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1. Introduction 

 

The oncilla, Leopardus tigrinus (Schreber, 1775), is a carnivorous mammal of the Felidae family that inhabits a wide 
variety of altitudes, from 200 to 3,000 m above sea level, and prefers premountain areas and lowland tropical forests (Torres 
et al., 2020). Its distribution spans northern Mexico, along the Gulf and Pacific coasts, through Central America, northern 
Argentina and northwest Uruguay (López Ortiz, 2020). However, the lack of detailed information about its presence in some 
regions has led to its classification as a "vulnerable" (VU) species, according to the International Union for Conservation of 
Nature (Payan & de Oliveira, 2016; Gutiérrez, 2023). Its main threats are habitat loss, poaching, and other human activities, 
contributing to its fragmentation in conservation areas (González-Maya et al., 2022). The limited information about its 
distribution makes managing and conserving its local populations more complex (Martínez-Calderas et al., 2015; de Oliveira et 
al., 2024). In this sense, the Parque Nacional de Tingo María (PNTM) plays a crucial role in its conservation, as it is a protected 
area strategically located near urban and rural zones. Although its size is relatively small (4,777 hectares), the park’s proper 
management has allowed the conservation of species such as the oncilla (Zuloaga-Obregón & Gabriel-Campos, 2023). 
Furthermore, the PNTM demonstrates that it is possible to reconcile biodiversity conservation with economic activities such 
as sustainable tourism, benefiting local communities and wildlife (MINAM, 2024). 

Species distribution models (SDMs) are key tools in conservation and are employed at the regional, continental, and 
global levels (Benavides Rios et al., 2024; Mateo et al., 2011). These models are based on bioclimatic data and species presence 
records from global databases (Pliscoff & Fuentes-Castillo, 2011) and have become fundamental for decision-making in 
conservation, especially in the context of accelerated environmental change. Advances in remote sensing have allowed the 
collection of high-quality spatial data on biological, climatic, and physical indicators (Veneros et al., 2020), improving the 
available information's spatial and temporal resolutions. In addition, integrating of technologies such as camera traps has 
optimized wildlife monitoring, providing more accurate data on species presence (Nazir & Kaleem, 2021; O’Connell et al., 2011). 
The lack of detailed knowledge about the distribution of the oncilla within the PNTM concerns its conservation. Therefore, 
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SDMs, which use species presence data and predictive environmental variables, are essential to improve the knowledge of 
their suitable habitat (Gil & Carbó, 2017; Elith & Leathwick, 2009). Among the available algorithms, the maximum entropy 
(Maxent) model stands out for its high predictive accuracy (Carpio Amancha, 2020; Fitzgibbon et al., 2022). Maxent has been 
widely used to model species in large areas, such as countries and regions (Benavides Rios et al., 2024; Mateo et al., 2011) and 
generally relies on large-scale bioclimatic information and species records from global databases (Sánchez et al., 2024). 
However, few studies use high-precision monitoring methods, such as camera traps or high-resolution remote sensing images, 
which allow for a more detailed assessment of smaller areas (Hernández, 2023). Given the small size of PNTM, it is essential to 
use SDMs, such as Maxent, with high-precision local data. The combined use of camera traps and high-resolution remote 
sensing data will provide detailed information on wildlife and ecological patterns in the park, thus improving the management 
and conservation of this valuable ecosystem (Molloy, 2018). 

Therefore, this study aimed to model the potential distribution of the oncilla (L. tigrinus) in the PNTM using presence 
data and high-resolution predictive variables obtained from camera traps, satellite images, and digital elevation models. The 
environmental variables influencing its distribution were identified, and the potential distribution of Zonas within the PNTM 
was determined. This will provide helpful information to the governmental body responsible for park management to ensure 
proper conservation of the areas occupied by this species, which is endangered within PNTM. 

 

2. Materials and Methods 
 

2.1. Study area 
 

The PNTM is located in the Huánuco region, in central Peru, between coordinates 9°26'17.54" S & 76°04'37.57" W and 
9°18'55.57" S & 75°57'56.98" W, with an altitudinal range from 650-1927 m.a.s.l. (Figure 1). It is situated approximately 6 km 
from the city of Tingo María, which has a population of 72,225 inhabitants engaged in recreational and tourism activities within 
the park (INEI, 2017). One of the most prominent geological formations of the PNTM is the "Bella Durmiente" (sleeping beauty), 
a mountain range whose profile resembles a reclining female figure. The park's climate is tropical humid, with relative humidity 
ranging from 80% to 90%, an annual average temperature between 22°C and 26°C, and an average annual precipitation of 
3500 mm (SERNANP, 2021). 

 

 
Figure 1 Location map of the PNTM study area. 

 

2.2. Data collection for the presence of L. tigrinus within the PNTM 
 

To estimate the distribution of L. tigrinus, field data collection was carried out via camera traps following these steps: 
(i) a physical topographic map of the PNTM was printed; (ii) with the help of park rangers, safe and accessible areas for 
monitoring the species were identified; and (iii) 19 random sampling points were selected, with a minimum separation of 500 
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m between points. Before setting up the camera traps, the sampling point coordinates (GPSs) were recorded. These camera 
trap points were monitored from January to September 2024. 

The setup characteristics included: (i) camera traps were placed approximately 60 cm high on accessible trees near 
trails; (ii) cameras were configured according to their specifications, including time, photo, and video formats; date; and 
temperature sensors. During each data collection, memory cards and batteries were replaced approximately every two months 
to download data for analysis in the laboratory. 

The data were incorporated into QGIS software version 3.34.9 in the laboratory to obtain geographic locations. The data 
were then organized in Excel format and a CSV file containing three columns: species name (L. tigrinus), longitude (x), and 
latitude (y), with all the data separated by commas. A search at the Global Biodiversity Information Facility revealed no previous 
reports of this species in the study area. 

Spatial data sources for PNTM zoning were obtained from the conservation zoning of the PNTM areas generated by 
SERNANP (SERNANP, 2024). The distribution of this species within the national park was evaluated using a shapefile. 
 

2.3. Data sources used as environmental variables  
 

This study utilized 32 environmental variables (Table 1), 19 of which are bioclimatic variables obtained from the 
WorldClim Climate Geodatabase (https://www.worldclim.org), with a spatial resolution of 30 s (1 km). Concerning the 
Euclidean distance, four variables were generated based on vector data for paths, roads, populated centers, and water sources. 
Three topographic variables (elevation, slope, and aspect) were derived from the digital elevation model (DEM) obtained from 
Landviewer (https://eos.com/landviewer/?lat=-8.1191&lng=-79.0355&z=11), with a resolution of 4.5 m. 

Six variables were derived from PlanetScope satellite images (https://www.planet.com/nicfi/), including the normalized 
difference vegetation index (NDVI) as an indicator of vegetation density in each pixel, the normalized difference water index 
(NDWI) to monitor the presence of water bodies and vegetation moisture status, and the spectral bands (red, green, blue, and 
NIR). All the environmental variables were standardized to a spatial resolution of 4.5 m (native resolution of PlanetScope 
images) in the UTM WGS84 Zone 18S coordinate system via QGIS software version 3.34.9. 
 

2.4. Selection of environmental variables 
 

Collinearity between environmental variables can cause overfitting issues, increasing uncertainty and reducing the 
predictive capacity of the model (Júnior & Nóbrega, 2018). To address this, the values of the 32 environmental variable layers 
were extracted from the coordinates of the georeferenced records of L. tigrinus through the Point Sampling Tools plugin in the 
QGIS software. The optimal number of groups was subsequently determined through cluster analysis via Euclidean distances 
in the Statgraphics program, generating a clustering dendrogram that reflected some correlations between the variables (Mori 
et al., 2020). This analysis resulted in the formation of groups of internally correlated variables. 

According to the results of the Maxent model, scores for the 32 environmental variables were calculated by subtracting 
the training gains of all the variables from the training gains of each variable individually. On this basis, the one with the lowest 
score was selected for each group of variables. Finally, 12 variables were selected: blue band, paths, roads, DEM, water source, 
NDVI, NDWI, NIR, orientation, temperature seasonality (Bio 4), annual temperature range (Bio 7), and precipitation of the 
coldest quarter (Bio 19) (Figure 2). 

 

2.5. Maxent modeling approach and potential distribution changes 
 

Potential distribution models were generated via a machine learning algorithm based on the maximum entropy principle 
(Phillips et al., 2006), implemented in the open-source software Maxent version 3.4.4. For model development, 75% of the 
georeferenced records were used for training, and the remaining 25% were used for validation and were randomly selected. 
The algorithm was run with 10 replicates and 1000 iterations, using random partitions based on the bootstrap method, with a 
convergence threshold of 0.00001 and a maximum of 10,000 background points. The remaining settings were left at their 
default values since Maxent automatically adjusts functions based on the number of samples available for the model (Merow 
et al., 2013). 

Model validation was performed via the area under the curve (AUC) method, obtaining a value of 0.992, which was 
calculated from the receiver operating characteristic (ROC) curve. According to the AUC values, model performance is classified 
into five levels: excellent (> 0.9), good (0.8 - 0.9), acceptable (0.7 - 0.8), poor (0.6 - 0.7), and invalid (< 0.6) (Araújo et al., 2005). 
A notable advantage of this method is its threshold independence, ensuring a more objective evaluation. 

The cloglog output format generated a continuous map with probability values between 0 and 1, representing habitat 
suitability or the relative probability of species presence. These values were reclassified into four categories: "high" (> 0.6), 
"moderate" (0.4 - 0.6), "low" (0.2 - 0.4) as potential habitat, and "nonpotential" (< 0.2) (Meza Mori et al., 2022). The values 
were transformed into a range from 0-100% to facilitate interpretation. Figure 3 summarizes the procedures used to obtain 
the potential distribution of L. tigrinus. 
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Table 1 Variables considered for the potential distribution modeling of the oncilla. 

Variable Description 

1. Bio 1 Annual mean temperature 

2. Bio 2 Mean diurnal temperature range 

3. Bio 3 Isothermality (Bio2/Bio7 x 100) 

4. Bio 4 Temperature seasonality (standard deviation x100) 

5. Bio 5 Maximum temperature of the warmest quarter 

6. Bio 6 Minimum temperature of the coldest quarter 

7. Bio 7 Annual temperature range (Bio5 − Bio6) 

8. Bio 8 Mean temperature of the wettest quarter 

9. Bio 9 Mean temperature of the driest quarter 

10. Bio 10 Mean temperature of the warmest quarter 

11. Bio 11 Mean temperature of the coldest quarter 

12. Bio 12 Annual mean precipitation 

13. Bio 13 Precipitation of the wettest month 

14. Bio 14 Precipitation of the driest month 

15. Bio 15 Precipitation seasonality (coefficient of variation) 

16. Bio 16 Precipitation of the wettest quarter 

17. Bio 17 Precipitation of the driest quarter 

18. Bio 18 Precipitation of the warmest quarter 

19. Bio 19 Precipitation of the coldest quarter 

20. NDVI = (NIR-RED)/(NIR+RED) Normalized Difference Vegetation Index 

21. NDWI = (NIR-GREEN)/(NIR+GREEN) Normalized Difference Water Index 

22. Band 2 Reflectance in the blue visible spectrum (450 to 495 nm) 

23. Band 3 Reflectance in the green visible spectrum (495 to 570 nm) 

24. Band 4 Reflectance in the red visible spectrum (620 to 750 nm) 

25. NIR Near-infrared 

26. DEM Elevation (m) above sea level 

27. Slope Terrain slope expressed in % 

28. Aspect Cardinal direction of the slope 

29. Paths Distance from pixels to access paths 

30. Roads Distance from pixels to nearby roads 

31. Town Centers Distance from pixels to nearby populated centers 

32. Water Distance from pixels to nearby water sources 
 

 
Figure 2 Dendrogram of cluster analysis using Euclidean distances. 
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Figure 3 Flowchart of the procedures used to determine the potential distribution of L. tigrinus. 
 

3. Results 
 

3.1. Records evaluated through camera traps 
 

The results for L. tigrinus within the PNTM, recorded through camera traps, are shown in Figure 4. This figure includes 
4 of the 13 images obtained from 19 camera traps installed over nine months (from January to September). 
In Figure 5a and Figure 5b, the records show that all observations were made exclusively during nighttime hours. Therefore, 
the 13 records obtained from the camera traps were used to construct the SDM. Additionally, the images identified adult 
individuals in motion; however, it was impossible to determine whether they were identical specimens or to identify their sex. 
A more exhaustive analysis of the videos and photographs could provide additional information. 
To improve model accuracy, when repeated records were detected in the same cameras, their location was adjusted by shifting 
at least 3 pixels to increase data variability. 
 

 
Figure 4 Photographs of the oncilla (L. tigrinus) captured by camera traps.(a) Location of camera 8 (UTM coordinates: X = 388732, Y = 

8963046), (b and c) records from camera 6 (UTM coordinates: X = 389172, Y = 8962080), (d) capture by camera 19 (UTM coordinates: X = 
388073, Y = 8963584). 
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Figure 5 (a) Monthly frequency of L. tigrinus sightings recorded by camera traps. (b) Hourly distribution of L. tigrinus sightings obtained 
through camera traps over 24 hours. 

 

3.2. Results of the analysis and validation of potential species distribution modeling (SDM) 
 

3.2.1. Response curves 
 

These curves reflect how each variable influences the probability of the presence of the oncilla, keeping the other 
variables constant at their average values. Figure 6 shows how the variables represented on the x-axis affect the probability of 
presence of the oncilla, as shown on the y-axis, which ranges from 0 to 1. This representation aims to understand changes in 
habitat suitability when only one variable is modified while the others remain unchanged. For example, for the elevation 
variable, it is evident that at low x-axis values, the probability of species presence is high, and the standard deviation 
(represented in blue) shows low variability. However, as elevation increases, the probability of the presence of the oncilla 
decreases significantly, with variability increasing within the studied range. 

 

 
Figure 6 Average response curves generated from the 10 replicated Maxent model runs (in red) and their standard deviations (in blue). 

These curves illustrate the relationships between the probability of L. tigrinus presence and the environmental variables considered in the 
analysis. 

 

3.2.2. Jackknife test 
 

This test identified the environmental variables that had the most significant influence on the distribution of L. tigrinus 
(Figure 7). The results indicate that the environmental variable with the most valuable information individually is "paths," as 
its inclusion contributes significantly to the model. On the other hand, the variable that most reduces gain when excluded is 
"Bio 7" (annual temperature range). This suggests that temperature plays a key role in the species' distribution, highlighting  
its ecological importance.  

Finally, it is determined that the modeling showed excellent performance, with an AUC value of 0.992, validated with 
75% of the data for training and 25% for testing, using 10 replicates and 1000 iterations through the Bootstrap method. These 
results indicate a high predictive capacity of the model, ensuring an objective evaluation of its performance.  

 

https://doi.org/10.31893/jabb.21001
https://malque.pub/ojs/index.php/jabb
https://www.malque.pub/


 
7 

 

  

 

 Briceño et al. (2025) 
) 

https://malque.pub/ojs/index.php/jabb 

 
Figure 7 The jackknife test results for regularized training gain in the Maxent models for the oncilla (L. tigrinus) in the PNTM. Gain is shown 

in three scenarios: without the variable (green bars), with only the variable in question (blue bars), and with all variables included (red 
bars). 

 

3.3. Ecological interpretation of influential environmental variables and zoning 
 

3.3.1. Most influential environmental variables 
 

The variables with the most significant contribution to the model were the precipitation of the coldest quarter (Bio 19, 
Figure 8a) and the normalized difference vegetation index (NDVI, Figure 8b). This finding indicates that L. tigrinus adapted to 
climatic conditions characterized by relatively high precipitation during the coldest quarter and preferred areas with relatively 
high vegetation density. 

Moreover, the model reveals that the species avoids areas near highways but less significantly avoids paths used by 
park rangers and the local population. This suggests that areas near these trails may be frequent (Figure 8c). Additionally, a 
preference for areas at lower altitudes is highlighted, as observed in the elevation variable (DEM, Figure 8e). 
 

 
Figure 8 Most influential environmental variables. 

 

3.3.2. Zoning of the PNTM 
 

Figure 9 shows the potential distribution of L. tigrinus under current conditions, which can be classified into four habitat 
suitability ranges: "nonpotential" (< 0.2), "low" (0.2 - 0.4), "moderate" (0.4 - 0.6), and "high" (> 0.6). According to PNTM zoning, 
the most significant proportion of zones where the species is distributed is in the buffer zone, covering 72.06% of its surface. 
Additionally, the oncilla occupies other zones, such as Tourist Use Zone I (10.66%), the Wilderness Zone (9.4%), the Strict 
Protection Zone (3.93%), the Recovery Zone (3.41%), and, to a lesser extent, the Special Use Zone (0.54%). 
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Figure 9 Current potential distribution of the oncilla (L. tigrinus) in the PNTM, generated with the Maxent model, camera traps, and high-
resolution environmental variables. The values represented correspond to the probability of species occurrence in different park zones. 

 

4. Discussion 
 

Our results on the species distribution model, which uses spatial data from sources such as WorldClim, SERNANP, 
Landviewer, PlanetScope, and camera traps, have shown outstanding performance, achieving an AUC value of 0.992, indicating 
a precise estimation of the species distribution. Similar studies, such as that by Martínez-Calderas et al. (2016), reported similar 
values, with an AUC of 0.822 for the potential distribution of Leopardus pardalis in Tamaulipas and San Luis Potosí in Mexico. 
Using high-resolution data has proven to be highly effective for modeling the SDM of L. tigrinus. The results highlight the 
relationships between the species distributions observed through records from camera traps and high-resolution 
environmental variables. This has enabled a more precise determination of its ecological niche within a limited space (Merow 
et al., 2013; Guzmán Vera, 2018). The information obtained from camera traps, including details such as the date and time of 
the records, observed behavior, and even individual identification of the oncilla, enriches the model. This data allows for the 
integration of precise information about the species' location, improving the quality and accuracy of the SDM (Andrade-Ponce 
et al., 2021) 

As a result, the most influential variables for determining the suitability of L. tigrinus were higher precipitation 
conditions in the coldest quarter (Bio 19) and dense vegetation (NDVI). In a similar study conducted in Colombia, Guasca (2023) 
also chose to select the environmental variables with the most significant impact on this species via the same approach. In the 
SDM used in this study, the ecological niche model helped determine whether the obtained distribution accurately reflected 
the actual geographical location of the species or was influenced by noise due to excessive input data. Therefore, it is essential 
to select only the most influential variables (Ortega-Huerta & Townsend Peterson, 2008). Out of a total of 32 variables, only 12 
environmental variables were selected to model the potential distribution of the oncilla because of the high spatial correlation 
among some of them.  This method has proven effective for optimizing the variable selection process and improving the 
prediction of species' potential distribution accuracy. 

When modeling the distribution of L. tigrinus, it was observed that most of its presence was concentrated in the Buffer 
Zones, covering 72.06% of the distribution. At the same time, a smaller proportion is found within the protected natural area 
(PNTM).  This situation is particularly notable, implying a well-conserved ecosystem characterized by healthy biodiversity and 
intact habitats (Gascon et al., 2015). However, this same situation could pose other risks, as mentioned by Payan & González-
Maya (2011), where the clustering of the potential distribution of L. tigrinus indicates that the areas surrounding the protected 
area are highly fragmented, making its permanence dependent on protected zones. The species is predominantly observed 
during the dry season (June–September) when water scarcity drives these animals to descend to areas where water networks 
are available. Additionally, it has been documented that oncillas move in search of food, as their diet includes terrestrial and 
semiterrestrial birds such as Columbina spp. and Leptotila sp. (Columbidae), as well as Nothura sp., Crypturellus sp. (Tinamidae), 
and Aramides sp. (Rallidae) (Marinho et al., 2018). It is also necessary to consider that L. tigrinus tends to inhabit these areas 
because of the predation of domestic animals (Pizarro, 2015; Abreu et al., 2008). In the Buffer Zone, there is a diversity of crops 
and a population of residents who raise many chickens (Gallus domesticus), providing a much more accessible food source for 
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this species. This highlights the importance of Buffer Zones for the conservation of the species while suggesting that the oncilla 
uses areas within the park, albeit to a lesser extent. 

In many cases, the delimitation of conservation areas is carried out without prior studies on species distributions due 
to legal conflicts over land ownership. This contributes to the fragmentation of the habitat of the oncilla and many other species 
(Santos & Tellería, 2006; Loveridge et al., 2010). A previous study conducted in the PNTM indicated that assessments with 
camera traps recorded four species not previously reported in the PNTM: C. minimus, L. wiedii, L. tigrinus, and P. cancrivorus 
(Daniel Cossios & Ricra Zevallos, 2019), which coincides with the findings of this study in capturing the presence of L. tigrinus. 
These camera traps not only facilitate the verification of recorded species but also improve the accuracy of species 
identification, thus reducing the probability of ambiguous identifications (Vélez et al., 2024). Furthermore, the presence of this 
feline species is linked to the availability of prey, such as small animals, in zones occupied by users within the Buffer Zone and 
the Special Use Zone of the ANP (Anderson et al., 2024). 

Therefore, the findings of this study provide key information for the management and conservation of L. tigrinus in the 
PNTM, emphasizing the need for integrated strategies that strengthen habitat connectivity and minimize the effects of 
fragmentation. The precise identification of critical areas for the species, based on environmental data and records obtained 
with camera traps, allows for more effective decision-making in conservation planning. Furthermore, these results highlight 
the importance of considering ecological and anthropogenic factors in habitat modeling and evaluation, and their consideration 
in the design of management policies, ensuring the long-term viability of this species in its natural environment. 
 

5. Conclusion 
 

The results of this study highlight the usefulness of high-resolution spatial data and the accuracy provided by camera 
traps, demonstrating that it is feasible to apply these models even in small areas. The curves derived from the environmental 
variables effectively fit the model, achieving an AUC of 0.992. The observed distribution aligns with particular characteristics 
of the area that favor the habitat of the oncilla, a species currently classified as vulnerable. Among the most influential variables 
in the species distribution are precipitation in the coldest quarter (Bio 19), the vegetation index (NDVI), and the avoidance of 
areas near road and low elevations. The areas with the highest probability of species presence are concentrated mainly in the 
Buffer Zones (72.06%), followed by the Strict Protection Zones (3.93%), Recovery Zones (3.41%), Special Use Zones (0.54%), 
Tourist Zone I (10.66%), Tourist Zone II (0%), and Wilderness Zones (9.4%). These results suggest that the current zoning of the 
PNTM may not be sufficient to protect all critical habitats of the oncilla. 

This study provides valuable information conserving this species and highlights the management measures the PNTM 
took. Additionally, it serves as clear evidence of the high levels of conservation in the park, which benefits the area's flora and 
fauna. To expand this research, obtaining more data on the species is recommended, such as identifying the number of 
individuals, their sex, and health status through images and videos obtained by camera traps. It would also be helpful to 
complement this study with research on the behavior of the oncilla, such as its activity patterns. Finally, the species that serve 
as prey to the oncilla should be investigated to better understand its feeding habits. 
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