
Fluctuation and Noise Letters  

© World Scientific Publishing Company 

1 

Challenges of Assessing Fluctuations in Actigraphic Acceleration Data 

Under Sleep and Wakefulness 

Bálint Maczák1*, Csenge G. Horváth2, Borbála Rozner3, Sungwoon Kim2, Róbert Bódizs2 and 
Gergely Vadai1 

1Department of Technical Informatics, University of Szeged, Szeged 6720, Hungary 
2Institute of Behavioural Sciences, Semmelweis University, Budapest 1089, Hungary 

3Institute for Biology, University of Veterinary Medicine, Budapest 1078, Hungary 
*maczak@inf.u-szeged.hu 

Received Day Month Year 

Revised Day Month Year 

Accepted Day Month Year 

Published Day Month Year 

Communicated by 

Human locomotor activity, quantified using the unstandardized method of actigraphy, is frequently 

analyzed across various disciplines, particularly focusing on its scale-free properties. For multi-day 

locomotor activity, we have already shown that all differently determined activity data, as well as 

those of the underlying acceleration signals, exhibit the same universal spectral characteristics, 

including 1/f noise. In the present study, we have adapted our analytical methodology to the sleep–

wake separated examination of 1 𝑓𝛼⁄ -like fluctuations commonly employed for activity data in 

clinical research, but extending this to acceleration signals, too. Our systematic analysis revealed 

that this approach is not only highly sensitive to how sleep periods were identified, but such factors 

(deterministic measurement errors and the separation of the gravitational component) that are 

typically negligible in conventional activity-based analyses can also have a substantial impact when 

examining acceleration data. Notably, depending on these factors, the observed spectral 

characteristics of acceleration signals under sleep may even contradict conclusions drawn from 

activity signal-based studies in literature, highlighting the necessity of careful methodological 

considerations. 
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1.   Introduction 

Actigraphy is widely utilized in medicine, biophysics, and sports science to quantify human 

locomotor activity by employing a special, triaxial accelerometer-based, non-invasive 

measurement device – known as actigraph –, typically placed on the non-dominant wrist 

of the examined subject [1]. Despite its widespread application in clinical fields (e.g., 

somnology [2] or psychiatry [3,4]), the methodology of actigraphy is largely 

unstandardized, because the way actigraphs compress the triaxial acceleration of the wrist 

into minute-wise activity values can differ greatly across manufacturers – many of whom 

do not make the details of their methods publicly available. Differences may arise from 
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how the acceleration signal is preprocessed (e.g., calculating the magnitude of acceleration 

and eliminating the gravitational component) and how it is compressed into activity values 

using an activity metric (that is typically a set of nonlinear operations, e.g., counting 

threshold crossings). In a previous comparative study, we collected and categorized these 

diverse techniques found in the literature, introduced a unified nomenclature for them, and 

demonstrated – using acceleration data measured on the wrist – that the differences in 

activity determination methods can compromise the comparability and reproducibility of 

scientific works [1]. Since then, our work has been employed by one of the leading 

companies in the sports watch industry, Garmin Ltd. (Olathe, Kansas, USA), in the process 

of revision of their enhanced actigraphic methodology [5]. 

The scale-invariant properties, complexity, and 1 𝑓𝛼⁄ -like fluctuations of human 

locomotor activity are often analyzed in the literature, either for healthy subjects [6,7] or 

in the context of various health conditions, such as insomnia [8], hypersomnia [9], 

Alzheimer’s disease [10], autism spectrum disorder [11]. These studies are commonly 

conducted through the analysis of the fluctuation function of minute-wise activity data, 

derived by Detrended Fluctuation Analysis (DFA) [12], or through the examination of their 

Power Spectral Density (PSD or 𝑆(𝑓)) separately for sleep and wakeful segments within a 

day. Although the related studies generally used actigraphs of various manufacturers, and 

consequently, analyzed activity data determined using different methodologies, they 

generally found 𝑆(𝑓) ∝ 1 𝑓𝛼⁄  behavior with 𝛼 exponents close to 1 during wakefulness 

and substantially below 1 during sleep [6–8] in the region of frequencies corresponding to 

a few minutes to hours, but the exact region varied across studies. 

 

Fig. 1. The previously identified universal spectral characteristics are demonstrated through power spectral 

densities (PSDs) derived from nearly 7 days of wrist movement from a representative subject. The PSDs – 

smoothed using the Daniel method with logarithmic binning to reduce variance and vertically aligned for 

comparison – are shown for a normalized acceleration signal sampled at 100 Hz (blue) and an activity signal 

obtained by integrating that acceleration data over 60-second intervals (red), i.e., for UFNM acceleration and 

PIM(UFNM) activity data (see Section 2.3.). The main components of the spectral characteristics and the 

frequency range analyzed in this study are also highlighted. 
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Building on our previous work that categorized actigraphy methodologies [1], we have 

since examined the spectra of multi-day actigraphic signals without separating the records 

into segments of sleep and wakefulness [13,14]. We found that multi-day activity signals 

exhibit universal spectral characteristics that are independent of the specific actigraphic 

methodology used, and discovered that, even the raw acceleration of the wrist can be 

characterized in the same, universal way. The spectral characteristics are illustrated in 

Fig. 1 for a representative subject, showing the PSD of the normalized magnitude of their 

wrist acceleration and an activity signal derived from it. A distinct change in the shape of 

the PSD can be observed around 10⁻⁴ Hz: while 1 𝑓𝛼⁄  noise (with 𝛼 ≈ 1, i.e., pink noise) 

dominates at higher frequencies, the spectrum flattens at lower frequencies, and peaks 

emerging in this whitened region corresponding to daily periodicity of circadian rhythm. 

In the current work, we demonstrate that although the multi-day spectral characteristics 

of acceleration signals are robust against the actigraphic methodology, they are inconsistent 

if examining sleep and wakeful intervals separately. The within-day spectral characteristics 

under sleep can substantially depend on the preprocessing method, the presence of 

deterministic measurement errors, and even on how the sleep–wake classification was 

established.  

2.   Materials and methods 

2.1.   Examined datasets 

We analyzed two sets of actigraphic data: datasets D1 and D2 contain raw triaxial 

acceleration signals recorded on the nondominant wrist of healthy subjects using 

GENEActiv Original (Activinsights Ltd., Cambridge, UK) actigraphs at a sampling rate of 

100 Hz and range of ±8 g [15]. For dataset D1, we analyzed the acceleration signals of 26 

subjects (16 females; mean age: 23.69 years, SD: 4.81 years) during a single night of sleep 

– when concurrent EEG (electroencephalography)/polygraphy (heart rate, forehead 

temperature, head position, ambient sound intensity) measurements took place in the 

habitual sleep environments of the subjects by a wearable headband-EEG (Hypnodyne 

Zmax - Hypnodyne Corp., Sofia, Bulgaria). From dataset D2, we examined the 5-day-long 

record of 27 subjects (15 females, age: mean 33.0 years, SD 18.29 years). 

2.2.   Postcalibration of acceleration data 

Although the accelerometers in actigraphs are factory-calibrated, deterministic errors (such 

as per-axis scale and offset) may increase over time (e.g., due to environmental factors) 

making periodic recalibration advisable. Algorithms that can be retrospectively applied to 

already collected triaxial acceleration data to mitigate the effect of these errors exist 

[16,17]; recently, we published an especially lightweight solution [18]. Our algorithm 

identifies rest periods across various device orientations, during which the magnitude of 

acceleration (i.e., length of the acceleration vector) should ideally be 1 g. A gradient-based 

optimization procedure is then used to adjust 9 calibration coefficients to minimize the 

deviations attributed to the deterministic errors. Finally, the reduction of scale, offset, and 
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orthogonality errors is performed by linear transforming the per-axis acceleration data with 

the found coefficients. 

The benefit of calibration becomes particularly evident when focusing on sleep periods 

in the actigraphic acceleration data, as also demonstrated in our earlier work [18]. Ideally, 

due to the absence of movement, the magnitude of acceleration should be 1 g, interrupted 

only by occasional spikes corresponding to rolling over. However, as each sensor axis 

exhibits different deterministic errors (beyond stochastic) whose combined impact is 

reflected in the magnitude data, a deviation from the ideal 1 g is observed that will also 

depend on the orientation of the accelerometer. Consequently, in contrast to the ideal 

scenario, stepwise offset shifts tend to appear in the magnitude data between segments 

occurring before and after the orientation-change-induced spikes (see the beginning of 

Section 3.). In the present study, we evaluate the effect of this artifact by mitigating it using 

our postcalibration procedure (hereafter simply referred to as calibration). 

2.3.   Processing acceleration data 

To convert the raw axial acceleration signals into an activity signal, we used the activity 

determination methods we previously compared. Their details can be found in our previous 

work [1], here we only briefly introduce them. The pipeline involves two main steps: first, 

preprocessing the acceleration data, and second, applying an activity metric to each epoch 

(non-overlapping, successive timeslots, with a length of 60 s in our case) to compute a 

single activity value. Fig. 2 below shows an example of a short segment for acceleration 

data that contains 100 samples for every second (i.e., sampling rate of 100 Hz), and for the 

corresponding activity signal that consists of significantly fewer data points (one for every 

minute) due to the lossy compression inherent in the activity determination procedure. 

 

Fig. 2. a) An example of an over 1-hour long acceleration data recorded with 100 Hz on the wrist of one of the 

subjects. b) A minute-by-minute activity data that was calculated from the acceleration data shown in a). 

The actigraph we used recorded raw unfiltered acceleration along three axes (UFX, 

UFY, UFZ) instead of just storing the derived activity values. The three signals can be 

combined into one by computing their Euclidean norm, i.e., the magnitude of the 

acceleration vectors (UFM). However, as seen in Fig. 2 a), this contains Earth's gravity 

(i.e., gravitational component), from which human movement-related acceleration might 
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be separated, which can be done the simplest by subtracting 1 g from the UFM values. 

After subtraction, the possible negative values can be handled by taking their absolute 

value, yielding UFNM. Alternatively, removing the gravitational (i.e., DC) component can 

also be achieved by digital filtering (we used a 3rd-order Butterworth band-pass filter, with 

cutoff frequencies of 0.25 and 2.5 Hz in accordance with the literature [19]). The filter can 

be applied in two ways: on the already calculated magnitude data (FMpost), or on per-axis 

data (FX, FY, FZ) prior to magnitude calculation (FMpre). 

After the acceleration data is preprocessed in a given way, several activity metrics of 

different working principles can be applied to compress every 1-minute epoch of 

acceleration data into a single activity value. The Zero Crossing Method (ZCM) and Time 

Above Threshold (TAT) are intersection-based metrics: the former counts the threshold 

crosses, and the latter measures how long the acceleration signal was above it. Following 

our previous work [1], the threshold level was set equal to the standard deviation of the 

total acceleration signal. While the Proportional Integration Method (PIM) simply 

integrates the acceleration signal, HFEN calculates its mean, but the latter requires 

specially preprocessed acceleration data, which is a variation of FMpre but produced using 

a high-pass filter rather than a band-pass filter (HFMpre). The Euclidean Norm Minus One 

(ENMO) metric requires the UFM acceleration data as the metric itself incorporates the 

elimination of the gravitational component by calculating the epoch-wise mean after 

subtracting 1 g from the vector lengths and setting the negative values to 0. Additionally, 

Mean Amplitude Deviation (MAD) is based on the standard deviation of the acceleration, 

and Activity Index (AI) relies on the per-axis variance.  

As seen from this brief description, certain activity metrics require the acceleration data 

to be preprocessed in specific ways, while others are more flexible; for details on their 

proper combinations, see our previous work [1]. To identify how the activity data was 

determined, we denote activity metrics as functions with preprocessing methods as their 

argument, e.g., UFM if referring to the preprocessed acceleration data itself and 

PIM(UFM) to the activity data that was calculated from UFM acceleration. In our previous 

works, we used ENMO as an activity metric. In the current study, however, we follow the 

approach of the GGIR package for processing actigraphic acceleration data in R [20], 

applying ENMO as a preprocessing technique without calculating the epoch-wise mean. 

We refer to this simply as ENMO, from which we derive activity values by minute-level 

integration, denoted as PIM(ENMO), which is equal to what we referred to as 

ENMO(UFM) in our previous works. 

2.4.   Defining sleep and wakeful segments 

Since the 1980s, numerous sleep–wake detection algorithms have been introduced in the 

literature for actigraphic data [21]. The classical methods that operate exclusively on 

activity signals were primarily designed to detect frequent transitions between sleep and 

wake states in an epoch-by-epoch manner rather than identifying sustained periods of 

consolidated sleep (in the context of actigraphy, locomotor inactivity). In the last few years, 

algorithms based on the latter approach have begun to gain traction: Munich Actimetry 
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Sleep Detection Algorithm (MASDA, described in [22]) is a prominent example in the case 

of activity signals, while the van Hees algorithm (described in [23]) stands out as a solution 

for raw acceleration signals. Recently, machine learning-based sleep-wake classification 

algorithms have also gained popularity [21]; however, these methods are often difficult to 

adapt. Beyond algorithmic approaches, there are examples in the literature for using fixed 

time windows, such as presuming that the subjects have slept between 23:00-06:00 [8] or 

dividing a day into segments with a length of 4 hours for separate analysis [24]. 

To assess how different definitions of sleep and wakefulness influence the analysis, we 

employed these approaches in this study. For each subject in dataset D1, we examined 

fluctuations during the night when concurrent EEG/polygraphy measurements were 

available: sleep intervals were defined according to EEG/polygraphy [25], MASDA, van 

Hees algorithm, fixed 7-hour window between 23:00-06:00, and fixed 4-hour window 

between 00:00-04:00. EEG/polygraphy-based sleep onset was identified as the beginning 

of the first sleep period, while wake up was specified as the time after which no 

uninterrupted sleep period lasted at least 15 minutes. For dataset D2, both sleep and 

wakeful segments were analyzed over 5 days (5 nights of sleep and 5 days of wakefulness), 

with the segments determined by the van Hees algorithm.  

We used the implementation of MASDA from the Python package pyActigraphy [26] 

on ZCM(UFM) activity signals with default parameters and applied the van Hees algorithm 

from the R package GGIR [20] to the raw per-axis acceleration data, also using default 

parameters. 

2.5.   Fluctuation analysis 

To examine the fluctuations of actigraphic data under sleep and wakefulness, we estimated 

their PSD using a classical Discrete Fourier Transform-based periodogram. To smooth the 

periodograms (i.e., to reduce their variance), we used a Daniel method-based approach, 

where we split the PSD into logarithmically spaced frequency bins (density of 20 

bin/decade) and calculated the mean magnitude of the frequency components for each bin, 

as defined in detail in our previous work [13,27].  

To quantify the color of the spectra (i.e., the 𝛼 exponent of 𝑆(𝑓) ∝ 1 𝑓𝛼⁄ ), we used 

least squares linear regression on the variance-reduced and log-transformed spectra 

between 10-4 and 10-2 Hz. We chose this frequency range not only because we previously 

observed 1/f noise within it for multi-day wrist movement [13], but also because the highest 

frequency component of minute-wise activity data is close to 10-2 Hz and frequency 

components much lower than 10-4 Hz are not observable due to the reduced frequency 

resolution introduced by the sleep-wake separated analysis of acceleration and activity 

data, as seen in Fig. 1. 

3.   Results 

Fig. 3 displays a representative example from a single subject of dataset D1, showing one 

night of x-axis acceleration (UFX) alongside the normalized magnitude of acceleration 
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(UFNM), the magnitude of acceleration derived from already filtered data (FMpre), and 

their variance-reduced PSDs computed over the time interval identified as sleep based on 

concurrent EEG/polygraphy recordings. While the spectra are visible for both calibrated 

and uncalibrated data, the temporal signals were plotted in both cases only for UFNM data. 

 

Fig. 3. a) For an exemplary subject, one night of x-axis acceleration (UFX) after calibration, the normalized 

magnitude of acceleration (UFNM) before and after calibration, and the magnitude of acceleration derived from 

axially filtered data (FMpre) before calibration. Sleep intervals, determined from concurrent EEG measurements 

and the van Hees algorithm, are depicted by horizontal black lines. b-d) The variance-reduced PSD of the 

differently preprocessed acceleration data, both before and after calibration, for the EEG-based sleep intervals. 

The trend of the spectra between 10-4 and 10-2 Hz is depicted by black lines. 

The above example clearly shows, on the one hand, the sleep interval determined based on 

the concurrent EEG/polygraphy measurement can differ significantly from the one 

identified by the van Hees algorithm in the GGIR package (see Section 3.4. for its effect), 

as the algorithm places the onset of sleep approximately one hour earlier, whereas that 

extra segment could rather be considered as wakefulness based on the visualized wrist 

movement. On the other hand, even when analyzing the EEG-based sleep interval, the 
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spectral characteristics of the acceleration data are substantially influenced by how the 

acceleration signal was preprocessed, while calibration can further alter it. In the following 

two Sections 3.1. and 3.2., we will explore these effects both for acceleration signals 

preprocessed in various ways and for activity signals calculated using different activity 

metrics, during sleep and wakefulness. 

To quantitatively assess the spectral impact of reducing the deterministic measurement 

errors by calibration and the actigraphic methodologies during sleep and wakefulness, we 

executed the following analysis on dataset D2. For each subject, we identified sleep and 

wake periods using the van Hees algorithm and computed the average 𝛼 exponent of 

variance-reduced 𝑆(𝑓) ∝ 1 𝑓𝛼⁄  across 5 sleep and 5 wake intervals, separately. This 

analysis was performed for calibrated and uncalibrated acceleration data preprocessed in 

different ways, and activity data calculated from them using various activity metrics. To 

separate the effect of calibration from the impact of the actigraphic methodology, the 𝛼 

exponents are shown in Fig. 4 in Section 3.1. only for the calibrated data, whereas Fig. 5 

in Section 3.2. will compare the uncalibrated and calibrated cases. Note that only such 

acceleration signals are included in this analysis, where the digital filtering was not the 

final step in the preprocessing (UFX, UFY, UFZ, UFM, ENMO, FMpre, HFMpre), as 

otherwise, the observed 𝛼 exponent would reflect the filter characteristics. 

3.1.   Behavior of 𝜶 exponents during sleep and wakefulness 

Fig. 4 well illustrates the contrasting patterns of the 𝛼 exponents observed during sleep and 

wakefulness in calibrated actigraphic data. Although we measured 𝛼 ≈ 1 under 

wakefulness independent of the actigraphic methodology, 𝛼 exponents measured under 

sleep were strongly influenced by it. On the one hand, we observed smaller 𝛼 exponents 

during sleep (𝛼 < 1) compared to wakefulness for activity data in general (in line with the 

corresponding literature [6–8]) and for the magnitude of acceleration data when the 

gravitational component was eliminated – either through direct subtraction (UFNM, 

ENMO) or digital filtering (FMpre, HFMpre). On the other hand, 𝛼 exponents were 𝛼 ≈ 1 

both during sleep and wakefulness for the magnitude of acceleration if the gravitational 

component was not eliminated (UFM). What is even more surprising, we found that 𝛼 

exponents were greater during sleep (𝛼 > 1) than wakefulness for per-axis acceleration 

signals (UFX, UFY, UFZ), which is an inverse relationship compared to what we observed 

for gravitational component eliminated magnitude and activity data. Finding the cause of 

this behavior requires further investigation (see Section 3.3.), but the mere realization of 

this issue is already eye-opening and highlights that the fundamentals of activity signal 

analysis cannot always be directly transferred to acceleration signals without consideration 

of contextual differences. 
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Fig. 4. The 𝛼 exponents measured during sleep and wakefulness for the different acceleration preprocessing 

techniques and activity determination methods, marked as black and grey horizontal lines on the left, respectively. 

Each row consists of one sleep and wake exponent (red and blue dots, respectively) for each of the 27 subjects of 

dataset D2, averaged over 5 sleep and wakeful intervals. 

Focusing on the activity determination methods, we found atypical behavior in only 1 

of the 35 techniques: that is PIM(UFM). Since the numerical integration involved in PIM 

does not alter the nature of the underlying acceleration signal (UFM), the relationship 

between the 𝛼 exponents measured under sleep and wakefulness in PIM(UFM) activity 

signals closely mirrors that observed in the UFM acceleration data. For other types of 

activity signals – importantly, even if derived from per-axis or UFM acceleration –, the 

relationship between the 𝛼 exponents during sleep and wakefulness remained consistent. 

This highlights that while, at the level of acceleration signals, the 𝛼 exponents during sleep 

and wakefulness can be heavily influenced by whether the gravitational component has 

been removed or not, most activity calculation methods effectively eliminate this issue. 

Nonetheless, the exact values of the 𝛼 exponents varied depending on the method used for 

activity determination, aligning with observations from our previous works that activity 

determination methods can make a difference [1,13,14,27].  
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3.2.   Effect of calibration on 𝜶 exponents 

Contrary to Fig. 4, Fig. 5 a) presents the 𝛼 exponents observed during sleep and 

wakefulness not only for calibrated but also for uncalibrated acceleration signals, processed 

using various preprocessing techniques. Complementarily, Fig. 5 b) shows the same 

comparison for a representative subset of activity determination methods. 

 

Fig. 5. The 𝛼 exponents measured during sleep and wakefulness for the different acceleration preprocessing 

techniques (a) and for a few exemplary activity determination methods (b). Groups separated by vertical lines 

contain two columns: exponents before (left) and after calibration (right). Each column consists of one sleep and 

wake exponent (red and blue dots) for each of the 27 subjects of dataset D2, averaged over 5 sleep and wakeful 

intervals. 

A comparison of the 𝛼 exponents calculated from uncalibrated and calibrated data 

within each acceleration preprocessing technique in Fig. 5 a) reveals that, while calibration 

did not substantially affect the spectra during wakefulness, it does alter the 𝛼 exponent 

during sleep for certain preprocessing techniques. This can also be observed in the shape 

of the PSDs calculated from calibrated versus uncalibrated data during sleep in Fig. 3. Out 

of the 3 depicted cases in Fig. 3 b-d), it is evident that calibration alters the spectral 

properties only in the case of the UFNM acceleration data, reducing the 𝛼 exponent from 

𝛼 ≈ 1 to 𝛼 ≈ 0 at frequencies below 10⁻² Hz. In contrast, the FMpre data exhibits white 

noise (𝛼 ≈ 0) both before and after calibration, while the UFX data maintains a steeper 

slope (𝛼 ≈ 1.5) in both cases. Based on Fig. 5, these findings can be generalized to similar 
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groups of preprocessing techniques: the spectra of the three per-axis projections (UFX, 

UFY, and UFZ) and the filtered magnitude data (FMpre and HFMpre) were insensitive to 

calibration, whereas the 𝛼 exponent decreased due to calibration for the additional 

magnitude data (UFM, UFNM, ENMO). Note that, in the case of the magnitude of 

acceleration data containing the gravitational component (UFM), the 𝛼 exponent during 

sleep was higher than during wakefulness – similar to the axis-specific data –, but as the 𝛼 

exponent decreased due to calibration, sleep and wakefulness become less distinguishable, 

see Fig. 5 a). In contrast, calibration had a beneficial effect in the case of ENMO, as it led 

to a clearer separation between sleep and wake states. Overall, in the analysis of 

acceleration signals, beyond the choice of preprocessing method, particular attention must 

also be paid to calibration. 

Regarding activity data, the calibration of acceleration signals affected the spectral 

properties only under sleep and just for 2 out of the 35 activity determination methods, 

specifically PIM(UFM) and PIM(ENMO) – which is why these are included in Fig. 5 b) 

alongside a few further examples. These two activity calculation methods responded to the 

calibration in the same way as the acceleration signals from which they were derived, as 

simple numerical integration (i.e., the way PIM metric works) did not alter the fundamental 

characteristics of the acceleration signals – in line with the above observations regarding 

Fig. 4. For the remaining 33 activity determination methods, calibration had no substantial 

impact – examples of these are also shown in Fig. 5 b). Thus, beyond the apparent 

advantage that compressing UFM acceleration data to activity signals reduces the necessity 

to remove the gravitational component (as demonstrated in the previous Section 3.1), it 

also renders calibration not strictly necessary (though still advisable) in general; both 

benefits can be observed in Fig. 5 b) for ZCM(UFM) activity signals as an example. 

3.3.   Connection between stepwise-like signals and decrease of 𝜶 exponent 

These different spectral behaviors to calibration might be explained by the time-domain 

characteristics of the differently preprocessed acceleration signals, specifically the 

presence or absence of stepwise offset shifts that can be observed in Fig. 3 a). Calibration 

substantially mitigates the stepwise structures originating from deterministic errors of 

uncalibrated UFNM data, resulting in the whitening of the spectrum. In the case of the 

FMpre data, per-axis digital filtering applied prior to magnitude calculation already 

attenuates the offset shifts in the signal, leaving little room for further improvement through 

calibration. As a result, the FMpre spectrum appears to exhibit white noise even before 

calibration. In contrast, the PSD of UFX does not exhibit whitening even after calibration, 

as the per-axis signals retain a prominent stepwise structure despite calibration since they 

originate from the gravitational component shifting across axes as the wrist infrequently 

changes orientation during sleep and are therefore not measurement artifacts. The 

whitening (i.e., the decrease of 𝛼) observed during sleep between 10⁻⁴ and 10⁻² Hz – likely 

resulting from the elimination of measurement artifacts – should not be confused with the 

whitening we previously identified in the context of universal spectral characteristics (see 

Fig. 1) derived from multi-day analyses of activity and acceleration signals in the frequency 
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range below 10⁻⁴ Hz [13,14]. During sleep, whitening appears in that frequency band, 

where the multi-day recordings consistently exhibited 1/𝑓𝛼 (𝛼 ≈ 1) characteristics.  

So far, one study has examined acceleration signals in the context of classifying sleep 

stages (light, deep, and REM) and wakefulness based on their spectral properties, but they 

analyzed it over an entirely different frequency range due to their distinct objectives [28]. 

Although the current work did not aim at all to statistically discriminate between sleep and 

wakefulness based on 𝛼 exponents, it is noteworthy that 𝛼 exponents of per-axis 

acceleration data appear to form more distinct clusters for sleep and wakeful states 

compared to gravitational component eliminated magnitude of acceleration or activity data, 

independent of calibration. This suggests that analyzing fluctuations to distinguish between 

sleep and wakefulness may be more effective when using per-axis data that retain direction-

specific information, keeping in mind that, compared to the magnitude of acceleration and 

activity data, the relationship between 𝛼 exponents during sleep and wakefulness must be 

interpreted oppositely.  

3.4.   Effect of identifying sleep intervals 

Fig. 3 a) illustrates, through an example, that the EEG- and GGIR-based sleep intervals can 

greatly differ: while the former contained only periods visually resembling sleep (i.e., 

periods that contain mostly measurement noise and spikes corresponding to rolling over 

while sleeping), the latter identified the onset of sleep nearly one hour earlier, thus 

classifying an approximately one-hour wakefulness-like segment as sleep. This raises the 

question of how the definition of sleep affects spectral analyses. To assess it, we used 

various classification methods (see Section 2.4.) to identify sleep intervals for the same 

night when concurrent EEG measurements took place for dataset D1. Then, we computed 

the 𝛼 exponent using each sleep definition and averaged them across all 21 subjects for 

each acceleration preprocessing method on calibrated data, as depicted in Fig. 6. 

 

Fig. 6. Dependence of the 𝛼 exponents on the method used to determine sleep (over one night for each subject) 

and the preprocessing of the acceleration signal. Each colored dot represents a mean 𝛼 exponent, averaged over 

the subjects of dataset D1. 
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One can see that the 𝛼 exponents for magnitude data (UFM, UFNM, ENMO, FMpre, 

HFMpre) can vary substantially depending on the sleep definition applied, even if the 

preprocessing technique is fixed. For example, in the case of FMpre, the mean 𝛼 exponent 

measured during sleep was 0.06 if using the center 4 hours of the EEG-based sleep interval, 

whereas it was 0.6 if the fixed time window of 23:00–06:00 was used. It is worth noting 

that the 𝛼 exponent seems much less influenced by the selection of sleep definition for per-

axis acceleration compared to the magnitude data. We also conducted the same analysis on 

activity data derived through different determination methods and generally observed the 

same behavior as for FMpre and HFMpre. 

To better understand the above dependence of 𝛼 exponent on sleep definitions, we 

treated EEG-based sleep interval as a reliable reference point (i.e., as gold standard), and 

systematically varied the analyzed time window around it: we extracted the central portion 

of the EEG-defined sleep interval, retaining from 40% to 160% of its duration (i.e., we also 

extended the window beyond the original sleep interval). Then, from the ZCM(UFM) 

activity data of each subject, we computed two variables for each window of different 

width: the 𝛼 exponent and the ratio of non-zero activity values. The latter variable served 

as a proxy measure: while lower ratios indicate periods of minimal movement (e.g., sleep), 

higher ratios might suggest that wakeful activity was wrongly included in the sleep interval. 

These variables were then averaged across all subjects for each window width (in %) and 

depicted in Fig. 7. 

 

Fig. 7. Dependence of the non-zero activity ratio (blue line, left axis) and the 𝛼 exponent (red line, right axis) on 

the window width (expressed as a percentage of the EEG-defined sleep interval duration). The curves are means, 

averaged over the subjects of dataset D1. 

Fig. 7 shows that if analyzing 100% or shorter segments of the EEG-based sleep period, 

the spectrum is white noise-like (𝛼 < 0.3), however, once the analysis window exceeds 

100%, the 𝛼 exponent increases rapidly, reaching 𝛼 ≈ 0.6 at just 110%. A similar trend is 

observed in the non-zero activity ratio, which also begins to rise drastically beyond the 

100% window width. These findings suggest that the spectral characteristic during sleep is 

highly sensitive to the selection of the analysis window and that even including short 

segments that in fact could be rather considered states of wakefulness can substantially 
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alter the spectral characteristics, transforming an otherwise white spectrum into a colored 

one. This also explains why the 𝛼 exponents calculated for magnitude data in Fig. 6 show 

systematically the mildest slope for the central 4 hours of the EEG-based sleep interval and 

the steepest slope for the fixed 7-hour window: the former includes predominantly inactive 

periods where the subject was more likely asleep, while the latter may randomly encompass 

awake periods as well. 

4.   Conclusion 

Recently, we provided a unified and universal characterization of the spectral behavior of 

multi-day acceleration signals preprocessed in various ways and the activity signals 

computed from them using different activity metrics [13]. In contrast, the present 

systematic investigation highlights that analyzing actigraphic data separately for 

wakefulness and sleep, rather than over their entire duration, reveals markedly different 

behaviors depending on the actigraphic methodology and whether deterministic errors 

were mitigated by calibration.  

For activity signals calculated using most activity calculation methods (with 2 

exceptions out of 35), we found – consistent with the literature [6–8] – that the 𝛼 exponent 

of the 1 𝑓𝛼⁄  characteristic (within the 10⁻⁴ to 10⁻² Hz frequency range) was 𝛼 ≈ 1 during 

wakefulness and substantially lower during sleep (𝛼 < 1) in generally, independent of how 

the acceleration data was preprocessed or whether it was calibrated. In contrast, when 

adopting this type of analysis to acceleration signals, these parameters had a substantial 

impact on the spectral properties under sleep, and in some cases, even lead to conclusions 

that may contradict those derived from activity data. This observation is particularly 

relevant due to the growing prevalence of actigraphs capable of storing raw triaxial 

acceleration data rather than derived activity signals. 

For acceleration signals, while the wakefulness remained 𝛼 ≈ 1, we observed the same 

spectral behavior during sleep as for activity data (i.e., 𝛼 < 1) only if the gravitational 

component was removed from the magnitude of acceleration either by band-pass filtering 

or direct subtraction, but in the latter case, an additional calibration was necessary. In 

contrast, for axis-specific signals the relationship between the sleep- and wake-related 𝛼 

exponent was reversed regardless of calibration: we observed substantially greater 𝛼 

exponents during sleep (𝛼 > 1) than for wakefulness (𝛼 ≈ 1). 

Finally, we showed that the sleep-related 𝛼 exponent was highly sensitive to how the 

segments designated as sleep were determined both for activity signals and magnitude of 

acceleration data. Even short segments that more likely resemble wakefulness could 

significantly alter the spectral properties over the examined frequency range of 10⁻⁴ to 10⁻² 

Hz, transforming an otherwise white-noise-like behavior into a colored one. The analysis 

of axis-specific data – which carries orientation-specific information unlike the magnitude 

of acceleration or activity data – appears promising, as the determination of sleep intervals 

had a lesser impact on the exponent and the distinction between sleep and wakefulness 

exponents was more pronounced. 
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