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Abstract

Wildlife and human activities are key components of ecological systems, and understanding their spatiotemporal patterns
is essential for evaluating human—wildlife interactions and informing conservation planning. Camera trap networks func-
tion as terrestrial remote sensing systems that enable continuous monitoring of ecological processes at fine spatiotemporal
scales. In this study, camera trap imagery collected in Chitwan National Park (CNP), Nepal, and its surrounding zones,
under visible light during daytime and infrared illumination at night, was organized into a multi-class dataset containing
wildlife, humans, and domestic animals. To support the ecological interpretation of wildlife-human spatiotemporal pat-
terns, deep learning—based object detection models (YOLOvS and YOLOv11) were trained to extract animal and human
occurrences from the imagery. The resulting detections were integrated into a spatiotemporal analysis framework to char-
acterize wildlife and human activity patterns, map spatial co-occurrence across the landscape, and quantify temporal prox-
imity between human-wildlife pairs. Among the evaluated models, YOLOv11s achieved the best detection performance,
with a precision of 95.5%, recall of 92.9%, and mean Average Precision50 (mAP50) of 95.4%, indicating reliable perfor-
mance in real-world scenarios. Spatiotemporal analysis revealed shorter temporal lags for human—rhino pairs compared
to human-tiger pairs, and identified a clear spatial gradient of human—wildlife co-occurrence, with the highest intensity
in the Buffer Zone, followed by the Corridor Forest and the CNP. These results demonstrate that integrating automated
detection with spatiotemporal analysis transforms camera trap data into ecological information for scalable monitoring.
The proposed framework identifies areas of elevated human—wildlife spatiotemporal proximity, helping prioritize targeted
monitoring and landscape management.
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Introduction

Human activities frequently alter or destroy wildlife habi-
tats, with illegal hunting, poaching, and habitat encroach-
ment among the most detrimental impacts to wildlife
populations and behavior (Ikeda et al. 2022; Lee et al. 2024;
Lewis et al. 2021). Conversely, wildlife species also affect
land use, management of agricultural practices, and human
habitation dynamics in various ecological zones (Souls-
bury et al., 2015). Human-wildlife interactions are hetero-
geneous in space and time, spanning a range from positive
coexistence to negative encounters commonly referred to as
human-wildlife conflict (Nyhus 2016). Monitoring wildlife
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and human activities is therefore essential for understand-
ing these interactions and plays a crucial role in effective
wildlife conservation and sustainable ecological landscape
management.

Camera traps are point-based imaging sensors that func-
tion as terrestrial remote sensing system, which have been
widely employed for wildlife observation, contributing
significantly to understanding human-wildlife interaction,
biodiversity richness, and the conservation of endangered
species (Caravaggi et al. 2017; Foca et al. 2025; Linkie
and Ridout 2011; Pierini et al. 2024; Rowcliffe et al. 2008).
These devices are typically equipped with visible-light sen-
sors and infrared illumination for nighttime imaging, which
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automatically gather data upon detecting any motion within
their range. Unlike aerial and satellite observation methods,
camera trap networks provide continuous day-and-night,
non-invasive monitoring while minimizing disturbance to
animals and their habitats. As shown in Fig. 1, camera traps
collect rich contextual information, including recording
timestamps and ambient temperature at the moment of data
acquisition, and the GPS coordinates of each camera trap
are recorded during deployment to enable spatial analysis
of the collected data (Tanwar et al. 2021; Jasiulionis et al.
2023; Palmer et al. 2018).

By recording the timing of observations at fixed spatial
locations, camera traps provide valuable data for spatiotem-
poral ecological analysis. These data allow researchers to
estimate species abundance, analyze wildlife activity pat-
terns, and investigate ecological processes such as predator—
prey dynamics and human—wildlife interactions (Kukielka
etal. 2013; Amburgey et al. 2021). Spatiotemporal informa-
tion also provides opportunities to analyze species occur-
rence and co-occurrence patterns across landscapes, offering
insights into how wildlife distributions and behaviors vary
over space and time (Shamoon et al. 2018; Kavwele et al.
2022). However, manually processing the large volumes of
images and videos captured by camera traps is time-con-
suming and presents substantial human and financial chal-
lenges (Christin et al. 2019). In addition, the presence of
fast-moving animals with blurry imagery, partial body visi-
bility, low-light conditions, and overlapping multiple targets
further complicate the target detection process (Fig. 1c-e).

Deep learning, a subset of machine learning that uses
multi-layered neural networks to learn hierarchical feature
representations from data, has become a powerful tool for
complex pattern recognition tasks. In recent years, deep

Fig. 1 Representative camera trap images illustrating diverse observa-
tional conditions and target detection challenges in wildlife monitor-
ing: (a) human activity, (b) multiple overlapping domestic goats, (c)
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learning methods have shown significant advantages in
both efficiency and accuracy for object detection, making
them well-suited for analyzing large volumes of camera
trap imagery in this project. Deep learning-based object
detectors can generally be divided into two main catego-
ries: one-stage and two-stage. Two-stage detectors, includ-
ing Faster Region-based Convolutional Neural Networks
(Faster R-CNN) (Ren et al. 2016), Region-based Fully Con-
volutional Networks (R-FCN) (Dai et al. 2016), and Mask
R-CNN (He et al. 2017), divide the detection process into
two stages: region proposal and classification. The region
proposal stage narrows the search space by selecting candi-
date regions from feature maps, whereas the classification
stage determines the object category and refines the final
detection results. In contrast, one-stage detectors, such as
You Only Look Once (YOLO) (Redmon et al. 2016), Sin-
gle Shot MultiBox Detector (SSD) (Liu et al. 2016), and
RetinaNet (Lin et al. 2017), directly predict bounding boxes
and class probabilities in a single step. These models typi-
cally offer higher processing speed, although sometimes at
the expense of detection accuracy compared with two-stage
methods.

The application of deep learning—based object detec-
tion to camera trap imagery has streamlined monitoring
workflows, enhanced detection efficiency and accuracy,
and substantially reduced operational costs (Whytock et al.
2021; Petso et al. 2022). Among two-stage detectors, Faster
R-CNN began to be adopted for wildlife detection in cam-
era trap data and has demonstrated great detection accuracy
(Carl et al. 2020; Simoes et al., 2023). Compared with Faster
R-CNN, R-FCN has emerged as a more practical architec-
tural choice for large-scale animal detection, particularly in
scenarios involving moving wildlife (Ibraheam et al. 2021).
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partial visibility of a rhino, (d) low-light detection of a spotted deer,
(e) a fast-moving tiger with motion blur, and (f) a nighttime infrared-
illuminated image of an elephant
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Mask R-CNN, in contrast, has shown stronger suitability
for instance segmentation tasks (Salau and Krieter 2020).
On the other hand, one-stage detectors, such as the YOLO
series, are designed for real-time detection, providing rapid
processing speed and high efficiency while maintaining
strong detection accuracy (Diwan et al. 2023; Ferrante et
al. 2024). Multiple YOLO versions, including YOLOV3,
YOLOv4, YOLOvS, and YOLOv10, have demonstrated
strong potential in terms of both accuracy and efficiency for
wildlife detection tasks (Bjerge et al. 2023; Leonid et al.
2023; Chalmers et al. 2025).

Deep learning has substantially improved the accuracy
and efficiency of automated animal object detection, allow-
ing massive volumes of camera trap images to be timely pro-
cessed and generating abundant geospatial data for wildlife
monitoring. Most prior studies have emphasized detection
or classification performance, whereas relatively few have
used automated camera trap detections for landscape-scale
spatiotemporal assessment of wildlife and human activity
patterns and their potential interactions.

To address these gaps, this study develops an integrated
framework that uses deep learning to extract wildlife,
domestic animal, and human detections from camera trap
imagery and subsequently incorporates these detections into
landscape-scale spatial and temporal analyses. An annotated
multiclass dataset was constructed, and several YOLO-
based object detection models were trained and evaluated to
identify a reliable model for automated image processing.
The selected model was then applied to camera trap imagery
collected across Chitwan National Park and its surrounding
landscapes. The resulting detections were incorporated into
spatiotemporal analyses to characterize species activity pat-
terns and quantify the shortest temporal lag between species
across different landscapes, thereby enabling the identifica-
tion and further investigation of areas with elevated human—
wildlife spatiotemporal proximity.

Methods
Study area

This study was conducted in Chitwan National Park (CNP)
and the adjacent managed and multi-use landscapes that
surround it (Fig. 2). CNP was established in 1973 as Nepal’s
first national park and was listed as a UNESCO World Heri-
tage Site in 1984 due to its unique ecosystems of interna-
tional significance (Mishra 1982). It covers an area of 932
km? in south-central Nepal and forms part of the Chitwan-
Parsa-Valmiki Tiger Conservation Landscape where reduc-
ing human-wildlife conflict is a stated management objective
(Bhattarai et al. 2019; Bhatt et al. 2023). The national park

contains a range of diverse ecosystems, including hills,
lakes, flood plains, and rivers, which support endangered
greater thinos (One Horned Rhinoceros; Rhinoceros uni-
cornis), tigers (Royal Bengal Tiger; Panthera tigris tigris),
crocodiles (Gharial Crocodile; Gavialis gangeticus), and
other endemic species (Dai et al. 2020; UNESCO, 2019).
The regional climate is subtropical and is dominated by
the southeast monsoon. From March to June, temperatures
can reach as high as 43 °C. The monsoon season typically
follows, lasting from late June until September. The mean
annual rainfall in the park is approximately 2,150 mm.

Surrounding CNP is a Buffer Zone encompassing 750
km? comprising forest and other land uses, including culti-
vated areas. More than 273,977 people live within the Buf-
fer Zone of CNP (Dangol et al. 2020), and many households
depend on local natural resources for their livelihoods, col-
lecting wood, grass and various herbs, obtained through
both legal and illegal extraction. North of the Buffer Zone
lie the Corridor Forest and Community Forest. The Cor-
ridor Forest connects the Terai Arc Landscape (TAL) and
Chitwan Annapurna Landscape (CAL), which is the only
remaining natural forest that allows the endangered greater
one-horned rhino and Royal Bengal tiger access to ref-
uge at higher elevations during monsoon seasons (Aryal
et al. 2012; Lamichhane et al. 2018). Community Forests
are managed through Nepal’s community forest program,
under which local Community Forest User Groups are
granted rights to manage, protect, and sustainably use for-
est resources while supporting forest conservation and local
socioeconomic benefits (Smith et al. 2023).

Data collection and preprocessing

Camera trap data were collected using motion-activated
Bushnell Core DS-4 K cameras equipped with separate
sensors for daytime and nighttime imaging. A total of 80
cameras were deployed, with 20 cameras placed in Chitwan
National Park, 20 in the Buffer Zone, 20 in the Corridor
Forest, and 20 in the Community Forest. The cameras were
arranged using an approximately 1.5-km grid, although
some locations were adjusted to nearby animal trails. Each
camera was mounted approximately 50-80 cm above
the ground, and no bait or lure was used. The geographic
coordinates of each camera trap site were recorded before
deployment. The cameras were configured to collect both
still images and videos, with the date, time, and ambient
temperature embedded in each record. Field staff checked
the cameras and retrieved the stored data every two months.

For this study, all still images collected between Febru-
ary and July 2022 were used for model development and
subsequent analysis. This period covered the dry and pre-
monsoon seasons, during which the camera trap network
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Fig.2 Chitwan National Park and its surrounding zones (False color image of Landsat 8 collected on April 5, 2022. Red: band 6, 15601660 nm;

Green: band 5, 845-885 nm; Blue: band 4, 630—-680 nm)

Table 1 Numbers of annotated images and object instances in the camera trap dataset

Class Tiger Rhino Elephant Sambar Deer Spotted Deer Rhesus Macaque Human Domestic Goat
Images 1211 2733 1776 3639 2145 2220 1842 1120
Instances 1211 2805 1884 3931 4996 2997 2081 3042

provided consistent observations across the four land-
scape zones. Although the camera trap survey recorded a
broader range of wildlife, six focal species were selected
for annotation and model development based on their detec-
tion frequency, conservation importance, and relevance to
human—wildlife interactions. These species included spot-
ted deer (Axis axis), sambar deer (Rusa unicolor), rhesus
macaques (Macaca mulatta), greater one-horned rhinos
(Rhinoceros unicornis), Royal Bengal tigers (Panthera
tigris tigris), and Asian elephants (Elephas maximus).
Humans (Homo sapiens) and domestic goats (Capra hircus)
were additionally included as indicators of human presence
and associated activities.

Image labelling was conducted using the Roboflow
platform, which facilitated precise image annotation and
streamlined the export process for deep learning model
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development (Roboflow 2025). The original annotated
images were divided into training, validation, and test sub-
sets in proportions of 70%, 20%, and 10%, respectively.
This allocation provided sufficient data for model training
and validation across multiple model configurations while
retaining a separate held-out test set for final performance
assessment. To reduce class imbalance while preventing
data leakage, random rotation augmentation was applied
to underrepresented classes, including tiger, rhino, and
elephant, within the training subset. The numbers of anno-
tated images and object instances in the camera trap dataset
are shown in Table 1. Here, an image refers to a camera
trap photograph containing at least one annotated target,
whereas an instance refers to one individually annotated
object, represented by a bounding box, within an image.
In total, the dataset contained 16,686 images across the
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eight target classes. All images were resized to 640 x 640
pixels to standardize the input dimensions, reduce compu-
tational cost, and meet the input requirements of the detec-
tion models.

Deep learning models

We used YOLO to automate detection of wildlife, humans,
and domestic animals in camera trap imagery. Among the
YOLO series, YOLOVS is one of the most widely used
owing to its efficiency and flexibility, while YOLOv11
(Khanam and Hussain 2024) represents the most recent
advancement in the series at the time of this study. YOLOvVS5
optimizes a weighted training loss that combines classifica-
tion, objectness, and bounding-box regression, and applies
Non-Maximum Suppression (NMS) during inference to
remove overlapping boxes, enabling accurate object detec-
tion in cluttered or partially occluded scenes. It follows an
anchor-based design, in which each potential object location
begins with a set of predefined reference boxes (anchors)
of different sizes and shapes, and the model learns how to
adjust these boxes to fit actual objects. YOLOv11 adopts
an anchor-free detection approach that removes predefined
anchor boxes and directly predicts object locations from
multi-scale feature maps, thereby simplifying the model
architecture while improving robustness across different
object sizes and scene conditions. In practice, YOLOvI1
represents a later generation within the YOLO family, incor-
porating more recent design advances while retaining the
core YOLO detection framework.

YOLOVS5 and YOLOv11 both provide five network con-
figurations: nano (n), small (s), medium (m), large (1), and
extra-large (x), which adjust network depth and width to
balance detection performance against runtime and memory
requirements. These configurations use the same overall
detection framework but apply different architectural scal-
ing factors, with the suffix indicating the relative model
size from the most compact n variant to the largest x vari-
ant. In this study, several YOLO-based object detection
models were trained and evaluated, including YOLOvV5n,
YOLOVvSs, and YOLOv5Sm, YOLOv1ln, YOLOvlls, and
YOLOvI11m. All models were trained in Python using the
Ultralytics YOLO framework based on PyTorch, with a
batch size of 32 for 150 epochs on an NVIDIA RTX 3090
GPU with 24 GB of dedicated memory.

The detection models were evaluated using standard per-
formance metrics (described below) to identify the most
suitable approach for the camera trap dataset. The best-per-
forming model was then applied to the full collected data
to automatically detect human and wildlife. The resulting
detection outputs were subsequently used in spatial and tem-
poral analyses to characterize relative detection-intensity

patterns, assess spatial co-occurrence, and quantify tempo-
ral proximity between human—wildlife pairs.

Evaluation metrics

To evaluate the performance and reliability of the object-
detection component of the proposed framework, we used
four standard metrics: precision, recall, mean Average Pre-
cision50 (mAP50), and mAP50-95 (Ibraheam et al. 2021).
During training, model performance was monitored on the
validation set, while final evaluation was conducted on the
fully annotated test set. Predicted bounding boxes were
compared with ground-truth annotations following standard
YOLO evaluation protocols. A prediction was considered
a true positive (TP) if it matched a ground-truth object of
the same class at or above the specified Intersection over
Union (IoU) threshold; otherwise, it was counted as a false
positive (FP). Ground-truth objects that were not matched
by any prediction were counted as false negatives (FN). Pre-
cision measures the proportion of predicted detections that
are correct, whereas recall, also referred to as sensitivity,
measures the proportion of ground-truth instances correctly
detected by the model. Precision and recall were calculated
as follows:

TP

Precision = TP+ TP €))
TP
Recall = TP+—F,]V (2)

We reported mAP at two levels of stringency. mAP50 is the
mean average precision over all classes at an IoU thresh-
old of 0.50, indicating how well the model detects objects
with reasonably good overlap. In contrast, mAP50-95 is the
mean average precision averaged over IoU thresholds from
0.50 to 0.95 at intervals of 0.05, providing a more stringent
measure of both detection performance and localization
precision.

Data analysis
Spatial analysis

Spatial patterns were characterized using the relative abun-
dance index (RAI) and kernel density estimation (KDE).
For each species and camera site, RAI was calculated as
the number of independent camera trap detections divided
by the total number of camera trap days, multiplied by 100
(Rovero et al., 2009):

RAI = Number of independent detections
" Total number of camera trap day

X100  (3)

@ Springer



122 Page 6 of 15

European Journal of Wildlife Research (2026) 72:122

RAI provided an effort-standardized measure of relative
detection frequency across camera stations. Independent
camera trap detections were defined by treating consecu-
tive detections of the same target class at the same camera
trap site within a 30-min interval as a single detection event,
thereby reducing repeated counting of the same individual
or group during a single visit.

The site-specific RAI values were subsequently used
as weights in KDE to transform the discrete camera-sites
observations into continuous surfaces of relative detection
intensity. Camera trap sites with higher RAI values con-
tributed more strongly to the estimated surfaces. Locations
with greater concentrations of detections yielded higher
estimated intensity values, which decreased with distance
from the camera trap sites and approached zero at the search
radius. The RAI-weighted KDE value at location (x,)) was
calculated as:

L2\ 2
Feen = 1Al %(1—(‘1‘7‘“) ) )

where 7 is the number of camera trap sites, # denotes the
kernel bandwidth (search radius), and dist; is the distance
between camera trap site i and location (x, y). Only camera
trap sites within the bandwidth ( dist; < h) contributed to
the density estimation.

For the spatial co-occurrence analysis, the site-specific
RAI values were aggregated into two composite activity
classes. At each camera trap site, the RAI values of humans
and domestic goats were summed to represent human
activity, whereas the RAI values of tigers and rhinos were
summed to represent dangerous wildlife activity. Deer and
rhesus macaques pose no direct danger to humans or live-
stock, while wild elephants could not be distinguished in
the camera trap imagery from domestic elephants, which
are frequently used for transportation in Nepal (Szydlowski
2022). These species were therefore excluded from the sub-
sequent spatial co-occurrence analysis.

The aggregated RAI values of the two composite classes
were then used as weights in separate KDE analyses to
generate continuous surfaces of human activity and dan-
gerous wildlife activity. Each KDE surface was normalized
to a range of 0—1 using min—max normalization. To assess
spatial co-occurrence, the two normalized KDE surfaces
were multiplied cell by cell. Higher product values indicate
locations where relatively high human activity and danger-
ous wildlife activity spatially coincide. The resulting sur-
face was used to identify areas of elevated human—wildlife
spatial proximity. RAI calculation, RAI-weighted KDE,
surface normalization, and spatial co-occurrence mapping
were conducted using ArcGIS Pro 3.3.

@ Springer

Temporal analysis

Model-derived detections were aggregated into daily pres-
ence—absence records at each camera trap site. For each
target class, a site was assigned a value of presence for a cal-
endar day if the target was detected at least once on that day;
otherwise, it was assigned absence. Thus, multiple images
or repeated triggers of the same target class at the same
site on the same day contributed only one daily presence
record, reducing pseudoreplication from burst sequences
and repeated observations (Ridout et al., 2009; Hamel et al.
2013; Hu et al. 2025).

Daily aggregation was selected because the analysis
aimed to assess broad site-level temporal proximity across
the six-month survey period and among landscape zones.
Original timestamps were retained and used to calculate
exact sub-daily intervals for selected same-day human—
wildlife detection events.

Temporal proximity was assessed for human—tiger and
human-rhino pairs using the shortest temporal lag, in days,
between their daily presence records at the same camera
trap site. For species a and species b at site s, the temporal
lag between two daily detections was defined as:

Adj; = |d5,; - i,j‘ )

where dj; denotes the i-th day on which species a was
detected at camera trap site s, and dj, ; denotes the j-th day
on which species b was detected at the same site. Based on
these pairwise differences, the shortest temporal lag between
the two species at site s was defined as:

DS, = nil,ijn (A dfj) = nil’ijn |d5; — d} (6)

where DJ, represents the minimum number of days between
any daily detection of species a and species b at the same
camera trap site. A value of 0 indicates that the two spe-
cies were detected at the same site on the same calendar
day, whereas larger values indicate greater temporal separa-
tion. This measure was used to quantify temporal proximity
between species after detections had been aggregated into
daily presence records.

The shortest temporal-lag distributions for both species
pairs were also compared across the major landscape types
using box-whisker plots. Only the Buffer Zone, Chitwan
National Park, and the Corridor Forest were included in this
comparison because no tigers or rhinos were detected in the
Community Forest. To further characterize temporal prox-
imity at finer resolution, detection records from selected
camera-trap sites in the regions identified through the spa-
tial co-occurrence analysis were reviewed. The exact time
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lag between human and dangerous-wildlife detections was
then calculated. The temporal analyses in this section were
performed using custom Python scripts.

Results
Deep learning model evaluation

Detailed training convergence curves of the evaluated mod-
els are provided in Fig. S1. Overall, the YOLO models
showed rapid performance gains during the initial stages of
training, followed by gradual stabilization.

The performance metrics of the trained YOLO models
on the validation dataset are presented in Table 2. Inference
time refers to the average time required for a model to pro-
cess a single image and generate detection outputs, whereas
parameters indicate the total number of learnable weights in
the network. YOLOV11 consistently outperformed YOLOvS
at equivalent network sizes. For example, YOLOvlln
achieved a precision of 95.0%, a recall of 90.9%, a mAP50
of 96.1%, and a mAP50-95 of 79.4%, whereas YOLOv5n
attains a precision of 93.4%, a recall of 88.8%, a mAP50
of 94.6%, and a mAP50-95 of 74.1%. Among the evalu-
ated models, YOLOv11s achieved the highest precision and
mAPS50, whereas YOLOvIIm achieved the highest recall
and mAP50-95. However, YOLOv11s required only 3.4 ms
per image and contained 9.41 million parameters, compared
with 8.0 ms and 20.03 million parameters for YOLOv11m.
Therefore, YOLOv11s provided the best balance between
detection performance and computational efficiency and
was selected for subsequent analysis.

The selected YOLOv11s model was subsequently evalu-
ated on 1,145 held-out test images using an IoU threshold
of 0.5 and a confidence threshold of 0.5. These images
were not seen by the model during training or validation
and were reserved exclusively for final performance assess-
ment. The model achieved an overall precision of 95.5%, a
recall of 92.9%, and a mAP50 of 95.4%, indicating reliable
generalization for the subsequent spatiotemporal analyses.
As shown in Fig. 3, the model successfully detected targets
under both favorable imaging conditions (Fig. 3a—d) and

challenging conditions (Fig. 3e-n). Representative incor-
rect detections are shown in Fig. 30—p, including ambigu-
ous multiple predictions and a missed target near the image
boundary, reflecting persistent challenges in automatic
object detection.

Spatial pattern analysis

The trained YOLOvI11s model was then applied to a total
of 57,037 camera trap images acquired in the study areas
between February and July 2022 to automatically detect all
relevant classes. Species-specific RAI-weighted kernel den-
sity maps derived from these detections reveal pronounced
spatial variation and clustering (Fig. 4).

Rhinos showed the highest relative detection intensity
along the northern boundary of CNP and within the Buffer
Zone, with additional detections extending into the Corridor
Forest (Fig. 4a). Elephants were detected primarily within
CNP, with more limited occurrence in the Buffer Zone
(Fig. 4b). Deer, the most frequently detected group, occurred
at nearly all camera trap sites except those in the Commu-
nity Forest. Their relative detection intensity was highest
in the Buffer Zone and lower inside CNP (Fig. 4c). Rhesus
macaques showed the broadest distribution, with the highest
relative detection intensity in the Corridor Forest and north-
ern Buffer Zone and additional presence in the Community
Forest (Fig. 4d). Tigers were detected across the southern
and northern parts of the study area, with the highest rela-
tive detection intensity occurring primarily inside CNP and
additional presence in the Buffer Zone (Fig. 4¢).

The spatial patterns of human-associated activity are
illustrated in Fig. 4f and g through detections of humans
and domestic goats. Human detections were concentrated
mainly in the Corridor Forest, followed by the Community
Forest and northern Buffer Zone. Similarly, domestic goats
detections were concentrated in the Corridor Forest and
Community Forest but were absent from the Buffer Zone.

Spatial co-occurrence analysis

The normalized RAI-weighted KDE surfaces of dangerous
wildlife and human activities are shown in Fig. 5a and b,

Table 2 Validation performance and computational efficiency of the YOLO models. The suffixes n, s, and m indicate nano, small, and medium

variants, respectively

Models Precision Recall mAP50 mAP50-95 Inference (ms) Parameters (M)
YOLOv5n 0.934 0.888 0.946 0.741 3.6 1.77
YOLOVS5s 0.948 0.904 0.953 0.770 5.1 7.03
YOLOvVSm 0.948 0.927 0.957 0.788 12.0 20.88
YOLOvlIn 0.950 0.909 0.961 0.794 1.6 2.58
YOLOv11s 0.962 0.923 0.967 0.813 3.4 9.41
YOLOv1Iim 0.958 0.931 0.965 0.819 8.0 20.03
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Fig. 3 Representative YOLOv11s detection results on the test dataset: (a—d) favorable conditions, (e—n) challenging conditions, and (o—p) incor-

rect detections

respectively. Figure 5a reveals that dangerous wildlife was
primarily distributed within CNP and the Buffer Zone, with
some extension into the Corridor Forest. In contrast, Fig. 5b
shows that human activities were concentrated mainly in
the Corridor Forest and Community Forest, with additional
activities detected in the Buffer Zone and limited activity
within CNP.

Figure 5c presents the product of the two normalized
density surfaces used to assess spatial co-occurrence. Based
on the intensity of the product surface, four regions with
elevated spatial co-occurrence were delineated by red
rectangles. Region 1 showed the highest co-occurrence
intensity, followed by Region 2, and both were located in
the Buffer Zone near the boundary of CNP. Region 3 was
located within CNP near its southern boundary adjacent
to the Buffer Zone. Region 4 was located primarily in the
southern part of the Corridor Forest and extended into the
Buffer Zone.

Temporal proximity analysis

Figure 6 shows the frequency distributions of the shortest
temporal lags for the two species pairs. For both pairs, the
distributions were concentrated at low values, indicating
that humans and these dangerous wildlife species were often
detected at the same camera trap site within short temporal
intervals. Human-tiger pairs (Fig. 6a) displayed a broader
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distribution with a longer right tail, indicating a higher fre-
quency of longer temporal lags. The frequencies of 0-, 1-
and 2-day lags were 8, 16, 22, respectively, giving a total of
46 detections within the first 3 day-lag classes. In contrast,
human-rhino pairs (Fig. 6b) were more tightly concentrated
at shorter lags of less than 22 days, with most detections
occurring within the lower day intervals. The frequencies of
0-, 1- and 2-day lags were 12, 21, and 20, respectively, giv-
ing a total of 53 detections for the first three day-lag classes.
Overall, these patterns suggest that human-rhino pairs tend
to occur closer together in time, whereas human-tiger pairs
exhibit longer temporal spacing across the camera sites.
The shortest temporal lag distributions for both species
pairs across major landscape types are shown as box-whis-
ker plots in Fig. 7. In the Buffer Zone, shortest temporal lags
were concentrated at low values (less than 20 days) for both
pair types, while the distribution for human-tiger pairs was
more dispersed than that for human-rhino pairs. In Chitwan
National Park, only three human-tiger pairs were recorded,
and their shortest temporal lags were three, 15, and 41 days.
In the Corridor Forest, the contrast between the two pair
types was most pronounced. Human—tiger pairs showed
the largest median and the widest interquartile spread,
indicating greater temporal separation in detection inter-
vals, whereas human—rhino pairs remained concentrated at
lower values. Overall, the figure reveals that shortest tem-
poral lags were generally lower and more tightly clustered
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for human-rhino pairs, while human—tiger pairs exhibited =~ Representative cases
greater temporal spread. Across the three landscape types,

human-wildlife pairs were temporally closest in the Buf-  Representative examples from the four regions identified
fer Zone, followed by the Corridor Forest and then Chitwan  through the spatial co-occurrence analysis are shown in
National Park, consistent with the spatial co-occurrence pat-  Fig. 8, illustrating close temporal proximity between human
tern shown in Fig. 5c. activity and wildlife presence.
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Figure 8a shows two local residents gathering foliage and
wood for household within Region | of the Buffer Zone,
which was visited by a tiger 7 h later. In Fig. 8b, the cam-
era trap captured images of armed individuals at dusk in
Region 2 of the Buffer Zone, followed by a rhino passing
the same location approximately 30 min later. In Fig. 8c,
three individuals were recorded walking through Region 3
within CNP, which had been visited by a tiger 3 days earlier.
In Fig. 8d, a person is observed carrying a bundle of cut
vegetation and a sickle through Region 4 in the Corridor
Forest, which had been visited by a rhino three hours earlier.

Discussion
Spatial patterns and co-occurence

The spatial patterns of relative detection intensity for the
target classes reflect differences in their use of protected and

@ Springer

human-influenced landscapes (Fig. 4). The pattern of rhinos
was consistent with reports of occasional rhino incursions
into agricultural areas and associated crop damage (Fig. 4a;
Bhandari et al. 2022). Elephant activity suggested compara-
tively stronger spatial confinement to protected habitats dur-
ing the study period (Fig. 4b). The absence of deer from
the Community Forest may indicate avoidance of areas
with higher levels of human and livestock activity (Fig. 4c).
The broad spatial pattern of rhesus macaques was consis-
tent with their affinity for landscapes in closer proximity to
human activity (Fig. 4d).

The spatial concentration of human presence cor-
responded closely with that of domestic goats in the
Community Forest and the northern part of the Corri-
dor Forest, which is expected because domestic-live-
stock grazing in these landscapes is permitted only with
authorization (Fig. 4f and g). The spatial correspondence
between deer and tiger concentrations highlights potential
predator—prey dynamics, while their proximity to human
settlements may increase the likelihood of livestock dep-
redation or human—carnivore encounters if tigers follow
deer into these areas (Fig. 4c and e). The clustering of rhe-
sus macaques near human presence may similarly indicate
a greater likelihood of crop raiding and other nuisance
behaviors (Fig. 4d and f).

The elevated spatial co-occurrence of dangerous wildlife
and human activities in Regions 1 and 2 may be associated
with rhinos crossing the river separating CNP from the Buf-
fer Zone to seek fresh grass or agricultural crops, as well
as tigers following deer into the Buffer Zone (Fig. 5c). In
Region 3, the detected human presence may reflect unau-
thorized entry by local residents into the national park. Such
overlap may increase the likelihood of direct encounters
between humans and large mammals, potentially result-
ing in wildlife-related injuries and subsequent retaliatory
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wildlife were frequently detected at the same camera trap
sites on the same calendar day, reflecting elevated temporal
proximity (Fig. 6). Together with the landscape-level com-
parison in Fig. 7, these findings complement the spatial co-
occurrence results and further identify the Buffer Zone as
the landscape with the greatest human—wildlife spatiotem-
poral proximity (Fig. 5c).

The selected cases in Fig. 8 provide finer-resolution evi-
dence of this proximity. In Fig. 8a, the close spatiotemporal
proximity between local residents and a tiger raises the risk
of sudden human encounters with tigers at short range, with
limited escape opportunities in dense forest terrain where
visibility and reaction time are constrained. In Fig. 8b, the
immediate temporal proximity between armed individuals
and a rhino raises serious concerns about direct human—
wildlife encounters, possibly associated with illegal hunting
activity, and further underscores the value of camera trap
monitoring for detecting and mitigating threats to wildlife.

In Fig. 8c, human intrusion from the southern boundary
into this area (Fig. 4f), which was also frequently used by
tigers (Fig. 4e), is likely to pose a substantial risk to the
safety of the intruders. In Fig. 8d, the short interval between
the person collecting vegetation and the rhino illustrates
the potential for close human—wildlife encounters in areas
where livelihood activities overlap with wildlife presence.
These findings help explain patterns of human—wildlife
encounters and may support mitigation strategies aimed
at reducing wildlife-related fatalities and injuries in CNP.
According to the CNP information office, 11 people were
killed during fiscal year 2024-2025 (July 16, 2024—July 15,
2025), including 8 by rhinos and 1 by a tiger. In addition,
41 individuals were injured in wildlife attacks, of whom 32
sustained serious injuries and nine suffered minor injuries
(TRN Online, 2025).

Limitations and future research

RAI was used to standardize detections by operational cam-
era trap effort and compare relative wildlife and human
activity among camera trap sites. Because RAI represents
relative detection frequency rather than population abun-
dance, density, or occupancy, the resulting RAI-weighted
KDE surfaces should be interpreted as patterns of relative
detection intensity and spatial co-occurrence rather than true
species distributions or probabilities of direct interaction.
Nevertheless, this approach was appropriate for the objec-
tive of the present study, which was to characterize broad
patterns of wildlife and human activity across the moni-
tored landscape zones and identify areas of elevated spatial
co-occurrence. The camera traps were deployed using an
approximately 1.5-km grid, although some locations were
adjusted to nearby animal trails. Accordingly, the resulting
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patterns characterize relative wildlife and human activity
around the monitored camera trap sites rather than provid-
ing unbiased estimates for unsampled portions of the land-
scape. The automated deep-learning model also produced
occasional incorrect and missed detections under challeng-
ing conditions, particularly for partially visible targets and
animals located near image boundaries (Fig. 30—p).

Future research could focus on the Buffer Zone, where
the highest human—wildlife spatiotemporal proximity was
identified, and examine monthly changes using the existing
camera trap records. Monthly RAI-weighted KDE surfaces
could be generated for human activity and dangerous-
wildlife activity to identify seasonal shifts in spatial co-
occurrence. With additional data, the training dataset could
be expanded to include more challenging examples, and
the model could be further trained to improve its perfor-
mance. Targeted manual verification could also be applied
to detections used in fine-scale case analyses or manage-
ment decision-making.

Conclusion

This study demonstrates that deep learning—based object
detection can effectively support the ecological interpretation
of wildlife-human spatiotemporal patterns from camera trap
imagery. Among the evaluated models, YOLOv11s achieved
the best overall performance and produced reliable detection
results for the subsequent spatial and temporal analyses.

Further spatiotemporal analysis of the detection outputs
revealed clear patterns of human-wildlife co-occurrence
across the study area. Humans and dangerous wildlife were
frequently detected at the same camera trap sites, with co-
occurrence highest in the Buffer Zone, followed by the Cor-
ridor Forest and then Chitwan National Park, whereas no
co-occurrence was observed in the Community Forest. The
temporal analysis further showed that human-rhino pairs
generally occurred within shorter and more tightly clus-
tered temporal lags than human-tiger pairs. Examination
of selected original camera trap records allowed these daily
temporal patterns to be evaluated at finer temporal resolution.

Overall, the findings indicate that automated camera trap
detection can contribute not only to efficient wildlife moni-
toring but also to landscape-scale ecological assessment by
providing spatially and temporally explicit evidence of spe-
cies occurrence, spatial co-occurrence, and temporal prox-
imity. In the context of the Chitwan study area, the trained
model can be directly deployed for operational automated
analysis of subsequent camera trap imagery through batch
inference pipelines.

The dataset will be made available publicly to support
related research on wildlife monitoring and human—wildlife
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interaction analysis. By covering diverse landscape contexts,
including national park, Buffer Zone, Corridor Forest, and
Community Forest, together with both daytime and night-
time camera trap imagery, it provides a valuable benchmark
for developing and evaluating automated detection methods
under varied environmental conditions. The trained model
will also be released and can be directly applied in other
areas where the target species are similar. If new target
species are introduced, the model can also be efficiently
adapted through fine-tuning using a small locally annotated
dataset with the same data structure. The proposed frame-
work therefore offers practical value for conservation plan-
ning by helping identify areas where management attention
and mitigation efforts may be most needed.

SupplementaryInformation The online version contains supplementary
material available at https://doi.org/10.1007/s10344-026-02156-x.
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