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ABSTRACT

Real-time small object detection in air-to-ground scenarios is important for military applications, enabling un-
manned aerial vehicles (UAVs) and other airborne platforms to monitor large areas. The detection of small
objects on the ground remains a significant challenge because of their lack of distinctive features and the low
signal-to-noise ratio. Temporal-YOLO has demonstrated that exploiting temporal information in video data
improves small object detection across diverse environments. However, the current implementation of Temporal-
YOLO is not suitable for real-time deployment on a moving aerial platform.

In this study, we extend Temporal-YOLO by addressing two key limitations. First, because Temporal-
YOLO assumes a static camera over frames, it requires compensation for the platform motion. We implement
and evaluate various (global) motion compensation techniques to assess their impact on detection performance.
Second, the original Temporal-YOLO model introduces latency by incorporating a future frame. To enable
real-time inference, we propose a modification that relies solely on past frames. Through evaluation on an aerial
dataset featuring small military-relevant objects, we demonstrate that global motion compensation significantly
enhances detection accuracy and that the low-latency historical approach achieves comparable performance.

Keywords: Small object detection; air-to-ground imaging; temporal object detection; real-time inference, EDF
STORE

1. INTRODUCTION

The modern battlefield is increasingly characterized by its transparency. Manned and unmanned airborne plat-
forms are more and more used to monitor large areas with electro-optical (EO) and infrared (IR) sensors.!:?
These platforms generate vast amounts of video data, often in real time, which can quickly lead to information
overload for human operators when entirely left to manual monitoring. As a result, automated analysis tools are
essential to support timely and accurate decision-making.

Automated object detection is a key capability for military intelligence, surveillance, reconnaissance, and
threat assessment tasks. Early detection of objects of interest is particularly valuable, because it provides
commanders with more time to respond. Achieving this requires recognition of objects from afar, when they
are still very small, often just a few pixels in size. Such targets, including distant vehicles, personnel, or drones,
typically lack distinctive features, have limited spatial resolution, and are easily lost in cluttered or low-contrast
backgrounds. Traditional object detectors often struggle when observing under these long-range conditions.® 4
As a result, small object detection remains an ongoing challenge despite advances in computer vision.>®

The incorporation of temporal information in deep learning-based object detectors can significantly improve
small moving object detection performance.® !> Temporal-YOLO, an extension of the YOLOvVS architecture,!617
leverages motion cues across video frames by stacking multiple frames as input.'® Temporal-YOLO shows
promising performance when tested on a large-scale dataset representative for various military scenarios with
annotated small moving objects.'”

However, the current implementation of Temporal-YOLO is not yet suitable for real-time deployment on
airborne platforms. First, it assumes a static camera viewpoint across frames, which limits its applicability in
real-world aerial scenarios where the platform is in motion. Without compensating for this motion, the temporal
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consistency that Temporal-YOLO relies on is disrupted, leading to degraded detection performance. Second, the
original Temporal-YOLO architecture introduces latency by incorporating a future frame into its input, which
is not feasible for real-time deployment.

In this work, we address both of these limitations. We introduce an image registration module that aligns
frames prior to detection. We evaluate a range of global image registration techniques, including classical
intensity- and feature-based methods as well as deep learning-based approaches, and assess their impact on
detection performance. We propose a low-latency variant of Temporal-YOLO that relies solely on past frames,
making it suitable for real-time inference. Through experiments on an air-to-ground dataset featuring small,
military-relevant objects, we demonstrate that image registration significantly improves detection accuracy, and
that the historical-only approach achieves comparable performance to the original Temporal-YOLO while en-
abling real-time operation.

2. RELATED WORKS
2.1 Small object detection

The detection of small objects remains a challenging task, particularly in aerial and defense applications, where
targets often appear at low resolution, lack distinctive features, and are surrounded by background clutter.?%®
Traditional approaches for small object detection relied on classical computer vision techniques based on hand-
crafted features. These methods typically fall into two categories: single-frame methods, which enhance small
targets using specialized filters such as top-hat transforms, and multi-frame methods, which leverage temporal
cues through background subtraction, optical flow, or frame differencing.!? 2> While effective in constrained
settings, these classical methods often struggle to generalize across dynamic or complex environments.

The limited adaptability of handcrafted features motivated the transition to deep learning, which can learn
discriminative representations directly from data. Models such as R-CNN, Grounding DINO, and the YOLO fam-
ily have demonstrated strong performance on regular object detection benchmarks.26728 However, these detectors
are typically optimized for medium to large objects, and their performance drops significantly when applied to
small or low-resolution targets.” To address this, various adaptations have been proposed, including multi-scale
representation, contextual reasoning, super-resolution techniques, and region proposal refinement.? 68

Most of these methods operate on single frames, ignoring temporal information available in video data.
While temporal information has long been used in classical multi-frame methods, it is now being reintroduced
in deep learning-based small object detection frameworks.?? Techniques such as optical flow estimation®’ have
been integrated into neural networks to enhance detection robustness across frames in both visual and infrared
domains.” 3132 More recently, deep learning approaches have been proposed to directly incorporate temporal
data by providing multiple frames as input. For instance, Yan et al. (2023)3 developed a spatio-temporal
network for infrared SOD that extracts both appearance and motion cues across frames.

Within the YOLO family of detectors, several extensions have been introduced to exploit temporal informa-
tion for small moving object detection.!? 1518 The Temporal-YOLO framework modifies the standard YOLO
architecture to accept multiple time steps as input channels.'® Initial implementations of Temporal-YOLO
demonstrated strong performance improvements over both non-deep-learning methods and single-frame base-
lines.?* In our recent work,'? we extended this approach by introducing a bounding box augmentation strategy
tailored for small objects and a balanced mosaicking technique to mitigate foreground—background imbalance.
Additionally, we showed the benefits of training on a specialized small object detection dataset, emphasizing
the need for diverse and representative training data in this domain. Temporal-YOLO has also been shown
to maintain performance under adverse weather conditions,®® further supporting its potential for real-world
deployment.

2.1.1 Datasets

The development of effective small object detectors strongly depends on the availability of high-quality annotated
datasets. Many existing datasets lack sufficient representation of small targets or fail to capture the complexity of
real-world environments.” 10 In this work, we focus on the detection of small moving objects from a moving aerial
platform, which is a scenario that presents unique challenges not adequately addressed by existing datasets. While



the VisDrone dataset®® is widely used for aerial object detection, it lacks environmental diversity and does not
does not provide consistent annotations of small objects. Other datasets such as DOTA37 and SODA3® provide
high-resolution imagery with small objects from aerial perspectives, but they consist solely of still images, which
precludes leveraging temporal information. XS-VID?? includes video sequences and smaller objects, but mixes
static and moving object annotations, complicating efforts to isolate and optimize for motion-based small object
detection.

2.2 Image registration

When the sensing platform or camera is in motion, the background shifts across frames, making it difficult to dis-
tinguish moving targets from camera-induced motion. To ensure that only objects of interest are tracked, image
registration can be applied. Image registration is a well-established problem in fields such as medical imaging,
remote sensing, and surveillance.*042 Its objective is to align two or more images captured at different times,
viewpoints, or by different sensors, enabling consistent analysis across frames or modalities. Mathematically,
this involves estimating a spatial transformation that maps pixel locations from a moving image to a fixed refer-
ence image. Registration methods are typically categorized into global and local approaches. Global approaches
estimate a single perspective transformation matrix to align the entire frame, offering computational efficiency
and robustness to local noise. These characteristics make them suitable for real-time applications. However,
global methods assume a consistent motion model across the scene and therefore struggle with parallax effects,
where foreground and background objects shift differently because of depth variation. Local registration methods
address this by estimating a dense motion field that can vary across the image. This field is often smoothed
using filters such as median or bilateral filtering, scaled to the image resolution, and then the image is trans-
formed accordingly.*3 46 While local methods provide more flexibility in dynamic or layered scenes, they are
more sensitive to noise and outliers in the motion estimate and often come with higher computational costs. In
this study, we therefore focus on global image registration methods. The remainder of this section will describe
several global registration techniques. In many global approaches, the process is split into two steps: motion
estimation, where corresponding points between the two images are identified, and motion compensation, where
these correspondences are used to compute a transformation matrix (e.g. using RANSAC), which is then used
to transform the image. The motion estimation can be performed using intensity-based, feature-based and deep-
learning-based approaches. Alternatively, some methods estimate the transformation matrix directly based on
the images, combining the motion estimation and compensation into a single step. The various approaches to
global image registration are illustrated in Figure 1.
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Figure 1: Schematic overview of image registration methods. In this work, image registration is used to align
frames captured from a moving platform, enabling the use of temporal information for small object detection.
Global image registration involves computing a transformation matrix that aligns the entire image. This can be
done either by estimating the matrix from the whole image, or by splitting the process into two steps: motion
estimation and motion compensation. In the latter case, corresponding point sets are first identified, and the
transformation matrix is then estimated. Finally, the resulting matrix is used to warp the image.

2.2.1 Motion estimation

The goal of motion estimation is to identify a set of corresponding points between two frames, which form the
basis for computing the transformation that aligns them. Intensity-based methods detect motion between frames
by directly comparing pixel intensities, without relying on feature extraction. Many intensity-based techniques
are based on an estimation of optical flow, where the apparent motion of objects or surfaces between frames



is computed.?%4” Two traditional well-known optical flow approaches are the Lucas-Kanade method,*® which
estimates motion locally by assuming constant flow within small regions of the image, and the Horn-Schunk
method,3" which computes a dense flow field over the whole image. Another common subclass of intensity-based
approaches is area-based registration, which evaluates similarity over the images using a window or region rather
than individual pixels.*® This can be advantageous in air-to-ground imagery, where texture is often sparse
and keypoints are difficult to detect. By considering entire regions, more stable alignment can be achieved
for scenes with uniform textures, such as fields or dense forests. A key limitation of intensity-based methods
is their sensitivity to lighting changes and their dependency on consistent intensity values across frames. To
address this, Evangelidis and Psarakaris (2008)*° proposed to use the Enhanced Correlation Coefficient (ECC),
which estimates a global motion model by maximizing the correlation coefficient between image intensities and
is therefore more robust to photometric distortions.

Feature-based methods detect and match keypoints across frames to determine motion between frames. These
methods are generally more robust to illumination changes and computationally more efficient, because they
operate on a sparse set of keypoints rather than processing all pixel intensities across the image. Popular classical
methods include SIFT,*® SURF,*! and ORB,%? which are robust to scale, rotation, and lighting variations.
However, their performance degrades when no distinct features can be found, such as in low-contrast or repetitive-
pattern environments.

More recently, deep learning-based methods have been proposed as a promising alternative to classical ap-
proaches.?®%* These models learn motion representations directly from training data, often achieving higher
accuracy and robustness to complex distortions. Notable methods include SuperPoint,?® which jointly learns
keypoint detection and description, and SuperGlue,®® which uses graph neural networks with attention to improve
feature matching. LightGlue®” offers a much faster alternative for matching that is adaptive to the difficulty of
the alignment. In DISK,® reinforcement learning is used to train both the keypoint detector and descriptor.
While these deep learning-based methods often achieve high accuracy, they often involve higher computational
costs than classical methods.

2.2.2 Motion compensation

To estimate a robust global motion model for image registration, RANSAC (Random Sample Consensus) can
be applied®® (Figure 1). The found correspondences between the images to register frequently include outliers
because of noise, occlusions, or incorrect feature matches. RANSAC addresses this by iteratively selecting random
subsets of point correspondences to estimate a candidate transformation matrix, typically a homography. For each
iteration, RANSAC computes the transformation and then evaluates how many of the remaining correspondences
fit the model within a specified tolerance. The candidate transformation matrix with the most keypoints within
this tolerance is selected as the final solution. This approach ensures that the final transformation matrix used to
align the images is robust to incorrectly matched keypoints, leading to accurate and reliable registration results,
even in challenging conditions. As can be seen from Figure 1, this iterative filtering step is only required for
methods that result in a set of point correspondences, such as Lucas-Kanade sparse optical flow,*® SIFT,%° and
LightGlue.®” In contrast, direct estimation methods such as ECC*’ compute the transformation directly from
image intensities and therefore do not require a separate RANSAC stage.

2.3 Temporal information: past, present, or future?

Temporal-YOLO, like many temporal models, combines frames from the past, present, and future. A similar
design is used by for instance Alqaysi et al. (2021), stacking frames from t—1, ¢, and t+1 as input.'* This approach
introduces a latency because of its reliance on future frames. Several recent works demonstrate that temporal
information can be effectively incorporated using only historical data instead. For instance, Luesutthiviboon
et al. (2023)'° enhance target-to-background contrast using preprocessing methods based solely on preceding
frames. Sun et al. (2024)° propose Multi-YOLOVS, which integrates temporal information through both optical
flow and background suppression computed from the current and previous frames. Similarly, Guo et al. (2024)%°
present the YOLOFT model, which extracts local motion features between ¢ and ¢ — 1 using optical flow to guide
temporal feature fusion. Poplavskiy (2024)%° adopts a tracking-by-detection pipeline that stacks the current
frame with an aligned previous frame using deep optical flow, entirely without future input. Based on these



promising examples from recent literature, this study introduces a modified version of Temporal-YOLO in this
study, that excludes future frames and instead uses the current frame and two preceding frames.

3. METHODS

Within this section, we provide implementation details for the image registration techniques, the object detector,
the dataset and the evaluation procedure.

3.1 Image registration

As described in Section 2.2, image registration methods can be categorized into classical intensity-based, optical
flow-based (a subclass of intensity-based approaches), feature-based, and deep learning-based approaches. To
evaluate their suitability for our Temporal-YOLO pipeline, we selected one representative method from each
category:

ECC': Enhanced Correlation Coefficient for intensity-based alignment.*
Optical flow: Lucas-Kanade for sparse optical flow-based motion estimation.*
SIFT: SIFT for feature extraction with FLANN for feature matching.?°
LightGlue: SuperPoint for feature extraction and LightGlue for deep learning-based matching.
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Each of these methods offers distinct trade-offs in terms of accuracy, robustness, and computational cost. Our
goal is not to perform an exhaustive benchmark of all available image registration techniques, but rather to
identify a method that provides sufficient alignment quality for effective multi-frame small object detection,
while remaining feasible for real-time or near-real-time deployment. To that end, we did not optimize each
method for minimal runtime.

All image registration methods are applied as a pre-processing step, after converting the frames to grayscale,
and before providing the frames as input to the model. For all three classical approaches, we use an OpenCV
implementation®! to estimate the motion. For ECC, we use a three-level pyramid implementation to estimate the
global transformation matrix in a coarse-to-fine manner, with a maximum of 400 iterations and a convergence
threshold of 1 x 107°. Lucas-Kanade optical flow is computed on a sparse, regularly spaced grid centered in
the image, with spacing set to one-tenth of the image height. This ensures an even distribution of flow vectors
across the frame, reduces computational cost, and allows focusing on large-scale motion. For SIFT, we extract a
maximum of 500 features per frame from downscaled images (50%) and match them using OpenCV’s FLANN-
based matcher. SuperPoint is used to extract a maximum number of 1024 keypoints, and LightGlue performs
the matching with a depth confidence of 0.9 and width confidence 0.95. For optical flow, SIFT, and LightGlue
the resulting set of point correspondences (pi, p2) are passed to a RANSAC-based homography estimator to
compute a transformation matrix that aligns the frames, while filtering out outliers.’® Homographies between
the correspondences were estimated using OpenCV’s RANSAC-based method with a reprojection threshold of
5 pixels, a confidence level of 0.995, and a maximum number of 2000 iterations.

3.2 Small object detection and temporal information

For our object detector, we build upon the Temporal-YOLO architecture introduced by Corsel et al. (2023)'®
and further improved in Leeuwen et al. (2024),'° which adapts YOLOVS for small object detection by exploiting
temporal context (Figure 2).
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Figure 2: An illustration of the Temporal-YOLO concept. Instead of using a single video frame as input, multiple
frames are stacked from different time steps. The RGB channels are replaced with three grayscale frames. This
combined 3-channel image is provided to the model, allowing temporal context to be exploited. Assuming a 30-
frames-per-second (FPS) source video and time offsets of —0.5 and +0.5 seconds, around 15 frames are sampled
before and after the current frame in the originally proposed method.!?> '8

Instead of standard RGB inputs, Temporal-YOLO stacks grayscale frames from different time steps across
the input channels. To address challenges specific to small object detection,” the improved Temporal-YOLO
incorporates several enhancements: (1) balanced mosaicking to mitigate foreground-background imbalance; (2)
bounding box augmentations, which scale small ground truth boxes to avoid disproportionate penalization of
errors in small objects, (3) training on a high-quality, in-house annotated datasets (Nano-VID) with small,
moving objects across varied environments and conditions. For the full methodology and ablation analysis,
see the original paper.'® To enhance performance in air-to-ground settings, we retrained the model using an
additional in-house dataset comprising footage captured from a plane. This supplementary dataset includes
annotations for 766 objects.

To reduce inference latency in Temporal-YOLO, we introduce a past variant that selects frames at temporal
offsets of [0s,-0.5s,—1s], compared to the original bidirectional setup using [4+0.5s,0s, —0.5s]. Since all input
frames originate at or before the current frame, no additional delay is introduced during inference on top of the
model execution. With this approach, we maintain the level of temporal context but shift some of this context
somewhat further away from the potential target position. A potential drawback is that this past variant could
require a larger perceptive field. However, in practice, faster movements result in stronger brightness variations,
making them more distinct. As such, no strong performance reduction is expected in practice.

In the past variant of our pipeline, the motion models are estimated in two sequential steps: from frame
-1 to -0.5, and then from -0.5 to the reference frame at time 0. These are then composed to derive a direct
transformation from -1 to 0. This two-step approach ensures that each motion estimation covers a maximum
interval of 0.5 seconds, maintaining consistency with the bidirectional variant, which also uses frames spaced no
more than 0.5 seconds apart.



3.3 Datasets

To evaluate both the image registration methods and the low-latency approach, we assembled a dataset featuring
air-to-ground scenarios with a variety of small targets. Since Temporal-YOLO is designed for detecting small
moving objects, we only annotate those, while static objects are marked as ignored. Figure 3 shows a histogram
with the bounding box size (v/bbox,, - bboxy) of annotated objects in our dataset, which is typically around 16
pixels. Note that we did not focus on fitting the annotated bounding boxes as tightly as possible around objects,
to simplify the annotation process.

The evaluation dataset consists of two parts. The first was recorded during the EDF STORE trial at
the Fontevraud firing range site in September 2024, which included moving persons and vehicle maneuvers at
varying speeds. Vehicles were provided by the Musée de Saumur and included T72 and T62 battle tanks, BMP-1
infantry fighting vehicles, MTLB armored personnel carriers, and 251/2S3 self-propelled artillery. Data was
captured using drones flying at different velocities and heights, recording both IR and visual modalities under
diverse environmental conditions across forests and plains. The second part was included to increase diversity in
scenarios, sensors configurations, and platform speeds. It consists of an in-house dataset again featuring military
vehicles and personnel, primarily in forested environments, recorded from both a fixed-wing aircraft and drone
at various speeds.

To give an indication of the speed at which the camera is moving, we compute the L2-norm of the translation
component of the homography matrix estimated by the LightGlue-based method (Section 3.1), between frames
spaced 1 second apart. While these results are not guaranteed to be accurate at all times and errors can naturally
be present in the motion estimation, they can be used to gain insights into the camera movement in the dataset.
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Figure 3: Histogram of the bounding box sizes in the test set computed by 1/bbox,, - bboxy,.
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3.4 Evaluation

A total of ten experiments will be executed, testing the baseline Temporal-YOLO as well as Temporal-YOLO com-
bined with the four image registration methods, FCC, Optical flow, SIFT, and LightGlue, each evaluated under
two temporal variants: past and bidirectional. Throughout the results section, we will refer to these experiments
using this format. Overall detection performance of the model reflects both the accuracy of Temporal-YOLO
and the quality of the image registration method used as pre-processing step. As a primary tool for evaluation,
the precision—recall (PR) curves are computed, which offer insights into the trade-off between precision and
recall across varying confidence thresholds. In addition, we report the mean Average Precision (mAP), using
the modified formulation proposed by van Leeuwen et al.,'? which uses a more lenient intersection-over-union
(IoU)-threshold of 1% instead of the conventional 50%. This accounts for the fact that minor deviations in
bounding box predictions can lead to disproportionately low IoU scores for small objects, even when detections
are visually useful. Additionally, the evaluation metric is adapted to avoid penalizing multiple detections within a
single annotation or a single detection overlapping multiple annotations—reflecting the practical goal of drawing
operator attention rather than perfect box alignment. To get an idea of the computational efficiency of the image
registration methods, we report the total end-to-end inference time per frame including the image registration
task.



4. RESULT'S

Figure 4 shows the distribution of the L2-norm of the translations between frames spaced one second apart,
estimated in the LightGlue-based transformation matrices. The median translation magnitude is approximately
3.11 pixels (Q1 = 0.96, Q3 = 12.3), indicating a moderate displacement of the camera platform. As highlighted
in Figure 4b, the distributions show a long tail, revealing substantial variation in motion across frames.
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Figure 4: Distribution of estimated translations in the evaluation set, computed from the translation component
of the transformation matrix using the LightGlue deep-learning-based method. The median translation is 3.11
pixels (Q; = 0.96, Q3 = 12.3).

Frames with evaluated detections for the optical flow-past method are shown in Figure 5. Temporal-YOLO
successfully detects very distant moving objects, including both pedestrians and vehicles. False positives, visible
in the right frame, are in this case caused by dead pixels in the IR-imagery.

Figure 5: Frames from the evaluation dataset with detections. Blue boxes indicate the zoomed-in region shown
in the top-left corner, green boxes indicate true positives, and orange boxes indicate false positives.

4.1 Image registration

Figures 6a and 6b show the precision-recall curves for the baseline Temporal-YOLO without image registration
alongside the four image registration methods, for the bidirectional and past variant respectively. All methods



exhibit an immediate drop in precision as recall increases. The baseline without registration shows the most
significant decline, with precision dropping rapidly and failing to exceed a recall of 41%. In contrast, the detector
with LightGlue achieves the highest recall, with the past variant exceeding 80% and attaining a maximum mAP
of 0.62 (Table 1). All registration methods yield a substantial improvement in performance across both variants,
producing similar precision-recall curves, with past mAP scores ranging between 0.57 and 0.62. Although dif-
ferences are small, LightGlue exhibits a slight advantage in both precision and recall, as confirmed by the mAP
reported in Table 1.
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Figure 6: Precision-recall curves computed for baseline Temporal-YOLO without image registration and
Temporal-YOLO with four image registration methods, leveraging the bidirectional (left) and past (right) con-
texts.

Table 1: The mAP results for the baseline Temporal-YOLO without image registration and the four image
registration methods.

Baseline ECC Optical flow SIFT LightGlue

Bidirectional 0.21 0.52 0.52 0.52 0.54
Past 0.23 0.59 0.60 0.57 0.62

The median execution time for each of the methods is reported in Table 2. These results cover the non-
optimized settings of the algorithms, since optimizing the algorithm’s efficiency was beyond the scope of this
work. The optical flow-based method is the fastest method, achieving a median execution time of 0.08 seconds
even at the highest resolution frames present in our dataset. Given that the optical flow-based method shows
promise in terms of inference speed, and LightGlue demonstrates a slight advantage in terms of detection accuracy,
we focus on these two methods for the remainder of the experiments.

To illustrate the impact of registration accuracy on detection performance, Figure 7 shows two examples
where small misalignments affect the outcome. Even minor registration errors can result in missed objects or
production of false positives. In these examples, LightGlue (Figure 7a) achieves accurate alignment, resulting in
successful detections, whereas optical flow leads to missed detections. These examples were selected to highlight
the effect of registration quality, since overall, the difference between the two methods on our evaluation dataset
is relatively small, as reflected in the quantitative results (Table 1).



Table 2: Median execution time in seconds for each image registration method, at different resolutions present
in the evaluation dataset.

Resolution ECC Optical flow SIFT LightGlue

3840x2160 10.62 0.08 6.25 0.55
1920x1080  4.22 0.02 1.48 0.41
640x512 1.42 0.01 0.21 0.37

(a) LightGlue-based image registration method. (b) Optical flow-based image registration method.
Figure 7: Examples of the past variant of Temporal-YOLO, illustrating how slight registration errors can impact
detection accuracy. The prediction frame at ¢ is shown in gray, with registered frames from one step back (¢t —0.5
s) and two steps back (¢ — 1 s) are overlaid in yellow and red, respectively. When registration is accurate, static
regions remain gray, while moving objects appear in color. Blue boxes indicate the zoomed-in region shown in the
top-left corner; green boxes indicate true positives, orange boxes false positives, and red boxes missed detections
(false negatives). In these examples, LightGlue (left) achieves accurate alignment and correct detections, while
the optical-flow-based method (right) introduces a small misalignment that result in missed detections and false
positives.



Figure 8 illustrates a case with one of the largest camera displacements in the dataset: a translation of 599
pixels between the prediction frame on ¢t and frame ¢ — 1 s (see Figure 4). In such extreme cases, registration
becomes challenging. Here, the LightGlue-based method still achieves sufficient alignment for Temporal-YOLO to
correctly detect the moving object, whereas the optical-flow-based method fails completely, resulting in a missed
detection. This examples suggests that LightGlue might be more robust under large displacements, although such
cases are rare in our dataset, and do not translate into a considerable difference in overall detection performance.

(a) LightGlue-based image registration method. (b) Optical flow-based image registration method.
Figure 8: Examples of the past variant of Temporal-YOLO under large camera displacement: 599 pixels in the
LightGlue-based transformation matrix between frame ¢ and ¢t — 1 s). The prediction frame is shown in gray, with
registered frames from one step back (t—0.5 s) and two steps back (t—1 s) overlaid in yellow and red, respectively.
When registration is accurate, static regions should remain gray, while moving objects should appear in color,
highlighting their displacement. Blue boxes indicate the zoomed-in region shown in the top-left corner; green
boxes denote true positives, and red boxes missed detections (false negatives). In this example, LightGlue (left)
maintains sufficient alignment for correct detection, while the optical-flow-based method (right) fails, causing no
image region to remain gray, and the object to be missed.

4.2 Past versus bidirectional

In Figure 9, the PR-curves for the bidirectional and the past variants of Temporal-YOLO are reported. For both
image registration methods, the past variant achieves the highest recall. The mAP results in Table 1 support this,
with the average mAP of the past variants with image registration (0.57) higher than those of the bidirectional
variants (0.52).
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Figure 9: Precision—recall curves computed for the bidirectional and past variants of Temporal-YOLO, for two
of the image registration methods: LightGlue (left) and optical flow (right).

5. DISCUSSION

In this paper, we addressed two limitations that hinder the use of Temporal-YOLO for air-to-ground real-time
object detection from a flying platform. First, we mitigated the dependency on future frames by introducing
a setting that relies only on past frames. Second, we corrected for platform motion by integrating image reg-
istration into the detection pipeline. We implemented and evaluated various classical global image registration
techniques (intensity-, optical flow-, and feature-based) and one deep learning-based approach, to identify a
technique that provides sufficient alignment quality for Temporal-YOLO to perform accurately while remaining
feasible for real-time deployment. We found that image registration for frames recorded from moving platforms
substantially improves small object detection performance, as visible in Figure 6. Upon visual inspection, we
found that Temporal-YOLO indeed misses objects under unregistered camera displacements. We observed min-
imal performance differences between the evaluated registration methods. LightGlue shows a slight advantage
in recall and appears to be more robust under large camera displacements.

To enable real-time detection, we evaluated a variant of Temporal-YOLO that relies solely on past frames.
Both the precision-recall curves and mAP scores show that this past variant performs comparably to the bidirec-
tional variant, with a slight improvement in both recall and mAP. One possible explanation is a data sampling
bias in the evaluation dataset: since objects are annotated only sparsely at selected points, more annotated
instances may coincide with frames where past motion is visible rather than future motion. If all frames were
annotated sequentially, both variants would eventually access the same temporal context, and this difference
would likely diminish. Alternatively, this discrepancy could be explained by the difference in temporal offsets to
the current frame in the past and bidirectional setting. Although both variants span the same overall temporal
window (1 second), the distribution of frames differs: in the past variant, the prediction frame ¢ is provided as
input alongside reference frames with a maximum offset of 1 second, while in the bidirectional the largest offset
between ¢ and the reference frames is 0.5 seconds. For slowly moving objects, the smaller offset in the bidirectional
variant may result in minimal apparent displacement, while the larger gap could provide more distinguishable
motion cues. Further investigation is needed to confirm this hypothesis.

The overall mAP is notably lower than reported in our previous work,'® which is likely a result of the in-
creased difficulty of the evaluation dataset. This dataset includes challenging conditions: very small objects,
complex backgrounds, and a moving recording platform. In addition, dead pixels in the IR footage often result



in false positives. These factors explain the precision drop in the PR-curves (Figure 6). While image regis-
tration helps in mitigating the effect of camera motion, even slight misalignments occasionally lead to false
positives. Nevertheless, the model often demonstrates robustness and successfully detects very distant object
even under camera motion (Figure 7). To further improve performance, additional air-to-ground training data
should be incorporated. Preferably, this data is captured from a moving camera platform and preprocessed with
image registration. By providing the registered frames as input to the detector, the model can learn to handle
registration-induced artifacts and prevent resulting false positives.

The past variant of Temporal-YOLO reduces latency by avoiding future frames, making it suitable for real-
time applications. In combination with the implementation of a Lucas-Kanade optical flow-based method, we
are able to achieve low-latency small moving object detection. While LightGlue achieves higher mAP scores,
its efficiency should be improved to facilitate real-time operation. We did not optimize all image registration
methods for speed, since their detection performance was already comparable to the other two methods. Our
goal was not to exhaustively benchmark all image registration techniques, but rather to identify methods that
are sufficiently accurate and fast for Temporal-YOLO.

Currently, we do not analyze the relationship between camera motion and registration accuracy in detail.
Although ground-truth platform motion annotations are available for part of the dataset (EDF STORE), they
were not used in this study. Instead, we analyzed camera motion indirectly by examining the translation com-
ponent of the transformation matrix produced by the LightGlue-based registration method (Figure 4). However,
this measure is not always fully reliable since it depends on registration accuracy. Visual inspections of frame
displacement and alignment confirmed that the dataset includes a wide range of motion intensities. Future work
should analyze the limits of image registration effectiveness in relation to platform speed and altitude.

The proposed image registration approach relies on global transformations, which assume a planar back-
ground. This assumption holds reasonably well at high altitudes but becomes problematic at lower altitudes
or in ground-to-ground scenarios, where parallax effects are more significant. Such effects can lead to local
misalignments and, consequently, false positives or missed detections. Temporal-YOLO mitigates some of these
issues because, unlike classical frame differencing methods, misaligned regions do not necessarily trigger detec-
tions. However, registration errors may still degrade performance, and it could be valuable to explore local image
registration strategies or parallax filtering techniques to better handle depth variations.

Finally, integrating semantic information could further enhance small object detection performance, partic-
ularly in complex scenes where distinguishing objects from background is challenging. Semantic segmentation
could be leveraged as an additional input modality to provide spatial context or applied as a post-processing
step to refine detections.

In conclusion, we have demonstrated that image registration enables the alignment of frames from moving
platforms, allowing Temporal-YOLO to effecctively exploit temporal information for small object detection.
Leveraging past frames ensures the feasibility of real-time deployment.
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