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Abstract 

As a contribution to addressing challenges and improving technology in field implementation 

and practice of ‘operational modal analysis’ (OMA), a vibration test was carried out on a ten-

storey rectangular building, featuring modal identification for both horizontal and vertical axes 

over a grid of 80 locations. The study used six triaxial accelerometers in 20 setups and the 

particular challenges with data are with close/buried modes, significant noise disparity, and 

contamination with harmonic signals in two frequency bands around 2 Hz and 8 Hz, which are 

addressed using recently developed techniques in Bayesian OMA. A particular feature of the 

building dynamic behaviour in the higher band of modes revealed by the study was a set of 

global vertical vibration modes. In addition to the short-term multi-setup test, two months of 

monitoring data were collected using a single accelerometer on the top floor to study amplitude 

dependence and ensemble statistics of modal properties, particularly for the first horizontal 

mode. The results reveal that the natural frequencies of the first three modes decrease with the 
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vibration level while the damping of the first mode shows an increasing trend. The field data 

used in this study are archived in an open repository for public access.  

Keywords: Ambient vibration test; operational modal analysis; vertical modes; buried modes; 

multiple setups; BAYOMA 

1 Introduction 

Full-scale vibration testing has become an indispensable tool for in-situ update and monitoring 

of structural modal properties (MPs) i.e., natural frequencies, damping ratios and mode shapes. 

MPs provide information for downstream applications, e.g., vibration diagnosis/control [1], 

model updating [2], damage detection [3] and structural health monitoring [4,5]. Although 

forced vibration (known input) tests can yield more accurate estimates of MPs, the ambient 

vibration test (AVT) has become popular for its simplicity in implementation, thanks to 

advances in theory and instrumentation technology. An increasing number of AVTs have been 

carried out in the last few decades, e.g., bridges [6], buildings [7], lighthouses [8], telecoms 

structures [9] and wind turbines [10].  

Performed under a complex field environment that is not repeatable, every field test is unique, 

presenting potential challenges that demand continuing research effort. Structures under 

operational conditions are mainly excited by wind, micro tremors, traffic and human activities 

and for buildings the levels of ambient vibration testing without coincidental timing of strong 

tremors or storms are generally much lower than that of bridges due to their relatively high 

mass/load ratio. As a result, sensors for vibration tests of buildings need to have much lower 

self-noise, usually in the order of  1 μg ∕ √Hz, for good quality data.  

A salient feature of the present study is detailed identification of a set of vertical vibration 

modes. Global ambient vertical vibrations in buildings are generally weak compared to 

horizontal motion in sway and torsion and their MPs are seldom studied in the literature. The 



3 

 

exception is forced vibration testing of floor slabs in relation to vibration serviceability under 

footfall excitation. In fact, such shaker tests of floors have often revealed apparent global 

modes with clear but relatively weak column vertical motion [11] and high modal mass, and 

these modes can potentially enhance vertical ground-borne vibration originating from blasting 

[12] and vehicles via mode shapes with ordinates increasing with storey level. Accessible 

studies on global vertical MPs include use of seismic response records to identify the 1.87 Hz 

first vertical mode of a 52-storey building [13] and a study of a 39-storey building in Korea 

(2011) that experienced vertical shaking resulting in an emergency evacuation. A subsequent 

field investigation [14] revealed a suspected linkage to a global vertical mode at 2.7 Hz, which 

is near the frequency of human group rhythmic movements. 

Contributing to field implementation and practice of operational modal analysis (OMA), this 

work presents the ambient vibration test of the ten-storey Roxby building, capturing both 

horizontal and vertical vibration responses using a set of six triaxial accelerometers. There were 

specific challenges in the AVT and the subsequent modal identification, using twenty setups 

across two days to recover high-resolution mode shapes at 80 locations. Performing modal 

identification with a large number of setups is a challenging task due to the non-stationary 

environmental conditions. Depending on the sensor locations and excitation levels (which 

cannot be controlled), a structural mode that exhibits high modal signal-to-noise ratio in one 

setup could be ‘buried’ by the vibration response in directions irrelevant to this mode in another 

setup, posing challenges in identifying the ‘global mode shapes’ covering all the measured 

degrees of freedom. A second challenge is harmonic signals (from machinery in or around the 

building) in the measured data. In OMA, the excitation is assumed to be broadband random, 

but since the excitation cannot be actively controlled in AVT, such harmonic signals can 

contaminate the data. Mitigating this problem requires proper measures to be taken to avoid 

biased estimates especially when the frequencies of the harmonic signals are within the 



4 

 

resonant bands of the modes of interest. These challenges are addressed using the recently 

developed techniques in Bayesian OMA. 

Although there are several studies tracking modal properties of super-tall buildings during 

typhoon events in recent years [15–17], much less attention is paid to mid-rise buildings. Even 

for super-tall buildings, the relationship between the vibration level and damping ratios still 

remains unclear and there is no commonly accepted amplitude-dependent damping model. 

Unlike natural frequency, damping cannot be predicted from a structural model. Empirical 

models for damping are available in the literature [18,19]. The damping values used for 

deriving the models were often estimated using early OMA techniques (e.g., half-power 

bandwidth) and their reliability is questionable [20]. Contributing to the investigation of 

amplitude-dependent properties of modal parameters, acceleration on the top level of the 

building was monitored continuously for two months. Several strong wind events were 

captured, giving reliable data across different orders of vibration levels. MPs were tracked for 

these data using a recently developed Bayesian dynamic programming method [21] and 

potential amplitude-dependent properties of modal parameters are investigated. A prediction 

model of modal parameters is established, and it has the potential to be used for anomaly 

detection when new data are obtained in the future.  

2 Description of the building 

The Roxby building (Figure 1) is a reinforced concrete structure located on the campus of the 

University of Liverpool, comprising ten storeys above ground plus a basement, with a total 

height of approximately 40 metres and primarily housing offices and laboratories for the 

Department of Geography and Planning. It was constructed between 1961 and 1966 in the 

Brutalist style. Vertical loads are supported by a regular grid of reinforced concrete columns 

and deep spandrel beams integrated into the façade, with concrete slabs spanning between them. 
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Lateral stability is achieved through reinforced concrete shear walls located at the northwest 

and northeast corners, which primarily resist north-south lateral loads, and a substantial shear 

wall along the south façade, which resists east-west loading. These elements, together with the 

central stair and lift core and the stiff perimeter frame, form a continuous and efficient load 

path for both vertical and lateral forces. Figure 2 shows the plan view of a typical floor below 

Level 8, where two rows of columns are arranged along the corridor between the stairwell and 

the lift core and the rectangular floor slab spans over a 32 × 13 m2 area. The layouts of Levels 

9 and 10 differ from the lower floors, featuring only a single row of columns in this area (Figure 

3). The sensor locations indicated in Figure 2 are discussed in Section 3. 

 

Figure 1 Roxby building. 

 

Figure 2 Typical floor plan below Level 8. Dot – test point; black box – column. 
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Figure 3 Typical floor plan at Level 10. Dot – test point; black box – column; star – 

monitoring location. 

3 Instrumentation 

A total of six accelerometers were available for the vibration testing of the building. Figure 4(a) 

shows one set of equipment which comprises an accelerometer, GPS receiver, high-precision 

clock, battery and cables. The accelerometer (Guralp 5TDE) is a three-axis force-balance 

accelerometer packaged together with a 24-bit digitiser, an embedded Linux-based acquisition 

module and an onboard storage unit. It has a maximum measurement range of ±2g  and a 

sampling rate ranging from 1 Hz to 1000 Hz. The noise level of the sensor is < 1 μg/√Hz 

estimated based on a ‘huddle test’ method [22], which is well below the ambient vibration level 

of civil structures in urban areas, so adequate signal-to-noise (s/n) ratios would be expected in 

this application. The battery is of lithium polymer type with a minimum capability of 16 Ah 

and can power continuous operation of the equipment for at least two days on a full charge. 

Sensor specification is summarised in Table 1. 

Table 1 Sensor specification 

Parameters Value 

Acceleration range ±2g 

Self-noise < 1 μg ∕ √Hz 

Digitiser resolution 24-bit 

Dynamic range 135 dB 

Maximum sample rate 1000 Hz 
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Timing sources GPS; external high-precision clock 

Power supply voltage 11-30 V DC 

 

 

Figure 4 (a) A set of equipment used in the field test; (b) ‘huddle test’ by placing sensors 

together to check the status of the instruments; (c) on-site view of the equipment. 

Due to requirements of the subsequent modal analysis, data acquired by multiple sensors used 

in vibration tests must be synchronous, i.e., recorded simultaneously at the same time scale. 

Depending on the site conditions, there are two means to synchronise this type of sensor. 

Because these sensors do not use a wired central data acquisition system, for outdoor 

measurements (e.g., bridges), sensors are synchronised through GPS receivers with common 

time signals from satellites. For indoor applications (e.g., in the current test), where GPS 

receivers cannot receive signals without a clear view of the sky, high-precision clocks are used, 

having been initially synchronised and trained using GPS receivers at a place with a clear view 

of the sky. Once the clocks are locked, the GPS receivers can be disconnected so the clocks can 

then be transported to the deployment site and connected to the sensors to provide timing 

information. The accuracy of the high-precision clock used here is 

0.038 ppm (parts per million) , giving a relative drift of 2 × 0.038 × 10−6 × 3600 × 8 ≈

2 ms over 8 hours. For a single 10 Hz mode, the phase shift caused by a 2 ms time error would 

be 2𝜋 × 10 × 0.002 = 7.2°, leading to a relative mode shape error of 1 − cos 7.2° = 0.79%. 

Such error is small enough to be negligible in OMA.  

Test locations 

      

(b) (a) (c) 
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Since the laboratories and offices were not accessible, the test locations were arranged along 

the corridors on the south side of the building, as shown in Figure 2, providing triaxial 

measurement at 8 ‘test points’ (TPs) on each floor, generally spaced 3 m apart. Such spacing is 

expected to give high spatial resolution in the identified mode shapes, enabling the evaluation 

of potential structural issues. TP 1 is located slightly further (about 5 m) from TP 2 to avoid 

disturbing building occupants near the lift lobby door. In total, 10 × 8 = 80  TPs were 

measured, giving 80 × 3 = 240  measured degrees of freedom (DOFs) over all three axes.  

Sensor alignment 

It was intended to obtain mode shapes with all TPs within the same vertical plane. Sensor 

alignment is very important in vibration tests as it directly affects the quality of identified mode 

shapes. Physical features (e.g., walls, columns) are commonly used to provide references for 

sensor alignment. However, in the current study, it was not straightforward to align all the 

sensors based on a common physical feature (e.g., walls). The wall beside TP 1 is not parallel 

to that beside TPs 2-7 and TP 8 located in a stairwell is not close to any of walls. On the other 

hand, the layout of Levels 9 and 10 is different from that of lower floors. The corridor becomes 

narrower on Level 9 and hence the location of the walls along the corridor differs from that of 

the lower floors in the floor plan. There is no corridor in Level 10 and a single wall separated 

the floor into two large social spaces. The solution to the alignment challenges was to mark a 

line across the centre of Doors A and B on each floor as the reference (See Figure 2) since 

drawings indicate that these lines on different floors lie within the same vertical plane. The 

north channel of each sensor was oriented along the line towards Door B with an offset of 35 

cm from the reference lines to reduce the risk of disturbing the building users.  

Reference sensors and roving setups 
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Having more TPs (80) than sensors (6) requires test planning with multiple setups, with each 

setup covering different parts of the structure while sharing sufficient common reference DOFs. 

Determining the reference DOFs and their corresponding TPs is a critical aspect in the planning 

of multiple setups. In order to assemble ‘local mode shapes’ in different setups into ‘global 

mode shapes’ covering all the measured DOFs, the reference DOFs should contain sufficient 

modal information on all the modes of interest. In this test, it was decided to have two reference 

sensors on the top level of the building, one at TP 1 and the other at TP 8 (total 6 DOFs), 

because the top level usually has large vibration responses and having two reference sensors 

(rather than one) can effectively avoid the situation where a single reference TP is at the node 

of a mode. The remaining four sensors were ‘roved’ from the top to the ground floor in different 

setups. At each floor, TPs 1, 3, 5 and 7 were first measured, followed by TPs 2, 4, 6 and 8. In 

total, 20 setups were conducted to cover all the TPs of interest.  

Before the multiple setup test, a reconnaissance measurement with a single accelerometer on 

the top floor found the fundamental mode to have a natural frequency of around 2 Hz. Based 

on this, setup duration was set at 10 minutes, giving around 600 × 2 = 1200 cycles of the 

fundamental mode, which is typically long enough for reliable estimations based on 

‘uncertainty laws’ [23].  

The multiple setup test was carried out on 15 November 2018 with sensors synchronised using 

high-precision clocks due to a weak GPS signal inside the building. The sensor sampling rate 

was set at 100 Hz, which is considered sufficiently high to accurately capture the dynamic 

behaviours of interest while avoiding excessively high data volumes that would impose 

unnecessary storage and processing demands. A ‘huddle test’ was performed before the setups 

by co-locating all the sensors at a TP on the top floor, see Figure 4(b), enabling checking of 

sensor status on-site, e.g., synchronisation and channel noise. It was only possible to make 

measurements in the afternoon of 15 November, with the first fifteen setups completed before 



10 

 

the building closed at 5 pm; Figure 4(c) shows one set of equipment during these setups. The 

remaining five setups were performed on 26 November 2018. 

4 Modal identification 

Consider a classically damped N-degree-of-freedom structure system with the mass, damping 

and stiffness matrices being respectively denoted by 𝑴, 𝑪 and 𝑲. The equation of motion can 

be expressed as 

  𝑴𝒙̈(𝑡) + 𝑪𝒙̇(𝑡) + 𝑲𝒙(𝑡) = 𝒘(𝑡) (1) 

where 𝒙(𝑡) , 𝒙̇(𝑡)  and 𝒙̈(𝑡)  are the 𝑁 × 1  displacement, velocity and acceleration response 

vectors, respectively; 𝒘(𝑡)  is the excitation force vector. The natural frequencies 

{𝜔𝑖}𝑖=1
𝑁  (rad/s) and mode shapes {𝝍𝑖}𝑖=1

𝑁  can be obtained by solving the eigenvalue problem 

𝑲𝝍𝑖 = 𝜔𝑖
2𝑴𝝍𝑖 . The response is then given by the sum of modal contributions 𝒙(𝑡) =

∑ 𝝍𝑖𝜂𝑖(𝑡)𝑁
𝑖=1  where {𝜂𝑖(𝑡)}𝑖=1

𝑁  are the modal response, each satisfying its own single-degree-

of-freedom equation of motion: 

  𝜂̈𝑖(𝑡) + 2𝜁𝑖𝜔𝑖𝜂̇𝑖(𝑡) + 𝜔𝑖
2𝜂𝑖(𝑡) = 𝑝𝑖(𝑡)     𝑖 = 1, … , 𝑁 (2) 

where 𝜁𝑖  and 𝑝𝑖(𝑡)  are respectively the modal damping ratio and modal force of the 𝑖 − 𝑡ℎ 

mode and they are defined such that 2𝜁𝑖𝜔𝑖 = 𝝍𝑖
𝑇𝑪𝝍𝑖 ∕ 𝝍𝑖

𝑇𝑴𝝍𝑖  and 𝑝𝑖(𝑡) = 𝝍𝑖
𝑇𝒘(𝑡) ∕

𝝍𝑖
𝑇𝑴𝝍𝑖. 

In OMA, the structural response is typically measured at a limited number of locations under 

ambient, noncontrollable, and immeasurable excitations. The objective of OMA is to identify 

structural modal properties such as natural frequencies, damping ratios and mode shapes based 

on the measured response only. Various OMA methods have been developed [24]. In this work, 

a Bayesian OMA (BAYOMA) approach [25,26] is applied to identify the modal parameters of 

the instrumented building as it provides a fundamental means to process the information in data 
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and quantify the identification uncertainty. Operating in the frequency domain, BAYOMA 

makes use of the FFTs within the selected frequency bands around the subject modes to infer 

the modal properties [27]. Given the data, BAYOMA models the modal parameters as random 

variables which can be approximated with a Gaussian probability distribution with mean being 

the most probable value and standard deviation describing identification uncertainty. The 

theory of multiple-setup BAYOMA is briefly reviewed in this section.  

Let {𝒙̂̈𝑗
(𝑟)

}
𝑗=0

𝑁𝑟−1

(𝑛𝑟 × 1) denote the measured acceleration data at 𝑛𝑟 DOFs in Setup 𝑟 where 

𝑁𝑟 is the number of data samples per channel. Its scaled FFT at frequency f𝑘
(𝑟)

= 𝑘 ∕ 𝑁𝑟Δ𝑡𝑟 is 

defined as 𝓕̂𝑘
(𝑟)

= √2Δ𝑡𝑟/𝑁𝑟 ∑ 𝒙̂̈𝑗
(𝑟)

𝑒−2𝜋𝐢𝑗𝑘/𝑁𝑟𝑁𝑟−1
𝑗=0   where 𝐢2 = −1  and Δ𝑡𝑟  is the sampling 

interval in Setup 𝑟 . Suppose within the selected frequency band there are 𝑚  dominated 

vibration modes following linear classically damped dynamics, 𝓕̂𝑘
(𝑟)

 is modelled as  

  𝓕̂𝑘
(𝑟)

= 𝜱𝑟𝜼𝑘
(𝑟)

+ 𝜺𝑘
(𝑟)

 (3) 

where 𝜱𝑟 = [𝒗𝑟1, … , 𝒗𝑟𝑚] ∈ 𝑅𝑛𝑟×𝑚 with the 𝑖 − 𝑡ℎ column being the ‘local mode shape’ of 

the 𝑖 − 𝑡ℎ mode covering the measured DOFs in Setup 𝑟 only; 𝜼𝑘
(𝑟)

 is the scaled FFT of modal 

response at frequency  f𝑘
(𝑟)

; 𝜺𝑘
(𝑟)

∈ 𝐶𝑛𝑟×1 denotes the scaled FFT of prediction error, assumed 

to be independent and identically distributed (i.i.d.) among different DOFs with a common 

power spectral density (PSD) 𝑆𝑒
(𝑟)

 within the band. By taking the scaled FFT on both sides of 

(2), it can be shown that 𝜼𝑘
(𝑟)

= 𝒉𝑘
(𝑟)

𝒑𝑘
(𝑟)

 where 𝒉𝑘
(𝑟)

 is a diagonal matrix with the 𝑖 − 𝑡ℎ entry 

ℎ𝑖𝑘
(𝑟)

  being the frequency response function corresponding to Mode 𝑖 ;ℎ𝑖𝑘
(𝑟)

= (1 − 𝛽𝑖𝑘
(𝑟)2 −

2𝜁𝑖
(𝑟)

𝛽𝑖𝑘
(𝑟)

𝐢)
−1

  (for acceleration data) where 𝛽𝑖𝑘
(𝑟)

= 𝑓𝑖
(𝑟)

∕ f𝑘
(𝑟)

 ;  𝑓𝑖
(𝑟)

  and 𝜁𝑖
(𝑟)

  are the natural 

frequency and damping ratio of Mode 𝑖  in Setup r, respectively; 𝒑𝑘
(𝑟)

= [𝑝1𝑘
(𝑟)

;  … ; 𝑝𝑚𝑘
(𝑟)

] ∈

𝐶𝑚×1   with 𝑝𝑖𝑘
(𝑟)

  being the scaled FFT of the modal force at frequency f𝑘
(𝑟)

  and they are 
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assumed to be stationary with a constant PSD matrix 𝑺(𝑟) ∈ 𝐶𝑚×𝑚  within the selected 

frequency band (so only band-limited white). 

In a multiple-setup test, the main objective is to obtain the ‘global mode shapes’ covering all 

the measured DOFs. Let 𝝋𝑖 (𝑛 × 1) denote the global mode shape of the 𝑖-th mode. It can be 

related to the local mode shape 𝒗𝑟𝑖  by a selection matrix 𝑳𝑟 ∈ 𝑅𝑛𝑟×𝑛 , i.e., 𝒗𝑟𝑖 = 𝑳𝑟𝝋𝑖 (𝑖 =

1, … , 𝑚). The selection matrix 𝑳𝑟 is defined such that the (𝑗, 𝑘)-entry of 𝑳𝑟 is 1 if the 𝑗-th data 

channel in Setup 𝑟 measures the DOF 𝑘 in 𝝋𝑖 and zero otherwise. In the above context, the 

modal properties 𝜽  to be identified comprise = {{{𝑓𝑖
(𝑟)

}
𝑖=1

𝑚

, {𝜁𝑖
(𝑟)

}
𝑖=1

𝑚

, 𝑺(𝑟), 𝑆𝑒
(𝑟)

}
𝒓=1

𝑛𝑠

, 𝚽 =

[𝝋1, … , 𝝋𝑚]}. BAYOMA makes use of the FFTs from multiple setups for inference. Using 

Bayes’ theorem and assuming a uniform prior distribution for 𝜽 , the posterior probability 

density function (PDF) of 𝜽 given the data FFTs 𝐷 = {{𝓕̂𝑘
(1)

}, … , {𝓕̂𝑘
(𝑛𝑠)

}} is proportional to 

the likelihood function, i.e., 𝑝(𝜽|𝐷) ∝ 𝑝(𝐷|𝜽). For long data, the FFTs  𝐷 follow a (circular 

symmetric) complex Gaussian distribution and are independent at different frequencies and 

different setups. It can be shown that the negative of the log-likelihood function (NLLF) is 

given by [25] 

 
 L(𝜽) = − ln 𝑝(𝐷|𝜽) = ∑ [𝑛𝑟𝑁𝑓

(𝑟)
ln 𝜋 + ∑ ln|𝑬𝑘

(𝑟)|𝑘 +
𝑛𝑠
𝑟=1

∑ 𝓕𝑘
(𝑟)∗𝑬𝑘

(𝑟)−1𝓕𝑘
(𝑟)

𝑘 ] 
(4) 

where 𝑁𝑓
(𝑟)

 is the number of FFT points in the selected frequency band in Setup 𝑟; ‘*’ denotes 

the complex conjugate transpose; the sum inside the bracket is over all frequencies in the 

selected band; 

  𝑬𝑘
(𝑟)

= 𝜱𝑟𝑯𝑘
(𝑟)

𝜱𝑟
T + 𝑆𝑒

(𝑟)
𝑰𝑛𝑟

  (5) 
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is the theoretical PSD of the data in Setup 𝑟  with 𝑯𝑘
(𝑟)

= 𝒉𝑘
(𝑟)

𝑺(𝑟)𝒉𝑘
(𝑟)∗

 . By minimising the 

NLLF in (4) (equivalent to maximising the posterior PDF 𝑝(𝜽|𝐷)), one can obtain the most 

probable value (MPV) of modal parameters. An efficient algorithm has been developed recently, 

see [25] for details. The identification uncertainty can be quantified in terms of the posterior 

covariance matrix of the modal parameters. Mathematically, it is equal to the inverse of the 

Hessian matrix of the NLLF at the MPV. Analytical expressions for the Hessian matrix have 

been derived in [26], allowing the identification uncertainty to be quantified accurately and 

efficiently. The algorithms have been validated through numerical, laboratory and field data in 

the previous work [25,26] and have been successfully applied to the modal identification of 

buildings [28] and bridges [29]. In this work, these algorithms [25,26] will be used to identify 

the modal parameters of the instrumented building and quantify the identification uncertainty. 

5 High-resolution mode shape test 

5.1 Spectra analysis 

As mentioned in Section 3, Setups 1-15 and 16-20 were performed with a two-week interval. 

Figure 5(a) and (c) show the root PSD up to 10 Hz for the data collected in Setup 1 (the first 

testing day) and Setup 16 (the second testing day two weeks later) where the blue, green and 

red lines indicate the response along x, y and vertical directions, respectively. Clear peaks which 

are concentrated around 2 Hz and 8 Hz indicate the potential existence of structural modes. 

Figure 5(b) and (d) show the corresponding singular value (SV) spectrum (i.e., eigenvalues of 

the real part of the PSD matrix versus frequency), where the number of distinctly higher lines 

indicates the number of modes within the band. From Figure 5(b), there are three lines (blue, 

red and yellow) significantly above the remaining ones around 2 Hz, indicating the presence 

of three modes in this region. The second and third modes are closely spaced, with overlapping 

resonant bands, but are clearly distinguishable from the first mode. These three modes feature 



14 

 

with high modal s/n ratios. The fourth and fifth maximum eigenvalues (green and purple lines) 

in the SV spectrum of Setup 16 (Figure 5(d)) show slight elevations around 2 Hz compared to 

the noise level, a trend also observed in other setups conducted on the second testing day. This 

is due to the slight synchronisation errors among the high-precision clocks, arising during the 

initial training by GPS receivers. Based on the authors’ experience, the effect of such small 

timing errors (a few milliseconds) can be neglected when one is concerned with the activities 

at low frequency range (say, < 10 Hz). 

  

  
Figure 5 PSD and SV based on data in Setups 1 (the first testing day) and 16 (the second 

testing day). In PSD spectrum, blue line - x-axis; green line - y-axis; red line - z-axis. 

As indicated in Figure 5(c) and (d), there are four modes in the region around 8 Hz, with much 

lower modal s/n ratios compared to the first three modes. Identification of these modes turns 
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out to be challenging due to the poor-quality data on the first testing day. First, the PSD 

spectrum of Setup 1 in Figure 5(a) shows sharp peaks at 4, 8 and 8.87 Hz, which is also the 

case for other setups performed on the first testing day and which may have been due to 

harmonic excitation by machinery operating at a construction site near the building on the first 

testing day. While the harmonic signal at 4 Hz does not affect the identification of the modes 

because it is outside the resonant bands of modes of interest, special attention needs to be paid 

to the harmonic signals at 8 and 8.87 Hz, which are within the region of the modes. In 

BAYOMA, the FFTs within the (hand-picked) selected frequency band covering the modes of 

interest will be used to infer the modal parameters. To mitigate the influence of the harmonic 

signals, the FFTs at or near the harmonic signals should be excluded from the selected band 

otherwise they may introduce significant modelling errors with respect to the assumption of 

band-limited white noise excitations. Table 2 shows the selected frequency bands and initial 

guesses in the first setup data, which were manually selected based on the peaks observed in 

the SV spectrum. 

Table 2 Selected frequency bands in Setup 1. 

Mode 1 Close modes 

{2,3} 

4 5 Close modes {6, 7} 

Frequency 

band (Hz) 

[1.87, 

2.14] 

[2.29, 2.65] [6.95, 

7.32] 

[7.43,7.73] [7.86, 9.03] excluding 

[8.02, 8.12] and [8.85, 

8.91] 

Initial 

guess 

(Hz) 

2.01 {2.43, 2.52} 7.27 7.60 {8.17, 8.36} 

 

A second challenging issue with the data collected on the first testing day is that the modes 

around 8 Hz are ‘buried’ by some vertical channels in Setups 1-6, as shown in Figure 5(a) 

where two red lines (Channels 6 and 9) obscure the blue and green peaks. This calls into 

question the validity of the i.i.d. noise assumption. On the other hand, direct identification of 

these modes based on the original data leads to a convergence problem. In view of these issues, 
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an empirical method is developed here to ‘pre-normalise’ the data so that the processed data 

channels have practically a similar noise PSD level to allow the existing algorithms developed 

for i.i.d. noise [25,26] to be applied without the apparent risk of modelling error. Essentially, 

each channel of the original dataset is normalised by dividing it by the square root of its 

corresponding noise PSD, while the corresponding entries in the selection matrix are divided 

by the same value. To see why this works, consider a linear transformation 𝒙̂̈𝑗
(𝑟)′ = 𝑹(𝑟)𝒙̂̈𝑗

(𝑟)
, 

which transforms the original measured data {𝒙̂̈𝑗
(𝑟)

}  in Setup 𝑟  into a new set of data 𝒙̂̈𝑗
(𝑟)′

 

through a 𝑛𝑟 × 𝑛𝑟 real invertible matrix 𝑹(𝑟). Correspondingly, the FFT and theoretical PSD 

of transformed data can be expressed by 

  𝓕̂𝑘
(𝑟)′

= 𝑹(𝑟)𝓕̂𝑘
(𝑟)

= 𝑳𝑟
′ 𝚽 𝒉𝑘

(𝑟)
𝒑𝑘

(𝑟)
+ 𝑹(𝑟)𝜺𝑘

(𝑟)
 (6) 

  𝑬𝑘
(𝑟)′ = 𝑳𝑟

′ 𝚽𝑯𝑘
(𝑟)

𝜱𝑟
T𝑳𝑟

′𝑻 + 𝑹(𝑟)𝑺𝑒
(𝑟)

𝑹(𝑟)𝑇 (7) 

where 𝑳𝑟
′ = 𝑹(𝑟)𝑳𝑟 ; 𝑺𝑒

(𝑟)
= 𝑬[𝜺𝑘

(𝑟)
𝜺𝑘

(𝑟)∗|𝜽]  is the noise PSD matrix of the original data. If 

𝑹(𝑟) = (𝑆𝑒0
(𝑟)

)
1∕2

(𝑺𝑒
(𝑟)

)
−1∕2

 where 𝑆𝑒0 is an arbitrary reference value, then the noise PSD of 

new data reduces to 𝑆𝑒0𝑰𝑛, i.e., i.i.d. noise with common PSD. Consequently, Equation (7) 

takes the same form as (5). As a result, the theory and algorithms developed for the case of i.i.d. 

noise in Section 4 will apply (by replacing 𝑳𝑟  with 𝑳𝑟
′  ). In implementation, 𝑆𝑒0

(𝑟)
  is chosen 

nominally by analyst and its choice does not affect the results [30]. The noise PSDs of data 

channels can be estimated empirically from data PSD spectrum or a huddle test [22]. 

Using data in Setup 1 as an example to demonstrate the proposed empirical method, from 

Figure 5(a), the data PSDs in Channels 6 and 9 are approximately twice as high as those of the 

remaining channels at frequencies away from the resonant region (e.g., 6 Hz, reflecting noise). 

To account for this disparity, the data in these two channels are divided by 2 so that the PSDs 

in these channels have a similar level as other channels. Accordingly, the corresponding entries 
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in the selection matrix for Channels 6 and 9 become 0.5. Figure 6 shows the PSD and SV of 

the transformed data in Setup 1 where the modes around 8 Hz are more prominent in both PSD 

and SV spectra compared to the spectra based on the original data. A similar procedure applies 

to the data in Setups 2 – 6 and details are omitted here. Note that the transformed data are only 

used when identifying the modes around 8 Hz while the identification of the first three modes 

is based on the original data.  

  
Figure 6 PSD and SV based on the transformed data in Setup 1. In PSD spectrum, blue line - 

x-axis; green line - y-axis; red line - z-axis. 

5.2 Identified modes 

Figure 7 shows the identified mode shapes of the first three modes, with sample means of the 

identified natural frequencies and damping ratios indicated in the figure. The value inside the 

parenthesis is the representative coefficient of variation (COV), which is attributed to both 

setup-setup variability and identification uncertainty [31]. The red and black lines represent the 

undeformed and deformed mode shapes, respectively. Mode 1 is dominated by the translational 

motion along the x-direction (i.e., weak direction). From the plan view, the building also rotates 

around the top of the figure. Modes 2 and 3 occur at close frequencies, being 2.42 Hz and 2.54 

Hz, respectively and are both torsional modes. From the plan view, TPs located at the same in-

plane positions on different floors exhibit nearly identical motion directions, indicating that the 
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position of the centre of rotation is consistent across floors. To illustrate these modes more 

clearly, Figure 8 presents the plan views of Modes 2 and 3 on Level 10. It can be observed that 

the centre of rotation in Mode 2 is located on the left side of the figure, while in Mode 3 it is 

on the right.  

 

Figure 7 Identified mode shapes; Modes 1 – 3. 

 

Figure 8 Plan view of Modes 2 and 3 on Level 10.  

As discussed in the last section, Modes 4 – 7 are challenging to identify because the modes are 

buried by vertical signals (see Figure 5(a)) and harmonic excitations appear within the resonant 

bands but are interesting due to their vertical components. The signals in Setups 1-6 were first 

pre-normalised before modal identification. Figure 9 and Figure 10 show the mode shapes of 

Modes 4-7. Mode 4 is the second translational mode, which involves the motion along both the 
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weak (x-) and strong (y-) directions, while Mode 5 is the second translational mode mainly 

along the y-direction. Mode 6 mainly involves the motion along the horizontal direction. It is 

seen that TPs at the stairwell in Mode 6 have much larger response compared to those in the 

lift core, especially at the lower levels. Mode 7 is a global vertical mode in the sense of having 

clear vertical motion at the lift core and stairwell and has relatively high damping ratio of 3.9%, 

but Modes 4-6 also have significant vertical motion along the connecting corridor with forms 

that resemble out of plane bending of a floor slab. Additionally, the vertical motion along the 

corridor for Modes 4-7 and at the lift core and stairwell for Mode 7 generally increases with 

floor height.  

            

Figure 9 Identified mode shapes; Modes 4 – 5. 
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Figure 10 Identified mode shapes; Modes 6 – 7. 

The appearance of modes with significant vertical motion in the higher range of frequencies 

prompted an investigation into vertical mode above the originally selected 10 Hz limit. A global 

vertical mode appearing at 11 Hz was identified with a damping ratio of 6.3%. The mode shape 

is shown in Figure 11 and is characterised by a rocking motion about the middle line with lift 

core and stairwell motion in antiphase. The lift core has a higher response compared to the 

stairwell. Similar to Modes 4-7, the vertical motion increases with floor height.  

These modes were all that could be reliably identified from the ambient vibration data. In theory 

any structure has an infinite number of modes although for practical purposes in wind and 

seismic design of buildings only the first few modes involving horizontal sway and torsion are 

relevant. While not a safety issue, lightweight floor designs with low embodied carbon have 

enhanced concerns with vibration serviceability and driven requirements for identification of 

vertical vibration modes local to a specific floor [32] that have in some cases indicated vibration 

modes linking multiple floors, a phenomenon that occasionally has significant consequences 

[14]. What is particularly interesting about the study reported here is that it provided direct 

evidence linking vertical modes with global sway modes, although the ability to identify a 
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much larger set is limited by the instrumentation (for data acquisition at high spatial resolution) 

and nature of dynamic loads (to excite adequately modes in all axes). 

It is of interest to see that the higher modes around 8 Hz and 11 Hz have relatively larger 

damping ratios compared to the lower modes around 2 Hz. This observation aligns with the 

findings reported in [33], which investigated the dynamic responses of 24 buildings during 

earthquake events using an input-output identification technique to estimate damping ratios. 

There have been attempts to rationalise the origin of damping in buildings [34] but the 

underlying physical explanations for the trend observed here remain an open question. 

 

Figure 11 Identified mode shapes; Mode 8. 

Table 3 summarises the averaged posterior COV among setups and sample COV (sample 

standard deviation among the setups divided by the sample mean of MPVs) of natural 

frequencies and damping ratios. The sample COV is affected not only by identification 

uncertainty but also by the variability of the modal parameters among different setups. For this 

reason, the sample COV is generally higher than the posterior COV. Both the posterior and 

sample COV are small for natural frequency, indicating a high identification precision. The 

posterior COVs of damping ratios are around 10% while the sample COVs range from 10% to 

40%. 
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Table 3 Statistics of the identified natural frequencies and damping ratios. 

Modal parameters Mode  

1 2 3 4 5 6 7 8 

𝑓 COV (%) 0.12 0.13 0.13 0.34 0.24 0.12 0.2 0.5 

Sample COV 

(%) 

0.22 0.37 0.28 0.56 0.33 0.63 0.85 1 

𝜁 COV (%) 15 12 12 16 19 7 7 15 

 Sample COV 

(%) 

19 40 19 28 35 20 11 43 

 

6 Long-term monitoring of dynamic properties 

Following the multiple-setup test, one sensor was left in a secure room located at the southeast 

corner of the top floor (see Figure 3). Continuous data were collected over two months, from 

9 December 2018 to 9 February 2019 during which time several strong wind events occurred, 

with maximum wind speeds exceeding 20 m/s. These include Storm Deirdre on 15 December 

2018, a strong wind event on 27 January 2019, and Storm Erik, which lasted from 7 to 9 

February 2019. In this section, the dynamic properties of the first three modes are investigated 

based on the monitoring data. 

Conventionally, to track the temporal variation of modal parameters, data are first empirically 

divided into non-overlapping segments of equal length, and the modal parameters are identified 

within each segment using a time-invariant model. Potential time-varying behaviour is 

investigated based on the variation of the identified parameters across successive segments. 

For simplicity, the segment length is often assumed to be constant. However, intuitively, when 

the parameters exhibit significant changes (e.g., during a strong wind event), shorter segments 

should be used to reduce modelling errors against time-invariant properties and to improve 

temporal resolution. Conversely, during periods with little change in modal parameters, longer 

segments are preferable to improve identification precision. Motivated by the aforementioned 

issues, a Bayesian dynamic programming approach has been recently developed [21], which 
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allows the data segment lengths to be adapted during the tracking based on the data acquired 

so far. From a Bayesian model class selection perspective, the ‘optimal partitioning’ of data, 

between which a change of modal parameters occurs, and the associated piecewise-constant 

modal properties are determined by maximising the probabilistic evidence supported by data. 

In this section, we use the Bayesian dynamic programming method to track the modal 

properties. In the approach, the length of the ‘unit segment’ needs to be defined first. It refers 

to the shortest time-invariant segment within which the modal parameters can still be uniquely 

determined. In this work, the unit segment length is set to 10 minutes, consistent with the data 

duration used in the multiple-setup test. 

Figure 12 shows the tracking results of the first mode over the whole monitoring period, which 

are reported with black boxes covering the identified MPV ± 2 standard deviation range 

calculated using the data within the segment. The estimates of natural frequencies are in the 

interval 1.96 Hz to 2.06 Hz, a range of over 4.8%. The posterior uncertainty in natural 

frequencies is less than 1% while the posterior uncertainties in damping ratios and modal force 

PSDs are significantly higher, usually in the order of tens percent. The estimates of damping 

ratios range from 0.25% to 3.71%. The estimates of modal force PSD, which reflect the 

vibration level of the structure, generally exhibit diurnal variation and reach the local maxima 

at midday. The wind speed is also plotted in the figure for comparison [35], which ranges from 

0 m/s to 22 m/s. A clear positive correlation between the modal force PSD and wind speed can 

be observed during strong wind events. To further investigate the variation of modal properties 

in strong wind events, Figure 13 shows the results during Storm Erik on 7 February 2019.  

During that day, the wind speed increased from 4 m/s at midnight to a peak of 18 m/s at 8 am, 

before gradually returning to 4 m/s by the end of the day. The modal force PSD shows a similar 

trend as the wind speed, increasing from 10−14 g2/Hz to 10−10 g2/Hz and then returning back 

to 10−14 g2/Hz. In the meantime, the natural frequency shows a negative correlation with the 
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vibration amplitude, decreasing from 2.01 Hz to 1.95 Hz and then returning to 2.01 Hz at the 

end of the day. The damping ratio increased from 0.6% to around 3% and then decreased to the 

original level. The potential amplitude dependence of natural frequencies and damping ratios 

will be investigated later. From Figure 13, when there is little change in the modal parameters 

(say, before 5 am), longer segments are selected for modal identification, giving a smaller 

identification uncertainty. Conversely, during the main event (say, between 6 am and 10 am), 

shorter segments are used to improve the temporal resolution. This is the potential advantage 

of using Bayesian dynamic programming for the tracking, in which the data segment lengths 

can adaptively adjust, justified by the Bayesian evidence.  

 

Figure 12 Tracking results of modal properties over the complete monitoring period; Mode 1; 

black box - identified MPV ±2 standard deviation calculated using the data within the 

segment.  
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Figure 13 Tracking results of modal properties during Storm Erik; Mode 1; same legend as 

Figure 12. 

Figure 14 shows the tracking results of closely spaced Modes 2 (black boxes) and 3 (red boxes). 

The identified natural frequencies and modal force PSDs exhibit generally similar trends for 

these two modes. However, the damping ratio of Mode 2 shows a larger variation compared to 

that of Mode 3 during some quiet periods. For example, Figure 15 shows the results between 

12 and 15 December 2018, a quiet period with the wind speed around 5 m/s. It is seen that the 

damping ratio of Mode 2 changed significantly between 1% and 4% while that of Mode 3 

remained relatively stable (around 1%).  
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Figure 14 Tracking results of modal properties over the complete monitoring period; Modes 2 

(black) and 3 (red); same legend as Figure 12. 

 

 

Figure 15 Tracking results of modal properties between 12 and 15 December 2018; Modes 2 

(black) and 3 (red); same legend as Figure 12. 
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The potential amplitude dependence of modal parameters has been investigated. Figure 16  

shows the identified natural frequency and damping ratio versus modal force PSD for Mode 1. 

The results are reported with a dot at the MPV and an error bar indicating ±2 posterior standard 

deviation. There is an inverse correlation between the natural frequency and modal force PSD, 

especially at higher vibration levels. A clear positive trend can be observed between the 

damping ratio and modal force PSD for Mode 1. Figure 17 shows the identified natural 

frequency versus modal force PSD for Modes 2 and 3. Similar to Mode 1, the natural frequency 

shows a decreasing trend with modal force PSD for both modes. One potential explanation for 

the negative correlation is the progressive loosening of frictional joints at higher vibration 

amplitudes, which can lead to a reduction in global stiffness and, consequently, a decrease in 

natural frequencies [36]. The correlation between the damping ratio and modal force PSD is 

less obvious for these two modes. When the modal force PSD is around 10−12 g2 ∕ Hz , the 

estimates of damping ratios in Mode 2 changed significantly, which implies that the estimates 

are affected by other unknown factors. The damping ratios of Mode 3 remain relatively stable 

around 1%, regardless of the modal force PSD. 
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Figure 16 Identified natural frequency and damping ratio versus modal force PSD; Mode 1. 

 

Figure 17 Identified natural frequency versus modal force PSD; Modes 2 and 3. 

Using the results obtained during the monitoring period, a probability model to predict the 

distribution of modal parameters in the future is established based on the theory developed in 

[31]. Here, we assume that the data collected during the monitoring period is rich enough to 

cover a future scenario in the sense that in a future time window, the environment corresponds 

to the past time windows in Figure 12 and Figure 14. The modal parameter is modelled to have 

value in one of the data segments with the probability 𝑤𝑖 proportional to the duration of data 

segment. In the above context, the PDF of modal parameter 𝜃 can be modelled by 
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  𝑝Θ(𝜃|𝐷) = ∑
𝑤𝑖

√2𝜋𝑐̂𝑖
exp [−

1

2𝑐̂𝑖
(𝜃 − 𝜃𝑖)

2
]

𝑁𝑠
𝑖=1  (8) 

where 𝑁𝑠 is the number of partitioned segments;  𝑤𝑖 = 𝑁𝑢𝑖 ∕ 𝑁𝑢 where 𝑁𝑢𝑖 is the number of 

unit segments contained in the 𝑖 − 𝑡ℎ partitioned segment while 𝑁𝑢 is the total number of unit 

segments over the monitoring period; 𝜃𝑖 and 𝑐̂𝑖 are the posterior MPV and variance identified 

based on the 𝑖 − 𝑡ℎ partitioned segment data, respectively. It can be shown that the expectation 

𝜇 and variance 𝑐 of 𝜃 are given by  

  𝜇 = ∑ 𝑤𝑖𝜃𝑖
𝑁𝑠
𝑖=1         𝑐 = ∑ 𝑤𝑖(𝜃𝑖 − 𝜇)2𝑁𝑠

𝑖=1 + ∑ 𝑤𝑖𝑐̂𝑖
𝑁𝑠
𝑖=1  (9) 

The expectation is the weighted mean of posterior MPVs among the data segments. The 

variance is the sum of the weighted sample variance among the segments (reflecting the 

variability of modal parameters) and the weighted mean of the posterior variances (reflecting 

the identification uncertainty). Figure 18 shows the PDF of natural frequencies and damping 

ratios of Modes 1-3. The mean and COV of the distribution are shown above each subfigure. 

The distributions are roughly Gaussian with a unique peak around the mean value. The mean 

values for all the damping ratios are around 1%. The COVs of natural frequencies are below 

1% while the COVs of damping ratios range from 29% to 40%. The predicted distribution has 

the potential to be used for anomaly detection when new data is acquired in the future. 
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Figure 18 Predicted PDF of modal parameters. 

7 Conclusions 

This paper has presented the work on a full-scale vibration test of a mid-rise building and modal 

identification using a multiple-setup BAYOMA algorithm. Eight modes have been identified, 

mainly concentrated in two frequency ranges, around 2 Hz and 8 Hz, respectively. The first 

mode is a combination of translational mode along the weak direction and torsional mode. Both 

the second and third modes are torsional, occurring at very close frequencies. The damping 

ratios of lower modes around 2 Hz are around 1% while the higher modes around 8 Hz have 

relatively larger damping ratios, above 2%. The higher frequency set of modes exhibit 

significant vertical components, with modes at 8.35 Hz and 11 Hz having significant vertical 

response in the axially stiffer stairwell and lift core and being associated with high damping 

ratios of 3.9% and 6.3%. 
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The measured vibration data were contaminated by harmonic signals in the resonant bands 

around 8 Hz. As a frequency domain method, BAYOMA makes use of the FFTs within the 

(hand-picked) frequency bands for inference and the bands need not be continuous. As a result, 

BAYOMA can still apply to such datasets by excluding the FFTs at or near the harmonic signals 

from the selected bands. The noise disparity and buried modes lead to challenges in the modal 

identification. The data were pre-normalised through a linear transformation to allow the 

existing algorithms developed for i.i.d. noise to be applied without the apparent risk of 

modelling error. The identified modes based on the processed data are physically reasonable. 

The structural modal properties have been tracked over two months by a recently developed 

Bayesian dynamic programming method. Regardless of modes, there is a significant negative 

correlation between natural frequencies and vibration levels, especially during strong winds. 

The damping ratio of the first mode shows a clear positive trend with modal force PSD, 

increasing from less than 1% to 4%. The relationship is less clear for the second and third 

modes due to the significant scatters. A probabilistic model has been established to predict 

modal parameters using the monitoring data. The COV of natural frequency in the model is 

less than 1% while that of damping ratios are in the order of tens of percent. The model has the 

potential to be used in anomaly detection when new data are acquired in the future. 
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