filters as 

the first layer, one 2x2 pooling layer and a fully connected feed forward layer. The CNN is trained in the 

same way as a FFN defining a cost function and then preforming gradient descent to minimize the cost.  

Due to the usually high degrees of freedom of CNN architectures, one should prevent overfitting, i.e., over 

adjustment of the weights to the training data resulting in poor generalization performance to unseen data. 

This can be accomplished via regularization techniques. One of commonly used such techniques to tackle 

overfitting when training CNN architectures is dropout [20]. Furthermore, another regularization technique 

is early stopping, which stops the training cycle when training and validation errors begin to diverge. These 

two techniques together greatly reduce overfitting and prevent the network from identifying noise and use 

it as a distinguishing feature. 
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3 Proposed CNN Approach for Structural Damage Localization and 
Quantification 

The proposed approach is intended to analyze any structure that can be divided into a determined number 

of elements for identifying and quantifying the damaged elements by processing transmissibility functions. 

In the following sections, we discuss the different modeling choices made for the damage representation, 

input data format and the proposed CNN architecture. 

3.1 Structural Damage 

Damage is represented as a reduction in the stiffness of an element of the structure. This is a simple 

representation of structural damage, but has demonstrated good results in damage identification algorithms 

[45]. If the element's stiffness reaches zero, it is considered to have catastrophic failure. Defining 𝑦𝑖 as the 

stiffness reduction of element 𝑖, undamaged and completely damaged states can be represented by 𝑦𝑖=0 

and  𝑦𝑖=1, respectively. This definition can be expressed in Equation (5), where 𝐊𝑖 and 𝐊𝑖
𝑑 are the 

undamaged and damaged stiffness of the 𝑖-th element, respectively.  

𝐊𝒊
𝒅  = ( 1 − 𝑦𝑖  )𝐊𝒊 . (5) 

3.2 Transmissibility Function Images as Input Data 

In vibration analysis, transmissibility functions (TFs) are defined as the ratio in the frequency domain 

between two responses when an excitation force is applied. TFs have shown a strong relation with a system’s 

damage and have been previously used for damage assessment in different studies [1]–[4], [6]–[10], [12]–

[14], [16]–[20], [28], [29]. TFs can be computed from experimental measurements or from a numerical 

model of the structure. Since it is not feasible to produce large enough data sets to train a CNN from 

experiments, the CNN have been trained with data generated from numerical models of the structures and 

then have been validated with experimental data.  

To fully take advantage of the CNNs capabilities local feature extraction, the TFs are represented by small 

sized images which include the information of the TF represented by the intensity of each pixel. The images 

only contain the values of the logarithmic magnitude of the TF at a given frequency range. Figure 4 (a) 

shows 10 different transmissibility functions measured on a structural beam on a 0-2000 Hz frequency range. 

Figure 3: CNN architecture illustration. 
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In Figure 4 (b) these measurements were converted to image format. The image has a size of 10x96 pixels, 

were each row is a distinct TF and the frequency range was converted from 2000 to 96 frequencies using a 

bi-cubical interpolation. The proposed CNN model is trained to use the TF in this image format to localize 

and quantify damage. 

 

 

a) 

             
 

b) 

Figure 4: Ten TFs measured in a structural beam (a) and the image 

representation of the TFs used as input by the CNN (b). 
 

 

3.3 The Proposed Convolutional Neural Network Architecture  

The proposed architecture encompasses a two-layer CNN that is used for automatic feature extraction 

purposes. For the first convolutional layer, 32 different filters are used, whereas 64 filters are used in the 

second layer. The first convolutional layer’s filters sizes are 1 pixel wide with a height equal to the number 

of transmissibility functions’ pixels. Padding, where the filter is bounded within the image matrix when 

computing the convolution, is not applied. The aim of this architecture is to have the first layer extracting 

meaningful relations between different transmissibility functions at a given frequency; the second 

convolutional layer, with filter size of 1x5 pixels, is designed to detect peaks and dips in the input feature 

maps that are related to the anti-resonant frequencies. After each convolution, a ReLU (Rectified Linear 

Unit) function is applied as the activation function. 

The assessed structure is divided into elements, and each element can have an amount of damage represented 

by a real number. Therefore, the proposed architecture also has a feed forward neural network that processes 

the feature maps provided by the last convolutional-pooling layers. Each output node of the neural network 

provides an estimate of the amount of damage in the corresponding structural element. 

Figure 5 shows a diagram of the proposed deep CNN architecture where 10 different TF measurements are 

used. Notice that the input data consists of 10x96 pixels images. Using this architecture, the model requires 

training a total of 5.98x106 weights and biases.  
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Figure 5: Deep CNN architecture for damage localization and quantification. 

4 Case Study 1: Spring-Mass Structure 

Los Alamos National Laboratory (LANL) designed a structure to study different vibration based damage 

identification techniques [46]. The setup consists of an 8-DOF spring-mass system where identical masses 

are separated by identical springs as shown in Figure 6. Each mass consists of an aluminum disk with a 76.2 

mm diameter and 25.4 mm thickness. The first mass is also connected to a shaker that provides the excitation 

force. Each mass has an accelerometer that measures the horizontal acceleration data that is used to obtain 

the transmissibility functions. Experimental data is acquired in a frequency range from 10 Hz to 110 Hz 

with a frequency resolution of 0.125 Hz. Note that the possible rotation of the masses is not included when 

obtaining the transmissibility functions. The physical properties of the structure used in the finite element 

model for generating the training datasets are shown in Table 1. 

 

Table 1 Experimental setup mass and strength values 

 

 

 

 

                                  

The FE model is built using concentrated masses for the discs and linear spring elements for the springs, it 

considers only horizontal displacement and has a total of seven spring elements and eigth degrees of freedom 

(see Figure 6). In this system, damage is represented by a spring’s stiffness reduction (e.g., change of one 

of the spring for a softer one). Thus, each spring represents one element of the system, hence, a stiffness 

reduction in one of the springs is equivalent to the damage level 𝑦𝑖 described in Section 3.1. For instance, a 

20% reduction on the i-th spring’s stiffness would correspond to a damage level 𝑦𝑖 = 0.2. 

Mass 1 559.3 g 

Masses 2-8 419.4 g 

Spring Young Modulus k 56.7 kN/m 
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Figure 6: 8-DOF Mass-Spring system at Los Alamos National Laboratory. 

4.1 Results 

The numerical model of the mass-spring system has been calibrated with experimental data, so the model 

can satisfactorily reproduce the experimental measurements. This model is then used to generate large 

amounts of training data with different damaged elements and corresponding damage magnitudes. To deal 

with the problem of randomness in real measurements and to improve the robustness of the proposed models 

to randomness, random amounts of noise were added to the input signal generated by the FE models. The 

noise was applied as a percentage of the magnitude of the TF and the amount of noise added was randomly 

selected from 0 to 6 percent uniformly distributed. 

The proposed damage assessment algorithm was trained considering up to one damaged element, using a 

total of 74,000 images. In this case, the system possesses eight elements, and transmissibility functions were 

obtained by exciting the first mass of the system with a shaker and measuring the response from the seven 

remaining masses, thus resulting in a total of seven transmissibility functions. 

An example of the images generated from the transmissibility functions is shown in Figure 7, where Figure 

7 (a) shows an image representation of the seven transmissibility functions corresponding to the system with 

no damaged elements, whereas Figure 7 (b) illustrates a representation of the these transmissibility functions 

when one element is randomly damaged. The colors represent the logarithm of the magnitude of the 

transmissibility functions at each frequency. 

Three different metrics are implemented to evaluate the model’s performance: Mean Sizing Error (MSE), 

Damage Missing Error (DME) and False Alarm Error (FAE), which are all defined in [47]. Table 2 presents 

the overall values obtained for the MSE, DME and FAE, whereas Figure 8 show the DME and FAE for 

ranges of 10% damage when evaluating the trained models on the test set. The results show that that all false 

alarms and missing damages lie strictly in the range between 0% and 10%. Thus, the results obtained when 

evaluating the test set show that the trained models are reliable when predicting damage level over 10% as 

these are detected with 100% accuracy. 

For validation purposes, the damage localization and quantification performance of the proposed approach 

is evaluated using experimental data corresponding to the spring-mass system with a 55% damage level in 

the fifth element. These results are presented in Figure 9. We can see that the algorithm accurately predicts 

a 54% damage at the fifth element. Moreover, no false alarms where detected. These results were expected 

given the metrics presented in Table 2. 
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Figure 8: DME and FAE, spring series case study. 

 

 

Figure 9: Predicted damage for the spring-mass system. Expected damage level of 55% at the fifth 

element 

 

Table 2: Training results summary for the spring-mass system when evaluating the test set.  

MSE [%] DME [%] FAE [%] 

0.271 0.916 32.548 

 

  
(𝒂) (b) 

Figure 7:  Images for the spring-mass system with no damaged elements (a) and 

one randomly damaged element (b). 
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5 Case Study 2: Structural Beam 

Meruane et al. [27] proposed an experimental setup to identify damage in a structural beam through 

transmissibility data and antiresonant frequencies. For this work, the experiment was implemented at the 

Laboratory of Mechanical Vibrations and Rotordynamics at the University of Chile. The experiment 

consists of a structural beam where damage is generated by saw cutting the beam. The transmissibility data 

is recorded with accelerometers along the structural beam. 

Figure 10 presents the experimental beam of 1-meter longitude and a rectangular cross-section area of 25x10 

mm2. Both ends of the beam are suspended on soft springs to simulate a “free-free” boundary condition. 

The excitation force is generated by a shaker at one end of the structure and the response is measured with 

11 accelerometers (therefore 10 transmissibility functions are obtained). Experimental data is acquired for 

a frequency range from 1 to 2000 Hz with a frequency resolution of 1 Hz. 

 

 

Figure 10: Experimental beam setup [18]. 

The beam is modelled using unidimensional beam elements with two nodes per element and two degrees 

of freedom (DOF) per node. The beam (and its finite element model) was divided into 20 elements of 5 

cm each, as shown in Figure 11, resulting in a FE model with 42 DOF. The transmissibilities are computed 

using the translational DOF at nodes 1, 3, 5, ..., 21, being node 1 the reference. 

To simulate stiffness reduction (i.e., damage), saw cuts of different lengths were inflicted in a set of 

beams. Four damage scenarios are studied, where damage scenarios 1 and 2 correspond to two different 

beams with one saw cut each (i.e., one damaged element), whereas damage scenarios 3 and 4 consist of 

two different beams with two and three damaged elements, respectively. 

Since there is no direct relationship between saw cuts and stiffness reduction of the structure, as there was 

for the spring-mass series system discussed in the previous section, the damage level is represented by 

the saw cuts’ length. Details for each scenario are provided in Table 3.  

 

 

Figure 11: FEM element and node numbering. 
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5.1 Results 

Similarly to the previous case study the finite element model is first calibrated with experimental data of the 

undamaged beam and then is used to generate large amounts of training data with different damaged 

elements and corresponding damage magnitudes. To simulate experimental measurements, the TFs 

generated with the numerical model are polluted with up to 6% random noise. The proposed damage 

assessment algorithm was trained considering up to three simultaneous damaged elements, using a total of 

100,000 images model. In this case, there are 10 transmissibility functions available for 20 possible damage 

elements. 

Figure 12 shows two examples of the generated images with ten transmissibility functions, where Figure 12 

(a) represents a beam with no damage, and Figure 12 (b) is obtained from a beam with three randomly 

damaged elements. 

The testing results are presented in Table 4, which shows the overall MSE, DME and FAE when evaluating 

the test set. Figure 8, on the other hand, shows the DME and FAE for ranges of 10% damage. From the 

results we can say that every element with a damage level above 20% can be accurately detected and 

quantified. Furthermore, the FAE values are higher than the DME for all the damage ranges, which indicates 

that false positives are more recurrent than false negatives for low damage levels, making the proposed CNN 

based approach a conservative one. 

Now we turn our attention to the validation of the proposed approach in the context of the structural beam 

by using the experimental results shown in Table 3. Indeed, Figure 14 shows the predicted damage for every 

damaged scenario. The algorithm predicts the true damaged locations for all scenarios, but they tend to yield 

small false damages, all of them lower than 15% damage. Also, the algorithm tends to propagate the damage 

to adjacent elements.  

 

 

Table 3: Experimental beam damage scenarios. 

Damage 
Scenario 

Number of 
cuts 

Distance from the 
left side [mm] 

Damaged 
Element 

Cut depth 
[mm] 

1 1 313 7 7 

2 1 637 13 9 

3 2 
361 8 8 

812 17 15 

4 3 

363 8 13 

574 12 8 

696 14-15 6 

 

  
(𝒂) (b) 

Figure 12: Images for Structural Beam with (a) no damaged elements and (b) three randomly damaged 

elements. 
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Table 4: Training results summary for the experimental beam. 

MSE [%] DME [%] FAE [%] 

1.334 6.70 57.55 

 

 

     Figure 13: DME and FAE versus damage level for the structural beam 

 

 

Figure 14: Predicted damage for (a) scenario 1, (b) scenario 2, (c) scenario 3 and (d) scenario 4. 
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6 Concluding Remarks 

Early damage detection has become an essential task in structural health monitoring, allowing engineers to 

prevent sudden failures in structures, thus reducing costs by taking safety precautions.  However, it is not 

always straightforward to analyze the available data since many times relevant features must be manually 

extracted requiring expert knowledge and time to process. In this paper, we have proposed a new approach 

for structural damage assessment based on deep convolutional neural networks that processes 

transmissibility functions-based images from monitored structures.  

The usefulness of the proposed CNN based approach in damage assessment was evaluated and validated by 

means of two case studies. The first involved an eight-degree of freedom mass-spring system and the second 

case study involved a structural beam. Based on the resulting performance metrics, the proposed CNN based 

approach delivers accurate assessments for damage levels above 10%. This was corroborated by the 

predictions of the trained CNN based models for the experimental spring mass system with a 55% reduction 

of stiffness (damage level) at the fifth element that resulted in a predicted 54% damage level for that same 

element. Though it is not possible to have experimental quantification for the inflicted damage in the case 

of the structural beams, the CNN based approach provides satisfactory results at localizing the damaged 

elements and at assigning greater damage level to those elements with deeper saw cuts (i.e., greater damage 

level). These results can also be attributed to the ability of the CNN architecture to successfully and 

automatically extract relevant features from the transmissibility functions. 

A disadvantage of using transmissibility measurements is their dependency on the force location. Therefore, 

in a real application a requisite is to have the structure excited always on the same location, which can be a 

problem in structures where the input excitations are not controlled, such as ambient or seismic excitations. 

A solution is to use the value of the transmissibility measurements evaluated only at the natural frequencies, 

which has been demonstrated to be independent on the force location, or in narrows bands around these 

frequencies [20]. In addition to the force variability it should be noted that the proposed models has been 

evaluated in simple structures under controlled conditions. Therefore, a topic of future research is to evaluate 

the proposed models with more complex structures considering variable environmental and excitation 

conditions. 
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