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Abstract. Drone attitude estimation is very sensitive to blocked satellite navigation signals 
and sensor errors in complex environments. So, methods for autonomous attitude 
estimation using onboard sensors have gotten a lot of attention. Visual sensors and inertial 
measurement units complement each other well in the information they provide. Because 
of this, visual-inertial fusion has become a key research area for drone attitude estimation. 
This paper reviews and compares UAV visual-inertial fusion attitude estimation methods 
for complex environments. It organizes typical fusion frameworks based on filtering and 
optimization. It focuses on the modeling ideas, IMU pre-integration methods, and the 
features of tightly coupled and loosely coupled fusion strategies in optimization-based 
methods. Then, under hard visual conditions like low texture, changing light, and dynamic 
scenes, it looks at how stable and practical different fusion strategies are. The paper lists 
the main challenges and future directions for current visual-inertial fusion methods.  
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1 Introduction 

Drones are now used in many complex jobs like surveying, inspection, environmental 
monitoring, and emergency rescue. The need for autonomous flight is growing. This need makes 
stable and reliable attitude estimation very important. In complex places like indoors, city streets, 
or areas with strong electromagnetic interference, satellite navigation signals are often blocked 
or fail. So, traditional navigation that needs external positioning does not work well here. 
Because of this, autonomous attitude estimation using onboard sensors is a key part of drone 
navigation and control systems. How well it works directly affects drone safety and mission 
success in complex environments. 

Visual sensors and Inertial Measurement Units (IMU) are the two most common sensors on 
drones. Their information is very complementary. IMU updates very fast and are accurate over 
short times. But their measurement errors build up over time, causing drift in the attitude 
estimate. Visual sensors give information about the outside world and are stable over long times. 
But their performance is very sensitive to light changes, environmental textures, and movement. 
Studies show one sensor alone often cannot be both accurate and robust in complex 
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environments [1]. This has pushed the development of visual-inertial fusion methods. The main 
methods are based on filtering or optimization. Filtering methods, like the Extended Kalman 
Filter (EKF), fuse information through recursive estimation. The Multi-State Constraint Kalman 
Filter (MSCKF) is a good example [2]. Optimization methods use a nonlinear framework to 
jointly estimate observations within a time window. They can be more accurate and consistent 
[3]. In optimization methods, IMU pre-integration is often used to handle high-frequency data 
without heavy computation [4]. Also, different fusion strategies work differently when visual 
quality is poor. Conditions like low texture, light changes, or dynamic scenes can weaken the 
system's geometric constraints. This hurts the stability of the fusion system [5]. 

Because of this, this paper focuses on vision-inertial fusion for UAV attitude estimation in 
complex environments. It reviews and compares related technical methods. It focuses on the 
modeling ideas of different fusion frameworks and strategies. The paper analyzes their 
performance and limits under poor visual conditions. It summarizes the main challenges in 
robustness and practical use faced by current methods. It also outlines future research trends. 
This analysis can help in choosing UAV attitude estimation methods and designing better 
autonomous navigation systems. 

2 Classification of Visual-Inertial Fusion Pose Estimation Problems 
and Methods 

UAV attitude estimation is a basic part of navigation and control systems. It estimates the 
aircraft's attitude steadily using data from multiple sensors. A single sensor often cannot be both 
accurate and robust in complex environments. So, fusing visual and inertial information is a key 
research direction. Visual sensors provide constraints from the environment to reduce long-term 
drift. Inertial measurement units update fast and are good for short-term accuracy. The two types 
of information help each other a lot. 

Current visual-inertial fusion methods mainly fall into two groups: filter-based and 
optimization-based. Filter-based methods usually use the extended Kalman filter. They predict 
and update the system state step by step. A key work here is the Multi-State Constraint Kalman 
Filter(MSCKF)[2]. It has a lower computational cost and is easier to run in real time. But the 
filtering framework uses linear approximations. Also, old observation data is compressed during 
updates. If there are big model errors or observation noise, system consistency can be a problem. 

As computers get better, visual-inertial fusion based on nonlinear optimization has become more 
popular. These methods treat the system states in a time window as variables to optimize 
together. They model visual and inertial observations as a nonlinear least-squares problem[3]. 
In this framework, IMU pre-integration is widely used. It turns high-frequency inertial data into 
constraints between keyframes. This lowers the computational cost[4]. Also, based on how 
closely visual and inertial data are combined, methods can be tightly coupled or loosely coupled. 
Their performance differs a lot in complex environments. 

Both filtering and optimization frameworks depend on good visual observations. When 
conditions have low texture, big light changes, or dynamic scenes, visual observations get worse. 
This weakens the system's geometric constraints. It then limits pose estimation accuracy and 
system stability[5]. 



 
 
 
 

3 Filter-Based Visual-Inertial Fusion Pose Estimation Method 

The filter-based method is an early approach for visual-inertial pose estimation. The main idea 
is to estimate the system state over time recursively. It uses visual observations to correct 
predictions from the inertial data. These methods are often based on the extended Kalman filter. 
They have a clear structure, relatively low computational cost, and are easy to run in real time. 
These advantages made them popular early on[6]. 

In the filtering framework, the system state usually includes the vehicle's attitude, velocity, 
position, and sensor errors. The IMU gives high-frequency state predictions. Visual 
observations are used as external measurements to update these predictions. This way, filtering 
methods can reduce the build-up of inertial errors. It improves the stability of the attitude 
estimate. But a problem with traditional filtering is that adding many visual features directly 
makes the state very large. This hurts real-time performance and numerical stability. 

The Multi-State Constraint Kalman Filter (MSCKF) was made to solve this. Its key idea is the 
multi-state constraint. It uses visual observations from different times to constrain the system 
state. It does not explicitly estimate where feature points are. This implicit way of handling 
features controls the state size. It adds more visual constraint information but keeps the filter 
running in real time. Tests show that compared to filters using only inertial data, MSCKF greatly 
reduces attitude drift. It gives more stable estimates for short to medium times. 

A strength of MSCKF and similar filtering methods is they are simple to make and efficient. 
This is good for UAV platforms with little computing power or high real-time needs. Also, 
because filters process data step by step, their system structure is compact. They are easier to 
build, which was valuable in early UAV visual-inertial systems. 

But tests of MSCKF also show the limits of filter-based methods in complex environments. 
Because they use linear approximations during updates, the estimates are sensitive to model 
errors and measurement noise. So, when visual observations are bad or the environment changes 
a lot, the filter cannot use old information well to correct estimates. This can hurt consistency. 
Also, because filters only update the current state at each step, they cannot use long-term 
constraint information well. This becomes a problem for high-precision pose estimation tasks. 

Filter-based methods are important in the history of visual-inertial pose estimation. Work like 
MSCKF showed that adding visual information can control inertial drift. It helped later research. 
But as environments get more complex and the need for high precision grows, the limits of 
filtering methods in using information and keeping estimates consistent have become clearer. 
This has helped drive the development of optimization-based methods. 

4 Optimization-Based Visual-Inertial Fusion Pose Estimation 
Method 

4.1 Fundamental Principles of Optimization-Based Methods 

The filter-based fusion method is an early and common technique. Its core idea is to predict the 
system state in a recursive framework. It then updates the inertial predictions with visual 
observations. It usually uses the extended Kalman filter. It has a clear structure and low 



 
 
 
 

computational cost. It fits UAV platforms that need real-time performance and have limited 
computing power. 

In the filtering framework, the system state includes attitude, velocity, position, and sensor 
errors. The IMU gives high-frequency state predictions. Visual observations correct these 
predictions. This reduces the build-up of inertial errors. But putting many visual features directly 
into the state makes the state very large. This hurts real-time performance and numerical stability. 

The Multi-State Constraint Kalman Filter is a well-known filtering method. It uses the idea of 
multi-time constraints. It uses visual observations across time to constrain the system state 
without estimating feature point positions. This controls the state size well. It also adds more 
visual information in real time. Compared to filters using only inertial data, MSCKF reduces 
attitude drift a lot. It gives stable estimates for short to medium times. 

Filtering methods are useful in practice. But they have limits. For example, they are sensitive to 
linear approximations, noise models, and observation quality. When visual observations are 
poor or the environment changes a lot, they cannot use old information well. This may hurt 
consistency. 

4.2 Keyframe-based Optimized Fusion Method OKVIS 

The visual-inertial fusion method based on nonlinear optimization is now a hot research topic. 
The OKVIS system was first presented in 2015 by Leutenegger and others from ETH Zurich[3]. 
It is a key work that first showed optimization-based visual-inertial fusion is possible. OKVIS 
controls the state size by managing keyframes. It adds visual and inertial constraints across time 
within the window. This lets the system make global corrections to the pose estimate during 
optimization. 

But OKVIS also shows the cost of optimization methods in practice. They have higher 
computational cost. They are more sensitive to how they are started and how parameters are set. 
Their performance drops a lot when visual observations are bad. The optimization framework 
does not automatically work well in complex environments. So, more work is needed to make 
them more robust and practical. 

4.3 Optimized Fusion System VINS-Mono for Unmanned Aerial Vehicle Scenarios 

After early work like OKVIS showed optimization works, researchers like Qin Tong made the 
VINS-Mono system [7]. It deals with problems like unknown scale and unstable start-up with a 
single camera. It was designed to meet the stability needs for real UAV flights. 

VINS-Mono uses a sliding window optimization framework. It makes the system much more 
reliable for real flight tasks. It does this by using inertial data to find the scale, improving the 
marginalization strategy, and adding failure detection and re-start methods. Tests show the 
system can give continuous, stable pose estimation on public datasets and real UAV platforms 
[7]. 

Later research started to focus on working well in complex environments. The goal is to make 
optimization-based systems better for dynamic scenes and poor observations [8]. Some work 
has reduced the effect of dynamic interference on the system. It does this by making constraints 
more robust or adding ways to suppress problems [9][10]. But when visual observations are bad 



 
 
 
 

for a long time or environmental interference continues, the performance of traditional feature-
based methods still falls. Also, high computational cost limits their use on platforms with little 
computing power [9][11]. 

4.4 The Role of IMU Pre-Integration in Optimization-Based Fusion Methods 

High-frequency inertial data is key for making optimization frameworks work better. But it also 
brings modeling and computational challenges. Putting each inertial measurement directly into 
the optimization would make the state too large. This is not practical. 

The main idea of IMU pre-integration is to combine inertial data between keyframes. It adds 
this as relative motion constraints to the optimization. This greatly lowers the computational 
cost [4]. This idea gives a solid base for using inertial data in a discrete optimization framework. 
It also helped it be used widely in systems like OKVIS and VINS-Mono [3][7]. 

Current pre-integration depends on error state modeling and linearization. If not done right, it 
can hurt estimation consistency [8]. In complex environments, pre-integration helps keep pose 
estimation going when vision is briefly bad. But it cannot remove the long-term build-up of 
inertial errors. It is still limited by sensor performance [1]. Later research has improved pre-
integration theory using Lie group manifolds. This has made it more consistent and stable under 
high-dynamic conditions [12]. 

5 Comparative Analysis of Fusion Methods and Discussion of Key 
Issues 

Different methods often work well in ideal conditions. But their performance differences show 
up more as conditions get complex. 

The fusion frameworks themselves are fundamentally different. Filtering methods are based on 
recursive estimation. They are clear and work in real time well. But old observation data is 
compressed during updates. So, early errors that get into the system are hard to correct fully. 
Optimization methods estimate states for multiple time steps together in a time window. Old 
observations keep acting as constraints during estimation. This uses information more 
efficiently. But this advantage needs accurate error modeling and linearization. If the modeling 
is wrong, it can cause biases [13]. 

In recent years, research has looked at the consistency problem of traditional fusion methods. 
The FEJ2 method notes that bad Jacobian linearization in nonlinear systems can break 
estimation consistency. Fixing the initial estimation point can help this [14]. Also, from an error 
state view, some studies use a right-invariant error representation. This makes attitude error 
propagation fit the system's geometry better. It improves the stability of visual-inertial systems 
over long runs [15]. These studies show that how well fusion methods work depends not just on 
the framework choice, but also deeply on how error states are modeled. 

In practice, optimization-based visual-inertial fusion has long had a problem. The covariance 
results are not reliable enough. Because of sliding windows and marginalization, the system 
often cannot get good uncertainty estimates. Chen and others recently made a covariance 
recovery method to fix this [16]. It lets the state uncertainty in a sliding window framework be 



 
 
 
 

estimated well. This makes the system easier to understand and more reliable in practice. Based 
on this, the same team also suggested decoupling error states from system states at the modeling 
level [17]. This unifies the view of error representation for filtering and optimization methods. 
It gives a new way to check the consistency of different fusion algorithms. 

Besides theory and practical understanding, poor visual conditions in complex settings remain 
a key limit on fusion system performance. When there is not enough texture, big light changes, 
or many moving objects, visual constraints based on geometric features become unstable. To 
fix this, researchers are trying more adaptive modeling. Adaptive VIO methods let the system 
change the visual model while running through online learning. This improves how well the 
system adapts to changing environments [13]. Other methods add neural radiance fields to the 
visual-inertial framework. They use dense scene representations to help when visual constraints 
are weak in low-texture areas. This shows that learned geometric representations can help in 
complex environments [18]. 

As more fusion algorithms for complex environments appear, system evaluation has become 
more important. The SMARTNav dataset gives a common test platform for visual-inertial state 
estimation in complex conditions [19]. It makes comparing how well different methods work in 
dynamic scenes and poor conditions more repeatable and fair. Such datasets show a change in 
research focus. They also provide a key base for designing and evaluating future algorithms. 

In short, work on visual-inertial fusion pose estimation is changing. It is moving from improving 
single algorithms to also thinking about error modeling consistency, system robustness, and 
adapting to complex environments. Future research must balance theory and practical use more 
closely. It should also explore combining geometric models and learned information better. This 
will improve how well drones can work on their own in complex places. 

6 Conclusion 

This paper reviews and compares methods for visual-inertial fused UAV pose estimation in 
complex environments. It looks at the features of visual and inertial sensors and how they 
complement each other. It also sums up the main research progress of current visual-inertial 
fusion pose estimation methods. The paper focuses on the performance differences between 
filtering and optimization methods in complex environments and why these differences happen. 
As computers get better, optimization-based visual-inertial fusion methods have become better 
at using information and giving consistent estimates. They are now the main approach in this 
field. But current methods still have many problems with poor vision and error modeling 
consistency. The overall system stability and robustness need to be improved more. 

The summary and comparison of typical methods and key works in this paper help us understand 
when different fusion strategies work and their limits. This gives a reference for choosing UAV 
attitude estimation methods and designing systems in future work. Research on visual-inertial 
fusion for attitude estimation is also likely to move forward. It may lead to better robust error 
modeling, adaptive methods, and combining learned information with geometric models. This 
could further improve how well UAVs can fly on their own in complex environments. 
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