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Abstract—Pipeline leakages involving oil and water pose signif-
icant environmental and economic risks, motivating the need for
timely and reliable surface leak detection techniques. This paper
presents a proof-of-concept study that investigates the use of UAV-
based multispectral imagery and deep learning for detecting and
distinguishing surface oil and water leaks over soil backgrounds.
Multispectral data were acquired using a UAV-mounted sensor
under controlled experimental conditions and processed through
a radiometric and geometric correction pipeline. Spectral analysis
was conducted to assess band-wise separability, highlighting the
effectiveness of Red and Red-Edge bands for oil–water discrim-
ination. Multiple object detection models, including YOLOv11,
RT-DETR, Faster R-CNN, and a fusion-based YOLOv11-RGBT
variant, were evaluated using these inputs. Experimental results
demonstrate that single-band models achieve robust detection
performance, with YOLOv11 attaining detection accuracies of
92.8% for oil and 98.1% for water, while RT-DETR and Faster
R-CNN demonstrated comparable accuracy. The fusion-based
YOLOv11-RGBT model achieved lower performance, likely due
to limited dataset size for effective cross-band feature learning.
Overall, the findings demonstrate that UAV-based multispectral
sensing combined with deep learning offers a practical solution
for localized surface leakage monitoring.

Index Terms—UAV Remote Sensing, Multispectral Imaging,
Surface Oil and Water Leak Discrimination, Object Detection,
Deep Learning, Spectral Analysis, Environmental Monitoring

I. INTRODUCTION

Pipeline leakage in oil and water distribution systems rep-
resents a critical challenge for modern infrastructure. This
leakage typically stems from aging assets, corrosion, ground
movement, inadequate monitoring, and vandalism [1]. Oil
leaks can cause severe environmental damage by degrading
vegetation, contaminating soil and water resources, and threat-
ening human and aquatic health [2]. Water leakage, on the
other hand, results in substantial global losses, estimated at
10–40 %, and increases operational costs due to the additional
energy required for treatment and distribution [3].
Traditionally, pipeline leaks are identified through visual
inspections, where surface cues such as darkened soil or
abnormal vegetation indicate possible leakage. Beyond di-
rect observation, ground-based methods like acoustic sensing
and ground-penetrating radar offer effective alternatives by
leveraging indirect measurements [4–7], but these methods
are often expensive, labor-intensive, and limited in coverage.
Inline inspection robots equipped with cameras and sensors
can detect internal defects such as cracks and corrosion in

real time [8, 9]; however, their use is confined to localized
inspections and unsuited for wide-area monitoring.
Remote sensing provides a non-invasive and scalable solution
for large-scale leakage monitoring. Various sensors can be
integrated into satellite and UAV platforms, ranging from
passive systems such as multispectral, thermal, hyperspectral,
and infrared imaging to active technologies like LiDAR, radar,
and laser fluorosensors [10]. Satellite based studies have
demonstrated strong potential for oil and water detection;
for example, [11] evaluated extensive band and band-ratio
combinations to achieve near-perfect oil–water separability for
marine oil spill detection, while [12] employed a convolutional
neural network to classify satellite images into leak and non-
leak categories, with 81% accuracy. While satellite missions
like Sentinel, Landsat, and RADARSAT provide extensive
coverage, UAV platforms with their low-alitude operation
delivers higher spatial resolution and flexibility, capturing lo-
calized or early-stage leaks that satellite imagery often misses.
Specifically, [13] evaluated three UAV-mounted sensors for
underground water pipeline leak detection, where ground-
penetrating radar outperformed thermal and multispectral cam-
eras across various burial depths. Using UAV-mounted multi-
spectral sensors, [14] detected oil pollution on water surfaces
through spectral brightness indices, while [15] introduced
ResS-UNet, a lightweight semantic segmentation framework
for terrestrial oil spill detection that achieves a recognition
accuracy of 96.52% even with small multispectral datasets.
Despite these advances, most existing studies address oil
[16, 17] or water [18, 19] leakage independently, or focus
on oil-on-water scenarios [20, 21], with limited work on
distinguishing oil and water leaks over soil backgrounds. This
distinction is important because both leak types can appear
visually similar under RGB imaging, yet require different mit-
igation responses. Motivated by this gap, this study proposes a
UAV-based multispectral imaging framework for detecting and
distinguishing oil and water surface leaks over soil using deep
learning. This study evaluates passive sensing under controlled
field conditions, identifies informative spectral bands, and
evaluates various deep learning architectures. The paper is
organized as follows: Section II presents data acquisition,
spectral analysis, and model evaluation; Section III reports
results; and Section IV discusses findings, limitations, and
implications.



II. METHODOLOGY

A. UAV-Based Multispectral Data Acquisition and Processing

Multispectral data were acquired using a MicaSense
RedEdge-P camera rigidly mounted on the lower frame plate
of a standard quadcopter (UAV) to ensure stable alignment and
minimal vibration. The camera was enclosed in a housing pow-
ered by an independent battery. The UAV was also equipped
with a Pixhawk Orange Cube flight controller, a Here3+ GNSS
module, and a 6-cell 10,000 mAh Li-Po battery, resulting in
a 3 kg takeoff weight with a 30-minute flight duration. The
RedEdge-P camera captures five multispectral bands (Blue,
Green, Red, Red-Edge, and Near-Infrared (NIR)) each with a
resolution of 1456 × 1088 pixels (1.6 MP), along with a high-
resolution panchromatic band of 2464 × 2056 pixels[22]. All
imagery was stored onboard for offline processing.
Data were acquired over multiple UAV flights across three
days at 15–25 m AGL and 2 m/s under clear-sky conditions
(10:00 AM–1:00 PM), with most spill events imaged within
30 minutes. Experiments used multiple 1 m×1 m soil patches
(dark gardening soil mixed with red soil), spaced 10 m apart,
with oil volumes of 5–50 ml and water volumes of 100–
400 ml. Selected plots included up to 60% vegetation. Flights
were pre-planned using Mission Planner with 80% forward
overlap and 60% sidelap, yielding a ground sampling distance
of 0.94–1.57 cm/pixel. Additional dataset details and results
are available at: https://surface-leakage-detection.github.io/
Prior to each flight, radiometric calibration was performed
using a calibrated reflectance panel to derive band-specific
coefficients and apply dark-frame corrections [23]. The mul-
tispectral images were subsequently processed through an
offline pipeline comprising radiometric correction, geometric
band co-registration, and pan-sharpening. The co-registration
step utilizes precomputed warp matrices to align all spectral
bands into a spatially consistent stack, ensuring each pixel
represents the same geographic point. This process generates
spatially enhanced outputs, including radiometrically corrected
multispectral data and metadata essential for reproducible
analysis [24, 25]. An overview of the UAV-based data acqui-
sition and processing workflow is shown in Fig. 1.
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Fig. 1. Overview of the UAV-based multispectral data acquisition and
processing pipeline

B. Spectral Analysis for Band Selection

A systematic, band-wise analysis was performed on radio-
metrically corrected multispectral data to identify the most
informative spectral bands for oil–water discrimination on soil
surfaces, utilizing the following methods:

1) Histogram-Based Spectral Response Analysis: His-
togram analysis was performed to assess oil–water separability
by comparing pixel intensity distributions across individual
spectral bands. As shown in Fig. 2, the Red-Edge band
exhibits the strongest separation between oil and water, with
clearly separated peaks and minimal overlap. The Red band
also shows discernible separation, though with greater overlap
between classes. In contrast, the Blue, NIR, and Panchromatic
bands display substantial overlap, indicating limited discrimi-
native capability under the tested conditions.

2) Statistical Separability Analysis: To complement the
histogram analysis, first-order statistical measures, including
class-wise mean and variability, were computed for each band
to assess inter-class separability and intra-class variability. Ad-
ditionally, the Jeffries–Matusita (JM) [26] distance was used
as a probabilistic separability metric, as it captures differences
between full class distributions rather than relying solely on
mean separation. Higher mean differences, lower variance, and
larger JM values indicate improved discriminative potential.
Table I summarizes the statistical separability results.

TABLE I
SPECTRAL STATISTICS AND JEFFRIES–MATUSITA (JM) SEPARABILITY

FOR OIL AND WATER

Band MeanW MeanO ∆ JM

Red (668 nm) 15 212.47 12 614.65 ∼2 598 0.2918
Green (560 nm) 14 079.61 11 044.08 ∼3 035 0.4964
Blue (475 nm) 7 328.22 8 175.25 ∼847 0.1642
Red-Edge (717 nm) 20 766.75 15 916.18 ∼4 850 0.6545
NIR (842 nm) 22 269.29 22 262.17 ∼7 0.0335
Panchromatic (634.5 nm) 15 400.45 15 709.60 ∼309 0.0821

The Red-Edge band achieves the highest inter-class mean
difference (∆ ≈ 4850 DN) and the largest JM distance among
individual bands, indicating superior oil–water separability due
to lower intra-class variability. Although the Red band shows
substantial mean separation (∆ ≈ 2598 DN); but increased
intra-class variability reduces its JM value. Conversely, the
Blue, NIR, and Panchromatic bands exhibit minimal mean dif-
ferences and near-zero JM distances, confirming their limited
suitability for oil–water discrimination.
To evaluate the combined contribution of the Red and Red-
Edge bands, a multivariate JM distance was computed. The
result (JM = 0.673) indicates moderate improvement, sug-
gesting that multi-band information can enhance oil–water
discrimination, particularly where individual band responses
are ambiguous. As shown in Table I, the Green band exhibits
moderate separability (JM = 0.4964) due to high intra-class
variability. Despite slight JM improvements (0.668) when
paired with Red-Edge, the Green band was excluded in favor
of Red and Red-Edge due to poor visual contrast (Fig. 1) and
weak preliminary detection results.

https://surface-leakage-detection.github.io/


Fig. 2. Histogram comparison of oil and water pixel intensity distributions across spectral bands, with the Red-Edge band exhibiting the highest
separability.

C. Multispectral Dataset Preparation and Comparative Model
Evaluation

Based on spectral analysis, a dataset of 512 Red and Red-
Edge images was constructed. Single-channel 16-bit .tif
images acquired from the multispectral sensor were converted
to three-channel 8-bit RGB format for compatibility with stan-
dard object detection frameworks, with intensities normalized
to 0–255 using Pillow (PIL) [27] and Rasterio [28].
Images were manually annotated in LabelImg [29] with two
classes: oil and water, and divided using a standard 80:20
training/validation split widely adopted in detection literature.
To compare complementary detection paradigms, YOLOv11
[30], RT-DETR [31], and Faster R-CNN [32] were selected,
representing one-stage, transformer-based, and two-stage de-
tectors, respectively. YOLOv11 emphasizes real-time effi-
ciency, RT-DETR uses global attention for feature reasoning,
while Faster R-CNN provides a strong localization baseline.
These detectors were trained independently on Red and Red-
Edge inputs. In addition, YOLOv11-RGBT [33], a mid-fusion
multispectral detection framework, was evaluated to exam-
ine whether combining both bands improves performance.
All experiments were implemented in PyTorch 2.5.1 with
CUDA 12.1 and cuDNN 8.9.7. System specifications are
summarized in Table II.

TABLE II
SYSTEM SPECIFICATIONS FOR MODEL TRAINING AND EVALUATION

Component Training Evaluation

Operating System Windows 11 Pro Ubuntu 22.04.5 LTS
CPU AMD Ryzen 9 7950X3D Intel i7-12700K (12th Gen)
GPU RTX A6000 (48 GB) RTX 3080 Ti (12 GB)
RAM 128 GB DDR5 16 GB DDR4

III. EXPERIMENTAL RESULTS

A. Oil and Water Leak Detection Performance

Each model was trained on the proposed multispectral
dataset using pretrained COCO weights, with performance
metrics summarized in Table III. Among the architectures,
YOLOv11 and RT-DETR achieved superior performance, both
exceeding 0.98 mAP@50 overall. YOLOv11 provided the
highest localization precision (0.806 mAP@50:95), while RT-
DETR demonstrated the most balanced metrics, particularly
for the oil class (0.989 recall). Faster R-CNN yielded reliable
detection (0.963 mAP@50) but showed significantly lower
localization accuracy (0.560 mAP@50:95), indicating a per-
formance gap in precise bounding box regression.
The fusion-based YOLOv11-RGBT model, which combines
Red and Red-Edge inputs, underperformed relative to single-
band models, achieving an overall mAP@50 of 0.819. The
reduced performance, particularly the lower oil recall (0.665),
suggests that standard mid-level fusion architectures may
require larger datasets to learn effective cross-modal repre-
sentations.

B. Computational Performance and Inference Efficiency

Per-image processing time was evaluated for each model
on the evaluation system listed in Table II. The reported
times include multispectral processing, image saving, and
inference, while the one-time warp matrix generation time is
excluded. As summarized in Table IV, YOLOv11 achieved the
lowest inference time (0.016 s), demonstrating suitability for
near real-time operation, whereas the fusion-based YOLOv11-
RGBT incurred higher latency due to dual-channel feature
fusion.



TABLE III
PERFORMANCE METRICS OF MODELS ON OIL AND WATER DETECTION

Model Class mAP@50 mAP@50:95 Precision Recall Red Red-Edge

YOLOv11

Oil 0.984 0.714 0.960 0.914

Water 0.994 0.899 0.983 0.987

Overall 0.989 0.806 0.972 0.951

Faster R-CNN

Oil 0.933 0.427 0.933 0.957

Water 0.993 0.693 0.993 1.000

Overall 0.963 0.560 0.963 0.979

RT-DETR

Oil 0.991 0.719 0.978 0.989

Water 0.994 0.877 0.988 0.992

Overall 0.992 0.798 0.983 0.990

YOLOv11-RGBT

Oil 0.751 0.397 0.821 0.665

Water 0.887 0.663 0.934 0.827

Overall 0.819 0.512 0.832 0.737

Resources: The multispectral dataset, performance metrics (loss plots, mAP curves, and confusion matrices), and extended analysis of additional test
and unseen images are publicly available at the project website: https://surface-leakage-detection.github.io/

TABLE IV
MODEL PROCESSING TIME FOR A SINGLE IMAGE

Metric YOLOv11 Faster R-CNN RT-DETR YOLOv11-RGBT (fusion)

Warp Matrix Gen.† 38.0 s (one-time per flight, excluded)
Multispectral Proc. & Save 72.73 µs
Inference Time (s) 0.016 0.042 0.027 0.109
Total Time (s) 0.01607 0.04207 0.02707 0.10907

† The warp matrix is generated once per flight by fusing a set of panel and
multispectral images, hence its exclusion from per-image analysis.

IV. DISCUSSION

Experimental results demonstrate that UAV-based multi-
spectral imagery can reliably distinguish surface oil and water
leaks over soil backgrounds, with spectral analysis identifying
the Red and Red-Edge bands as the most discriminative. Using
these bands, YOLOv11 and RT-DETR achieved high detection
accuracy, successfully identifying oil leak volumes as low as
5 ml and maintaining robustness under partial occlusion and
vegetation-induced shadowing. A key outcome of this study
is the real-time feasibility of the proposed pipeline. As shown
in Table IV, the YOLOv11 inference time of approximately
0.01 s accounts for less than 5% of the 0.33 s six-band acqui-
sition interval, confirming that a suitable companion computer
can perform onboard detection without data bottlenecks.

Despite high accuracy at low volumes, generalizing models for
operational use remains challenging due to limited data and
single-site acquisition. Future efforts will focus on expanding
the dataset to include varied illumination, surface heterogene-
ity, and altitudes up to 100 m AGL. This dataset will facilitate
a transition from pre-trained weights to training from scratch.
Future work will also investigate six-band fusion, driven by
the full stack’s high 1.284 JM distance. In parallel, custom
spectral indices will be evaluated, as these approaches may im-
prove oil–water separability beyond the single and dual-band
methods evaluated in this study. Through these advancements,
we aim to bridge the gap between experimental validation
and deployment of fully autonomous, real-time surface leak
detection systems for critical energy infrastructure.
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[19] C. Chatelard, J. S. Muñoz, J.-C. Krapez, C. Mazel, V. Oli-
chon, J. B. Polo, Y.-M. Frédéric, F. Hélias, P. Barillot,
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