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Simple Summary 

Animal welfare can be estimated by assessing the behavior of captive animals through the lens of a 

behavioral baseline from wild conspecifics. However, manual assessments of animal behavior can be 

time-consuming and prone to bias. In this study, a machine learning model was trained with LabGym 

on footage of three captive jaguars to automatically track activity and inactivity from footage of the 

same three captive jaguars (Panthera onca Linnaeus, 1758) and from footage of wild jaguars. 

Additionally, heatmaps for visualizing space use were created based on the automatic tracking of the 

three captive jaguars. The captive jaguars exhibited mostly inactive behavior, and they did not exhibit 

natural bimodal nocturnal or crepuscular hunter activity patterns. Furthermore, the captive jaguars 

showed clear patrolling behavior in their enclosure. Moreover, the machine learning models showed 

promising results when testing their accuracy. Therefore, machine learning methods appear to be a 

promising tool for examining behaviors and space use of captive jaguars, and for inferring behaviors 

of wild jaguars when trained on footage of captive conspecifics. This might be valuable for saving 

time and reducing bias, which can lead to enhanced animal welfare and conservation. 

Abstract 

Monitoring both captive animals and wild populations is necessary to ensure adequate animal 

welfare and conservation. This could be achieved via camera traps, yet it could prove time-

consuming and labor-intensive if handled manually. In this regard, machine learning (ML) is an 

active topic of scientific development. Here, ML models were made with LabGym and trained on 

footage of three captive jaguars to detect individuals and assess active and inactive behavior for both 

wild and captive jaguars in Bigai, Ecuador, and Randers Regnskov, Tropical Zoo (Randers 

Regnskov), respectively. The space use of the captive jaguars was also assessed. Footage of wild 

jaguars was received from camera traps in Bigai, and 123.8 hours of video footage were recorded of 

the enclosure in Randers Regnskov with three captive jaguars over 6 consecutive days. The ML model 

for individual recognition analyzed all videos from Randers Regnskov containing jaguars on 

November 1st, 2025, and another ML model trained to detect wild jaguars analyzed 67 videos from 

Bigai. The ML model showed clear patrolling behavior for captive jaguars on heatmaps. Captive 

jaguars exhibited a large amount of inactive behavior. Captive jaguars did not exhibit natural bimodal 

nocturnal or crepuscular hunter activity patterns. The ML model also showed promise in inferring 

behaviors of wild jaguars when trained on footage of captive jaguars. The results demonstrate that 

ML methods can provide a valuable tool in detection, behavior classification, and monitoring of space 

use. 
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1. Introduction 

1.1. Ecology and Conservation 

The jaguar (Panthera onca Linnaeus, 1758) is the largest predator in its home ranges [1,2]. The 

natural home ranges of this opportunistic apex predator include northern Mexico to northern 

Argentina, where it mostly lives in tropical or subtropical forests [1,3–6]. 

The jaguar is listed as near threatened on IUCN’s Red List and with a general decreasing 

population [7], where local populations of jaguars are critically threatened [6]. Its historic range has 

been reduced by about 50%, mainly due to habitat loss and fragmentation caused by anthropogenic 

actions. In addition, high food requirements and wide-ranging behavior combined with prey 

depletion elicit conflicts with humans and livestock, which leads to persecution of the jaguar [6,8–

11]. The loss of jaguars in an area may have significant consequences with cascading effects [9]. 

Conservation of jaguars is essential for maintaining ecosystem integrity and biodiversity within 

their habitats, thereby safeguarding numerous co-occurring species [2,9,12]. It is essential to 

understand the jaguars’ behavior and way of life for the management of their populations [13,14], 

and to predict how disturbances, for example, habitat loss and fragmentation, might influence the 

jaguars [15–18]. Studying the behavior and welfare of wild felines may be a challenge due to difficulty 

in localizing them in dense forests, low population densities, or avoidance of humans [1,15,19]. 

Camera traps and GPS technology have shown to be valuable in assessing Neotropical felids, such as 

jaguars, for evaluating their population sizes, densities, and movement ecology [1,20–24]. 

1.2. Welfare of Jaguars in Captivity 

Animal welfare is about the well-being of animals [25], and it is an important ethical aspect of 

keeping animals captive and monitoring wild animals for conservation purposes [19,25–29]. Animal 

welfare often depends on the naturalness of their living conditions, meaning that welfare is assessed 

using a wild conspecific behavioral baseline [19,25,26,28–30]. For example, studies on behaviors in 

wild jaguars concluded that jaguars are solitary and have large home ranges with sex-specific 

variation, with males having a tendency for larger ranges and a tendency to move larger distances 

per day than females [11,31–34]. To achieve high welfare in captive animals, it is not necessarily better 

to fully mimic wild conditions but instead provide positive natural aspects and withhold some 

natural stressors like violent fights, as they are not wanted in captive settings [25,28,29]. For example, 

conventionally solitary animals, and potentially also the jaguar, may benefit from being part of a 

group in captive conditions as it heightens social complexity, stimuli, allows positive social 

behaviors, and reduces the risk of stereotypies [26,28,29,35,36]. Collaborative behaviors through 

potentially long-lasting coalitions have been observed in the wild among male jaguars, as well as 

other social interactions between both sexes, indicating that social groups are more natural than 

previously thought [37,38]. 

If jaguars in captivity are unable to express basic wild behaviors, e.g., walk, climb, and swim, 

they can become stressed and frustrated, which can lead to aggression and stereotypic behaviors such 

as pacing [26,28–30,39]. Another negative aspect of captivity for jaguars is increased inactivity both 

day and night compared to their wild conspecifics, which, when excessive, might result from 

lethargy, disease, or a stressful situation with low animal welfare [25,30,40,41]. To increase animal 

welfare, the implementation of enrichment and increased enclosure size and complexity can be an 

effective way to reduce the amount of time spent on stereotypical behaviors and inactivity. Instead, 

more time is spent on positive and activity-related behaviors [26,28,29,42]. 
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1.3. Activity Budgets 

Activity budgets are used for examining the behavioral patterns of both wild and captive animal 

species to determine if they spend an excessive, normal, or inadequate amount of time on each 

behavior [25,30,34,43–45]. Activity budgets are also used for examining daily behavioral activity 

patterns and amounts throughout the 24 hours of the day. Hence, activity budgets are also an 

opportunity to compare the behavioral pattern of captive animals with that of wild animals to 

determine their naturalness, which can be a part of suggesting the welfare state [25,30,43–46]. For 

example, wild jaguars have different movement activity patterns and levels throughout the 24 hours 

of a day depending on their age, sex, and reproductive status, with the average being 11.7 hours of 

activity per day [34]. Another study found that a wild female jaguar was active for two-thirds of the 

day [24]. Furthermore, jaguars are mostly nocturnal and crepuscular, but activity patterns vary 

between individuals [31,34,40,47]). Activity budgets can be used as a part of assessing welfare 

through a behavioral assessment by knowing when and how much time is spent on positive and 

negative behaviors. In this regard, it is important to know the amount of time spent on stereotypies 

and inactivity, and at what time of day these are expressed [25,30,43–46]. However, there is 

uncertainty in deciding whether an expressed behavior is positive or negative [30]. For example, 

inactivity can be because the animal is content and resting, or it can be due to boredom, or it might 

be indicative of lethargy if excessive and associated with low behavioral diversity [30,41,48]. 

Furthermore, some behaviors, such as aggressive interactions, may have very negative effects on 

welfare even if they are brief [30]. Although, aggressive behaviors can also be difficult to assess the 

negativity of, as they can be part of maintaining a social hierarchy or other social interactions [49,50]. 

However, it should be noted that animal welfare cannot be assessed only with a behavioral 

assessment, as it should be assessed with a holistic approach that includes the parameters of the Five 

Domains (nutrition, environment, health, behavior, and mental state) [51]. 

1.4. Machine Learning 

Machine learning (ML) is an active topic of discussion that is undergoing rapid scientific 

development, and could be applicable for many different cases, such as monitoring a species, their 

behavior, or space use, both in captivity and in nature [52–57]. Camera traps enable non-invasive 

monitoring of wildlife, yet their application has the potential to generate millions of images [58]. The 

benefit of ML is its adaptability and trainability, enabling it to handle some of these intractable or 

labor-intensive tasks [52]. The goal of training a model or algorithm is to improve its performance, 

which is its predictive accuracy on novel data. This is achieved by giving the model experience 

through repetitive training on varied data [52]. A ML model can be trained to correctly identify, track, 

and assess an animal’s behavior and therefore aid in the automation of behavioral analysis and 

assessments [53,55,59]. Typically, behavioral assessments could be done manually using videography 

with human observations and judgments [55]. This method can, however, be highly time-consuming 

and can potentially lead to unforeseen problems regarding bias, subjectivity, or an observer’s 

inability to properly assess a behavior. Some of these logistical problems might be aided with the 

usage of ML, as it offers a more objective and standardized way to assess behaviors [55]. ML has seen 

extensive scientific usage and testing on a variety of captive or wild animals’ behavioral and spatial 

assessments [52,54,55,57,60,61]. Machine learning has also been shown to infer wildlife behaviors 

from acceleration data of captive animals [53,54,62], thus indicating the potential usage of machine 

learning for inferring wildlife behavior from captive animals, which may also be possible with video 

footage instead of acceleration data. 

LabGym [63] is a computational tool using ML with a deep neural network (DNN) and a holistic 

approach to assess both “pattern image” (an animal’s motion pattern) and “animation” (an animal’s 

spatiotemporal details of a behavior) from video footage [63]. These elements, coupled with 

quantitative measurements and thorough training, enable accurate recognition of behaviors across a 

wide range of species. LabGym possesses three main modules consisting of Preprocessing, Training, 

and Analysis [63]. The Preprocessing module allows for video enhancement, trimming, and other 
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pre-processing steps. The Training module is used to teach LabGym to recognize an animal or object, 

using either background removal or a trained detector, as well as to recognize an animal’s behaviors, 

using the categorizer [63]. Here, another software like Roboflow may be used beforehand for video 

annotation to make use of a detector, rather than background removal [64]. Finally, the Analysis 

module is used to track, identify, and quantify the behaviors as well as display any significant 

findings [63]. It is still, however, paramount that thorough and diverse training of both the detector 

and categorizer is done to assure accurate predictions even amidst changing environments, camera 

shifts, occlusions, etc., to maintain the model’s precision [57,65]. 

1.5. Aim of This Paper 

The aims of this study are to develop ML tools to assess the behavioral activity of captive and 

wild jaguars, and to assess the capability of ML in examining the space use of captive jaguars. 

2. Materials and Methods 

2.1. Data Collection, Animals, and Enclosure 

Two types of footage were used in the creation of this study. Firstly, 2,257 videos of about 15-30 

seconds of animals recorded with 51 camera traps were received from Bigai, which is a nature reserve 

in Ecuador that Randers Regnskovs Naturfond (“Randers Rainforest’s Wildlife Foundation”) has 

worked to preserve since 2012 [66]. The videos were captured from a variety of camera models 

(ALPHA, alphacamhunt.com, COOLIFE, coolifepro.com, BUSHNELL, bushnell.com, and 

USOGOOD, usogood.co). Out of these, 70 videos of wild jaguars caught in camera traps were used. 

The other type of footage was acquired by filming the jaguar enclosure in Randers Regnskov, 

Tropical Zoo (“Randers Rainforest, Tropical Zoo”) (Randers Regnskov) in Denmark. In this study, 

the behaviors and space use of three captive jaguars were analyzed. These were Chica, the melanistic 

mother, Bentor, the father, and Sibba, their cub (Table 1). Their diet consists of varied meats, for 

example, deer or goat. They are fed 17 kg in total outside every Tuesday at 13:30 and Saturday at 

13:00. At feeding time, the male jaguar is separated from the female and the cub as a precaution to 

avoid potential fighting, as jaguars are naturally solitary and food dominant. 

Table 1. Summary of information regarding the three captive jaguars (Panthera onca) in Randers Regnskov, 

Tropical Zoo (Randers Regnskov), Denmark. 

Name Sex Age (years) 
Phenotype 

(Coat) 
Born 

Time at Randers 

Regnskov (years) 
Parents 

Chica Female 11 Melanistic 
Skærup Zoo in 

Denmark in 2014 
11 - 

Bentor Male 5 Wild-type 
Loro Parque in 

Tenerife in 2019 
4 - 

Sibba Female 1 Wild-type 
Randers Regnskov 

Denmark in 2024 
1 

Chica and 

Bentor 

The enclosure is separated into two inner and two outer areas. The two areas of the outdoor 

enclosure total about 769 m2 (Appendix A.1) and are surrounded by netting that allows guests to 

view inside. The outdoor enclosure also includes varying amounts of foliage, a tin roof atop a hilltop 

for sunbathing, a brook, and a small pool that allows for swimming. A cabin and a small excavator 

have also been placed for added decorations. The inner stable enclosure totals 49.9 m2 (Figure A2) 

and is made to look like the inside of a cabin with a table in the middle of the room, constructed of 

an open wooden crate, and a bunk bed, cabinet, chest, and a big glass window for the guests to look 

through. Lastly, there is also a backstage area not visible to the public. Unless there was a need to 

close off certain parts of their enclosure for management purposes, e.g., for feeding or cleaning, then 

the jaguars could move freely between all areas of the enclosure – both day and night. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 March 2026 doi:10.20944/preprints202603.0025.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0025.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 21 

 

The jaguars were video recorded continuously at 15 FPS and at a frame size of 1296x2304 pixels 

with three cameras (Hunters Choice LPV Live Panorama Vildtkamera, guntex.dk) for 6 days in 2025 

from October 30th 11:25 to November 4th 15:18. The positions of the cameras were chosen in 

collaboration with the zookeeper to have them pointed at locations where the jaguars tended to spend 

a lot of time or used for moving around when patrolling their enclosure. This would ensure as little 

occlusion as possible for such a large enclosure with potentially many blind angles. However, large 

areas of the enclosure remained out of view. One camera was placed indoors in the jaguar stable, two 

cameras were outside, one pointing at a roof that the jaguars like to relax on and a flat grassy area 

that functions as a connection point between the two outside areas of the enclosure, and the other 

pointing into vegetation with a path and a small brook (Figure 1). 

 

Figure 1. The three camera angles that were used to film the enclosure in Randers Regnskov, Tropical Zoo. The 

captive jaguars were annotated as ‘Bentor’ (turquoise), ‘Chica’ (purple), and ‘Sibba’ (pink) in Roboflow. The 

letters in the corners indicate the camera angles: (a) Angle from camera a) outdoors, pointing into vegetation 

with a path and a small brook; (b) Angle from camera b) outdoors, pointing at a roof and a flat grassy area that 

functions as a connection point; (c) Angle from camera c) indoors in the jaguar stable. 

During the filming period, there was a mix of rainy, cloudy, and sunny weather, and the 

temperature ranged from 11-13 °C in the daytime and from 3-10 °C at nighttime. The video recordings 

of the captive jaguars resulted in 123.8 hours of video that were split into shorter videos of about 2-3 
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minutes on average by the cameras themselves. The jaguars were only visible in around 24.2% of the 

videos recorded. 

The ML model was trained in the behaviors described in the ethogram that was developed for 

this study (Table 2). Although, it must be noted that the ethogram more closely resembles 

categorizations than actual behaviors. The jaguars were initially observed manually and their 

behaviors were noted. However, as the ML model struggled with classifying more advanced 

behaviors, it was chosen to instead create two categorizations to examine active and inactive 

behaviors. These categorizations will henceforth be denoted as behaviors in an ethogram. The model 

was then used to analyze behaviors through continuous focal sampling and plot coordinates of the 

centers of the individuals for the creation of heatmaps. Both behaviors were treated as states [67]. 

Table 2. Behavioral ethogram used in this study for jaguars in captivity in Randers Regnskov, Tropical Zoo, and 

in the wild in Bigai. 

Behavioral categories Definition 

Active 

Jaguar has major movements of either the entire body or one 

or more individual body parts. Includes behaviors such as 

mating, running, jumping, walking, swimming, playing, and 

pacing. 

Inactive 

Jaguar can be lying, sitting, or standing with no major 

movements of individual body parts. Includes minor postural 

adjustments such as head tilting or weight shifts. 

2.2. Development of Machine Learning Model 

LabGym (Version 2.9.6) [63] was used to create the detectors and categorizer for behavioral and 

space use assessments (Figure 2). For the creation of the detectors and categorizer LabGym’s 

Extended User Guide [68] was used for guidelines. 
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Figure 2. Illustrative pipeline used in this study for training machine learning models to both detect jaguars and 

assess their behaviors [69]. 

Initially, a dataset was created by extracting frames at 1 FPS from videos of both the wild and 

captive jaguars using the program RectLabel [70]. These frames were then manually annotated in 

Roboflow using “Instance segmentation” [71]. 

In this study two different detectors were trained, one for the captive jaguars and one for the 

wild jaguars in Bigai. To train the detector to perform individual recognition in the captive jaguars, 

annotated each individual jaguar present in a frame was annotated as either ‘Bentor’, ‘Chica’, or 

‘Sibba’ (Figure 1). As jaguars have individually recognizable pelage patterns, individual recognition 

would be possible [20,72]. 

It was important that a sufficient number of individual and varied frames were included so that 

the detector would be able to spot and correctly identify jaguars in unseen videos. It was also 

important to show varied angles and frames that would include different behaviors. Frames without 

jaguars were also included in the training and testing images for the detector. The wild jaguar 

detector was instead annotated by either wild-type or melanistic coat color. This means that, whereas 

‘Bentor’ and ‘Sibba’ would be annotated as ‘Jaguar’, ‘Chica’ would be annotated as ‘Panther’. Frames 

containing a bisected silhouette of a jaguar were excluded from annotation for both detectors due to 

the outline consisting of multiple polygons, which may cause erroneous detections. Of the total 

annotated images, 3,091 images were used for training both the captive jaguar detector and the wild 

jaguar detector (80%), and the last 773 images (20%) were used for testing purposes (Table 3). Bentor 

was annotated 1,223 times, Chica 1,879 times, and Sibba 1,613 times. The training frames underwent 

additional augmentation using flip (horizontal and vertical), blur (up to 2.5 px), noise (up to 0.1% of 

pixels), and brightness (15% darker and 15% lighter), and the number of training frames was scaled 

up 5x to create a dataset version with 15,455 images. This dataset version was then used to train both 

detectors in LabGym with an inferencing frame size of 1296 pixels and 20,000 iterations, and resulted 

in the highest mean average precision (mAP) of 83.96% for the captive jaguar detector, when tested 

on the testing frames of the captive jaguars (Table 3) [63]. The wild jaguar detector achieved a mAP 

of 49.26% when tested on 321 annotated frames from videos from Bigai, with 210 instances of wild-

type jaguars annotated as ‘Jaguar’ and 53 melanistic jaguars annotated as ‘Panther’ (Table 3). 

However, when looking through the testing results, the detector often correctly detects the wild-type 

jaguars as ‘Jaguar’ and the melanistic jaguars as ‘Panther’ with 100% confidence. The problem seemed 

to be that the detector had many false positives, as it detected vegetation as jaguars (Figure 3). 

Table 3. Summary of the development and use of the detectors and categorizer, including precision parameters, 

such as mean average precision (mAP), of the detectors and categorizer used to assess either captive or wild 

jaguars. Furthermore, the number and proportion of training and testing frames for both detectors, number of 

training examples for the categorizer, and number of successfully analyzed videos are included. 

Detector 
Training 

frames 

Testing 

frames 

Final 

mAP 

Number of 

training 

examples 

Categorizer 

Precision, 

recall, and 

F1-score 

Number of 

successfully 

analyzed 

videos 

Specific to 

captive 

jaguars 

3,091 

(80%) * 
773 (20%) 83.96% 

Active: 1,157, 

Inactive: 943 ** 

Active and 

inactive 

behavior ** 

Active: 0.92 

Inactive: 0.90 
326 

Specific to 

wild 

jaguars 

3,091  

(80%) * 
321 (100%) 49.26% 

Active: 1,157, 

Inactive: 943 ** 

Active and 

inactive 

behavior ** 

- 67 

* The same training frames of the captive jaguars were used for both detectors. ** The same categorizer 

was used for all analysis regardless of detector. 
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Figure 3. Examples of detections by the wild jaguar detector on the testing frames from Bigai. The following 

variants of detections are shown: (a-c) Correct detections with 100 % confidence; (d-f) False positive detections 

of vegetation or background; (g) A frame with several detections on the same jaguar; (h) A frame with missing 

detection; (i) An incorrect detection with 100 % confidence. 

To train the categorizer to recognize behaviors in captive and wild jaguars, the videos were first 

pre-processed using LabGym to only contain footage with visible captive jaguars. Next, behavior 

examples and pattern images were generated for each individual as 1 second videos (15 frames) that 

were sorted based on the ethogram. Behavior examples where the detector had detected something 

that was not the specified individual were discarded and not used to train the categorizer. The 

resulting behavior examples and pattern images were reduced to a size of 512x512 pixels to generate 

1,157 ‘active’ and 943 ‘inactive’ training examples for training the categorizer (Table 3). 

Lastly, an “Interact advanced” type categorizer was created to recognize the sorted behaviors 

with the highest network complexity of 7 for both animation analyzer level and pattern recognizer 

level. The input shape was chosen to be 32 for both the animation analyzer and the pattern recognizer. 

15 frames were used for an animation and pattern image. The background and body parts were 

included. An interaction distance of 0 and a standard deviation of 25 were chosen. Finally, the 

training examples and validation data were augmented by LabGym using the default settings. This 

categorizer was subsequently tested to assure its capabilities in predicting the correct behavior and 

achieved a sufficient precision, recall, and F1-score of 0.92 for active behavior and 0.90 for inactive 

behavior tested on 2,100 sorted behavior examples of the captive jaguars (Table 3). 

2.3. Use of Machine Learning Model 

Firstly, a day’s worth of videos from the jaguar habitat in Randers Regnskov were analyzed from 

the day with the most evenly distributed number of videos across the cameras. For the analysis, the 
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frame size was reduced to 288x512 pixels, and the batch size was set to 1 to prevent memory errors. 

For the categorizer, the uncertainty level was set to 10% and there was no minimum length for 

behaviors. Beforehand, the beginning time for analysis in each video’s file name was specified to limit 

the amount of video without jaguars visible. For the captive jaguars, 326 videos out of 429 videos 

were successfully analyzed with jaguars visible from November 1st, 2025, using the detector that 

recognizes individuals and the categorizer for behavioral classification (Table 3). A NoneType area 

error message from LabGym was received on the remaining 103 videos, possibly because the detector 

did not detect the specified individuals and could therefore not calculate an individual’s area. All 

quantitative measurements were analyzed with normalized distances [68] as well as the observed 

behaviors. 

Secondly, 70 videos of wild jaguars in Bigai were analyzed, of which 63 included a wild-type 

jaguar and 7 included a melanistic jaguar using the wild jaguar detector and the categorizer for 

behavioral classification. The videos of wild-type jaguars were from 2024, and the videos of 

melanistic jaguars were from 2023. The same settings, as with the analysis of the captive jaguars, were 

chosen for this analysis. 67 videos were successfully analyzed with errors on three videos containing 

wild-type jaguars (Table 3). 

Several files with data from LabGym were given for each successfully analyzed video. These 

would be consolidated into large datasheets using RStudio [73] to be used in the final data analysis. 

For behavioral assessments all behaviors with less than 80% probability were removed from the 

dataset when analyzing the behaviors. Contrariwise, all data from the analyzed videos were used for 

analysis of coordinate positionings. The duration of each instance of a behavior was calculated from 

the start time of the current behavior to the start time of the next behavior instance. The hour of day 

that the video took place was also noted in all datasets for the captive jaguars. Unfortunately, the 

videos of the wild jaguars could not yield reliable time stamps and an hour of day with the wild 

jaguars could therefore not be estimated. The coordinates, hour of day, and behavioral data were 

used for constructing plots for data analysis. 

2.4. Data Analysis of Automated Behavioral Tracking and Space Use Monitoring 

To assess behavior of the wild jaguars in Bigai and captive jaguars in Randers Regnskov, several 

plots were constructed using either Excel or RStudio based on the data from the analyzed videos. The 

following packages were used for data analysis within Rstudio, dplyr [74], ggplot2 [75], purrr [76], 

tidyverse [77], stringr [78], and writexl [79]. ChatGPT was occasionally utilized to aid in R code 

development [80]. Firstly, three heatmaps were constructed from the coordinates to show the space 

use from the point of view of each camera angle in Randers Regnskov (Figure 4). These were 

visualized using the 3D-map function in Excel [81]. Secondly, three summarized activity budgets 

were constructed as bar charts - one for each jaguar in Randers Regnskov (Figure 5). These show the 

amount of time in percentage that each jaguar spent on active and inactive behavior. Additionally, a 

similar summarized activity budget was constructed as a bar chart for the wild jaguars to show the 

amount of time in percentage that they spent on active and inactive behavior (Figure 5). Next, two 

activity budgets were constructed as cumulative activity curves (Figure 6) showing the expression of 

active and inactive behavior throughout the 24 hours to assess the combined circadian rhythm of the 

three captive jaguars in Randers Regnskov. The behaviors of the three jaguars were chosen to be 

combined, because there was not much behavioral data from each jaguar for every hour of day. The 

jaguars had their behavior determined for a total average of 9,020.2 seconds throughout the 24 hours 

of the day. The rest of the time the jaguars were either not visible or exhibited behavior with an 

inadequate probability to be used for further behavioral analysis. For comparison, the wild jaguars 

had their behavior determined for a total of 393.7 seconds. 
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Figure 4. Coordinates of the centers of the captive jaguars, from Randers Regnskov, Tropical Zoo, combined 

from all analyzed videos from November 1st, 2025, and depicted on corresponding screenshots of the camera 

angles. The letters in the corners indicate the camera angles: (a) Angle from camera a) outdoors, pointing into 

vegetation with a path and a small brook; (b) Angle from camera b) outdoors, pointing at a roof and a flat grassy 

area that functions as a connection point; (c) Angle from camera c) indoors in the jaguar stable. 
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Figure 5. Distributions of percentages of time spent on active (red) and inactive (blue) behavior for each captive 

jaguar, from Randers Regnskov, Tropical Zoo, and wild jaguars, from Bigai, with bars depicting the fraction of 

observed activity and inactivity. The x-axis shows the different jaguars: Bentor, the adult male, Chica, the adult 

female, Sibba, the female cub, and wild jaguars. The y-axis shows the percentage of time used on activity and 

inactivity. The number above each bar is the percentage of time used on activity and inactivity. 

 

Figure 6. The cumulative activity curves of the two 24-hour behavioral activity patterns combined for three 

captive jaguars from Randers Regnskov, Tropical Zoo. The x-axis shows the hour of day. The y-axis shows the 

percentage of time spent on active (red) and inactive (blue) behavior. Missing areas of the curves indicate when 

there was no footage of jaguars within that hour of day. 

3. Results 

3.1. Space Use of Captive Jaguars 

Heatmaps showed clear tracks, especially outside, and general space use preferences (Figure 4). 

Camera angle a) (Figure 4a) shows an area where the jaguars were thought to be patrolling. Here, 

clear tracks are seen alongside the brook and in the vegetation to the left and right. Camera angle b) 

(Figure 4b) shows a connection point between the outside areas of the enclosure. There are clear tracks 

on the hill from when the jaguars move between the outside area with the brook to the right and the 

other outside area that is out of sight to the left. Camera angle c) (Figure 4c) shows the indoor stable 

with space use focused on and around the box in the middle of the room, where the jaguars might 

rest. 

3.2. Total Expression of Active and Inactive Behavior for Captive and Wild Jaguars 

All three captive jaguars tended to spend most of the observable time on inactive behavior, with 

Sibba, the female cub, exhibiting the most, followed by Chica, the adult female, and Bentor, the male, 

respectively (Figure 5). The wild jaguars exhibited mostly active behavior (Figure 5). 
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3.3. Expression of Active and Inactive Behavior troughout the 24 Hours of the Day for Captive Jaguars 

 The jaguars were observed to have the most active behavior around noon (11th to 13th hour) 

and less in the morning and night (Figure 6). The jaguars showed most inactivity between the 9th 

and 12th hours with a more even distribution for the rest of the day. No behavior was observed from 

the 1st to 3rd hours or from the 21st to 23rd hours (Figure 6). 

4.4. Discussion 

4.1. Space Use of the Captive Jaguars 

When constructing heatmaps to automatically examine space use for the jaguars in the three 

different camera angles, a clear pattern appeared (Figure 4). It was observed that, for the outdoor 

enclosure seen in camera angle a) and b) the jaguars’ movement pattern appeared streaky and 

deliberate. Here, the use of ML highlights distinct tracks throughout their enclosure, potentially 

indicating patrolling behavior. Such behavior patterns of territory patrolling are often seen in wild 

conspecifics, where both genders of jaguars tend to patrol and guard their territory [34]. As it is 

important for animal welfare that a captive animal exhibits positive aspects of wild behaviors 

[25,28,29], similar camera setups could be established to examine long-term patrolling behaviors in 

captive jaguars or other species with a similar patrolling tendency. 

Additionally, knowing an animal’s space use in an enclosure may also aid in optimizing the 

animal’s enclosure usage. For example, a study of pygmy hippopotamuses showed promise with 

using olfactory enrichment to alter and increase the captive pygmy hippopotamuses’ space use [82]. 

Other studies have also demonstrated that computer vision technology can prove to be an asset in 

examining space use, position tracking, and behavioral assessment to help reduce labor-intensive 

manual observations [53–55,57]. 

4.2. Behavioral Assessment of Captive and Wild Jaguars 

Daily activity budgets constitute another important aspect of behavioral welfare assessments 

and have been constructed for both captive and wild animals [25,30,34,43–45]. Here, a ML model 

trained to assess activity and inactivity may aid by giving notice when inactivity is excessively 

expressed, after which manual observations of more advanced behaviors to aid in a welfare 

assessment may be conducted. Of all the observed captive jaguars in this study, the male, Bentor, 

appeared to be the most active, while the reproductive female, Chica, and the cub, Sibba, appeared 

to spend less time on this behavior (Figure 5). This is partly in contrast to a study by Jędrzejewski et 

al. (2021) [34] on wild jaguars that observed reproductive female jaguars, which have to care for their 

cubs, mate, and defend territory, to have had the longest activity time. They also observed that males 

had the second-longest daily activity, and cubs had the least. A reason for the difference between our 

study and their study might be that the jaguars seen in our study were recorded in a captive 

environment and only for a single day. Therefore, if a different day or multiple days had been 

examined, the results, of which jaguar was the most and the least active, might have been different. 

Inactivity is a common behavior seen in species of wild cats in zoos and has been found to be 

excessively expressed both day and night despite them being nocturnal animals [40,43]. An increase 

in inactivity was observed during the day, starting from the 9th to 12th hour (Figure 6). Observation 

of the captive jaguars briefly began with two videos in the start of the 4th hour of the day (about 

03:00), with the adult female presumably waking up and leaving the box in the middle of the indoor 

enclosure, followed soon by the other two jaguars. The lack of observed inactivity or other behaviors 

seen by the ML model during the evening and nighttime hours could therefore be explained by the 

total or partial occlusion of the jaguars as they could be out of sight in the box or outside visible 

angles. The increased inactivity may be an expression of potential behavioral problems if alongside 

other behaviors such as stereotypic behavior, like pacing, caused by a lack of sufficient stimulation, 

or if it borders on lethargic behavior, which might indicate sickness or a welfare compromise if 
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associated with low behavioral diversity [25,30,40,41,48]. However, inactivity might not in itself 

present a negative condition as the jaguar could simply be content and resting rather than bored 

because of a lack of stimuli [30]. The high amount of observed inactivity in captive jaguars may also 

be due to low enclosure complexity, small enclosure size, and readily available food that favors the 

occurrence of inactive behavior compared to conditions in wild jaguar habitats [29,40]. 

Another possible cause for the increased inactivity in the captive jaguars could be explained by 

the footage being recorded continuously in their size-limited enclosure throughout the 24 hours of 

the day, with one camera continuously filming their stable where they tend to rest. Therefore, there 

is much more footage of the captive jaguars relaxing and being inactive than there is footage of their 

wild conspecifics in Bigai being inactive. Additionally, the positionings of the camera traps in Bigai 

are typically meant for recording animal trails. This would likely increase the time spent on observed 

active behaviors like walking, as the jaguars would be seen more often as they travel throughout the 

area. Wild jaguars have wide-ranging behavior and travel long distances when patrolling their 

territory and searching for prey and mates [8,11]. This might also explain why the jaguars in the wild 

were observed to exhibit more active behavior than their captive conspecifics (Figure 5). 

4.3. Performance of the Wild Jaguar Machine Learning Model 

Despite the detector and categorizer having been trained on captive jaguars, it still indicated the 

potential of using a ML model when examining and inferring the behaviors of wild conspecifics. 

Although it must be noted that the wild jaguar detector did achieve a lower mAP of 49.26% when 

tested on images from videos from Bigai, probably because of false positive detections and a few 

misclassifications of ‘Jaguar’ and ‘Panther’ (Figure 3). In most annotated videos, created from analysis 

by the ML model, the model looks to be correctly detecting and annotating the jaguars, even when 

they might be very close to the camera, which is impressive, as the model has not been trained on 

images with jaguars this close. However, in some annotated videos, the model does occasionally 

struggle with close jaguars or may mistakenly detect some vegetation or other things as being the 

jaguar. The lower precision of the wild jaguar detector is likely due to the vastly different 

environments being filmed. Such differences in environments included not only the angles of the 

cameras but also the camera models, height from the ground, nearby foliage amount and type among 

other factors that might influence the ML model’s capability to detect and differentiate a jaguar from 

the background. Such challenges with a ML model’s ability to generalize to novel environments have 

been observed in other studies [58,83]. Here, a conclusion for the worsening of detection for novel 

settings could be due to overfitting, which might also be applicable when using the detector for wild 

jaguars in this study, and a possible reason for the lower mAP. Despite these occasional mistakes, 

using a ML model trained on videos of captive animals still shows promising results in being 

implemented to detect and infer behavioral data of wild animals. Increased accuracy might also be 

possible if the model can be trained on supplementary videos from similar camera traps or 

environments. 

4.4. Daily Activity Patterns of the Captive Jaguars 

Another usage of activity assessments may also be to assess the daily activity patterns [34,43]. 

For the jaguars in this study, it was observed that the expression of active behavior was relatively 

even throughout the day, with the most amount of active behavior being expressed around noon 

from the 11th to 13th hour (Figure 6). A study by Moreno et al. (2025) [84] measured the average 

movement speed across the 24 hours of the day for five wild jaguars. They found that one male and 

one female showed the typical bimodal predator activity pattern of being less active in the daytime 

and more active around dusk, dawn, and at night, while three females moved more in the daytime 

[84]. A similar study that estimated the activity level throughout the 24 hours of the day for wild 

jaguars found that the jaguars were mostly nocturnal and crepuscular, with variations between 

individuals [34]. When comparing these studies to the results of our study, it appears that none of 

the captive jaguars had a natural bimodal nocturnal or crepuscular hunter activity pattern, as they 
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were mostly active during the daytime, with some exceptions of evening and nightly activity. For 

example, the mother, Chica, and the cub, Sibba, were seen walking around together outside in the 

24th hour (Figure 6), which implies that the captive jaguars were nocturnal to some extent. In 

addition, the three captive jaguars were manually observed on the footage from all six recorded days 

to be patrolling or eating food outside at dusk and dawn on four different days and at night on three 

of those days. On two of the six recorded days, they were not outside to patrol at night, dusk, or dawn 

– only in the daytime. In future studies, it could therefore be interesting to examine how often and 

for how long captive jaguars exhibit crepuscular and nocturnal behavior across a bigger time scale 

than the one day that was analyzed in this study. 

Similar patterns of captive animals being mostly active during the day have also been observed 

in captive jaguars in other studies [40,42] and partly in a study of captive ocelots (L. pardalis), which 

are also nocturnal hunters like jaguars [43]. Wild nocturnal hunters’ activity peaks reflect the activity 

peaks of their main prey [43,85], but as captive jaguars in this study were fed around 13:00-13:30 in 

the daytime, they had no need to “hunt” at night. Thus, the usage of a ML model could aid in 

indicating a potential relationship between the feeding event around noon and the increased activity 

behavior during the daytime. 

Additionally, there is only one day of analyzed footage which means that any prolonged 

occlusion of a jaguar will have a great effect on the daily behavior pattern. Furthermore, the jaguars’ 

24-hour activity patterns may vary for each day, which could be examined if more days were 

analyzed. Despite this small sample size, the ML model still showed promise in analysis of daily 

activity patterns, and a similar ML model could prove to be applicable in future studies. 

4.5. Performance of the Individual Recognition of the Captive Jaguars 

Occasional identity switching was observed, despite the model achieving a high detection mAP 

and high categorization F1-scores. The identity switch mostly occurred between the two wild-type 

coated jaguars, Bentor and Sibba. Specifically at times where they would be exhibiting similar body 

positions and therefore have similar body outlines. The identity switch could be because the detector 

had been trained on annotations of a specific body position on only one individual, and thereby it 

might confuse other individuals in this position as the one it had been trained on. Jaguars have pelage 

patterns that can be used for individual recognition [20,72], and it was observed that the ML model 

could observe such patterns. Although a ML model being trained mostly based on outline recognition 

might make a similar outline take precedence in a detector deciding which individual it detects. Here, 

other studies have found success with increasing accuracy by utilizing body-part-based individual 

recognition, for example, the ears of wild Asian elephants (Elephas maximus) [20], the side of the body 

of captive Amur tigers (Panthera tigris altaica), wild Amur leopards (Panthera pardus orientalis), and 

feral cats (Felis catus) [86,87]. This could be a possibility for optimizing a detector for individual 

recognition of the studied jaguars. However, the method may require that one initially tests if body-

part-based individual recognition works with the studied species, since for some species such as the 

African wild dog (Lycaon pictus) the method can give worse results than when utilizing the full body 

outline of an animal [88]. 

4.6. Possibilities in Future Research 

In a pilot experiment, we tried to categorize more advanced and complicated behaviors due to 

the possibility of researching these behaviors. Specifically, the captive jaguars were manually 

observed to be highly social. For example, allogrooming, playing, and cuddling were observed. 

However, with the amount of footage used for the training of the categorizer, the more advanced 

behaviors did not achieve a satisfying degree of precision, most likely because of their similar 

outlines. Here, supplementing an outline-based model with more body-part-based models might 

increase the accuracy of correct identity detections, but also more easily allow for future research and 

categorization of advanced behaviors. By training a ML model to classify more advanced behaviors, 
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it may be used more directly as a part of a welfare assessment, instead of, for example, simply giving 

notice when inactivity is excessively expressed. 

Overall, this study indicates the usage of ML for assessing behaviors, alongside a detector’s 

individual recognition and space use monitoring. ML can therefore become a valuable tool in the 

conservation of jaguars when assessing their behaviors in footage from camera traps, since behavior 

is an important parameter for successful conservation results [13,14]. This study also highlights the 

possibility of inferring if captive jaguars exhibit behaviors akin to their wild conspecifics as an 

indicator of animal welfare [25,28,29]. 

5. Conclusions 

Detection of jaguars with a ML model made with LabGym demonstrated the ability to accurately 

determine space use patterns of the patrolling captive jaguars in Randers Regnskov, and clear tracks 

were visible on the heatmaps. Additionally, it also showed promise with individual recognition, 

although it still struggled with occasional identity switching. Moreover, the implementation of this 

detector and categorizer trained from images of just three captive jaguars showed promise with 

recognition and activity tracking of wild jaguars. Furthermore, based on the activity tracked 

throughout the day, the captive jaguars did not exhibit natural bimodal nocturnal or crepuscular 

hunter activity patterns. Additionally, the captive jaguars showed a large amount of inactivity. 

Overall, integration of ML-based methods can be a promising tool for monitoring both captive and 

wild jaguars regarding individual recognition, spatiotemporal details, and activity tracking to 

enhance animal welfare and conservation. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

ML Machine learning 

DNN Deep neural network 

Randers Regnskov Randers Regnskov, Tropical Zoo 

mAP Mean average precision 

Appendix A 

Appendix A.1 

. 

Figure A1. Aerial photo of the outdoor area of the jaguar enclosure in Randers Regnskov, Tropical Zoo (red area) 

with measurements of area (m2) and distances (m). 

 

Figure A2. Floorplan of the indoor area of the jaguar enclosure in Randers Regnskov, Tropical Zoo to the right. 
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