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Abstract
Background
Inertial measurement units (IMUs) with high-resolution sensors such as accelerometers are now used extensively to study fine-scale behavior in a wide range of marine and terrestrial animals. Robust and practical methods are required for the computationally-demanding analysis of the resulting large datasets, particularly for automating classification routines that construct behavioral time series and time-activity budgets. Magnetometers are used increasingly to study behavior, but it is not clear how these sensors contribute to the accuracy of behavioral classification methods. Development of effective  classification methodology is key to understanding energetic and life-history implications of foraging and other behaviors.

Methods
We deployed accelerometers and magnetometers on four species of free-ranging albatrosses and evaluated the ability of unsupervised hidden Markov models (HMMs) to identify three major modalities in their behavior: ‘flapping flight’, ‘soaring flight’, and ‘on-water’. The relative contribution of each sensor to classification accuracy was measured by comparing HMM-inferred states with expert classifications identified from stereotypic patterns observed in sensor data.

Results
HMMs provided a flexible and easily interpretable means of classifying behavior from sensor data. Model accuracy was high overall (92%), but varied across behavioral states (87.6, 93.1 and 91.7% for ‘flapping flight’, ‘soaring flight’ and ‘on-water’, respectively). Models built on accelerometer data alone were as accurate as those that also included magnetometer data; however, the latter were useful for investigating slow and periodic behaviors such as dynamic soaring at a fine scale.

Conclusions
The use of IMUs in behavioral studies produces large data sets, necessitating the development of computationally-efficient methods to automate behavioral classification in order to synthesize and interpret underlying patterns. HMMs provide an accessible and robust framework for analyzing complex IMU datasets and comparing behavioral variation among taxa across habitats, time and space.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s40462-021-00243-z.
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Background
The rapid development of animal-borne sensors, cameras, and tracking devices has ushered in the current “golden age of bio-logging” [1]. Advancements in biologging technology accelerated our understanding of animal ecology, behavior, and physiology [1–3], with promising applications for conservation management [4]. As biologging devices have become cheaper, smaller and with greater functionality, resulting datasets have become ever-larger and more complex, and there is a critical need for methods that can effectively handle these “big-data” [5, 6]. Indeed, given the proliferation of animal tracking studies, arguably it is the development and implementation of robust, objective methods for data storage, visualization and analysis that limits scientific progress more than data availability per se for many species and systems.
Inertial measurement units (IMUs) with sensors such as triaxial accelerometers, magnetometers, and gyroscopes, are increasingly used in biological studies [7]. Accelerometers are particularly popular tools in studies of animal movement, as they are small, affordable, and battery-efficient [8]. They record instantaneous movement and orientation of the animal body at a high resolution, and are a powerful means of decoding real-time behaviors and their functions in free-ranging animals [9, 10]. The miniaturization of GPS devices greatly improved the resolution of broad-scale movement patterns of animals [11, 12], and concurrent deployments of accelerometers have revealed nuances of fine-scale behavior, such as prey capture events [13, 14], activity-specific energetic costs [15, 16], and even the internal state of animals [17]. Further, the instantaneous nature of accelerometer data can be exploited by behavioral classification methods to derive automated  and objective behavioral time series [18]; these can then be modeled with covariates to assess the drivers of movement and population processes [19].
Tri-axial magnetometers record movement data that are analogous and complementary to that of accelerometers and are being deployed with increasing frequency [20–22]. These sensors record magnetic field orientation and intensity, from which animal heading and angular velocity about the yaw-axis can be derived. Magnetometers are useful for resolving low-acceleration behaviors such as thermal soaring in raptors [23] as well as dynamic behaviors such as running in meerkats (Suricata suricatta) [21]. However, despite the purported benefits, behavioral classification routines that incorporate data from both accelerometer and magnetometer sensors are rare, and applied primarily in agricultural and animal welfare studies [24]. Analyzing these data can be challenging because of their complexity and size, the high processing power required, and the frequent lack of in-situ behavioral observations for ground-truthing the patterns observed. Sampling frequencies typically range from 1 to 40 Hz [8], which can quickly lead to extremely high data volumes, particularly when sampling occurs on three axes. Thus, there is a pressing need for more user-friendly methods for analyses of these data.
Hidden Markov models (HMMs) are state-switching time series models [25] and are used increasingly for distinguishing encamped versus directed movement from animal tracking behavior [26]. Used almost exclusively with GPS data, their application to accelerometer data was highlighted recently with promising results [27–29]. Patterson et al. [28] compared the performance of six behavioral classification methods, including HMMs, using taxa-specific metrics such as wingbeat frequency and dive depth derived from accelerometer and pressure data. While they found that all methods performed similarly, they concluded that HMMs provide advantages over other methods given their ability to test the effect of predictor variables on state transition probabilities and because HMMs explicitly model serial autocorrelation [26, 30, 31]. Further, HMMs can incorporate multiple types of data [32, 33], a feature that is highly relevant to biologging studies since IMU devices typically record simultaneous data streams from multiple sensors (e.g. accelerometers, magnetometers, gyroscopes). However, the effectiveness of HMMs for inferring behavior from long time series of multiple high-resolution sensors has not been thoroughly explored in free-ranging animals.
Across taxa and environments, most animal species have evolved locomotory repertoires with multiple movement modes, such as flapping, gliding or soaring in birds; walking, trotting or galloping in terrestrial quadrupeds; and stroking or gliding in marine mammals. Kinematic differences associated with locomotory modes will be reflected in discrete signal patterns recorded by IMU devices, and the larger these differences, the more likely the modes will be captured accurately by behavioral classification methods.
We evaluated the utility of HMMs to classify major movement modes from magnetometer and accelerometer data collected from flying birds using four species of albatross as a case study. Albatrosses are known for their ability to travel vast distances with low energetic costs using a specialized form of flight – dynamic soaring – by exploiting energy from wind and waves [34]. Despite this specialization, albatrosses also use powered flight in the form of flapping when necessary, such as in light wind conditions [35]. Given the large differences in body kinematics associated with flapping and soaring flight, we hypothesized that HMMs would be able to effectively distinguish between these two flight modes as well as identify when birds were sitting on water or land. Our specific objectives were to: 1) classify albatross behavior at sea into three major movement modes: ‘flapping flight’, ‘soaring flight’, and ‘on-water’; 2) determine if the addition of magnetometer data improved classification accuracy; and 3) outline key considerations for using high-resolution sensor data and HMMs to classify major movement modes in animals.
Methods
Study species
We deployed devices on four albatross species: black-footed (Phoebastria nigripes), Laysan (P. immutabilis), black-browed (Thalassarche melanophris), and grey-headed (T. chrysostoma) albatrosses (Fig. 1). All four species are morphologically similar, medium-sized albatrosses that forage in sub-topical to polar waters. Black-footed and black-browed albatrosses are slightly larger-bodied and prefer to forage along shelf-break and shelf-slope waters, whereas Laysan and grey-headed albatrosses tend to forage at oceanic frontal zones [36–38].
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Fig. 1An overview of albatross deployments at the two study sites.a Photographs of birds in flight with wing loadings (N/m2) for the four study species. GPS tracks of albatrosses simultaneously deployed with IMU devices are displayed from b Midway Atoll (Hawaiian Islands) or c Bird Island (South Georgia) in the 2018/19 and 2019/20 breeding seasons, respectively


IMU data
We deployed IMU devices on black-footed and Laysan albatrosses at Midway Atoll National Wildlife Refuge in the North Pacific (28.21 °N, 177.37 °W) during the 2018/19 breeding period, and on black-browed and grey-headed albatrosses during the 2019/20 breeding period on Bird Island, South Georgia in the Southern Ocean (54.00 °S, 38.03 °W) (Table 1). Each bird was equipped with one of two types of device combinations (Table 1): a) Midway Atoll; a GPS tag (Cat-Logger, Perthold Engineering LLC, USA) was paired with a high-resolution IMU (AGM, Technosmart, Italy) containing a 3D accelerometer and 3D magnetometer recording at 25 Hz; or, b) Bird Island; a custom-designed multi-sensor device (Neurologger 2A, Evolocus, New York USA), equipped with an integrated GPS (Cat-Logger), a miniaturized electrocardiogram, and a high-resolution IMU (3D accelerometer, 3D magnetometer) recording at 75 Hz. Tags were attached to central dorsal contour feathers using Tesa tape (#4651, Tesa, Germany) following standard device attachment procedures. IMUs were placed where the x, y, and z axes of the device (the “tag frame”) aligned with the anterior-posterior (surge), medio-lateral (sway), and dorsal-ventral (heave) axes of the birds (the “bird frame”) (Fig. 2e). Tags were deployed for a single foraging trip and removed after a few days to a few weeks depending on foraging trip duration. Total mass of devices was, on average, 1.6, 1.6, 2.1, and 2.0% of the body mass of black-footed, Laysan, black-browed, and grey-headed albatrosses, respectively, and, for all individuals, fell below the 3% recommended percent weight threshold for large-bodied flying seabirds [39].
Table 1Summary of tag deployments on four albatross species at Midway Atoll and Bird Island (South Georgia) in the 2018/19 and 2019/20 breeding seasons, respectively


	Albatross Species
	IMU Device Type
	Range (Acc, Mag)
	Resolution (Acc, Mag)
	n
incubation
	n
brood-guard
	Hours recorded

	Black-footed
	AGM
	8G, 4800 μT
	10, 14 bit
	0
	2
	108.2

	Laysan
	AGM
	8G, 4800 μT
	10, 14 bit
	0
	2
	140.6

	Black-browed
	Neurologger 2A
	16G, 4900 μT
	16, 16 bit
	2
	12
	1363.9

	Grey-headed
	Neurologger 2A
	16G, 4900 μT
	16, 16 bit
	4
	7
	1057.2

	Total
	 	 	 	6
	23
	2670
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Fig. 2Sensor data representing flapping flight, soaring flight, and ‘on-water’ behavior from a Laysan albatross. Distinct patterns for each behavior are observed in a triaxial accelerometer data, b triaxial magnetometer data, and c heading. d A closer look at two isolated bouts of flapping flight. e Magnetometer and accelerometer devices were taped centrally onto albatross backs and measured surge acceleration in the anterior-posterior axis, sway acceleration in the medio-lateral axis, and heave acceleration in the dorso-ventral axis


Accelerometer and magnetometer data processing and calibration
All sensor data were pre-processed in MATLAB (2019a) using functions from the Animal Tag Tools Wiki (http://www.animaltags.org), the MATLAB signal processing toolbox, and with customized scripts. Accelerometer and magnetometer data from the Neurologger 2A devices were reduced from 75 Hz to 25 Hz using a decimation function to standardize sampling frequency across tag types. We transformed the sensor frames of the individual accelerometers and magnetometers to align both with each other and with the device frame ([forward, right, up]). Additionally, a frequent, slight tilt in the roll axis of the Neurologger 2A tag frame relative to the bird frame was corrected using a rotation matrix of Euler angles. Roll offsets were identified from accelerometer data when birds were resting on the water where average heave acceleration was assumed to be ~ 1, and average sway and surge acceleration to approximate 0.
Magnetometer datasets were trimmed to remove data at the beginning and end of the deployment where large spikes in the magnetometer data occurred, likely due to the presence of strong local magnetic interference from other tags and field gear. A median filter removed remaining outliers that occurred throughout the time series. Magnetometers are sensitive to hard and soft iron distortions that interfere with detection of the earth’s true magnetic field and require correction. Thus, magnetometer data were calibrated using a data-driven approach (described in Additional File 1). As a second step, each magnetometer channel was rotated according to pitch and roll in a tilt correcting procedure to account for postural offsets [40]. Heading was then calculated as the arctangent of the frame-adjusted x- and y- magnetometer channels [40]. Heading was converted from radians to degrees in the range of [0–360°] for analysis. Before HMM analyses, we trimmed 2 h from the beginning of sensor datasets to exclude any abnormal behavior related to handling effects.
Selecting and quantifying movement features from sensor data
Prior to movement feature extraction, we calculated summary time-series metrics from the accelerometer and magnetometer data. A fast Fourier transform (FFT) on total heave acceleration identified dominant frequencies in the signal. Static and dynamic heave, from each axis, were isolated from total acceleration to distinguish postural changes from dynamic movements [10]. Static acceleration was obtained from total acceleration using a 2-s running mean, while dynamic acceleration was calculated by subtracting static acceleration from total acceleration [10, 15]. Overall dynamic body acceleration (ODBA), a commonly used proxy of energy expenditure, was calculated by summing the absolute value of dynamic acceleration across the three axes [15].
Movement features derived from accelerometer and magnetometer data were summarized along the 25 Hz sensor timeseries within 30-s fixed time windows, which was then used as the input for the HMM. We selected 30-s as this was the minimum duration required to capture variability in dynamic soaring arcs captured in heading data. There is no ideal number or set of features across systems and classification methods, and features for HMMs should be selected by careful consideration of those that most effectively distinguish the states of interest [27, 28, 41]. We first summarized the accelerometer and magnetometer data into eight candidate features, based on common techniques (see Fig. 2 in [42]) and a-priori knowledge of flight behavior (see Additional File 2). The eight candidate features are as follows: 1) ‘df’: the dominant frequency (Hz) identified in the FFT on total heave acceleration, 2) ‘hf’: the highest frequency of all dominant frequencies identified in the FFT, 3) ‘ms’: mean static heave acceleration, 4) ‘ss’: standard deviation of static heave acceleration, 5) ‘p5’: the top fifth percentile of static heave acceleration, 6) ‘sh’: circular standard deviation of heading, 7) ‘iqr’: the inter-quantile range of dynamic heave acceleration, and 8) ‘mo’: mean ODBA. To select the final set of features, we first evaluated the degree of correlation among candidate features and identified a smaller set of four features that were minimally correlated to each other: ‘hf’, ‘p5’, ‘mo’, and ‘sh’ (Additional File 2).
Model selection
A series of 3-state HMMs were fitted to the final set of features using the momentuHMM package in R [43]. An initial 3-state model including all four features did not converge on biologically meaningful state distributions, so we ran multiple iterations of HMMs on a subset of data using different combinations of the other three features until state distributions looked appropriate (i.e., until they reflected the patterns one would expect from albatross flight dynamics) (Fig. 3). This resulted in our final set of three features used in all subsequent and final HMM iterations: ‘hf’, ‘p5’, and ‘sh’.
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Fig. 3State-dependent density histograms for each input feature (‘hf’, ‘p5’, and ‘sh’). *Circular standard deviation of heading (‘sh’) was only included in Model-1


We then ran the model with and without species as a covariate to evaluate its influence on model fit, measured by Aikake information criterion (AIC). Species was included as a fixed effect on transition probabilities only, and not on state distributions since there was high overlap among species in the shape and scale of feature distributions (Additional File 3).
State classification using hidden Markov models
Since we were interested in understanding the contribution of magnetometer data to the accuracy of behavioral classification, we constructed two final models: 1) Model-1 incorporated all three features, including the magnetometer-derived ‘sh’, and 2) Model-2 excluded ‘sh’ and only used the two accelerometer-derived features ‘hf’ and ‘p5’. Both final models (i.e., Model-1 and Model-2) included species as a fixed effect on transition probabilities.
HMMs were fitted in momentuHMM by numerical maximization of the likelihood, which requires starting values that best estimate the state distributions for each feature [25]. An optimization routine identified the best-fitting model from 25 runs, where each iteration used a randomly generated set of starting values to fit each feature distribution. The best-fitted model from the 25 runs was identified by finding the model with the largest maximum likelihood. We also evaluated the numerical stability of each model as stable models should converge to the same maximum likelihood value in the majority of iterations. Feature distributions were modeled using Weibull probability distributions, specified by single shape and scale parameters. For each feature, a range of starting values were chosen based on the shape and scale of Weibull distributions anticipated for each state. The shape, position, and spread of data distributions of the three features were similar across individuals and we treated datasets from individuals as independent realizations from a common model. Once the models were fitted, we used the Viterbi algorithm to estimate the most likely sequence of states from the fitted model [44]. The 30-s feature dataset contained three short runs of missing data (< 0.02% of the full dataset) but this is not a problem in the HMM framework as parameters are estimated based on the non-missing observations only [26].
Evaluation of behavioral classification accuracy
To evaluate classification accuracy of Model-1 and Model-2, an expert-driven approach identified our best estimation of “true” states from the sensor data, as we did not have independent observations of bird behavior from video cameras or other methods. While the absence of direct observation precludes the verification of true behavior, previous research has described patterns in sensor data that reflect flapping flight [8, 23, 45], soaring flight [20, 23], and on-water behavior [46] in free-ranging birds, including albatrosses. These patterns are similar across species, are highly distinct from one another (Fig. 2), and were used to manually classify patterns in the sensor data in a validation dataset. While we cannot guarantee that all expert-classified states did indeed capture true behaviors, we are confident in our approach given that we focused on three broad-scale movement patterns that match large differences in signal patterns which are easily discernible by the human eye after familiarization with the data.
The validation dataset used to evaluate classification accuracy was derived from five randomly selected black-browed and grey-headed albatrosses, and each of the two black-footed and Laysan albatrosses. From the sensor data of each validation bird, we selected, randomly, 50 of the 30-s windows used to summarize features for HMM input. These were then assigned, by visually evaluating patterns in the sensor data, into one of three “true” states, giving us a total validation dataset of 700 observations (50 per bird) for comparison with the HMM-inferred states. Observations from periods when the birds were at the colony were removed (n = 8). For observations where the sensor data reflected multiple behaviors, we selected the dominant behavior as the “true” state. A confusion matrix was built using the ‘caret’ package in R on the resulting 692 observations. Model accuracy was defined as the percentage of observations where HMM-inferred states matched the “true” (expert-classified) states [47, 48].
Albatross activity budgets
We identified flapping, soaring, and on-water “bouts” as those portions of the HMM-inferred state time series with contiguous observations of each behavioral state. Activity budgets (% time in each state) were constructed from the time series of HMM-inferred states only for at-sea portions of foraging trips in which data were available for all devices (n = 18 from the brood-guard) in order to make comparisons across individuals and species.
Results
IMU devices recorded 2670 h of 3D accelerometer and magnetometer data from 29 individual albatrosses across all species. The trimmed standardized dataset (see IMU data) provided a total of 239,564,250 data points summarized into a final dataset of 319,409 observations of each feature as HMM input (Table 1). Devices recorded, on average, for 6.4 ± 2.6 days (mean ± sd) during incubation trips and 3.2 ± 1.6 days during brood-guard, with maxima of just over 8 days before the device memory filled to capacity. On average, incubation trips lasted 9.2 and 7.9 days in duration (measured from co-deployed GPS units) for black-browed and grey-headed albatrosses, respectively. One IMU device recorded the full seven-day duration of an incubation trip, whereas 76% of devices recorded the entire foraging trip during brood-guard (which averaged 4.8, 3.0, 2.4 and 3.0 days for Laysan, black-footed, black-browed and grey-headed albatrosses, respectively).
Model selection and comparison of behavioral classification accuracy among models
Including a covariate of species as a fixed effect on transition probabilities slightly improved model fit as reflected in a marginally lower AIC (2,600,123 vs 2,601,474). All final model iterations converged on state-dependent parameters (Fig. 3, Additional File 4) and displayed numerical stability by settling on the same likelihood for the majority of the iterations.
Both Model-1 and Model-2 showed high and nearly equal classification accuracy (91.9 and 91.5%, respectively, Table 2). Both models also performed well across species with all species having accuracies > 90%, with the exception of black-footed albatrosses which were modeled with slightly lower accuracies of 84 and 86% in Model-1 and Model-2, respectively (Table 3). State-specific accuracy was highest for soaring flight (93% in both models) and lowest for flapping flight (87%). Accuracy for flapping flight was comparatively low in both Laysan and grey-headed albatrosses (71.4 and 76.7%, respectively). Low classification accuracy for flapping flight in these two species reduced the global-level accuracy for that behavioral state, as classification accuracy for flapping flight was much higher for the two other species. Misclassifications of flapping flight were primarily soaring flight, though in Model-2, there was an increase in flapping flight being misclassified as ‘on-water’ behavior relative to Model-1 (Fig. 4a). ‘On-water’ misclassifications were uniformly confused as soaring flight by both models (Table 3). State-transition probabilities indicated that the most persistent state was the ‘on-water’ behavior followed by ‘soaring flight’ (Table 4).
Table 2Transition probability matrices for HMMs showing the probability of transitioning from each state at time t to time t + 1. Transition probabilities are displayed as estimates with 95% confidence intervals in parentheses


	Model-1: Accelerometer and Magnetometer

	 	STATE AT TIME t + 1

	STATE AT TIME t
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	0.778 (0.772, 0.783)
	0.204 (0.199, 0.209)
	0.019 (0.017, 0.020)

	Soaring Flight
	0.083 (0.080, 0.085)
	0.900 (0.898, 0.903)
	0.017 (0.016, 0.018)

	On-Water
	0.010 (0.009, 0.011)
	0.016 (0.015, 0.018)
	0.974 (0.017, 0.020)

	Model-2: Accelerometer only

	 	STATE AT TIME t + 1

	STATE AT TIME t
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	0.781 (0.776, 0.786)
	0.194 (0.189, 0.199)
	0.025 (0.023, 0.027)

	Soaring Flight
	0.080 (0.078, 0.082)
	0.911 (0.908, 0.913)
	0.009 (0.008, 0.010)

	On-Water
	0.011 (0.010, 0.012)
	0.008 (0.007, 0.009)
	0.980 (0.979, 0.981)



Table 3Confusion matrices depicting model classification accuracy as the percentage of correct behavioral assignments for each behavior. Overall classification accuracies are displayed as estimates with 95% confidence intervals in parentheses


	Model-1: Accelerometer and Magnetometer

	 	Visually-assigned

	HMM-assigned
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	87.6
	6.9
	0.9

	Soaring Flight
	12.4
	93.1
	7.4

	On-Water
	0
	0
	91.7

	Overall accuracy: 91.9% (89.6, 93.8)

	Model-2: Accelerometer only

	 	Visually-assigned

	HMM-assigned
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	86.6
	7.1
	0.5

	Soaring Flight
	10.3
	92.6
	7.9

	On-Water
	3.1
	0.3
	91.7

	Overall accuracy: 91.5% (89.1, 93.5)
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Fig. 4Comparison of classification accuracy between model-1 and model-2. a An 8-min segment of triaxial accelerometer data from a grey-headed albatross demonstrates a state misclassification common in Model-2, where ‘on-water’ behavior (green) was misclassified as soaring flight (blue). b Across species, differences in behavioral budgets derived from HMM-inferred states between Model-1 and Model-2 were negligible

Table 4Species-specific confusion matrices depicting classification accuracy from Model-1 as the percentage of correct behavioral assignments for each behavior. Overall classification accuracies are displayed as estimates with 95% confidence intervals in parentheses


	Black-footed albatross (n = 100)

	 	Visually-assigned

	HMM-assigned
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	92.0
	18.7
	0

	Soaring Flight
	8.0
	81.3
	18.2

	On-Water
	0
	0
	81.8

	 	Overall accuracy: 84.0 (75.3, 90.6)

	Laysan albatross (n = 100)

	 	Visually-assigned

	HMM-assigned
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	71.4
	1.7
	0

	Soaring Flight
	28.6
	98.3
	6.1

	On-Water
	0
	0
	93.9

	 	Overall accuracy: 95.0 (88.7, 98.4)

	Black-browed albatross (n = 242)

	 	Visually-assigned

	HMM-assigned
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	94.9
	3.6
	2.1

	Soaring Flight
	5.1
	96.4
	6.5

	On-Water
	0
	0
	91.4

	 	Overall accuracy: 94.2% (90.5, 96.8)

	Grey-headed albatross (n = 250)

	 	Visually-assigned

	HMM-assigned
	Flapping Flight
	Soaring Flight
	On-Water

	Flapping Flight
	76.9
	6.2
	0

	Soaring Flight
	23.1
	93.8
	7.6

	On-Water
	0
	0
	92.4

	 	Overall accuracy: 91.6 (87.5, 94.7)




Albatross activity budgets
Albatrosses foraging in the brood-guard phase typically spent the least amount of their trip (17.0% on average) in energetically costly flapping flight, though this varied among individuals from 8.7% (in a grey-headed albatross) to 31.5% in a (black-browed albatross; Fig. 5). When in flight, birds spent on average 26.2% of flight time flapping, though this varied greatly among individuals (from 13.3% of flight time in a grey-headed albatross to 46.7% of flight time in a black-browed albatross). Time spent ‘on-water’ ranged from 11.1% in a black-footed albatross to 63.9% in a black-browed albatross. Contiguous flapping flight bouts had the shortest durations of all states, lasting on average for 1.9 min, although one black-browed albatross engaged in a flapping bout for 101 min. Soaring bouts lasted on average for 5.5 min, though one grey-headed albatross had a soaring bout that persisted for 5.3 h. ‘On-water’ bouts were the most persistent behavioral bouts, on average lasting for 24.4 min, though one black-browed albatross spent nearly 9 h continuously on the water.
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Fig. 5Individual activity budgets during foraging trips of four species of albatrosses tracked during the brood-guard period, constructed from HMM-inferred states (Model-1)


The slight decrease in accuracy of state classification from Model-1 to Model-2 had a negligible impact on species-level activity budgets (Fig. 4b), though changes in activity budgets were more apparent in some individuals compared to others. For example, the percent time spent soaring and on the water for most individuals changed ≤2% when comparing activity budgets constructed from Model-1 versus Model-2; however, for one individual, time spent ‘on-water ‘increased by 7.5% while time spent soaring decreased by 7.0%. Time spent in flapping flight changed < 1% for all individuals between models.
Discussion
HMMs effectively distinguish major movement modes in albatross
Using data from four species of albatrosses, we demonstrated that HMMs can provide a robust and objective means for classifying major movement modes in free-ranging animals using multi-sensor data from high resolution IMUs. An HMM built on features derived from triaxial accelerometer and magnetometer data streams successfully identified flight mode or ‘on-water’ behavior with high accuracy (92%). High classification accuracy across species highlights the flexibility of a single HMM to distinguish movement modes across functionally and morphologically similar species. The efficacy of a single model reflects that the large differences seen in signal characteristics of the three major movement modes were likely larger than the variation among and within species.
Opportunities and limitations in interpreting state assignments from HMMs
Inferring states with HMMs resulted in a fine-scale behavioral time series for free-ranging albatrosses. Our modelling framework targeted three major movement modes – flapping flight, soaring flight, and ‘on-water’ – the proportions of which are adjusted by foraging birds according to environmental conditions and energetic trade-offs [49, 50]. Albatrosses recognizably have larger behavioral repertoires than the three states targeted in our study [51], with increasingly fine-scale behaviors nested in a hierarchical fashion. There are multiple approaches for increasing the resolution of behaviors using an HMM framework: a more complicated 4-, 5-, or even 6-state model could fit increasingly nuanced behaviors, for example distinguishing resting from sit-and-wait foraging, which is used frequently by black-footed and grey-headed albatrosses [12, 52] and accounts for 35% of prey consumed by grey-headed albatrosses [52]. Alternatively, one could apply a hierarchical HMMs to classify behavioral states occurring at different time scales [32, 33].
However, HMMs can become increasingly complex, computationally demanding, and difficult to interpret as states, features, and hierarchical levels are added, particularly in an unsupervised modeling framework [53]. Alternative analyses that occur after state classification may facilitate the identification of additional, biologically relevant states without requiring a more complex (and computationally time-consuming) modelling framework. Supplementary layers of data could be used with the time-series of HMM-inferred states in a decision-tree analysis to further categorize broad behavioral classes into increasingly nuanced subclasses. For example, an ODBA-based activity-level threshold could further classify the HMM-inferred ‘on-water’ state as active or passive (i.e. resting) depending on whether ODBA is above or below a threshold value. Similarly, a time series of pitch from accelerometer data could be used to identify diving behavior within ‘on-water’ bouts to better identify this type of active foraging, which is important for multiple albatross species [12, 52, 54]. Diving in albatrosses is otherwise very hard to distinguish even with concurrent data on pressure from time-depth recorders (TDRs) and immersion loggers [55].
Using magnetometers to decode animal behavior: some practical recommendations
We evaluated the contribution of triaxial magnetometer data, in addition to triaxial accelerometer data, for classifying major movement modes of albatrosses. Including the magnetometer-derived feature in the HMM did not meaningfully improve classification accuracy (Table 3). While classification accuracy was similar, Model-2 (the accelerometer only model) more frequently misclassified actual ‘on-water’ behavior as flight behavior, though these misclassifications occurred at low rates (Table 3, Fig. 4a). Despite these slight differences in state assignment, behavioral time budgets derived from the two models were nearly identical (Fig. 4b). This demonstrates that accelerometer data alone can be sufficient for behavioral classification routines focusing on broad movement classes, even in species that predominantly soar.
Though we did not find magnetometers improved classification of major movement modes in albatrosses, these sensors and others deployed in addition to accelerometers have improved classification accuracy in other systems [24]. Further, compared to accelerometers, magnetometers are much more effective at characterizing behaviors that involve rotation around the yaw axis (i.e. heading changes) or that manifest primarily as slow, periodic changes in orientation [20]. For example, patterns of heading or angular velocity derived from magnetometers could be used to describe how albatrosses adjust soaring flight within their trip (Fig. 6). The frequency and amplitude of cycles that characterize dynamic soaring [56] could reveal how birds adjust soaring when responding to environmental cues, such as wind variability. Novel metrics derived from magnetometer data, such as the recently described AVeY (angular rotation about the yaw axis) may prove to be equivalent, or better, proxies of energy expenditure for soaring birds than traditional accelerometer-derived metrics such as ODBA [22], given the energetic cost associated with body rotations [57].
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Fig. 6Heading derived from triaxial accelerometer and magnetometer data streams used to characterize dynamic soaring. a Two segments of heading (in degrees) from different times along a black-browed albatross trip demonstrate varying patterns in soaring flight. b A schematic from Richardson et al., 2018 demonstrates the periodic nature of dynamic soaring. c A polar histogram of the heading data used in panel (a)


The benefits of including a magnetometer must be balanced against both the increased load on the study animal (larger power demand, requiring a bigger battery) and the analytical cost (larger data volume, increased pre-processing time, need for calibration). For species that can only carry small loads, our results suggest that accelerometers alone may be sufficient for classifying broad movement modes using HMMs. Other classification studies have also highlighted the utility of accelerometer data over that from other sensors [58]. Nonetheless, for larger species, and particularly for those with behaviors that occur in a slow, periodic fashion, it may be beneficial to co-deploy magnetometers with accelerometers on an initial subset of animals to explore their unique contribution in terms of behavioral information. It is worth noting, too, that heading can be obtained from GPS devices sampling at high frequency (e.g., 1 Hz, 1 s), and indeed these have been deployed on albatrosses to describe dynamic soaring [59, 60]. However, the battery consumption of GPS devices is much greater than that of magnetometers, limiting recording duration at very high temporal resolution, particularly given the maximum mass of devices that could be deployed on smaller species without deleterious effects.
Ecological insights
We demonstrated the efficacy of the HMM modeling framework for classifying major movement modes in albatrosses from high-resolution sensor data. While our study was limited to four closely related seabird species, the basic framework should apply across taxa and environmental contexts as long as the targeted behaviors involve major differences in body kinematics. Generalized patterns in movement and locomotion exist across diverse taxa, shaped by common principles such as optimal foraging theory and physiological principles that increase energetic efficiency [61, 62]. Similar kinematics of locomotion across species and taxa support the potential for behavioral classification models that are built in one system to be applied in others, with minor adjustments. For example, wandering albatrosses (Diomedea exulans) are 2-3x the mass and have wing-loadings that are 1.6–1.8x greater than the species in our study [63] but their frequency of flapping flight (measured in heave acceleration) is, on average, 2.5–2.7 Hz [64] – the same as in the present study (‘hf’ in Fig. 3) and in an additional study of black-browed albatrosses [45]. Similarly, two studies found that humans, despite large variability in height and leg lengths, had a preferred walking frequency of ~ 1.77 Hz [65, 66]. Further, Gleiss et al. [62] highlighted similar acceleration patterns of propulsive movements in species as disparate as southern elephant seals (Mirounga leonina), whale sharks (Rhincodon typus), and European starlings (Sturnus vulgaris). Applying this concept, machine-learning methods developed with accelerometer data from domestic dogs Canis lupis familiarus have been successfully used to predict behavior in morphologically-similar wild species such as wolves C. lupus [67] and cheetahs Acinonyx jubatus [68].
That a single HMM in our study effectively captured broad movement patterns from IMU data across similar species highlights the potential of this method to disentangle high-resolution behavioral data from free-ranging animals that are difficult to observe. For many free-ranging species, and particularly for those that are wide-ranging like many marine species, classifying behavior will require an unsupervised approach since obtaining simultaneous direct observations under a range of environmental conditions is difficult if not impossible. That animals adhere, then, to movement patterns conserved across taxa bodes well for the construction and interpretation of unsupervised movement models from high resolution sensor data without access to the same level of direct observations that are seen in HMMs applied to IMU data from other fields, such as in agricultural research. Indeed, the majority of studies applying HMMs to high-resolution IMU sensor data involve models built in a supervised fashion for domesticated animals in which behavior can be readily and simultaneously observed (e.g., [69, 70]). While there is some opportunity for collecting direct behavioral observations from free-ranging animals using animal-borne cameras, this is primarily limited to larger species and recordings will be limited in duration due to the high-power demand of video recordings.
Thus, the vast majority of IMU sensor data will come from free-ranging animals without direct observations. This, however, does not prohibit all forms of validation, since behavior can also be inferred without direct observation. In our study it was possible to identify general patterns in the sensor data (e.g., Fig. 2) to deduce the most likely broad-scale behavior that those patterns represent, based on extensive knowledge of the flight styles of our study species, an understanding of how activity and orientation is reflected in patterns from IMU sensors, and previous research on sensor patterns associated with movement modes in similar species. While this is not equivalent to direct observations that can ground truth classification validations, it will likely have to suffice for most studies until cameras decrease in size and increase in recording duration. The ability to interpret behavior from sensor data in wild animals without matching direct observations will in most cases be limited to broad movement classes that are more easily interpreted from sensor data, as in our study. Conversely, nuanced behaviors or those that are highly variable among individuals and species (e.g., prey capture, bathing, socializing) will require extensive ground-truthing with direct observations (e.g. video [71]) or additional sensors (e.g., acoustic recorders [72]).
Key considerations when using HMMs to classify major movement modes in animals
HMMs have rapidly gained traction in ecology as a modeling framework because they can effectively handle time series with complex structures and because of the growing availability of user-friendly and open-source software and tutorials for their implementation [31, 43, 73]. Fast algorithms have been developed for fitting HMMs and estimating hidden states, making them ideally suited to analyze large data sets obtained from IMU sensors [73]. Further, HMMs are equipped to deal with missing data on an otherwise regular grid [25, 26], which can be common in animal movement studies, although the extent of missing data should be negligible [25]. If gaps in data are large enough, one would want to either interpolate the data (if that is appropriate for the type and size of the missing data), or, treat the contiguous data segments as separate time series (e.g. [74]).
Using HMMs to classify behavior from high-resolution sensor data requires considerable knowledge of the study system to inform the specification of an effective modelling structure [53, 73]. Fortunately, many thorough and comprehensive reviews exist in the literature on best practices for implementing HMMs in ecology and animal movement in general [53, 73] and on HMMs in ecology using accelerometer data [27]. Below, we briefly outline some targeted considerations and recommendations informed by our specific experience inferring behavioral states from high-resolution data on albatrosses using the HMM framework:
Unsupervised or supervised
HMMs can be constructed in one of two frameworks: unsupervised or supervised (or semi-supervised), and the applications of each for classifying accelerometer data are described in full in Leos-Barajas et al. [27]. In brief, unsupervised models are fundamentally data-driven for determining state-dependent distributions, while supervised (or semi-supervised) are informed by labeled data. The inclusion of pre-classified data can greatly help with the identification and interpretation of the hidden states, but it requires obtaining direct observations of the tagged animals, or manually assigning states to observations based on prior knowledge. This procedure is often prohibitively costly, and most animal movement studies follow the unsupervised approach.
Our approach was to use an unsupervised modeling framework as no paired data from direct observations were available. However, even in unsupervised frameworks, the HMM modeling framework requires some a priori information on the targeted behavioral states. For example, HMMs require the user to define state-dependent distribution classes (i.e. gamma, von Mises, Weibull) as well as to provide starting values, informed by anticipated characteristics of state-dependent distributions, that, if selected well, will reduce the chance the model will converge on local, rather than global, maxima [73]. In principle the choice of these initial parameters shouldn’t have any effect on the estimated state-dependent distributions; however, in practice they often do, because the estimation can easily run into numerical problems if the initial parameters are chosen in an uninformed manner. This underscores how critical it is to have sound kinematic knowledge about the species that is being modeled in the HMM framework, not only for model interpretation, but also for model construction even in an unsupervised fashion.
Defining model performance
There are several approaches for describing the performance of an HMM to capture features of the data, including (1) goodness-of-fit, which reflects how well the mixture of observation distributions fits the data, and is often quantified using pseudo-residuals (described in Ch. 6 of Zucchini et al. [25]), and (2) evaluating classification accuracy by comparing HMM-inferred states with a subset of data manually labelled into “true” behavioral categories. Typically, checking the normality and autocorrelation of pseudo-residuals is the primary means of evaluating model performance for unsupervised HMMs since there is no data to ground-truth the classification. These goodness-of-fit measures do not assess how well the estimated states match the expected behaviors, however, and classification accuracy may be a better metric of performance for studies focusing on state classification and interpretation [53]. In addition, standard model selection criteria (such as AIC) tend to favor models with many states, which describe the data well at the expense of interpretability [53]. Inspecting the pseudo-residuals to ensure a reasonable fit is recommended [73], but when the primary objective is to classify a targeted set of behaviors, the focus of model checking and model selection should be to identify the model with state-dependent distributions that are most biologically interpretable [53, 73].
Using HMMs in multi-species studies
For classification studies involving multiple species, a single HMM may suffice if the targeted movement patterns are kinematically distinct and the inter-specific differences in signal patterns are small. Incorporating individuals from multiple species in a single model has many benefits, including the simplicity of running one model versus many, the buffering of small sample sizes for individual species by pooling data (e.g., black-footed and Laysan albatrosses in this study), and potentially increasing the capability to enhance model complexity and improve state inference [75, 76]. The degree of similarity in movement patterns among species should be explored early in analysis by visualizing and comparing histograms of the derived features (e.g., Additional File 3). However, while histograms may be informative in many situations, they might not always be sufficient for determining the best approach; as such, fitting multiple preliminarily models on a subset of data will likely be helpful. The HMM framework is equipped to include covariates, and species can be included as a fixed effect on both state transition probabilities (as in this study) and state-dependent distribution parameters. Given the high overlap in feature histograms among species, we did not include species as a fixed effect on state-dependent distribution parameters, though given the lower accuracy of Laysan and grey-headed albatrosses in the single model, adjusting the HMM in this manner may improve classification accuracy across species. Ultimately, if classification accuracy from a single model is low or highly variable across species, even after the inclusion of a species covariate, individual HMMs fitted to each species may be worth exploring if sample size permits.
Feature selection
The selection of a small number of appropriate features as input to the HMM is critical for maximizing classification accuracy [77]. Studies using accelerometer data to classify animal behavior often use a large number of input features (often > 10, and up to 152, reviewed in Patterson et al. [28]). However, additional features added to the unsupervised HMM modeling framework rapidly increases model complexity and computational demands [73]. As described above, each additional feature requires some a priori knowledge about the anticipated state-dependent distributions in order to provide sensible starting values and selecting appropriate starting values for many features can quickly become prohibitively complex. Futher, recent studies have demonstrated little to no gain in accuracy from additional features beyond two to four [28, 58, 78]. Identification of candidate features from those that are commonly used [42] should be informed by knowledge of animal behavior (e.g., it would make biological sense to target metrics derived from heave acceleration for a fluking dolphin versus sway acceleration for a swimming fish) and from tag position on the animal which affects signal patterns. An initial larger set of candidate features can then be narrowed down to an optimal set (the smallest set that most effectively distinguishes behaviors) by either a manual inspection of histograms and correlation matrices, as in this study, or through a formal forward selection procedure, (e.g. [78]). If there is minimal knowledge of the behavior of the targeted species to help narrow down candidate features, alternative classification methods, such as ensemble classifiers like random forest models that effectively handle large sets of features, may be a better approach.
The time window chosen to summarize features from raw sensor data will also have a major influence on classification accuracy. Since behaviors often operate on different time scales, it can be difficult if not impossible to identify a single window that effectively captures all targeted behaviors. In order to properly quantify signal patterns in distinct behaviors, time windows should not be smaller than the typical time for a “unit” of behavior to occur (e.g., one arc in a dynamic soaring cycle, or one ‘flap’ for flapping behavior), Further, fixed time windows will inevitably be problematic if behavioral transitions can occur therein. Sliding windows and overlapping windows can resolve some of these issues [79]; however, for high-resolution sensor data, this approach results in feature datasets of a similar size to the raw sensor data. For datasets like ours that contain hundreds of millions of rows, this would be prohibitively large to run in an HMM context. Thus, finding the optimal time window may require some experimentation in an initial set of preliminary HMMs run on a subset of data.
Selecting the number of states
A primary consideration in using an HMM as a behavioral classification procedure is to avoid overfitting a model with states that are not biologically meaningful. As described earlier, model selection criteria tend to favor HMMs with superfluous states that reflect unaccounted-for structure in the data, rather than true biological states, and should be used with care, particularly when the objective of the HMM is to classify states with certain behaviors in mind [53]. Pohle et al. [53] recommend running a few initial HMMs with varying numbers of states (< 4) to develop an understanding of how the models identify key patterns, and then evaluate these, using pseudo-residuals and biological intuition.
Conclusion
Overall, we demonstrate that accelerometer and magnetometer sensors, paired with HMMs, offer a promising set of tools that can be applied to a wide range of species and questions for an improved understanding of animal behavior and energetics. We constructed a framework that used a single HMM to predict with 92% accuracy, the major movement modes of four albatross species. Magnetometer did not meaningfully improve HMM classification accuracy but is potentially of much greater value for quantifying fine-scale details of other behaviors, such as dynamic soaring and associated energetic proxies.
Acknowledgements
We thank the Papahānaumokuākea Marine National Monument (permit PMNM 2016-004 to S.A. Shaffer) and the zoological field assistants at Bird Island, Rosamund Hall, Mark Whiffin, Freya Blockley and Alexandria Dodds for facilitating or assisting with the collection of data at field sites. Figure 6 panel b was originally published in Richardson, Wakefield, and Phillips (2018) by the Springer Nature Group under the terms of the Creative Commons CC BY license.

Authors’ contributions
MC and LT conceived the study; MC, LT, TM, and AV designed methodology; MC and RO collected the data; MC, TM, and EH analyzed the data; MC and LT led the writing of the manuscript; LT, RP, and SS provided funding, logistical and other support for the work; All authors contributed critically to the drafts and gave final approval for publication.

Funding
Funding was provided by an NSF CAREER award to L. Thorne under award number 79804, and by a Minghua Zhang Early Career Faculty Innovation award to L Thorne.

Availability of data and materials
Scripts and a subset of data used in analysis can be found on Github (http://​github.​com/​melindaconners/​HMMalbatross/​). Raw accelerometer and magnetometer datasets used in the study are available from the corresponding author at reasonable request.

Ethics approval and consent to participate
All capture and handling protocols for the albatross in this study adhered to the Institutional Animal Care and Use Committee Protocol under permit (2019-NF-8.19.22-BI).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.


References
	1.
Wilmers CC, Nickel B, Bryce CM, Smith JA, Wheat RE, Yovovich V, et al. The golden age of bio-logging: how animal-borne sensors are advancing the frontiers of ecology. Ecology. 2015;96:1741–53.PubMed

	2.
Kays R, Crofoot MC, Jetz W, Wikelski M. Terrestrial animal tracking as an eye on life and planet. Science. 2015;348:6240.

	3.
Wilson R, Börger L, Holton MD, Scantlebury DM, Gómez-Laich A, Quintana F, et al. Estimates for energy expenditure in free-living animals using acceleration proxies: a reappraisal. J Anim Ecol. 2020;89:161–72 Gaillard J, editor.PubMed

	4.
Hays GC, Bailey H, Bograd SJ, Bowen WD, Campagna C, Carmichael RH, et al. Translating marine animal tracking data into conservation policy and management. Trends Ecol Evol. 2019;34:459–73.PubMed

	5.
Lewis KP, Vander Wal E, Fifield DA. Wildlife biology, big data, and reproducible research. Wildl Soc Bull. 2018;42:172–9.

	6.
Thums M, Fernandez-gracia J, Sequeira AMM, Eguíluz VM, Duarte CM, Meekan M. How big data fast tracked human mobility research and the lessons for animal movement ecology. Front Mar Sci. 2018;5:21.

	7.
Williams H, Taylor LA, Benhamou S, Bijleveld AI, Clay TA, de Grissac S, et al. Optimizing the use of biologgers for movement ecology research. J Anim Ecol. 2019;89(1):186–206.

	8.
Brown DD, Kays R, Wikelski M, Wilson R, Klimley AP. Observing the unwatchable through acceleration logging of animal behavior. Anim Biotelemetry. 2013;1:20.

	9.
Yoda K, Naito Y, Sato K, Takahashi A, Nishikawa J, Ropert-Coudert Y, et al. A new technique for monitoring the behaviour of free-ranging Adelie penguins. J Exp Biol. 2001;204:685–90.PubMed

	10.
Shepard ELC, Wilson RP, Quintana F, Laich AG, Liebsch N, Albareda DA, et al. Identification of animal movement patterns using tri-axial accelerometry. Endanger Species Res. 2010;10:47–60.

	11.
Torres LG, Orben RA, Tolkova I, Thompson DR. Classification of animal movement behavior through residence in space and time. PLoS One. 2017;12:1–18.

	12.
Conners MG, Hazen EL, Costa DP, Shaffer SA. Shadowed by scale: subtle behavioral niche partitioning in two sympatric, tropical breeding albatross species. Mov Ecol. 2015;3:28.PubMedPubMedCentral

	13.
Naito Y, Costa DP, Adachi T, Robinson PW, Fowler M, Takahashi A. Unravelling the mysteries of a mesopelagic diet: a large apex predator specializes on small prey. Funct Ecol. 2013;27(3):710–17.

	14.
Carroll G, Slip D, Jonsen I, Harcourt R. Supervised accelerometry analysis can identify prey capture by penguins at sea. J Exp Biol. 2014;217:4295–302.PubMed

	15.
Wilson RP, White CR, Quintana F, Halsey LG, Liebsch N, Martin GR, et al. Moving towards acceleration for estimates of activity-specific metabolic rate in free-living animals: the case of the cormorant. J Anim Ecol. 2006;75:1081–90.PubMed

	16.
Williams TM, Wolfe L, Davis T, Kendall T, Richter B, Wang Y, et al. Instantaneous energetics of puma kills reveal advantage of felid sneak attacks. Science. 2014;346:81–5.PubMed

	17.
Wilson RP, Grundy E, Massy R, Soltis J, Tysse B, Holton M, et al. Wild state secrets: ultra-sensitive measurement of micro-movement can reveal internal processes in animals. Front Ecol Environ. 2014;12:582–7.

	18.
Nathan R, Spiegel O, Fortmann-Roe S, Harel R, Wikelski M, Getz WM. Using tri-axial acceleration data to identify behavioral modes of free-ranging animals: general concepts and tools illustrated for griffon vultures. J Exp Biol. 2012;215:986–96.PubMedPubMedCentral

	19.
Taylor MD, McPhan L, van der Meulen DE, Gray CA, Payne NL. Interactive Drivers of Activity in a Free-Ranging Estuarine Predator. PLoS One. 2013;8:e80962.PubMedPubMedCentral

	20.
Williams H, Holton MD, Shepard ELC, Largey N, Norman B, Ryan PG, et al. Identification of animal movement patterns using tri-axial magnetometry. Mov Ecol. 2017;5:6.PubMedPubMedCentral

	21.
Chakravarty P, Maalberg M, Cozzi G, Ozgul A, Aminian K. Behavioural compass: Animal behaviour recognition using magnetometers. Mov Ecol. 2019;7:1–13.

	22.
Gunner RM, Wilson RP, Holton MD, Scott R, Hopkins P, Duarte CM. A new direction for differentiating animal activity based on measuring angular velocity about the yaw axis. Ecol Evol. 2020;10:7872–86.PubMedPubMedCentral

	23.
Williams H, Shepard ELC, Duriez O, Lambertucci SA. Can accelerometry be used to distinguish between flight types in soaring birds? Anim Biotelemetry. 2015;3:45.

	24.
Sakai K, Oishi K, Miwa M, Kumagai H, Hirooka H. Behavior classification of goats using 9-axis multi sensors: The effect of imbalanced datasets on classification performance. Comput Electron Agric. 2019;166:105027.

	25.
Zucchini W, MacDonald IL, Langrock R. Hidden Markov models for time series: an introduction using R; 2nd edition. Boca Raton: CRC press, Taylor & Francis Group; 2017.

	26.
Langrock R, King R, Matthiopoulos J, Thomas L, Fortin D, Morales JM. Flexible and practical modeling of animal telemetry data: hidden Markov models and extensions. Ecology. 2012;93:2336–42.PubMed

	27.
Leos-Barajas V, Photopoulou T, Langrock R, Patterson TA, Watanabe YY, Murgatroyd M, et al. Analysis of animal accelerometer data using hidden Markov models. Methods Ecol Evol. 2017;8:161–73.

	28.
Patterson A, Gilchrist HG, Chivers L, Hatch S, Elliott K. A comparison of techniques for classifying behavior from accelerometers for two species of seabird. Ecol Evol. 2019;9:3030–45.PubMedPubMedCentral

	29.
Harrington KJ, Fahlbusch JA, Langrock R, Therrien JF, Houtz JL, Mcdonald BI. Seasonal activity levels of a farm - island population of striated caracaras (Phalcoboenus australis) in the Falkland Islands. Anim Biotelemetry. 2020;8(1):1–11.

	30.
Patterson TA, Basson M, Bravington MV, Gunn JS. Classifying movement behaviour in relation to environmental conditions using hidden Markov models. J Anim Ecol. 2009;78:1113–23.PubMed

	31.
Michelot T, Langrock R, Patterson TA. moveHMM: an R package for the statistical modelling of animal movement data using hidden Markov models. Methods Ecol Evol. 2016;7:1308–15.

	32.
Adam T, Griffiths CA, Leos-Barajas V, Meese EN, Lowe CG, Blackwell PG, et al. Joint modelling of multi-scale animal movement data using hierarchical hidden Markov models. Methods Ecol Evol. 2019;10:1536–50.

	33.
Leos-Barajas V, Gangloff EJ, Adam T, Langrock R, van Beest FM, Nabe-Nielsen J, et al. Multi-scale modeling of animal movement and general behavior data using hidden Markov models with hierarchical structures. J Agric Biol Environ Stat. 2017;22:232–48.

	34.
Sachs G, Traugott J, Nesterova AP, Dell’Omo G, Kümmeth F, Heidrich W, et al. Flying at no mechanical energy cost: disclosing the secret of wandering albatrosses. PLoS One. 2012;7(9):e41449.

	35.
Sakamoto KQ, Sato K, Ishizuka M, Watanuki Y, Takahashi A, Daunt F, et al. Can ethograms be automatically generated using body acceleration data from free-ranging birds? PLoS One. 2009;4(4):e5379.

	36.
Kappes MA, Shaffer SA, Tremblay Y, Foley DG, Palacios DM, Robinson PW, et al. Hawaiian albatrosses track interannual variability of marine habitats in the North Pacific. Prog Oceanogr. 2010;86:246–60.

	37.
Wakefield ED, Phillips RA, Trathan PN, Arata J, Gales R, Huin N, et al. Habitat preference, accessibility, and competition limit the global distribution of breeding Black-browed Albatrosses. Ecol Monogr. 2011;81:141–67.

	38.
Scales KL, Miller PI, Ingram SN, Hazen EL, Bograd SJ, Phillips RA. Identifying predictable foraging habitats for a wide-ranging marine predator using ensemble ecological niche models. Divers Distrib. 2016;22:212–24.

	39.
Phillips RA, Xavier JC, Croxall JP. Effects of satellite transmitters on albatrosses and petrels. Auk. 2003;120:1082–90.

	40.
Bidder OR, Walker JS, Jones MW, Holton MD, Urge P, Scantlebury DM, et al. Step by step: reconstruction of terrestrial animal movement paths by dead-reckoning. Mov Ecol. 2015;3:23.PubMedPubMedCentral

	41.
Graf PM, Wilson RP, Qasem L, Hackländer K, Rosell F. The use of acceleration to code for animal behaviours; a case study in free-ranging Eurasian beavers Castor fiber. PLoS One. 2015;10:1–17.

	42.
Figo D, Diniz PC, Ferreira DR, Cardoso JMP. Preprocessing techniques for context recognition from accelerometer data. Pers Ubiquit Comput. 2010;14:645–62.

	43.
McClintock BT, Michelot T. momentuHMM: R package for generalized hidden Markov models of animal movement. Methods Ecol Evol. 2018;9:1518–30.

	44.
Forney GD. The viterbi algorithm. Proc IEEE IEEE. 1973;61:268–78.

	45.
Sakamoto KQ, Takahashi A, Iwata T, Yamamoto T, Yamamoto M, Trathan PN. Heart rate and estimated energy expenditure of flapping and gliding in black-browed albatrosses. J Exp Biol. 2013;216:3175–82.PubMed

	46.
Kokubun N, Yamamoto T, Kikuchi DM, Kitaysky A, Takahashi A. Nocturnal foraging by red-legged kittiwakes, a surface feeding seabird that relies on deep water prey during reproduction. PLoS One. 2015;10:1–15.

	47.
Joo R, Bertrand S, Tam J, Fablet R. Hidden Markov Models: The Best Models for Forager Movements? PLoS One. 2013;8:e71246.PubMedPubMedCentral

	48.
Clay TA, Joo R, Weimerskirch H, Phillips RA, Ouden O, Basille M, et al. Sex-specific effects of wind on the flight decisions of a sexually dimorphic soaring bird. J Anim Ecol. 2020;89(8):1811–23.

	49.
Weimerskirch H, Guionnet T, Martin J, Shaffer SA, Costa DP. Fast and fuel efficient? Optimal use of wind by flying albatrosses. Proc R Soc B Biol Sci. 2000;267:1869–74.

	50.
Gibb R, Shoji A, Fayet AL, Perrins CM, Guilford T, Freeman R. Remotely sensed wind speed predicts soaring behaviour in a wide-ranging pelagic seabird. J R Soc Interface. 2017;14(132):20170262.

	51.
Schreiber EA, Burger J. Biology of marine birds. Boca Raton: CRC press, Taylor & Francis Group; 2001.

	52.
Catry P, Phillips RA, Phalan B, Silk J, Croxall JP. Foraging strategies of grey-headed albatrosses Thalassarche chrysostoma: integration of movements, activity and feeding events. Mar Ecol Prog Ser. 2004;280:261–73.

	53.
Pohle J, Langrock R, van Beest FM, Schmidt NM. Selecting the Number of States in Hidden Markov Models: Pragmatic Solutions Illustrated Using Animal Movement. J Agric Biol Environ Stat. 2017;22:270–93.

	54.
Weimerskirch H, Wilson R, Lys P. Activity pattern of foraging in the wandering albatross: a marine predator with two modes of prey searching. Mar Ecol Prog Ser. 1997;151:245–51.

	55.
Bentley LK, Kato A, Ropert-Coudert Y, Manica A, Phillips RA. Diving behavior of albatrosses: implications for foraging ecology and bycatch susceptibility. Mar Biol. In press.

	56.
Richardson PL. How do albatrosses fly around the world without flapping their wings? Prog Oceanogr. 2011;88:46–58.

	57.
Wilson RP, Griffiths IW, Legg PA, Friswell MI, Bidder OR, Halsey LG, et al. Turn costs change the value of animal search paths. Ecol Lett. 2013;16:1145–50.PubMed

	58.
Kamminga JW, Le DV, Meijers JP, Bisby H, Meratnia N, Havinga PJM. Robust sensor-orientation-independent feature selection for animal activity recognition on collar tags. Proc ACM Interact Mobile Wearable Ubiquit Technol. 2018;2:1–27.

	59.
Sachs G, Traugott J, Nesterova AP, Bonadonna F. Experimental verification of dynamic soaring in albatrosses. J Exp Biol. 2013;216:4222–32.PubMed

	60.
Yonehara Y, Goto Y, Yoda K, Watanuki Y, Young LC, Weimerskirch H, et al. Flight paths of seabirds soaring over the ocean surface enable measurement of fine-scale wind speed and direction. Proc Natl Acad Sci U S A. 2016;113:9039–44.PubMedPubMedCentral

	61.
Sequeira AMM, Rodríguez JP, Eguíluz VM, Harcourt R, Hindell M, Sims DW, et al. Convergence of marine megafauna movement patterns in coastal and open oceans. Proc Natl Acad Sci U S A. 2018;115:3072–7.PubMedPubMedCentral

	62.
Gleiss AC, Jorgensen SJ, Liebsch N, Sala JE, Norman B, Hays GC, et al. Convergent evolution in locomotory patterns of flying and swimming animals. Nat Commun. 2011;2(1):1–7.

	63.
Shaffer SA, Weimerskirch H, Costa DP. Functional significance of sexual dimorphism in wandering albatrosses, Diomedea exulans. Funct Ecol. 2001;15:203–10.

	64.
Sato K, Sakamoto KQ, Watanuki Y, Takahashi A, Katsumata N, Bost CA, et al. Scaling of Soaring Seabirds and Implications for Flight Abilities of Giant Pterosaurs. PLoS One. 2009;4(4):e5400.

	65.
Uematsu A, Inoue K, Hobara H, Kobayashi H, Iwamoto Y, Hortobágyi T, et al. Preferred step frequency minimizes veering during natural human walking. Neurosci Lett. 2011;505:291–3.PubMed

	66.
Pachi A, Ji T. Frequency and velocity of people walking. Struct Eng. 2005;83:36–40.

	67.
Ferdinandy B, Gerencsér L, Corrieri L, Perez P, Újváry D, Csizmadia G, et al. Challenges of machine learning model validation using correlated behaviour data: evaluation of cross-validation strategies and accuracy measures. PLoS One. 2020;15(7):e0236092.

	68.
Campbell HA, Gao L, Bidder OR, Hunter J, Franklin CE. Creating a behavioural classification module for acceleration data: using a captive surrogate for difficult to observe species. J Exp Biol. 2013;216:4501–6.PubMed

	69.
Guo Y, Poulton G, Corke P, Bishop-Hurley GJ, Wark T, Swain DL. Using accelerometer, high sample rate GPS and magnetometer data to develop a cattle movement and behaviour model. Ecol Model. 2009;220:2068–75.

	70.
Vázquez Diosdado JA, Barker ZE, Hodges HR, Amory JR, Croft DP, Bell NJ, et al. Classification of behaviour in housed dairy cows using an accelerometer-based activity monitoring system. Anim Biotelemetry. 2015;3:1–14.

	71.
Papastamatiou YP, Watanabe YY, Demšar U, Leos-Barajas V, Bradley D, Langrock R, et al. Activity seascapes highlight central place foraging strategies in marine predators that never stop swimming. Mov Ecol. 2018;6:1–15.

	72.
Studd EK, Boudreau MR, Majchrzak YN, Menzies AK, Peers MJL, Seguin JL, et al. Use of acceleration and acoustics to classify behavior, generate time budgets, and evaluate responses to moonlight in free-ranging snowshoe hares. Front Ecol Evol. 2019;7:154.

	73.
McClintock BT, Langrock R, Gimenez O, Cam E, Borchers DL, Glennie R, et al. Uncovering ecological state dynamics with hidden Markov models. Ecol Lett. 2020;23(12):1878–903.

	74.
Towner AV, Leos-Barajas V, Langrock R, Schick RS, Smale MJ, Kaschke T, et al. Sex-specific and individual preferences for hunting strategies in white sharks. Funct Ecol. 2016;30:1397–407.

	75.
McClintock B. Worth the effort? A practical examination of random effects in hidden Markov models for animal telemetry data. bioRxiv preprint. 2020; https://​doi.​org/​10.​1101/​2020.​07.​10.​196410.

	76.
Jonsen I. Joint estimation over multiple individuals improves behavioural state inference from animal movement data. Sci Rep. 2016;6:1–9.

	77.
Dash M, Liu H. Feature selection for classification. Intell Data Anal. 1997;1:131–56.

	78.
Fannjiang C, Aran Mooney T, Cones S, Mann D, Alex Shorter K, Katija K. Augmenting biologging with supervised machine learning to study in situ behavior of the medusa Chrysaora fuscescens. J Exp Biol. 2019;222(16).

	79.
Riaboff L, Aubin S, Bédère N, Couvreur S, Madouasse A, Goumand E, et al. Evaluation of pre-processing methods for the prediction of cattle behaviour from accelerometer data. Comput Electron Agric. 2019;165:104961.



Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/navigation.xhtml

    
      Contents


      
        		Hidden Markov models identify major movement modes in accelerometer and magnetometer data from four albatross species


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/40462_2021_243_Fig5_HTML.png
o
°
=
3

BFAL49
BFAL27
LAAL43
LAAL28
BBAL99
BBAL92
BBAL86
BBAL84
BBAL72
BBAL71
BBAL62
BBAL107
BBAL106
BBAL100
GHAL70
GHAL58
GHAL55
GHAL47

o

N
[&)]

50
percent of trip

~
o

-
o
o

state

2
S
=
(0]
@©

soar

=h
QO
o





OEBPS/css/envelope.png





OEBPS/images/40462_2021_243_Fig2_HTML.png
Flapping Flight : Soaring Flight On Water

- P L

2 300-c) he :iin(i; L 1L ]
[}

amj NWAVAVAVAVAVAVERY, | S GV
Q 4+ 4 4

5 100
0 16 32 48 64 0 16 32 48 64 0 16 32 48 64
sec sec e) Heave
Sway
triaxial sensor axes:
@sms» heave urge

e surge
am— SWay






OEBPS/images/40462_2021_243_Fig6_HTML.png
200 - -
100/\/\/\/\/\/7/\/\/\/\*

40 50
Time (seconds)

c)

270

240

330

210

180

60

90





OEBPS/images/40462_2021_243_Fig1_HTML.png
20 22 24 26 28 30 32 34

a) Albatross study species and wing-loadings

Black-footed (BFAL)
99.3 N/m?

Laysan (LAAL)
88.7 N/m?

b) Midway Atoll, Hawaiian Islands
North Pacific Ocean

'LAAL IMU, n=2

185

175 180

190

-60 -50 -40 -30

-70

Black-browed (BBAL) Grey-headed (GHAL)

92.3 N/m? (m) 97.1 N/m? (m
81.7 N/'m? (f) 88.6 N/m? (f)

c) Bird Island, South Georgia
Southern Ocean

GHAL IMU, n=11
@ BBAL IMU, n=14






OEBPS/images/40462_2021_243_Fig3_HTML.png
Density

Density
.02 .03 .04

15

1.0

0.5

0.0

.06

.05

0.00 .01

Highest Frequency
Heave Acc ('hf")

Circular Standard Deviation
_ of Heading ('sh')*

10

12

degrees

Top 5% Percentile
Static Heave ('p5')

States
@ flapping flight
@D soaring flight
@ on water





OEBPS/css/sidebar.gif





OEBPS/images/40462_2021_243_Fig4_HTML.png
a) , Model-1

’ [ Soaring Flight || On Water

AL AL Y

SR REN, Wt WAL A SRR »wtnkuw s
G O gttt b S it i) u.mumww“ﬂ" W wum“‘“ M iy y 4,2 AU 3 ol et L e KB o ok a4 6 M e, M s
-2+
1

0 i T Lty il Rl e b M i 8

HERAB N AL VAL SO

S\ WKL R A R .m,nA (e
WWW‘“WMMWM ‘‘‘‘‘‘ Mua AR b e e et ot A e 9.4

100

75

50

25

1.74
% time flapping % time soaring
100
75
o =
C— 25
O —"
0

model-1 model-2

model-1 model-2

1.745 e heave
- SUrge
e SWay

% time on water

100

75

50

25

model-1 model-2

1.75

x70°

Species
@ BBAL
= BFAL
@ GHAL
@ LAAL





