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On the Detection and Quantification of Nonlinearity via Statistics 
of the Gradients of a Black-Box Model 

Georgios Tsialiamanis and Charles R. Farrar 

Abstract Detection and identification of nonlinearity is a task of high importance for structural dynamics. On the one hand, 
identifying nonlinearity in a structure would allow one to build more accurate models of the structure. On the other hand, 
detecting nonlinearity in a structure, which has been designed to operate in its linear region, might indicate the existence 
of damage within the structure. Common damage cases which cause nonlinear behaviour are breathing cracks and points 
where some material may have reached its plastic region. Therefore, it is important, even for safety reasons, to detect when 
a structure exhibits nonlinear behaviour. In the current work, a method to detect nonlinearity is proposed, based on the 
distribution of the gradients of a data-driven model, which is fitted on data acquired from the structure of interest. The 
data-driven model selected for the current application is a neural network. The selection of such a type of model was done 
in order to not allow the user to decide how linear or nonlinear the model shall be, but to let the training algorithm of the 
neural network shape the level of nonlinearity according to the training data. The neural network is trained to predict the 
accelerations of the structure for a time-instant using as input accelerations of previous time-instants, i.e. one-step-ahead 
predictions. Afterwards, the gradients of the output of the neural network with respect to its inputs are calculated. Given that 
the structure is linear, the distribution of the aforementioned gradients should be unimodal and quite peaked, while in the 
case of a structure with nonlinearities, the distribution of the gradients shall be more spread and, potentially, multimodal. 
To test the above assumption, data from an experimental structure are considered. The structure is tested under different 
scenarios, some of which are linear and some of which are nonlinear. More specifically, the nonlinearity is introduced as a 
column-bumper nonlinearity, aimed at simulating the effects of a breathing crack and at different levels, i.e. different values 
of the initial gap between the bumper and the column. Following the proposed method, the statistics of the distributions of 
the gradients for the different scenarios can indeed be used to identify cases where nonlinearity is present. Moreover, via the 
proposed method one is able to quantify the nonlinearity by observing higher values of standard deviation of the distribution 
of the gradients for lower values of the initial column-bumper gap, i.e. for “more nonlinear” scenarios. 
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networks 

1.1 Introduction 

In the pursuit of making everyday life safer, humans have extensively tried to model the environment around them. Structures 
are an important part of the environment, in which humans live. They are man-made and should be safe throughout their 
lifetime. Structures are exposed to numerous environmental factors, which may cause them to fail. Moreover, during 
operation, structures are subjected to dynamic loads, which, in time, may cause failure. Such failures will most probably 
result in economic damage to society and may even result in loss of human lives. Therefore, for the purpose of maintaining 
structures safe, the field of structural health monitoring (SHM) [1] has emerged. 
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Physics-Informed Machine Learning for Advanced Structural
Damage Detection and Localization

Zixin Wang, Mohammad R. Jahanshahi, and Shirley J. Dyke

Abstract Structural damage detection and localization are crucial aspects of structural health monitoring. Unsupervised
anomaly detection can predict whether the structure is healthy or damaged, but it may face challenges in localizing the dam-
age. In contrast, supervised damage detection can localize damage when the damage diagnosis model is trained with data
from a finite element model (FEM) that accurately represents the actual structure. However, mismatches between the FEM
and the actual structure are inevitable due to modeling errors, real-world uncertainties, and varying operational conditions.
Consequently, a damage diagnosis model trained on the FEM cannot be directly applied to the actual structure because of
discrepancies in training and testing data distributions. To bridge this gap, we propose a novel approach using hierarchi-
cal physics-informed domain adaptation. Our approach begins by detecting structural anomalies using deep autoencoders
and information fusion. If the structure is identified as damaged, physics-informed domain adaptation is then employed to
localize the damage. A convolutional neural network (CNN) is pre-trained to predict the frequency response functions of the
structure. The weights of this pre-trained CNN model are then used to initialize a domain adaptation neural network, specif-
ically a discriminator-free adversarial learning network (DALN). This modal-based weight initialization imposes physical
constraints on the DALN. We evaluate the proposed approach using both numerical and experimental ASCE benchmark
setups. The results demonstrate that our approach outperforms existing state-of-the-art methods, even when the damaged
state data from the target structure is excluded from training, thereby enhancing the real-world applicability of the proposed
solution.

Keywords Structural health monitoring · Structural damage detection · Physics-informed neural networks · Domain adap-
tation · Deep learning

Introduction

Structural damage detection is critical for ensuring the safety and health of civil infrastructures. Data-driven models based
on machine learning have been widely utilized in this field. For example, unsupervised learning uses data in the healthy
state of the structure to train a model, which can then be used for structural anomaly detection (i.e., determining whether the
structure is damaged). In addition to anomaly detection, damage localization is important for pinpointing the damaged area
and retrofitting the structure. Supervised learning requires labeled data in both healthy and damaged states to train a model,
which can then be used to predict the damage location. However, collecting massive amounts of data from an actual structure
in various damage scenarios is impractical. Therefore, a digital twin, consisting of a physical structure and a corresponding
FEM as its virtual representation, can be constructed. The FEM can generate the data needed to train the supervised learning
model. It is worth noting that supervised learning relies on the assumption that the training and testing datasets have the
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same data distribution, meaning that the FEM must accurately represent the actual structure. However, mismatches between
the FEM and the actual structure are inevitable due to modeling errors, real-world uncertainties, and operational conditions.
These mismatches can cause the trained model to fail in predicting the damage location on the actual structure.

Domain adaptation, a subset of transfer learning, transfers knowledge from a source domain (e.g., the FEM) to a re-
lated target domain (e.g., the actual structure) by learning domain-invariant features through domain-adversarial training.
Even though the extracted features from the two domains have close data distributions, the trained model may struggle to
extract damage-informative features for damage localization. Additionally, current domain adaptation methods require a
large amount of unlabeled data from the target structure to train the model. However, collecting sufficient unlabeled data
in various damaged scenarios of the actual structure is infeasible. In this work, we propose a hierarchical physics-informed
domain adaptation approach (HierPhyDALN). More specifically, structural anomaly detection is first performed using a deep
autoencoder and information fusion, and if the structure is identified as damaged, then physics-informed domain adaptation
is employed to localize the damage. Physical constraints are applied to DALN through modal-based weight initialization,
which effectively forces DALN to learn damage-informative features. Our approach is rigorously validated using both nu-
merical and experimental ASCE benchmark setups, demonstrating the superior performance of our approach compared to
other state-of-the-art methods, even when trained exclusively on data representing the healthy state of the target structure.

Methodology

Intra-class variance evaluates the model’s adaptability to a new task, indicating how transferable the model is. Data in
damaged states of the structure typically exhibit a larger intra-class variance than data in the healthy state, indicating that the
damaged state data is more efficient for domain adaptation. Therefore, hierarchical damage detection is proposed, wherein
structural anomaly detection is initially performed using an unsupervised autoencoder and information fusion [1]. If the
structure is identified as damaged, physics-informed domain adaptation, which is trained exclusively on the damaged state
data, is deployed to predict the damage location. The adversarial paradigm in the form of DALN is adopted for domain
adaptation. DALN consists of a feature extractor G and a damage predictor C. The damage predictor C is reused as a
discriminator D by incorporating Nuclear-norm Wasserstein discrepancy, which enables feature extractor G to learn domain-
invariant features. The loss function used to optimize DALN can be expressed as:
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To enforce DALN to learn damage-informative features, we propose a physics-informed neural network using modal-
based weight initialization. Specifically, a CNN containing a feature extractor G and a modal predictor M is pre-trained
to predict the FRFs of source and target structures. Note that the modal predictor M and the damage predictor C share
the same architecture, except for their output layers. The weights from the pre-trained CNN are then utilized to initialize
DALN, thereby imposing physical constraints on DALN and enabling it to learn modal-related features such as natural
frequencies and mode shapes, which are conducive to damage localization. DALN is fine-tuned using labeled data from the
source domain and unlabeled data from the target domain. In this study, the input to the data-driven models is the continuous
wavelet transforms of acceleration signals. Fig. 1 provides an overview of the proposed approach.

Numerical Study: ASCE Benchmark Models

The benchmark structure is a four-story, two-bay by two-bay quarter-scale steel frame constructed at the University of British
Columbia. A 12-degree-of-freedom (DOF) model and a 120-DOF model, as shown in Fig. 2, are built to generate simulated
response data [2]. Though the model parameters of the 12-DOF model are updated using the transitional Markov chain
Monte Carlo (TMCMC) approach to match the modal properties of the 120-DOF model, domain discrepancies between the
two models still exist. To predict the damage categories on the target structure, domain adaptation is performed between
the 12-DOF model (the source structure) and the 120-DOF model (the target structure). Structural damage is emulated by
removing the braces on each story, resulting in five categories, including one healthy category and four damaged categories
with each story being damaged. A hammer is used to excite each floor and the corresponding vibration responses are cal-
culated. For each damage category, 80 samples are generated with each sample containing 16 sensor signals. Since the
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Fig. 1 An overview of the proposed approach.

120-DOF model represents the actual structure, 5% structural uncertainty and 10% measurement noise are introduced to the
model.

(a) 12-DOF model
(source structure)

(b) 120-DOF model
(target structure)

(c) Sensor location
(top view)

Fig. 2 ASCE benchmark models.

We compared our proposed approach (HierPhyDALN) with other state-of-the-art methods, as summarized in Table 1.
Each approach is trained 30 times to consider the randomness of weight initialization during training. Damage detection
results on the 120-DOF model using different approaches are presented in Fig. 3. The results demonstrate that hierarchical
damage detection, which includes anomaly detection followed by damage localization, can significantly enhance accuracy.
This improvement is attributed to the larger intra-class variance of the damaged state data, which enhances the adaptability
of the DALN trained exclusively on the damaged state data. Furthermore, the physics-informed DALN outperforms the pure
DALN. This is because the modal-based weight initialization constrains DALN from learning damage-informative features,
which is conducive to damage localization. It is worth noting that collecting data in different damaged scenarios on the actual
structure is impractical. However, our proposed approach can achieve promising performance even when the damaged state
data from the target structure is excluded from the training (Fig. 3(b)).
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Table 1 State-of-the-art approaches used for structural damage detection and comparison in this study.

Approach DALN Physics-informed NN Hierarchical damage detection
#1: SCNN × × ×
#2: DALN ✓ × ×

#3: HierSCNN × × ✓
#4: HierDALN ✓ × ✓

#5: HierPhyDALN (ours) ✓ ✓ ✓
#6: PhyDALN ✓ ✓ ×

(a) Unlabeled data in damaged states of the 120-DOF model are
included in the training.

(b) Unlabeled data in damaged states of the 120-DOF model are
excluded from the training.

Fig. 3 Damage detection results on the 120-DOF model using different approaches.

Experimental Study: ASCE Benchmark Structure

In this section, we validate our approach using the actual benchmark structure (the target structure) and the 120-DOF model
(the source structure), as shown in Fig. 4. The model parameters of the 120-DOF model are updated using the TMCMC
approach to match the modal properties of the actual structure, yet the source and target domains still exhibit different data
distributions. In the target domain, 7 samples for the healthy category are collected from the actual structure subjected to
hammer impact, with each sample containing 12 sensor signals. Additionally, three damage categories are implemented
on the actual structure: (i) brace damage on the east face; (ii) brace damage on the east and north faces; and (iii) brace
damage on all faces, with 24, 6, and 18 samples collected for each damaged category, respectively. In the source domain, 96
samples are generated using the 120-DOF model for the healthy category, and 384, 96, and 288 samples are generated for
the three damaged categories, respectively. The damage detection results using different approaches, excluding the damaged
state data of the actual structure from training, are shown in Fig. 5. We also perform t-tests on the results obtained by our
proposed approach versus other approaches, as listed in Table 2. All p-values are below 0.05, indicating that our approach
has statistically significant improvements compared to other state-of-the-art methods, even with limited data from the actual
structure.

Table 2 T-test on the results obtained by the proposed approach versus other state-of-the-art methods.

Approach P-value
#1 vs #5 4.15× 10−17

#2 vs #5 2.32× 10−12

#3 vs #5 5.18× 10−12

#4 vs #5 1.99× 10−9

#6 vs #5 4.34× 10−2
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(a) 120-DOF model
(source structure)

(b) Actual benchmark structure
(target structure)

(c) Sensor location
(top view)

Fig. 4 ASCE benchmark structure.

Fig. 5 Damage detection results on the actual structure.

Conclusion

This study proposes a hierarchical physics-informed domain adaptation approach (HierPhyDALN) to address the domain
shift between the FEM and the actual structure in supervised damage detection. Hierarchical damage detection leverages
the larger intra-class variance of the damaged state data to enhance the adaptability of DALN. The physical constraints
through modal-based weight initialization enable DALN to learn damage-informative features. Results from both numerical
and experimental ASCE benchmark setups indicate that our approach outperforms other state-of-the-art methods, even when
the damaged state data from the target structure is excluded from training, thus enhancing the real-world applicability of the
proposed solution.
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