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Highlights

What are the main findings?

e A context-aware UAV framework that dynamically selects detection and tracking
algorithms based on terrain type and mission requirements significantly improves
tracking robustness.

e  The proposed system achieves ~85% mAP50 while reducing computational overhead
through lightweight terrain analysis and adaptive algorithm selection.

What are the implications of the main findings?

e  Incorporating environmental awareness into UAV vision systems enhances autonomy
and enables more efficient use of limited onboard resources in dynamic scenarios.

e  The adaptive detection—tracking strategy with feedback mechanisms provides a scal-
able foundation for real-time, reliable UAV operations in complex environments.

Abstract

Unmanned Aerial Vehicles (UAVs) have become critical platforms for missions such as
surveillance, reconnaissance, and target tracking, which require real-time decision-making,
reliable sensing, and efficient resource utilization. However, limited onboard computing
capacity, energy constraints, variable terrain conditions, and situations where targets are
partially or fully obscured limit the performance of traditional fixed-configuration sens-
ing and tracking approaches. In this study, we propose a context-aware and adaptive
UAV-based target detection and tracking framework that dynamically selects the most ap-
propriate detection and tracking algorithm by jointly evaluating terrain characteristics and
mission requirements. The proposed system includes a three-stage terrain analysis module
supported by HSV color space filtering, Canny edge detection, Laplacian texture variance,
and contrast-based features. In cases where color-based classification is insufficient, Ran-
dom Forest-based classification is used to distinguish between vegetation, bare ground,
and urban areas; the terrain classification model achieves approximately 90% accuracy
during the training and testing process. In the target detection phase, a YOLOv11-based
model was trained on a specialized tank dataset created from various sources and labeled
in YOLO format, achieving an mAP50 performance of approximately 85%. In the tracking
phase, single-object and multi-object tracking algorithms are selected via a scoring-based
decision mechanism depending on the terrain type and mission scenario. Additionally,
a hybrid anomaly detection mechanism that evaluates target loss, sudden bounding box
changes, and view inconsistencies was integrated into the system, thereby enhancing track-
ing reliability and enabling the re-detection or algorithm switching process when necessary.
Experimental results demonstrate that the proposed context-aware approach can reduce

Drones 2026, 10, 521

https:/ /doi.org/10.3390/drones10070521


https://crossmark.crossref.org/dialog?doi=10.3390/drones10070521&domain=pdf&date_stamp=2026-07-08
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/drones
https://www.mdpi.com
https://orcid.org/0000-0001-9505-181X
https://doi.org/10.3390/drones10070521

Drones 2026, 10, 521

20f21

computational load while maintaining tracking robustness under various environmental
conditions. These findings highlight that environmental awareness and adaptive algo-
rithm selection can make significant contributions to autonomy, operational efficiency, and
real-time reliability in UAV-based imaging systems.

Keywords: unmanned aerial vehicles; deep learning; image processing; YOLOv11
algorithm; object detection; object tracking; OpenCV

1. Introduction

Unmanned Aerial Vehicles (UAVs) have become indispensable platforms in a wide
range of applications, including environmental monitoring, disaster response, surveillance,
and reconnaissance. Their ability to acquire high-resolution data and operate autonomously
in dynamic environments has significantly expanded their role in both civilian and defense-
related domains. In such applications, reliable object detection and tracking are essential
for enabling situational awareness, real-time decision-making, and mission success [1].

However, deploying robust computer vision algorithms on UAV platforms remains a
challenging problem. UAVs are inherently constrained by limited onboard computational
resources, energy capacity, and payload restrictions. In addition, maintaining continuous
communication with a ground control station introduces security vulnerabilities and opera-
tional risks. Previous studies have shown that radio frequency (RF)-based communication
can be exploited for UAV detection and identification with high accuracy, raising concerns
regarding operational security [2,3]. Furthermore, cyberattacks and hijacking attempts
targeting UAV control systems may disrupt mission execution, highlighting the importance
of onboard autonomy [4-7]. These challenges emphasize the need for vision-based systems
that can operate independently of external communication links. However, the issue of
energy consumption comes into play here as well.

The massive energy consumption and rising costs associated with information and
communication technology (ICT) services have garnered significant attention in both the
academic community and industry [8-10]. Minimizing energy consumption for the efficient
management of existing resources is among today’s most critical objectives. In this context,
designing sustainable artificial intelligence applications has become one of the fundamental
technical challenges facing modern engineering [11].

Recent advancements in deep learning and hardware acceleration have made it pos-
sible to deploy convolutional neural networks (CNNs), which are fundamental deep
learning architectures widely adopted in computer vision applications, within resource-
aware and sustainable artificial intelligence systems—on embedded platforms, thereby
enabling real-time object detection for UAV applications [12]. In particular, the YOLO (You
Only Look Once) family of algorithms has gained significant attention due to its favorable
trade-off between accuracy and computational efficiency [13]. Hybrid approaches, such
as the YOLOFlow framework proposed by Ajmera and Singh [14], combine detection
with motion estimation techniques to improve tracking performance. In parallel, research
on resource-aware systems has focused on optimizing computational efficiency through
model-level improvements and system-level adaptations [15-19]. For example, lightweight
architectures and transformer-based models aim to reduce computational complexity while
maintaining acceptable detection accuracy. Despite these advancements, most existing
UAV-based detection and tracking systems rely on fixed algorithmic configurations that do
not adapt to environmental conditions. In real-world scenarios, however, visual charac-
teristics such as terrain type, texture complexity, and occlusion patterns vary significantly
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and directly influence the performance of detection and tracking algorithms. Systems
that ignore such contextual information may suffer from inefficient resource utilization or
degraded tracking accuracy, especially in complex environments such as urban areas or
densely vegetated regions.

To address this limitation, this study proposes a context-aware and adaptive target de-
tection and tracking framework for UAVs. The proposed system incorporates environmen-
tal information into the decision-making process by analyzing terrain characteristics using a
lightweight image processing approach based on HSV color space filtering and Canny edge
detection. Based on the extracted contextual features, a scoring-based decision mechanism
dynamically selects the most suitable algorithm among multiple detection and tracking
methods, including YOLO-based object detection and various single-object and multi-object
tracking algorithms. In addition, a feedback loop is integrated into the system to reinitialize
detection when tracking performance deteriorates, thereby improving robustness.

The main contributions of this paper are summarized as follows:

1. A context-aware UAV vision framework that integrates terrain analysis into the
detection and tracking decision process.

2. A dynamic scoring-based mechanism that adaptively selects the most appropriate
tracking algorithm based on mission requirements and environmental conditions.

3.  Anintegrated detection-tracking pipeline with a feedback mechanism to enhance
robustness against target loss.

4.  Experimental validation demonstrating that the proposed approach achieves reliable
performance while maintaining low computational cost.

The remainder of this paper is organized as follows. Section 2 reviews related work on
UAV-based detection and tracking systems. Section 3 presents the proposed methodology.
Section 4 provides experimental results and discussion. Finally, Section 5 concludes the
paper and outlines future research directions.

2. Related Works

Object detection and tracking for Unmanned Aerial Vehicles (UAVs) has been ex-
tensively studied in recent years, driven by the increasing demand for autonomous and
intelligent aerial systems. However, the limited computational capacity and energy con-
straints of UAV platforms require a careful balance between accuracy and efficiency in the
design of vision-based algorithms.

2.1. UAV Autonomy and Security Considerations

One of the key challenges in UAV operations is the reliance on continuous communica-
tion with ground control stations. Recent studies have demonstrated that radio frequency
(RF)-based signals emitted by UAVs can be detected and classified with high accuracy using
deep learning techniques, posing significant security risks [2,3]. In addition, cyberattacks
and hijacking attempts targeting UAV control systems can compromise mission integrity
and operational safety [4-7]. These findings highlight the importance of increasing onboard
autonomy and reducing dependence on external communication by enabling UAVs to
perform critical tasks such as detection and tracking using onboard processing capabilities.

2.2. Object Detection and Tracking Approaches

Deep learning-based object detection methods have become the dominant approach in
UAV applications. In particular, the YOLO (You Only Look Once) family of algorithms of-
fers a favorable trade-off between detection accuracy and computational efficiency, making
it suitable for real-time deployment on embedded systems [13]. Hybrid approaches have
also been proposed to improve tracking performance. For example, Ajmera and Singh [14]
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introduced the YOLOFlow framework, which combines object detection with optical flow
techniques to reduce computational cost while maintaining tracking continuity.

In addition to detection, various tracking algorithms have been widely used in UAV-
based systems. Traditional single-object trackers such as KCE, MOSSE, and CSRT are
known for their computational efficiency, whereas more advanced multi-object tracking
approaches [15], including DeepSORT and ByteTrack, provide improved robustness in
complex scenarios [16]. However, most existing methods operate under fixed algorithmic
configurations and do not dynamically adapt to changing environmental conditions, opera-
tional objectives (e.g., single-target tracking, multi-target tracking, surveillance, and target
counting), or computational resource constraints encountered during UAV missions.

2.3. Resource-Aware and Adaptive Systems

To address resource constraints in UAV platforms, recent research has focused on
developing resource-aware and adaptive systems. These approaches can generally be
divided into two categories: model (algorithm)-level optimization and system-level adap-
tation. Model-level optimization aims to reduce computational complexity by designing
lightweight architectures. For example, transformer-based models such as Lite-DETR have
been proposed to provide efficient object detection with reduced computational require-
ments [19]. Many studies focus on energy-aware motion planning and control to reduce
energy consumption and extend flight durations; for instance, they aim to plan energy-
efficient flight trajectories and prioritize maneuvers with low energy consumption [20-24].
Most of these studies focus on the goal of minimizing battery consumption by determining
the most efficient trajectory rather than on how to most efficiently track a moving target in
a combat environment. Another study, however, aims to improve detection accuracy using
fewer parameters [18].

On the other hand, system-level adaptation methods dynamically adjust parameters
such as image resolution, frame rate, or processing frequency based on hardware-related fac-
tors such as battery level, processor load, and temperature [17]. These methods have shown
promising results in extending UAV mission duration and improving energy efficiency.
Additionally, examples of structural redesign [25,26] have been proposed to optimize the
UAV’s structure and design—for instance, by using lightweight manufacturing materials,
carefully selecting components, or redesigning the structure—to reduce weight. While
hardware-based optimization typically requires extensive development, algorithm-based
optimization is more flexible and can be applied to existing systems [24].

Despite these developments, most studies on the efficiency of UAVs at the model or
system level mentioned above have focused on calculating the most efficient routes for
the UAV to use its energy source efficiently. Khalili et al. have proposed a framework that
simultaneously optimizes trajectory design and resource allocation to minimize energy
consumption in UAV-based integrated sensing and communication (ISAC) systems [20].
In this study, to enhance sensing accuracy and reduce the adverse effects caused by UAV
vibrations, a constraint requiring the UAV to hover over the target during the sensing task
was applied. This significantly limits the project’s efficiency. Cheng et al. investigate an
autonomous vision-based tracking system using a rotor-equipped UAV with an onboard
gimbal camera to track a maneuvering target [27]. In this paper, a Kernel Correlation
Filter (KCF) tracker is combined with a re-localization method within the system. An
IMM-EKF-based estimator is used to estimate the target’s states. Experimental results show
that while the proposed real-time vision-based tracking system offers robust and reliable
tracking performance, this image-based tracking system faces significant challenges in
re-establishing tracking capabilities when an object moves rapidly or a jump loss occurs. In
full occlusion scenarios, the traditional KCF framework becomes unable to track targets
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accurately [28]. In the system we developed, the goal is to design a more efficient system
by addressing the issues of low success rates in target detection by tracking algorithms and
high performance issues in object detection algorithms. The related paper [29] discusses
a hybrid method developed specifically for tracking dynamic targets. The system uses
correlation filters for tracking, SVM for locating lost targets, and optical flow supported
by EKF for position estimation. Although field tests were conducted outdoors, it was
observed that the system could not detect obstacles and avoid them due to a lack of
situational awareness. Paper [30] presents a comprehensive framework for autonomous
vision-based target tracking in UAVs. The proposed system uses an onboard RGB camera
to detect and track a target using an HSV-based color segmentation approach. An Extended
Kalman Filter (EKF) was used to estimate the target’s state, thereby ensuring continuous
tracking even in the presence of temporary obstacles. Although high frame rates were
achieved, the experiment was conducted entirely in a closed environment. Additionally,
colors more suited to the environment were used to make tracking objects in a combat
zone more challenging. Consequently, the success rate of target detection using HSV color
segmentation is very low.

The adaptive systems discussed in this article are largely “environmentally insensitive,”
as they rely primarily on hardware-level indicators rather than understanding the scene. In
practice, however, environmental characteristics such as terrain type, texture complexity,
and levels of occlusion significantly affect detection and tracking performance. For example,
selecting a computationally lightweight tracking algorithm in a complex urban environment
may result in the target being lost, whereas in simple open terrain, more complex algorithms
may be unnecessary.

Table 1 systematically summarizes the key characteristics of the related studies.

Table 1. Comparison of studies based on different criteria.

Environment- Energy- Adaptive Real-Time
Study Optimization Type 8y Decision Main Limitation
Aware Aware . Focus
Mechanism

Ajmera & Singh . . . ) .
(YOLOFlow) Algorithm-level No Partial No Yes Fixed configuration

Lite-DETR Algorithm-level No Partial No Yes Detection only
Energy-aware trajectory System-level No Yes Partial Yes Focus on flight path

planning studies
Cheng et al. Tracking-level No No No Yes Occlusion sensitivity
Proposed Framework Algorithm + Yes Yes Yes Yes Lumted. embedded
System-level validation

2.4. Research Gap and Contribution

A review of the literature indicates that most existing UAV-based detection and track-
ing systems focus either on improving accuracy or reducing computational cost, but rarely
consider environmental context as a key factor in algorithm selection. While resource-
aware systems adapt to hardware constraints, they generally lack the ability to incorporate
scene-level information into the decision-making process.

To address this gap, the present study proposes a context-aware framework that inte-
grates environmental analysis with a dynamic decision-making mechanism. By combining
lightweight terrain classification with a scoring-based algorithm selection strategy, the
proposed system enables UAVs to adapt their detection and tracking behavior according to
both mission requirements and environmental conditions. This approach extends existing
resource-aware methods by introducing environmental awareness as an additional dimen-
sion of adaptation, leading to improved robustness and efficiency in real-world scenarios.
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3. Materials and Methods

When unmanned aerial vehicles (UAVs) fly at high altitudes, they are easily obstructed
by objects such as trees and buildings and encounter various backgrounds. This makes
it difficult for UAVs to detect and track targets. UAVs are limited by their payloads and
energy consumption, so the demand on computational resources must be kept as low
as possible. Therefore, algorithms must minimize computational complexity and data
transmission while ensuring performance. The primary objective of this study is to design
a system that enables the UAV to analyze its current mission status and the surrounding
environment, determine the most suitable algorithm for mission execution, and optimize
the use of the UAV’s resources. The system design is outlined below.

The system design shown in Figure 1 above consists of three main components. 1. A
terrain classification algorithm that makes decisions regarding the geographic area where
the task will be performed. 2. A fine-tuned YOLOv11-m model was trained using a custom-
curated dataset consisting of 2500 UAV-oriented aerial images for tank detection tasks.
3. An algorithm that selects which detection algorithm to use based on the task status
and geographic conditions and manages the task. All experiments were conducted using
Python 3.10 with OpenCV (opencv-contrib-python) version 4.11.0.80.

Algorithm 1 summarizes the operational workflow illustrated in Figure 1 and explicitly
describes the adaptive decision-making procedure of the proposed framework.

Algorithm 1. Context-Aware Adaptive Detection and Tracking Framework

Input: UAV video stream V, mission type M
Output: Selected tracking algorithm T and tracking results R
1: while UAV mission is active do

2:  Acquire current frame F;

3 Perform terrain analysis

4 terrain < classifyTerrain(F;)

5. if target is not detected then

6: target < YOLO_Detection(F;)

7:  endif

8 Calculate mission and terrain scores
9: T < selectHighestScoreAlgorithm()
10:  tracking_result <— T(target)

11:  if tracking_failure_detected then

12: Re-run YOLO detection

13: Update algorithm scores

14: T < selectNextBestAlgorithm()
15:  else

16: Reward successful algorithm
17: Store results in database

18: endif

19: end while
20: return tracking results
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Figure 1. Flowchart of the Proposed UAV-Based Target Detection and Tracking System.

3.1. Land Classification System

The terrain classification module consists of three stages. These stages ensure that
the device activates in different situations; otherwise, they remain in sleep mode to
conserve energy.

1.  Stage (HSV Color Space-Based Pre-Classification)

In this stage, the image captured by the UAV’s camera is first analyzed using HSV
color filtering, as shown in Figure 2. The HSV (Hue, Saturation, Value) color space is
an important representation widely used in the fields of image processing and computer
vision [31]. This model defines colors based on three fundamental components: hue,
saturation, and value. Hue refers to the type of color; saturation refers to the purity or
intensity of the color; and value refers to the brightness level of the color. This enables a
clearer and more effective analysis of color characteristics in visual data. The HSV color
space offers a structure that is more resistant to changes in lighting compared to RGB. Since
the color components are independent of one another, a more consistent color analysis can
be performed on images, and color-based detection of target objects yields more accurate
results. In our study, to extract the color percentage of forested and grassy areas (green),
steppe and soil areas (brown), and concrete areas such as city centers (gray), we masked
the HSV image within the range of colors we needed to filter.

Figure 2. The process of labeling images.
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Over 10 frames, the algorithm sums the mask ratios and stores them in a 3 x 3 ratio
matrix. These are then compared against predefined threshold values. The mathematical
and index equivalents of the threshold values are as follows.

e  Grass/forest (index0) dominance check: To check whether the ratio of the cumu-
lative green area accumulated over 10 frames on the scene to the Bare Ground
ratio is greater than 2 and the urban ratio is greater than 2.2, use the [row_index,
column_index] slicing:

Ratio_matr[1,0:] — { Grass Grass}

Bare Ground Urban

e  Bare ground (Index 1) Slicing the cumulative bare ground weight accumulated on the
stage over 10 frames into the interval [1, [0, 2]] to check whether the ratio to grass is
greater than 2 and the ratio to urban areas is greater than 2.2:

Bare Ground Bare Ground
Rati tr(1,10,2
atio_matr(1, 0,2]] = { Grass Urban }

e Urban (Index 2): Based on the cumulative weight accumulated over 10 frames on
the scene, the grass ratio was set to 2.8 and the urban ratio to 3. Since urban areas
are densely populated, a higher ratio was selected to account for the potential for
misclassification. To verify this, the range was sliced into [2, [0, 1]]:

urban Urban
Grass Bare Ground

Ratio_matr[1,[0,1]] —

2. Stage (Land Classification Using Machine Learning-Based Random Forest)

In cases where the color-based classification results obtained in the first stage do
not achieve a sufficient level of confidence, the system proceeds to the second stage. In
this stage, a Random Forest-based machine learning method is used to more accurately
determine the land cover class to which the image belongs.

In this context, the image is first resized to a standard format and converted to the HSV
color space. Histograms are generated from the Hue and Saturation channels of the HSV
image to obtain features that represent the color distribution of the scene. These features
are used specifically to identify color differences between areas with dense vegetation and
areas of soil and urban regions.

In addition to color information, various attributes representing the structural charac-
teristics of the image are also calculated. First, the image’s textural complexity is determined
by calculating the standard deviation of the grayscale image. Next, the edge density in the
image is obtained using the Canny edge detection algorithm [32]. Edge density is used as a
key parameter representing the density of buildings, roads, and other structural elements
found in urban areas. Finally, the average brightness value of the image is calculated to
distinguish areas of bare soil and arid terrain from other classes.

As part of the land classification studies, various feature extraction and classification
methods were first evaluated. In this context, the Local Binary Patterns (LBP) method was
used to represent the textural characteristics of the images, and the extracted features were
classified using the Support Vector Machine (SVM) algorithm [33]. Additionally, the extrac-
tion of texture characteristics of the land surface using Gabor filters and their incorporation
into the classification process were also examined. However, in the experiments conducted,
it was observed that these methods could not provide sufficient stability in real-time UAV
images due to variations in lighting conditions, camera heights, and land surface struc-
tures. In particular, fluctuations in classification performance occurred when distinguishing
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between vegetated and bare soil areas. Therefore, a Random Forest-based approach capable
of evaluating color, texture, and structural features together was preferred, resulting in
more stable outcomes [34].

All the extracted features are combined to form a feature vector, which is then fed into
the Random Forest model created during the training phase. The Random Forest algorithm
operates through a collective decision-making mechanism involving a large number of
decision trees; the final class is determined by voting on the results produced by each
tree. This method was chosen because it can produce more reliable results under varying
environmental conditions and image variations.

A total of 1193 images representing three different land cover classes were used to train
the model. The dataset consists of three classes: areas with vegetation (grass), bare ground
areas (Bare Ground), and urban areas (Urban). Eighty percent of the dataset was allocated
for training, and 20% for testing. In the tests conducted after training, the model achieved
a classification accuracy of 90%. These results demonstrate that the selected features are
effective in distinguishing between land classes. The UC Merced Land Use dataset was
used to train the land classification model [35].

3.  Stage (Grassland-Forest Classification Using Multi-Attribute Decision Fusion)

As soon as the system determines that the underlying terrain consists of vegetation
in either Stage 1 or Stage 2, it immediately puts the Bare Ground and Urban filters into
sleep mode and routes the data directly to Stage 3: Multi-Attribute Decision Fusion. In this
final stage, to determine whether the vegetation is grassland or a dense forested area, the
Canny edge detection algorithm calibrated to UAV high-altitude parameters (100, 200, 1),
Laplacian texture variance, and global contrast deviation are calculated at the scalar level.
The obtained data are subjected to a linear Majority Voting filter, and the final class decision
(Grass or Forest) is transmitted to the autopilot.

To quantitatively evaluate the performance of the land classification module, a bal-
anced test set consisting of four classes was prepared. The test set comprises a total of
80 images, with 20 images for each of the following classes: forested, grassland, bare soil,
and urban. The evaluation was conducted not only based on the output of the Random
Forest stage but also on the final decision of the proposed multi-stage land classification
pipeline. In this context, HSV-based pre-classification, the Random Forest-supported deci-
sion tree, and the Canny/Laplacian/contrast-based grassland—forested area distinction—
applied in cases where vegetation was detected—were evaluated together. The obtained
predictions were compared with the true class labels, and the confusion matrix along with
class-based precision, recall, and F1-score values were calculated.

An analysis of the confusion matrix reveals that the system correctly classified 70
out of a total of 80 images, achieving an overall accuracy of 87.50% (See Table 2). In the
class-based results, higher Fl1-score values were obtained for the bare soil and urban classes,
while partial confusion occurred between the forested and grassland classes (See Table 3).
This situation is related to the fact that both classes contain green vegetation and that
some grassland scenes include scattered clusters of trees. Nevertheless, the macro-average
F1-score of approximately 0.87 indicates that the proposed multi-stage land classification
framework produces sufficiently discriminative results for the selection of an adaptive
tracking algorithm.

Table 2. Confusion matrix of the terrain classification module.

Actual/Estimate Forest Grass Bare Ground Urban Total
Forest 16 3 0 1 20
Grass 2 17 1 0 20
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Table 2. Cont.
Actual/Estimate Forest Grass Bare Ground Urban Total
Bare Ground 0 1 19 0 20
Urban 1 0 1 18 20
Table 3. Class-wise performance results of the terrain classification module.
Class Precision Recall F1-Score Support
Forest 0.84 0.80 0.82 20
Grass 0.81 0.85 0.83 20
Bare Ground 0.90 0.95 0.93 20
Urban 0.95 0.90 0.92 20

3.2. Object Detection

The study used images obtained from RoboFlow, online sources, and combat videos
for tank detection. Frames were extracted from the video sources to create a raw image
pool of approximately 15,000-20,000 images; from this pool, 2500 images were selected
that were suitable for the UAV’s viewpoint and varied in terms of the target’s position,
scale, background, and field of view. Care was taken to ensure that consecutive and highly
similar frames were not heavily represented in the dataset.

To reduce the risk of frame leakage and overfitting between the training and test sets,
data splitting was performed under manual control rather than through automatic random
distribution. During this process, care was taken to ensure that consecutive frames or
visually nearly identical frames from the same video sequence did not end up in both the
training and test sets simultaneously, and the final dataset was split into training and test
sets at a 90/10 ratio. While a strict video-based separation cannot be fully guaranteed for
all sources, a manual selection and verification process was applied to reduce the risk of
similar frame leakage.

After the dataset was created, images containing tanks were labeled according to the
YOLO format, while images without tanks were excluded from the labeling process. The
text files in YOLO format obtained after labeling were saved for use in the training process.

After the images to be trained using the YOLOv11 algorithm were collected into a
dataset, the dataset was divided into training, validation, and test sets. Ninety percent of
the final dataset was used for the training/validation process, while 10 percent was used
for testing. The validation set, separated from the training/validation portion, was used to
monitor model performance during training and to control overfitting. The image sources
used to create the dataset and the distribution of images from these sources are shown in
Table 4.

Table 4. Data Set Statistics.

Data Source Total Image Selected Image Total Tanks (BBox) Resolution Range
RoboFlow ~6.000 1.100 1850 640 x 640-720P-1080P
Internet/War Videos ~12.000 1400 2400 640 x 640-720P-1080P
Total ~20.000 2500 4250 640 x 640-720P-1080P

The model was trained using the Google Cloud infrastructure. In the development
environment, the GPU-accelerated version of the PyTorch (2.8.0+cu128) framework was
used, and the training process was run on a single GPU. During training, the transfer
learning method was applied to increase the convergence rate and leverage pre-trained
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features. Accordingly, the model was first trained using the YOLOv11m.pt weight file,
which had been pre-trained on the MSCOCO dataset; the system was then optimized using
the resulting best.pt weight file. The key hyperparameters and configuration details used
during the training process are summarized in Table 5.

Table 5. YOLO11 Model Training Hyper parameters and Values.

Parameter (Code Equivalent) Description/Responsibilities Value
Task/Mode The model’s execution task and mode detect/train
Model The main weight file used at the start of training best.pt
Epochs Maximum number of training epochs 300
Batch Size Number of images processed per batch 16
Image Size Input image resolution 640 x 640
Patience Early stopping patience value 200
Optimizer Selection of an Optimization Algorithm Auto
Initial learning rate(1r0) Initial learning rate value 0.001
Final learning rate factor(lrf) Final learning rate scaling factor 0.01
Pretrained /Val Use of a pre-trained model and validation status ~ True/True
Workers Number of data loading workers 8

Training took a total of 4 h. The metrics resulting from the training are presented in
the graphs below.

Figure 3 demonstrates that the training and validation loss curves converge in a
similar manner, suggesting good generalization performance of the trained model. As
noted, the slight increase in the val/cls_loss graph shows that the model reached its highest
generalization capacity around the 150th epoch in this section. Figure 4 presents the
performance metrics of the trained detection model, including Precision, Recall, and mean
Average Precision (mAP). The model achieves an mAP50 score of approximately 85%,
indicating a strong capability to accurately detect target objects under varying conditions.
The Precision and Recall curves exhibit a balanced behavior, which suggests that the model
effectively minimizes both false positives and false negatives. This balance is critical in UAV-
based applications, where both missed detections and false alarms can negatively impact
mission performance. Furthermore, the consistency observed in the evaluation metrics
indicates that the model maintains stable performance across different validation samples.
These results confirm that the trained detection model provides a reliable foundation for
the subsequent tracking and decision-making stages of the proposed framework.

3.3. Object Tracking

The system determines the most suitable object tracking algorithm based on geograph-
ical terrain conditions and mission status. A scoring system has been developed for this
purpose. Points have been assigned to mission types and terrain characteristics. The system
begins operation by selecting the algorithm with the highest score according to this scoring
system. In the event of extremely negative feedback, it switches to the next highest-scoring
tracking algorithm. Additionally, if tracking is successful, extra points are awarded for
the algorithm’s mission and geographic area components; the goal is to create a dataset
between geographic area and object tracking algorithms for future similar missions. The
database structure and scoring system are shown in the table below.

Various task scenarios have been simulated in the system. Scenarios such as tracking
and marking a single target, counting targets in an intelligence-gathering area, and multi-
target tracking have been assumed. For single-object tracking, we used OpenCV’s classic
tracking algorithms—KCF Tracker, Median Flow Tracker, MOSSE, and CSRT—along with
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lightweight CNN algorithms like GOTURN, and the SiamRPN-based NanoTrack [36]
tracking algorithm, which was developed for mobile devices and embedded systems. For
multi-object tracking, we used the DeepSORT, ByteTrack, and BoTSORT algorithms.
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Figure 3. Training and validation losses.
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Figure 4. Performance metrics of the trained detection model.
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Among the object tracking algorithms, while the KCF Tracker, Median Flow Tracker,
MOSSE, and CSRT algorithms are not very efficient, they do not provide feedback when
they lose track of the object. The GOTURN algorithm also lacks feedback. The feedback
mechanism of the NanoTrack algorithm is also quite poor. In this study, we developed a
second control mechanism.

3.4. Security Monitoring System for Object Tracking

In the proposed system, a hybrid anomaly detection mechanism is used to improve
the reliability of target tracking and to prevent the tracking algorithm from continuing to
track a false target when it loses the target. Conventional tracking algorithms can cause the
tracking box to drift into non-target areas, particularly in situations such as brief occlusion
of the target, sudden camera movements, changes in scale, low resolution, and when the
target and background appear similar. In such cases, the tracking algorithm may generate
a failure message in some instances, while in others it may continue to produce a bounding
box even after losing the target. For this reason, the system does not rely solely on the
tracking algorithm’s success output; instead, it evaluates both the temporal behavior of the
tracking box and the target’s appearance together.

In the hybrid anomaly detection framework, the tracking algorithm’s success status
is first checked. When the tracking algorithm reports that it has lost the target, this is
evaluated as a strong indicator of an anomaly. Additionally, even if the tracking algorithm
produces a successful output, the behavior of the bounding box is analyzed separately. In
this context, sudden shifts in the box center across consecutive frames, unusual expansion
or contraction of the box area, and sudden changes in the aspect ratio were used to evaluate
tracking reliability. These metrics were calculated based on historical box information
from the most recent frames to determine whether the tracking box remained stably over
the target.

The system also compared the target’s initial appearance with its current image within
the tracking box. For this purpose, a histogram-based similarity metric in the HSV color
space was used. However, since the target, road, ground surface, and shaded areas in UAV
images can be similar in terms of color distribution, HSV similarity was not used on its
own as a definitive decision-making criterion. Instead, HSV-based appearance changes
were evaluated as an auxiliary anomaly indicator, in conjunction with disturbances in the
behavior of the bounding box.

Rather than relying on a single metric for anomaly detection, a score-based hybrid
approach was adopted. Sudden jumps in the box center, area changes, aspect ratio changes,
and a decrease in HSV similarity were each treated as separate suspicious conditions, and
each contributed to the anomaly score. It was assumed that exceeding the defined score
threshold would result in a loss of reliability during the tracking process. However, to
prevent single-frame transient deviations from generating false alarms, sequential anomaly
checking was implemented. In this context, the condition that the relevant disturbance
must persist across a certain number of consecutive checks was required for an anomaly
decision to be made.

Additionally, a separate control mechanism was defined for cases where HSV similarity
remains unchanged but the bounding box behavior is continuously disrupted. Thus, even
in scenes where the target and background are similar in color and HSV similarity remains
high, if instability in the box’s center or dimensions persists for a certain period, the
system evaluates this situation as a persistent tracking anomaly. This ensures that the
re-detection process can be triggered even if the tracking algorithm appears to be stable on
the wrong region.
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When the hybrid anomaly check detects a degradation in tracking reliability, the
YOLO-based re-detection mechanism is activated. Since YOLO is run only when a tracking
degradation is detected or when the target needs to be re-verified—rather than in every
frame—the system’s computational load is reduced.

This approach aims to enhance tracking reliability against target loss while simulta-
neously reducing unnecessary deep learning-based detection calls in energy-constrained
UAV systems.

4. Results
Experimental Validation and Comparative Analysis

The proposed framework was experimentally evaluated under various environmental
conditions, including urban, forested, and open-area scenarios. The experiments were
conducted using pre-recorded UAV videos obtained from simulated aerial surveillance
missions. The study utilized videos in mp4 format at 1080p and 720p resolutions.

The experiments were conducted on a system equipped with an NVIDIA RTX 3050Ti
4GB GPU, an Intel i5 processor, and 16 GB of RAM. In the experiments, the PyTorch library
was used to run the code on both the GPU and CPU, and the results were analyzed.

The following criteria were used in the comparison during the experiments.

1. The uavyolov1l.py file, which uses yolov11 for both detection and tracking, consists
of an average of 80 lines of code. This code file was run on both the GPU and the CPU
to obtain results.

2. The ‘uavhybrid.py’ file, which contains the hybrid-based code developed for scene
evaluation, the YOLO object detection algorithm, and the algorithm for selecting and
tracking systems, consists of approximately 500 lines of code. Results were obtained
by running this file on both the CPU and GPU.

3. A comparison table is provided to analyze which tracking algorithm yields more
successful results in which areas.

The videos we used for testing were purchased from https:/ /www.vecteezy.com/
(accessed on 15 June 2026). The videos can be viewed at https:/ /github.com/interface79
(accessed on 15 June 2026).

1. Analysis results obtained by running the uavyolov11.py file, in which the standard
Yolov11 is used for both object detection and object tracking.

a. Results obtained from GPU-based execution are presented in Table 6. It should
be noted that these measurements also include certain CPU operations, as
PyTorch continues to execute some fundamental OpenCV functions on the
CPU during processing.

b. The CPU execution results are presented in Table 7. These results correspond
to the entire processing pipeline executed solely on the CPU, including all
object detection, tracking, and image-processing operations.

2. Analysis results of the developed hybrid-based code structure

a. The GPU-based execution results are presented in Table 8. It should be noted
that OpenCV does not natively support GPU acceleration for its tracking
algorithms. Therefore, the reported GPU results correspond exclusively to the

tracking algorithms integrated within the YOLO framework, namely ByteTrack,
DeepSORT, and BoT-SORT.
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Table 6. YoloV11's detection and tracking analysis table on the GPU.

Tracking Success

GPU Usage CPU Usage GPU Power CPU Power Total Power

Device Type Rate (%) mAPS0 % FPS % % Watt Watt Watt
GPU 65-80 75-87 35-40 49-57 13-17 47-53 13-15 60-68
Table 7. YoloV11’s detection and tracking analysis table for the CPU.
Device Type  Tracking Success Rate (%) mAP50%  FPS  CpuUsage % Power Watt
CPU 60.4-79 75-87 4-7 27-33 33-35
Table 8. Analysis table for detecting and tracking the ByteTrack, DeepSORT, and BoT-SORT algo-
rithms using a GPU.
. Tracking Success o GPU Usage CPU Usage GPU Power CPU Power Total Power
Device Type Rate (%) mAPS0 % FPS % % Watt Watt Watt
GPU 70-92 75-90 28-30 45-60 15-18 14-16 11-15 35-41

As a result of experiments conducted on flat grassy areas and in rural terrain, it
was determined that the tracking algorithms produced similar results in terms of CPU
usage, FPS values, power consumption, and tracking performance. For this reason, both
environments were evaluated together, and the findings are presented in Table 9. All
experiments were conducted at a video resolution of 720 p.

Table 9. Analysis table of running tracking algorithms on a CPU in grassy and rural areas.

:ilz(:ll'iirlfn N;:;b;z:j 11;::;:2:110 Cpu Usage % FPS Power Watt
KCF 0-6 6-20 55-65 13-30
Median 0-6 3-20 55-65 12-30
TLD 4-7 12-35 10-20 20-32
Mosse 0-3 2-10 60-65 7-15
CSRT 0-2 9-14 20-30 14-20
Goturn 3-7 7-20 11-15 20-25
NanoTrack 0-2 10-13 55-60 10-13
ByteTrack Always 30-33 3 25-30
DeepSORT Always 35-40 2-3 30-35
BoT-SORT Always 40-45 2-3 40-45

An examination of Table 9 reveals that, in rural environments where there are no
dense obstructions or complex background elements that could cause the target object
to exit the field of view, the tracking algorithms generally performed well. Thanks to
the clear-line-of-sight conditions, most algorithms were able to maintain target tracking
throughout the mission, and the need for re-acquisition remained low. However, the two-
stage tracking safety mechanism developed for the system ensured that, in the event of
target loss, the YOLO-based object detection module was activated to re-locate the target,
thereby enabling the tracking task to be handed back to the active tracking algorithm. This
approach enhanced tracking continuity and supported the system’s operational reliability.

The results show that OpenCV-based tracking algorithms and the proposed hybrid
tracking architecture can achieve performance levels that allow them to operate in real
time using only CPU resources. In particular, the MOSSE, KCF, Median, and NanoTrack
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algorithms delivered balanced results in terms of tracking success, CPU usage, FPS, and
power consumption. In contrast, it was observed that the TLD algorithm produced lower
FPS values compared to the other algorithms, had a higher computational cost, and failed to
deliver the expected performance in terms of tracking stability. Therefore, the contribution
of the TLD algorithm to the proposed hybrid architecture was deemed limited, and it was
decided to exclude it from the system architecture in subsequent experimental studies.

The findings indicate that tracking algorithms should be evaluated not only in terms of
accuracy or tracking success but also in terms of computational load, energy consumption,
and operational sustainability criteria.

b. The results obtained by running tracking algorithms on the CPU in forested areas are
presented in Table 10. In the experiments, both low-coverage videos—in which the
target tank briefly entered behind trees, bushes, and similar natural obstacles—and
high-coverage videos—in which the target tank remained behind obstacles multiple
times—were used. The values in the table show the average results of the tests
conducted under these different coverage scenarios. The video resolution was set to
720p for all experiments.

Table 10. Analysis table of running tracking algorithms on the CPU in a forested area.

Tracking Number of Times Yolo

Algorithm Has Been Activated Cpu Usage % FPS Power Watt
KCF 4-10 14-30 20-60 15-35
Median 9-12 1220 60-80 14-30
TLD 8-15 18-24 5-10 18-30
Mosse 3-5 16-20 80-95 14-18
CSRT 2-5 1620 22-29 17-17
Goturn 69 10-18 9-15 15-20
NanoTrack 0-5 10-13 45-50 10-15
ByteTrack Always 30-33 3 25-30
DeepSORT Always 35-40 2-3 30-35
BoT-SORT Always 40-45 2-3 40-45

An examination of Table 10 reveals that, in forested area scenarios, tracking algorithms
produced varying results in terms of FPS, power consumption, and the number of times
YOLO had to be reactivated. When the target moved behind obstacles such as trees and
shrubs, this reduced tracking continuity in some algorithms and increased the need for
re-detection. While MOSSE is one of the fastest and most cost-effective methods, with a
frame rate range of 80-95 FPS and power consumption of 14-18 W, MedianFlow—despite
reaching a frame rate of 60-80 FPS—demonstrated more limited tracking stability in scenes
with obstacles due to YOLO being triggered 9-12 times.

The KCF and CSRT algorithms produced more stable results. KCF operated in the
20-60 FPS range and required YOLO to trigger 4-10 times. Although the FPS value for
CSRT remained in the 22-29 range, the fact that YOLO triggered only 2-5 times indicates
that this method can provide more stable tracking in forested areas. NanoTrack, on the
other hand, produced remarkable results in terms of both tracking continuity and energy
efficiency, operating at 45-50 FPS, with a power consumption of 10-15 W, and a YOLO
activation count ranging from 0 to 5.

Due to the continuous operation of YOLO in the ByteTrack, DeepSORT, and BoT-SORT
methods, FPS values dropped significantly and power consumption increased. While
ByteTrack operated at 3 FPS, DeepSORT and BoT-SORT remained in the 2-3 FPS range.
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In particular, the fact that power consumption in BoT-SORT rose to the 40-45 W range
indicates that this method is more costly for energy-constrained UAV systems. Overall,
the results show that detection-based methods, where YOLO is run on every frame in
forested areas, create a higher computational load; whereas tracking architectures, where
YOLO is activated only when necessary, are more advantageous in terms of FPS and
energy consumption.

Urban area experiments were conducted using a small number of urban tank videos
obtained from online sources, due to the limited availability of suitable UAV-based tank
imagery. Since the target tank in these videos is typically located on a street and within an
open field of view, concealment scenarios involving the tank moving in and out from behind
buildings, vehicles, or similar urban obstacles could not be comprehensively evaluated.
The results obtained by running the tracking algorithms on a CPU are presented in Table 11.
The video resolution was set to 720 p for all experiments.

Table 11. Analysis table of running tracking algorithms on a CPU in an urban environment.

glzsitﬁrgn Nﬁ:?;é:j 113}3,2;{3 (()ilo Cpu Usage % FPS Power Watt
KCF 2-8 10-25 35-60 14-32
Median 4-8 8-20 58-75 13-30
TLD 6-11 15-28 8-15 19-31
MOSSE 1-4 8-15 70-85 10-16
CSRT 1-4 12-18 25-30 15-18
GOTURN 4-8 8-18 10-15 18-23
NanoTrack 0-3 10-13 50-55 10-14
ByteTrack Always 30-33 3 25-30
DeepSORT Always 35-40 2-3 30-35
BoT-SORT Always 40-45 2-3 40-45

Table 11 presents the results obtained by running tracking algorithms on a CPU in
urban areas. Since the target is typically located on a street and within an unobstructed
line of sight in these scenarios, the need for re-detection is seen to be more limited com-
pared to forested areas. However, due to the limited availability of suitable test videos
featuring urban tank imagery, occlusion scenarios—where the target moves in and out
from behind buildings, vehicles, or other urban obstacles—could not be evaluated with
sufficient diversity.

In classical and lightweight tracking algorithms, where YOLO is activated only when
necessary, FPS values remain higher while power consumption stays at lower levels. In
contrast, in detection-based tracking methods such as ByteTrack and DeepSORT, FPS
values have dropped significantly and power consumption has increased due to YOLO
running continuously. This demonstrates that while the YOLO-based continuous detection
approach may offer advantages in terms of tracking continuity, it also results in higher
computational costs for energy-constrained UAV systems.

In general, results from urban environments indicate that lightweight tracking algo-
rithms offer advantages in terms of real-time performance and energy efficiency when
the target is tracked in open scenes. However, the limited availability of video data for
urban occlusion scenarios highlights the need for more comprehensive evaluations of these
environments in future studies.
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5. Discussion and Limitations
5.1. Discussion

The experimental results demonstrate that the proposed context-aware adaptive frame-
work is capable of maintaining reliable detection and tracking performance under varying
environmental conditions while operating with limited computational resources. By in-
corporating terrain information into the decision-making process, the system is able to
dynamically adjust its behavior and select the most appropriate tracking algorithm for a
given scenario. This approach contrasts with conventional fixed-configuration systems and
highlights the importance of environmental awareness in UAV-based vision applications.

One of the key strengths of the proposed framework is its lightweight design. Instead
of remaining constantly active, the various control systems are activated only when needed
and remain in sleep mode at other times. Although popular algorithms such as the
CNN-based SiamRPN or the transformer-based TransT and OSTrack are available, these
algorithms are capable of tracking only a single object. To use them in multi-object scenarios,
the system must restart for every new object entering the frame, which further limits
the use of these algorithms—already characterized by high computational and energy
consumption—in embedded systems. Since these models lack a general “object detector”
(such as YOLO), the model typically cannot detect that it has lost track of the object when
the object is completely obscured. It may continue to track the wrong location by mistaking
the pixels of the tree behind the object or the background for the target object. If the object
disappears completely and the model locks onto the wrong background, even if the object
re-enters the frame unobstructed, the model will never be able to find it on its own again.
This is because it only examines pixels within a limited search area. To find it again, manual
feedback such as “the target object went there” must be provided to the system from the
outside. Modern Transformer models like OSTrack are much more resilient to occlusions
compared to older-generation SiamRPNs thanks to their attention mechanisms. However,
if the object completely exits the frame and does not return for a long time, they too will
fail permanently. Whether using lightweight or powerful object tracking algorithms, the
common issue is losing track of the target. Therefore, we found that using a lighter system
supported by a superior object detection algorithm like YOLO is more efficient in terms
of resource and energy usage than using a powerful algorithm that heavily burdens the
system’s resources.

Despite these strengths, the achieved performance indicates that there is still room for
improvement. While the system demonstrates promising detection accuracy and stable
tracking behavior, its effectiveness is influenced by the quality of terrain classification and
the design of the scoring mechanism. In particular, the rule-based nature of the terrain
analysis and decision process may limit the system’s adaptability in highly complex or
unseen environments.

5.2. Limitations

Several limitations of this study should be acknowledged.

First, the experimental evaluation is primarily conducted using simulated environ-
ments and video data rather than real-world UAV deployments. Although these exper-
iments provide useful insights, they may not fully capture real-world challenges such
as sensor noise, motion blur, communication delays, and varying weather conditions.
Therefore, the generalizability of the results to real operational scenarios remains limited.
Second, the dataset used for object detection is relatively small and focuses on a single
object class. This restricts the ability of the system to generalize to more diverse targets
and complex multi-class scenarios. In addition, the lack of publicly available datasets
or standardized benchmarks makes it difficult to directly compare the proposed method
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with existing approaches. Third, the scoring-based decision mechanism relies on manually
defined weights and heuristic rules. While this approach provides interpretability and
simplicity, it may not always yield optimal decisions across all scenarios. A more data-
driven or learning-based strategy could potentially improve adaptability and performance.
Fourth, the terrain classification module is based on simple image processing techniques,
which may be sensitive to illumination changes, seasonal variations, and visual ambiguities
between different terrain types. This may lead to incorrect environmental classification
and suboptimal algorithm selection. Finally, the system has not been evaluated in terms
of energy consumption, latency, or real-time performance on embedded hardware. These
factors are critical for UAV applications and should be considered in future work to fully
assess the practical applicability of the proposed framework.

6. Conclusions

In this study, a context-aware and adaptive target detection and tracking framework
for UAVs has been proposed to address the challenges imposed by limited onboard re-
sources and dynamic environmental conditions. Unlike conventional approaches that rely
on fixed algorithmic configurations, the proposed system integrates terrain analysis and
mission-aware decision-making into a unified framework. By utilizing lightweight image
processing techniques for environmental classification and a scoring-based mechanism
for adaptive algorithm selection, the system dynamically determines the most suitable
detection and tracking strategy during operation. The experimental results demonstrate
that the proposed approach is capable of maintaining stable detection and tracking perfor-
mance while reducing computational overhead. The integration of a feedback mechanism
further improves robustness by enabling the system to recover from tracking failures
through automatic re-detection and algorithm switching. These findings highlight the
potential of context-aware strategies in enhancing the autonomy and operational efficiency
of UAV-based vision systems.

Future work will focus on expanding the proposed framework in various ways. First,
we will focus on the problem of target tracking systems continuing to track a target even
after it has been lost or when tracking the wrong target. When the target is lost and the
object detection algorithm is activated, if another object enters the frame, object detection
algorithms like YOLO analyze the entire image; consequently, the detection algorithm
inputs the new target into the tracking system instead of the previously tracked target, and
the object detection algorithm provides this as input to the tracking algorithm. To prevent
such issues and ensure the continuity of the tracked target, research will be conducted on a
local-to-global image scaling system. Second, the system will be evaluated on actual UAV
platforms to measure real-time performance, energy consumption, and robustness under
real-world conditions. Finally, to enhance generalization capabilities, the dataset will be
expanded to include multiple object classes and a wider variety of scenarios.

Author Contributions: Conceptualization, T.B. and B.K.; methodology, T.B. and B.K.; software,
T.B.; validation, T.B. and B.K.; formal analysis, T.B. and B.K.; investigation, T.B.; resources, B.K;
writing—original draft preparation, T.B. and B.K.; writing—review and editing, T.B. and B.K.; vi-
sualization, T.B.; supervision, B.K. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Data associated with the study have not been deposited into a publicly
available repository. Data will be made available on request.

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

https:/ /doi.org/10.3390/drones10070521


https://doi.org/10.3390/drones10070521

Drones 2026, 10, 521 20 of 21

Abbreviations
The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle
YOLO You Only Look Once

mAP mean Average Precision
CNNs Convolutional Neural Networks
KCF Kernelized Correlation Filter

MOSSE  Minimum Output Sum of Squared Error
CSRT Discriminative Correlation Filter with Channel and Spatial Reliability
FPS Frames Per Second
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