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Abstract: - Recent studies have shown that existing in-building surveillance cameras can be repurposed as practical sensors for 

structural health monitoring of buildings. While many vision-based structural monitoring methods aim to recover physical 

displacements, a smaller but important line of research has shown that useful structural information can also be extracted directly in 

the pixel domain. This review examines modal-parameter-based structural health monitoring approaches that use cameras installed 

inside buildings. The reviewed studies are organized into four stages in the development of the topic: proof-of-concept frequency 

extraction from existing indoor cameras, pixel-based operating-mode identification, synchronized multi-camera modal identification, 

and post-earthquake damage assessment through frequency-shift analysis. The review highlights the advantages of pixel-domain 

processing for practical deployment, especially the reduced calibration needs and compatibility with pre-installed cameras, while also 

discussing key limitations related to synchronization, camera motion, lighting, and the interpretation of pixel-domain outputs. The 

paper concludes by identifying promising directions for future investigation. 
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I.  INTRODUCTION 

Earthquakes can leave buildings with serious structural damage, and a considerable portion of that damage may 

not be apparent from an exterior inspection alone. As a result, post-earthquake decisions about safety and 

occupancy depend on obtaining reliable information about structural condition within a short time window. 

Conventional structural health monitoring (SHM) systems address this need through dedicated sensing devices, 

such as accelerometers, strain gauges, and displacement transducers, together with the associated communication 

and data-processing infrastructure [1-8]. Although these systems can deliver accurate measurements, their broader 

use in residential and commercial buildings is still restricted by installation cost, networking requirements, and 

maintenance needs [9-12]. 

In response to these limitations, vision-based SHM has attracted growing interest as a practical alternative. 

Cameras offer a non-contact and relatively low-cost means of measuring structural response directly from images 

or video recordings [13-17]. During the last decade, image-based monitoring methods have been studied for 

different classes of civil infrastructure, including bridges, buildings, and dams [18-23]. For buildings in particular, 

camera-based approaches have been used both for detecting visible damage and for measuring structural response 

[24-29]. However, many of these methods still depend on cameras deployed specifically for measurement, whether 

placed off the structure or mounted directly on it, which reduces their scalability in residential and commercial 

settings [22], [26], [30]. 

A more practical opportunity comes from the fact that many buildings already contain surveillance cameras 

that are installed for routine security and operational use, as illustrated in Figure 1. Because this infrastructure is 

already powered, networked, and maintained, it offers a potentially scalable foundation for structural monitoring. 

Indoor surveillance cameras are especially promising because they operate in a relatively controlled environment 

and often capture stable visual features on the floor below. Recent studies have shown that these cameras can be 

used not only for drift-related measurements, but also for extracting modal information, including dominant 

frequencies, operating modes, and frequency-based damage indicators [31-34]. 

It is useful to distinguish between deformation-based monitoring and modal-parameter-based monitoring. 

Methods aimed at drift estimation usually require image measurements to be converted into physical units, since 

the quantity of interest is displacement. In contrast, modal-parameter-based methods can often work directly with 

pixel-domain motion signals because the dominant frequency content is unaffected by amplitude scaling [31], 

[32]. This characteristic makes pixel-domain analysis particularly appealing for repurposed indoor surveillance  
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Figure 1. Conceptual illustration of an indoor surveillance-camera configuration. 

 

cameras, where full calibration may be unavailable or impractical for broader deployment. 

A number of review articles have addressed computer-vision-based SHM in a general sense [35-39], whereas 

others have concentrated on particular structural types or sensing platforms [40-42]. A focused review of pixel-

domain modal-parameter-based monitoring using in-building surveillance cameras remains worthwhile, because 

this topic lies at the intersection of practical deployment constraints and vibration-based structural assessment. 

Accordingly, this paper presents a review of modal-parameter-based SHM using in-building cameras, with 

emphasis on pixel-domain approaches. The development of this topic is discussed through four representative 

stages: early proof-of-concept studies on frequency extraction using indoor cameras [31], pixel-based operating-

mode identification without conversion to physical units [32], synchronized multi-camera modal identification 

[33], and natural-frequency-shift-based seismic damage assessment [34]. 

The remainder of this paper is organized as follows. Section 2 discusses the motivation for pixel-domain modal 

monitoring using indoor cameras. Section 3 reviews the development of pixel-domain modal monitoring using 

indoor cameras. Section 4 provides a comparative discussion of the main contributions and limitations of the 

reviewed studies. Section 5 outlines future research directions. Section 6 concludes the paper. 

II. MOTIVATION FOR PIXEL-DOMAIN MODAL MONITORING WITH INDOOR CAMERAS 

The appeal of repurposing indoor surveillance cameras for SHM lies mainly in the possibility of reducing the 

cost and logistical challenges associated with dedicated sensing systems. Instead of installing a new monitoring 

network at each site, this approach takes advantage of hardware that is already embedded in the building 

environment. For residential and commercial buildings that are unlikely to be instrumented with conventional SHM 

systems, indoor cameras may therefore provide a practical additional source of structural information [7], [8], [10]. 

In many vision-based displacement methods, meaningful structural interpretation depends on mapping image-

plane motion into physical units using a scale factor, planar homography, or a more complete camera model [30], 

[43], [44]. Although these steps are necessary when the goal is drift estimation, they can become impractical in 

surveillance-camera-based deployment because the existing viewpoints, scene geometry, and available in-scene 

references are often not ideal for accurate metric reconstruction. Modal-parameter-based monitoring offers a 

different advantage: dominant frequencies can often be identified directly from image-derived motion histories 

without requiring full pixel-to-metric conversion [31], [32]. 

Another benefit of modal-parameter-based analysis is that it can still provide useful structural information when 

deformation-based quantities are more difficult to recover. Since natural frequency is related to structural stiffness, 
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changes in frequency can serve as damage-sensitive indicators [34]. In addition, when multiple camera views are 

synchronized, their combined measurements can be used to estimate mode-related response and, in some cases, 

reconstruct mode shapes [32], [33]. 

At the same time, pixel-domain approaches also face practical limitations. Reliable frequency estimation still 

depends on robust feature tracking and sufficient video quality. Multi-camera implementations introduce 

synchronization requirements, and pixel-based operating modes do not have exactly the same interpretation as 

conventional physical mode shapes [32], [33]. Their practical performance may also be influenced by the suitability 

of the scene itself, including lighting conditions, motion blur, and the presence of nonstructural objects within the 

field of view, all of which remain recurring concerns in indoor-camera-based structural monitoring [45-47]. 

III. DEVELOPMENT OF INDOOR CAMERA PIXEL-DOMAIN MODAL MONITORING 

A. Early proof of concept using existing indoor cameras 

Harvey and Elisha [31] presented one of the earliest demonstrations that existing cameras installed within a 

building can be used for vibration monitoring. Their study showed that indoor surveillance-style cameras could be 

used to extract inter-story drift and, from it, dynamic characteristics such as the fundamental period. The work was 

important because it shifted the discussion from installing a camera for monitoring to leveraging cameras that are 

already present in the building environment. 

Their image-processing workflow relied on a straightforward target-based procedure. A region of interest was 

selected, thresholding was applied to identify the target, and connected components were tracked frame by frame. 

The study also discussed temporal aliasing as a practical issue for low-frame-rate surveillance video and noted that 

tracking ambiguity becomes more severe when large displacements occur between frames. Although this work still 

included pixel-to-physical conversion, it established a crucial point for later studies: indoor surveillance footage 

can contain structurally meaningful vibration information even when the camera arrangement is not designed for 

traditional structural monitoring [31]. 

The reported results were especially important for the later pixel-domain direction. In the lab-scale validation, 

the flexible camera supports had their own identified frequencies of 27.2, 12.2, and 5.16 Hz for cantilevers A, B, 

and C, respectively, yet the building frequencies remained clearly identifiable. From the video-based and 

accelerometer-based spectra, the first three building frequencies were observed at approximately 3.1, 9.1, and 13.4 

Hz, with excellent agreement between the rigid-camera reference, the flexible-support surveillance camera, and 

the accelerometer measurements [31]. The study therefore showed that while flexible support degraded 

displacement accuracy, it did not significantly affect natural-frequency identification. Another important 

observation from this early work is that the vibration information remains useful even when the camera support is 

not ideally rigid, which helped motivate later efforts to focus more directly on modal quantities rather than only on 

physical displacement reconstruction. 

B. Pixel-based operating modes without unit conversion 

A major conceptual step was introduced by Hosseinzadeh and Harvey [32], who proposed the use of pixel-

based operating modes derived directly from synchronized surveillance videos. In this study, robust feature points 

were identified automatically and tracked using the Kanade-Lucas-Tomasi (KLT) algorithm. The resulting relative 

pixel motions from multiple cameras were transformed into the frequency domain to estimate dominant structural 

frequencies and operating-mode-like quantities directly in pixel units. 

The significance of this contribution lies in the removal of the intermediate calibration step. Rather than 

converting image motion into engineering units before structural interpretation, the method treated the relative 

pixel motions themselves as the basis for modal analysis. The identified pixel-based operating modes do not have 

the same physical interpretation as conventional mode shapes, but they provide repeatable signatures of the 

structural dynamic behavior and can be compared across tests to detect changes [32]. 

The reported results showed that the method was both stable and sensitive to structural change. For the reference 

configuration (A), the mean estimated frequencies were about 3.26, 9.82, and 14.36 Hz, whereas for the modified 

configuration (B) they were about 3.22, 9.03, and 13.97 Hz, showing a consistent frequency reduction after the 

physical modification to the structure [32]. In addition, the extracted pixel-based operating modes were highly 

repeatable, with MAC values at or above 0.90 across repeated tests. When the pixel-based modes of configuration 

A were compared with those of configuration B, the MAC values decreased in all modes, indicating that the method 

could detect the presence of structural change; among the three modes, the third mode was reported to be the most 

sensitive to the modification. This work therefore demonstrated that target-free processing is feasible for indoor 



J. Electrical Systems 22-01 (2026): 376-384 

379 

modal monitoring, provided that the recorded scene contains sufficiently strong and trackable features, and in that 

sense, it moved the field closer to practical surveillance-camera repurposing by reducing dependence on specially 

installed targets and on full geometric calibration. 

C. Synchronized multi-camera modal identification 

The next important development came from the extension of indoor surveillance-camera monitoring to 

synchronized multi-story modal identification. Hosseinzadeh et al. [33] proposed a framework that uses multiple 

interior cameras to reconstruct a more complete representation of building motion. In this study, cameras at 

different stories measured inter-story drifts and rotations by tracking the motion of the floor below, and the resulting 

measurements were synchronized and processed using frequency domain decomposition. 

This work is particularly important because it bridges pixel-domain ideas and more conventional modal 

identification. Unlike the earlier pixel-only approach, the study used the synchronized measurements to identify 

modal frequencies and mode shapes [33]. The framework therefore showed that interior surveillance cameras are 

not limited to frequency extraction; with proper synchronization and processing, they can also support multi-

degree-of-freedom modal analysis. 

The reported results showed strong agreement with accelerometer-based identification. The first mode was 

identified most accurately, with MAC values very close to unity in nearly all cases, while the second and third 

modes were recovered with lower but still acceptable agreement [33]. In general, acceptable MAC values greater 

than about 0.8 were reported in almost all cases for excitation levels of 5%g RMS or greater, and the first mode 

was recovered especially well because its contribution to the displacement responses was dominant [33]. In the 

repeatability assessment, the vision-based extracted modes remained consistent across tests, with MAC values of 

0.76-0.99 for the higher modes depending on excitation level, and values consistently above about 0.95 at excitation 

levels greater than 5%g RMS. Moreover, when the modified structural configuration was compared with the 

baseline case, the average MAC values for the first, second, and third modes were about 0.96, 0.87, and 0.79, 

respectively, indicating that the method was also sensitive to physical changes in the structure. The study also 

brought attention to practical synchronization issues. When multiple cameras are used, differences in start time and 

slight deviations between nominal and actual frame rate can affect phase relationships and therefore influence 

modal identification. This is a central issue for any future multi-camera deployment in real buildings. 

D. Frequency-shift-based post-earthquake damage assessment 

A more recent step in the literature is the move from modal identification to damage assessment using natural-

frequency-based indicators extracted from indoor surveillance videos. Zhou et al. [34] proposed a strategy that 

combines computer vision with time-frequency analysis to estimate the structural natural frequency from inter-

story pixel displacements and then compute a damage index from the resulting frequency shift. 

This contribution is important for two reasons. First, it directly addresses a major practical challenge in post-

earthquake use of surveillance cameras: it is often difficult to recover calibrated displacement histories or 

synchronized multi-camera mode shapes immediately after an event. Second, it shows that a frequency-based 

damage indicator may still be obtained from a single video sequence, which reduces the burden on instrumentation 

and data collection [34]. 

The study used marker-free feature tracking together with time-frequency analysis, specifically a 

synchroextracting-transform-enhanced empirical wavelet transform (SET-EWT), to estimate the time-varying 

natural frequency [34]. The reported results were promising in both the small-scale and full-scale validations. In 

the small-scale verification, the maximum error in the estimated damage index was 0.097, and the damage indices 

estimated from first-story and second-story responses were consistent, indicating that the approach could obtain a 

natural-frequency-based damage index using only one camera [34]. In the full-scale reinforced-concrete benchmark 

model, the first natural frequency changed from 0.84 Hz before the earthquake to 0.62 Hz after the earthquake, 

which corresponded to a damage index of 0.455 and was classified as moderate damage. By doing so, the paper 

extended the indoor-camera monitoring concept from modal characterization to direct seismic damage assessment 

and showed that image-derived frequency shifts can support practical post-earthquake screening [8], [10], [34]. 

Although all four studies focus on extracting modal information from indoor camera recordings, they differ in 

their monitoring objectives, tracking strategies, signal-processing pipelines, and final structural outputs. To 

facilitate a clearer comparison, Table 1 summarizes the main characteristics of these studies, including the camera 

configuration, validation setting, and the specific contribution of each work to the development of indoor pixel-

domain modal monitoring. The typical processing workflow followed by these methods is illustrated in Figure 2, 
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where the analysis proceeds from camera recording and pre-processing to motion extraction, modal identification, 

and finally damage-sensitive indicators. 

 

Table 1. Comparison of representative modal-parameter-based structural health monitoring studies 

 using in-building surveillance cameras. 

Category 

 

Harvey and Elisha 

(2018) [31] 

 

Hosseinzadeh and 

Harvey (2019) [32] 

 

Hosseinzadeh et 

al. (2021) [33] 

 

Zhou et al. (2024) 

[34] 

Main objective  Natural frequency 

estimation under 

flexible camera 

support   

Pixel-only modal 

identification and 

pixel-based operating 

modes  

 

Modal 

identification and 

3D motion of floors 

using synchronized 

cameras  

 

Seismic damage 

assessment using 

natural-frequency 

shift 

Tracking 

strategy  

Target-based dot-

grid centroid 

tracking  

Target-free KLT 

feature tracking  

 

Target-based 

tracking with 

synchronized 

multi-camera views  

 

Target-free KLT 

feature tracking 

Signal-

processing 

method 

Pixel-based PSD / 

FFT periodogram   

Pixel-domain FFT 

and pixel-based 

operating modes 

Modal 

identification using 

synchronized 

multi-camera 

measurements  

 

Instantaneous 

frequency analysis 

using SET-EWT 

Main structural 

output 

Natural frequency  

  

Modal frequencies 

and pixel-based 

operating modes 

 

Modal frequencies, 

mode shapes, and 

torsional behavior 

Frequency-shift-

based damage 

index 

Camera / setup 

characteristics 

Indoor camera with 

flexible support; 

experimental 

validation in lab-

scale and full-scale 

shake-table tests  

  

Multiple indoor 

cameras observing a 

three-story lab 

structure on a shake 

table 

Synchronized 

multi-camera 

indoor network for 

multi-story 

response 

measurement 

Indoor 

surveillance-style 

camera applied to 

small-scale and 

full-scale building 

tests 

Validation type  Experimental: lab 

and full-scale shake 

table   

Experimental: three-

story lab structure on 

shake table 

Numerical and 

experimental 

validation 

Experimental: 

small-scale and 

full-scale building 

tests 

Main 

contribution  

Showed that 

natural-frequency 

estimates remain 

reliable even with 

flexible camera 

support   

Proposed pixel-based 

operating modes for 

SHM without 

physical-unit 

conversion 

Extended indoor-

camera monitoring 

to synchronized 

multi-camera 

modal 

identification 

Linked indoor-

camera 

measurements to 

seismic damage 

assessment through 

frequency-shift 

analysis 

Main relevance 

to 

this review 

Established early 

proof of concept for 

extracting vibration 

information from 

indoor cameras   

 

Introduced the core 

idea of modal-

parameter extraction 

directly in the pixel 

domain 

Showed how 

indoor camera 

networks can 

support richer 

system-level modal 

identification 

Demonstrated how 

pixel-domain or 

image-derived 

frequency shifts 

can support 

damage assessment 
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Figure 2. Typical processing flow for indoor camera based modal-parameter structural health monitoring. 

 

IV. DISCUSSION 

The reviewed studies show a clear progression in the development of indoor surveillance-camera-based modal 

monitoring. Harvey and Elisha [31] established the feasibility of extracting structural dynamic information from 

existing indoor cameras. Hosseinzadeh and Harvey [32] then demonstrated that modal information could be 

extracted directly in pixel units, thereby reducing dependence on physical calibration. Hosseinzadeh et al. [33] 

extended the concept to synchronized multi-camera modal identification, while Zhou et al. [34] connected 

frequency-based measurements to seismic damage assessment. 

One of the main strengths of pixel-domain modal monitoring is the reduced calibration burden. Since dominant 

frequencies are preserved under amplitude scaling, frequency estimation does not require pixel-to-millimeter 

conversion [31], [32]. This makes the approach well suited to existing indoor surveillance systems, where geometry 

and calibration references may be uncertain or unavailable. Another advantage is that multi-camera pixel-domain 

measurements can provide operating-mode-like information, and in more advanced configurations they can support 

modal identification and damage-sensitive analysis [32-34]. 

At the same time, the literature also reveals important limitations. First, tracking performance depends on scene 

texture, visibility, lighting conditions, and image quality. These issues are not unique to indoor monitoring, but 

they become particularly important when the cameras were installed for surveillance rather than measurement [16], 

[29], [45], [46]. Second, multi-camera approaches remain sensitive to synchronization errors [33]. Third, while 

pixel-based operating modes are valuable indicators, they are not identical to conventional physical mode shapes, 

which means their interpretation must be made carefully [32]. Finally, frequency-shift-based damage indicators are 

promising, but additional validation under more realistic building conditions is still needed [34]. 

Overall, the literature suggests that modal-parameter-based monitoring should be viewed as complementary to 

deformation-based monitoring. Drift-based measures remain more directly connected to post-earthquake 

performance limits, whereas pixel-domain modal quantities are often easier to obtain from pre-installed indoor 

cameras [31], [34], [43], [44]. This complementarity is one of the main reasons why pixel-domain modal 

monitoring deserves focused attention. 
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V. FUTURE RESEARCH DIRECTIONS 

Several research directions appear especially important for the next stage of development. 

First, there is a need for more realistic validation under conditions that resemble actual post-earthquake 

operation. Many current demonstrations were performed in controlled laboratory settings with favorable image 

quality. Future work should examine how frequency estimation and pixel-based modal outputs behave under 

illumination loss, dust, smoke, partial occlusion, and scene changes. 

Second, synchronization deserves further attention. Multi-camera indoor monitoring is one of the most 

promising directions because it can move the field beyond frequency extraction toward richer system identification 

[33]. However, the effect of timing errors, frame-rate mismatch, and dropped frames on identified modal quantities 

still needs more systematic study. 

Finally, future work should consider deployment logic at the building-network level. The long-term value of 

indoor surveillance-camera monitoring is not only methodological but also operational. Event-triggered video 

retrieval, automated processing, privacy-preserving workflows, and rapid building-level tagging will likely be 

central to any practical implementation [35], [37], [38]. 

 

VI. CONCLUSIONS 

This paper presented a focused review of modal-parameter-based structural health monitoring using in-building 

surveillance cameras, with particular attention to pixel-domain processing. The reviewed studies show a clear 

development path. Early work established that existing indoor cameras can recover structurally meaningful 

vibration information. Later studies demonstrated that dominant frequencies and operating-mode-like quantities 

can be extracted directly from relative pixel motions without full pixel-to-metric conversion. Subsequent work 

extended the concept to synchronized multi-camera modal identification, and more recent studies linked indoor-

camera measurements to post-earthquake damage assessment through frequency-shift-based indicators [31-34]. 

These studies indicate that pixel-domain modal monitoring is a promising direction for practical and scalable 

building assessment using pre-installed surveillance infrastructure. Its main strengths are the reduced calibration 

burden and compatibility with existing camera systems, while its main challenges include synchronization, tracking 

robustness, and interpretation of pixel-domain outputs. Continued progress in these areas may help move indoor-

camera-based monitoring from controlled demonstrations toward broader post-earthquake structural assessment 

applications. 
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