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Abstract—Camera trap monitoring systems handle millions of video frames daily. However, traditional object detectors analyze each 

frame independently and cannot distinguish whether an elephant near a farm boundary is casually wandering or deliberately testing fence 
integrity. This inability to understand behavioral intent through temporal motion patterns limits deployment of automated early warning 
systems in human-wildlife conflict zones. We introduce an integrated framework combining YOLOv8 detection with a two-layer LSTM 
classifier to recognize five ethologically meaningful behavior categories from 1.6 second video windows. The system tracks animals across 
frames using intersection-over-union matching, constructs 137 dimensional feature vectors fusing bounding box kinematics with 
appearance embeddings from the detector backbone. Evaluation on 8,500 annotated sequences spanning twelve wildlife species achieves 
94.2% behavior classification accuracy and 95.8% detection mAP at IoU 0.5. This represents a 7.6 percentage point improvement over 
frame-wise convolutional baselines and an 11% reduction in false boundary-approach alerts. Real-time operation at 28 frames per second 
on NVIDIA Jetson Orin edge hardware demonstrates feasibility for autonomous monitoring stations in remote forest environments with 
constrained power and connectivity. 
Keywords—wildlife monitoring, behavior recognition, YOLOv8, LSTM, temporal modeling, camera trap analysis, human-wildlife 
conflict, edge computing 

I. INTRODUCTION 

A. Motivation: The Limitations of Frame-Based Detection 

The encroachment of agricultural land into habitats of wild 

animals raises the possibility of human interactions with large 

animals, resulting in economic losses estimated at 500 million 

The encroachment of agricultural land into habitats of wild 

animals raises the possibility of human interactions with large 

animals, resulting in economic losses estimated at 500 million 

USD every year in Sub-Saharan Africa alone. Camera traps are 

used to track the boundaries of forests and agricultural land on 

a large scale, producing millions of images every day, but the 

analysis of these images is still a challenge. The forest 

management often analyzes the images only after the 

occurrence of crop raids or the killing of livestock. 

Recently,object detection models such as YOLOv5 and 

YOLOv8 have shown a great improvement in animal 

localization, achieving detection accuracies of over 95% on 

camera trap benchmarks. They can easily identify an elephant 

in the vicinity of a farm boundary with high accuracy but cannot 

determine whether it is a casual encounter or a deliberate 

boundary test. This is a direct indicator of conservation actions. 

The models are designed to analyze images frame by frame and 

therefore are not capable of analyzing motion patterns over 

time. This makes it difficult to understand the problem in a 

comprehensive manner. 

To analyze animal behavior from video images, it is necessary 

to analyze the trajectories of motion, the direction of motion, and 

the patterns of these motions over several seconds. Recurrent 

neural networks, specifically LSTM net- works, have been 

shown to be effective in a wide range of applications, including 

video action recognition and animal sound classification. 

However, models trained on domestic farm animals are not 

easily transferable to wild animals, which have unpredictable 

motion patterns, high occlusion rates, and highly variable 

lighting conditions.USD every year in Sub- Saharan 

Africa alone. Camera traps are used to track the boundaries of 

forests and agricultural land on a large scale, producing millions 

of images every day, but the analysis of these images is still a 

challenge. The forest management often analyzes the images 

only after the occurrence of crop raids or the killing of livestock. 

Recently, object detection models such as YOLOv5 and 

YOLOv8 have shown a great improvement in animal 

localization, achieving detection accuracies of over 95% on 

camera trap benchmarks. However, these frame-based models 

are not capable of animal behavior analysis. They can easily 

identify an elephant in the vicinity of a farm boundary with high 

accuracy but cannot determine whether it is a casual encounter or 

a deliberate boundary test. This is a direct indicator of 

conservation actions. 

In addition, an intelligent monitoring system that constantly 

analyzes video feeds from camera traps can greatly enhance the 

situational awareness of the forest department by providing 

structured and meaningful data about animal activities in a real- 

time manner. Rather than just conducting a post-event analysis 

of the images, the conservation team can be alerted whenever the 

animals display behavioral patterns that have, in the past, 

preceded damage to crops or human-wildlife conflict. Through 

learning the motion trajectories, speed variations, and interaction 

patterns of multiple animals over time, the system can pick up 

on subtle behavioral patterns that are not immediately apparent 

from single images alone. This behavior- level understanding 

enables better planning of patrol routes, more effective 

deployment of deterrent strategies, and more efficient use of 

limited monitoring resources, ultimately enabling proactive 

wildlife management and long-term coexistence between 

agricultural communities and the surrounding forest ecosystems. 
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B. Contributions and Novelty 

This work improves on existing CNN-LSTM systems in three 

substantive ways. First, it addresses multi-class etho- logically 

grounded behavior recognition (transit, foraging, boundary- 

approach, loitering, group-aggregation) rather than binary threat 

detection, enabling more nuanced conservation responses. 

Second, it fuses motion features (velocity, heading, trajectory) 

with appearance embeddings, whereas most prior work relies 

solely on visual features. Ablation experiments demonstrate this 

fusion provides 5.8 percentage points higher accuracy than 

appearance alone. Third, it validates real-time operation on edge 

hardware (NVIDIA Jetson Orin at 28 fps) representative of 

remote deployments, whereas most published systems report 

only GPU performance. 
The paper makes five specific contributions: 

1) Kinematic-Visual Feature Fusion: We construct 137 

dimensional sequence representations combining motion 

dynamics (normalized position, velocity, heading angle) 

with 128 dimensional appearance embeddings from the 

YOLOv8 detector backbone, capturing both what an 

animal looks like and how it moves. 

2) Behavior-Aware Early Warning: The system classifies 

five behavior types aligned with conservation practice 

and sends automated SMS alerts for high-risk events 

(boundary-approach, group-aggregation) at 89.7% pre- 

cision, reducing false alarms by 11.4 percentage points 

compared to frame-wise baselines. 

3) Edge-Deployable Architecture: End-to-end latency of 

66 milliseconds on Jetson Orin (15.2 fps throughput) 

maintains 1.52 times real-time factor at 10 fps input rate, 

enabling deterministic operation without learned re- 

identification. 

4) Empirical Validation: Analysis of 8,500 dual-annotated 

sequences from twelve species (Cohen’s kappa 0.82) 

reveals 94.2% behavior accuracy. Without fine-tuning, 

cross-dataset testing on iWildCam shows an accuracy of 

87.3%; with 50 labeled sequences, this improves to 

91.5%. 

5) Reproducible Dataset: Dataset: 18 months of field 

recordings from Western Ghats protected reserves, along 

with spatial bounding boxes and temporal behavior 

labels, are combined with public camera trap data to 

create a multi-source corpus. 

The review of current detection and temporal modeling tech- 

niques, an explanation of the five-stage processing pipeline, and 

specifics of the experimental setup and dataset compilation are 

the next sections of the paper. Results on behavior classifi- 

cation performance, deployment validation on edge hardware, 

and detection accuracy are presented at the end. 

II. RELATED WORK 

A. Spatial Detection Architecture for Wildlife 

Object detection has progressed from two-stage 

frameworks such as Faster R-CNN [9], which provide strong 

localization accuracy but require relatively long inference 

times of approximately 400–500 ms, to modern single-stage 

detectors that jointly estimate 

 

object classes and bounding boxes within a single forward pass 

[10]. Among these, YOLOv5 and YOLOv8 are widely adopted 

for camera-trap based wildlife monitoring because of their 

anchor-free formulation, decoupled classification and 

regression heads, and stable detection performance across 

animals of different sizes [1], [3]. 

Recent developments in detector design include the use of 

attention-driven components (e.g., C2PSA modules) to improve 

recognition of small or partially occluded animals in cluttered 

forest environments [11], multi-scale feature aggregation 

through spatial pyramid pooling fast (SPPF) layers to better 

accommodate large variations in animal size [12], and cascaded 

refinement strategies that have reported up to 97% accuracy on 

public animal detection benchmarks such as Kaggle datasets 

[1]. In addition, transfer learning from large- scale datasets such 

as COCO or ImageNet consistently yields performance gains of 

approximately 8–12% compared with training from scratch 

when only limited camera-trap data are available [13]. 

Although these spatial detectors are highly effective for 

localizing animals, they operate on individual frames and 

therefore provide only instantaneous observations. A high- 

confidence detection of an elephant, for example, confirms its 

presence in the scene but does not reveal its ongoing activity. 

Distinguishing between behaviors such as calm foraging and 

directed movement toward a sensitive boundary is beyond the 

capability of purely frame-based models, which motivates the 

integration of temporal modeling for behavior understanding. 

B. Temporal Modeling in Ecological Monitoring 

Temporal context extraction has been found to be useful 

across several ecological applications [5], [17], [18]. 

Madhusudhana et al. [5] applied a CNN–LSTM approach for 

fin-whale bioacoustic classification and reported an 18% gain 

in F1-score, which was attributed to the LSTM’s capability to 

capture call duration and frequency modulation. VGG-19 

combined with a bidirectional LSTM has been investigated for 

wild-animal movement detection with SMS alert generation [8], 

[21], although these systems mainly focus on binary threat 

versus non-threat classification rather than more detailed 

behavior categories. 

In controlled agricultural environments, CNN–LSTM hybrid 

models classify livestock behaviors such as feeding, walking, 

and resting with accuracies between 90 and 93% [7], [14]. 

However, farm animals are likely to display predictable motion 

in enclosed spaces. On the other hand, wild animals display 

irregular motion over complex environments, which may 

include conditions of occlusion and illumination changes. 

Kabra et al. [18] employed spatiotemporal representations with 

a focus on temporal aspects to analyze the grooming behavior 

of flies, thereby establishing the significance of temporal 

information in behavior analysis. Otsuka et al. [17] investigated 

the application of LSTMs for classifying wild animal behavior 

based on accelerometer signals, while reporting encouraging 

outcomes with some difficulties in the application of unlabeled 

data and temporal resolution. 
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Input Acquisition Layer 
IR/RGB camera traps 

30 fps video → 10 fps sampling 

Preprocessing 

 

Optional: Gaussian(σ = 1.0) 

Spatial Detection (YOLOv8s) 

Multi-Object Tracking (IoU-Based) 
IoU(bt, bt−1) ≥ 0.40 

Sequence Encoding 

 

Temporal window: 16 frames 

Temporal Behavior Inference 

Two-layer LSTM (64 hidden units) 

F ∈ R16×137 → yˆ ∈ R5 

Alert Generation Layer 

If yˆ∈ {BA, GA} & conf ≥ 0.70 → SMS/IoT alert 

C. Multi-Object Tracking for Sequence Construction 

Behavior classification at the sequence leveldepends on the 

stable detection of objects in each frame. Basic IoU trackers [15] 

create new tracks for unmatched detections, delete tracks after a 

few consecutive missed detections, and link detections to 

existing tracks if the IoU of the bounding box overlap is above a 

certain threshold (usually between 0.3 and 0.4).DeepSORT and 

Kalman filter-based trackers improve stability by using 

appearance embeddings and motion prediction [16], [17], but 

they also increase computational complexity, which can be 

problematic for devices operating in resource-poor settings in 

remote areas. Camera trap research has also used tracking to 

create detection events, which are defined as image sequences 

with fixed temporal thresholds separating them, to estimate 

group size and lingering duration [22], [24]. Burton et al. [22] 

defined behavior based on the number of photos taken per 

detection event and found that prey species were more active and 

less likely to linger in high-risk areas. These results illustrate that 

basic behavioral indicators based on camera trap data can be 

useful for ecological research when considered in a temporal 

framework. 
D. Hybrid Spatial-Temporal Architectures 

Research integrating CNNs for spatial feature extraction with 

recurrent models for temporal reasoning has set a strong 

precedent in a variety of fields. CNN-LSTM architectures for 

electrical load forecasting utilize CNNs for spatial feature 

extraction and LSTMs for temporal reasoning, demonstrating 

greater accuracy than either method alone [18]. CNN-BiLSTM 

architectures for equestrian video analysis, as proposed by 

Verma et al. [19], demonstrated 93.2% accuracy on 15 categories 

of behavior, with the bidirectional LSTM outperforming the 

CNN-only architecture by 4.5 percentage points. Vision 

Transformers with LSTM have also been investigated for music 

composition analysis tasks [20], demonstrating the efficacy of 

decoupling dimensionality reduction from sequence modeling. 

While these studies validate the conceptual benefit of 

decoupling spatial and temporal reasoning, the specific task of 

wildlife monitoring is fraught with its own set of challenges, 

including uncontrolled environmental variability (low light, 

vegetation obstruction, and motion blur), multi-species 

classification, irregular and non-periodic movement patterns, 

and extreme class imbalance. Camera trap surveys are inherently 

designed to collect behavioral “bycatch,” where animal behavior 

is recorded contemporaneously with species classification, 

though this data is currently under-exploited for automated 

behavioral inference [22], [24], [25]. 

E. Research Gap and Positioning 

The existing systems show three important limitations that this 

work aims to overcome. First, spatial detection without temporal 

reasoning: frame-wise classifiers are able to detect animals in 

space but are unable to reason about the behavioral state from 

the patterns of motion [1], [3], [4]. Second, temporal modeling 

is largely limited to binary settings: prior CNN–LSTM 

approaches focus on binary threat classification or restricted 

behavior sets within controlled environments [8], [21]. Third, 

incomplete system integration: only a limited number of studies 

report end-to-end pipelines that mostly combine detection, 

tracking, and behavior classification with validation on edge 

deployment platforms [17], [26]. 

The proposed framework integrates spatial detection with 

temporal sequence modeling within a unified pipeline, 

introduces a multi-class ethologically grounded behavior 

taxonomy aligned with conservation practice, and demonstrates 

real-time inference on edge hardware representative of remote 

wildlife monitoring deployments. 

III. PROPOSED METHODOLOGY 

A. System Architecture Overview 

The proposed system is organized as a pipeline consisting of 

five successive processing stages. First, a preprocessing 

module is applied to improve visual quality and standardize 

the input data. Next, spatial object detection is performed 

using YOLOv8s to identify animal species and localize them 

through bounding boxes. 

 

 

 

 
Fig. 1: Hybrid YOLOv8–LSTM wildlife monitoring pipeline 

showing seven sequential processing stages from input acquisition 

to alert generation. 
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In the third stage, an IoU-based multi-object tracking strategy 

associates detections across frames to form consistent motion 

trajectories. These trajectories are then transformed into spatio- 

temporal feature sequences by incorporating motion-related 

features and appearance features. Finally, a two-layer LSTM 

network is used to capture temporal relationships and map each 

sequence to a corresponding class of behavior. This modular 

design allows each module to be optimized separately and also 

allows for the smooth incorporation of better detection or 

classification modules in future work, as shown in Figure 1. 

B.Preprocessing Pipeline 

All video inputs undergo a preprocessing pipeline to enhance 

the detection accuracy under the difficult conditions normally 

observed in camera-trap videos. The video inputs are sampled 

at a rate of 10 frames per second. This was chosen as a trade-off 

between the temporal resolution and processing complexity. 

Higher frame rates (for example, 30 fps) could potentially 

capture more detailed motion dynamics. However, they would 

result in a significantly higher processing complexity and 

redundant frames, since large mammals move slowly compared 

to the sampling rate of camera traps. On the other hand, lower 

frame rates (for example, 5 fps) may not be sufficient to capture 

short and subtle behavioral transitions. However, field 

experiments have shown that a frame rate of 10 fps is sufficient 

to capture the relevant kinematic patterns while keeping the data 

volume under control. 

All the extracted frames are resized to 640 × 640 pixels, 

which is the standard input size for YOLOv8.To enhance visual 

quality in low-illumination forest environments and nighttime 

infrared recordings, adaptive histogram equalization (AHE) is 

applied [21]. preprocessing step increased the detection mean 

average precision by 2.7 percentage points in our experiments, 

with particularly noticeable improvements for nocturnal 

species. In addition, an optional Gaussian smoothing filter with 

σ = 1.0 is applied to suppress sensor noise in thermal imagery; 

for high-quality RGB videos this step is omitted to avoid 

unnecessary fine loss of fine image details. Finally, pixel 

intensities are normalized to the [0, 1] interval, and channel-wise 

standardization using ImageNet statistics is performed to better 

align the input distribution with the pretrained YOLOv8 network 

weights. 

B. Spatial Detection Module 

YOLOv8s is adopted as the main object detection network in 

the proposed framework. The small variant is chosen in preference 

to the larger YOLOv8m and YOLOv8l models in order to achieve 

a favorable trade-off between detection accuracy and inference 

latency, which is essential for deployment in resource-constrained 

and edge-based environments. The detector architecture is 

composed of three major parts: a CSP Darknet backbone 

incorporating C2f residual blocks to promote stable gradient 

propagation and efficient feature extraction; a neck formed by a 

Path Aggregation Network (PAN) combined with a Feature 

Pyramid Network (FPN) and a Spatial Pyramid Pooling Fast 

(SPPF) module for aggregating multi-scale features and 

expanding the receptive field; and a decoupled detection head with 

separate branches for category classification and bounding box 

regression, optimized with binary cross entropy loss and Complete 

IoU loss, respectively. 

The detector is then fine-tuned on the wildlife dataset with the 

AdamW optimizer and a weight decay of λ = 0.0005, with an 

initial learning rate of 0.001, employing cosine annealing over 100 

training epochs. A batch size of 16 is used, and early stopping is 

performed on the validation mAP with a patience of 15 epochs. 

The training procedure also includes data augmentation 

techniques such as random horizontal and vertical flipping (each 

with a probability of 0.5), mosaic augmentation, which combines 

four training images, color jittering, and random erasing with a 

probability of 0.1 to simulate partial occlusions. During 

evaluation, the detections are filtered based on a confidence 

threshold of 0.45, and redundant detections are eliminated via 

Non-Maximum Suppression with an IoU threshold of 0.6. These 

operating thresholds were chosen based on the validation set to 

achieve a good balance between precision and recall, where lower 

confidence thresholds led to higher recall but also resulted in more 

false positives, and higher thresholds improved precision but 

reduced sensitivity, especially for small or partially occluded 

wildlife. 

C. Multi-Object Tracking 

A light-weight IoU-based association method is employed to 

associate object detections in consecutive frames. At each time 

instance t, each new detection d is matched against the existing 

active tracks T by computing the IoU between the detection 

bounding box and the predicted location of each track, calculated 

based on the most recent location of the track. If the maximum 

IoU value exceeds a certain threshold of θ_{iou} = 0.4, the 

detection is associated with the track; otherwise, a new track is 

formed. Tracks are terminated if no corresponding detection is 

observed for five consecutive frames, which enables the tracker 

to tolerate short-term occlusions while avoiding the persistence of 

false or inactive tracks. 

This IoU-based tracker is preferred over a more complex 

DeepSORT tracker [16] for three reasons. First, the 

computational cost is negligible: the IoU-based matching process 

incurs less than 5 ms latency per frame on our system, whereas 

the appearance-based re-identification network in DeepSORT 

incurs 15-20 ms latency. 

Second, the tracking accuracy is adequate for the application at 

hand, since large animals tend to move with limited inter-frame 

displacement, making location-based association feasible. Third, 

the proposed tracker is completely deterministic and does not 

depend on any learned parameters, thus avoiding the need for 

hyperparameter learning and the possible overfitting issue that 

comes with appearance models. 

In the field tests, the identity swaps were mostly noticed in 

heavy occlusion situations, such as when the animals passed 

behind thick vegetation, and this happened in less than 8% of the 

tested sequences, without affecting the performance of the 

behavior classification. 

Moreover, most of the remaining tracking errors were transient 

and automatically corrected in the following frames as the animal 

reappeared in the scene. This shows that the LSTM-based 

temporal model is robust to small tracking errors and able to 

maintain stable predictions of the behavior even when there are 

occasional detection or association errors. 
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E. Sequence Encoding 

For every active trajectory, a sliding temporal window of 

length T = 16 frames is maintained. This window size was 

selected empirically. At a sampling rate of 10 fps, a 16- frame 

segment corresponds to approximately 1.6 seconds, which is 

sufficient to capture short-term motion characteristics such as 

acceleration toward a boundary or repeated back-and-forth 

movements, while remaining short enough to avoid blending 

multiple, distinct behavioral patterns within a single sequence. 

Longer temporal windows (32 frames) were found to 

occasionally span transitions between different behaviors, 

which degraded classification performance, whereas shorter 

windows (8 frames) provided insufficient temporal context. 

 

At each time step t along a track, a 137-dimensional feature 

vector (f_t) is constructed as follows: 

ft = [xˆ t , yˆt,wˆt , hˆt, vx,vy,θ,ct,et] (1) where 

( xˆ t , yˆt, wˆ t , hˆ t ) are normalized bounding box 

center coordinates and dimensions (normalized by image 
width and height ensuring scale invariance), 

vx = xˆ t — xˆ t − 1 and vy = yˆt − yˆt − 1 are velocity 

components computed as frame-to- frame displacements, θ 
= arctan 2(vy, vx) is heading angle in radians capturing 
directional intent, ct is detection confidence score from 

YOLOv8, and et ∈ R128 is appearance embedding extracted 

from YOLOv8 neck layer prior to detection head. 
The effectiveness of this feature formulation is validated 

through ablation studies. The normalized spatial location 

and object size describe the position of the animal within the 

scene and its apparent scale, which can be associated with 

behavioral context, such as whether the animal is close to 

monitored boundaries or deeper inside the forest. The 

velocity and direction components correspond to dynamics 

of motion, where a stable velocity and direction generally 

correspond to transit patterns, while unstable patterns of 

motion or close to zero velocity are more typical of foraging 

or loitering patterns. The confidence measure is a crude 

estimate of the reliability of detection, allowing the LSTM 

to weight less the uncertain observations. The appearance 

embedding preserves the visual information that 

complements the kinematic data, such as posture variations 

(e.g., head-down posture during feeding) and signs of group 

presence. As demonstrated in Section V-D, the joint use of 

kinematic and appearance features consistently outperforms 

representations based solely on motion cues or visual 

features. 

F. LSTM-Based Temporal Behavior Classification 

A two-layer LSTM architecture was selected in place of 

a single-layer variant because ablation results reported in 

Section V-D indicated that the additional recurrent layer 

increased classification accuracy by approximately two 

percentage points. This improvement is attributed to the 

model’s ability to learn hierarchical temporal representations, 

in which the first layer focuses on short-term kinematic 

variations such as rapid changes in velocity, while the second 

layer aggregates these patterns to form high-level behavioral 

states. We also conducted preliminary experiments with 

bidirectional LSTM networks that process sequences in both 

forward and backward directions. Although this configuration 

produced a small performance improvement of 0.4 percentage 

points, it nearly doubled the inference time. Given the requirement 

for real-time operation, the unidirectional LSTM architecture was 

therefore adopted in the final system. 

The LSTM output maps to five behavior categories defined in 

consultation with forest officials to align with operational priorities: 

1) Transit (TR): The animal moves across the field of view with 

relatively stable speed and direction; this behavior is generally 

considered low risk. 

2) Foraging (FG): The animal displays stationary or slow movement 

along with repeated vertical head movement (usually with the head 

lowered to the ground); this display is also classified under low risk. 

3)Boundary-Approach (BA): The animal displays directed 

movement towards a predefined sensitive area, such as a farm 

boundary or a nearby human settlement, and this is classified as high 

risk and used to trigger an alert. 

4) Loitering (LT): The animal makes repeated back-and-forth 

movements in a limited space without any obvious directional 

objective; this is a medium risk level and may be indicative of 

exploratory or disoriented behavior. 

5) Group-Aggregation (GA): Several animals are moving 

towards the same region or traveling together in close proximity; 

this is regarded as high-risk behavior due to the possibility of joint 

disturbance and escalated conflict situations. 

The confidence threshold of 0.7 was determined through a 

precision–recall trade-off analysis conducted on the 

validation set. Lower thresholds (for example, 0.5) resulted 

in an excessive number of false alerts, whereas higher 

thresholds (such as 0.85) caused several genuine threat events 

to be missed. Based on manual inspection of the validation 

outputs, approximately 15% of the high-confidence 

boundary-approach predictions were identified as false 

alarms. This rate was considered acceptable by domain 

stakeholders, given the higher operational cost associated 

with failing to detect real threat situations (Figure 2). 
G. Implementation Algorithm 
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Given an input video stream, each frame is first preprocessed 

through contrast enhancement, resizing and normalization to 

improve robustness under challenging environmental conditions. 

Animals present in the scene are then detected using the YOLOv8 

detector. The resulting detections are associated across 

consecutive frames using an intersection-over-union based 

matching strategy in order to form continuous object tracks. 

 

For every active track, once a minimum temporal history of 16 

frames is available, spatio-temporal features are extracted from 

the most recent frames and provided to the LSTM classifier to 

estimate the corresponding behavior class. The system 

continuously updates these predictions for each tracked animal. 

When the predicted behavior belongs to either the boundary- 

approach or group- aggregation category and the associated 

confidence exceeds a predefined threshold, an alert is generated 

for the corresponding track. This process is repeated for all 

frames in the input video, enabling continuous behavior 

monitoring and timely alert generation during inference. 

 

IV. EXPERIMENTAL SETUP 

A. Dataset Compilation and Annotation 

We compiled a comprehensive wildlife behavior dataset using 

three different sources to ensure broad species diversity and 

adequate geographic coverage (Table I). 

 

 

The self-collected dataset was obtained from protected forest 

reserves in the Western Ghats region of India using stationary 

camera traps that operated continuously for 18 months, from 

January 2022 to June 2023. The cameras were placed along the 

boundaries of forest and agriculture areas, animal trails, and 

water sources to record a variety of species and behaviors along 

these boundaries. Each video clip with at least one animal 

detection, consisting of 16 to 32 frames at 10 fps, was considered 

as a unit for annotation. In spatial detection, the annotators 

manually placed bounding boxes around each animal and labeled 

them with corresponding species. In behavior classification, one 

of the five predefined behavior classes was annotated according 

to the observed motion patterns throughout the entire video clip. 

The inter-rater reliability was measured using Cohen’s kappa, 

with κ = 0.91 for spatial detection and κ = 0.82 for behavior 

classification. The relatively lower agreement for behavior 

labeling reflects the inherent ambiguity in short video segments, 

particularly when distinguishing boundary-approach from transit 

in cases where the camera’s field of view does not include the 

actual boundary, or when differentiating foraging from loitering 

when head posture is not clearly visible. 

 

 

Fig. 2: End-to-end inference flow showing frame-by-frame 

processing with 12 sequential steps from raw frame capture to 

alert generation and event storage. 

 

After class balancing, the final distribution comprised Transit 

32%(2,720 sequences), Foraging 28% (2,380), Boundary- 
Approach 18% (1,530), Loitering 12% (1,020), and Group- 

Aggregation 10% (850). The data is split into training (70%, 5,950 

sequences), validation (10%, 850), and test sets (20%, 1,700) 

using stratified sampling. The data consists of twelve species: 

elephant, tiger, gaur (Indian bison), sambar deer, spotted deer, 

wild boar, leopard, sloth bear, monkey (various species), 

porcupine, hare, and peafowl. The large species (elephant, tiger, 

gaur) represent 40% of the sequences, medium-sized species 

(deer, boar, leopard) represent 45%, and small species (monkey, 

porcupine, hare, birds) represent the remaining 15%. 

Start 

Acquire raw frame It 

Apply IoU-based Association 

Keep sliding window (W =16) 

Form tensor F ∈ 

R5 

If yˆ∈ {BA, GA} and conf ≥ 0.70: 

Trigger SMS_alert() 

 

Record Behavior Event 

End 
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B. Evaluation Metrics 

The performance of detection was measured by mean Average 

Precision at an IoU threshold of 0.5 (mAP@0.5), mean Average 

Precision averaged across IoU thresholds from 0.5 to 

0.95 (mAP@0.5:0.95), as well as Precision, Recall, F1-score, and 

frames per second (FPS) on the test hardware. 

 

The performance of behavior classification was measured by 

overall accuracy, which is the proportion of correctly classified 

sequences, macro-averaged Precision, Recall, and F1-score, where 

the per-class metrics are given equal weight regardless of class 

prevalence. In addition, per-class Precision and Recall were 

reported for alert-triggering behaviors (Boundary-Approach and 

Group-Aggregation) due to their operational importance. 

Confusion matrices were also analyzed to examine 

misclassification patterns, distinguishing ethologically meaningful 

confusions from systematic errors. 

 

C. Baseline Methods 

Three baseline approaches were used to benchmark the 

proposed framework: 

1) Frame-CNN (ResNet-50): A ResNet-50 convolutional 

network pretrained on ImageNet and fine-tuned for behavior 

classification operates on individual frames. For each 16- 

frame sequence, the model predicts a behavior label 

independently for every frame, and the final sequence label is 

determined using majority voting. This baseline represents 

conventional frame-wise classification without explicit 

temporal modeling. 

2) YOLO-Only: The YOLOv8s detector is used solely for 

animal  localization,  without  performing  behavior 

classification. This baseline evaluates spatial detection performance 

in isolation. 

3) VGG19 + BiLSTM: Convolutional layers of VGG- 19 are 

used to extract appearance embeddings from each frame, without 

incorporating bounding box kinematics. A two-layer bidirectional 

LSTM then processes the sequence of embeddings to predict 

behavior classes. This baseline assesses the effectiveness of 

appearance-only temporal modeling compared to the kinematic– 

appearance fusion employed in the proposed model. 

 

All baseline models were trained using the same training, 

validation, and test splits, optimizer configurations, and data 

augmentation strategies to ensure a fair comparison. 

 

D.Implementation Details 

The YOLOv8s detector was implemented using the Ultralytics 

YOLOv8 Python library, while the LSTM classifier was developed 

in PyTorch. Model training was carried out on an NVIDIA RTX 3090 

GPU with 24 GB of memory, with batch accumulation employed 

when necessary to simulate larger effective batch sizes. Inference 

performance was evaluated on two platforms: the RTX 3090 to 

establish upper-bound throughput and the NVIDIA Jetson Orin Nano 

(8 GB RAM, 64-core integrated GPU) to assess feasibility for edge 

deployment. The Jetson Orin platform represents practical hardware 

for remote monitoring stations, offering a balance between 

computational capability and power efficiency, operating at 

approximately 10–15 W under load. 

 

Model checkpoints were saved at the end of each training epoch, 

and the checkpoint achieving the highest validation F1-score for 

behavior classification or the highest mAP for detection was 
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selected for final evaluation. The total training time for the 

YOLOv8 detector was approximately 12 hours on the RTX 

3090. 

 

 
Fig.3: Five-class behavior taxonomy for temporal classification.100 

epochs, LSTM classifier approximately 8 hours for 200 epochs, both on 

RTX 3090 (Figure 3). 

 

V. RESULTS AND DISCUSSION 

A. Spatial Detection Performance 

Detection accuracy presented in Table II compares YOLOv8s 

against alternatives. YOLOv8s offers a well- balanced trade-off 

between detection accuracy and real- time performance, 

achieving 95.8% mAP@0.5 while sustaining a throughput of 38 

fps on an RTX 3090 GPU. A precision of 94% indicates a low 

false-positive rate, which is important for preventing 

unnecessary load on subsequent processing stages. The recall of 

93% implies that approximately 7% of ground- truth animal 

instances are missed by the detector. 

 
TABLE II: Detection Accuracy Comparison 

 

 

Although a cascaded YOLOv8 configuration [1] improves 

mAP by 1.2 percentage points, it reduces the inference speed 

to 24 fps, making this accuracy–speed trade-off less suitable 

for edge deployment. RetinaNet [23] performs хуже in both 

detection accuracy and processing speed. 

 

Detection performance also differed across species in a 

manner consistent with object size and visual contrast. Large 

animals such as elephant, tiger and gaur achieved mAP values 

above 96%, which can be attributed to their larger bounding 

regions and stronger contrast against forest backgrounds. 

Medium-sized species, including deer, boar and leopard, 

reached mAP scores between 94% and 95%. Smaller animals 

such as monkey, porcupine, hare and birds achieved 

comparatively lower mAP values of 90–92%, mainly due to 

partial occlusion, motion blur and limited pixel coverage. In 

addition, nocturnal species captured using infrared cameras 

showed slightly lower detection accuracy (around two 

percentage points) than daytime RGB recordings, in line with 

observations reported in earlier camera- trap studies [21], [24] 

(Table III). 

B. Sample Detection Results 

Figure 4 presents example detection and tracking outputs over 

three consecutive video frames, illustrating the real- time 

functioning of the proposed system. The YOLOv8 detector 

reliably recognizes the deer (spotted deer exhibiting foraging 

behaviour) with consistently high confidence values exceeding 

0.98 across the frames, with bounding boxes accurately 

localizing the animal despite night-time infrared imaging 

conditions and natural vegetation clutter. Figure 4 shows the 

output of YOLOv8 on the consecutive frames captured by the 

camera trap during the night using infrared imaging. The model 

is able to locate the animals accurately even in low light 

conditions, proving its robustness. The red bounding boxes 

represent the detected deer along with their species and 

confidence levels. 

 

Moreover, the fact that the detections are strongly associated 

across successive frames of the video shows the effectiveness of 

the tracking phase in ensuring a consistent identity for the 

detected animals. Even in difficult lighting and background 

scenarios, the tracking module is able to ensure the continuity of 

the detected deer, making it possible for the temporal modeling 

phase to extract correct motion patterns for behavior inference. 

This qualitative example shows the effectiveness of the proposed 

pipeline in real-world camera trap scenarios, where poor 

visibility, background clutter, and occasional occlusions are 

unavoidable. 

 
TABLE III: Per-Species Detection Performance 
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C. Behavior Classification Performance 

TABLE IV: Behavior Classification Accuracy 

 

 

 

The proposed LSTM-based model performs better than the frame- 

wise CNN baseline by a significant margin of 7.6 percentage points 

(94.2% vs. 86.6%), thereby emphasizing the need for the incorporation 

of temporal information for accurate behavior recognition from video 

streams. The weakness of spatial information alone for detection is also 

apparent from the YOLO-only baseline, which records the lowest 

accuracy of 78.4% when detection is carried out solely on the basis of 

spatial information alone. 

The VGG19+BiLSTM baseline model records an accuracy of 89.1% 

by leveraging the temporal information, but it does so while depending 

entirely on appearance-based embeddings without any bounding box 

kinematic information. In contrast, the motion-based features like 

position, velocity, and direction provide complementary and 

discriminative information, as seen from the 5.1 percentage point 

improvement gained by the proposed model over this baseline (94.2% 

vs. 89.1%). This is also expected, since behaviors like loitering, which 

are characterized by oscillating motion, and transit, which are 

characterized by uniform directional motion, are inherently defined by 

kinematic patterns and cannot be distinguished by visual appearance 

alone. 

 

 

 

Fig. 6 Recall-Confidence Curve 

 

 

 

 

 

 

 

 

 

 

 

 

Fig .7:Bounding-Box result of Zebra and Ostrich 

 

Fig .8 :Bounding-Box result of Elephant 

 

Fig .9 :Bounding-Box result of Rhinocerous 

 

 

Fig .10 :Bounding-Box result of Zebra 
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The proposed approach achieves a precision of 89.7% 

and a recall of 88.3% for boundary-approach detection, 

which is a very important behavior for efficient early 

warning. Compared to the frame-wise CNN baseline, this 

is an improvement of 11.4 percentage points in precision 

(89.7% vs. 78.3%), leading to a reduction in false alarms 

and thus ensuring that the user trusts automated warning 

systems. This means that nine out of ten automated 

boundary-approach warnings are true signs of threatening 

behavior, compared to eight out of ten for the frame-wise 

baseline (Tables V and VI).TABLE V: Per-Class 

Behavior Classification Metrics. 

D. Confusion Matrix Analysis 

The confusion matrix of the proposed approach, shown 

in Table VI, emphasizes the distinctive error distribution 

of the classifier. A corresponding graphical 

representation of the confusion matrix is shown in Figure 

5, illustrating the distribution of predicted labels into the 

five categories of behavior. 

 
TABLE VI: Confusion Matrix (%) - Proposed Method 

 
True \Pred TR FG BA LT GA 
TR 
FG 

96.2 
2.1 

1.8 
94.3 

0.5 
0.4 

1.2 
2.8 

0.3 
0.4 

BA 0.8 0.3 88.3 8.2 2.4 

LT 1.5 3.2 7.1 86.8 1.4 

GA 0.2 0.1 2.8 1.2 95.7 

 

 

Transit and group-aggregation achieve the highest class- 

wise accuracies, at 96.2% and 95.7% respectively, 

indicating that both behaviors exhibit clear and distinctive 

kinematic patterns. Transit is characterized by steady and 

directional motion whereas group aggregation is primarily 

associated with the coordinated movement of multiple 

bounding boxes. Boundary-approach attains an accuracy of 

88.3%, with its main source of confusion arising from 

loitering (8.2%). Among all categories, loitering shows the 

lowest class-wise accuracy of 86.8% and is most frequently 

misclassified as boundary-approach (7.1%) and foraging 

(3.2%). 

E. Ablation Study 

Component contributions shown in Table VII isolate 

impacts of design choices. 

TABLE VII: Component Contribution Analysis 

 

 
Variant Det mAP Beh Acc Beh F1 

Without Kinematics 95.8 88.4 0.871 

Without Appearance 95.8 89.7 0.884 

Without AHE 93.2 91.5 0.901 

Without Tracking 95.8 82.1 0.805 

BiLSTM vs LSTM 95.8 93.8 0.920 

Single LSTM Layer 95.8 92.1 0.908 

 

 
 

Fig. 5: Confusion matrix visualization 

 

Above is the behavior classification showing percentage distribution 

of predicted labels versus true labels across five behavior categories (TR: 

Transit, FG: Foraging, BA: Boundary-Approach, LT: Loitering, GA: 

Group-Aggregation). Diagonal elements represent correct clas- 

sifications with darker blue indicating higher accuracy. 

Eliminating kinematic features leads to a decrease in overall 

behavior recognition accuracy of 5.8 percentage points, dropping 

from 94.2% to 88.4%. When appearance embeddings are 

removed, the accuracy is reduced by 4.5 percentage points, 

resulting in a performance of 89.7%. Disabling adaptive 

histogram equalization during preprocessing lowers the detection 

mAP by 2.6 percentage points. Furthermore, substituting the IoU- 

based tracking mechanism with independent, per-frame LSTM 

inference causes a substantial degradation in behavior 

classification performance, reducing accuracy to 82.1%, which 

corresponds to a 12.1 percentage point decline (Table VIII). 

TABLE VIII: Temporal Window Size Impact on Performance 

 
Frames Duration (s) Accuracy F1 Memory (GB) 

8 
12 

0.8 
1.2 

89.1 
92.3 

0.876 
0.908 

2.1 
2.8 

16 1.6 94.2 0.923 3.4 

24 2.4 93.5 0.917 4.7 

32 3.2 91.8 0.902 6.2 

 

 

 

Fig .11 : Graph of Ablation Study 
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The figure above shows the ablation study that explains the 

effect of the key components on the accuracy of behavior 

classification. The complete model has the highest accuracy, 

which shows that all the components work well together. The 

absence of kinematic features causes a drop in accuracy, which 

shows that motion features are important. The absence of 

appearance features also causes a drop in accuracy but not as 

much as the absence of kinematic features. The absence of 

tracking has the biggest effect, which shows that tracking 

objects from frame to frame is important for accurate behavior 

classification. 

 

Fig .12:Behavior Classification Accuracy Comparison 

 

The above figure shows that the proposed method has the 

highest accuracy in behavior classification compared to all 

other methods. YOLO-Only performs the worst due to the 

absence of temporal modeling, while Frame-CNN improves 

performance but remains limited by frame-wise analysis. The 

VGG19 + BiLSTM model benefits from temporal information, 

and the proposed approach further improves accuracy by 

effectively combining spatial features with temporal dynamics. 

 

 

F. Real-Time Deployment Performance 

Inference latency measured component-by component on 

Jetson Orin Nano (Table IX). 

TABLE IX: Component Latency Breakdown on Edge Device 

 
Component Latency (ms) Proportion 

Preprocessing 

YOLOv8Detection 
IoU Tracking 
LSTM Inference 
Post-Processing 

8.2 
32.5 

4.8 

18.3 

2.1 

11.3% 
44.7% 

6.6% 

25.2% 

2.9% 

TotalPerFrame 
Throughput 

65.9 
15.2 fps 

100% 

 

Total end-to-end latency approximately 66 milliseconds, 

yielding throughput 15.2 fps. Since input video processed at 

10 fps, system maintains 1.52× real-time factor (Tables X 

and XI). 

TABLE X: Performance Comparison: GPU vs Edge Device 
 

G. Cross-Dataset Generalization 

External validation on iWildCam dataset (Table XI). 

TABLE XI: Cross-Dataset Generalization Performance 

Test Configuration Accuracy Macro F1 BA F1 
Internal Test Set 
External (zero-shot) 

94.2 
87.3 

0.923 
0.861 

0.887 
0.802 

External + 10 samples FT 89.1 0.881 0.835 

External + 50 samples FT 91.5 0.904 0.868 

External + 200 samples FT 93.2 0.918 0.883 

 

Performance degrades by approximately 7 percentage 

points on external iWildCam data (87.3% versus 94.2%). 

Fine-tuning with 50 samples improves to 91.5% (Table XII). 

TABLE XII: Comparison with State-of-the-Art Systems 

 
System Dataset Det 

mAP 
Beh 
Acc 

Deploy 

Cascaded YOLOv8 [1] 
YOLOv11 [2] 

Kaggle 
Custom 

97.0 
97.4 

N/A 
N/A 

GPU 
GPU 

CNN+BiGRU [19] iWildCam 94.8 N/A GPU 

VGG19+BiLSTM [8] Whale N/A 89.1 GPU 

Ours Custom 95.8 94.2 Edge 

 

 

 

VI. CONCLUSION 

We presented a spatio-temporal wildlife monitoring 

framework that combines YOLOv8-based spatial detection with 

LSTM-based sequence classification to enable behavior- aware 

analysis of camera trap videos. By jointly exploiting bounding 

box motion information and visual appearance cues, the 

proposed system processes fixed-length video segments through 

a recurrent network to recognize five distinct animal behavior 

categories, achieving an overall accuracy of 94.2%, which 

corresponds to a 7.6 percentage point improvement over frame- 

wise convolutional baselines. 

The method was evaluated on more than 8,500 annotated 

video sequences covering twelve animal species, demonstrating 

robust generalization across a wide range of body sizes and 

habitat conditions. It is a real-time system running at 28 frames 

per second on edge hardware like the NVIDIA Jetson Orin, 

making it ready for use in autonomous monitoring stations in 

remote forest areas. The primary drawbacks of the existing 

system are its decreased performance on night infrared videos 

with a loss of 2-3.4%, failure in tracking due to occlusions in less 

than 8% of the test sequences, and a 6.9 percentage point 

decrease in accuracy on external test data. Future research will 

be conducted in the areas of domain adaptation, explainability, 

transformer-based temporal modeling, and audio-visual fusion. 
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