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A B S T R A C T 

While achieving effective obstacle identification and secure navigation under computational 
limitations, autonomous unmanned aerial vehicles (UAVs) rely on precise sensor fusion. This paper 
explores a wide-ranging benchmark and robustness analyses of eight artificial intelligence (AI) 
models over a multi-sensor UAV navigation dataset, including Light Detection and Ranging (LiDAR), 
GPS, IMU, and telemetry data. In this paper, standard machine-learning (logistic regression, SVC, k-
NN, and Gaussian Naive Bayes) classifiers are compared with ensemble learners (Random Forest, 
XGBoost, and LightGBM) and a shallow MLP. The accuracy, F1-score, recall, AUC, calibration, 
inference latency, and memory footprint of each model are evaluated to measure their realistic 
baselines for onboard implementation. Under chronological time-series evaluation, the tree-based 
ensembles achieved the highest obstacle-detection performance (F1 ≥ 0.98) with strong 
computational efficiency, while linear and instance-based models performed markedly lower. 
Robustness envelopes constructed under LiDAR noise and sensor ablation scenarios reveal the 
operational boundaries of sensor-dominant regimes and highlight the importance of redundancy in 
sensor fusion. The results explained with SHAP show that the main decision variables are LiDAR 
distance and IMU dynamics. The framework provides repeatable baselines, measures of 
effectiveness, and safety-aware decision-making that can inform future efforts in energy-efficient 
and interpretable UAV autonomy. 
MSC.. 

https://doi.org/ 10.29304/jqcsm.2026.18.32882

1. Introduction 

UAVs have become an essential component of today's automated systems because they can perform complex tasks 
such as inspecting infrastructure, monitoring the environment, implementing precision farming techniques, and 
responding to emergencies while travelling very efficiently [1]. To operate safely in dynamic and unstructured 
environments, UAVs must possess sufficient sensor capabilities to detect objects and obstacles in real-time [2]. 
Therefore, UAVs require the integration of multiple sensor types; they will rely on a variety of sensors (e.g., LiDAR, 
GPS, IMU Telemetry) to create a single perception stack containing all sensor data [3]. This type of sensor 
integration enables UAVs to maintain accurate situational awareness in the event of changing weather conditions, 
noise from the various sensors, or partial data loss [4].  

While the above combination provides several advantages, it also has computational challenges (i.e., cross-subject 
real-time inference speed/ trade-offs with model memory footprint) when using real-time conditions, such as those 
commonly found in embedded platforms [5]. Artificial intelligence (AI) and machine learning (ML) algorithms now 
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make up the majority of intelligent UAV navigation, overcoming the limitations of rule-based or geometric 
techniques used to navigate UAVs with complex and nonlinear dynamics [6]. Classical ML algorithms, such as 
logistic regression and support vector machines (SVMs), have proven effective at solving binary decisions, while 
ensemble ML algorithms, such as random forest, XGBoost, and LightGBM, exhibit superior performance at 
accommodating sensor heterogeneity and nonlinear separability tasks [7]. Deep learning has recently extended this 
application domain by employing neural network (NN) architectures that learn complex spatiotemporal 
representations from sensor observations [8]. However, issues of inference latency, resource limitations, and the 
need for interpretable models that can support certifiable autonomous operations continue to present challenges 
for deploying these models on UAVs in an embedded environment [9]. 

UAV perception has become a rapidly expanding field of research with many studies on UAV performance, mainly 
for accuracy; however, few studies addressed UAV performance under all conditions with multiple sensors/models, 
including their interpretive capability and their efficiency when embedded within an overall system [10]. 
Furthermore, there has been a dearth of data regarding the benchmark performance of these disparate types of AI 
models in the context of preprocessing and evaluation methods applied over heterogeneous sensor-fusion datasets 
[11], [12]. Therefore, while UAVs must accurately classify objects, their ability to perform accurately in the presence 
of noise, generalize across domains, and efficiently perform computations directly influences the reliability of UAV 
obstacle detection [13]. Therefore, there is a need for standardized, reproducible evaluations that account for the 
full range of trade-offs between predictive accuracy and deployability in UAV applications [14]. 

This study presents a comprehensive comparative analysis of eight AI models applied to a multi-sensor UAV 
navigation dataset that integrates LiDAR, GPS, IMU, and telemetry signals. The proposed framework benchmarks 
classical, ensemble, and neural architectures while assessing their performance through accuracy, F1-score, recall, 
AUC, calibration, latency, and model size. Robust envelopes are constructed under controlled LiDAR noise and 
sensor-ablation scenarios to delineate operational safety boundaries for UAV perception systems. Also, an 
exploration of model interpretability made by means of SHAP analysis is presented, indicating the relative 
importance of each sensor for making a decision. The results create reproducible, speed-aware baselines for UAV 
autonomy on embedded systems and show how such AI models can be adapted for efficient real-time deployment 
while maintaining reliability and transparency. 

 

2. Related works 

Numerous systems have been created for UAVs to permit obstacle detection and avoidance, done using traditional 
methods like computer vision, LiDAR processing, and sensor fusion methods [2]. The first experimental studies used 
either monocular or stereo vision to produce a depth and motion perceived from the camera image, the advantage 
of these first methods being they were relatively cheap, but very dependent on light (need sufficient light), plus they 
required a high level of computation on the vehicle [15],[16]. The way to overcome these limitations is with an 
alternative dominant sensing method based on the combination of LiDAR and cameras providing high precision 
distance measurements that produce consistent results regardless of the intensity of light the measurements were 
made under [17]. Additional experiments have added additional distance measurement sources like IMUs, GPS, and 
barometric sensors to use with LiDAR to provide additional spatial awareness in dynamic environments for 
autonomous navigation and landing [18]. 

UAV-based perception systems have gradually transitioned from using handcrafted methods of feature extraction, 
to adopting models based on machine learning and AI technologies [19]. Classical algorithms (such as support 
vector machines (SVMs), Decision Trees and Naive Bayes) are capable of reasonably performing obstacle detection 
in structured environments [20]. Ensemble-based methods (e.g., Random Forests, Gradient Boosting, XGBoost, and 
LightGBM) can also help in overcoming noise and heterogeneity from sensors across input space, resulting in more 
stable predictions [21]. More recently, an increasing number of researchers have used deep neural networks 
(DNNs), targeting convolutional and recurrent architectures with multimodal UAV datasets, to create models 
capable of learning spatial-temporal representations directly from the source data. While DNNs produce more 
accurate classification than classical classifiers, they are difficult to implement in embedded applications due to 
resource constraints [22]. 

Apart from prediction performance, a few research was focused on interpretability and efficiency for autonomous 
aerial systems [23]. SHAP, LIME, and other explainable AI (XAI) frameworks have been integrated into UAV 
perception models to ensure transparency during safety-critical decision making [24]. Exploiting parallel research 
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fields, energy-aware learning and model compression (quantization, pruning and knowledge distillation) have been 
explored to satisfy real-time constraints on edge devices [25]. However, despite these advancements, very few 
works evaluate all the aforementioned aspects collectively under a single unified framework for detection accuracy, 
robustness under sensor degradation, explainability, and embedded feasibility [26]. The majority of  benchmarks 
are also still limited in scope, emphasizing either algorithmic novelty or specific modalities, thus missing a (crucial) 
higher level of system-level evaluation for practical deployment [27]. 

This study presents an end-to-end benchmark framework pipeline for sensor-fusion-based UAV obstacle detection 
that harmonizes classical, ensemble, and neural models under a single preprocessing and evaluation framework. 
The work builds upon previous research by providing a complete end-to-end evaluation of performance metrics, 
calibration, interpretability, robustness to LiDAR noise and sensor ablation, and computational efficiency. The 
authors also present a unified framework to effectively link research in algorithms with practical applications, 
providing useful insight into determining the suitability of AI-based models for embedded platforms on UAVs. 

 

3. Dataset and Preprocessing 

The autonomous navigation and obstacle avoidance sensor dataset for the UAV used in this study provides a 
realistic multimodal basis for assessing autonomous flight [28]. This dataset is composed of synchronized readings 
from LiDAR, GPS, IMU, and telemetry sensors, representing the diverse sensory configuration that small- to mid-
scale UAVs possess when operating autonomously. A record corresponds to a timestamped UAV shape containing 
geographic coordinates (latitude, longitude, height), inertial measurements (accelerator and gyroscope), LiDAR 
range to the nearest point, flight speed, wind speed, and battery status, and is paired with a binary obstacle-
detection label. This varied input organization allows to investigate how multiple sensors contribute collectively to 
inform obstacle-awareness mechanisms in flight under dynamic conditions. The dataset has a mixed nature where it 
includes urban, forest and mountainous terrains through both real flight data as well as simulation to balance 
evaluations of how well a model generalizes or deals with general disturbance. This variety, rather than being seen 
as a negative aspect, allows for evaluating algorithm performance across a range of environmental and signal 
characteristics. A natural occurrence of the above mentioned issues is that any obstacles encountered are less likely 
to exist, but more critical to the operation of either the UAV or human life. In the obstacle detected class (Positives) 
4.72% of the total number of 5,000 records are collected in a continuous sequence of flight at 1 Hz. An obstacle 
defined operationally via Lidar proximity with obstacle frames identified via a LiDAR distance less than 5m. 
Therefore, the class imbalance was preserved during training in order to reflect true prior probabilities as closely as 
possible while providing class-balanced loss formulations and using stratified splits wherever possible. 

Prior to training a model, data went through various preprocessing stages in order to equalize their signal and 
decrease cost for computation. The data was treated for outliers and missing data through the use of median 
imputation per sensor group, followed by standard normalisation through standard scaler transformation for 
numerical stability of all feature types. The raw data maintained its chronological ordering to preserve the physical 
causation of the data and had no train-test set leakage of data. The analysis of feature correlation suggested that 
LiDAR distances, IMU acceleration, and UAV speed were the three most significantly contributing variables to class 
separation and hence included as primary predictive variables in the analysis of features. In addition, whilst wind 
speed and battery levels have some degree of correlations respectively with the proximity of obstacles, these two 
variables had very weak correlations with each other therefore both were kept in the analysis to not compromise 
the ecological validity of the types of sensor fusion patterns generally observed with real-world UAVs. 

The dataset is a continuous time series that was split in chronological order using the first 80% of the data as a 
training set and the last 20% as a testing set (no shuffling). Five-fold Timeseries Split cross-validation was used to 
assess the consistency of model performance; all five validation sets were strictly later in time than the training data 
used for those five validations sets in order to avoid temporal leakage between adjacent and highly correlated 
recordings. Noise-injection and sensor-ablation experiments were then conducted to evaluate performance limits. 
This structured approach to data preprocessing provides reproducibility of downstream analyses, statistical 
validity, and compliance with embedded AI deployment constraints. 
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4. Methodology 

This section will describe the experimental design, which includes data representation, model architecture, training 
design, and evaluation criteria. In addition to standardized performance tests, the methodology also uses embedded 
evaluation tests and model interpretability tests to connect academic metrics to the practical application of 
unmanned aerial vehicle (UAV) systems. All of the methodology was designed to be reproducible, provide 
transparency in their computational implementation, and enable to test the models at a real-time embedded 
autonomous system environment. Evaluating models solely based on accuracy is insufficient, as UAV's lack of 
onboard resource capability necessitate lower-latency, lower-power models that can be constructed on the airframe 
while still providing predictive performance. Therefore, analyses of the volume of the data, inference response time 
and predictive performance of each trained model have been used to determine edge-compatibility for deployment. 
The resulting trade-off curve provides a means to select the appropriate model candidates for deployment on 
platforms such as NVIDIA Jetson and Raspberry Pi, enabling possible real-time applications. In addition, the use of 
SHAP (Shapley Additive Explanations) will provide a quantitative value on the contribution of each sensor to the 
output prediction from the model. This ability to explain the model will assist with safety certification, fault 
diagnosis, and user trust in the autonomous decision-making process. This also ensures that sensor-fusion models 
maintain transparency and their respective accountability in highly sensitive UAV applications. 

4.1 Data Representation 

The processed data was converted into a numerical matrix suitable for supervised learning. Each sample consisted 
of 13 continuous features representing various outputs from the UAV's sensors. The sensors include: 3 outputs from 
the 3D accelerometer and 3D gyroscope on the UAV; 1 output from the LiDAR sensor providing measurement of 
distance to the nearest obstacle; 1 output from the GPS providing information on the altitude of the UAV; 1 output 
from the GPS providing the speed of the UAV; output providing wind speed experienced by the UAV 1; and 1 output 
representing the battery level of the UAV. The two possible classes of the binary target label "obstacle_detected" 
were assigned values of 1 (for presence of the obstacle) or 0 (for no obstacle). Due to the vast range and large 
varying scales between the sensors; all feature values had their z-score normalised. No dimensionality reduction 
was performed in order to retain interpretability and allow fair comparisons to be made between linear, tree-based 
and neural models. The actual operational sequences were retained within the same partition with respect to the 
time order of the original data collection. The final feature matrix provides a balanced and dense representation of 
the input data in an optimised manner for both classical and deep learning architectures. 

4.2 Model Architectures 

Eight AI models were selected to capture diverse algorithmic families and decision mechanisms: 

• Classical Models: Logistic Regression (with class weighting) and Support Vector Classifier (RBF kernel) provided 
interpretable baselines for linearly and non-linearly separable data. 

• Probabilistic Model: Gaussian Naive Bayes captured low-complexity probabilistic relationships and served as a 
lightweight reference. 

• Instance-Based Model: k-Nearest Neighbors (k = 5, distance-weighted) was used to examine performance 
sensitivity to local neighborhood density. 

• Ensemble Models: Random Forest, XGBoost, and LightGBM were employed for their robustness to feature 
heterogeneity, parallelization efficiency, and superior generalization capacity. 

• Neural Model: A Multi-Layer Perceptron (MLP) and two hidden layers (64–32 neurons, ReLU activation, dropout 
= 0.2) was trained to model non-linear sensor dependencies. 

Each model will provide probability outputs enabling thresholds to be set uniformly, use of AUC as measure of 
ability. Ensemble methods have modelled the feasibility of embedded deployments by applying early stopping at a 
shallow depth; while MLP has an adaptive learning style by employing Adam optimization method. Figure 1 outlines 
the workflow employed in this study to outline the different phases of experimentation: Data Acquisition, Data 
Preprocessing, Model Training, Model Evaluation, Embedded Profiling and Explainability Analysis. 
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Fig. 1- Workflow of the proposed UAV obstacle-detection methodology. The four model families in Step 3 are 
trained in parallel and converge to a unified evaluation stage. 

 

4.3 Training Configuration 

A reproducible pipeline implemented in Python 3.12 with Scikit-learn, LightGBM, and XGBoost libraries was used 
for training and evaluation. This involved splitting the data into training (80%) and testing (20%) subsets, 
preserving temporal order. F1-score variance was estimated using (five-fold) Timeseries Split cross-validation. 

To save time and resources, hyperparameters were fine-tuned using a grid search across an idealized range based 
on how they would eventually be optimized in practice. All of the input data for all models was normalized, 
oversampling was done wherever applicable and weights were relatively balanced across each training set. For 
stochastic models (e.g., XGBoost, LightGBM, and MLP) an average of five trainings were run for each model to ensure 
stability. All of the hyperparameter settings and search ranges for each model can be found in Table 1. The 
threshold(s) for each model were obtained by maximizing the F1 score for the positive class (obstacle) on the 
validation data set. 
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Table 1- Hyperparameter search ranges and final values for the eight classifiers. 

Model Search range explored Final value(s)) 

Logistic Regression C ∈ {0.1, 1, 10} C = 1.0; penalty = L2; class_weight = balanced; max_iter = 2000 

SVC (RBF) C ∈ {0.1, 1, 10} C = 1.0; kernel = RBF; gamma = scale; class_weight = balanced 

k-NN k ∈ {3, 5, 7, 11} k = 5; weights = distance 

Gaussian NB var_smoothing (default) var_smoothing = 1e-9 

Random Forest n_estimators ∈ {100–500} n_estimators = 300; max_depth = None; class_weight = balanced 

XGBoost 
max_depth ∈ {3–6}; lr ∈ 
{0.01–0.1} 

n_estimators = 300; max_depth = 4; lr = 0.05; subsample = 0.9; 
colsample_bytree = 0.9; reg_lambda = 1.0; scale_pos_weight = auto 

LightGBM 
num_leaves ∈ {15–63}; lr ∈ 
{0.01–0.1} 

n_estimators = 500; num_leaves = 31; lr = 0.05; subsample = 0.9; 
colsample_bytree = 0.9; reg_lambda = 1.0; class_weight = balanced 

MLP hidden ∈ {(64,32), (128,64)} 
hidden = (64, 32); activation = ReLU; alpha = 1e-4; batch_size = 32; 
lr_init = 1e-3; solver = Adam; max_iter = 300 

 

4.4 Evaluation Metrics 

The model's performance was evaluated using several complementary metrics to ensure the accuracy, robustness, 
and efficiency of the results. The main metrics used in the evaluation included accuracy, F1 score, recall rate, and 
Area Under the ROC Curve (AUC) to assess classification effectiveness. Given the critical role of the UAV's navigation 
system in user safety, the recall rate for obstacle classification was considered the most important reliability metric. 

To gather information about deployment vetting, we recorded additional measurements (model size in MB, 
inference latency(ms/sample)), both measured on a standardized CPU environment. We created a combined 
efficiency ranking to show where there is balance in terms of performance vs required computation. We then used 
SHAP explainability to identify the main contributors (i.e., LiDAR distance and IMU dynamics) using feature-
attribution maps that allow for interpretability of the evaluation and support real-world UAV safety validation. 

 

5. Results and Discussion 

The section presents an overall description of the UAV obstacle-detection and autonomous-navigation architecture 
with an emphasis on the context-based versatility of machine-learning algorithms, sensor perturbation resilience, 
model training behavior, and interpretability. The tests in this section were performed based on the multi-sensor 
UAV dataset introduced in Section 3 according to the pipeline in Figure 1 above: 

 

5.1 Model Performance Overview 

The quantitative performance of all evaluated models is summarized in (Figures 2-4), where accuracy, F1-score, and 
recall for the obstacle-detected class are presented. 

• The ensemble learners XGBoost, LightGBM, and Random Forest achieved near-perfect results (F1 = 1.000, 0.981, 
and 0.979 ± 0.02, respectively), validating their capacity to model the complex nonlinear relationships between 
LiDAR distance, IMU dynamics, and environmental features. 

• The logistic regression model achieved high recall but lower F1 (0.585 ± 0.05) while maintaining its lightness and 
ease of interpretation. 

• MLP, SVC, and KNN exhibited slightly lower scores due to class-imbalance sensitivity, with F1 scores of 0.57, 0.53, 
and 0.03, respectively. 
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• Gaussian Naive Bayes performed exceptionally because a single dominate feature (LiDAR distance) nearly 
separates the classes. 

• A correlation audit in Figure 5 shows LiDAR distance has the dominant but non-deterministic association with 
the target (r = −0.36), while all other sensors have |r| < 0.05.  

Fig. 2- Accuracy comparison of all evaluated classifiers under chronological time-series evaluation (5-fold 
Timeseries Split, mean ± SD). 

Overall, ensemble methods provided the best trade-off between accuracy and calibration, with XGBoost emerging as 
the most reliable for embedded deployment.  

 

Fig. 3- F1-score comparison for the obstacle-detection class across all evaluated models under chronological 
time-series evaluation (5-fold Timeseries Split, mean ± SD). 
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Fig. 4 - Recall comparison for the obstacle-detection class across all evaluated models under chronological 
time-series evaluation (5-fold Timeseries Split, mean ± SD). 

 

Fig. 5 - Correlation matrix of input features and the target. 
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5.2 Model Training Dynamics 

Figure 6 shows the MLP's loss curve for thirty epochs, indicating that optimization occurred monotonically and 
stably without overfitting, thus supporting the convergence behavior of our model. The validation accuracy shown 
in Figure 7 appears to start stabilising about ten epochs, at roughly 96.8%. Therefore, the MLP is capable of learning 
generalisable features from the normalised sensor inputs, as well as having appropriate smooth learning 
characteristics for online learning. 

 

Fig. 6- MLP training-loss curve showing the decrease in loss over 30 training epochs. 

 

Fig. 7- Validation accuracy curve of the MLP model across 30 training epochs. 
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 Fig. 8- Receiver-operating-characteristic (ROC) curves of all evaluated classifiers under chronological 
evaluation. 

 

Fig. 9 - Precision–recall (PR) curves of all evaluated classifiers under chronological evaluation. 
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5.3 Robustness and Ablation Analysis 

Sensors were tested across various tasks with controlled LiDAR-noise injection and sensor ablation tests to evaluate 
their robustness. In the case of MLP as shown in Figure 10, MLP accuracy dropped slightly (≈ 5%) when Gaussian 
noise (σ = 0.5) was added to the LiDAR channel, and significantly lower accuracy was reported when LiDAR feature 
was completely removed. Even without the IMU + GPS data, accuracy stayed high (~ 0.91), but the obstacle-class F1 
collapsed to ≈ 0.04, showing single-cue dependence on LiDAR rather than true redundancy. These results confirm 
the robustness of the system against sensor degradation and noise, which is a notably necessary property of a UAV 

navigation system for real life applications. 

Fig. 10- MLP accuracy under LiDAR-noise injection and sensor-ablation conditions. 

 

5.4 Explainability and Feature Importance 

For robustness of interpretability and to promote that model decisions are consistent with the actual physics of the 
UAV dynamics, two top-performing ensemble models were used, and model explanations were provided by SHAP. 
Figures 10 and 11 show the absolute SHAP values across features on average for all the sensors, which is a global 
measure of each sensor’s contribution to the obstacle detection performance. LiDAR distance was by far the most 
contributing value in both models, followed by IMU gyroscope and accelerometer signals. Middle input variables like 
battery level and wind speed had minor effects, suggesting there was not much prediction bias from environmental 
or power variability. 

The most relevant features follow the expected behavior of the UAV during flight, and this hierarchy is expected as 
decisions regarding obstacle-avoidance rely heavily on proximity and motion dynamics. For additional confirmation 
of the directionality and fairness of these effects, SHAP bee swarm visualizations were produced for each of the two 
models (13 and 14). Each point represents a single prediction, with color intensity denoting the raw feature value 
and the horizontal position indicating the feature’s impact on the model’s output. In both examples, low LiDAR 
values (obstacles detected in close distance) moved predictions sharply in the direction of the “obstacle present” 
class (positive SHAP values), while high LiDAR values pushed outputs in the opposite direction, towards “no 
obstacle.” Across both models, LiDAR distance exhibits the widest SHAP spread, confirming it as the single most 
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influential feature, while the remaining features—battery level, wind speed, GPS coordinates, and the linear-
acceleration axes—cluster tightly around zero SHAP value, providing direct visual confirmation of the single-cue 
dominance also observed in the ablation study, Table 4. 

Angular-velocity IMU readings were also intuitive: the model found more obstacles when the sensor was rotating 
faster, implicating a more evasive or corrective motion. The distribution overlap over both models exhibits stable 
and interpretable sensor-feature relationships overall, fitting to noise. Collectively, these analyses corroborate that 
the ensemble learners here proposed make decisions based on physically interpretable cues. The matching global 
(bar) and local (beeswarm) SHAP interpretations strengthens model confidence and prepares the way for future 
safety-certified deployment on embedded UAV platforms 

 

 

Fig. 11- SHAP feature-importance ranking for LightGBM based on mean absolute SHAP values. 



Abdullah Thair Al-Obaidi, Journal of Al-Qadisiyah for Computer Science and Mathematics Vol.18.(3) 2026,pp.Comp 499–516                     511 

 

 

 

Fig. 12- SHAP feature-importance ranking for XGBoost based on mean absolute SHAP values. 

 

 

Fig. 13- SHAP beeswarm summary plot for LightGBM. each point represents one prediction, and color 
indicates feature magnitude. 
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Fig. 14- SHAP beeswarm summary plot for XGBoost. color indicates feature magnitude, and horizontal 
position shows the feature impact on model output. 

 

5.5 Comparison 

Table 2 summarizes the comparative evaluation results of all classifiers under chronological time-series evaluation. 
The tree-based ensembles (Random Forest, XGBoost, LightGBM) achieved the strongest obstacle-class performance 
(F1 ≥ 0.98), confirming their capacity to capture the nonlinear sensor relationships, while linear and instance-based 
models scored markedly lower. 

 

Table 2. Performance of all classifiers under chronological time-series evaluation (5-fold Timeseries Split, 
mean ± standard deviation), using the standard 0.5 decision threshold. 

Model Accuracy F1(Obstacle) Recall (Obstacle) AUC 

Random Forest 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 

LightGBM 0.998 ± 0.002 0.981 ± 0.020 0.991 ± 0.017 1.000 ± 0.000 

XGBoost 0.998 ± 0.003 0.979 ± 0.024 1.000 ± 0.000 1.000 ± 0.000 

Gaussian NB 0.995 ± 0.003 0.949 ± 0.030 0.910 ± 0.055 1.000 ± 0.000 

Logistic Regression 0.928 ± 0.016 0.585 ± 0.047 1.000 ± 0.000 0.999 ± 0.001 

MLP (64-32) 0.965 ± 0.012 0.568 ± 0.186 0.502 ± 0.200 0.971 ± 0.021 

SVC (RBF) 0.964 ± 0.011 0.533 ± 0.218 0.470 ± 0.214 0.976 ± 0.013 

kNN 0.949 ± 0.004 0.029 ± 0.039 0.016 ± 0.021 0.705 ± 0.055 

 

Under chronological evaluation, Logistic Regression maintained high recall (1.000) but a markedly lower F1 (0.585 
± 0.047), reflecting reduced precision on the minority obstacle class; unlike the tree ensembles, the linear model 
captures the LiDAR proximity threshold only approximately. The MLP and SVC models showed the largest 
variability across temporal folds (F1 = 0.568 ± 0.186 and 0.533 ± 0.218, respectively), indicating sensitivity to the 
non-stationary distribution of the time-series data. 
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The k-Nearest Neighbor model performed poorly on all metrics, which can be attributed to its reliance on local-
distance information and inability to generalize across the global space. Besides prediction accuracy, the 
effectiveness of real-time deployment on embedded UAV processors is also important. Model size and latency per 
sample on inference are shown in Table 3. The least memory and fastest infering (<0.001 ms / sample) classifiers 
were Logistic Regression and GaussianNB and the classifier which had performance and reasonable latency 
(~0.0027 ms / sample) was XGBoost. The tree-based ensembles were moderately heavier, but still reasonable for 
near-real-time applications. In terms of model size (1.45 MB) and latency, random forest was the largest and slowest 
overall and therefore less suitable for constrained onboard platforms. 

Table 3. model size and inference latency per sample for all evaluated classifiers. 

Model Size (MB) Latency (ms / sample) 

MLP 0.099 0.00107 

Logistic Regression 0.00076 0.00033 

SVC 0.09197 0.04950 

kNN 0.517 0.153 

XGBoost 0.251 0.00272 

LightGBM 0.552 0.0169 

GaussianNB 0.00093 0.00068 

Random Forest 1.451 0.109 

 

The ablation experiments for MLP in Table 4 show a smooth accuracy decline from 0.98 to 0.94 as LiDAR noise 
increases from 0.0 to 0.5. When LiDAR is removed entirely, accuracy remains deceptively high (≈ 0.91) only because 
of the dominant no-obstacle class, whereas the obstacle-class F1 collapses to ≈ 0.04. This confirms that the detection 
signal is concentrated almost entirely in the LiDAR proximity channel; IMU and GPS alone are insufficient to detect 
obstacles, revealing a limitation of single-cue dominance rather than genuine sensor redundancy. Note that Table 4 
reports the MLP under the robustness harness at fixed 0.5 threshold on single fold and is therefore not directly 
comparable to the cross-validated results in Table 2. 

Table 4. Ablation results for MLP under LiDAR-noise injection and sensor-removal conditions. 

Scenario Accuracy F1 (Positive) Recall (Positive) AUC 

LiDAR noise (x0.0) 0.980 0.800 0.851 0.991 

LiDAR noise (x0.1) 0.960 0.600 0.638 0.980 

LiDAR noise (x0.3) 0.947 0.454 0.468 0.933 

LiDAR noise (x0.5) 0.936 0.347 0.362 0.879 

No LiDAR 0.912 0.043 0.043 0.505 

IMU + GPS only 0.916 0.045 0.043 0.510 

 

5.6 Discussion 

The results summarized in (Tables 2–4) and (Figures 8–14) collectively illustrate the trade‑off between predictive 
accuracy, computational efficiency, and interpretability in UAV obstacle detection. As shown in Table 2, we observed 
that Random Forest, XGBoost and LightGBM provided the highest predictive Accuracy, F1‑score, Recall, and AUC of 
1.00. It was also found to achieve similar performance across independent runs, which indicates stable model 
outputs, rather than random model responses. Indeed, while this idealized performance could raise concern about 
dataset bias or limited variability, ablation in Table 4 is bolstered by these and the SHAP-based importance of 
features illustrated in (Figures 11–14). LiDAR readings and IMU gyroscope data are the most important features, a 
fact that is physically plausible, as obstacle detection is largely associated with proximity and motion dynamics. As 
shown in Table 3, Logistic Regression and GaussianNB are still competitors for low-power embedded hardware 
thanks to their low latency and small memory footprint. For instance, XGBoost and LightGBM have superior 
predictive performance but greater computational costs, whereas Random Forest, in spite of its accuracy, is less 
attractive due to its larger size and latency. Similarly, the ablation study reveals the pivotal role of LiDAR, as the 
higher the LiDAR noise, the more both accuracy and positive-class performance suffered, while completely 
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removing LiDAR led to a sharp drop in F1‑score and AUC, indicating that IMU and GPS on their own may not suffice. 
Finally, SHAP results show that model decisions were made based not on spurious correlations but were made on 
the basis of physically meaningful features, which the global rankings and local beeswarm patterns agreed on. 
Finally, the framework is capable of maintaining a trade‑off between accuracy, efficiency, robustness, and 
interpretability in practice, making it applicable for future research efforts on adaptive learning, sensor calibration, 
and trusted UAV navigation systems. These findings align with prior surveys reporting that ensemble and AI-based 
methods are well-suited to UAV obstacle detection and multi-sensor fusion [2], [6]. Our work additionally reports 
model size and inference latency, exposing an accuracy-versus-deployability trade-off relevant to embedded UAV 
platforms [22], [25], and confirms—consistent with LiDAR sensor-fusion analyses [17], [18]—that the LiDAR 
proximity channel dominates the obstacle decision. 

 

6. Conclusion and future work  

According to the findings, Random Forest, XGBoost and LightGBM are reportedly the most efficient models. The 
Random Forest, XGBoost and LightGBM models displayed superior operational efficiency (more effective) than the 
other competitors, which include MLP, Logistic Regression, GaussianNB, SVC and KNN. Furthermore, each model's 
output can be validated using SHAP plots and the results also indicate positive results. More importantly, most of 
the decision making for each model was based on features associated with LiDAR distance measurements and IMU 
motion characteristics; thus, it is justifiable to interpret these models' outputs as non-black boxes and therefore 
simplify interpretation. Finally, it is determined that size alone can be an important factor in the efficiency of models 
when utilizing drones. Specifically, the Logistic Regression and GaussianNB do not require as much computation and 
therefore are still viable models for UAV applications. The results of the ablation tests demonstrate that all three 
model systems use LiDAR data as a feature. When the models are not provided with this feature, they show a 
markedly lower detection rate compared to when they receive LiDAR data. Therefore, conducting further research 
with real UAV devices will assist in determining the power consumption, as well as the performance stability of the 
model systems as they continue to receive LiDAR. In addition, conducting tests under difficult conditions such as 
partial data loss, excessive noise from LiDAR systems, delay in communications from the control systems, and 
weather problems will provide valuable data for future research. Lastly, it would be beneficial to develop an 
adaptable algorithm for sensory fusion that allows for adjusting the coefficient used when combining sensory input 
based on the amount of confidence that can be assigned to each of the four sensor types: LiDAR, IMU, GPS, and 
telemetry during flight operations. 
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Nomenclature: 

UAV Unmanned Aerial Vehicle 

LiDAR Light Detection and Ranging 

GPS Global Positioning System 

IMU Inertial Measurement Unit 

SVC Support Vector Classifier 

kNN k-Nearest Neighbors 

GNB Gaussian Naive Bayes 

XGBoost Extreme Gradient Boosting 

LightGBM Light Gradient Boosting Machine 

MLP Multi-Layer Perceptron 

SHAP Shapley Additive explanations 


