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1 Abstract 13 

Background 14 

In addition to light, the use of pressure and activity data recorded by multi-sensor geolocators 15 

has recently been shown to improve the estimation of a bird’s position. At the same time, 16 

modelling a bird’s trajectory with an MCMC sampler becomes more challenging when 17 

integrating this new information. 18 

Method 19 

In this work, we propose to model the trajectory of a bird with a graphical model, allowing to 20 

compute and efficiently store the probability distribution of the entire trajectory. We 21 

demonstrate how the graph representation can be used to compute the following products: (1) 22 
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the most likely path, (2) the probability map for each stationary period, and (3) simulated paths. 23 

This method is applied to 16 tracks from 9 different species. 24 

Results 25 

The graph approach is mathematically exact (i.e., not iterative/approximation used) and 26 

relatively fast to compute. The trajectories produced combine information of light, pressure, 27 

accelerometer, and wind data, resulting in the highest spatial precision ever achieved for 28 

geolocator data. The increase of precision enables the reconstruction of the full journey of a 29 

bird, including all stopover (even only hours long). In addition, this approach also allows to 30 

retrieve airspeed and windspeed for each flight allowing further analysis on migration 31 

energetics and wind use. 32 

Conclusions 33 

The method presented here, allows for a reconstruction of full migratory pathways from 34 

geolocators at an unprecedented spatiotemporal resolution.  Combing behavioural activity 35 

during stopovers with information on relative energy expenditure during flight bouts can reveal 36 

further aspects of stopover habitat quality, as well as potential carry-over effects, and by 37 

including breeding success, even fitness consequences.  38 
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2 Background 39 

Tracking technologies constitute an essential tool to better understand bird movement and 40 

behaviour. Indeed, by providing continuous information about a bird’s position, they allow 41 

researchers to study bird’s interaction with its environment accounting for any cumulative 42 

effects over time. 43 

In line with the accepted rule that tracking devices should weigh less than 3% of a bird’s body 44 

mass, geolocators currently constitute the main option to study the movements of most small 45 

birds. Light-level geolocators have helped identify birds’ wintering sites and long stopover 46 

locations [1–5]. However, due to their poor precision for shorter stopovers and their inability to 47 

determine latitude during equinox, they remain limited in revealing birds’ full trajectories [6,7].  48 

Multi-sensor geolocators can help address these limitations by providing additional types of 49 

data [8,9]. Accelerometer data can be used to identify migration activity [e.g., 10], allowing to 50 

(1) define periods where the bird is at the same location (stationary periods), and (2) estimate 51 

flight duration which informs the distance between successive stationary periods. Windspeed 52 

data can further refine the distance travelled for each specific flight [11]. Finally, atmospheric 53 

pressure data has recently been used to estimate the bird’s stopover location with high precision 54 

[12]. The modelling framework used to map trajectories with multi-sensor geolocators should 55 

adequately incorporate all these types of data. 56 

So far, light and accelerometer data were combined in a movement model built as a Markov 57 

process and solved with Markov Chain Monte Carlo (MCMC) algorithms, such as the 58 

Metropolis Hastings (MH) algorithm implemented in SGAT [13,14], or the particle filter 59 

algorithm implemented in FlightR [15,16]. While these approaches could theoretically be 60 

implemented with pressure and wind data, some significant challenges would hinder their 61 
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accuracy or computational cost. As an iterative sampler, MH requires significant computational 62 

time to produce precise uncertainty ranges. This becomes particularly problematic when 63 

including windspeed, which requires querying and interpolating windspeed at each iteration. 64 

Moreover, pressure information provides a scattered probability map of bird’s whereabouts, 65 

which, together with the mask of water bodies, create a disconnected parameter space. MH is 66 

known to struggle in adequately sampling such spaces (e.g., multi-modal). Indeed, it needs a 67 

step size large enough to circumvent low probability areas and avoid local minima, but at the 68 

same time small enough to keep the acceptance ratio within a computationally feasible range. 69 

While fine-tuning the design parameters (initial path, variable step size) or the type of MH used 70 

(e.g., Gibbs sampler) might help, the corresponding implementation complexity renders this 71 

method inaccessible for most users. This complexity could lead to inadequate MH 72 

parametrization, which in turn can produce inaccurate estimates. These new types of data 73 

therefore bring a number of challenges to the use of MH to model bird trajectories. 74 

On the other hand, these additional types of data allow to discretize in space and time the 75 

Markov process representing the trajectory of the bird. Firstly, activity data temporally 76 

separates the bird’s journey into a series of consecutive stationary periods (i.e., stopovers). 77 

Secondly, pressure-derived information is provided on a raster map with a maximum resolution 78 

of 0.1-0.25° (9-27km). This discretization in space and time limits the number of states of the 79 

Markov process, such that the full probability distribution can be computed and stored on a 80 

computer, removing the need for MCMC samplers. 81 

In this study, we use a graphical model to represent the trajectory of a bird. Graphical models 82 

are an efficient way to encode multi-variate distribution with strong independence constraints. 83 

In movement ecology, graph theory has been previously applied to landscape connectivity  84 

[17,18] while a collective graphical model has been used to study bird movement at population 85 

level with citizen science data  [19,20]. Here, the graph represents the trajectory of the bird 86 



5 

where each node corresponds to the position of the bird at a stationary period and each edge 87 

stands for the probability of transition from the previous to the next position. 88 

In this work, we demonstrate how this framework can be used to (1) compute a probability map 89 

of the bird’s location at each stationary period, (2) identify the trajectory which maximizes the 90 

overall probability and (3) simulate possible trajectories. In addition, we introduce 91 

GeoPressureR (https://raphaelnussbaumer.com/GeoPressureR/), an R package enabling 92 

researchers to implement the method. 93 

3 Methods 94 

3.1 Graphical model for bird trajectory 95 

We model the trajectory of the bird with a probabilistic graphical model [e.g., 21], where (1) 96 

the position of the bird !" at the stationary period #"  is the random variable $" = (!", #")  97 

represented by a node, and (2) the conditional probability of a position knowing the previous 98 

position, )($"|$"+,) is represented by an edge (also known as arc). Because birds can only 99 

move forward in time, the graph is directed and acyclic, in which case, the specific type of 100 

graphical model used is known as Bayesian Network.  101 

With this framework, the joint probability of the trajectory of - stationary period . =102 

($,, … , $0) is conveniently characterized by the product of the conditional probability encoded 103 

in the edges of the graph, 104 

)($,, … , $0) = )($,)1)($"|$"+,)
0

"23
(1) 105 

Note that the random function of the trajectory . is a Markov process and these conditional 106 

probabilities are equivalent to the state transition.  107 
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We estimate these conditional probabilities from the light, pressure, and accelerometer data. 108 

Light and pressure data provides static information on the probability of the bird being at a 109 

specific location for a given stationary period, while the movement model provides dynamic 110 

information between consecutive stationary period based on the flight distance and duration. 111 

We estimate the conditional probability as the product of the static probability (light )56789  and 112 

pressure ):;<=) and movement probability (	)?@9),  113 

)($"|$"+,) = ):;<=($") 	× )56789($") × 	)?@9($"+, → $")	 (2) 114 

Finally, an important consideration is that the trajectory has a start and an end. As such, all 115 

nodes need to be connected to at least one node of the first and last stationary periods. Graphs 116 

with such constraints are known as flow (or rooted) graphs. Usually, these first and last nodes 117 

are unique and known (equipment and retrieval site).  118 

3.2 Construction of Graph 119 

Thanks to the limited number of possible positions (in time and space) with pressure data [12], 120 

we can build the entire graph, that this, compute and store all non-zero conditional probability 121 

on a computer. Constructing the full graph will allow to compute the graph product (section 122 

3.3).  123 

 To maximize computational efficiency, we follow a four-step process to create the graph. The 124 

process iteratively reduces the graph size by filtering and trimming it. We start by faster 125 

operations (e.g., filtering nodes with a probability threshold) and keep computationally 126 

demanding operations (e.g., computing windspeed) for when the graph is smaller. The method 127 

is explained in more detail below and illustrated with Figure 1. 128 
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 129 

Figure 1: Illustration of the creation of the graph with (a) a schematic example and (b) an extract from the post-130 
breeding migration of a Great Reed Warbler (18IC). 131 
(a) The schematic example considers a simple trajectory from an equipment site (0) to a retrieval site (9) in three 132 
flights and two stationary periods. Nodes of different stationary periods are overlayed on the same spatial grid 133 
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(right panel) (but distinguishable by number code and shape). 134 
Step 1. The graph is created with all nodes (0, 1A-F, 2A-D and 9). We do not illustrate the static probability map 135 
for the schematic example.  136 
Step 2a. 1A and 1B are eliminated because they are too far from any nodes of the previous stationary period and 137 
the next stationary period assuming a maximum groundspeed of 150km/h.  138 
Step 2b. Using the Breadth-first search (BFS) algorithm, we eliminate all nodes not connected to either 0 (e.g., 139 
2B) or 9 (2A and by extension 1C).  140 
Step 3. After computing the average windspeed and airspeed for each transition, 1E->2C and 1D-> 2C are 141 
eliminated because they would require the bird to fly at more than 100km/h on average. Following the 142 
elimination of these edges, 1E and 1D are not connected to 9 and eliminated during the trimming.  143 
The remaining graph is thus composed of the nodes 0, 1F, 2C, 2D and 9. 144 
(b) The application takes the same stationary periods than Figure 4 in Nussbaumer [12]. It illustrates the 99% 145 
percentile filtering of the combined pressure and light probability map (i.e., static), presenting below the nodes 146 
left at each step of the creation with the same color than (a).    147 

3.2.1 Step 1: Build the graph with light and pressure probability maps  148 

Following Nussbaumer [12], we generate the pressure and light probability maps for each 149 

stationary period on a 0.25° latitude-longitude grid, corresponding to the ERA5 resolution [22]. 150 

We then initialize the graph with nodes from all locations within the 99% percentile of the 151 

product of pressure and light probability (see e.g., Figure 1 Application to 18IC).  152 

3.2.2 Step 2: Filtering and trimming the graph based on groundspeed 153 

Secondly, we compute the groundspeed required for the transition from all nodes of a stationary 154 

period to all possible nodes of the next stationary period. Flight distances are computed as a 155 

great circle distance between the positions, and flight duration is taken from the classification 156 

of migration activity in Section 3.1 of Nussbaumer [12].  We filter the graph by eliminating all 157 

edges requiring an average groundspeed that exceeds 150 km/h.  158 

To further improve the computational efficiency of the code, we already filter some nodes based 159 

on groundspeed at the creation of the graph (step 1). Indeed, by keeping only the nodes within 160 

reach of flight distance from the possible nodes of the previous and next stationary period, we 161 

can drastically reduce the computer memory (RAM) required when initialing the graph. Such 162 

operation is efficiently computed with an image binary distance, measuring the distance on a 163 

matrix/image to the closer 1 value [e.g., 23].  164 
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After this, we trim the graph based on the flow graph constraint, that is, the nodes must be 165 

connected to the equipment node and retrieval node. Indeed, after filtering, some nodes might 166 

be connected only in a single direction (so called dead branch, e.g., 2A, 2B and 1C in Figure 167 

1). We thus ensure that each node is on a path that connects the equipment site to the retrieval 168 

site. This operation is performed with the Breadth-first search (BFS) algorithm [e.g., 24]. 169 

3.2.3 Step 3: Add wind and trim the graph 170 

For the remaining edges of the graph, we compute the average windspeed and airspeed, and 171 

filter and trim the graph based on a predefined threshold of airspeed (100 km/h). In order to 172 

account for spatio-temporal change in windspeed at short temporal scale (especially with 173 

altitude), we take advantage of knowing, for each edge of the graph, (1) the exact time of 174 

departure and arrival, (2) the location of departure and arrival, and (3) the geolocator pressure 175 

measurements during the flight, correspondent of altitude. 176 

We download the E/W and N/S windspeed components from the ERA5 pressure levels dataset 177 

[22], which provide hourly wind estimates at a spatial resolution of 0.25° in latitude and 178 

longitude at 37 different pressure levels (i.e., altitudes). We then proceed to build two 4D 179 

gridded linear interpolations (E/W and N/S) that provide an estimate of windspeed for any time, 180 

latitude, longitude, and pressure. For each edge of the graph, we estimate the average windspeed 181 

encountered by the bird by averaging the windspeed queried on the following 4D coordinates 182 

(1) time: every hour between departure and arrival, (2) and (3) latitude and longitude: estimated 183 

position assuming a linear displacement (as the crow flies) and an approximatively constant 184 

airspeed between departure and arrival locations and (4) pressure level: using the exact pressure 185 

measurements captured by the geolocator. Additionally, we compute the average airspeed as 186 

the vectorial subtraction of groundspeed by windspeed. During this step, the groundspeed is 187 

also recomputed with the great-circle distance for greater accuracy.  188 
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Finally, we filter the graph based on a threshold of airspeed of 100km/h and trim it similarly to 189 

step 2.  190 

3.2.4 Step 4: Weighting the graph 191 

Finally, we compute the weight of the edges which corresponds to computing the value of the 192 

conditional probability of Equation 2. The static probability ():;<= × )56789) have already been 193 

computed in step 1 (3.2.1). Considering that the bird must always be somewhere at each 194 

stationary period, we normalize the static probability over space to 1. 195 

The movement model 	)?@9 estimate the probability that the bird performed a flight from a 196 

certain position at a stationary period to another position at the next stationary period. We first 197 

retrieve the average airspeed of each edge computed in step 3 (3.2.3). We define a parametric 198 

model converting the average airspeed into a probability using flight energetics and considering 199 

that a bird is more likely to fly at an airspeed resulting in lower energy consumtion. More 200 

specifically, we empirically defined the probability proportional to the cubic inverse of the 201 

mechanical power of flight )?<D8	 of the speed EF, 202 

	)?@9(EF) ∝ H 1
)?<D8(max(EF , E56?))L

M
. (3) 203 

The mechanical power curve is computed with FlightMAT [25] following [26], and taking into 204 

account each species mass, wingspan and wing area. We additionally imposed a lower airspeed 205 

value of E56?= 5 km/h to account for the possibility of exploratory flights [e.g., 27]. 206 

3.3 Graph products 207 

Using the graph, we derive the following three products. 208 
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3.3.1 Most likely path 209 

In some situation, it is necessary to represents the trajectory of the bird with a single line (or set 210 

of positions). While mean or median positions are usually the default choice, they do not 211 

adequately represent the connectivity between stationary period, even more so when the 212 

probability map is multi-modal. Instead, we suggest using the most likely path, corresponding 213 

to the path maximizing the product of the conditional probability of edges (see Equation 1).  214 

Within graph theory, the shortest path problem is a well-known challenge seeking to identify 215 

the path between two nodes for which the sum of weights of all its edges is the smallest. The 216 

most likely path is equivalent to the shortest path when the weights of the edges are defined as 217 

minus log of the probability (i.e., max∏Q6 = min∑− log(Q6). Using this formulation, we 218 

compute the most likely path using the shortest path search with the Dijkstra algorithm [28]. 219 

3.3.2 Estimation of position at stationary period 220 

Estimating the position of the bird for each stationary period is generally the most sought-after 221 

output of tracking studies. Instead of computing this output iteratively (e.g., in MCMC), we 222 

take advantage of the compact graph representation to compute directly and exactly the 223 

probability map of all stationary periods. 224 

A slightly counter-intuitive issue to consider is that the estimation of the position of the bird at 225 

one stationary period needs to account not only on all its previous location, but also all its future 226 

positions. That is, for a position to be likely, it requires a likely path since the equipment node 227 

as well as a likely path to the retrieval node. However, the graph contains only the lag one 228 

conditional probability: the probability of a position at one stationary period knowing its 229 

position at the previous stationary period )($"|$"+,). In this context, the problem of estimating 230 

the position of a bird at one stationary period #Y is to compute the marginal distribution of the 231 



12 

probability vector )($") from the conditional probabilities of the graph. We can use the 232 

Chapman-Kolmogorov equation [e.g., 29] to compute the forward ()Z) and backward ()[) 233 

marginal distribution recursively,  234 

)Z($") = \ )($"|$"+,))Z($"+,)]!!

)[($"+,) = \ )($"+,|$"))[($")]!!

(4) 235 

For the following, it will be convenient to rewrite this equation in matrix form. As the graph 236 

represents a Markovian process, all conditional probabilities of the graph can be summarized 237 

into a transition matrix _, which is also known as a (weighted) adjacency matrix in graph theory. 238 

This large sparse matrix stores the probability of transition among all nodes. Using matrix 239 

notation, Equation 4 can thus be re-written as, 240 

Z̀" = Z̀"+,_a
`["+, = `["_b

(5) 241 

The matrix notation allows us to write the probability matrix of each stationary period d based 242 

on the first and last probability maps `e and `0 and raising the transition matrix to the power 243 

of the number of transition (d − 1	and - − d respectively) 244 

Z̀" = `e_a"+,
`[" = `0_b0+"

(6) 245 

The first and last probability maps are generally the equipment and retrieval and can be 246 

represented as a Dirac matrix `e = ghi, which contains zeros everywhere expected for a 1 at 247 

the equipment site !j. If the track stops before retrieval, `0 becomes the static probability 248 

(pressure and light) at the last stationary period. 249 
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The final marginal probability `" = )($) is the matrix product of the forward and backward 250 

probability matrix,  251 

`" = `e_a"+, ∙ `0_b0+" . (7) 252 

3.3.3 Sampling paths 253 

In order to compute quantities relying on the entire path such as the total distance flown or the 254 

average airspeed, it is most convenient to generate multiple possible paths and compute such 255 

aggregated quantities on each one. 256 

We use a sequential conditional simulation [e.g., 30] to generates a possible path ! =257 

(m,, … , m0	) from the graph. The sequential conditional simulation preforms the following steps:  258 

1. Fix the known position at equipment m, = !j and retrieval m0 = !j if available. 259 

2. For each stationary period d,  260 

a. Compute the forward probability from the previous Z̀" = ghnop_a 261 

b. Compute the backward probability from the last stationary period `[" =262 

`0_b0+"  263 

c. Sample a position m" according to the probability of the product Z̀" ∙ `[" . 264 

3.4 Wind 265 

The resulting position estimates are precise and accurate enough in relation to the spatial 266 

variation of wind that it allows to study wind conditions during flight. As wind has already been 267 

computed, we can easily extract the distribution of windspeeds experienced by the bird from 268 

the graph model.  269 
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We illustrate the potential of this method by extracting the groundspeed, windspeed and 270 

airspeed of each flight from 1’000 simulated paths and the most likely path. We qualitatively 271 

assess the relationship between each flight of the bird in term of distance and orientation and 272 

the direction and magnitude of wind. In addition, we also assess the overall effect of wind on 273 

the full trajectory. To do that, we integrate the groundspeed, windspeed and airspeed over all 274 

flights duration to quantify the total displacement caused by each of them. Knowing the 275 

destination of each flight, windspeed is separated in the wind component along (wind support) 276 

and perpendicular (drift) to the flight trajectory. 277 

4 Results 278 

4.1 Graph products 279 

The three outputs of the method are illustrated in Figure 2 for 6 individuals of different species. 280 

The same figures for all 16 test tracks are available in appendix.  281 

The probability map of each stationary period shows irregular shape (i.e., not necessarily 282 

ellipsoidal) due to the pressure threshold and land mask (e.g., stopover in Italy for 18IC). The 283 

uncertainty is generally much smaller for long stationary periods (e.g., stopover in northern 284 

Tunisia for 18IC).  285 

The most likely path connects each stationary period by generally minimizing the overall 286 

distance of flight while preserving the stopover location in the most likely area of each 287 

stationary period. Representing the most likely trajectory, the most likely path may differ from 288 

the average or median position at each stationary period and is not able to depict the uncertainty.  289 

The simulations, on the other hand, are useful to illustrate all the possible path that the bird 290 

might have taken, and thus are able to visually represents the uncertainty on the overall 291 
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trajectory. Simulations are adequately sampling disconnected probability map such as the 292 

potential stopover in easter Algeria for 20OE or the stopover in Italia/Corsica for 16DM.   293 

 294 

Figure 2: Illustration of the three outputs of this method for 6 different birds. The coloured areas indicate the 295 
probability of position of each stationary period, with the colour indicating the time of year and the colour intensity 296 
indicating the strength of the probability. Note that for visual purposes, we normalized the probability map of each 297 
stationary period separately. The thick line with circles indicates the most-likely trajectory. The thin lines are 30 298 
simulations of possible paths. Higher resolution maps for all 16 tracks are available in Appendix …   299 

4.2 Wind 300 

Using the high-resolution trajectories produced, we can quantify the windspeed and direction 301 

experienced during each flight. We first illustrate the potential of this new approach by 302 

overlying the wind rose (i.e., histogram of windspeed) from 1’000 simulated paths onto the 303 

most likely path trajectory (Figure 3). Similar detailed histograms of groundspeed, windspeed, 304 

airspeed are available in Appendix …  305 

All flights generally occur with supporting wind, with stronger wind support generally 306 

associated with longer flights and longer distance traveled. With northward migration (i.e., 307 
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temperate spring except for intra-African migrants) experiencing stronger wind support than 308 

southward, the migration is performed in fewer and longer flights. 309 

More interestingly for our study, most detours in the trajectory can be explained by birds 310 

drifting while following the direction of strong supporting wind. For instance, there is the case 311 

for the detour via Libya of 18IC during the pre-breeding migration or the detour via western 312 

Algeria of 16DM during pre-breeding migration.  313 

 314 

Figure 3: Windrose of the distribution of wind speed for each flight of more than 3 hours from 1’000 simulations. 315 
The trajectory line illustrated is the most likely path. Note that the bin height (diameter of each wind rose) is 316 
normalized for each stationary period. Arrows indicate post- (blue) and pre-breeding (orange) migration 317 

As illustrated above, wind can both help bird getting closer to their destination, but also cause 318 

lateral drift. We quantify the overall displacement due to wind both along and perpendicular of 319 
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the distance travels (Figure 4). Long distance migrant tends to be more efficient at using the 320 

wind with a higher wind support to drift ratio. 321 

 322 

Figure 4: Illustration of the wind triangle for distance (rather than speed). The total distance travelled during the 323 
full journey of the bird (i.e, sum of all individual flights) (dot ~ groundspeed) is the vectorial sum of the wind 324 
(dotted line ~ windspeed) and bird-powered (continuous line ~ airspeed). This representation allows to visually 325 
appraise the influence of to drift bird (y-axis) and wind support (projection of the dotted line on the x-axis). Long 326 
distance migrant (higher x-value) tends to be more efficient at using the wind (smaller angle of the dotted line) 327 
(with the exception of the Eurasian Nightjar).   328 

5 Discussion 329 

5.1 Model advantages 330 

The major improvement in using a graphical model lies in its ability to compute trajectories in 331 

a mathematically exact manner while keeping computational costs low (see running time in 332 

Appendix 7.3). Indeed, relying on a graph representation of the discretized Markovian process, 333 

the approach is able to capture the full probability distribution of the bird’s entire trajectory. By 334 

comparison, the current standard approach, namely MCMC methods, approximate this 335 

probability distribution with an iterative sampler. This approach requires numerous samples to 336 

adequately characterize the trajectory of the bird, rendering the computational burden 337 

prohibitive. MCMC performs particularly badly in multi-modal parameter space, which 338 

typically characterizes the pressure-derived probability map and water mask. In contrast, our 339 

approach correctly estimates the probability and simulates the position of stationary periods 340 
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with water bodies in between (e.g., pre-breeding stopovers ranging from northern Morocco to 341 

southern Spain for 22BK in Figure 2). In addition, our method requires relatively few 342 

parameters (two graph thresholds) compared to MCMC methods, where the numerous design 343 

parameters (initial path, step size, number of iterations and chains, and burn-in) can strongly 344 

influence the computational performance and can alter the results. 345 

Secondly, thanks to the informative map of pressure, we are able to incorporate all stationary 346 

periods in our model, even those lasting less than 12 hours.  Modeling the location and timing 347 

of such short stopovers improves trajectory probability and may provide more information 348 

about migration strategy, such as valuable information about relationships between potential 349 

stopover habitats and refueling, but also about forced short stopovers due to adverse weather 350 

conditions. It could also contain new insights with respect to conservation by identifying the 351 

resting sites required by the bird, even if it stays there for only a short time. Thirdly, with a 352 

similar order of magnitude than bird’s airspeed, windspeed plays an essential role in the 353 

distance covered during a lapse of time [31]. Following [11], we use wind data to estimate the 354 

possible distance covered by a bird with higher accuracy and precision. Compared to [11], the 355 

computation is further improved by integrating the windspeed encountered throughout the 356 

flight. We harness the high resolution of the weather reanalysis data to query the exact 357 

windspeed at every hour and at the exact pressure level of the bird. 358 

5.2 Model limitations 359 

The main condition required by this modeling approach is that the location of the bird can be 360 

discretized in time and space, and that the number of transitions is finite. Firstly, this prohibits 361 

the deployment of this method to animals moving continuously (e.g., swifts). Secondly, this 362 

limits the number of stationary periods and/or spatial resolution considered to stay within the 363 

range of a computer’s memory usage. Nonetheless, we were able to apply this approach on all 364 
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16 tracks with a personal computer (see running time for each part of the method in Appendix 365 

7.3).  366 

In terms of data, this approach requires at least pressure data. If accelerometer data is missing, 367 

determining stationary period and flight duration could be done from pressure data [e.g., 32]. 368 

Light information remains helpful to limit the computational resources at the graph creation but 369 

is not essential. Wind data provides a facultative improvement in the accuracy of possible flight 370 

distance, requiring easily accessible wind data from ERA-5. The method still works if some 371 

data are missing (e.g., bird not returning to the retrieval site - see 22BK). As this approach 372 

depends on estimating position from pressure data, it cannot be applied to aerial birds not resting 373 

on land or sea [12].   For most precise results, high resolution data (e.g., 5-min intervals) should 374 

be used. 375 

For this approach to be applied successfully in other studies, the importance of high-quality 376 

labeling of pressure and activity cannot be overstated. Indeed, the best precision of position 377 

comes at the cost of well-labeled data. Firstly, as detailed by Nussbaumer [12], pressure 378 

geopositioning is highly sensitive to a change of altitude during the stationary period. Secondly, 379 

similarly to previous approaches, the accurate estimation of flight duration from activity data 380 

as well as the assumed probability curve of airspeed can bear a considerable influence on the 381 

distribution of short stationary periods. With three independent sources of information 382 

(pressure, light, and activity), the correctly labeled data which satisfies all three sources 383 

provides more reliable results. Overall, the time investment in data preparation and labelling 384 

should not be underestimated, as hasty labelling can easily lead to incorrect trajectory.  385 
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5.3 Wind 386 

With the high precision in the estimation of the position of each stationary period and the high 387 

resolution windspeed database, we are able to estimate with relatively high confidence the 388 

possible wind speed and direction experienced by the bird. In consequence, wind support, 389 

airspeed, and wind compensation can all be quantified on an individual level for small-bodied 390 

passerines at a precision never achieved before. 391 

Our preliminary result from these 16 tracks qualitatively illustrated the significance of wind 392 

strength and direction in explaining flight distance, duration and even migration trajectory. As 393 

the main objective of this paper is to introduce this novel model, we did not investigate further 394 

ecological research questions. But with more tracks, there are several avenues of research which 395 

can be pursued such as (1) studying wind compensation and drift  in relation to the destination 396 

at both the flight level and the overall migration, (2) analyzing bird’s decision to depart or stay 397 

by comparing available wind condition on previous nights, or (3) quantifying the energy history 398 

of a single bird by quantifying flight expenditure (from flight duration and airspeed), stopover 399 

replenishment (from stopover duration and habitat quality), and thus investigating potential 400 

carry-over effects.  401 

There is a small risk of circular reasoning when exploiting wind speed output from the model. 402 

Indeed, windspeed is used to compute the airspeed, and in turns, airspeed influence which 403 

transitions are more likely in the resulting graph product. However, (1) this mainly affect 404 

windspeed magnitude and in much lesser extend direction, (2) it affects all flight trajectories in 405 

the same way, so flight or seasonal level comparison is unaffected. If this remains a concern, 406 

the graph using a movement model on groundspeed, thus allowing the resulting windspeed to 407 

be independent.   408 
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Nevertheless, it should be kept in mind that true trajectories still differ from our estimates, so 409 

the variations in estimated airspeeds represent an overestimation of the individual range of 410 

airspeeds. Exceptional values for individual flight segments should therefore be interpreted 411 

with caution.  412 

5.4 GeoPressureR 413 

To help researchers apply this method to their own study, we developed an R package 414 

GeoPressureR (https://raphaelnussbaumer.com/GeoPressureR/) containing (1) a wrapper of 415 

GeoPressureAPI (https://github.com/Rafnuss/GeoPressureAPI) to compute positions based on 416 

pressure, (2) the functions required to build the graph (create, threshold, trim and add wind), 417 

and (3) the functions to compute the three outputs of this study. The package also includes 418 

vignettes providing detailed step-by-step explanations of how to apply this method, using the 419 

example of the Great Reed Warbler (18LX). In addition, it also includes a shiny app 420 

GeoPressureViz to help researchers validate their labelling of pressure, light, and activity data 421 

before building the graph (e.g., https://rafnuss.shinyapps.io/GeoPressureViz/ for 18LX). 422 

Finally, GeoPressureTemplate (https://github.com/Rafnuss/GeoPressureTemplate) is a Github 423 

template repository to help researchers kick-start their study with a pre-built folder structure, R 424 

code and html/website report. Together, these tools aim to render the method described above 425 

accessible to all researchers.   426 

6 Declarations 427 

6.1 Availability of data and materials 428 

The datasets supporting the conclusions of this article are available at the following locations: 429 
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- GeoPressureMAT (https://github.com/Rafnuss/GeoPressureMAT) contains the 430 

MATLAB code and data used to perform the analysis.  431 

- The R package GeoPressureR (https://raphaelnussbaumer.com/GeoPressureR/) 432 

provides the basic component to reproduce the same analysis for other tracks. The 433 

functions are documented, and vignettes contain examples on how to use the package. 434 

- The Github template repository GeoPressureTemplate 435 

(https://github.com/Rafnuss/GeoPressureTemplate) provides the backbone code and 436 

folder structure to start an analysis with GeoPressureR. 437 
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  555 

7 Additional Files 556 

For each track, we provide the following supplementary information.  557 

- Trajectory (same as figure 2) 558 

- Wind rose (same as figure 3) 559 

- Histogram of ground, wind, airspeed and flight duration (same as figure 6 below) 560 

- Polarplot of flight displacement (same as figure 7) 561 

- Stationary and flight information on a table format 562 
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 563 

Figure 5:Groundspeed, windspeed, airspeed distribution of the 1’000 simulated path for each flight above 2hours 564 
represented as violin plot. Red dot represents the most likely path.  565 

 566 

Figure 6: Distance and orientation (dot) travelled by the bird for each flight (See figure 4 for corresponding 567 
number). Each flight is composed of a wind assisted (dotted line) and a bird powered (continuous line) distance.  568 

  569 
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7.1 Running time 570 

Table 1:Runtime (MM:SS) of each part of the modelling approach. Ngrid is the size of grid (lat x lon), Nsta is the number of stationary periods and Nedge is the number of edge in 571 
the final graph (M: million, K: thousand). Step 3 is split in the time to add windspeed information in the graph (3a) and filtering/triming with windspeed (3b). The time for 572 
simulation is near independent to the number of simulations performed.  573 

Common Name GDLID Ngrid  Nsta Nedge Step 1 Step 2 Step 3a Step 3b Create graph Most likely path Prob. map Simulations 

Great Reed Warbler 18IC 32’505 32 9M  00:14 00:05 00:56 00:04 01:20 00:00 00:02 00:10 

Great Reed Warbler 18LX 32’505 30 9M 00:07 00:03 00:37 00:03 00:52 00:00 00:01 00:10 

Tawny Pipit 22BK 30’141 46  7M 00:18 00:04 00:35 00:02 01:01 00:00 00:02 00:15 

Tawny Pipit 22BN 30’141 28 4M 00:02 00:01 00:11 00:01 00:16 00:00 00:00 00:07 

Eurasian Nightjar 22KT 84’525 69 68M  05:57 00:44 04:58 00:32 12:13 00:03 00:27 01:45 

Eurasian Nightjar 24FF 84’525 85 86M  15:40 01:04 05:45 00:37 23:06 00:04 00:40 02:18 

Red-capped Robin-Chat 24TA 4’845 19  133K  00:00 00:00 00:00 00:00 00:01 00:00 00:00 00:00 

Mangrove Kingfisher 24UL 4’845 9  54K  00:00 00:00 00:00 00:00 00:00 00:00 00:00 00:00 

Woodland Kingfisher 16LP 29’181 38  24M  06:03 00:21 02:02 00:08 08:35 00:00 00:05 00:14 

Woodland Kingfisher 20IK 29’181 53  22M  04:08 00:14 01:06 00:06 05:35 00:00 00:06 00:19 

Eurasian Wryneck 22QL 7’521 11 2M  00:00 00:00 00:03 00:00 00:05 00:00 00:00 00:00 

Eurasian Wryneck 22QO 7’521 16 1M  00:00 00:00 00:03 00:00 00:05 00:00 00:00 00:01 

Ring Ouzel 20OA 14’385 23  855K  00:00 00:00 00:03 00:00 00:05 00:00 00:00 00:02 

Ring Ouzel 20OE 14’385 16  1M  00:00 00:00 00:03 00:00 00:04 00:00 00:00 00:01 

Eurasian Hoopoe 16AQ 25’893 25 8M  00:06 00:02 00:25 00:02 00:37 00:00 00:01 00:06 

Eurasian Hoopoe 16DM 25’893 27  11M  00:14 00:05 00:44 00:03 01:07 00:00 00:01 00:07 

 574 
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