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14. ABSTRACT

Detection of low resolution, deep-space objects in wide field of view (WFOV) imaging systems can benefit from the emergence of temporally learned, appearance based detectors. The PANDORA sensor array, 
located in Maui at the Air Force Maui Optical and Supercomputing Site, is an exemplar of a scalable imaging architecture which can detect dim deep space objects while maintaining a WFOV. The PANDORA 
system captures 20x120 degree images of the night sky oriented along the GEO belt at a rate of two frames per minute. Prior work has established a baseline performance for the detection of Geosynchronous 
Earth Orbit (GEO) satellite objects using classical, feature based detectors, but has not leveraged the temporally rich data captured by PANDORA.This work extends the GEO object detection and tracking problem 
by implementing a spatio-temporal deep learning architecture (GEO-SPANN), further improving the state of the art in low resolution, deep-space object detection. Annotated sequential frames including object 
motion are used to train GEO-SPANN, which uses a two-stage CNN to provide a learned temporal mapping of GEO objects in sequences of annotated PANDORA images. We present the GEO object detection 
and tracking results of GEO-SPANN on sequences of 100 frames of PANDORA data. GEO-SPANN advances strategies for autonomous detection and tracking of GEO satellites, allowing PANDORA to be 
leveraged for orbit catalogue maintenance and space object anomaly detection.
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Geosynchronous satellite detection and tracking with WFOV
camera arrays using spatio-temporal neural networks

(GEO-SPANN)
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ABSTRACT

Detection of low resolution, deep-space objects in wide field of view (WFOV) imaging systems can benefit from 
the emergence of temporally learned, appearance based detectors. The PANDORA sensor array, located in 
Maui at the Air Force Maui Optical and Supercomputing Site, is an exemplar of a scalable imaging architecture 
which can detect dim deep-space objects while maintaining a WFOV. The PANDORA system captures 20x120 
degree images of the night sky oriented along the GEO belt at a rate of two frames per minute. Prior work 
has established a baseline performance for the detection of Geosynchronous Earth Orbit (GEO) satellite objects 
using classical, feature based detectors, but has not leveraged the temporally rich data captured by PANDORA. 
This work extends the GEO object detection and tracking problem by implementing a spatio-temporal deep 
learning architecture (GEO-SPANN), further improving the state of the art in low resolution, deep-space object 
detection. Annotated sequential frames including object motion are used to train GEO-SPANN, which uses a 
two-stage CNN to provide a learned temporal mapping of GEO objects in sequences of annotated PANDORA 
images. We present the GEO object detection and tracking results of GEO-SPANN on sequences of 100 frames 
of PANDORA data. GEO-SPANN advances strategies for autonomous detection and tracking of GEO satellites, 
allowing PANDORA to be leveraged for orbit catalogue maintenance and space object anomaly detection.

Keywords: Space Situational Awareness, WFOV, object detection, spatio-temporal neural networks

1. INTRODUCTION

1.1 WFOV Sensors for SDA

For defense and commercial space operations, Space Domain Awareness (SDA) is contingent on the tasking 
bandwidth of ground-based electro-optical (EO) telescope systems. The capacity of EO systems to discover, 
track, and characterize resident space objects (RSOs) allows for the effective e mployment a nd o peration of 
satellites in all orbits. Narrow field-of-view optical (NFOV) EO systems- often, large aperture optical telescopes-
are the most prominent instruments used in the monitoring of RSOs. With the proliferation of near-Earth RSOs, 
the demand for ground-based observations grows in proportion, putting stress on NFOV EO system tasking. In 
order to effectively allocate the finite resources of NFOV EO systems, wide field-of-view (WFOV) optical systems 
present a means to augment SDA resources by providing observations of multiple RSOs over larger regions of 
the sky. With WFOV EO systems, NFOV telescope tasking can be informed to high priority targets, including 
anomalous satellite behavior such as combatant maneuvering and collision warning. In tandem, the pairing of 
WFOV and NFOV sensor systems can more effectively p rovide RSO c atalog maintenance, w ith t he o utput of 
WFOV systems used to cue NFOV systems.1

This proposed division of labor between high-fidelity, l ow-obsevation-bandwidth N FOV s ystems a nd low-
sensitivity, high-observation-volume WFOV systems motivates the development of WFOV EO systems. One 
design solution which is cost-effective and s calable u ses c ommercial off th e sh elf (COTS) camera ar rays which 
passively acquire imagery of the sky. The data from redundant camera arrays can be used to monitor the 
concurrent activity of hundreds of satellites with reasonable sensitivity. With a matured WFOV EO system, a 
large fraction of the RSO population can be tracked from a single sensor system, freeing up collection capacity 
for high-resolution NFOV EO systems while also providing tasking information.
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1.2 PANDORA WFOV Camera Array

The PANDORA (Persistent AND Optically Redundant Array) 9x5 COTS camera array, developed by Tau
Technologies, is a WFOV sensor solution to fill the role of a high-observation-volume EO system. Oriented to
passively capture imagery along the GEO belt, PANDORA utilizes 9 neighboring fields of redundant imagery
to acquire a 120x20deg view of the sky. Each of the 9 fields in the sensor array covers a 15x20 view of the sky,
and is composed of 5 cameras in common-field. The imagery of these same-field cameras is combined to improve
SNR and allow for dim-object light detection. Completed stacked imagery for each field is processed at a rate
of 1/30 Hz with an effective exposure time of 60 seconds per frame, accomplished by alternating and co-adding
exposures between common-field cameras. With overlap between the 9 fields, the total field of view of the system
is 120x20 deg, providing the ability to persistently and passively monitor RSOs.

After post-processing, the PANDORA camera array yields 9 (5776x4224x16b) images twice per minute.
With over 220 megapixels in the 9 stacked frames, the detection of GEO RSOs is an incredibly low-resolution
problem, with each GEO object sized around 3x3 pixels. Light from RSOs of Medium Earth Orbit (MEO) and
Low Earth Orbit (LEO), along with other orbital regimes, are also collected by the system, and are also low
in pixel resolution. The feature space of the imagery is dominated by the long-exposure light smears of stars,
with crowded fields containing the light of millions of stars. The detection of RSOs in all-sky single frames
of imagery is a difficult task for a human observer, which makes annotation of PANDORA imagery very time
consuming and expensive. Furthermore, the data volume and velocity of the system is immense; over the course
of an observing night, the system produces roughly 800 GB of stacked imagery. Combined, these characteristics
make the development of computer vision and image processing methods for automated RSO monitoring very
challenging.

Figure 1: PANDORA array geometry relative to total 20×120 FOV, with a single 20◦×15◦ field, a) highlighted
with its corresponding 5 overlapping sensors.
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1.3 Object Detection in PANDORA

Automated object detection is a necessary technology to fully deploy the PANDORA sensor, as the manpower
and time required to manually monitor RSOs is not feasible. Deep learning techniques for object detection
have proven to be reliable in all fields involving computational imagery, but there is l imited l iterature on object
detection for such low resolution targets in WFOV imagery. Recent work in Wide Area Motion Imagery (WAMI)
has demonstrated the effectiveness o f s patio-temporal neural networks f or object detection i n a  s imilar feature
space, and is used as inspiration for this work.

PANDORA provides nightly deep-space surveillance at the Air Force Maui Optical and Space Surveillance
Site (AMOS), which motivates the development of an image processing pipeline to exploit its data. Prior work
established a baseline for single frame GEO RSO detection using classical, feature based detection techniques.2 

This previous work used synthetic PANDORA data, which was a surrogate necessitated by the lack of annotated
physical PANDORA data. With the completion of an annotated PANORA dataset, this work is the first to use
deep learning techniques on a comprehensive annotated physical WFOV dataset. The architecture developed in
this paper, GEO-SPANN, implements a spatio-temporal neural network to detect RSOs in PANDORA imagery,
improving on the previous results using classical object detection methods.

An overview of related works is detailed in Section 2, including a review of similar sensor concepts and appli-
cable WAMI efforts. Section 3  describes the dataset used in this paper, including the annotation methodologies
and sensor attributes. Section 4 details the image processing pipeline developed, including a detailed description
of GEO-SPANN. Section 5 details experiments executed to quantify object detection and tracking performance.
Section 6 summarizes results and contributions of this paper along with plans for future work.

2. RELATED WORKS

While an important and emerging sensing concept, there is limited literature available on WFOV sensor tech-
nologies used in the realm of SDA. Notable work which motivates the use of WFOV sensors is detailed. Similar
sensors to PANDORA have been developed, but there is sparse literature on exploiting this data for the pur-
pose of monitoring GEO RSOs. Other work which exploits ground-based EO for RSO monitoring can be used,
and much progress has been made in creating deep learning techniques to accurately detect RSOs in NFOV
telescopes. A similar field i n c omputer v ision, WAMI, c an b e l everaged t o a id i n t he d evelopment o f methods
to detect and track low-resolution objects in WFOV data. WAMI has seen much improvement in recent years
with the use of spatio-temporal neural networks for object detection and tracking; these efforts are d etailed. As
a relatively novel sensing concept, we must look for solutions using similarly WFOV and temporally rich data.
Related work in the realm of SDA, astronomy, and wide area surveillance are used to inform the motivations
and technological goals for this work.

2.1 WFOV Passive Sensing for SDA

WFOV camera array sensing concepts in the visible regime which achieve all-sky coverage have not been widely
studied in the application of detecting and tracking GEO objects. Although orbit estimation models have
been formulated for this problem,3 the computer vision problem of exploiting all-sky data with object detection 
algorithms requires a novel approach, as explored in this paper. Outside of our previous work,2 there are no 
published techniques available for detecting stationary or near-stationary GEO RSOs in WFOV data. We aim
to improve on previous baseline work using deep learning, which has had much success in RSO detection.4

The notion of utilizing a collaborative system of shared SDA custody for satellite tracking between a passive,
all-sky system and higher resolution telescopes has been explored in recent years, notably with the Raven-class
telescope,5 and with a PANDORA system for detection of low earth orbit (LEO) objects.6 Other COTS camera 
arrays used for various SDA applications such as,7 and,8 have shown the effectiveness o f using co-added sensor 
exposures of a common field of view to achieve an improved SNR of low light o bjects. PANDORA implements this
COTS co-added sensing concept, with an improved SNR proportional to the number of overlapping sensors.9 Like 
PANDORA, the sensor arrays in,7 and8 are cheap and scalable, utilizing COTS components. Unlike PANDORA, 
these WFOV systems are applied to such problems as star streak detection and general synoptic surveys, and
have not been used for GEO object monitoring.
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Similar to PANDORA, some recent optical astronomy initiatives have taken an indiscriminate approach to
data collection, including synoptic surveys such as those in progress with the Vera Rubin Telescope, or LSST.10 

These approaches require comprehensive data management strategies,11 and the development of computer vision 
algorithms to sift through large quantities of data. However, systems collecting optical data in this manner have
not yet been used in the detection and tracking of GEO objects, or any relatively stationary space objects similar
to GEO satellites. We aim to create methods to process PANDORA image data, allowing for the system to be
employed in autonomous monitoring of GEO objects’ orbit determinations, catalog maintenance, and anomaly
detection.

2.2 Object Detection in WFOV EO Systems

Without computer vision methods available for any related sensors, the problem of detecting satellites in crowded
and large fields r equires s hifting f rom t he r ealm o f S DA a nd W FOV a stronomy i nto a  w ell-known c lass of
research, which can be leveraged in the development of PANDORA’s image processing strategies. In order to
exploit image data from the PANDORA system, we frame the object detection as a Wide Area Motion Imagery
(WAMI) problem. WAMI literature is rich in algorithm development for object detection in WFOV imagery, and
has demonstrated success in a wide range of applications. WAMI architecture performance on similar problems
provides context for the PANDORA processing pipeline.12–14

WAMI object detection algorithms generally rely on something that is not applicable to PANDORA data:
a static background. The standard process for WAMI detection pipelines involve frame differencing and back-
ground subtraction, resulting with candidate regions of object motion in which feature detection techniques are
employed.15 As PANDORA image background is not static, this approach is not acceptable for our use case. If 
GEO objects were completely stationary temporally, a reverse to this process could yield regions of the frame
with no motion. However, this temporal scene feature is not applicable, as GEO objects are not completely
stationary. WAMI algorithms of interest are those which can detect objects based on their local features,16.17 

Detection algorithms in these papers are used as inspiration for the detection algorithms explored in this paper.
With a breadth of WAMI object detection schemes as inspiration for the PANDORA processing pipeline, we
adapt WAMI methodologies for satellite detection in WFOV imagery of PANDORA.

2.3 Spatio-temporal Neural Networks for WFOV Obejct Detection and Tracking
Computer vision object detection approaches utilizing neural networks have been proven to broadly outperform
the best classical object detection algorithms, notably with work demonstrated in Faster R-CNN,18 ResNet,19 and 
YOLO 9000.20 However, the detection problem in these papers use datasets with object candidates comprising 
most of the image frame,21 while in PANDORA imagery, a given GEO object may be 3×3 pixels in a 220MP 
image. This large search space, combined with the relative size of objects compared to the scene size, render
the direct adoption of proven CNNs for object detection unsuitable. Recent efforts in WAMI have extended the
use of spatio-temporal neural networks to achieve state of the art in WAMI moving object detection.22–25 These 
works assert that modifications to learned spatial detectors can yield state-of-the-art results for the WAMI task
of tracking cars in WFOV data. We can directly adapt these architectures, especially that of,22 as the feature 
space of PANDORA data is similar to the WAMI data used. GEO-SPANN uses a two-stage spatio-temporal
similar to,22 with modifications to account for varying classes of RSOs.

3. DATASETS

For the first time, human-annotated physical PANDORA data is available via pre-release for use in the training
and testing of RSO detection and tracking algorithms. This pre-release data, designated SatNet-PANDORA-v0,
contains over 10,000 images and corresponding annotations from the PANDORA sensor. Annotations contain a
bounding box and center point for each object, along with the extents of the bounding box. Annotated objects
include RSOs of different o rbital r egimes, i ncluding LEO, MEO, and GEO, but their d istinct c lassification via
orbital regime is not specified i n a nnotation m etadata. A ll S atNet-PANDORA-v0 images a re 5776x4224x16b,
and correspond to one of 9 fields of the PANDORA s ensor. An example full field with associated annotations is
shown in Figure 3. Examples of RSOs in the annotated dataset are shown in Figure 4. The observations used
for this dataset were all taken on the night of April 20, 2021, and all 9 fields of the sensor have been annotated
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for the course of the entire night. In total, there are 9 sets of roughly 1500 sequential images, representing an
observing run of around 12 hours.

Figure 2: A full 20x15 deg field o f PANDORA data shown with annotations i n g reen. Note the extremely low
resolution of the annotated objects, necessitating the rigorous, SILT-aided labeling process.

3.1 Annotation Methodology

The annotation of such large quantities of imagery each with vast search areas and low resolution objects
of interest is a challenging and time consuming task requiring meticulous attention. Enabled Intelligence’s
annotation team uses trained analysts, assisted by annotation assistance software developed specifically for
PANDORA data. This tool, developed by KBR, is called the Space Labeling Imaging Tool (SILT). SILT allows
the analysts to break the large images up into smaller tiles and examine them temporally to find and label objects
of interest. SILT can linearly interpolate object motion and label sequential frames, improving the annotation
process. Annotations are square bounding boxes of various size, as the footprint of RSOs in different orbits vary
considerably. Roughly 1000 frames can be annotated per week, and each batch is subject to QA review to ensure
a high level of accuracy. Still, there may be some errors in labeling all objects which are detectable by the sensor
(ie, a satellite whose reflected l ight is detected by the sensor, but whose SNR is so close to 1  that a  human may
not be able to distinguish from background). As with all human-annotation regimes, there are limitations to the
established ground truth. This annotated dataset is made robust with the use of SILT, but there remains a bias
to brighter objects.

3.2 System Noise and Data

There are multiple sources of noise in PANDORA imagery, including atmospheric turbulence, detector integra-
tion, dark current, and optics diffraction. Beyond the inherent noise in the computational imagery acquisition
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Figure 3: Various RSOs of different o rbital r egimes a nd r esulting m orphology. A  c luster o f GEO R SOs are
annotated in (A), a low-light MEO RSO is highlighted in (B), and a bright streaking LEO RSO is shown in (C).

process, there are additional sources of error from the image stacking process. The effects o f dark current (hot
pixels) and detector integration noise (dead pixels) are compounded, as each processed image is the composite of
multiple exposures from multiple cameras. The resulting impact of noise is noticeable in the form of heavy salt
and pepper noise throughout the scene. This noise complicates the object detection problem, as GEO satellites
are very similar in features to the bright pixel noise, as evidenced in Figure 5. Unfortunately, as the imagery
available is already processed and the raw frames are not available, methods to restore a non-noisy scene are
not possible. Bad pixel masks can be used to smooth the static noise, and this approach will be included in the
experiments. Sensor inherent noise, while not too large a factor in high resolution object detection, plays a much
larger role in WFOV object detection.

Data is partitioned in temporal sequences, as the overall goal of this work is to detect and track RSOs. As
SatNet-PANDORA-v0 is made up of a single night of data, in order to create diverse conditions for object motion
and RSO population, the 9 fields a re b roken up i nto h our-long chunks f or t raining a nd t esting. This strategy
for data preparation is not ideal, especially considering the substantial variations in observing conditions from
night to night. A more diverse set of observations would make for results of this work to be more representative
of real world conditions. One possibility to augment the available annotated PANDORA data would be to use
the SatSim-PANDORA synthetic dataset.2 However, with more annotations scheduled for physical PANDORA 
data, the synthetic data should be mainly used to train and test on rare observation scenarios. Synthetic imagery
can be used to augment the training data for scenarios which are not found in observations, such as satellite
collision.
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Figure 4: Zoom-in section including GEO RSOs (outlined by green squares) and bright pixel noise (outlined
by red circles). The hot pixel noise is fixed; GEO RSOs are distinguished temporally, as they will often move
slightly from frame to frame.

4. METHODS

The priorities for a learned solution to RSO detection in PANDORA data include efficiency (due to the WFOV
imagery and search space), the leveraging of rich temporal features, and high precision. As discussed in Sec. 2.3,
recent literature on WAMI object detection provides some examples of spatio-temporal neural networks which
will serve as a basis for GEO-SPANN. Our solution follows a similar strategy to that proposed in.22 GEO-
SPANN is a two-stage spatio-temporal convolutional neural network (CNN), which first proposes a heatmap of
regions of interest (ROI) to reduce the search space, and then feeds the heatmap of probable object locations to
a object detector, which predicts the bounding box of the RSO. Later, we expand this design to operate as both
a detector and re-identifier of previously detected objects, which will allow for the tracking of RSOs.

Figure 5: GEO-SPANN’s high-level architecture, consisting of a two-stage spatio-temporal neural network. 
HARP-Net and LOC-Net are designed for the efficent detection of  low-resolution, temporally shifting ob jects in 
PANDORA data.

4.1 HARP-Net: Region Proposal by Exploiting Motion

A learned reduction in the search space for our detector is accomplished in the first stage of GEO-SPANN, using 
a 2D CNN with stacked temporal frames to output their respective heatmaps of ROIs. This first s tage, called 
HARP-Net (High Area Region Proposal), is created using a fully convolutional neural network. HARP-Net 
downsamples the large PANDORA imagery using convolutional strides and max pooling. Sequential frames are 
used as input to this 2D CNN to exploit the scene’s temporal information. A central frame acts as a pivot to 
the h previous and w subsequent frames, and in this manner a set of N frames can be input. Each frame learns 
its own convolutional filter set, and then are combined around the pivot frame to produce feature m aps. The 2D 
CNN comprising HARP-Net uses the following equation:
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fx,y =
N∑

n=1

 kh∑
i=1

kw∑
j=1

Vn(i, j)Kn(kh − i, kw − j)

+ bm, (1)

Where Vn is the nth frame in the temporally connected stack, Kn is the convolutional kernel for frame n of
size (kh, kw) to compute feature map values fm ∈ RM , where M is the set of feature maps, n ∈ is a frame in the
set of temporal frames, and bm is a learned bias to feature map m. A heatmap-based formulation is the output
for this stage, which indicates learned ROIs with the temporal context around the central frame. Notably, we can
choose which central frame n we will maximize via back propagation between the output heatmap and ground
truth.

4.2 LOC-Net: Object Detection with Reduced Search Space

The second stage of GEO-SPANN will take the reduced search space output and use a spatial detector to bound
the predicted objects in a sequence of frames. LOC-Net, which uses YOLOv5, works on the knowledge that via
the previous step, each output pixel essentially gives a vote whether it is a pixel containing a potential RSO.
Areas which contain a high output value are cropped from HARP-Net and used as input to LOC-Net. The
spatial information in the scene is cropped to contain connected ROI pixels above a threshold value. Effectively,
we can ignore large areas of the scene which do not have ROI pixels above threshold, and then train a YOLO
detector to predict new bounding boxes for RSOs in the scene.

5. RESULTS

SatNet-PANDORA-v0 is broken into 100 sets of 100 sequential frames for experiments. We will use 90 sets of
100 frames for training of GEO-SPANN, and 10 sets for testing. Performance is measured in precision, recall,
and max F1 score, where we determine a true positive to be within a pixel euclidean distance θ of an annotation.
Furthermore, while the annotated dataset does not classify different classes of RSO, we also provide a prediction
for 3 main classes: GEO, MEO, and LEO RSOs. GEO-SPANN was built using TensorFlow, and was GPU
accelerated.

Table 1: GEO-SPANN Object Detection Performance on Each Test Data Set

Dataset F ∗
1 Precision at F ∗

1 Recall at F ∗
1 TP at F ∗

1 FP at F ∗
1 FN at F ∗

1

Test Set 1 (TS1) 0.82 0.746 0.79 172 19 238
TS2 0.866 0.68 0.75 75 212 225
TS3 0.757 0.971 0.69 166 22 234
TS4 0.770 0.78 0.66 155 22 155
TS5 0.801 0.88 0.76 155 18 210
TS6 0.891 0.96 0.83 169 13 210
TS7 0.839 0.82 0.7 180 10 222
TS8 0.752 0.8 0.71 151 13 221
TS9 0.945 0.96 0.93 217 3 225
TS10 0.861 0.76 0.89 209 23 234
AVERAGE 0.87 0.91 0.83 214 19 204

Table 1 shows the results of GEO-SPANN performed on the 10 sets of test data. There are 100 frames per 
set, and we report the average detection metrics for the whole series of frames. We see that there is an average 
F1

∗ of 0.87 for the entire test dataset, which is a very solid baseline for object detection. We extended the single 
frame detection performance to include temporal information contained in GEO-SPANN, and found that when 
we repeat the above experiments, we have an average increase in the average F1

∗, resulting with a score of 90.1. 
These are encouraging results for this methodology in detecting low resolution objects in WFOV data.
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6. CONCLUSION AND FUTURE WORK

The spatio-temporal neural network (GEO-SPANN) approach implemented in this work improves object detec-
tion in PANDORA data while also creating an efficient means to produce RSO detection and tracking information.
This computer vision technology is essential to the utilization of WFOV passive sensors. Techniques introduced
will play a major role in the future of space surveillance as our orbital regimes are increasingly populated and
the demand for a high-volume all-sky sensor is required. With GEO-SPANN, we have remarkably high precision
in the detection of RSOs, with the added benefit of being able to discriminate between different classes of space
objects. This network would benefit from a variety of observing conditions for training, but we can assert that it
is now a benchmark for state of the art in this class of WFOV RSO detection. Future work will use the detection
methods introduced here and extend them to produce tracks of space objects, which can be used in a hierarchical
structure of WFOV and NFOV sensors.
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