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Abstract 23 

Background 24 

Classifying animal movement strategies from GPS tracking data is essential for 25 

understanding space use, population dynamics and conservation planning. However, 26 

existing approaches either require strong parametric assumptions of the functional form, 27 

large labelled datasets (i.e., expert-annotated) for machine learning, or do not provide 28 

ways to quantify uncertainties of the classiƱcation. These limitations create barriers for 29 

researchers working with novel species or small sample sizes.  30 

Methods 31 

We present a proƱle-based classiƱcation framework consisting of three steps. First, 32 

trajectories are segmented using breakpoint detection applied to Net Squared 33 

Displacement (NSD) time series. Next, movement metrics are extracted from each 34 

segment and classiƱed by comparing them to empirically derived behavioural proƱles via 35 

Z-score distances transformed to softmax probabilities. Finally, uncertainty of the 36 

classiƱed movement strategies is obtained by bootstrapping, and each assignment 37 

receives a credibility rating based on the overlap of bootstrap conƱdence intervals 38 

between the strategies. We validated our proposed framework through simulations and 39 

applied it to GPS tracking data from two ecologically contrasting species: gray wolves 40 

(Canis lupus; 44 individuals) and northern lapwing (Vanellus vanellus; 15 individuals).  41 

Results 42 

Simulations showed that 5–10 training segments per movement strategy are enough for 43 

reliable classiƱcation, with an overall accuracy of 91.1% across residential, Ʋoating, and 44 

dispersal strategies. A segment duration of 30–60 days was required for conƱdent 45 

discrimination of residential and Ʋoating behaviour. For wolves, 83% of classiƱed 46 

segments received High or Medium credibility, with residency, Ʋoating and dispersal 47 

phases distinguished. For lapwings, migration segments were identiƱed with high 48 

credibility (96%), while residency–Ʋoating discrimination was more challenging, but 49 

expected and conƱrmed by domain experts. 50 

Conclusions 51 

The proƱle-based framework provides an accessible, interpretable alternative to Ʊtting 52 

parametric functions to NSD time series and machine learning approaches. Our 53 

framework requires a modest training data set and results in probabilistic classiƱcations 54 

with uncertainty estimates. An R package (moveproƱle) implementing the complete 55 

workƲow is available on GitHub. The framework is applicable to any tracked species 56 

where distinct movement strategies can be identiƱed from expert knowledge. 57 

 58 
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Background 63 

Animal movement is one of the most fundamental processes in ecology, with far-64 

reaching consequences for individual Ʊtness, population dynamics, and ecosystem 65 

functioning [1,2]. The way in which animals move through their environment reƲects 66 

underlying movement strategies that are shaped by the interplay between their internal 67 

state, their navigation capacity, and external factors such as resource distribution, 68 

predation risk, and reproductive opportunities [2,3]. Among vertebrates, these strategies 69 

span a remarkable spectrum, from localised residency within stable home ranges to 70 

long-distance migration between seasonal habitats, exploratory nomadism searching for 71 

ephemeral resources, and natal dispersal that maintains genetic connectivity among 72 

populations [4,5]. These distinct movement strategies are not merely descriptive 73 

patterns, but represent induced responses to ecological pressure that directly inƲuence 74 

survival, reproduction, or population persistence [6,7]. Understanding and identifying 75 

movement strategies of individual animals has become increasingly important for 76 

conservation planning [8], predicting disease transmission dynamics [9], managing 77 

human-wildlife conƲict [10], and forecasting species responses to environmental 78 

change [11].  79 

Despite the ecological importance of movement strategies, quantifying them from 80 

tracking data remains methodologically challenging, as existing approaches each carry 81 

distinct assumptions and limitations [4,12,13]. A commonly used approach Ʊts diƯerent 82 

parametric models to observed Net Squared Displacement (NSD) of trajectories, each 83 

representing a distinct movement strategy [4,14]. While NSD has a direct mechanistic 84 

interpretation, this framework makes strong assumptions about trajectory functional 85 

shapes and provides limited guidance when observed patterns deviate from commonly 86 

used functional forms [15]. Alternatively, clustering approaches  oƯer data-driven 87 

alternatives by grouping similar movement metrics without parametric assumptions, yet 88 

they struggle with arbitrary cluster number selection and provide hard (categorical) 89 

classiƱcations assigning each segment to a single class without probabilistic 90 

assessments of uncertainty [12]. Machine learning methods, including random forests 91 

and neural networks, have demonstrated high classiƱcation accuracy when trained on 92 

large, balanced datasets [16], yet they are typically less interpretable, making it harder to 93 

attribute classiƱcations to speciƱc movement characteristics, and their data 94 

requirements often exceed what is available for rare species or behaviours [17]. Critically, 95 

most existing approaches lack formal frameworks for quantifying classiƱcation 96 

uncertainty arising from limited training data, leaving practitioners without quality 97 

indicators to assess when classiƱcations are reliable versus when additional data 98 

collection or expert validation is warranted. What is missing is an approach that 99 

combines modest training-data requirements, transparent and ecologically interpretable 100 



decisions, and an explicit measure of classiƱcation conƱdence. We address this gap 101 

here. 102 

Here, we present a proƱle-based classiƱcation framework that segments trajectories into 103 

diƯerent segments and classiƱes these segments to diƯerent movement strategies with 104 

classiƱcation uncertainty. The method constructs reference behavioural proƱles from 105 

expert-labelled training segments (sections of trajectories with known movement 106 

strategy), capturing characteristic patterns in NSD across time. ClassiƱcation proceeds 107 

by comparing new segments to these proƱles, yielding not only strategy assignments but 108 

also conƱdence metrics derived through bootstrap resampling. This quantiƱes 109 

uncertainty arising from limited training data and reƲects it in the reported classiƱcation 110 

probabilities [18,19].  111 

Our primary objectives here are threefold. First, we develop and validate the 112 

methodology with simulated data with known truth, then we apply it to two species with 113 

contrasting movement ecologies: a mammal (gray wolf; Canis lupus) and a bird (northern 114 

lapwing; Vanellus vanellus). Second, we implement bootstrap uncertainty quantiƱcation 115 

to distinguish high-conƱdence classiƱcations from ambiguous cases that require expert 116 

review or additional data collection. Third, we provide practical guidance on 117 

implementation decisions, including training data requirements, selection of movement 118 

metrics, and the temporal resolution of analysis. To make the framework readily 119 

accessible in practice, we implement the complete workƲow, from trajectory 120 

segmentation through proƱle-based classiƱcation and bootstrapping uncertainties in the 121 

open-source R package moveproƱle.  122 



Methods 123 

The overall approach comprises several sequential steps (Fig. 1). We Ʊrst aggregate GPS 124 

positions into time windows of several hours and derive a time series of NSD (Data 125 

preprocessing and NSD calculation; Fig. 1). We then search for breakpoints to partition 126 

the trajectories into segments (Trajectory segmentation; Fig. 1) and extract movement 127 

metrics from each segment (Movement metrics; Fig. 1). Using expert-labelled training 128 

segments, we establish reference proƱles for each behavioural class (Training data and 129 

proƱle construction) and Ʊnally classify unknown segments using softmax-transformed 130 

Z-score distances, quantifying uncertainty by bootstrapping over segments 131 

(ClassiƱcation and uncertainty quantiƱcation). The complete workƲow is implemented 132 

in the moveproƱle package, with a reproducible worked example provided as a package 133 

vignette. 134 

 135 

Figure 1. WorkƲow of the proƱle-based movement classiƱcation framework. Training 136 

data (left path) and test data (right path) undergo preprocessing, NSD calculation, and 137 

metric extraction. Training segments build reference proƱles (mean and standard 138 



deviation per behavioural class), which are used to classify test segments via Z-score 139 

distances converted to softmax probabilities. Bootstrap resampling quantiƱes 140 

classiƱcation uncertainty, yielding probability estimates with 95% conƱdence intervals. 141 

Data preprocessing and NSD calculation 142 

We designed the method to work with GPS telemetry data from a tracked animal. We 143 

apply quality Ʊlters to keep only high-precision locations (e.g., dilution of precision ≤6). 144 

To reduce noise from Ʊne-scale movements, we aggregate raw positions into temporal 145 

centroids. For a given time interval Δt, we calculate the mean position of all GPS Ʊxes 146 

within that interval: 147 

𝑥‾Δ௧ = 1݊ ∑ 𝑥௜௡
௜=1 Δ௧‾ݕ , = 1݊ ∑ ௜௡ݕ

௜=1  148 

where n is the number of observations within the interval. This approach supports 149 

multiple temporal resolutions (e.g., 3h, 6h, 12h, 24h, …), allowing users to choose the 150 

appropriate temporal scale for the desired movement strategy detection. Shorter 151 

temporal intervals capture fine-scale behavioural transitions, whereas longer intervals 152 

suppress daily variation and highlight long-term displacement patterns. The optimal 153 

temporal resolution depends on the biology of the studied species and on the intended 154 

research question. We recommend using daily-based centroids, but in some cases, this 155 

may be too rough (see case studies).  156 

From the centroid time series, we calculate Net Squared Displacement (NSD), a widely 157 

used metric in movement ecology that quantifies the squared Euclidean distance 158 

between an animal’s current position and its starting location [4]. For a position at time 159 

t, we define NSD as: 160 ܰܵ2ܦ஽(ݐ) = (𝑥௧ − 𝑥0)2 + ௧ݕ) −  161 2(0ݕ

where (𝑥0, represents the initial position and (𝑥௧ (0ݕ ,  ௧) is the position at time t. NSD 162ݕ

provides a cumulative measure of spatial displacement over time, making it sensitive to 163 

changes in movement behaviour. Unlike instantaneous metrics such as step length or 164 

turning angle, NSD integrates movement history, allowing for the detection of long-term 165 

behavioural patterns. 166 

For species that exhibit signiƱcant vertical displacement (e.g., altitudinal migrants, 167 

marine divers), NSD can be extended to three dimensions where z represents altitude or 168 

depth: 169 ܰܵ3ܦ஽(ݐ) = (𝑥௧ − 𝑥0)2 + ௧ݕ) − 2(0ݕ + ௧ݖ) −  170 2(0ݖ

Trajectory segmentation 171 

Movement strategies are not static; animals transition between them in response to 172 

ecological cues. To identify these transitions objectively, we apply a grid-search 173 

breakpoint detection algorithm to the NSD time series. For this purpose, we evaluate all 174 



possible breakpoint combinations within user-deƱned temporal ranges. For each 175 

candidate breakpoint combination, we Ʊt and assess a piecewise linear model using 176 

Akaike Information Criterion (AIC), which balances model complexity against goodness-177 

of-Ʊt. We select the breakpoint conƱguration with the lowest AIC as optimal 178 

segmentation. This approach partitions the trajectory into discrete segments, each 179 

representing a distinct movement strategy. 180 

Within each segment j (a contiguous section of the NSD time series between two 181 

consecutive breakpoints), we model NSD as: 182 ܰܵܦ௝(ݐ) = ௝ߙ + ௝ߚ ⋅ ݐ + ௝߳  183 

where αⱼ is the intercept, βⱼ is the regression slope, representing the rate of change in 184 

squared displacement per unit time, and εⱼ represents residual error. The slope has a 185 

direct ecological meaning: values near zero indicate residency, while positive or negative 186 

values suggest migration or exploration, respectively. 187 

We use three criteria that control segmentation: 1) minimum gap between breakpoints 188 

(default threshold: 5 days), 2) minimum segment size (default: 5 observations), and 3) 189 

search step size (default: 3 days). Users should adjust these values based on species 190 

ecology and GPS sampling frequency. Note that uncertainty arising from segmentation 191 

parameter selection is not propagated through bootstrap resampling and represents an 192 

additional source of uncertainty in the Ʊnal classiƱcations. 193 

Training data and proƱle construction 194 

ClassiƱcation requires a training dataset of expert-labelled segments from tracked 195 

individuals. A species expert should perform this classiƱcation, based on visual 196 

inspection of trajectories. The number and deƱnition of movement strategies depend on 197 

the study species; for example, wolves may exhibit residency (territorial), Ʋoating 198 

(nomadic), and dispersal behaviours, while migratory birds show residency, some form 199 

of nomadism or Ʋoating, and migration. 200 

For each training segment, we calculate the movement metrics described in the next 201 

section, yielding a training matrix X ∈ ℝ^(n×p), where n is the total number of training 202 

segments across all behavioural classes and p is the number of metrics. Each row of the 203 

matrix represents one segment, and each column represents a metric value: 204 

[X | y] = (𝑥1,1 𝑥1,2 ⋯ 𝑥1,௣ ܿ1𝑥2,1 𝑥2,2 ⋯ 𝑥2,௣ ܿ2⋮ ⋮ ⋱ ⋮ ⋮𝑥௡,1 𝑥௡,2 ⋯ 𝑥௡,௣ ܿ஼) 205 

where the last column represents the label vector y, with c i ∈ {1, …, C} denoting the 206 

behavioural class of segment i. From this matrix, class-speciƱc mean vectors μ_c and 207 

standard deviation vectors σ_c are computed separately for each behavioural class c: 208 



 209 

 210 

ૄ௖ = 1݊௖ ∑ ௜௜∈௖ܠ , ો௖ = √ 1݊௖ − 1 ∑ ௜ܠ) − ૄ௖)2௜∈௖  211 

 212 

where ݊௖   is the number of training segments belonging to class c. These vectors define 213 

the characteristic “profile” of each behavioural class in metric space and serve as 214 

reference profiles for classifying unknown segments. 215 

Training data should ideally span multiple individuals and, where possible, diƯerent 216 

temporal periods to capture natural variability within each behavioural class and to avoid 217 

overƱtting to individual-speciƱc movement patterns.  218 

Movement metrics 219 

From each segment, movement metrics quantify behavioural signatures. The framework 220 

allows Ʋexibility in metric selection; users should choose metrics distinguishing between 221 

relevant movement strategies based on the ecology of the studied species. 222 

The framework currently provides six metrics (slope, R², rolling variance, volatility, 223 

reversal rate, and autocorrelation), all of which we evaluated in our simulations. The 224 

slope can be used in either signed or absolute form, the latter where a strategy involves 225 

displacement in both directions (see the lapwing case study). We recommend the 226 

following four core metrics that collectively provide the best discriminatory performance: 227 

Slope (β) of NSD quantiƱes the rate of spatial displacement, derived from linear 228 

regression of NSD on time t: 229 

ߚ = ∑ ௜ݐ) − ௡௜=1(‾ݐ ௜ܦܵܰ) − ∑(ܦܵܰ ௜ݐ) − 2௡௜=1(‾ݐ  230 

Steeply positive slopes indicate rapid, directional movement away from the origin, 231 

characteristic of dispersal or outward migration, while negative slopes may reƲect a 232 

return phase or inward migration, and slopes near zero suggest residency. 233 

Rolling variance captures local variability in NSD over a sliding window of width w: 234 

RollingVar = 1݊ − ݓ + 1 ∑ Var
௡−௪+1

௜=1  235 (௜:௜+௪−1ܦܵܰ)

High rolling variance indicates unstable or exploratory movement patterns, while low 236 

values suggest consistent behaviour within the segment. 237 

Volatility measures short-term movement consistency as the mean absolute change 238 

between consecutive NSD values: 239 



Volatility = 1݊ − 1 ௜+1ܦܵܰ|∑ − ௜|௡−1ܦܵܰ
௜=1  240 

High volatility characterises erratic, Ʋuctuating displacement typical for Ʋoating 241 

behaviour, while low volatility indicates smooth, gradual changes in displacement 242 

characteristic of animals remaining within a conƱned area. Unlike rolling variance, which 243 

reƲects variability over a local time window, volatility captures roughness in movement 244 

at the level of consecutive steps, providing complementary information at a Ʊner 245 

temporal scale. 246 

Reversal rate quantiƱes oscillatory behaviour by measuring the proportion of directional 247 

changes in the NSD series: 248 

ReversalRate = 1݊ − 2 ∑ ૤௡−2
௜=1 (sign(߂௜) ≠ sign(߂௜+1)) 249 

where Δᵢ = NSDᵢ₊₁ − NSDᵢ. High reversal rates indicate back-and-forth movement without 250 

net displacement, while low rates characterise unidirectional movement. 251 

These four metrics collectively capture directionality (slope), local stability (rolling 252 

variance), short-term consistency (volatility), and oscillatory patterns (reversal rate), 253 

providing eƯective discrimination across residency, migration, and exploratory strategies 254 

in our case studies. 255 

Beyond the four core metrics, the framework includes additional optional metrics that 256 

may improve classiƱcation in speciƱc ecological contexts. R² of the slope regression 257 

quantiƱes the proportion of variance in NSD explained by the linear trend; high values 258 

indicate movement that follows a consistent directional trajectory, while low values 259 

reƲect irregular or oscillatory patterns. Autocorrelation quantiƱes directional 260 

persistence as the lag-1 autocorrelation of the NSD time series, measuring the 261 

correlation between NSD(t) and NSD(t−1); high values indicate persistent directional 262 

movement characteristic for dispersal, while low values reƲect erratic or oscillatory 263 

displacement typical for Ʋoating or residential behaviour. Researchers may also 264 

implement custom metrics tailored to their study system. When provided, they can show 265 

a clear separation between the behavioural classes of interest and carry an interpretable 266 

ecological meaning. 267 

ClassiƱcation and uncertainty quantiƱcation 268 

To classify an unknown segment, we use a distance-based approach in which 269 

standardised Z-scores quantify how much the unknown segment deviates from each 270 

reference profile. For an unknown segment with a metric vector ܠunknown , we calculate 271 

standardised distances (Z-scores) to each behavioural class c: 272 



ܼ௖,௝ = 𝑥unknown ,௝ − ௖,௝ߪ௖,௝ߤ  273 

where j indexes movement metrics and c indexes behavioural classes. The overall 274 

distance to class c is the mean absolute Z-score: 275 

௖ܦ = ݌1 ∑ |௣
௝=1 ܼ௖,௝| 276 

This metric quantifies, in standard deviations, how far the test segment lies from the 277 

typical profile for each behavioural class. Smaller distances indicate greater similarity to 278 

the class. 279 

To convert distances into interpretable class membership probabilities, we apply the 280 

softmax transformation: 281 ܲ(ܿ|ܠtest) = exp(−ܦ௖/ܶ)∑ exp஼௖′=1  282 (ܶ/′௖ܦ−)

where C is the number of classes, and T is a temperature parameter (set to T = 1 by 283 

default). The softmax function converts raw distances into class membership 284 

probabilities, assigning higher probabilities to closer profile matches while ensuring all 285 

probabilities sum to unity. The temperature parameter T controls classification 286 

sharpness: at low values, the highest-probability class dominates (approaching a hard 287 

assignment), while higher values produce more uniform distributions. At T = 1 (default), 288 

probabilities directly reflect relative distances without additional sharpening; a segment 289 

equidistant between two strategies receives similar probabilities for both, transparently 290 

flagging ambiguous cases. 291 

To quantify classiƱcation uncertainty, we implement bootstrap resampling after 292 

segmentation of the identiƱed segments (see Trajectory segmentation). Bootstrap 293 

resampling, therefore, does not propagate uncertainty arising from breakpoint detection 294 

or segmentation parameter selection, which represents additional sources of 295 

uncertainty acknowledged in the Limitations section. ProƱle parameters are estimated 296 

from B_proƱle resamples (default: 100) of the training data, each sample of the same size 297 

as the original training set and drawn with replacement, independently within each 298 

behavioural class. For each resample, class parameters (μ_c, σ_c) are recalculated and 299 

classiƱcation probabilities recomputed, capturing uncertainty from Ʊnite training sample 300 

sizes only. Double bootstrap (nested resampling of both proƱle-building and unknown-301 

segment data) additionally resamples observations within the unknown segment 302 

B_unknown times (default: 100), yielding B_unknown × B_proƱle = 10,000 iterations that 303 

propagate variability from both training and unknown-segment data. Resampling of 304 

training data is performed within each behavioural class independently of individual 305 

identity; multiple segments from the same individual are treated as separate 306 

observations. We report results as mean probability with 95% conƱdence intervals, for 307 

example: Residency: 78.2% [62.1%, 91.3%].  308 



ClassiƱcation reliability is then rated automatically from the relationship between 309 

conƱdence intervals across strategies and reported as a credibility score alongside each 310 

assignment. A segment is rated High when the conƱdence interval of the assigned class 311 

does not overlap the interval of any alternative strategy, indicating unambiguous 312 

classiƱcation. It is rated Medium when intervals overlap but no class mean falls within 313 

another class's interval; such classiƱcations remain reliable, although the separation 314 

between strategies is less distinct. It is rated Low when the interval of the assigned class 315 

contains the mean probability of one alternative strategy (or vice versa), and Unclear 316 

when two or more alternatives meet this condition. Low and Unclear segments should be 317 

treated with caution and veriƱed by expert review, and the framework allows users to 318 

override the automatic assignment for such cases. 319 

Simulation design 320 

To evaluate framework performance under controlled conditions with known ground 321 

truth, we simulated trajectories representing three movement strategies with 322 

characteristic NSD dynamics (Fig. 2). We simulated residential trajectories with low 323 

baseline NSD values and multi-frequency oscillations representing daily and weekly 324 

activity patterns, with occasional short-duration excursions that return to a central 325 

location. We simulated Ʋoating trajectories using a random walk process with variable 326 

step sizes, frequent directional reversals, and occasional large displacements, but 327 

without persistent directional movement. We built dispersal trajectories around a strong 328 

positive linear trend with superimposed stopovers creating temporary plateaus and 329 

autocorrelated noise reƲecting movement persistence. Each trajectory type 330 

incorporated observation noise calibrated to produce realistic metric distributions 331 

comparable to empirical tracking data.  332 

  333 

Figure 2. Simulated Net Squared Displacement (NSD) trajectories for three 334 

movement strategies. Residential trajectories (a) show low-amplitude oscillations with 335 

occasional excursions returning to a central location. Floating trajectories (b) display 336 

erratic, high-variance displacement without directional persistence. Dispersal 337 

trajectories (c) exhibit strong positive trends with occasional stopovers. Five replicates 338 

shown per strategy; note diƯerent y-axis scales. 339 



Empirical data 340 

We applied the classiƱcation framework to GPS tracking data of two species (gray wolf 341 

and northern lapwing) with contrasting movement ecologies. 342 

Gray wolves: GPS telemetry data were obtained from wolves monitored across Central 343 

Europe (Czechia, Germany, Austria, and Poland) between 2016 and 2025. The dataset 344 

comprised 44 individuals: 13 used for training with expert-assigned behavioural 345 

classiƱcations (23 segments total), and 31 for classiƱcation. Training and test datasets 346 

contained no overlapping individuals. Collars recorded locations at variable intervals 347 

(from 1 to 12 hours); positions were aggregated into daily (24-hour) centroids (Additional 348 

Ʊle 1: Table S1, Table S2).  349 

Northern lapwings: GPS tracking data were collected from 15 lapwings breeding in 350 

Czechia and migrating to wintering grounds in Spain and France between 2024 and 351 

2026. Four individuals (46 segments) with expert-assigned classiƱcations served as 352 

training data; 11 individuals were classiƱed. Positions were aggregated into 12-hour 353 

centroids to capture faster behavioural transitions (Additional Ʊle 1: Table S3, Table S4).  354 

Software and use of large language models 355 

All analyses were carried out in R version 4.4.1 [20]. The workƲow is implemented in the 356 

moveproƱle package, with a reproducible worked example provided as a package 357 

vignette. 358 

During the preparation of this manuscript, the authors used Anthropic's Claude (a large 359 

language model) for language editing, grammar checking, and text reƱnement. All AI-360 

assisted suggestions were critically reviewed, edited where necessary, and approved by 361 

the authors. The tool was not used for data analysis, scientiƱc interpretation, or the 362 

generation of results. The authors take full responsibility for the integrity, accuracy, and 363 

originality of all content. 364 

Results 365 

We evaluated the proƱle-based classiƱcation framework through simulation validation 366 

followed by empirical application to two species. First, we assessed classiƱcation 367 

performance using simulated trajectories with known ground truth to establish baseline 368 

accuracy and examine the eƯects of training sample size, segment duration, and metric 369 

selection. We then applied the framework to GPS tracking data from gray wolves and 370 

northern lapwings, representing contrasting movement ecologies at fundamentally 371 

diƯerent spatial and temporal scales. 372 



Simulation Validation 373 

ClassiƱcation accuracy increased steeply with training sample size (Fig. 3a). With only 374 

two segments per class, it was low and strategy-dependent, but by Ʊve segments 375 

dispersal and Ʋoating approached 90% probability and residential ~75%, and by ten all 376 

three exceeded 85%. Beyond ten segments, gains were marginal, indicating that 5–10 377 

segments per class suƯice when behavioural classes are well-deƱned. 378 

 379 

Figure 3. EƯects of training sample size, segment duration, and metric selection on 380 

classiƱcation accuracy. Panels show the eƯect of (a) training sample size, (b) segment 381 

duration, and (c) metric selection. The dashed line indicates chance performance (33%). 382 

In (a), test segments contained 60 observations; in (b), 10 training segments per class 383 

were used; in (c), 10 training segments and 60-observation test segments. Boxplots show 384 

median and interquartile range across 100 replicates. 385 

Segment duration showed a similar pattern (Fig. 3b). Dispersal was reliably identiƱed 386 

even from short 10-observation segments, whereas residential probability rose from 25–387 

40% at 10 observations to 70–85% at 50 and reached a ceiling at ~100. Residential and 388 

Ʋoating thus need substantially longer series than dispersal, because their 389 

discrimination relies on accumulating the oscillatory return-and-reversal signal that 390 

distinguishes them. 391 

Metric selection mattered for the same reason (Fig. 3c). Slope and reversal rate alone 392 

classiƱed dispersal well (median >95%) but left residential near chance (~45%); adding 393 

volatility raised residential to ~65%, and the recommended four-metric set (slope, rolling 394 

variance, volatility, reversal rate) performed as well as the full six. Which metrics are 395 

needed, therefore, depends on the strategies being separated: slope suƯices for 396 

dispersal, but residential–Ʋoating discrimination requires variance-based metrics. 397 

The confusion matrix aggregated across all training sizes showed asymmetric errors (Fig. 398 

4). Overall accuracy was 91.1% (1,636 of 1,796 trials). Floating was classiƱed most 399 

accurately (97.5%) and residential least accurately (82.1%), with the dominant error 400 



being one-directional: residential was misclassiƱed as Ʋoating in 17.7% of trials, versus 401 

only 2.5% in the reverse. Residential and dispersal were almost never confused, 402 

reƲecting their distinct NSD dynamics (oscillatory versus monotonically increasing); the 403 

mechanism behind this asymmetry is taken up in the Discussion. 404 

 405 

Figure 4. Confusion matrix for simulated trajectory classiƱcation. Values show the 406 

percentage (count) of segments from each true class (rows) assigned to predicted 407 

classes (columns), aggregated across all training sizes (n = 1,796 trials). Overall accuracy 408 

was 91.1%, with highest per-class accuracy for Ʋoating (97.5%) and lowest for residential 409 

(82.1%). 410 

Gray wolf 411 

Study species and movement strategies 412 

Wolves exhibit three movement strategies with important implications for population 413 

dynamics, territory establishment, and management [21]. Territorial residents maintain 414 

stable home ranges within pack territories, typically characterised by low net 415 

displacement from a central location and consistent space use over extended periods. 416 

Floating individuals engage in nomadic exploration without permanent settlement, 417 

representing wandering movements, after exclusion as pack members, or individuals 418 

searching for mating opportunities; these movements show irregular displacement 419 

patterns with frequent directional changes [21,22]. Dispersal involves either short- or 420 

long-distance movements from (usually) natal territories to establish new territories or to 421 

join existing ones, characterised by sustained directional displacement [23]. 422 

Data collection and training data 423 

Training segments were identiƱed through expert classiƱcation based on visual 424 

inspection of movement trajectories and knowledge of individual life histories. The 425 



training dataset comprised 23 segments from 13 individuals (Table 1; Additional Ʊle 1:  426 

Table S1). 427 

Table 1. Training data composition for wolf behavioural classiƱcation. 428 

Behavioural class N segments Selection criteria 

Residency 13 Established territory holders with stable home ranges 

Floating 5 Exploratory movements without site Ʊdelity or directional 
persistence 

Dispersal 5 Directed long-distance movements with a clear start/end 

Number of expert-labelled training segments and the selection criteria applied to each movement strategy. 429 

Behavioural proƱles 430 

Six movement metrics were calculated for each training segment: slope, R², rolling 431 

variance, volatility, reversal rate, and autocorrelation. The resulting behavioural proƱles 432 

separated the three movement strategies, although not all metrics contributed equally 433 

(Table 2). Residency behaviour was characterised by near-zero slopes indicating minimal 434 

net displacement, low R² reƲecting the absence of directional trends, and high reversal 435 

rates typical of oscillatory movements within a conƱned home range. Dispersal showed 436 

the opposite pattern, with high positive slopes, high R², low reversal rates, and high 437 

autocorrelation reƲecting persistent directional movement. Floaters occupied an 438 

intermediate position, with near-zero slopes similar to residency segments but high 439 

rolling variance reƲecting spatial instability, and reversal rates and autocorrelation 440 

intermediate between residency and dispersal, characteristic of erratic, non-directional 441 

exploration. 442 

Table 2. Behavioural proƱles for gray wolf movement strategies. 443 

Metric Residency Floating Dispersal 
Slope -0.20 ± 0.74 1.50 ± 2.51 2963.32 ± 2960.81 

R² 0.04 ± 0.04 0.05 ± 0.04 0.86 ± 0.06 

Rolling variance 4.35e⁴ ± 9.72e⁴ 1.68e6 ± 2.87e6 2.11e⁸ ± 3.37e⁸ 

Volatility 88.79 ± 131.94 603.02 ± 833.88 3766.36 ± 4099.28 

Reversal rate 0.59 ± 0.05 0.49 ± 0.07 0.32 ± 0.11 

Autocorrelation 0.36 ± 0.22 0.65 ± 0.15 0.89 ± 0.03 

Values are mean ± SD of each movement metric, calculated from expert-labelled training segments (n = 13 residency, 444 
5 Ʋoating, 5 dispersal). SD: standard deviation. 445 

ClassiƱcation 446 

We applied the classiƱcation framework to 31 wolves comprising 53 identiƱed segments. 447 

ClassiƱcation credibility, rated automatically from the overlap of bootstrap conƱdence 448 

intervals (see ClassiƱcation and uncertainty quantiƱcation), was High for 35 segments 449 

(66.0%) and Medium for a further 9 (17.0%), together accounting for 83.0% of segments 450 

in which no class mean fell within the interval of an alternative strategy. The remaining 451 

segments were rated Low (7 segments, 13.2%) or Unclear (2 segments, 3.8%), indicating 452 



overlapping class distributions that would warrant expert review (Additional Ʊle 1: Table 453 

S5; Additional Ʊle 2). The distribution of classiƱed phases can be understood as reƲecting 454 

the proportions in which animals in the studied population can be classiƱed, with 455 

residency phases predominating and smaller proportions engaged in Ʋoating or dispersal 456 

behaviour: 31 residency phases (56.6%), 14 Ʋoating (26.4%), and 8 dispersal (15.1%).  457 

As an illustrative example, wolf 103216 displayed a 356-day tracking record with two 458 

breakpoints partitioning the trajectory into three behavioural phases (Fig. 5, Table 3). 459 

Segment 1 (180 days, October 2024 – April 2025) was classiƱed as residency with high 460 

credibility (65.0%, 95% CI: 55.8–74.4%), consistent with established territorial behaviour. 461 

Segment 2 (39 days, April – May 2025) represented a dispersal event (98.6%, 95% CI: 462 

89.2–100.0%), reƲecting directed long-distance movement. Segment 3 (136 days, May – 463 

October 2025) was classiƱed as Ʋoating (95.1%, 95% CI: 83.4–98.2%). This sequence 464 

represents a typical life-history transition from natal territory through dispersal to 465 

settlement-seeking behaviour. 466 

 467 

Figure 5. Movement trajectory and NSD time series for wolf 103216. The left panel 468 

shows spatial positions coloured by classiƱed movement strategy. The right panel 469 

displays NSD over time with breakpoints separating three movement strategies: 470 

residency (green), dispersal (blue), and Ʋoating (orange).  471 

Table 3. ClassiƱcation results for wolf 103216. 472 

Segment Period PResidency PFloating PDispersal Class 

1 22 Oct–20 Apr  65.0 [55.8, 74.4] 34.8 [25.4, 43.6] 0.3 [0.1, 0.7] residency 

2 21 Apr–30 May 0.0 [0.0, 0.0] 1.4 [0.0, 10.8] 98.6 [89.2, 100] dispersal 
3 31 May–14 Oct  3.0 [0.1, 14.9] 95.1 [83.4, 98.2] 1.9 [0.6, 3.7] Ʋoating 

Bootstrap probability estimates (mean [95% CI]) for each movement strategy across three trajectory segments. All 473 
three segments were rated High credibility (see ClassiƱcation and uncertainty quantiƱcation). Credibility ratings for all 474 
classiƱed segments are given in Additional Ʊle 1: Table S5. 475 



Northern lapwing 476 

Study species and movement strategies 477 

Northern lapwings typically exhibit three distinct movement strategies that vary 478 

seasonally and across life-history stages. We deƱned three movement strategies based 479 

on expert classiƱcation. Residency phases encompass territory establishment, 480 

incubation, and chick-rearing with restricted movements around nest sites. Floating 481 

phases represent exploratory movements and migratory stopovers without directional 482 

persistence. Migration phases involve rapid, directed long-distance displacement 483 

between breeding grounds in Central Europe and wintering grounds in Spain and France. 484 

Distinguishing residency phases from Ʋoating behaviour proves particularly challenging, 485 

as both involve localised movements without sustained directional displacement [24].  486 

Data collection and training data 487 

GPS tracking data were collected from lapwings breeding in Czechia and migrating to 488 

wintering grounds in Spain and France between 2024 and 2026. Positions were 489 

aggregated into 12-hour centroids to capture the faster behavioural transitions typical of 490 

migratory birds. Training segments were identiƱed through expert classiƱcation based on 491 

visual inspection of NSD trajectories and knowledge of breeding phenology. Nine 492 

segments containing fewer than Ʊve centroids were excluded, as very short segments 493 

yield unstable metric estimates. The training dataset therefore comprised 46 segments 494 

from four individuals, with all four individuals contributing segments to each behavioural 495 

class (Table 4; Additional Ʊle 1: Table S3), ensuring that proƱles were not dominated by 496 

individual-speciƱc movement patterns. 497 

Table 4. Training data composition for northern lapwing behavioural classiƱcation. 498 

Behavioural class N segments Selection criteria 

Residency 10 Breeding individuals with restricted movements around 
nest sites during incubation and chick-rearing 

Floating 27 Exploratory movements and stopovers without 
directional persistence 

Migration 9 Rapid directed displacement between breeding and 
wintering grounds 

Number of expert-labelled training segments and the selection criteria applied to each movement strategy. Nine 499 
segments containing fewer than Ʊve centroids were excluded. 500 

Behavioural proƱles 501 

Five movement metrics were calculated for each training segment: absolute slope, R², 502 

rolling variance, volatility, and reversal rate. Because lapwings migrate in both directions 503 

between breeding and wintering grounds, the absolute slope was used rather than the 504 

signed slope applied to wolf trajectories. The resulting proƱles separated migration 505 

sharply from the other two strategies, whereas residency and Ʋoating overlapped 506 



substantially (Table 5). Migration was characterised by high absolute slope values, high 507 

volatility, low reversal rates, and high R², reƲecting sustained directional displacement. 508 

Residency and Ʋoating phases showed similar metric values across most dimensions, 509 

consistent with the genuine ecological similarity between breeding site Ʊdelity and 510 

stopover behaviour (Table 5). 511 

Table 5. Behavioural proƱles for northern lapwing movement strategies. 512 

Metric Residency Floating Migration 

Absolute slope 4.94 ± 14.66 1.75e3 ± 5.01e3 1.25e5 ± 7.51e4 

R² 0.22 ± 0.20 0.34 ± 0.28 0.79 ± 0.15 

Rolling variance 5.03e5 ± 1.44e6 6.50e8 ± 2.57e9 6.44e10 ± 9.15e10 

Volatility 234.91 ± 597.30 2.50e3 ± 4.10e3 8.52e5 ± 3.48e4 

Reversal rate 0.65 ± 0.14 0.59 ± 0.09 0.24 ± 0.16 

Values are mean ± SD of each movement metric, calculated from expert-labelled training segments (n = 10 residency, 513 
27 Ʋoating, 9 migration). SD: standard deviation. 514 

ClassiƱcation 515 

We applied the classiƱcation framework to 78 segments across 11 individuals. Migration 516 

events were identiƱed with high credibility, frequently achieving 100% probability with 517 

narrow conƱdence intervals. In contrast, residency and Ʋoating classiƱcations typically 518 

showed probability distributions of approximately 50–55% versus 40–45%, reƲecting 519 

genuine ecological overlap between these strategies (Additional Ʊle 1: Table S6; 520 

Additional Ʊle 3). Credibility was nonetheless High for 66 segments (84.6%) and Medium 521 

for 5 (6.4%), with the remaining 7 (9.0%) rated Low, indicating segments in which the 522 

interval of the assigned class contained the mean of an alternative and expert review 523 

would be warranted.  524 

ClassiƱcation conƱdence for residency and Ʋoating segments could be improved with 525 

larger training datasets, though the current uncertainty estimates accurately reƲect the 526 

limits of the available training data. Experts familiar with lapwing ecology conƱrmed that 527 

distinguishing breeding residency from post-breeding Ʋoating represents a genuine 528 

challenge, consistent with why most movement studies in this species focus on the 529 

migration-residency dichotomy rather than Ʊner classiƱcation [24].  530 

As an illustrative example, individual 1300001473 displayed a 222-day tracking record 531 

partitioned into eight behavioural segments (Fig. 6, Table 6). The trajectory captured the 532 

complete annual movement cycle of a migratory lapwing, beginning with a residency 533 

phase during the breeding season (1 May–16 June), followed by an extended post-534 

breeding Ʋoating phase (16 June–17 September). Autumn migration proceeded in three 535 

discrete bouts separated by Ʋoating stopovers of varying duration, ending with wintering-536 

ground Ʋoating behaviour (20 November–9 December). Migration bouts were classiƱed 537 

with high credibility, while residency and Ʋoating phases showed characteristic 538 

probability overlap. Despite this overlap, the conƱdence interval of each assigned class 539 



was separated from those of all alternatives, and all eight segments were therefore rated 540 

High credibility, supporting the reliability of the classiƱcations despite the behavioural 541 

similarity of the two strategies. 542 

 543 

Figure 6. Movement trajectory and NSD time series for northern lapwing 1300001473. 544 

The lower panel shows spatial positions coloured by classiƱed movement strategies. The 545 

upper panel displays NSD over time with three movement strategies: residency (green), 546 

migration (blue), and Ʋoating (orange).  547 

Table 6. ClassiƱcation results for northern lapwing 1300001473. 548 

Segment Period PResidency PFloating PMigration Class 

1 1 May–16 Jun 53.4 [52.1, 54.4] 43.6 [42.5, 45.0] 3.0 [2.6, 3.5] residency 

2 16 Jun–17 Sep 33.0 [8.6, 43.0] 62.6 [53.3, 85.5] 4.4 [3.5, 6.1] Ʋoating 

3 17 Sep–3 Oct 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 100 [100, 100] migration 

4 3 Oct–2 Nov 0.0 [0.0, 0.0] 90.5 [87.4, 93.2] 9.5 [6.8, 12.6] Ʋoating 

5 2 Nov–8 Nov 0.0 [0.0, 0.0] 2.6 [0.0, 25.7] 97.4 [74.3, 100] migration 

6 8 Nov–15 Nov 0.0 [0.0, 0.0] 91.9 [83.5, 94.7] 8.1 [5.3, 16.5] Ʋoating 

7 15 Nov–20 Nov 0.0 [0.0, 0.0] 0.2 [0.0, 0.0] 99.8 [100, 100] migration 

8 20 Nov–9 Dec 0.0 [0.0, 0.0] 93.7 [92.7, 94.7] 6.3 [5.3, 7.3] Ʋoating 

Bootstrap probability estimates (mean [95% CI]) for each movement strategy across eight trajectory segments. All eight 549 
segments were rated High credibility (see ClassiƱcation and uncertainty quantiƱcation). Credibility ratings for all 550 
classiƱed segments are given in Additional Ʊle 1: Table S6. CI: conƱdence interval. 551 



Discussion 552 

Classifying animal movement strategies from tracking data remains a challenge in 553 

movement ecology. Existing approaches often require either strong parametric 554 

assumptions about trajectory shape or extensive labelled datasets for machine learning 555 

[4,17], creating barriers for researchers working with novel species, limited sample sizes, 556 

or limited statistical expertise, as telemetry is increasingly used outside the professional 557 

scientiƱc community. The proƱle-based framework presented here oƯers an alternative 558 

option: empirically derived behavioural proƱles, distance-based classiƱcation, and 559 

bootstrap uncertainty quantiƱcation that together provide reliable, interpretable results 560 

while remaining accessible to ecologists without specialised statistical training. 561 

Our simulations provide practical advice: reliable classiƱcation does not require large 562 

training sets. Accuracy improved between two and Ʊve segments per class considerably 563 

and then plateaued, with little gain beyond ten. A carefully curated set of 5 to 10 564 

unambiguous examples per movement strategy, chosen by expert judgement or 565 

independent validation, is therefore suƯicient, so researchers need not delay 566 

classiƱcation until extensive training data have accumulated. Segment duration matters 567 

because strategies diƯer in how quickly their signal accumulates. Dispersal is 568 

identiƱable from short segments, whereas residential and Ʋoating require longer series, 569 

since separating them depends on observing repeated reversals and local variance that 570 

stabilise only over weeks. For large mammals tracked at daily resolution, this implies 571 

minimum segment durations of 30 to 60 days; shorter segments remain usable but yield 572 

wider conƱdence intervals. 573 

The simulation errors were strongly asymmetric, and this asymmetry is mechanistically 574 

informative. Residential segments were misclassiƱed as Ʋoating far more often than the 575 

reverse, because residential trajectories include excursions (hunting forays, territorial 576 

patrols) that, sampled in isolation, resemble Ʋoating, whereas Ʋoating rarely mimics the 577 

consistent return-to-centre pattern of residency. Dispersal was almost never confused 578 

with either, reƲecting its distinct directional NSD dynamics. These simulated patterns 579 

mirror our empirical results: wolves separated cleanly between residency and dispersal, 580 

while lapwings showed genuine residency-Ʋoating overlap that experts conƱrmed as real 581 

ecological ambiguity rather than methodological failure.  582 

Our framework also diƯers from existing approaches in Ʋexibility, interpretability, and 583 

training-data requirements. Parametric NSD models assume trajectories follow 584 

predeƱned functional forms (typically asymptotic curves for migration or dispersal), an 585 

assumption that fails for complex or variable movement and struggles with Ʋoating's high 586 

NSD variance; our proƱle-based approach instead learns metric distributions directly 587 

from training data, imposing no functional form [4,13,15]. Hidden Markov Models require 588 

specifying transition and emission probabilities that are diƯicult to justify for species with 589 



limited prior characterisation [25–27] while machine learning needs larger training 590 

datasets than most movement ecologists possess and is less interpretable [16,17]. The 591 

framework thus occupies a useful middle ground: more Ʋexible than parametric Ʊtting, 592 

more interpretable than machine learning, and less assumption-heavy than HMMs. 593 

The cross-taxa case studies demonstrate that this Ʋexibility translates into practical 594 

utility. Wolf and lapwing movement occur on fundamentally diƯerent scales: wolf 595 

dispersal slopes averaged 2,963 km² per day while lapwing migration slopes reached 596 

125,190 km² per day, a nearly 40-fold diƯerence. Yet the same methodological 597 

framework, parameterised with species-appropriate training data, achieved reliable 598 

classiƱcation in both systems [3]. This adaptability reƲects a key design principle: rather 599 

than hard-coding thresholds or functional forms, the framework learns what 600 

distinguishes movement strategies in each speciƱc context. A slope that signals directed 601 

movement in one species may fall well within the range of localised movement in 602 

another; the proƱle-based approach handles both cases by referencing empirical training 603 

distributions rather than Ʊxed values. 604 

The bootstrap conƱdence intervals, while a standard tool for uncertainty quantiƱcation, 605 

serve as an additional diagnostic function in this framework. Wide conƱdence intervals 606 

for short segments do not indicate methodological failure; they honestly acknowledge 607 

that brief observation periods contain insuƯicient information for conƱdent 608 

classiƱcation. Similarly, overlapping probabilities for behaviourally similar strategies 609 

(residency versus Ʋoating in lapwings) reƲect genuine ecological ambiguity. Where the 610 

interval of the assigned class contains the mean of an alternative, the credibility rating 611 

Ʋags the segment as Low, providing valuable information: this trajectory does not clearly 612 

belong to either category. Researchers can use such signals to Ʋag segments requiring 613 

additional information (e.g., reproductive status, proximity to nest sites) or to 614 

acknowledge uncertainty in downstream analyses rather than propagating false 615 

conƱdence. 616 

Based on our simulation experiments and empirical experience, we oƯer the following 617 

guidelines for researchers implementing this framework. A key advantage of this 618 

framework is reliable classiƱcation with relatively small training samples, compared to 619 

hundreds of segments typically required for machine learning approaches, though the 620 

minimal sample size depends on the complexity of the behaviours and their degree of 621 

separation in metric space. We recommend assembling at least 5–10 unambiguous 622 

training segments per movement strategy and examining metric distributions before 623 

Ʊnalising metric selection, as not all metrics contribute equally across classiƱcation 624 

tasks.  625 

Several limitations warrant acknowledgement. ClassiƱcation quality depends entirely on 626 

training data quality; unrepresentative or mislabelled training segments will produce 627 

unreliable proƱles. The framework assumes identiƱed segments represent relatively 628 



homogeneous movement patterns, an assumption that may be violated during rapid 629 

behavioural transitions. Optimal metric selection requires exploratory analysis and some 630 

degree of ecological judgement, introducing subjectivity into an otherwise algorithmic 631 

process. While bootstrap conƱdence intervals provide useful uncertainty estimates, they 632 

do not account for all sources of error, particularly systematic biases in GPS positioning 633 

or temporal autocorrelation in location data. 634 

Future development should address several promising directions: real-time 635 

classiƱcation for adaptive wildlife management and extension to three-dimensional 636 

movement data from marine or aerial tracking. The integration of proƱle-based 637 

classiƱcation with step selection functions is a particularly natural next step: in a 638 

companion study, we use the movement strategies classiƱed here as the basis for an 639 

integrated step selection analysis of wolf habitat selection, showing that resident, 640 

dispersing, and Ʋoating wolves select habitat diƯerently across human-dominated 641 

landscapes (Kadlec et al., unpublished data). An R package (moveproƱle) implementing 642 

the complete framework is available at https://github.com/kadleci/moveproƱle. 643 

Conclusion 644 

The proƱle-based framework presented here provides an interpretable, Ʋexible, and 645 

uncertainty-aware approach to classifying diƯerent animal movement strategies from 646 

tracking data. We showed that reliable classiƱcation can be achieved with as few as 5 to 647 

10 training segments per movement strategy, a feasible sample size for most typical 648 

telemetry studies. The same framework transfers across taxa with very diƯerent spatial 649 

and temporal scales, provided that the training data are appropriate. Bootstrap 650 

conƱdence intervals serve as diagnostic indicators of genuine ecological ambiguity 651 

rather than mere statistical noise, Ʋagging cases where movement patterns are hard to 652 

distinguish. 653 

We emphasise that this framework does not replace a deeper mechanistic 654 

understanding of animal movement; rather, it provides a standardised, reproducible 655 

foundation for the analyses that build on movement classiƱcation. By making reliable 656 

classiƱcation accessible without requiring extensive statistical expertise, we hope to 657 

lower barriers for movement ecologists seeking to extract behavioural insight from 658 

increasingly abundant tracking data.  659 
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