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Simple Summary: The environmental impact of livestock production is an important concern of 
modern societies. In the case of grazing cattle, the accumulation of feces in some areas within pad-
docks (e.g., around water troughs) may lead to soil degradation. Current precision technologies can 
monitor grazing animals in (near) real-time to detect and eventually avoid environmental damage. 
In this paper, we proved that commercial GPS trackers can provide meaningful data on animal dis-
tribution and behavior, which can be used to model dung distribution. Model estimates are im-
proved when contextual data (e.g., terrain slope) are considered. The automatic monitoring of dung 
distribution is an opportunity to improve grazing management and land fertilization, reducing the 
environmental footprint of cattle production. 

Abstract: The sustainability of agrosilvopastoral systems, e.g., dehesas, is threatened. It is necessary 
to deepen the knowledge of grazing and its environmental impact. Precision livestock farming (PLF) 
technologies pose an opportunity to monitor production practices and their effects, improving de-
cision-making to avoid or reduce environmental damage. The objective of this study was to evaluate 
the potential of the data provided by commercial GPS collars, together with information about farm 
characteristics and weather conditions, to characterize the distribution of cattle dung in paddocks, 
paying special attention to the identification of hotspots with an excessive nutrient load. Seven an-
imals were monitored with smart collars on a dehesa farm located in Cordoba, Spain. Dung deposi-
tion was recorded weekly in 90 sampling plots (78.5 m2) distributed throughout the paddock. Graz-
ing behavior and animal distribution were analyzed in relation to several factors, such as terrain 
slope, insolation or distance to water. Animal presence in sampling plots, expressed as fix, trajectory 
segment or time counting, was regressed with dung distribution. Cattle showed a preference for 
flat terrain and areas close to water, with selection indices of 0.30 and 0.46, respectively. The accu-
mulated animal presence during the experimental period explained between 51.9 and 55.4% of the 
variance of dung distribution, depending on the indicator used, but other factors, such as distance 
to water, canopy cover or ambient temperature, also had a significant effect on the spatiotemporal 
dynamics of dung deposition. Regression models, including GPS data, showed determination coef-
ficients up to 82.8% and were able to detect hotspots of dung deposition. These results are the first 
step in developing a decision support tool aimed at managing the distribution of dung in pastures 
and its environmental effects. 

Keywords: precision livestock farming; extensive farming; agrosilvopastoral systems;  
environmental impact; ecosystem services 
 

1. Introduction 
Agrosilvopastoral systems combining trees, shrubs, pasture and crops cover large 

areas on most continents, differing in size and organization between temperate and trop-
ical regions [1]. These production systems have been widely acknowledged for the 
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provision of numerous and diverse ecosystem services, such as food, nutrient cycling, wa-
ter regulation, biodiversity, etc. [2]. Generally, agrosilvopastoral systems are superior to 
croplands and grasslands in terms of biodiversity and carbon storage. In fact, estimates of 
carbon stocks in soil, grass and trees of agrosilvopastoral systems have been used as a 
basis for the design of climate-smart production systems [3]. 

Dehesas, which occupy more than four million hectares in the Iberian Peninsula, are 
a classic example of agrosilvopastoral systems. Dehesas are derived from the Mediterra-
nean forest ecosystem, consisting of grassland featuring herbaceous species used for graz-
ing cattle and sheep and tree species belonging to the genus Quercus (oak), such as the 
holm oak (Quercus ilex L.), although other tree species may also be present. Oaks are pro-
tected and pruned to produce acorns, which Iberian pigs feed on during the period called 
montanera. The understory is usually cleared every seven to ten years to prevent shrub 
invasion of the grassland. Despite their importance, the economic, ecological and social 
sustainability of dehesas is seriously threatened [4]. Dehesas are complex production sys-
tems, including both spatial and temporal domains, so their adequate management de-
mands advanced and specific skills. However, the current trend is the reduction of system 
complexity rather than its management [3], for example, by eliminating crops or shrubs 
or by reducing pasture diversity, which can severely affect the long-term provision of eco-
system services. Several authors have proposed the continuous monitoring of dehesas as a 
key step to ensure their sustainability [5]. 

One of the major threats to the sustainability of dehesas is the intensification of animal 
production [4], e.g., by increasing stocking rates or by replacing native breeds with foreign 
breeds, which are normally less fitted to the seasonal resources of Mediterranean produc-
tion systems. In addition, the lack of shepherds due to economic and social constraints has 
led to the generalization of continuous grazing systems, in which cattle graze freely in 
fenced paddocks for several weeks or months. Under this grazing management strategy, 
the impact of animal behavior in relation to their preference for certain areas within the 
paddock is a key issue that has not always been well considered [6,7]. When cattle show 
strong selective behavior, overgrazing may occur in the preferred spots. In addition, the 
distribution of animals on pasture has been found to affect soil properties through the 
accumulation or loss of nutrients both in soils and water [8,9]. The time animals spend in 
a particular area and their activities in that area may affect the nutrient balance [7,10]. The 
decomposition of cattle manure is crucial for nutrient cycles altering soil composition, 
mainly in relation to nitrogen and phosphorus stocks in topsoil [8,11]. Excess nitrogen has 
been observed in hotspots where animals tend to urinate or defecate more than average 
[6,12,13]. Other authors have found that microbiota and organic carbon can also be af-
fected by dung distribution [14–17]. Another important effect of dung deposition on pas-
tures is the reduction of biomass available for livestock feeding, as cattle normally avoid 
grazing those areas with a high dung density [18]. Additionally, as uneven dung distri-
bution creates heterogeneous nutrient availability in the soil, plant growth and paddock 
occupation by different plant species can be affected, leading to the accumulation or de-
pletion of undesirable vegetation in different spots [19]. Fertilizers could be reduced in 
areas with major dung density to homogenize nutrient availability [20]. Disease risk is 
also associated with feces distribution, as many livestock diseases can be transmitted by 
oral contact with feces or through fecal aerosols [21]. 

Scientific literature has identified several factors with a significant effect on grazing 
behavior and animal distribution, e.g., stocking rate, water and shade location [6], climate 
conditions or pasture characteristics [7]. Thus, characterizing and understanding animal 
behavior on pasture is crucial to develop management strategies favoring productivity 
and, at the same time, avoiding or decreasing the potential negative impact of grazing on 
the environment [22]. Some authors have pointed out that by predicting or monitoring the 
sites of livestock dung deposition, the environmental risks associated with an excessive 
nutrient load can be reduced [23]. 



Animals 2022, 12, 2383 3 of 21 
 

Smart technologies applied to animal farming, also known as precision livestock 
farming (PLF), can provide continuous data to potentially improve farmer decision-mak-
ing [24,25] in relation to production, reproduction, animal health and welfare and envi-
ronmental impact [26]. In particular, as visual observation of animals is highly time-con-
suming and observer-dependent, GPS tracking devices could serve to monitor grazing 
behavior and animal distribution on pasture, which may help to develop management 
strategies aimed at reducing an excessive concentration of animals in certain areas, for 
example, by relocating shade, water or mineral supplementation spots [27]. 

Several authors have used GPS trackers to characterize cattle behavior, as well as its 
relationship to dung distribution [15,17,28]. In most cases, the distribution of livestock on 
pasture was recorded by counting animal visits to certain locations or in landscape units 
and analyzed by calculating preference indices [29–32] or home ranges [33]. Few of these 
studies were carried out in temperate agrosilvopastoral systems, such as dehesas. Concern-
ing feces distribution, some authors have correlated the number of GPS positions during 
a grazing season with the amount of dung in sampling plots of different sizes [2,8]. Most 
of these studies used high-temporal resolution GPS trackers, which record location fixes 
every few seconds or minutes. These devices have been proven to be fit for research pur-
poses, but their usefulness under commercial farm conditions is limited due to several 
reasons, such as robustness, battery life or lack of wireless data transmission [34,35]. How-
ever, in recent years, great progress has been made in relation to the development of com-
mercial GPS tracking devices, which are now capable of recording fixes over months or 
years and transmitting these data through low-power, wide-area (LPWA) networks [36]. 
The temporal resolution of these commercial devices is typically between 15 min and 2 
hours. 

We hypothesized that, under the conditions of dehesa production systems, commer-
cial GPS trackers could be used to monitor the distribution of dung on pasture in near 
real-time. This information may be useful for implementing management strategies aimed 
at enhancing nutrient distribution on soils. Thus, the main objective of this study was to 
evaluate the potential of data provided by commercial GPS devices, together with contex-
tual information about farm characteristics and weather conditions, to describe dung dis-
tribution on paddocks, paying special attention to the identification of hotspots with an 
excessive nutrient load. The optimal spatial and temporal scales for the monitoring of fe-
ces distribution were also investigated. 

2. Materials and Methods 
2.1. Study Area 

The study was carried out on a commercial dehesa farm called ‘Las Albaidas’ located 
in the municipality of Cordoba, Spain. The farm consisted of a single fenced paddock with 
an area of 23.1 hectares and an average altitude of 150 m above sea level. The coordinates 
of the paddock centroid were 37.91° N and 4.7° W. The climate can be defined as typical 
Mediterranean (Csa) according to the Köppen climate classification [37]. The tree canopy 
cover was 24.7%. The tree layer was mainly composed of oak trees (Quercus ilex L.), alt-
hough some cork oak trees (Quercus suber L.) and olive trees (Olea Europaea L.) were also 
present. The shrub layer was almost inexistent, except for paddock borders, which is usual 
in Spanish dehesas dedicated to livestock production. The pasture layer consisted of natu-
ral vegetation, including various grass and legume species, e.g., Dactylis glomerata L., 
Hordeum murinum L., Lolium perenne L., Poa bulbosa L., Medicago arabica H., Ornithopus com-
pressus L. and Trifolium subterraneum L. There was a single water trough at the southeast-
ern end of the paddock. 

2.2. Cattle Monitoring 
The farm supported a herd of 18 cattle, aged one to eight years, under a continuous 

grazing management system. Animals had access to ad libitum mineral supplementation, 
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placed close to the water trough. Breeds were Limousin (males), Retinta and crossbred. 
Seven animals (two males and five females), which represented 40% of the herd size, were 
monitored with commercial GPS tracking collars provided by Digitanimal Ltd. (Madrid, 
Spain) [38]. Animals were selected on the advice of the farmer to be representative of herd 
behavior. The tracking system included the following components: a GPS unit, a lithium 
battery pack lasting approximately one year, an IP67 enclosure resistant to water and dust, 
and an LPWA communications module based on SigFox [39], which enabled the trans-
mission of location fixes from collars to the server in near real-time [36]. GPS devices were 
configured to gather a location fix of each animal every 30 min if SigFox coverage was 
available. 

2.3. Characterization of Dung Distribution 
Ninety permanent sampling plots were established to measure dung distribution on 

pasture. Each sampling plot had an area of 78.5 m2 (5 m radius) and a separation of ap-
proximately 50 m from the other plots. Plot centroids were georeferenced using a Garmin 
Etrex 10 GPS receiver and marked on the ground with stone piles. Plot distribution in the 
paddock is shown in Figure 1. The sampled area represented 3.1% of the total area of the 
paddock. 

 
Figure 1. Distribution of dung sampling plots in the study paddock. 

The sampling plots were examined weekly from 15 February 2021 (winter) to 2 July 
2021 (summer). The number of new feces per week inside each plot was registered in an 
MS Excel file. Once registered, the feces were marked with a pike to avoid double counting 
in the following weeks (Figure 2). 
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Figure 2. Marking of individual droppings to avoid double counting: fresh dung (left) and dry dung 
(right). 

2.4. Characterization of Factors Affecting the Spatial Variability of Grazing Behavior 
Several factors may affect cattle behavior and distribution on pasture, some of which 

showed temporal variability throughout the study, while others had just spatial variation. 
Regarding the spatial variability of cattle behavior, the following factors were studied us-
ing open data sources: terrain slope, insolation, canopy cover and distance to the single 
water trough of the paddock. 

Slope (%) was calculated for each 5 × 5 m pixel inside the paddock by using the digital 
model of elevations published by the Spanish National Plan of Aerial Orthophotography 
(PNOA) [40] and the open-source software QGIS 3.18.1 [41]. Raster pixels were then aver-
aged to match the 10 × 10 m grid of Sentinel 2 images, which were used to characterize 
vegetation dynamics, as explained in Section 2.5. Insolation, expressed in degrees relative 
to azimuth, was also calculated for those pixels with a slope greater than 10% using the 
PNOA digital model of elevations (slopes below 10% were considered flat terrain, with 
no effect of insolation). A canopy cover shapefile, i.e., the vertical projection of tree crowns 
on the ground [42], was obtained with QGIS following a semiautomatic procedure con-
sisting of pixel clustering of high-resolution orthophotography (25 × 25 cm), which was 
also available at the PNOA webpage. A k-means clustering algorithm was used to group 
orthophotography pixels into 10 categories depending on their values for red, green and 
blue bands. Afterwards, each cluster was reclassified as “tree” or “grass” based on a visual 
inspection of the orthophotography, contrasted with field observations. The resulting 
shapefile was then simplified by eliminating polygons corresponding to the “tree” cate-
gory with an area below 1 m2. This new shapefile was intersected with the Sentinel grid, 
allowing the calculation of a canopy cover percentage for each pixel. Finally, the Euclidean 
distance from the centroid of each 10 × 10 m pixel to the water trough of the paddock was 
computed with QGIS. The resulting maps of slope, insolation, canopy cover and distance 
to water are included as supplementary materials (Supplementary Materials Figures S1–
S4). 

Average slope, insolation, canopy cover percentage and distance to the water trough 
were also calculated for each sampling plot, following the procedure described in the pre-
vious paragraph. 

2.5. Characterization of Factors Affecting the Temporal Variability of Grazing Behavior 
Regarding factors influencing the temporal variability of animal behavior, data on 

weather and vegetation dynamics were collected from open data sources. 
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For the characterization of weather conditions during the study, we used the records 
of an agroclimatic station located at the ‘Rabanales Campus’ [43], which is only 2.1 km 
from the ‘Las Albaidas’ farm. The following variables were registered daily: average, max-
imum and minimum temperature (°C), rainfall (mm), average relative humidity (%), total 
solar radiation (W/m2) and average wind speed (m/s). As feces counting was carried out 
once a week, weather records were aggregated on a weekly basis. Of course, microclimatic 
differences may have existed within the paddock, which implies the existence of spatial 
variability for weather data, but these small variations could not be recorded with the 
available sensors. The main values for temperature and rainfall during the experimental 
period are shown in Figure 3. 

 
Figure 3. Weekly temperatures and rainfall during the experimental period. 

On the other hand, we used the spectral data provided by Sentinel 2 satellites [44] for 
the study of the temporal dynamics of vegetation. Cloud-free images available for the ex-
perimental period were downloaded and processed with a custom script implemented in 
Google Earth Engine [45]. The values of the normalized difference vegetation index 
(NDVI) for each 10 × 10 m pixel were calculated for the following dates: 15 and 22 Febru-
ary, 12, 14, 17, 22 and 24 March, 1, 3, 16, 18 and 23 April, 1, 6, 11, 13, 16, 18, 26 and 28 May, 
2, 7, 10, 12, 20, 25 and 27 June, and 2 July. Weekly NDVI averages were calculated for each 
pixel. The evolution of the average NDVI in the farm during the experimental period is 
shown in Figure 4, separately for pasture and tree pixels. As expected, NDVI in tree pixels 
is higher than in grass pixels at the end of the study, as Quercus trees are evergreens. 

 
Figure 4. Evolution of NDVI for grass and tree pixels during the experimental period. 

2.6. Data Processing and Analysis 
Cattle distribution on the experimental paddock was estimated by counting whole 

herd location fixes per area unit per week. Area units were landscape polygons, Sentinel 
grid pixels or sampling plots, depending on the objective of data analysis. Weekly selec-
tion indices of the herd were also calculated according to [46]: 
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𝐽𝐽𝐽𝐽𝐽𝐽 =
𝑟𝑟 − 𝑝𝑝

𝑟𝑟 + 𝑝𝑝 − 2 ∗ 𝑟𝑟 ∗ 𝑝𝑝
 

where JSI was the value of the Jacobs selection index for a given area unit, r was the fraction 
of location fixes or feces in that area unit, and p was the fraction of that area unit in the 
paddock. Selection indices varied from −1 (negative selection) to +1 (positive selection). 

Prior to fix counting, as information provided by commercial GPS collars may con-
tain some missing values due to the lack of SigFox coverage, raw data were preprocessed 
according to the following steps: (1) fixes located outside the farm border were considered 
errors and removed; (2) days with one or more devices having three consecutive hours 
without data were excluded from data analysis; (3) daily trajectories were calculated using 
the package “trajr” [47] of the open-source software R [48]; and (4) trajectories were 
resampled to have location fixes at standardized timestamps (every 30 min starting from 
midnight). After preprocessing, the resulting database had 48 fixes per animal per day, 
i.e., 336 fixes per animal per week. 

Obviously, the temporal resolution of GPS trackers, together with the number of 
tracking devices, affected the fix counting. To reduce the impact of device configuration 
on the results of data analysis, we used the number of trajectory segments (straight lines 
connecting two consecutive location fixes) intersecting each sampling plot as the second 
indicator of animal presence. Additionally, the length of the intersection between each 
trajectory segment and each plot was translated into time spent by the animal within that 
plot by considering that cattle moved at a constant speed between consecutive locations. 
That is, if the total length of a trajectory segment was “x”, but the intersection of that seg-
ment with a particular sampling plot had a length of “y”, the amount of time that the 
animal spent in that plot was estimated as (30 × y/x) minutes, as each segment referred to 
30 min for resampled trajectories. 

On the other hand, as cattle performed different activities on pasture, we assigned a 
distinctive behavior to each GPS fix or trajectory segment. Following the methodology 
described in previous studies [12,49], the average speed between two consecutive loca-
tions was used as an indicator of the type of behavior. On average, those authors found 
that cattle spend 57.5% of their time resting (including rumination), 40% grazing and 2.5% 
walking. Thus, percentiles 57.5 and 97.5 for the data distribution of the average speed 
between consecutive fixes were used as thresholds to classify cattle locations as corre-
sponding to resting (low speed), grazing (medium speed) or walking (high speed). 

To model the relationship between cattle and dung distribution, a stepwise regres-
sion procedure was used. The number of droppings inside each plot per week was used 
as the dependent variable, and the number of location fixes per plot per week was used 
as the independent variable. Alternatively, the number of trajectory segments and the 
time spent in the plot were also used as independent variables. The effect of separating 
fixes, segments or times corresponding to resting or grazing behavior was also tested. 
Data on the slope, insolation, canopy cover, distance to water, meteorological variables 
and NDVI were included as covariates in all models. A p-value below 0.05 was considered 
statistically significant. To test the effect of spatial and temporal domains on the model, 
the dependent variable, i.e., the number of droppings per plot, was aggregated spatially 
(one vs. four plots) and temporarily (one vs. six weeks) in successive rounds of model 
calibration. Model validation was also performed considering both domains. In the first 
round, models were calibrated with data corresponding to 70% of the sampling plots and 
validated with the remaining 30%. Then, data from 70% of the weeks were used for cali-
bration and the last 30% for validation. Statistical calculations were performed in IBM 
SPSS Statistics 25 (Armonk, NY, USA) and R.  



Animals 2022, 12, 2383 8 of 21 
 

3. Results 
3.1. Effects of Spatial Patterns on Cattle and Dung Distribution 

A total of 1838 fixes were located inside the 90 sampling plots during the experi-
mental period, meaning 4.1% of all fixes were gathered by GPS collars. These data were 
considered representative of cattle behavior within the whole paddock (as explained in 
the Material and Methods section, sampling plots represented 3.1% of the paddock area). 

However, as shown in Table 1, the distribution of animals in the paddock was not 
even. Although only 35.7% of the available land could be considered flat (slope below 
10%), 50.8% of location fixes were found in flat areas. Disproportionality was even larger 
for feces distribution, as 62.5% of droppings were deposited in these areas. This was re-
flected in the weekly values of the Jacobs selection index, which averaged 0.30 and 0.45 
for location fixes and droppings, respectively. Regarding insolation, slopes facing south 
were especially avoided by cows, both for location and defecation. On the other hand, a 
significant reduction in the number of dung pats was observed in slopes facing west com-
pared to the number of fixes. According to GPS timestamps, cattle used those slopes 
mostly for evening grazing during late spring and summer, while most droppings were 
concentrated in resting areas. Tree layer did not affect animal distribution, as pixels with 
a high canopy cover showed a similar selection index to those pixels without trees (a sig-
nificantly higher index was found for areas with a canopy cover between 25 and 50%, but 
all values of selection indices were very close to zero, indicating no animal preference). 
However, canopy cover did affect dung distribution, as the selection index for droppings 
in areas without trees was positive and significantly different from covered areas. Finally, 
a strong preference for areas closer than 100 m to the water trough was observed. Most 
location fixes in these areas corresponded to resting behavior during the morning, part of 
which could correspond to rumination. For night rest, cattle preferred flat and elevated 
areas located between 350 and 550 m from the water trough. The effect of distance to water 
on the distribution of dung was significantly higher than on animal distribution, as 42.6% 
of droppings (19.76% of cattle positions) were registered in sampling plots closer than 100 
m to the trough, while this area represented only 8.7% of the available land. 

Table 1. Animal and dung distribution within the experimental paddock according to several fac-
tors. 

Factor Category % Total Area % Total Fixes % Total Droppings JSI Fixes JSI Droppings Sig. 

Slope 

<5% 7.42 13.49 20.05 0.29 ± 0.15 c 0.36 ± 0.19 c  
5–10% 28.23 37.37 42.46 0.20 ± 0.08 c 0.29 ± 0.14 c * 

10–20% 53.29 44.72 34.69 −0.17 ± 0.12 b −0.36 ± 0.14 b *** 
>20% 11.06 4.41 2.80 −0.48 ± 0.18 a −0.54 ± 0.28 a  

Insolation 

Flat 35.65 50.86 62.51 0.30 ± 0.13 c 0.45 ± 0.13 c *** 
North 12.82 8.06 11.17 −0.27 ± 0.15 b −0.18 ± 0.18 b  
East 9.12 6.37 7.06 −0.21 ± 0.16 b −0.26 ± 0.20 b  

South 2.74 0.98 2.25 −0.51 ± 0.22 a −0.49 ± 0.28 a  
West 39.66 33.72 17.01 −0.13 ± 0.16 b −0.37 ± 0.10 ab *** 

Canopy cover 

0% 26.89 25.59 51.30 −0.03 ± 0.08 a 0.21 ± 0.15 b *** 
0–25% 33.74 34.23 27.35 0.01 ± 0.05 ab −0.15 ± 0.14 a *** 

25–50% 19.65 20.97 15.31 0.04 ± 0.05 b −0.09 ± 0.21 a * 
>50% 19.73 19.22 6.04 −0.02 ± 0.10 a −0.24 ± 0.24 a ** 

Distance to wa-
ter 

<50 m 2.22 3.55 5.92 0.20 ± 0.18 c 0.20 ± 0.29 b  
50–100 m 6.45 16.21 36.70 0.46 ± 0.11 d 0.64 ± 0.12 c *** 
100–200 m 15.62 8.81 6.43 −0.32 ± 0.07 a −0.50 ± 0.20 a *** 

>200 m 75.71 71.43 50.95 −0.10 ± 0.11 b −0.36 ± 0.18 a *** 
* Abbreviations: JSI = Jacobs selection index (calculated per week). Different superscript letters 
within the same column indicate statistical significance (p < 0.05). Asterisks indicate statistical sig-
nificance within the same row: * = p < 0.05; ** = p < 0.01; *** = p < 0.001. 
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3.2. Effects of Temporal Patterns on Cattle and Dung Distribution 
Animal behavior and distribution on pasture showed a strong temporal component. 

Figure 5 shows the average length of trajectory segments within a day for each monitored 
animal. Segments below 50 m, which corresponded to an average speed of 1.6 m/min, 
were associated with resting behavior. Two main resting bouts around midday and dur-
ing the night were observed in all animals. Accordingly, two main grazing bouts were 
also identified, one in the morning and one in the afternoon/evening. Differences among 
animals were not significant. 

Daily activity patterns were not constant during the experimental period. Significant 
differences in the average length of trajectory segments at various timestamps were ob-
served among seasons, as shown in Figure 6. The morning grazing period was longer and 
occurred earlier during summer, while the second grazing period was shorter and de-
layed until 9–10 p.m. In contrast, animals showed less activity at sunrise and longer graz-
ing periods in the afternoon during winter. This adaptative behavior possibly responded 
to higher temperatures in summer and daylight, which increased approximately 3 h be-
tween the beginning and end of the experimental period. 

 
Figure 5. Individual variability of the daily activities of cattle. 

 
Figure 6. Seasonal variability of the daily activities of cattle. Asterisks indicate statistical signifi-
cance: * = p < 0.05; ** = p < 0.01; *** = p < 0.001. 

Herd dispersal while performing different activities, which was estimated as the av-
erage distance between individuals and herd centroid, is another indicator of animal dis-
tribution. It is worth noting that the estimation of herd dispersal requires that the location 
fixes from all animals are synchronized, which is not the case with commercial devices. 
Then, as it was done in this study, the calculation and resampling of trajectories at stand-
ardized timestamps are needed. Figures 7 and 8 show the intraday dynamics of the dis-
tance to herd centroid by animal and by season. The herd was more dispersed for grazing 
than for resting, and no significant differences among individuals were observed. 
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Curiously, distance to herd centroid was significantly lower during diurnal resting (partly 
rumination) than for night rest. With regard to the effect of the season, the herd was sig-
nificantly more dispersed during winter, especially for the afternoon/evening grazing 
bout. This effect could respond to the type of vegetation available during this season, 
which encouraged cattle to seek high-quality pastures. 

 
Figure 7. Individual variability of cattle behavior in relation to the herd. 

 
Figure 8. Seasonal variability of herd behavior. Asterisks indicate statistical significance: * = p < 
0.05; ** = p < 0.01; *** = p < 0.001. 

The temporal variability of animal distribution influenced the distribution of dung. 
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Figure 9. Weekly percentage of droppings in the two main hotspots for dung deposition according 
to ambient temperature. 

 
Figure 10. Effect of the interaction ambient temperature-distance to water in dung distribution. 

An interaction between ambient temperature and canopy cover was also observed 
for the distribution of dung (Figure 11). Although most droppings were deposited in areas 
without tree cover, this proportion was even larger on warm days. Cattle may spend more 
time under trees with higher temperatures, but it did not increase dung deposition in 
these areas. In contrast, the number of dung pats was reduced in plots with some canopy 
cover. 

 
Figure 11. Effect of ambient temperature-canopy cover interaction in the distribution of dung. 
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great leverage effect on the regression between feces counting and animal presence. To 
check that, Figure 12 includes the relationship between feces and animal presence calcu-
lated both including (Figure 12a–c) and excluding (Figure 12d–f) hotspot data. 

   
(a) (b) (c) 

   
(d) (e) (f) 

Figure 12. Relationships between feces counting and animal presence estimated as location fix 
counting (a,d), trajectory segment counting (b,e) or time spent inside plot (c,f), including (a–c) and 
excluding (d–f) hotspots. 

The coefficients of determination were similar in all cases, ranging from 0.5 to 0.6. 
Nonetheless, slightly better results were obtained when the number of segments intersect-
ing each plot was used as the independent variable. In Figure 12a–c, the hotspots accu-
mulating most of the feces can be easily identified. The total count of dung pats in hotspots 
was 175 and 442 for the whole period, i.e., 2.2 and 5.6 droppings per m2 for 19 weeks. As 
hotspot data had a large leverage effect on the relationship between feces counting and 
animal presence, Figure 12d–f shows the correlation between both variables, excluding 
hotspots. The values of coefficients of determination were not greatly affected when 
hotspot data were excluded, although the relationship between the number of droppings 
and the number of segments was, in fact, improved and showed the highest linearity. 

Figures 13 and 14 analyze the temporal and spatial domains of the relationship be-
tween dung distribution and animal presence. The correlation coefficient between the 
number of droppings and the number of location fixes per plot per week showed a large 
variation among weeks, ranging from 0.09 in week 1 to 0.63 in week 3. When using accu-
mulated weeks, the maximum correlation coefficient (0.72) corresponded to the sum of 
data from the 19 weeks of the study, but r > 0.6 was reached with just 10 weeks and r > 0.5 
with 6 weeks. Regarding the spatial component of the correlation between the studied 
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variables, when data were aggregated from 1 to 4 plots (close to each other), the correla-
tion coefficient values were only slightly improved, meaning that the temporal domain 
was of greater importance for models correlating the distributions of dung and animals. 

 
Figure 13. Correlation coefficient between the number of droppings and the number of location fixes 
per plot, per week and per accumulated week. 

 
Figure 14. Correlation coefficient between the number of droppings and the number of location fixes 
per accumulated plot. 

3.4. Calibration and Validation of Prediction Models 
To evaluate the possibilities of tracking the distribution of dung in near-real time 

based on data from commercial GPS collars and open data sources, various models were 
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significant only when data were aggregated for 4 plots. Errors were significantly reduced 
by including data from GPS collars in prediction models, showing their added value for 
tracking dung distribution, and by aggregating data both in the spatial and temporal do-
mains. The best model was obtained with data aggregated for 4 plots and 6 weeks and 
with trajectory segments as the independent variable. Figure 15 shows the relationship 
between the observed and predicted number of droppings using this model, both for cal-
ibration and validation data sets. In general, validation errors were significantly higher 
than those corresponding to calibration, showing that the relationship between feces 
counting and independent variables was different during the first and the last weeks of 
the trial. In fact, as explained in previous sections, the ambient temperature increased at 
the end of the experiment, altering the effects of distance to water and canopy cover in the 
relationship between dung distribution and animal presence. Figure 15 shows that the 
best model was not able to adequately predict the number of feces in the two hotspots 
(each one including 4 sampling plots), which accumulated more than 300 droppings in 
the last 6 weeks of the experiment. In fact, the maximum number of droppings in the cal-
ibration dataset was 154. However, the inclusion of GPS data in the model did allow the 
identification of the two hotspots, as they were the only plots with more than 100 pre-
dicted droppings. The model including uniquely contextual variables did not differentiate 
hotspots from other spots of the paddock. However, the generalization of prediction mod-
els for dung distribution would require data from additional weeks in order to character-
ize all possible interactions between independent variables. Obviously, data from other 
farms, stocking rates, grazing management methods, etc., would also be needed. 

Table 3 shows the results for models calibrated with 70% of the plots and validated 
with the remaining 30%. In this case, the selected variables were less consistent among 
models, showing that 70% of the plots may be insufficient to characterize the spatial com-
ponent of the relationship between dung distribution and the presence of animals. Fur-
thermore, errors were higher than for models in Table 2. 

  
(a) (b) 

Figure 15. Relationship between observed and predicted number of droppings for the best model 
in Table 2 and for the equivalent model excluding GPS data. (a) Calibration data set. (b) Validation 
data set. 
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Table 2. Prediction models validated in the temporal domain. 

Spatial Domain Temporal Domain GPS Variable CONS 
Coefficients * 

R2 MAEc ** MAEv ** 
GPS CC DW IN NDVI SL 

1 plot 1 week - 3.382   −0.003   −0.097 0.097 1.324 1.912 
1 plot 1 week fix 2.172 0.479 ***  −0.002   −0.059 0.321 1.116 1.646 
1 plot 1 week segment 1.872 0.186 ***  −0.002   −0.049 0.356 1.068 1.625 
1 plot 1 week time 1.896 0.935  −0.002   −0.053 0.320 1.092 1.625 
1 plot 6 weeks - 21.895   −0.020   −0.633 0.156 1.002 1.503 
1 plot 6 weeks fix 11.282 0.512  −0.009   −0.322 0.508 0.709 1.116 
1 plot 6 weeks segment −0.576 0.173      0.539 0.687 1.113 
1 plot 6 weeks time 4.879 1.199 −6.785     0.512 0.862 1.202 
4 plots 1 week - 18.670   −0.013 −0.012  −0.586 0.291 0.864 1.400 
4 plots 1 week fix 5.846 0.697 *** −12.760 −0.003  20.025  0.529 0.679 1.146 
4 plots 1 week segment 4.930 0.250 *** −10.092 −0.003  14.484  0.576 0.636 1.085 
4 plots 1 week time 3.595 1.363 −10.286   16.476  0.526 0.665 1.104 
4 plots 6 weeks - 99.713   −0.087   −3.336 0.380 0.737 1.303 
4 plots 6 weeks fix 20.231 0.757 −56.944     0.743 0.440 0.879 
4 plots 6 weeks segment 19.528 0.299 *** −46.765     0.828 0.363 0.802 
4 plots 6 weeks time 17.450 1.590 −48.280     0.773 0.399 0.850 

* Abbreviations: GPS = number of fixes, segments or time sum, CC = canopy cover, DW = distance to water, IN = insolation, NDVI = normalized difference 
vegetation index, SL = slope. ** Mean absolute error (calibration and validation) expressed per plot and week. *** Data referred only to resting behavior. 

  



Animals 2022, 12, 2383 16 of 21 
 

Table 3. Prediction models validated in the spatial domain. 

Spatial Domain 
Temporal 
Domain 

GPS Variable CONS 
Coefficients * 

R2 MAEc ** MAEv ** 
GPS CC DW IN NDVI SL TA TM 

1 plot 1 week - 2.016  0.014 −0.003   −0.103 0.064  0.167 1.207 2.128 
1 plot 1 week point 1.742 0.366 −0.005 −0.002 −0.002  −0.061 0.052  0.451 1.058 1.984 
1 plot 1 week segment 1.033 0.122  −0.001 −0.003  −0.055 0.045  0.470 2.237 3.003 
1 plot 1 week time 1.769 0.797 −0.007 −0.001 −0.003  −0.058 0.049  0.471 1.100 2.063 
1 plot 6 weeks - −9.061  9.141 −0.021   −0.651  0.865 0.293 0.934 1.790 
1 plot 6 weeks point −8.697 0.408 −4.843 −0.009 −0.017  −0.356  0.747 0.746 0.587 1.558 
1 plot 6 weeks segment 2.686 0.142   −0.024 −18.290 −0.302 0.394  0.779 0.527 1.635 
1 plot 6 weeks time −7.385 0.839 −4.902 −0.009 −0.018  −0.354  0.710 0.760 0.554 1.538 
4 plots 1 week - 29.546  −21.261 −0.016 −0.058 −30.183 −0.715 0.333  0.360 1.241 1.603 
4 plots 1 week point 11.772 0.913 *** −29.115  −0.036 −19.093  0.217  0.590 0.900 1.234 
4 plots 1 week segment 9.053 0.332 *** −22.751  −0.029 −18.016  0.197  0.641 0.844 1.124 
4 plots 1 week time 11.994 1.850 *** −28.989  −0.036 −17.675  0.197  0.600 0.894 1.223 
4 plots 6 weeks - 129.717   −0.167   −3.777   0.323 1.170 0.886 
4 plots 6 weeks point 31.117 1.073 *** −93.624       0.657 0.722 0.572 
4 plots 6 weeks segment 12.547 0.393 ***        0.707 0.597 0.557 
4 plots 6 weeks time 31.002 2.140 *** −92.531       0.667 0.712 0.522 

* Abbreviations: GPS = number of fixes, segments or time sum, CC = canopy cover, DW = distance to water, IN = insolation, NDVI = normalized difference 
vegetation index, SL = slope, TA = average temperature, TM = maximum temperature. ** Mean absolute error (calibration and validation) expressed per plot and 
week. *** Data referred only to resting behavior. 
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4. Discussion 
In recent years, several authors have pointed out the need to deepen the knowledge 

of cattle grazing behavior and its environmental impact [13,16,50], both in terms of differ-
entiating individual and herd behavior and improving grazing management strategies 
[51]. This study proposes several approaches to understanding and quantifying grazing 
patterns using PLF technologies. Unlike previous studies [34,35,52], research was con-
ducted by combining commercial GPS devices and open data sources, which makes re-
sults easily implementable in real-world livestock farming. Although the data provided 
by commercial devices presented some limitations, they could be overcome with specific 
data processing strategies, which allowed the extraction of meaningful information on 
animal behavior and distribution in pastures. 

Open data sources, such as digital models of elevations, orthophotographs and sat-
ellite images, were especially useful for identifying and characterizing the sites preferred 
by animals to perform different activities. In the present study, cattle showed a strong 
preference for flat terrain and areas near water, in agreement with previous studies 
[27,53,54]. Consequently, these factors influenced the distribution of dung within the pad-
dock. [55,56] concluded that, in warm environments, the location of water and shade in-
fluences the behavior and distribution of animals. However, in our study, the availability 
of shade under trees, measured as canopy cover, did not affect the distribution of animals, 
although it did influence the dispersal of dung. However, contrary to what was observed 
by [2,57], in this study, fewer cattle droppings were registered in pixels with high canopy 
cover. 

The temporal domain was also important to describe the distribution of animals and 
dung. Large variability existed both intraday and between days. In this study, the inter-
actions among ambient temperature, distance to water and canopy cover explained the 
dynamics of animal distribution and their relationship with feces deposition. Contrary to 
what was observed in previous studies [27,53], relative humidity did not significantly in-
fluence dung dispersal in our trial, probably because of its limited range when aggregated 
weekly. 

Regarding herd behavior, our results coincide with [58,59], who showed that the dis-
tance of individuals to herd centroid was affected by the time of the year. We also ob-
served that this distance depended on the type of activity carried out by animals, with a 
maximum average distance during grazing. 

As the spatial and temporal patterns of dung distribution are not uniform 
[2,18,60,61], several studies [20,21] have pointed out the need to develop tools aimed at 
the implementation of management strategies able to modify animal distribution, decreas-
ing overgrazing and nutrient accumulation in small areas. The strategic location of water, 
shade, salt or mineral supplementation points could help to modify animal distribution 
[27,62]. According to [8], the prediction of sites of dung accumulation could be used to 
reduce the risk of contamination of water and soil. Fertilizer use could be reduced on gen-
tle slopes, areas around fences and salt ponds, etc., avoiding the negative effects of excess 
nutrients [20]. 

There are not many previous studies on modelling the relationship between animal 
presence and dung deposition [53,54], and none of them were done under Mediterranean 
conditions. However, our results are in accordance with the findings of [53], who identi-
fied the distance to water as a significant factor to be included in models, especially in 
warm seasons. Various authors [28,63] also identified climate conditions and topography 
as key factors. Furthermore, our models were able to identify hotspots of dung deposition, 
which was pointed out as very important by [2,57,60]. Identification of hotspots was only 
possible when GPS data were included in models, which demonstrates the value of this 
information in improving decision-making in relation to pasture management. The tem-
poral and spatial scales of the data used to build models, which were not addressed by 
most of the previous studies, were found to be an important factor to consider. In this 
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study, the best results were obtained from data aggregated in 4 sampling plots (314.2 m2) 
and 6 weeks, which are adequate scales for decision-making in relation to grazing man-
agement and pasture fertilization in Mediterranean environments. 

In this study, regression models have been used to describe the relationship between 
cattle presence characterized through GPS collars and dung distribution. Previous studies 
on this topic have also used regression analysis [2,20,61], although more complex proce-
dures, such as generalized additive models or machine learning algorithms, would be ex-
pected to better predict the distribution of dung. However, since the goal of this study 
was not to develop final models but to understand the importance of integrating several 
data sources in predicting the distribution of dung, regression models were preferred be-
cause of their interpretability. 

In summary, the findings of the present study are the first step in developing deci-
sion-making tools aimed at mitigating the environmental impact of livestock production, 
which has been a demand of farmers and other stakeholders for a long time [63]. 

5. Conclusions 
The results obtained in the present study confirmed, in a Mediterranean environ-

ment, the importance of several factors in explaining the behavioral patterns of grazing 
cattle. Precision livestock farming (PLF) tools have proven to be useful for characterizing 
grazing patterns in dehesa ecosystems, which can be extrapolated to other agrosilvopasto-
ral systems. The integration of open data, such as meteorological records, topographic 
models and satellite imagery, which are available at different scales for most grazing ter-
ritories around the world, proved to be useful for the study of the effect of several factors 
on animal distribution, as well as on its relationship with feces spreading. 

Data processing was important to extract value from the information provided by 
commercial devices and open data sources. The consideration of the temporal and spatial 
scales also had a large impact on the results of the study. Further research is needed to 
include diverse production systems and management strategies in model calibration data 
sets, which could make models more general and applicable under different conditions. 

The relationship between animal presence measured by GPS collars and dung distri-
bution was not straightforward, as the activities performed by animals at each site, as well 
as site characteristics, also affected dung deposition. However, the inclusion of GPS data 
in regression models allowed the identification of hotspots of dung accumulation, which 
was not possible using only contextual information. 
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in the paddock; Figure S4: Distance to water values per pixel in the paddock. 

Author Contributions: Conceptualization, F.M.-M.; methodology, F.M.-M. and J.E.G.-G.; field 
work, J.A.H.-V.; data analysis, J.A.H.-V. and F.M.-M.; writing—original draft preparation, J.A.H.-
V.; writing—review and editing, F.M.-M. and J.E.G.-G.; funding acquisition, F.M.-M. All authors 
have read and agreed to the published version of the manuscript. 

Funding: This research was funded by the European Regional Development Fund (ERDF) and the 
Ministry of Economy, Knowledge, Business and Universities of the Andalusian Regional Govern-
ment through the project entitled Integración de sensores remotos y próximos para una ganadería extensiva 
de precisión (FEDER UCO 27449). 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement:  Not applicable. 

Data Availability Statement: The data presented in this study are available on request from the 
corresponding author. The data are not publicly available because they mostly refer to animal coor-
dinates in a commercial farm. 



Animals 2022, 12, 2383 19 of 21 
 

Acknowledgments: Authors thank funding bodies for their financial support, as well as Felipe Mo-
lina for his key contribution to the present study by allowing the monitoring of his animals and 
land. Authors also thank academic editors and anonymous reviewers for their valuable comments. 

Conflicts of Interest: The authors declare no conflict of interest. 

References 
1. Sharrow, S.H.; Brauer, D.; Clason, T.R. Silvopastoral Practices. In North American Agroforestry: An Integrated Science and Practice, 

2nd ed.; Garrett, H.E.G., Ed.; Wiley: New York, NY, USA, 2009; pp. 105–131. https://doi.org/10.2134/2009.northamericanagro-
forestry.2ed.c6. 

2. Carpinelli, S.; da Fonseca, A.F.; Weirich Neto, P.H.; Dias, S.H.; Pontes, L.D. Spatial and Temporal Distribution of Cattle Dung 
and Nutrient Cycling in Integrated Crop-Livestock Systems. Agronomy 2020, 10, 672. https://doi.org/10.3390/agron-
omy10050672. 

3. Garrett, H.E.; Buck, L. Agroforestry practice and policy in the United States of America. For. Ecol. Manag. 1997, 91, 5–15. 
https://doi.org/10.1016/S0378-1127(96)03884-4. 

4. Díaz, M.; Pulido, F. Dehesas Perennifolias de Quercus spp. Bases Ecológicas Preliminares para la Conservación de los Tipos de Hábitat de 
Interés Comunitario en España; Ministerio de Medio Ambiente, y Medio Rural y Marino: Madrid, Spain, 2009, 69p. 

5. Martínez-Ruedas, C.; Guerrero-Ginel, J.E.; Fernández-Ahumada, E. A Methodology for Automatic Identification of Units with 
Ecological Significance in Dehesa Ecosystems. Forests 2022, 13, 581. https://doi.org/10.3390/f13040581. 

6. White, S.; Sheffield, R.; Washburn, S.; King, L.; Green, J. Spatial and Time Distribution of Dairy Cattle Excreta in an Intensive 
Pasture System. J. Environ. Qual. 2001, 30, 2180–2187. https://doi.org/10.2134/jeq2001.2180. 

7. Draganova, I.; Yule, I.; Stevenson, M.; Betteridge, K. The effects of temporal and environmental factors on the urination behav-
iour of dairy cows using tracking and sensor technologies. Precis. Agric. 2016, 17, 407–420. https://doi.org/10.1007/s11119-015-
9427-4. 

8. Koch, B.; Homburger, H.; Edwards, P.J.; Schneider, M.K. Phosphorus redistribution by dairy cattle on a heterogeneous subal-
pine pasture, quantified using GPS tracking. Agric. Ecosyst. Environ. 2018, 257, 183–192. 
https://doi.org/10.1016/j.agee.2017.10.002. 

9. Sanderson, M.A.; Feldmann, C.; Schmidt, J.; Herrmann, A.; Taube, F. Spatial distribution of livestock concentration areas and 
soil nutrients in pastures. J. Soil Water Conserv. 2010, 65, 180. https://doi.org/10.2489/jswc.65.3.180. 

10. Oudshoorn, F.W.; Kristensen, T.; Nadimi, E.S. Dairy cow defecation and urination frequency and spatial distribution in relation 
to time-limited grazing. Livest. Sci. 2008, 113, 62–73. https://doi.org/10.1016/j.livsci.2007.02.021. 

11. Fan, J.; Jin, H.; Zhang, C.; Zheng, J.; Zhang, J.; Han, G. Grazing intensity induced alternations of soil microbial community 
composition in aggregates drive soil organic carbon turnover in a desert steppe. Agric. Ecosyst. Environ. 2021, 313, 107387. 
https://doi.org/10.1016/j.agee.2021.107387. 

12. Trotter, M.G.; Lamb, D.W.; Hinch, G.N.; Guppy, C.N. GNSS Tracking of livestock: Towards variable fertilizer strategies for the 
grazing industry. In Proceedings of the 10th International Conference on Precision Agriculture, Denver, CO, USA, 18–21 July 
2010; pp. 18–20. 

13. McGechan, M.B.; Topp, C.F.E. Modelling environmental impacts of deposition of excreted nitrogen by grazing dairy cows. 
Agric. Ecosyst. Environ. 2004, 103, 149–164. https://doi.org/10.1016/j.agee.2003.10.004. 

14. Eriksen, J.; Kristensen, K. Nutrient excretion by outdoor pigs: A case study of distribution, utilization and potential for envi-
ronmental impact. Soil Use Manag. 2001, 17, 21–29. https://doi.org/10.1111/j.1475-2743.2001.tb00004.x. 

15. Franzluebbers, A.J.; Stuedemann, J.A.; Schomberg, H.H. Spatial Distribution of Soil Carbon and Nitrogen Pools under Grazed 
Tall Fescue. Soil Sci. Soc. Am. J. 2000, 64, 635–639. https://doi.org/10.2136/sssaj2000.642635x. 

16. Schnyder, H.; Locher, F.; Auerswald, K. Nutrient redistribution by grazing cattle drives patterns of topsoil N and P stocks in a 
low-input pasture ecosystem. Nutr. Cycl. Agroecosystems 2010, 88, 183–195. https://doi.org/10.1007/s10705-009-9334-z. 

17. Lan, L.; Zhang, J.; He, X.; Hou, F. Different effects of sheep excrement type and supply level on plant and soil C: N: P stoichi-
ometry in a typical steppe on the loess plateau. Plant Soil 2021, 462, 45–58. https://doi.org/10.1007/s11104-021-04880-6. 

18. Tate, K.W.; Atwill, E.R.; McDougald, N.K.; George, M.R. Spatial and temporal patterns of cattle feces deposition on rangeland. 
J. Range Manag. 2003, 56, 432–438. https://doi.org/10.2458/azu_jrm_v56i5_tate. 

19. Islam, T.; Fukuda, E.; Shiyomi, M.; Shaibur, M.R.; Kawai, S.; Tsuiki, M. Effects of Feces on Spatial Distribution Patterns of Grazed 
Grassland Communities. Agric. Sci. China 2010, 9, 121–129. https://doi.org/10.1016/S1671-2927(09)60075-4. 

20. Yamada, D.; Higashiyama, M.; Yamaguchi, M.; Shibuya, T.; Shindo, K.; Tejima, S. Spatial Distribution of Cattle Dung Excretion 
and Dung Nutrients on a Sloping Pasture. Jpn. J. Grassl. Sci. 2011, 57, 129–135. https://doi.org/10.14941/grass.57.129. 

21. Marion, G.; Smith, L.A.; Swain, D.L.; Davidson, R.S.; Hutchings, M.R. Agent-based modelling of foraging behaviour: The impact 
of spatial heterogeneity on disease risks from faeces in grazing systems. J. Agric. Sci. 2008, 146, 507–520. 
https://doi.org/10.1017/S0021859608008022. 

22. Zhang, L.; Kim, J.; Lee, Y. The platform development of a real-time momentum data collection system for livestock in wide 
grazing land. Electronics 2018, 7, 71. https://doi.org/10.3390/electronics7050071. 

23. Kemp, D.R.; Michalk, D.L. Towards sustainable grassland and livestock management. J. Agric. Sci. 2007, 145, 543–564. 
https://doi.org/10.1017/S0021859607007253. 



Animals 2022, 12, 2383 20 of 21 
 

24. Odintsov Vaintrub, M.; Levit, H.; Chincarini, M.; Fusaro, I.; Giammarco, M.; Vignola, G. Review: Precision livestock farming, 
automats and new technologies: Possible applications in extensive dairy sheep farming. Animal 2021, 15, 100143. 
https://doi.org/10.1016/j.animal.2020.100143. 

25. Monteiro, A.; Santos, S.; Gonçalves, P. Precision Agriculture for Crop and Livestock Farming-Brief Review. Animals 2021, 11, 
2345. https://doi.org/10.3390/ani11082345. 

26. Laca, E. Precision livestock production: Tools and concepts. R. Bras. Zootec. 2009, 38, 123–132. https://doi.org/10.1590/S1516-
35982009001300014. 

27. Rivero, M.J.; Grau-Campanario, P.; Mullan, S.; Held, S.; Stokes, J.; Lee, M.; Cardenas, L. Factors Affecting Site Use Preference of 
Grazing Cattle Studied from 2000 to 2020 through GPS Tracking: A Review. Sensors 2021, 21, 2696. 
https://doi.org/10.3390/s21082696. 

28. Yoshitoshi, R.; Watanabe, N.; Lim, J. Spatial Distribution of Grazing Sites and Dung of Beef Cows in a Sloping Pasture. Jpn. 
Agric. Res. Q. 2020, 54, 299–306. https://doi.org/10.6090/jarq.54.299. 

29. Meisser, M.; Deléglise, C.; Freléchoux, F.; Chassot, A.; Jeangros, B.; Mosimann, E. Foraging behaviour and occupation pattern 
of beef cows on a heterogeneous pasture in the Swiss Alps. Czech J. Anim. Sci. 2014, 59, 84–95. https://doi.org/10.17221/7232-
CJAS. 

30. Probo, M.; Lonati, M.; Pittarello, M.; Bailey, D.W.; Garbarino, M.; Gorlier, A.; Lombardi, G. Implementation of a rotational 
grazing system with large paddocks changes the distribution of grazing cattle in the south-western Italian Alps. Rangel. J. 2014, 
36, 445–458. https://doi.org/10.1071/RJ14043. 

31. Putfarken, D.; Dengler, J.; Lehmann, S.; Härdtle, W. Site use of grazing cattle and sheep in a large-scale pasture landscape: A 
GPS/GIS assessment. Appl. Anim. Behav. Sci. 2008, 111, 54–67. https://doi.org/10.1016/j.applanim.2007.05.012. 

32. Ganskopp, D.C.; Bohnert, D.W. Landscape nutritional patterns and cattle distribution in rangeland pastures. Appl. Anim. Behav. 
Sci. 2009, 116, 110–119. https://doi.org/10.1016/j.applanim.2008.10.006. 

33. Probo, M.; Massolo, A.; Lonati, M.; Bailey, D.W.; Gorlier, A.; Maurino, L. Use of mineral mix supplements to modify the grazing 
patterns by cattle for the restoration of sub-alpine and alpine shrub-encroached grasslands. Rangel. J. 2013, 35, 85–93. 
https://doi.org/10.1071/RJ12108. 

34. Bailey, D.W.; Trotter, M.G.; Knight, C.W.; Thomas, M.G. Use of GPS tracking collars and accelerometers for rangeland livestock 
production research. Transl. Anim. Sci. 2018, 2, 81–88. https://doi.org/10.1093/tas/txx006. 

35. Polojärvi, K.; Colpaert, A.; Matengu, K.; Kumpula, J. GPS Collars in Studies of Cattle Movement: Cases of Northeast Namibia 
and North Finland. In Engineering Earth: The Impacts of Megaengineering Projects; Brunn, S.D., Ed.; Springer: Dordrecht, The 
Netherlands, 2011, pp. 173–187. https://doi.org/10.1007/978-90-481-9920-4_12. 

36. Maroto-Molina, F.; Navarro, J.; Príncipe-Aguirre, K.; Gómez-Maqueda, I.; Guerrero Ginel, J.; Garrido-Varo, A.; Pérez-Marín, D. 
A Low-Cost IoT-Based System to Monitor the Location of a Whole Herd. Sensors 2019, 19, 2298. 
https://doi.org/10.3390/s19102298. 

37. Atlas Nacional de España. Mapa de Clasificación Climática Según Koppen. Available online: http://at-
lasnacional.ign.es/wane/Archivo:Espana_Clasificacion-climatica-segun-Koppe_1981-2010_mapa_15815_spa.jpg (accessed on 4 
May 2022). 

38. Digitanimal, S.L. Available online: https://www.digitanimal.com (accessed on 17 January 2021). 
39. SigFox. Available online: https://www.sigfox.es (accessed on 25 June 2022). 
40. Plan Nacional de Ortofotografía Aérea (PNOA). Available online: https://centrodedescargas.cnig.es/CentroDescar-

gas/busquedaSerie.do?codSerie=FPNOA (accessed on 28 June 2021). 
41. QGIS. Available online: https://qgis.org/es/site/forusers/index.html (accessed on 8 May 2021). 
42. Castillejo, I.L.; Guerrero, J.M.; García-Ferrer, A.; Mesas, F.J.; de la Orden, M.S. Utilización de imágenes de satélite de alta resolu-

ción espacial en la determinación de la fracción de cabida cubierta en sistemas adehesados. In La Información Geográfica al Servicio 
de los Ciudadanos: De lo Global a lo Local. Proceedings of the XIV Congreso Nacional de Tecnologías de la Información Geográfica; Uni-
versidad de Sevilla: Seville, Spain, 2010; pp. 62–71. 

43. Villalobos, F.J.; Testi, L. Estaciones del Instituto de Agricultura Sostenible (CSIC), Córdoba. Estación “UCO Banco Germoplasma 
Olivo” (Rabanales, Córdoba). Available online: http://www.uco.es/grupos/meteo (accessed on 14 September 2021). 

44. European Space Agency (ESA). Available online: https://scihub.copernicus.eu/dhus/#/home (accessed on 15 September 2021). 
45. Gorelick, N.; Hancher, M.; Dixon, M.; Ilyushchenko, S.; Thau, D.; Moore, R. Google Earth Engine: Planetary-scale geospatial 

analysis for everyone. Remote Sens. Environ. 2017, 202, 18–27. https://doi.org/10.1016/j.rse.2017.06.031. 
46. Jacobs, J. Quantitative measurement of food selection. Oecologia 1974, 14, 413–417. https://doi.org/10.1007/BF00384581. 
47. McLean, D.J.; Skowron Volponi, M.A. trajr: An R package for characterisation of animal trajectories. Ethology 2018, 124, 440–

448. https://doi.org/10.1111/eth.12739. 
48. R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Aus-

tria. 2020. Available online: https://www.R-project.org (accessed on 3 July 2021). 
49. Cheleuitte-Nieves, C.; Perotto-Baldivieso, H.L.; Wu, X.B.; Cooper, S.M. Environmental and landscape influences on the spatial 

and temporal distribution of a cattle herd in a South Texas rangeland. Ecol. Process. 2020, 9, 39. https://doi.org/10.1186/s13717-
020-00245-6. 

50. Byambaa, B.; de Vries, W.T. The Production of Pastoral Space: Modeling Spatial Occupation of Grazing Land for Environmental 
Impact Assessment Using Structural Equation Modeling. Land 2021, 10, 211. https://doi.org/10.3390/land10020211. 



Animals 2022, 12, 2383 21 of 21 
 

51. Watanabe, R.N.; Bernardes, P.A.; Romanzini, E.P.; Braga, L.G.; Brito, T.R.; Teobaldo, R.W.; Reis, R.A.; Munari, D.P. Strategy to 
Predict High and Low Frequency Behaviors Using Triaxial Accelerometers in Grazing of Beef Cattle. Animals 2021, 11, 3438. 
https://doi.org/10.3390/ani11123438. 

52. Augustine, D.J.; Derner, J.D. Assessing Herbivore Foraging Behavior with GPS Collars in a Semiarid Grassland. Sensors 2013, 
13, 3711–3723. https://doi.org/10.3390/s130303711. 

53. Yoshitoshi, R.; Watanabe, N.; Yasuda, T.; Kawamura, K.; Sakanoue, S.; Lim, J.; Lee, H.J. Methodology to predict the spatial 
distribution of cattle dung using manageable factors and a Bayesian approach. Agric. Ecosyst. Environ. 2016, 220, 135–141. 
https://doi.org/10.1016/j.agee.2015.12.025. 

54. Sheidai-Karkaj, E.; Haghiyan, I.; Mofidi-Chelan, M.; Sharifian-Bahreman, A.; Siroosi, H. Determining and comparing grazing 
zones based on animals’ dung in semi-steppe rangelands: The case of North Iran. J. Saudi Soc. Agric. Sci. 2022, 21, 180–186. 
https://doi.org/10.1016/j.jssas.2021.08.002. 

55. Bear, D.A.; Russell, J.R.; Morrical, D.G. Physical characteristics, shade distribution and tall fescue effects on cow temporal/spa-
tial distribution in midwestern pastures. Rangel. Ecol. Manag. 2012, 65, 401–408. https://doi.org/10.2111/REM-D-11-00072.1. 

56. Dubeux, J., Jr.; Sollenberger, L.; Vendramini, J.; Interrante, S.; Lira, M., Jr. Stocking Method, Animal Behavior, and Soil Nutrient 
Redistribution: How are They Linked? Crop Sci. 2014, 54, 2341–2350. https://doi.org/10.2135/cropsci2014.01.0076. 

57. Carnevalli, R.A.; Mello, A.C.T.D.; Shozo, L.; Crestani, S.; Coletti, A.J.; Eckstein, C. Spatial distribution of dairy heifers’ dung in 
silvopastoral systems. Ciência Rural 2019, 49, 1–9. https://doi.org/10.1590/0103-8478cr20180796. 

58. Pandey, V.; Kiker, G.A.; Campbell, K.L.; Williams, M.J.; Coleman, S.W. GPS Monitoring of cattle location near water features in 
South Florida. Appl. Eng. Agric. 2009, 25, 551–562. https://doi.org/10.13031/2013.27465. 

59. Venter, Z.S.; Hawkins, H.J.; Cramer, M.D. Cattle don’t care: Animal behaviour is similar regardless of grazing management in 
grasslands. Agric. Ecosyst. Environ. 2019, 272, 175–187. https://doi.org/10.1016/j.agee.2018.11.023. 

60. da Silva, F.; Nunes, P.A.; Bredemeier, C.; Cadenazzi, M.; Amaral, L.; Pfeifer, F.; Anghinoni, I.; Carvalho, P.C. Spatiotemporal 
Distribution of Cattle Dung Patches in a Subtropical Soybean-Beef System under Different Grazing Intensities in Winter. Agron-
omy 2020, 10, 1423. https://doi.org/10.3390/agronomy10091423. 

61. Hirata, M.; Higashiyama, M.; Hasegawa, N. Diurnal pattern of excretion in grazing cattle. Livest. Sci. 2011, 142, 23–32. 
https://doi.org/10.1016/j.livsci.2011.06.015. 

62. Tofastrud, M.; Hegnes, H.; Devineau, O.; Zimmermann, B. Activity patterns of free-ranging beef cattle in Norway. Acta Agric. 
Scand.-A Anim. Sci. 2018, 68, 39–47. https://doi.org/10.1080/09064702.2018.1524928. 

63. Hoque, M., Mondal, S., Adusumilli, S. Way forward for sustainable livestock sector. In Emerging Issues in Climate Smart Livestock 
Production; Academic Press: Cambridge, MA, USA, 2022; pp. 473–488. https://doi.org/10.1016/B978-0-12-822265-2.00016-8. 


	1. Introduction
	2. Materials and Methods
	2.1. Study Area
	2.2. Cattle Monitoring
	2.3. Characterization of Dung Distribution
	2.4. Characterization of Factors Affecting the Spatial Variability of Grazing Behavior
	2.5. Characterization of Factors Affecting the Temporal Variability of Grazing Behavior
	2.6. Data Processing and Analysis

	3. Results
	3.1. Effects of Spatial Patterns on Cattle and Dung Distribution
	3.2. Effects of Temporal Patterns on Cattle and Dung Distribution
	3.3. Relationships between GPS Data and Dung Accumulation in Sampling Plots
	3.4. Calibration and Validation of Prediction Models

	4. Discussion
	5. Conclusions
	References

