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Abstract— We propose a real-time visual-inertial dense
SLAM system that utilizes the online data streams from back-
to-back dual fisheye cameras setup, providing 360◦ coverage
of the environment. Firstly, we employ a sliding-window-based
front-end to estimate real-time poses from the binocular fisheye
images and IMU data. Then, we implement a lightweight
panoramic depth completion network based on multi-basis
depth representation. The network takes panoramic images
(obtained by stitching dual-fisheye images with extrinsics and
intrinsic parameters) and sparse depths (generated by the front-
end local tracking) as input and predicts multiple depth bases
along with corresponding confidence as output. The final dense
depth is the linear combination of the multiple depth bases.
Thanks to the multi-basis depth representation, we can contin-
uously optimize the 360◦ depth with the traditional optimizer
to achieve higher global consistency in depth. We conducted
experiments on both simulated and real-world datasets to
evaluate our method. The results demonstrate that the proposed
method outperforms SoTA methods in terms of depth prediction
and 3D reconstruction. In addition, we develop a demo that can
run on a mobile to demonstrate the real-time capabilities of our
method.

I. INTRODUCTION

Real-time pose estimating and dense mapping in unknown

environments is a fundamental challenge in robot navigation,

autonomous driving, and AR/VR applications, especially on

resource-constrained devices. Indeed, distance sensors like

LiDAR can directly provide depth information, which is

valuable for dense mapping [1]. However, these sensors

face practical challenges such as low vertical resolution,

size limitations, cost, and power consumption. Compared

to distance sensor solutions, camera sensors still stand as

a more versatile and cost-effective option. Among them,

panoramic camera systems have gained significant attention

and development in recent years because they can capture

360-degree scene information.

Various hardware solutions for capturing panoramic im-

ages have emerged [2]. The most commonly used multi-

camera setups include the back-to-back binocular cam-

eras [3] and four fisheye cameras [4]. 360-degree devices

using back-to-back dual fisheye setups like Insta3601, GoPro

Max2 have been successfully commercialized. Meanwhile,

research based on panoramic images has also made sig-

nificant progress, including depth prediction [5]–[7] and

SLAM [8]–[10]. A natural idea is to combine the predicted

*Corresponding author: Guofeng Zhang (zhangguofeng@zju.edu.cn)
This work was partially supported by NSF of China (No. 61932003).
1https://www.insta360.com/
2https://gopro.com/

Fig. 1: Reconstruction of real-world scenes captured using

Insta360 devices. The middle row displays the sparse point

cloud, trajectory, and the reconstructed dense mesh. The top

and bottom rows show details of the reconstructed mesh

and corresponding views from the dual fisheye images,

respectively.

360◦ depth map with SLAM systems [11], [12], thereby

achieving 3D geometric mapping. However, most previous

work [11], [13]–[15] has mainly focused on post-processed

panoramic images rather than online data streams. Apply-

ing these methods to online fisheye data streams remains

challenging, especially on resource-constrained devices. [6],

[12], [16] based on fisheye cameras has primarily concen-

trated on the hardware setups with four fisheye cameras. Un-

like the four-camera fisheye setup, the back-to-back fisheye

cameras capture a minimal overlap in the field of view, which

increases the difficulty of fisheye-based depth prediction.

This paper proposes a novel dense VI-SLAM system based

on online streams from a back-to-back dual-fisheye system.

To the best of our knowledge, it is the first attempt to achieve
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this objective. Figure 1 shows the result in real-world of our

method. Unlike [12], our front-end tracking does not rely on

network-predicted depth, ensuring real-time performance. In

contrast to [11] which uses post-processed panoramic images

as input, our method accepts online stereo fisheye images,

truly meeting the demands of real-time pose estimation and

dense mapping. Utilizing multi-basis depth representation

with back-to-back fisheye devices presents unique challenges

compared to [17]. To ensure both efficiency and mapping

accuracy, we developed a framework tailored for tracking on

stereo fisheye images and mapping on panoramic images.

For this purpose, we customize a VIO system and a fast

image-stitching algorithm. Additionally, we refine the net-

work training and outlier removal strategy to mitigate the

distortion effects on depth prediction and optimization. The

contributions of this paper can be summarized as follows:

• We present a novel real-time dense visual-inertial

SLAM system based on a back-to-back dual-fisheye

configuration, which can run in real-time on mobile

devices. Our system takes online inputs from binocular

fisheye cameras and IMU data.

• We propose a lightweight depth completion network

tailored for panoramic SLAM systems. The network

takes sparse points (generated by SLAM system) and

panoramic images as inputs, and predicts depth bases

and confidence. The final depth information is obtained

through a linear combination of the depth bases.

• By leveraging the representation of multiple depth

bases, we incorporate weights of depth bases into the

traditional optimization of SLAM, thereby achieving

continuous refinement of panoramic depth.

II. RELATED WORK

A. Depth Prediction

Most panoramic depth prediction methods [18]–[21] rely

on post-processed ERP (Equirectangular projection) images,

highlighting the importance of addressing spherical distortion

in such images. To tackle the problem of uneven distortion

in ERP images, these efforts primarily focus on improving

the network’s receptive field. To combat uneven distortion,

efforts have centered on enhancing the network’s receptive

field. Some methods [22], [23] take ERP images with

CP(Cubemap Projection) images as input, leveraging the

strengths of both: ERP images are continuous but uneven,

while CP images are uniform but discontinuous. BiFuse [22]

recovers depth from both ERP and CP images using a dual-

data stream approach, whereas Unifuse [23] only employs

a dual-data stream during the encoding phase. Both meth-

ods have yielded promising results. PanoFormer [13] and

HRDFuse [14] use Tangent Patches as network inputs to

address distortion effects, yielding excellent results. How-

ever, achieving precise depth remains challenging due to the

inherently ill-posed nature of monocular depth prediction.

OmniMVS [7] and OmniVidar [6] leverage multi-view

geometry to predict depth, but such methods are only suitable

for four-camera setups with overlap. While depth completion

Fig. 2: System Overview.

has shown promise with small FOV cameras, limited research

has focused on panoramic images. [24] relies on a very high

density of sparse points, which may not suit the extremely

sparse depth generated by a SLAM system.

B. SLAM

Small field of view (FOV) SLAM systems [25]–[30],

whether based on a single camera or multiple cameras,

whether integrating IMU or other sensors, have mature solu-

tions available. Most SLAM systems designed for panoramic

camera setups primarily rely on Visual Odometry (VO)

methods, such as OpenVSLAM [27], ORB-SLAM3 [25],

360VO [9], and ROVO [10]. VISLAM solutions based

on panoramic systems are highly dependent on hardware

setup, and there is limited work combining them with depth

prediction. ROVINS [31] is tailored for four-eye cameras,

while LF-VIO [32] is designed for Panoramic Annular

Lens cameras. Omni-SLAM [12] merges OmniMVS [7]

and ROVO [10] for dense mapping but is unsuitable for

camera setups lacking overlap, like back-to-back cameras.

Moreover, its localization relies on predicted depth, limiting

the system’s efficiency. [11] combines a depth completion

network with ORB-SLAM. However, [11] relies on post-

processed panoramic images, and the predicted depth is not

continuously optimized. [17], [33], [34] both demonstrate

the significance of continuously optimizing the depth pre-

dicted by the network for improving the global consistency

of depth.

III. METHODS

The system overview of our method shows in Figure 2.

The system takes two fisheye cameras and IMU as inputs.

The front-end tracking module performs real-time pose esti-

mation based on fisheye images and IMUs. The keyframes

and local point clouds generated by front-end module are

then used for the back-end dense mapping. The back-end

module comprises three main steps. Firstly, we stitch the two

fisheye images into an ERP image based on the extrinsic

and intrinsic parameters. Then, we use this stitched ERP

image and the local sparse point cloud as inputs to the

network. The network predicts multiple depth bases and

confidence. Finally, we incorporate the weight of depth

bases and confidences into the window optimization, further

enhancing depth consistency.
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Notation Here, we predefined certain notations and sym-

bols for the sake of clarity. Rotation and translation are

denoted by R and t respectively. We refer to the label on

the left side of the symbol as the transformation between

two coordinates, and the label on the right side of the

symbol as the image index. The coordinate we use include

two fisheye (Fl and Fr), world (W ), body (B), virtual

spherical space (S). For instance, W
BRi and W

Bti are the

rotation and translation from the body to the world of image

i. Specifically, S
Bt equal to (Fl

Bt +
Fr

Bt)/2. S
BR is manually

specified to ensure that the left and right halves of the ERP

image correspond to two fisheye images. πS and πF are the

projection function to project 3D point to the ERP image

and fisheye images respectively. X denote the 3D point in

space, while x denote the 2D point in image. For spherical

space, SX = ḋψ(θ, φ), where θ and φ are the longitude and

latitude in spherical coordinate. ḋ is the distance from SX
to the center of sphere, which is equal to || SX||.

A. Front-End

The front-end of our system boosts efficiency by integrat-

ing SR-ISWF [30], a sliding-window design for VIO, along

with a square-root inverse filter to fuse all measurements.

The specific implementation of our VIO is the same as the

binocular mode in [35]. For the new binocular fisheye input,

we employ a FAST corner detector to extract corner points

and use the KLT method for optical flow tracking in each

fisheye image. After visual tracking, the tracked features are

first transformed from the fisheye image coordinate to the

normalized image coordinate. Afterward, we can add these

visual observations to the filter of VIO, just like handling

a regular camera. In particular, considering the significant

distortion in fisheye images, we assign different weights to

each tracked sparse point based on its position. We aim

to reduce the weight of points in regions with significant

distortion. The weight is defined as follows:

wf (u, v) =

[

∣

∣π−1

F (u+ 1, v + 1)[0]− π−1

F (u, v)[0]
∣

∣

−1

∣

∣π−1

F (u+ 1, v + 1)[1]− π−1

F (u, v)[1]
∣

∣

−1

]

,

(1)

where π−1

F (·) up-projects point from image to normalized

image coordinate. The weights are used for both outlier

rejection and state updates.

B. Depth Completion

Image Stitching Before using the network to complete the

depth, we need to generate an ERP image from fisheye im-

ages. To ensure efficiency, we did not implement a complete

image stitching algorithm as [36]. In contrast, we directly

employ the extrinsic and intrinsic parameters to stitch the

two fisheye camera images into a panoramic image. For

each point xS in the ERP image, the corresponding point

in fisheye images can be calculated as follows:

xFl
= πFl

(Fl

SRπ
−1

S (xS) +
Fl

St),xS [0] < width/2

xFr
= πFr

(Fr

SRπ
−1

S (xS) +
Fr

St),xS [0] >= width/2
(2)

Equation 2 establishes the mapping relationship between the

pixel points on the fisheye image and the pixel points on the

ERP image. By employing the interpolation method, we can

easily accomplish an efficient transformation from the fisheye

image to the ERP image. The mapping relationship depends

solely on the extrinsic and intrinsic parameters, so it only

needs to be computed once when the system is initiated. This

approach allows for a rapid fusion of the two fisheye images

into a panoramic image. For a 1920×960 resolution, our

method takes only 4ms, while the method proposed in [36],

even with multi-threading, requires around 70ms. The

stitching results are shown in Figure 3. It can be observed

that due to hardware limitations (such as the misalignment

of the optical centers of the two fisheye cameras), using

image stitching based on external and internal parameters

for images captured by actual devices may result in strange

seams along the boundaries. This issue can be easily resolved

by masking out the predicted depth in that region, and the

user’s head can also be removed in this way.

(a) Real-world fisheye images (b) Stitching from (a)

(c) Synthetic fisheye images (d) Stitching from (c)

Fig. 3: Image stitching by extrinsic and intrinsic parameters.

Network Our network utilizes the same architecture as

described in [17], which is a symmetric Res-UNet shown

in Figure 4. Our network (PBBC-Net) takes an ERP im-

age (generated by image stitching) and sparse depth points

(generated by Front-End tracking) as input and outputs multi-

basis depths and confidence. ResNet34 [37] is used as the

encoder. The final depth is estimated by D =
∑n

k w
d
kBk,

where wd
k is the weight of basis Bk and n is the num of

depth bases. For keyframe i, we project sparse map points

generated by VIO to spherical coordinates as follows:

SXi =
S
BR(

B
WRi

WX + B
W ti) +

S
Bt. (3)

Compared to [17], the primary changes include a cus-

tomized loss function and data augmentation strategies de-

signed specifically for panoramic images. We retained depth

loss Ld, confidence loss Lc, and base balance loss Lb. The

confidence loss is defined as follows:

Lc = ||(Dgt −Dpred) ◦ C||1 + w0

∥

∥

∥

∥

1

C + 1

∥

∥

∥

∥

1

, (4)

where C is the predict confidence, w0 is the hyper-parameter

that penalizes confidence C close to 0, which is set to 0.1 in

this paper.
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Fig. 4: Network.

The base balance loss is defined as follows:

Lb = log(λmax(B
TB))− log(λmin(B

TB)), (5)

where BTB is the model matrix of the least-squares problem

composed of sparse depth observation. The max and min

eigenvalue of matrix BTB are λmax and λmin respectively.

The depth loss is defined as follows:

Ld = ||(Dgt −Dpred)||1. (6)

Specifically, to overcome the issue of spherical distortion

in ERP image, similar to [11], we generate a weight matrix

as follows:

WE(u, v) =WE(ψ(θ, φ)) =

∫ θ+1

θ

dθ

∫ φ+1

φ

R2cosφdφ.

(7)

Where θ, φ is the spherical coordinates of the pixel corre-

sponding to u, v.

To get better performance, inspired by [38], we introduced

a virtual normal loss, defined as follows:

Lvn =
1

Nn

Nn
∑

i=0

∥

∥

∥
npred
i − ngt

i

∥

∥

∥

1

, (8)

where Nn is the number of sampling points, npred
i and ngti

are the predicted virtual normal and ground truth virtual

normal respectively. For more details about virtual normal

please refer to [38].

So the whole loss function is defined as follows:

L = µdWELd + µcWELc + µbLb + µvnLvn, (9)

where µd, µc, µb, µvn are the hyperparameters that fuse each

loss, which are 1, 0.1, 0.01, 0.5 in this paper respectively.

When applying padding to the convolutional layers, we use

circular padding on both sides of the features horizontally

since both sides of the panoramic image are connected.

Besides, we performed data augmentation on the training

data during the training process, including horizontal flip,

random brightness contrast, random gamma, and random

Gaussian noise. Taking into account the characteristics of the

panoramic images, geometrical augmentation is performed

by mapping the panoramic image to the unit sphere. We first

rotate the pixels of the image randomly ([-180°,180°] around

the y-axis and [-11.25°,-11.25°] around the z-axis) on the unit

sphere, then map the pixels back to the panoramic image.

C. Depth Optimization

Depth Factors Thanks to the multi-basis depth repre-

sentation, we incorporate the predicted depth bases and

their weights into the traditional optimizer. Similar to [17],

we employ the relative depth factor, sparse depth factor,

and prior weight factor for depth optimization. We use the

map points from front-end module to generate sparse depth

factors, and use sampled 2D points on ERP images(similar

to the method in [28]) to generate relative depth factors.

The prior weight factor is introduced to enhance optimization

robustness.

For each 3D point WX generated by VIO, its correspond-

ing position in ith frame is:

SXi =
S
BR(

B
WRi

WX + B
W ti) +

S
Bt. (10)

Then, the sparse depth loss can be defined as follows:

EDi
=

∥

∥

SXi

∥

∥−

n
∑

k

(wk
i B

k
i (πS(

SXi))). (11)

For each 2d point in ith ERP image pxi, we can get its

3D point by:

SXi = π−1

S (pxi)D(pxi) = π−1

S (pxi)(

n
∑

k

wk
i B

k
i (

pxi)).

(12)

Then, we can convert it to jth ERP image’s spherical

coordinate by

SXj =
S
W
Rj(

W
SRi

SXi +
W
Sti) +

S
W
tj . (13)

So, the relative depth loss can be defined as follows:

ERij
=

∥

∥

SXj

∥

∥−
n
∑

k

(wk
jB

k
j (πS(

SXj))). (14)

The definition of the prior loss is the same as in [17], as

follows:

EPi
= ŵi − wi, (15)

where ŵi is the initial value of wi before optimization.

Outlier Removal Compared to depth completion results

from small FoV cameras, we have noticed that depth comple-

tion networks based on panoramic images are more sensitive

to sparse depth noise, and the predicted depths also tend

to have more significant noise. Therefore, in addition to

confidence, we have employed some strategies for more

rigorous noise filtering. When constructing sparse depth for

frame i, we project the sparse 3D points SX generated by the

front-end onto nearby keyframes j where predicted depths

exist. We assess the sparse depth loss of SX on frame j,

and if it exceeds the threshold (0.5 in this paper), the sparse

point is discarded. Similarly, when generating relative depth

factors, we also assess the relative depth error of sample

points pxi on frame i to their adjacent frames j. If the

relative depth error surpasses a certain threshold (0.5 in this

paper), the sample point is discarded. In addition to checking

relative depth errors, we also verify the grayscale intensity

values of the sample points. If the difference between the
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grayscale intensity value of the sample point on the frame i

and its counterpart on the frame j exceeds the threshold (56

in this paper), then the sample point will not be added into

optimizer.

IV. EXPERIMENT

Implement Details We use a Nvidia Tesla V100 SXM2

GPU for training. We conduct experiments on a desktop PC

with an Intel i7-8700 CPU and 24 GB RAM, and use an

Nvidia GTX 1060 6GB GPU for inference. We first train

our model without confidence loss for 50 epochs and then

with confidence for 50 epochs. We employ the ADAMW op-

timizer with a dynamic learning rate adjustment. It begins at

1e-5 and warms up to 1e-3 over the first 100 steps, followed

by a cosine annealing schedule that reduces it to 1e-5 for the

remaining training duration. For each frame, we sample the

sparse depths from the ground truth depth of FAST corners.

We use 150 sparse points for training, consistent with the

average number of map points contained in keyframes. To

evaluate our method, we chose to quantitatively compare our

work using the metrics previously used in the literature and

metrics, including AbsRel, SqRel, RMSE, RMSLE (RMSE-

log), δ(1.25, 1.252).
Synthetic Dataset Due to the absence of datasets contain-

ing sequential motion data with panoramic and IMU data

for evaluating panoramic dense visual-inertial SLAM, we

generated some synthetic data using AirSim [39]. AirSim

has the capability to generate simulated images along with

depth and IMUs from the Unreal Engine. We have generated

a total of 5 dataset sequences, encompassing three room

scenes with average depths of approximately 1-3 meters

(room1), 2-4 meters (room2), and 3-5 meters (room3).

Depth Completion Analysis We evaluated our network

on Matterport3D and Stanford2D3D and compared it to

SoTA depth prediction methods including Bifuse [22], Uni-

Fuse [23], PanoFormer [13] and HDRFuse [14]. For com-

parison, we train our network on Matterport3d [40] and

Standford2d-3d [41] independently. For Matterport3d, we

follow the official split, while for Standford2d-3d we fol-

low the split used by [23]. The result shows in Table I.

Depth completion methods based on panoramic images are

limited. [11] was evaluated only on the now-unavailable

360D dataset. [24] utilized a significantly larger number

of sparse points (7%) compared to our method (less than

0.1%), rendering accuracy comparisons unfair. Neither [11]

nor [24] have published their code, so a fair comparison

with them cannot be made. Therefore, we present the results

of BBC-Net* as a reference in Table I. BBC-Net* is a simple

adaptation of BBCNet [17], a small FoV depth completion

network, to the panoramic depth completion scenario. Specif-

ically, We removed incompatible geometrical data augmen-

tation and retrained the BBCNet on Matterport3d with 150

points.

From Table I, it is evident that our network exhibits

a significant improvement in accuracy compared to SoTA

depth prediction networks. Even the results of BBC-Net are

notably superior to the SoTA methods. This demonstrates

TABLE I: Quantitative comparison with the SOTA methods.

δ1 δ2 AbsRel SqRel RMSE RMSLE

M
at

te
rp

o
rt

3
D

Bi [22] 0.845 0.932 0.2048 - 0.6259 -
Uni [23] 0.890 0.962 0.1063 - 0.4941 -
PF [13] 0.882 0.966 0.0904 0.0764 0.4470 0.1650

HRD [14] 0.916 0.967 0.0967 0.0936 0.4433 0.1642
Ours(150) 0.961 0.989 0.0504 0.0334 0.2972 0.0967
Ours(650) 0.983 0.995 0.0285 0.0176 0.2128 0.0678

BBCNet* 0.951 0.986 0.0613 0.0419 0.3254 0.1076

S
ta

n
fo

rd
2

D
3

D

Bi [22] 0.866 0.958 0.1209 - 0.4142 -
Uni [23] 0.871 0.966 0.1114 - 0.3691 -
PF [13] 0.881 0.962 0.1131 0.0723 0.3557 0.2454

HRD [14] 0.914 0.980 0.0935 0.0508 0.3106 0.1422
Ours(150) 0.966 0.990 0.0471 0.0396 0.2485 0.1000
Ours(650) 0.981 0.993 0.0278 0.0232 0.2056 0.0799

BBCNet* 0.951 0.987 0.0659 0.0433 0.2793 0.1157

TABLE II: The ablation result of network. The best result

is shown in bold. BBCNet* is the baseline of our method.

filtered (5%) stands for use confidence to filter out 5%

point according to the confidence. vnl loss stands using

virtual normal loss. confidence stands for using confidence

loss. weight stands for using weight defined in Equation 7.

aug stands for using data augment. We sample 150 FAST

coreners as sparse depth for input.

δ1 AbsRel SqRel RMSE RMSLE

BBCNet* 0.951 0.0613 0.0419 0.3254 0.1076
full 0.961 0.0504 0.0334 0.2972 0.0967

filtered(5%) 0.972 0.0431 0.0063 0.1283 0.0494

w/o vnl loss 0.958 0.0524 0.0349 0.3036 0.0985
w/o confidence 0.960 0.0532 0.0346 0.2993 0.0984

w/o weight 0.960 0.0508 0.0338 0.2998 0.0976
w/o aug 0.960 0.0503 0.0352 0.3017 0.0972

that the incorporation of sparse depth information plays a

substantial role in enhancing depth accuracy. Additionally,

it can be observed that the depth prediction accuracy of our

network improves with the number of sparse points increases.

Ablation Study To better illustrate the benefits of our var-

ious modifications on accuracy improvement, we conducted

ablation experiments on both the network improvements and

the depth-SLAM fusion improvements.

From Table II, it can be seen that virtual normal loss

and data augmentation have the greatest impact on depth

accuracy and numerical stability improvement. Confidence

loss can enhance AbsRel by 5.7%, but the improvement in

RMSE is limited, indicating that confidence loss is more

helpful for improving accuracy in small error regions. Weight

matrix can improve the accuracy but to a lesser extent.

As indicated in Table III, the introduction of each module

contributes to the improvement in accuracy. Numerically,

the most significant improvement comes from confidence, as

expected. Confidence can effectively filter out larger errors

over a large area, and this improvement is quite evident in the

numerical results. On the other hand, optimization is better

suited for fine-tuning depth details, thereby enhancing the

overall consistency of the depth. Another conclusion is that

noise filtering is crucial. Whether it’s the lack of Confidence

for noise filtering (+O, F) or the absence of an Outlier Re-

moval Strategy (+C, O), both can lead to optimization results
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TABLE III: Evaluation on depth error on synthetic dataset.

The best result is shown in bold. baseline stands for directly

use depth from network. C stands using confidence to remove

outliers. O stands depth weight optimization. F stands for

using strategy to filter out outliers. full stands for using

confidence, outlier removal strategy and depth optimization.

Dataset baseline +C +C, O + C, F +O, F full

room1 00 0.1341 0.1132 0.1062 0.1065 0.1313 0.1003

room1 01 0.1692 0.1489 0.1440 0.1451 0.1634 0.1280

room2 00 0.2819 0.2097 0.1840 0.1878 0.2353 0.1662

room2 01 0.2017 0.1740 0.1680 0.1702 0.1921 0.1674

room3 00 0.3021 0.2838 0.2822 0.2627 0.2911 0.2550

struggling to converge to the optimal state. To better visualize

the improvement in depth consistency and its impact on the

mesh, we have presented various mesh representations in

Figure 5. It can be seen that the results on the mesh and

numerical accuracy are consistent. Optimization significantly

improves depth accuracy and consistency. Effective outlier

removal helps optimization converge better, resulting in

smoother meshes.

(a) baseline (b) +C

(c) +C,F (d) +C,O

(e) +F,O (f) full

Fig. 5: The ablation result of meshes on room1 01.

Furthermore, We use Panoformer and UniFuse for depth

prediction on the same images and fuse the depths using the

same poses. From the results in Figure 6, it’s clear that our

method significantly outperforms UniFuse and Panoformer.

Real-World Test We validated our method in real-world

scenarios and developed a mobile device demo. For real-

world tests, the model is trained on the combination of

Matterport3d and Pano3d [42]. We not only augment sparse

depth by perturbing 10% of depth values, but introduce 2

(a) PanoFormer (b) UniFuse

(c) Ours (d) GT

Fig. 6: Meshes generated by different models on room1 01.

pixels of noise to point coordinates. We utilize the official

API to transmit online images and IMU data captured by

the Insta360 ONEX2 to a smartphone (Mi9) via WiFi. Our

SLAM system processed the data transmitted over WiFi in

real-time on the Mi9. Due to the time-consuming nature

of panoramic stitching algorithms, we can obtain an online

image data stream with dual fisheye images only. On the Mi9,

the network inference takes averages around 160ms. We run

a lightweight optimization online for a small window (taking

about 100ms). When the system exits, we execute GBA again

to refine all depths. Given the panoramic images’ robust

scene perception, we augment keyframe selection criteria

beyond standard metrics (e.g., feature point tracking count).

Specifically, we employ thresholds for keyframe distance and

angle, introducing new keyframes only when displacement

or rotation exceeds predefined limits. This yields sparser

keyframes, ensuring each module meets real-time processing

demands efficiently. Similar to [17], the keyframes and

the predicted depth optimized by the back-end are sent

to a separate TSDF fusion thread to generate the dense

mesh. The fusion method is based on the online incremental

techniques Mobile3DRecon [43] and Mobile3DScanner [44],

which are effective for controlling memory growth and are

well-suited for mobile platforms. With a dense mesh, it

becomes convenient to implement AR effects on mobile. If

applied to robots, it can be used for collision detection or path

planning. For more details, please refer to our supplementary

video.

V. CONCLUSION

In this paper, we introduce a novel dense visual-inertial

SLAM system based on a back-to-back binocular fisheye

data stream. Experiment results demonstrate that our method

achieves superior dense mapping results compared to the

state of the art. The online demo on mobile verifies the

efficiency of our method. In future work, we may explore

the use of self-supervised methods to enhance the network’s

ability to generalize to different environments and scenarios.
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