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ABSTRACT 

Event Cameras (ECs), or Dynamic Vision Technologies (DVT), have been developed for capturing motion of objects, 

reducing bandwidth from sending image frames, and increasing responsiveness for change detection. While many EC 

cameras are on the market, there are many performance issues to consider beyond the hardware performance such as the 

interaction with users for domain applications. In this paper, we explore ideas of ECs to potentially enhance human 

machine teaming for object detection and recognition tasks. The examples presented demonstrate the possible impact of 

ECs on a human cognitive work assessment for information fusion applications of space object awareness, high-rate 

structural health monitoring, and safety vigilance. The ideas presented motivate future test experiments with ECs to 

enhance human-machine teaming for surveillance, maintenance, and detection. 

Keywords: Data Fusion Information Group Model, Information Fusion, User Refinement, Deep Learning, Digital 

Twins, Event Cameras, Human-Machine Teaming 

 

1. INTRODUCTION 

Data and image fusion methods can be computationally expensive, incur time delays, and require modifications to meet 

bandwidth requirements [1,2]. For example, when sensors operate at the edge, there is a need for efficient and scalable 

methods [3]. For a decade, researchers were interested in new technology, but the user perception and interaction also 

has to be considered [4,5] for meaningful use of the technology. Recently, event cameras or dynamic vision technologies 

are being developed that can support human-machine teaming (HMT) through direct application or with digital twin 

technology [6]. This paper presents a discussion to set the stage for human-EC teaming (HECT) experiments. Figure 1 

presents as general concept to deploy event cameras for human cognitive situation awareness.   

 

Figure 1 – Human Machine Teaming with Event Cameras. 

Event cameras have been on the market for many years and include a few manufactures for imaging systems, especially 

visual tasks. Applications include manufacturing, inspection, object tracking, object recognition, and target tracking. 

Inherent in these designs are quick readout of change detection (CD) of pixel intensities. For a stable camera tracking a 
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moving object, the pixels that change in intensity indicate the movement of an object. By only outputting the pixels that 

change intensity, a form of data reduction results to save bandwidth. Among these advancements, there has yet to be 

studies and HECT experiments of the EC system, to include the sensor chosen, exploitation method, domain application, 

as well as the human operator. 

Among the opportunities of such EC deployment, few HMT assessments have been performed as compared to 

traditional camera methods [7]. As with other video systems, images or exploited images are presented to the user to 

determine their performance analysis. Such constructs as valiance, change blindness, and perception resulted in initial 

studies in the 1970s. With the advent of exploitation computer vision methods, many HMT assessments included 

Automatic Target Recognition (ATR) methods (1980s) [8]. In the 1990s, machine learning transformed the video 

presentation to include that of the ATR that inherently would enhance the operator performance to the extent humans 

relied on the results [9]. In the 2000s, the development of imaging systems included image quality estimation [10], 

required registration [11], provided wide-area coverage [12], and conducted performance assessments such as with 

electro-optical/infrared systems [13]. Key to these developments was information maneuverability for decision making 

[14,15]; getting the results in a timely manner. Furthermore, in the last decade, deep learning has transformed image 

processing. Most recently, with the surge of large language models (LLMs), many research studies with operators have 

utilized visual language models (VLM) [16]. Using the trends form other technology, then there is a need for robust 

studies to assess event cameras beyond just the hardware and software exploitation methods, but also that of the human-

EC teaming (HECT). 

Event analysis is an important concept rooted in computer vision, psychology, and language. Specifically, the semantic 

challenge is between ―event‖ and ―activity‖, as shown in Figure 2. Based on prior work, [17], it is assumed that an event 

is a specific instant in time, whereas an activity has duration [18]. An event could be change detection. Atomic events 

can then be aggregated to determine behavioral activity. 

Furthermore activities can lead to entities of behavior that can be 

semantically labeled. Currently, LLMs [19,20] can be used to 

query sensing knowledge and label activities, behaviors, and 

results; while also providing a narrative, such as human activity 

recognition behavior [21,22,23,24,25]. Examples of imagery-

detected events can be combined with chat [26], text [27], cyber 

[28], cyber-physical systems [29], etc. for situation activity 

awareness. The event change can inform anomaly detection in the 

domains of cyber, energy, and surveillance [30].  

In addition to video ECs, devices are being developed for event-based analysis over sensors such as infrared (IR) 

[31,32,33], radar [34], hyperspectral [35], acoustic [36], or combinations such as Electro-optical/IR [37] and other 

sensors that focus on the ―event‖ or change in the sensing field. In the coming years, there should be a variety of systems 

available that can transform various surveillance tasks that use edge devices such as internet of things (IoT) sensors [38]. 

For example, a current EO/IR system [39,40] could be replaced with an EO/IR EC for safety, privacy [41], and security 

[42] analysis in edge-based [43], fog-based [44], or cloud-based [45] systems. Multimodal ECs could enhance complex 

system analysis [46]. Furthermore, with physics-based simulation, realtime data collection would facilitate scene 

recognition [47] and target tracking [48,49], or combinations [50]. A good example of object tracking is using an EC to 

enhance distinguishing between movements of animals and humans [51], that is useful for autonomous cars [52]. 

Among the progress in computer vision, traditional frame-based cameras have challenges like limited temporal 

resolution, restricted dynamic range, motion blur, and which limit their use in various scenarios. Recent developments 

include neuromorphic dynamic vision sensors (DVSs) that are inspired by biological vision systems such as spiking 

neural networks [53]. DVSs offer pixel-level detection of light intensity changes and a profound shift with exceptional 

temporal resolution by generating a continuous stream of events that encode polarity, location, and time. DVSs have 

shown remarkable improvements over traditional cameras with a dynamic range of 140 dB (compared to 60 dB), 

minimal latency, resilience to uneven lighting, low power consumption of just 1mW, and ultra-high temporal resolution 

over 100,000 frames per second [54]. DVSs are a transformative advancement in sensing technology to improve 

autonomous systems, navigation, object detection, space situational awareness, depth estimation, gesture recognition, 

and structural health monitoring. In addition, recent advancements of DVSs calibration, frame reconstruction, super-

resolution, rolling shutter correction, and data compression, should improve these applications. Additional, when utilized 

 
Figure 2 – Event versus Activity 
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as a data-driven approach combined with physics-based simulation in the Dynamic Data Driven Applications Systems 

(DDDAS) framework [55,56], DVSs can be used in dynamic digital twin construct.  

While the concepts presented in the paper are exploratory, the motivation is to start the HECT discussion. The rest of the 
paper is as follows. Section II overviews the event camera concept. Section III highlights directions with human imaging 
performance assessment. Section IV showcases current examples. Section V provides a discussion and Section VI 
conclusions and a way forward. 
 

2. EVENT CAMERAS 

Neuromorphic dynamic vision sensors (DVSs), or ECs, offer a paradigm shift from traditional frame-based snapshot 

imaging to dynamic, event-based capture; that is transforming visual sensing. Inspired by the human visual system, these 

DVSs sensors detect changes in light intensity at each pixel asynchronously, independently, and dynamically, that 

provide a realtime response. With the light intensity change detection operation, DVSs have these advantages [57]: 

• Superior Dynamic Range: With a dynamic range of 140dB—vastly surpassing the 60dB offered by conventional 
cameras—DVSs can handle a wide range of illumination levels, from the brightest sunlight to dim moonlit scenes. 

• Low Power Consumption: Operating on just microwatts of power (10 mW vs 1.5 W of standard cameras), DVSs are 
highly suitable for energy-constrained applications. 

• Ultra-High Temporal Resolution and Low Latency: DVSs achieve an exceptional time-resolution equivalent of over 
10,000 frames per second due to their microsecond-scale latency, enabling the capture of extremely rapid 
movements, such as a projectile in flight.  

• Enhanced Low-Light Performance: Capable of operating in lighting conditions as low as 0.08 lux, which is about the 
illumination of a full moon on a clear night, DVSs are exceptionally sensitive in near-darkness. 

By monitoring each pixel independently for the light intensity brightness, DVSs provide the principle of change 

detection (CD). When the brightness change exceeds a threshold, the pixel generates an event containing the pixel 

coordinates (x, y), timestamp (t), and the change’s polarity p (increase or decrease). The independent and asynchronous 

stream of events (x, y, t, p) are used for further processing. Theoretically, the DVS is generally described by a simple 

model. Let I(x, y, t) represent the light intensity at time t for pixel (x,y). An event is triggered when the absolute change 

in intensity exceeds a threshold C:  
 

|I(x, y, t + Δt) − I(x, y, t)| > C   (1) 

where Δt is the time elapsed since the last event at that pixel (see Figure 3). The event polarity p(x, y, t), is determined by 

the sign of the change: 

p(x, y, t) = sign(I(x, y, t + Δt) − I(x, y, t)  (2) 

This simple event vision model highlights the inherent ability to detect and represent temporal information in a highly 

efficient manner. A sequence of events, denoted as E, takes the form E = {e1, e2, . . ., eJ}, for j = 1, …, J and each event 

ej = {xj, yj, pj, tj} represents a tuple with image coordinates (xj, yj, polarity pj in the set {−1, 1} and sometimes presented 

as {0,1}), and timestamp tj. 

DVSs use the Address-Event-Representation (AER) format, originally proposed by Sivilotti [58], to mimic neural 

information transmission in biological systems [59]. AER is an event-driven, asynchronous protocol that transmits data 

only when pixels detect changes in intensity, reducing unnecessary bandwidth use, and increasing temporal sensitivity. 

However, it is noted that the electronic saturation can delay event output timing [60]. DVSs handle readout rates from 

2MHz to 1200MHz, depending on chip and hardware capabilities [60]. Different event data representations have been 

developed for various tasks [61]. 
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            (a) Standard vs. DVS    (b) Detail of pixel x in DVS     (c) A sample DVS frame 

Figure 3 - Operating principles of DVS. (a) DVS observing a rotating disk with a black circle with contrast outputs from 

a standard camera. The standard camera captures images at regular intervals, often including redundant data without motion. 

In contrast, DVSs, as data-driven sensors, detect brightness changes with microsecond accuracy. (b) For pixel x, when the 

brightness shift exceeds the contrast threshold, C, a blue dot (positive event) or red dot (negative event) appears highlighting 

increased event rates during rapid signal changes. (c) DVS captured series of events in the satellite pose estimation dataset in 

[62]. Images (a) and (b) are from [63]. 

 

3. EVENT CAMERAS FOR HUMAN TEAMING 

Processing data for ―event‖ analysis can be fused with other contextual data to determine the situation, scenario, and 

timeline [64,65,66,67]. Here, an event is at an instance, while an activity has duration. Notionally, a behavior activity 

analysis can afford and element of situation assessment leading to human situation awareness [68,69]. A traditional 

example is the change in pose [70,71] either from a single camera or combined cameras [72] for object motion detection 

[73]. As illustrated in Figure 4 (a), the goal is to take the event signal (pixel, image, text) and determine the change.  For 

the EC, the event change is the pixel; however, for a human the event might also have a semantic meaning.  Using such 

concepts as DDDAS [74], the events can be listed in a dynamic database [75]. While EC EO imagery is well known, an 

example is for synthetic aperture radar (SAR) in which the visual inspection of the SAR imagery is difficult for a human 

to recognize. Hence, the pixel changes help identify the moving targets (although with low precision as compared to an 

EO/IR system). When the pixel change of man-made object is detected, the change detection can determine if the 

moving system is arriving or leaving a specific location to report object level change detection (OLCD) and/or the 

pattern of life [76].   

  
                        (a) Event types from data                          (b) Fused events for object level change detection 

Figure 4 – Elements of sensor to event directions. 

Human text also has changes. Entity semantic labels and concept drift are examples of text changes in classifying 

objects. For the SAR case, the changing perspective can have a change in the label; or for more informative changes is 

the analysis of the event-to-activity behavior. If an object is moving, it can cross a location demarcation such as a trip 

line in which the object moves across a geo-fence. Hence, in such a surveillance example, the moving from the CD can 

be observed and labeled. The label includes the temporal time (t) and duration (t – ti), spatial location (x, y), and the 

semantic label of object type (o) and activity (a). These parameters can be used to build a narrative of a situation.   
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Using the concepts for situation analysis, ECs are assisting in a variety of applications such as ground target tracking to 

space object detection, structural heath monitoring (materials awareness), and multimodal surveillance for day/night 

operations. Important is to note that the situation analysis includes the machine for situation assessment, the human for 

situation awareness, and correspondence with historical and cultural norms for situation understanding. Hence, the future 

of ECs can enhance applications from science experiments, autonomous processing, and forensics analysis. For example, 

a combination of capabilities can support autonomous scientific forensics imaging a damaged UAV. The EC can detect 

the UAV versus a bird and whether there is a bird strike collision. The UAV could have a broken part from which SHM 

is needed to inspect whether the damage is causing a variation in the flight profile. Furthermore, with DDDAS, a 

dynamic digital twin model can be used to do SHM to determine the severity of the damage that might cause safety and 

security concerns if the UAV flies into the wrong area.  In addition to UAV SHM, the event processing can be extended 

to Lidar such as for environmental integrity (e.g., road embankments [77]). 

Other examples include using the EC for direct detection of the inverse problem to estimate the scene. Using generative 

models is another case where ECs are showing promise in modeling. One can use the change detection from previous 

results to hypothesize the parameter change, Hence, a variation in the vibration (SHM), glint (object recognition), and 

flight trajectory can lead to UAV control [78]. Likewise, ECs can use diffusion models for change detection such as 

DaLE (Denoising diffusion probabilistic model – DDPM). Cleary, the belief in the results can aid in the assessment 

based on the event detection, object pose, situation plausibility, uncertainty quality, and data consistency. 

ECs can enhance visual inspection, dynamic analysis, and trend monitoring in maintenance. DDDAS realtime dynamic 

approaches with DTs identify safety risks from damaged parts and needed repairs while increasing the remaining useful 

life (RUL) [79]. The EC results can be combined with dynamic digital twins using formal methods to enhance user 

responses [80] and safety-critical performance bounds [81] for operational effectiveness and decision support [82].   

4. EXAMPLES 

Among the many examples being explored, event cameras are widely used for space situational awareness (SSA), 

manufacturing, and surveillance. Many papers and publications highlighted the potential for ECs/DVSs and various 

groups have acquired event cameras for their areas of interest. This section will highlight examples collected for HMT 

use cases. Even with these use cases and the literature, little has been discussed on how the ECs will be utilized by 

operators.  In some cases, the data would be aligned with EO imagery (e.g., video) with an overlay and in other cases, it 

would be the sole interface. Hence, the question is what is the EC impact on user perceptions, tasks, and workload? 

A. Space Object Awareness 

One of the promising approaches is event cameras which can capture dynamic motion without capturing the entire image 

(Figures 5 and 6) for SSA. A recent example is to use event cameras (EC) [83] to detect the motion change that can then 

cue electro-optical (EO) [84] and radio frequency (RF) observations. Event cameras have shown promise for sensing 

applications for target detection [85] and motion capture across many domains. An example of Satellite Pose Estimation 

and 3D Reconstruction [86] that was developed for DDDAS space applications is shown in Figure 5.  

 

Figure 5 – The Event-based satellite pose estimation and 3D reconstruction pipeline. 

Event streams are inputted into the event-to-frame (E2F) models, which output reconstructed frames. Subsequently, 

simulation methods such as Bundle Adjustment for sequential imagery (BA4S) [87] and Multi-View Stereo (MVS) use 

the frames to generate camera poses and sparse point clouds. Finally, the sparse point cloud from BA4S, along with the 

frames, are used as inputs for Gaussian Splatting (GS) techniques to obtain a dense 3D point cloud, which is 

subsequently utilized to create the final 3D satellite model (Figure 6). With EC results, satellite behavioral analysis can 

be enhanced [88] for orbital control [89]. 
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(a)                                       (b)                                     (c)                                 (d)  

(a) EC Frame, (b) Reconstructed Frame, (c) 3D Model Generated by MVS, (c) 3D Model Generated by GS. 

Figure 6 – Event-based results for satellite modeling: (a) Positive (red) and negative (blue) events camera 

results over time. (b) Raw events satellite frame reconstruction. (c) BA4S with MVS generation. (d) BA4S with 

Gaussian Splatting dense 3D satellite model construction. 

 

B. Structural Health Monitoring  

While ECs for structural health monitoring (SHM) can enhance inspection, manufacturing, and observation, the concept 

has yet to widely discussed, such as incorporation with digital twins [90]. Current trends in digital twin developments 

seek high-rate updates [91,92,93]. Contemporary 

SHM focuses on options for normal computer vision 

tasks that would need to detect motions, however, not 

all motions are realized from RGB cameras alone. 

Figure 7 shows a case for melt manufacturing [94]. A 

melt pool in additive manufacturing is the localized 

volume of molten metal created by a high-energy heat 

source, such as a laser or electron beam, as it fuses 

powdered metal together. With the heat generated in 

the melt process, the RGB has a bright blur, while 

standard IR techniques could only reveal the external 

change of the melt. Hence, the EC has the potential to 

monitor the change in the heat and reveal a more 

precise boundary of the melt change. With the results, 

the manufacturing process could be further controlled 

to provide the right heat as the melt was developing 

and send the results for operator monitoring. 

Three areas of possible EC use related to SHM are 

pipeline analysis, power grid inspection and wild fire 

analysis. With the example for the melt process, the ECs can enhance the combination of EO and IR analysis and 

methods of image translation [95]. Pipeline inspection includes assessment of corrosion, leaks, and sparks [96]. EO/IR 

systems have been developed for event analysis from which ECs could provide faster and more accurate analysis to 

provide mitigation response. The EC results can be combined with deep learning and digital twin analysis for detecting 

sparks that assist in power grid analysis [97,98] and a controlled physical response [99,100]. In a similar analysis, the 

detection of heat boundaries is similar to wildfire monitoring [101] and damage assessment [102]. Thus, there are many 

emerging infrastructure surveillance applications that can be transformed with event cameras.    

C. Safety Vigilance    

The common example for event camera videos is surveillance; however, there is a need to investigate how a human 

would perceive the new EC information. Three examples are presented of change blindness mitigation, saliency 

affordance, and tangential motion perception. For purposes of HECT development, the goal is to design an emulation 

scenario for a on-orbit satellite servicing, assembly, and manufacturing (OSAM) where the robot user has to detect 

motion not seen by the manipulator [103], while utilizing the machine object awareness (Sect. 4A) and SHM (Sect. 4B). 

 

 (a)                                    (b)                         

Figure 7 – Planned effort with EC for printed image melt 

manufacturing. (a) an event data collection setup with the 

optical and thermal cameras, and (b) extracted melt pool, 

plume, and spatter from the printing image. 
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C.1 Change Blindness 

For the first case, it is to limit the effects of change blindness. Change blindness occurs when the human is staring at a 

video and focusing on the foreground for the object of interest while missing the background motion changes. Figure 8 

showcases such experiments.  

 

Figure 8 – Example where EC reduces change blindness 

As shown in Figure 8, the person is sitting and another person walks by. In this case, the other person is carrying and 

swinging an umbrella as a spinning object, and there are occlusions. In a notional sense, the umbrella could be of 

concern at airport screening. The scenario video is presented to three groups – those with the video camera, those with 

the EC, and those with both.  The metric evaluation would highlight whether key attributes were recognized in the video 

- such as what is the person sitting doing and what was the moving person holding? In this simple case, those users with 

both the video and EC detected the swinging object, while many with the video missed it as change blindness. 

Another aspect from the video is limb movement and background interaction. The EC would detect simultaneous motion 

and there is a need to distinguish normal actions from that of behaviors that are abnormal.  In the RGB, the event is 

barely noticeable as the user is focused on the moving person, but is revealed in the EC data.  

C.2. Saliency Affordance  

One of the key attributes of ecological psychology is affordances. An 

affordance is what the environment provides to the self-perception 

such as safe navigation and target recognition. For various human-

machine teaming interfaces, the goal is to develop exploitation 

methods to assist human decision making. Since the EC compresses 

the motion data, it is helpful to determine the EC affordance of the 

amount, density, and coordination of moving objects. In this scenario, 

the three groups are given the video of moving traffic and asked 

human activity recognition (HAR) safety questions - what was the 

density of objects and how many objects?  Hence, Figure 9 shows how 

the video could be used to afford the detection of the number of 

people when there are occlusions. Since there only two people and two objects, most subjects detected the people, but 

the swinging objects and count were missed with only the video data. 

C.3 Tangential Motion Perception 

For the third case, we are interested in sub-motions (Figure 10), such 

as limb movements compared to the torso walking movement. The 

videos collected have multiple people moving their limbs and the 

questions include – where was the human (robot moving to), what was 

the limb doing, and what was the limb holding? This example is a 

surrogate for OSAM robotics with platform movement and the 

manipulator motion. Such a scenario is evident in manufacturing, 

mobile robotic deployment, and inspection.  

 

Figure 9 – Example were EC has affords saliency 

information 

 

 

Figure 10 – Example where EC enhances 

tangential motion analysis 
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5. DISCUSSION 

Many videos have been collected for HECT exploitation, so next stage is HMT understanding. Current results use the 

Situation Awareness Global Assessment Technique (SAGAT) with stopping the video and asking users’ questions. 

Hence, the results reflect whether the user scored the correct answer. Since these are simple trials and results were 

successful, it demonstrates the validity of the EC to enhance operator performance. One direction is to expand on the 

HECT to further clarify user needs, display techniques, and complicated scenarios.  

Future opportunities for ECs include multimodal sensing coupled LLMs for evaluation of local/global event analysis (to 

build activity narratives). A standard data set and benchmarking of HECT efforts is needed to establish compliance with 

current systems. For compliance, metrics need to be developed for measures of performance (accuracy, timelines, 

confidence) as well as measures for effectiveness of cost, throughput (to include compression), usability, and security. 

The Multi-Source AI Scorecard Table (MAST) criteria [104,105] would be helpful to determine the possible EC learning 

exploitation techniques which includes data source assessment (e.g., potential for detecting false data injection [106]), 

human-on-the loop analysis of alternatives (e.g.,[107]), and support for reporting (e.g., control actions [108]). 

 

As this is first look at ECs for HMT, there are host of other event sensor emerging that could come in the next decade, so 

some additional insights into the sensor processing to assess blur, brightness, and saturation from which EC would help 

human operators. Combined with multisensor exploitation, information fusion, and deep learning assessment, many 

capabilities would result that can be tested. Finally, for HECT, a human workflow (e.g., alerts and exploitation), would 

need to be assessed for HMT situation assessment, training, and user refinement [109]. Future efforts would focus on 

HMT agentic multimodal event sensing using deep, reinforcement, active, and machine learning in DDDAS dynamical 

digital twins [110]. 

6. CONCLUSIONS 

This paper sought to present ideas for human-machine teaming for event cameras. The paper overviewed how event 

camera data captures motion to enhance surveillance, monitoring, and situation assessment. The events provide instances 

that support demarcations of activities from which the activities lead to labeled behaviors. Three emerging examples 

were presented for space object assessment, structural health monitoring, and safety vigilance, showing motion detection 

to assist operators. These motivating examples demonstrate the capability of ECs for simple tasks and more complicated 

scenarios are needed for a thorough performance analysis with human subject tests to explore different concepts such as 

the inclusion of deep learning methods, digital twin models, and multimodal sensing. 
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