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Abstract

Thermal UAV detection from mobile platforms is difficult be-
cause camera ego-motion corrupts the motion cues needed
to detect small airborne targets. We present an optical flow-
enhanced YOLO detector that fuses thermal appearance with
dense horizontal and vertical flow channels through a cus-
tom OpticalFlowConv stem. On the Anti-UAV thermal
benchmark (233,667 frames across 205 sequences), using
a sequential per-sequence split that preserves temporal or-
der, the proposed detector reaches 35.8% mAP50 and 21.9%
mAP50-95, outperforming a single-frame YOLO11 baseline
by 11.3 mAP50 points and a frame-differencing baseline
by 9.1 points. These results support motion-enhanced ther-
mal detection as a practical sensing component for mobile
tactical C-UAV systems under significant camera motion.

1. Introduction

Small unmanned aerial vehicles (UAVs) have become tac-
tically relevant surveillance and attack platforms because
they are inexpensive, widely available, and difficult to detect
at operationally useful ranges [5, 11]. For force protection,
border security, convoy defense, and critical-infrastructure
security, a counter-UAV (C-UAV) sensor must detect a small
target early enough to cue operators or downstream effec-
tors. Thermal infrared (IR) sensing is attractive for this role
because it operates day and night and remains useful in low
illumination, haze, and cold-weather environments where
visible-spectrum systems degrade [0, 14].

The problem becomes substantially harder when the ther-
mal sensor is itself moving. Handheld, vehicle-mounted,
shipborne, and airborne cameras induce strong global motion
that contaminates the very temporal cues needed to distin-
guish a UAV from cluttered background structure. Classical
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background subtraction and simple frame differencing are

brittle under this ego-motion regime [6, 17]. At the same

time, appearance-only detectors struggle when the target
spans only 15-40 pixels and thermal contrast varies with

range, aspect, and atmospheric conditions [4, 10].

This paper addresses that gap with an optical flow-
enhanced thermal detector designed for mobile tactical
C-UAV sensing. We compute dense Farneback optical
flow between consecutive thermal frames and fuse ther-
mal appearance with horizontal and vertical motion chan-
nels inside a modified YOLOI1 detector. A custom
OpticalFlowConv stem processes appearance and mo-
tion through dedicated branches before adaptive fusion, al-
lowing the network to exploit complementary cues rather
than forcing a standard convolution to treat all channels
identically. For operational use, detector outputs may be
passed to BoT-SORT and temporal-coherence filtering for
track continuity and false-alarm suppression.

We evaluate on the Anti-UAV thermal benchmark [10],
comprising 233,667 frames over 205 sequences. All splits
preserve temporal order within each sequence; frames are
never sampled randomly across time. Under this sequen-
tial per-sequence protocol, the proposed detector improves
mAP50 from 24.5 to 35.8. These results indicate that motion-
aware thermal sensing materially strengthens mobile C-UAV
detection under camera ego-motion.

Our contributions are as follows:

* We formulate mobile thermal UAV detection as a

joint appearance—motion problem and construct a three-

channel thermal/flow representation tailored to ego-
motion-dominated scenes.

We introduce OpticalFlowConv, a lightweight dual-

path stem that separately processes thermal appearance

and optical flow before learnable fusion inside a YOLO11
detector.

* We present an overlay-aware preprocessing pipeline and
a sequential per-sequence evaluation protocol on 233,667
Anti-UAV thermal frames, preserving temporal order
rather than randomly sampling frames.
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* We show that motion-enhanced thermal detection yields
consistent gains in both overall accuracy and high-motion
robustness for tactical mobile C-UAV sensing.

2. Related Work

Thermal and vision-based C-UAV detection. Small UAVs
present an asymmetric threat profile: they are inexpensive,
maneuverable, and difficult to detect with conventional long-
range sensors [5]. Visible and infrared systems therefore
remain central to many counter-UAV architectures, particu-
larly for short- and medium-range cueing. Thermal sensing
is especially relevant for tactical deployments because it
provides day/night operation and preserves target contrast
when visible imagery is degraded [6, 14]. Prior work has
addressed UAV detection in aerial video [2, 12] and infrared
tracking [14], but many systems assume static or only mildly
dynamic cameras. The Anti-UAV benchmark [10] provides
a strong basis for standardized evaluation, yet robust ther-
mal detection under pronounced camera ego-motion remains
underexplored.

Motion cues for small-object detection. Temporal in-
formation is valuable when the target occupies only a few
pixels, and several methods exploit multi-frame features,
frame differencing, or motion estimation to improve sensi-
tivity [15, 16]. Classical frame differencing and background
subtraction are computationally light but degrade when the
camera itself moves [6, 17]. Dense optical flow provides
a richer motion description. Farneback flow [8] remains
attractive for mobile systems because it offers reasonable
accuracy at a modest computational cost, whereas deeper
flow estimators such as FlowNet [7] and FlowFormer [9]
are often too heavy for embedded size, weight, and power
(SWaP) budgets.

Tracking for operational continuity. Tactical deploy-
ment also requires that detections persist over time rather
than appearing as isolated frame-wise alarms. Online track-
ers such as SORT [3], ByteTrack [18], and BoT-SORT [1]
combine motion prediction and data association to maintain
target custody. In this paper, tracking is treated as an opera-
tional extension layered on top of the detector, rather than as
the primary benchmark contribution. Our central objective
is to improve thermal UAV detection under mobile-platform
ego-motion while retaining compatibility with real-time C-
UAYV workflows.

3. Methodology

3.1. System Overview

The proposed system is designed as a mobile thermal sens-
ing stack for tactical C-UAV operations under significant
camera ego-motion. Figure | summarizes the processing
flow. Consecutive thermal frames are first passed through a
dense Farneback optical-flow estimator to produce horizon-
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Figure 1. Three-channel detector input: current thermal frame /¢,
horizontal flow %, and vertical flow ;.

tal and vertical motion channels. The current thermal frame
and the two motion channels are then fused into a three-
channel tensor processed by a modified YOLO11 detector.
For operational continuity, detector outputs may optionally
be passed to BoT-SORT and a temporal-coherence filter to
stabilize tracks and suppress spurious alarms. Unless oth-
erwise stated, the quantitative benchmark metrics in Sec. 4
are reported at the detector stage so that the contribution of
the motion-enhanced detector is isolated from downstream
heuristics.

3.2. Dense Optical Flow and Three-Channel Con-
struction

Given consecutive preprocessed thermal frames I;_1, [; €
RZXW " we estimate dense optical flow with Farneback’s
method [8] to obtain a motion field F; = (u, v¢). A coarse-
to-fine Gaussian pyramid is used to capture both large plat-
form motion and the much smaller displacements generated
by distant UAV targets. Because the raw flow channels ex-
hibit broader and more asymmetric dynamic range than the
thermal image, we apply a fixed affine normalization de-
rived from the training split statistics and map each flow
component to a compact processing range.
The detector input is then constructed as

Xy = [I, iy, o) € REXW>3] (1

where I; carries thermal appearance and (i, 0;) carry di-
rectional motion cues. This representation preserves the
information required to distinguish true target motion from
camera-induced background flow.

3.3. OpticalFlowConv Stem

Standard convolutional stems mix all input channels with
a single bank of filters, which is suboptimal for heteroge-
neous thermal and motion inputs. We therefore replace the
first YOLO11 convolution with OpticalFlowConv, a
dual-path stem with a dedicated appearance branch and a
dedicated motion branch:

Fﬂow = CODVHOW([ﬂt, rDt])
2)

The appearance branch maps 1 — 32 channels and special-

izes in thermal target structure, while the motion branch

Fapp = Convapp (1),
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Figure 2. Thermal frame and optical-flow channels with ground-
truth annotation. The UAV target remains small in appearance
space but exhibits a distinctive localized motion signature in the
horizontal and vertical flow components.

maps 2 — 32 channels and specializes in directional flow
patterns. The two branches are fused with learnable weights

o = softmax(wy,),

3)
The fusion prior is initialized in favor of appearance
(0.6,0.4) and converges near (0.58,0.42) during training,
indicating that both cues contribute materially to the final
representation.

3.4. Detector Backbone and Training

The fused features replace the standard YOLOI11 input
stem; the remaining detector follows the standard anchor-
free YOLO11 design with a C2f backbone, SPPF aggrega-
tion, a PAN/FPN neck, and decoupled prediction heads [13].
Bounding-box regression uses CloU loss [19], while ob-
jectness and classification are optimized with binary cross-
entropy. All processed frames are resized to a common
network resolution after preprocessing.

Training uses AdamW with cosine annealing learning
rate decay from 5 x 107% to 1 x 107%, a 3-epoch warmup,
gradient clipping at 10.0, and standard augmentation in-
cluding mosaic, mixup, random flip, and photometric per-
turbations where applicable. Under the sequential training
split described below, the detector is optimized on 151,712
frames and converges in approximately 6—8 hours on a single
CUDA-capable GPU.

3.5. Operational Tracking and Temporal Coher-
ence

For deployment-oriented use, detector outputs can be at-
tached to BoT-SORT [1] in order to preserve track conti-
nuity under short-term misses and camera disturbance. We
use Kalman prediction, IoU-based association, appearance-
assisted recovery, and a short trajectory buffer. A temporal-
coherence filter then rejects detections whose recent motion
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Figure 3. Temporal-coherence filtering in an operational thermal
scene. The true UAV track remains consistent with the predicted
path, while thermally salient but motion-incoherent false alarms

are rejected.

history is inconsistent with the active track.

Because the Anti-UAV sequences used in this study con-
tain a single primary annotated target, the operational filter
retains at most one tactically consistent target per frame.
This step is intended for fielded cueing logic and false-alarm
suppression; the quantitative benchmark tables in Sec. 4
focus on the detector itself.

3.6. Dataset Preprocessing and Sequential Evalua-
tion Protocol

The Anti-UAV thermal benchmark [10] contains 233,667
frames across 205 sequences with bounding-box annotation.
A large subset of the sequences contains embedded Chinese
metadata overlays in the upper part of the frame. To prevent
the detector from learning spurious text artifacts, we crop the
upper 128 pixels from affected frames, adjust the correspond-
ing box coordinates, remove boxes that fall entirely inside
the cropped region, and then resize all processed frames to a
common network resolution.

Evaluation uses a sequential per-sequence split: the first
65% of frames in each sequence are assigned to training, the
next 15% to validation, and the final 20% to test. No frames
are sampled randomly and no temporal ordering is broken.
This protocol preserves realistic frame-to-frame continuity
while ensuring that validation and test segments occur later
in time than the training segment for each sequence.

4. Experimental Results

4.1. Evaluation Protocol and Metrics

Unless otherwise noted, all baselines use identical prepro-
cessing, identical sequential per-sequence splits, and the



same evaluation protocol. We report mAP50, mAP50-95,
precision, and recall in the standard object-detection sense.

4.2. Main Results

Table | compares the proposed detector against two practical
baselines: (1) standard YOLO11 on single thermal frames
and (2) a frame-differencing input [Iy, | I;— I 1], | I — I+ —2]],
representing a lightweight motion prior [6].

Table 1. Performance comparison on the Anti-UAV validation
partition under the sequential per-sequence protocol

Method mAP50T  mAP50-95t Prec.{ Recallf
YOLOL11 [13] 0.245 0.156 0.312 0.234
Frame Diff [6] 0.267 0.171 0.328 0.251
Ours 0.358 0.219 0.401 0.324

The proposed detector improves over single-frame
YOLO11 by 11.3 mAP50 points and 6.3 mAP50-95 points.
Relative to the frame-differencing baseline, the gains are
9.1 and 4.8 points, respectively. Precision and recall both
increase, indicating that the motion channels improve target
sensitivity while also reducing clutter-driven false alarms.
This behavior is consistent with the intended role of optical
flow: under camera ego-motion, explicit motion fields sepa-
rate true target motion from global background drift more
effectively than simple temporal differencing.

4.3. Ablation Study

Table 2 isolates the impact of the proposed
OpticalFlowConv design. A standard three-channel
stem already benefits from the richer input, but separate
appearance and motion branches improve performance
further, and learnable fusion yields the best overall result.

Table 2. Ablation of the custom input stem

Configuration mAP50T  mAP50-951
Standard Conv 0.312 0.189
Separate Branches 0.341 0.207
+ Learnable Fusion 0.358 0.219

The ablation indicates that the gain does not arise solely
from adding extra channels. Rather, the detector benefits
from explicitly respecting the heterogeneous statistics of
thermal appearance and optical flow. This is important for
tactical thermal video, where motion channels are sparse and
directional while appearance remains dense and radiometric.

4.4. Camera-Motion Robustness

To evaluate whether the method achieves its intended
purpose, Table 3 breaks down performance by camera-
motion intensity. The proposed method remains consistently

stronger across all regimes, with the largest tactical value
appearing in the high-motion case.

Table 3. Camera-motion robustness (mAP507)

Motion Level  Frame Diff [6]  Ours

Low 0.289 0.387
Medium 0.251 0.342
High 0.204 0.315

Under high camera motion, the proposed detector main-
tains 31.5% mAPS50, substantially above the 20.4% obtained
by frame differencing. This result is operationally relevant
for handheld and vehicle-mounted sensing, where rapid pan-
ning, vibration, and platform translation routinely corrupt
naive motion cues.

4.5. Runtime and Operational Use

Despite the added optical-flow computation, the sensing
stack remains compatible with near-real-time tactical cue-
ing while preserving a substantial accuracy advantage over
appearance-only or simple temporal baselines.

For clarity, the benchmark tables above are computed at
the detector stage rather than after track-level association
and coherence heuristics. In deployment, the BoT-SORT and
temporal-coherence layers provide continuity management
and false-alarm suppression on top of the detector outputs,
but the detection gains reported here are attributable to the
motion-enhanced detector itself.

5. Conclusion

We presented an optical flow-enhanced thermal UAV de-
tector tailored to mobile tactical C-UAV sensing under
significant camera ego-motion. By combining dense op-
tical flow with thermal appearance and introducing the
OpticalFlowConv dual-path stem, the proposed method
improves small-target detection on the Anti-UAV thermal
benchmark, reaching 35.8% mAP50 and outperforming both
a single-frame YOLOI11 baseline and a frame-differencing
baseline, with particularly strong gains under pronounced
camera motion.

Operationally, the method provides a practical front-end
for mobile thermal surveillance, target cueing, and track
initiation from handheld, vehicle-mounted, and other maneu-
vering platforms. The associated BoT-SORT and temporal-
coherence layers further support continuity management and
false-alarm suppression in deployment-oriented workflows.
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