
  

 

Abstract— We present a novel dual-end complementary 
method for online depth estimation and mesh reconstruction, 
termed DepthMesh. Unlike most existing state-of-the-art 
methods that produce either only depth online or surface mesh 
offline, our method tightly couples online multiview depth 
estimation and Truncated Signed Distance Function (TSDF) 
reconstruction to achieve fast online mesh reconstruction. For 
each keyframe from 6DoF tracking, we first obtain the prior 
depth and normal maps via ultra-fast raycasting from TSDF, 
which is incrementally fused from historical keyframe depths. 
Then, these priors, combined with segmentation results, are used 
to generate local planar hypotheses that optimize both depth 
accuracy and computational efficiency. Finally, the optimized 
depth estimates further enhance the accuracy of mesh 
reconstruction. Through this dual-end complementary 
mechanism, our system achieves high accuracy and efficiency. 
Experiments with qualitative and quantitative evaluations on the 
ScanNetV2 and self-collected datasets demonstrate the 
effectiveness of our method. Our method can generate depth and 
mesh online with accuracy (< 3 cm) on mobile devices, which is 
useful for robotic autonomous navigation and mixed reality 
applications such as real-time occlusion and collision handling. 

I. INTRODUCTION 

Visual-based online 3D reconstruction, leveraging its 
significant advantage of low cost, has been widely applied in 
fields such as robot navigation, autonomous driving, and 
mixed reality [1], [2], [3]. Given the relative maturity of visual 
SLAM technology [4], [5], the key to achieving high-quality 
online 3D reconstruction lies in how to rapidly compute the 
accurate depth of images and the mesh surface. 

Traditional depth estimation methods based on dense 
matching [6], [7] typically use fixed-window descriptors to 
compute matching costs. These methods can effectively 
reduce the time consumed in matching calculations, thereby 
enabling fast computation of image depth maps, but they are 
difficult to apply in online reconstruction on mobile devices. 
Subsequent works, such as 3D Modeling [8], MobileFusion [9], 
and Mobile3DRecon [10], have enabled online reconstruction 

on mobile devices after platform-specific optimizations. 
However, these methods did not consider the impact of large 
disparity variations on matching costs during depth estimation, 
resulting in limited depth accuracy and completeness. 
Mobile3Dscanner [11] uses a DNN-based post-processing 
approach to improve the completeness of depth map, but it 
loses depth map details. To address this issue, [12], [13] use 
precomputed surface normals to constrain matching cost, 
which can effectively improve depth accuracy in areas with 
weak textures and large disparity variations. However, these 
surface normals are typically obtained via the dominant 
slanted plane assumption [13], virtual normals [14], and depth 
maps [15]. The normal calculation strategies of these methods 
are relatively complex and computationally expensive, making 
it difficult to meet the requirements of online depth calculation. 

In recent years, several studies have attempted to optimize 
depth estimation by leveraging deep learning Convolutional 
neural networks (CNNs) for feature extraction. For instance, 
the hierarchical structure of CNNs [16], [17], [18] is used to 
predict depth and normal geometric features from images, and 
geometric consistency constraints are applied to regularize 
depth variations, thereby improving the accuracy and 
completeness of depth in regions with large disparity 
variations. Another approach employs a method of cost 
encoding and convolutional aggregation to encode 
photometric features [19], normal features [20], and additional 
geometric constraint features [21] into the cost volume within 
the depth hypothesis space, refining the depth accuracy of 
images through convolutional aggregation. However, the 
complex processes of feature encoding and aggregation often 
incur high computational costs, making them similarly 
difficult to meet the requirements of online depth estimation. 
To balance computation time and accuracy, SimpleRecon [22] 
designed a simple 2D CNN architecture. By simply combining 
planar scan feature bodies with geometric loss functions, 
multiview keyframes and geometric metadata were effectively 
integrated into the cost volume, significantly reducing the 
computational load. DoubleTake [23] leverages the geometric 
mesh obtained from [22] to further improve the accuracy of 
depth estimation, but it is difficult to run on mobile platforms 
due to its higher computational complexity. In addition, by 
probabilistically fusing a semi-dense stereo algorithm with a 
2D convolutional depth network [24], depth accuracy can also 
be optimized in real time. However, although these methods 
can rapidly infer complete depth maps, the accuracy of depth 
maps predicted solely by convolutional networks (based on 
cost volume prediction) still fails to reach the level achieved 
by traditional methods through dense matching cost 
calculation. 

To address the aforementioned issues, this paper proposes 
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Fig. 1. Flowchart of the dual-end complementary online depth estimation and mesh reconstruction algorithm.

a dual-end complementary online depth estimation and mesh 
reconstruction method. By leveraging the Truncated Signed 
Distance Function (TSDF) raycasting based on incremental 
depth fusion from historical frames, the proposed method 
tightly couples the processes of online depth estimation and 
mesh reconstruction, thereby achieving the unification of 
efficiency and accuracy for online mesh reconstruction. The 
main contributions of this paper are as follows: 

 A coupled framework for online depth estimation and 
mesh reconstruction is designed. Through the dual-end 
complementary process between depth estimation and 
mesh reconstruction, both the speed and accuracy of 
mesh reconstruction are effectively improved. 

 A plane prior-guided matching cost calculation method 
is proposed, which leverages planar priors to constrain 
the cost calculation range while obtaining more 
accurate matching costs for surfaces with large 
disparities. 

 The image segmentation results are introduced to 
optimize both local and semi-global cost aggregation 
processes, thereby improving depth accuracy in 
regions with weak textures and large disparity 
variations, and enhancing the robustness of the 
reconstruction algorithm in both indoor and outdoor 
scenarios. 

II. PROPOSED METHOD 

The overall process used in this paper is shown in Fig. 1, 
which consists of three modules: multiview reference frame 
selection, online depth estimation, and incremental mesh 
reconstruction. First, given a set of multiview frame images, 
on the basis of the range of the baseline length and camera 
inclination angle, combined with the camera pose, an 
appropriate image is dynamically selected as the reference 
frame. Second, the depth and normal priors obtained through 
the incremental TSDF raycasting are injected into the 
downsampled depth estimation process for the reference frame. 

This enables the acquisition of complete and reliable depth and 
normal priors, which are then incorporated as planar priors into 
the plane-guided depth estimation process of the original high- 
resolution image, and the corresponding image depth maps are 
calculated online. Finally, we use the incremental TSDF mesh 
reconstruction method to complete the online reconstruction of 
the entire scene. 

A. Multiview Reference Frame Selection 

Given a set of multiview images with camera poses, 
considering that depth is inversely proportional to disparity, 
the adjacent reference frames should have sufficient baseline 
spacing and maintain as much overlap as possible to provide 
a stable disparity and a basis for depth estimation. Therefore, 
the scoring function 𝐹ሺ𝐵,𝜃ሻ between the multiview baseline 

length 𝐵௙೔
௙ೕ  and the camera inclination angle 𝜃௙೔

௙ೕ  is used to 

dynamically select reference frames. Generally, the top two 
frames sorted by score are chosen as the reference frames 𝑓௜ିଵ 
and 𝑓௜ାଵ . In our experiments, we set 𝐹ሺ𝐵,𝜃ሻ ൐ 0.8  as the 
minimum threshold. 
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where 𝑆௙೔
௙ೕሺ𝐵ሻ and 𝑆௙೔

௙ೕሺ𝜃ሻ represent the baseline score and the 

camera inclination angle score for the current frame 𝑓௜ and the 
adjacent reference frames 𝑓௝, respectively. 𝑏ா and 𝜃ா are their 
respective expected values (𝑏ா ൌ 0.6𝑚, 𝜃ா ൌ 15°), 𝜎 denotes 
the standard deviation of the baseline. 

B. Online Depth Estimation 

To estimate the dense depth map online, this paper uses 
incremental TSDF raycasting and downsampling depth 
estimation to obtain complete and reliable depth and normal 
priors, thereby calculating the cost of multiview precise 
matching under the plane prior constraint and obtaining the 
final depth maps.
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Fig. 2. Process of image plane prior calculation.
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Fig. 3. Matching cost computation guided by the planar priors. ሾ𝑧̂௠௜௡, 𝑧̂௠௔௫ሿ 
represents the constrained depth search range, and the orange area in the cost 
volume represents the matching cost within the constrained range. 

Planar Prior Calculation —  In this work, the raycasting 
method [25] is used to calculate the valid mask, depth, and 
normal prior maps for the current frame from the TSDF fusion 
of the incremental mesh reconstruction (see the blue part in Fig. 
2). Considering that the depth and normal priors obtained from 
the TSDF deeply fused from historical frames may have 
certain information deficiencies, to fill these missing areas, the 
raycasting results of the incremental TSDF are injected into 
the process of online downsampling depth estimation, and the 
depth and normal priors from downsampling depth estimation 
are used to fill the gaps in raycasting priors to obtain complete 
and reliable image priors. Subsequently, the plane priors of the 
current frame are obtained using the plane condition equation 
𝑛௫ ൅ 𝑛௬ ൅ 𝑛௭ ൅ 𝑧௟ ൌ 0, where 𝑛௫, 𝑛௬, and 𝑛௭ are the normals 
of different pixels, and 𝑧௟  represents the pixel depth at the 
discrete sampling position 𝑙. These priors are then used as the 
planar priors to constrain the cost calculation and cost 
aggregation process of the high-resolution image, thereby 
reducing computational time and improving the accuracy of 
depth estimation. Fig. 2 illustrates the calculation process of 
the planar priors. 

Planar Prior-Guided Cost Computation — For each high-
resolution image, a nonequidistant discrete sampling strategy 
is adopted to perform discrete sampling in the depth search 
range ሾ𝑧௠௜௡, 𝑧௠௔௫ሿ to adapt to the depth variations of different 

scenes. 𝐿 is the total number of discrete sampling positions (𝐿 ൌ
63). Each sampling position corresponds to a matching cost value, 
and the 𝑙-th discrete sampling depth value 𝑧௟ is as follows: 

 𝑧௟ ൌ
௭೘೔೙௭೘ೌೣ

௭೘೔೙ା௟ሺ௭೘ೌೣି௭೘೔೙ሻ/ሺ௅ିଵሻ
 (2)

Considering that the computation of the matching cost process 
over the entire scene depth space range is complex and time 
consuming, the planar prior depth is used to constrain the original 
ሾ𝑧௠௜௡, 𝑧௠௔௫ሿ (see Fig. 3), thereby effectively reducing the depth 
search range for matching cost computations and significantly 
decreasing the computation time for the matching cost. 

Furthermore, considering that pixels with large disparity 
variations are prone to generating incorrect matching costs during 
the multiview frame matching cost calculation process, the planar 
priors are used to calculate the local homographic transformation 

matrix 𝑯௙೔

௙ೕ between multiple view frames (see (3)). Through 

𝑯௙೔

௙ೕ , local image warp is performed for 𝑓௝  to reduce the 

fronto-parallel bias in the matching cost calculation, thereby 
achieving consistency of the matching cost calculation 
window between 𝑓௜ and 𝑓௝ and improving the accuracy of the 
matching calculation. Notably, for pixels without planar priors, 
image pose information is used to project the pixels to 𝑓௝ to obtain 
the corresponding pixel coordinates according to (4). 

 𝑝ᇱ ൌ 𝑯௙೔

௙ೕ𝒑,  𝑯௙೔

௙ೕ ൌ 𝐾௙ೕሺ𝑅෨ െ
ଵ

௭೛
𝑡𝒏௣்ሻ𝐾௙೔

ିଵ (3)
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Where 𝑝ᇱ is the homogeneous coordinates of the projection point 
of a pixel 𝑝 on 𝑓௝, and 𝑧௣ denotes the discrete sampling depth 
corresponding to pixel 𝑝. 𝒏௣ is the planar prior normal vector. 
𝐾 is the intrinsic matrix of the camera, and ሾ𝑅෨ 𝑡ሿ represents 
the relative transformation matrix of pixel 𝑝 with respect to 
pixel 𝑝ᇱ. 𝑅 and 𝑇 are the rotation and translation matrices from 
the camera to the world coordinate system. 

To calculate the matching cost for pixel 𝑝  at the discrete 
sampling depth position 𝑙௣ (the corresponding sampling depth 
is 𝑧௣), the center-symmetric census matching cost algorithm 

[26] is applied to compute the matching cost value j
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pĈ p r ,l N   
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Fig. 4. Local and semi-global cost optimization process. (a) Image 
segmentation label map. (b) SGM with planar prior depth constraints. (c) 
Original SGM results. (d) SGM refined with the proposed cost penalty. 

Where 𝑊𝐶𝑇௡,௠ represents the bit chain of the central pixel 
ሺ𝑢, 𝑣ሻ .   is a bit-level concatenation symbol, which is 
used to concatenate the bit values calculated by the sign 
function 𝑠ሺ𝑢, 𝑣ሻ ൌ 0, 𝑖𝑓 𝑢 ൒ 𝑣; 𝑠ሺ𝑢, 𝑣ሻ ൌ 1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 , 
𝑃ሺ𝑢 േ 𝑖, 𝑣 േ 𝑖ሻ are the grayscale intensity of all pixels in 
symmetric regions on the 𝐼𝑛ൈ𝑚 neighborhood window. 

Local and Semi-global Cost Optimization — The original 
semi-global matching (SGM) strategy [6] constructs a global 
energy function 𝐸ሺ𝑙ሻ based on the matching cost 𝐶 , which 
consists of a data term 𝐶൫𝑝, 𝑙௣൯ and a smooth term 𝜑൫𝑙௣, 𝑙௤൯: 

 𝐸ሺ𝑙ሻ ൌ ∑ 𝐶൫𝑝, 𝑙௣൯ ൅ ∑ 𝜑൫𝑙௣, 𝑙௤൯௤∈ே೛௣  (6)

Although the aforementioned cost matrix 𝐶  has been 
optimized accordingly, pixels in areas with weak texture 
features and large disparity variations may lack local 
correlation information, making cost aggregation prone to 
errors. The flood-fill segmentation [27] result is incorporated 
into the cost aggregation process, constraining local cost 
aggregation and cost penalties through the color similarity 
function 𝐿𝑎𝑏𝑒𝑙ሺ𝑝ሻ (see Fig. 4(a)): 

 p p q pLabel p I I I  , q N           (7)

Where 𝑁௣ represents the four neighboring pixels of pixel 𝑝, 𝐼௣ 
is the grayscale intensity of pixel 𝑝 .   is a judgment 
function, and 𝜀 is the color tolerance threshold (𝜀 ൌ 5). 

To enhance the smoothness of the depth maps, the local 
cost optimization of pixels in the same area is carried out using 
a weighted fusion formula (see (8)). To curtail computational 
overhead, cost aggregation is performed every 5 pixels: 



p p j step p

horizontal direction

j step p
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 (8)

where 𝐶መሺ𝑝, 𝑙௣ሻ represents the aggregation value of pixel 𝑝 in 
the horizontal and vertical directions, respectively. An 
aggregation optimization sequence of first horizontal and then 
vertical aggregation is followed. 𝑤 is the weight between the 
pixel 𝑝 and the pixels in the step neighborhood (𝑠𝑡𝑒𝑝 ൌ 5). 
According to the principle of “weighting only within the same 
region”, the weights of the neighboring pixels are assigned a 
value of 0 or 1, thus optimizing the aggregation cost. 

To solve (6) online, the planar prior depth constraint cost 
aggregation process is applied (see Fig. 4(b)). For the prior 
depth of pixel 𝑝 , the nearest prior depth position 𝑙௣  is 
calculated using (2). By setting the depth position variation 𝛿௟ 
(𝛿௟ ൌ 8) within a certain tolerance range ሾ𝑙መ௠௜௡, 𝑙መ௠௔௫ሿ (𝑙መ௠௔௫ ൌ
𝑙௣ ൅ 𝛿௟ ,  𝑙መ௠௜௡ ൌ 𝑙௣ െ 𝛿௟) to limit the cost aggregation range, a 
uniform penalty 𝑃ଶ is applied to depth positions outside the 
tolerance range, thereby optimizing the time consumption of 
cost aggregation. Furthermore, considering that the traditional 
SGM strategy imposes incorrect cost penalties on pixels in 
areas with weak texture features and large disparity variations 
(see the red path cost in Fig. 4(c)), the discrete depth jump 
step ∆𝐿 of pixels is used to shift the original depth position 𝑙௣ 
to a depth position 𝑙௣ ൅ ∆𝐿  consistent with the surface 
direction (see Fig. 4(d)), achieving a zero-cost penalty 
transition for pixel 𝑝, thereby improving the global accuracy 
of the depth maps without additional time consumption. The 
aggregation cost for each 𝑟 direction is as follows: 



min max

min max

max min
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 (9)

where 𝑞  represents a pixel in the 𝑝 െ 𝑟  direction, ∆𝐿  is 
obtained by rounding the difference between 𝑙௣ and 𝑙௣ି௥: 

 ∆𝐿 ൌ 𝑟𝑜𝑢𝑛𝑑൫𝑙௣ െ 𝑙௣ି௥൯ (10)

The optimal depth sampling position 𝑙ሚ௣  is determined 
using the WTA (Winner Takes All) algorithm： 

 𝑙ሚ௣ ൌ 𝑎𝑟𝑔𝑚𝑖𝑛∑ 𝐿௥ሺ𝑝, 𝑙௣ሻ଼
௥ୀଵ  (11)

Where ∑ 𝐿௥ሺ𝑝, 𝑙௣ሻ଼
௥ୀଵ  is the final aggregated cost value, and 

the optimal depth value 𝑧̃௣ of the pixel is determined using (2). 
The final depth maps are generated by traversing all pixels.  

C. Incremental Mesh Reconstruction 

In this paper, an incremental TSDF mesh reconstruction 
method is employed, in which a weighted fusion algorithm is 
applied to optimize the mesh reconstruction process, avoiding 
the repetitive calculation of image pixels from historical 
frames and effectively reducing the computational time and 
storage consumption. 

Given an initialized 3D voxel mesh, by using image poses 
and according to the coordinate transformation relationship 
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(a) Keyframe Image (b) 6DoF Pose (c) GT Depth (d) GT Mesh 

Fig. 5. Example of the self-collected dataset. The self-collected dataset includes keyframe images (with a resolution of 800×600), corresponding ground truth 
(GT) depth maps for the keyframes, and the GT mesh of the scene. The GT mesh was obtained through offline map reconstruction using the RGBD depth map 
from Kinect. The GT depth for each keyframe was obtained by first registering the keyframe image to the Kinect map to acquire the 6DoF (6 Degrees of 
Freedom) pose of the keyframe and then rendering the depth using the scene mesh.

in (12), the depth maps from multiple views are projected onto 
the 3D voxel mesh, thereby obtaining the depth value 𝑧௩ 
corresponding to each voxel. 

 𝑃௩ ൌ 𝑧̃௣𝐾௙೔
ିଵ𝑅௙೔𝑝̂ ൅ 𝑇௙೔ (12)

For each voxel 𝑉, the weighted average fusion formula in 
(13) is used to incrementally calculate and update the TSDF 
value and weight of voxels within the truncation distance 
ሾെ𝜏, 𝜏ሿ (𝜏 ൌ 3𝑐𝑚): 

 𝑇௧
௣ሺ𝑉ሻ ൌ ೟்షభ

೛ ሺ௏ሻௐ೟షభሺ௏ሻା௦௚௡ሾ൫௭෤೛ି௭ೡ൯∗୫୧୬ ሺ௭ೡ,ఛሻሿௐ೟ሺ௏ሻ

ௐ೟షభሺ௏ሻାௐ೟ሺ௏ሻ
(13)

Where 𝑇௧
௣ሺ𝑉ሻ  and 𝑇௧ିଵ

௣ ሺ𝑉ሻ  represent the TSDF values of 
voxel 𝑉  at times 𝑡 and 𝑡 െ 1 . 𝑊  denotes the weight value, 
𝑊௧ሺ𝑉ሻ ൌ 𝑊௧ିଵሺ𝑉ሻ ൅ 1. 𝑠𝑔𝑛ሺ∙ሻ is the sign judgment function, 
min ሺ∙ሻ is the auxiliary function. 𝑧௩ represents the depth value 
corresponding to 𝑉. When 𝑧௩ ൑ 𝜏, the voxel is incrementally 
updated according to (13); otherwise, the voxel is no longer 
updated to avoid invalid calculations and noise and to increase 
the robustness of the result. 

After all the voxel values are updated, the marching cubes 
algorithm [28] is employed to extract the isosurface with a 
zero weighted sum of distances from the updated voxel mesh, 
as the reconstructed scene surface, thereby generating the 
final mesh. 

III. EXPERIMENTAL RESULTS AND EVALUATION 

To validate the effectiveness of the proposed method, we 
conducted quantitative and qualitative evaluations of both the 
depth maps and mesh reconstruction results using the public 
ScanNetV2 dataset and a self-collected dataset (including four 
sets of indoor and outdoor data collected with a mobile phone). 
An example of the GT data for one of the scenarios is shown 
in Fig. 5. Notably, the keyframes in the self-collected dataset 
were obtained through SLAM. In addition, the same Scan-
Netv2 dataset as that used to validate SimpleRecon was 
applied to evaluate the accuracy of the depth maps. Since 
SimpleRecon has specific field of view requirements for the 
input image, we uniformly resized the ScanNetV2 images and 
the depth maps to a resolution of 800*600 as the inputs for the 
algorithm. 

The proposed algorithm was developed on the Ubuntu 
22.04 system and implemented entirely in C++ (with 
acceleration using OpenCL 2.0). The experiments were 
conducted on a hardware platform consisting of an Intel(R) 
Core (TM) i7-13700KF CPU, with a minimum frequency of 
800 MHz and a maximum frequency of 5400 MHz, and an 
NVIDIA RTX 4080 graphics card. 

①

④

③

②

 
RGB GT Depth Ours SimpleRecon 3D Scanner 

Fig. 6. Depth estimation results obtained for the four self-collected dataset. 
From blue to red indicates that the distance between the camera and the scene 
changes from close to far. The red boxes highlight the regions with the most 
significant depth differences. 

TABLE I.  QUANTITATIVE COMPARISON BASED ON THE SCANNETV2 
DEPTH BENCHMARK. THE BEST RESULTS ARE SHOWN IN BOLD 

 
Method 

ScanNetV2 
Abs Err 
/(m)↓ 

Abs Rel 
/(%)↓ 

Sq Rel 
/(%)↓ 

1 0 5  . ↑ 

DPSNet 0.1552 7.950 2.990 49.36 
MVDepthNet 0.1648 8.480 3.430 46.71 

DELTAS 0.1497 7.860 2.760 48.64 
SimpleRecon 0.0885 4.340 1.250 73.16 

Ours 0.0784 4.670 1.150 78.11 

 

A. Depth Estimation Evaluation 

Table I presents a comparison of the quantitative results 
obtained with our method and other state-of-the-art deep 
learning methods [29], [30], [31], [22] on the ScanNetV2. 
Compared with all methods, our method performs the best 
overall. In particular, regarding the absolute error, our method 
reduces the error by more than 1 cm compared to SimpleRecon.  

To thoroughly evaluate the effectiveness of the proposed 
depth estimation method, Fig. 6 shows a comparison of the 
qualitative depth results of our method, two other methods that 
support online depth estimation, and the GT depth maps on the 
four self-collected datasets. Notably, the 3D Scanner depth and 
mesh are acquired by iPad Pro app, which uses dToF (Direct 
Time of Flight) sensor to capture dense depth maps within 5 
meters. It is obvious that the depth visualization results 
produced by our method are closest to the ground truth. As 
shown by the red box ①  in Fig. 6, the depth scale and 
smoothness of our method in the chair and wall regions are 
superior to those of SimpleRecon. This finding indicates that 
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TABLE II.  QUANTITATIVE DEPTH RESULTS FOR THE SELF-COLLECTED DATASET 

Scene Method Abs Diff 
/(m)↓ 

Abs Rel 
/(%)↓ 

Sq Rel 
/(%)↓ 

MSE 
/(m)↓ 

RMSE 
/(m)↓ 

RMSElog 
/(m)↓ 

 
Room 

SimpleRecon 0.0994 5.3382 0.8779 0.0165 0.1285 0.0397 
3D Scanner 0.0297 1.8939 0.3410 0.0058 0.0762 0.0227 

Ours 0.0164 0.9548 0.3019 0.0050 0.0706 0.0377 
 

Bed 
SimpleRecon 0.0654 2.9561 0.5118 0.0140 0.1183 0.0204 
3D Scanner 0.0296 1.9534 0.1795 0.0030 0.0552 0.0150 

Ours 0.0177 1.0292 0.0930 0.0017 0.0409 0.0108 
 

Sofa 
SimpleRecon 0.3433 15.301 5.5201 0.1302 0.3608 0.0743 
3D Scanner 0.0440 2.3845 0.1574 0.0032 0.0566 0.0124 

Ours 0.0219 1.0465 0.2132 0.0044 0.0662 0.0135 
 

Outdoor 
SimpleRecon 0.3950 14.096 5.8194 0.1665 0.4080 0.0678 
3D Scanner 0.0176 0.9098 0.0460 0.0010 0.0314 0.0069 

Ours 0.0129 0.5681 0.0325 0.0007 0.0259 0.0053 

TABLE III.  QUANTITATIVE COMPARISON OF THE MESH RECONSTRUCTION RESULTS ACROSS FOUR DIFFERENT SCENARIOS 

Scene Method Comp ↑ Precision ↑ Recall ↑ F1-score ↑ MAE ↓ SD ↓ 
 

Room 
SimpleRecon 0.8358 0.8516 0.7763 0.8122 0.0352 0.0471 
3D Scanner 0.9042 0.9231 0.9471 0.9349 0.0362 0.0484 

Ours 0.9354 0.9744 0.8587 0.9129 0.0111 0.0172 
 

Bed 
SimpleRecon 0.8347 0.8765 0.8094 0.8416 0.0313 0.0408 
3D Scanner 0.9355 0.9624 0.9053 0.9330 0.0325 0.0441 

Ours 0.9047 0.9395 0.9135 0.9263 0.0186 0.0235 
 

Sofa 
SimpleRecon 0.6719 0.8233 0.6541 0.7290 0.0543 0.0553 
3D Scanner 0.8572 0.9375 0.8512 0.8923 0.0193 0.0296 

Ours 0.8381 0.8892 0.8144 0.8501 0.0290 0.0423 
 

Outdoor 
SimpleRecon 0.7185 0.6330 0.5164 0.5688 0.0744 0.0598 
3D Scanner 0.9342 0.9485 0.8665 0.9057 0.0194 0.0224 

Ours 0.9599 0.9898 0.8534 0.9165 0.0067 0.0110 

TABLE IV.  AVERAGE ONLINE COMPUTATIONAL TIME PER FRAME. THE COMPUTING TIME FOR EACH FRAME IN THE FOUR SCENARIOS IS NOT 
SIGNIFICANTLY DIFFERENT. ACCORDING TO THE SEQUENCE OF SCENARIOS IN TABLE III, THE TOTAL NUMBER OF KEYFRAMES IN EACH SCENARIO IS 395, 

421, 381, AND 307 FRAMES 

Platform Method 
Time [ms/frame] 

Depth Estimation TSDF Integration Raycasting Meshing 

PC 
Ours 6.95 0.54 0.93 546.19 

SimpleRecon 88 2000 
Xiaomi 12 Pro (SDM8) Ours 35.30 3.72 4.89 1747.20 

the depth estimation method in this paper is more accurate for 
calculating the matching cost in the depth space. Furthermore, 
as indicated by the red boxes ② and ③ in Fig. 6, our method 
incorporates planar prior constraints into both local cost 
calculation and cost aggregation, resulting in recovered 
planes that are more accurate and better aligned with the 
actual surfaces than are those obtained with other methods. 
As indicated by the red box ④ in Fig. 6, the depth edges 
produced by our method are significantly richer in detail and 
higher in accuracy. This is mainly because our method 
incorporates image segmentation information, which 
preserves depth edge details. In contrast, SimpleRecon not 
only loses fine details along the stair edges but also generates 
noticeable distortions at the ground surface. 

Table II presents the quantitative results of depth accuracy 
evaluation across the four self-collected data scenes. It is 
evident that the depth estimates obtained with our method are 
significantly better than those of SimpleRecon across all 
metrics. Particularly for the “sofa” and “outdoor stairs” 
datasets, our method achieves a remarkable improvement. 
This finding indicates that SimpleRecon lacks sufficient 
generalization capability under varying lighting conditions and 

for outdoor scenes, whereas our method is not limited by scene 
type and can achieve stable depth estimation accuracy. 
Compared with 3D Scanner, our method exhibits inferior 
performance in terms of depth accuracy for Mean Squared 
Error (MSE), Root Mean Squared Error (RMSE), and Root 
Mean Squared Error in the logarithmic domain (RMSElog), yet 
it gains obvious advantages in Absolute Difference (Abs Diff) 
and Absolute Relative Error (Abs Rel). One important reason 
for this difference is that during the depth estimation process, 
our method considers excluding the matching costs of 
nonoverlapping regions of the image, which results in a final 
depth map with less noise and higher accuracy. 

B. Mesh Reconstruction Evaluation 

To verify the mesh generation effect of our method, we 
conducted both qualitative and quantitative assessments of our 
incremental mesh generation method based on TSDF fusion 
and compared our method with two other methods and the 
ground truth mesh. Notably, all three methods generate meshes 
via TSDF fusion, thus offering strong comparability. 

Fig. 7 displays visualizations of the meshes generated in 
four different scenarios. Our method effectively mitigates the 
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SimpleRecon 3D Scanner Ours GT Mesh 

Fig. 7. Qualitative comparison of the mesh reconstruction results. Each row 
represents different comparative methods applied to one scene, and each 
column shows the mesh reconstruction results for four distinct scenes under 
the same method, namely, “Room”, “Bed”, “Sofa”, and “Outdoor Stairs”. 
The red and yellow boxes highlight the areas of local detail. 

mesh voids caused by occlusions and incomplete scanning that 
other methods may produce, while demonstrating superior 
capability in representing fine details (e.g., chairs, curtains, 
and staircases). Benefiting from the introduction of planar 
priors and image segmentation results, our method produces 
mesh results with sharper edges and more distinct contours. 
Even in regions with weak textures and large disparity 
variations, such as walls and floors, our method still achieves 
good reconstruction results. 

As shown in Table III, in terms of completeness (Comp), 
the meshes reconstructed by our method achieve a 
completeness rate above 90% in most cases, demonstrating 
high reconstruction integrity. Regarding accuracy, our method 
significantly outperforms SimpleRecon across all metrics in 
the four scenarios with a notable improvement of up to 91% 
observed in the “Outdoor Stair” scenario. Compared with 3D 
Scanner, our method exhibits lower Mean Absolute Error 
(MAE) and Standard Deviation (SD), indicating superior 
precision. Although the comprehensive F1-score is 
comparable with a gap within 5%, our method achieves a 1.2% 
higher F1-score than 3D Scanner specifically in the “Outdoor 
Stair” scene, further validating its robustness in complex 
environments. 

To visually reflect the distribution of mesh errors, we 
utilized CloudCompare software to align the meshes obtained 
by all methods with the corresponding ground truth meshes 
and further compared the accuracy of the meshes. As shown in 
Fig. 8, which displays the distribution of mesh errors, our 
method exhibits a relatively uniform error distribution and less 
noise on the mesh surface. Furthermore, it achieves superior 
accuracy in regions with weak textures and large disparity 
variations, such as floors, walls, and bed surfaces. 

C. Algorithm Performance Evaluation 

Table IV presents the quantitative time consumption 
results of our method and SimpleRecon on both a PC and a 
mobile device. Since SimpleRecon can only be implemented  

 
SimpleRecon 3D Scanner Ours 

Fig. 8. Overall error distribution results for four groups of scenes. The legend 
on the right represents the error distribution bands, with colors ranging from 
blue to red indicating increasing accuracy from high to low. The maximum 
error is set not to exceed 0.2 meters. 

on a PC, in addition to calculating the computational time of 
our method on the mobile device, we also conducted a time 
consumption comparison analysis of the two methods on the 
PC. Our method outperforms SimpleRecon in terms of time 
consumption across all stages, with the total time reduced by a 
factor of 3.76 times; on the mobile device, our depth 
estimation method takes an average of less than 45 ms per 
frame, and the postprocessing stage of mesh reconstruction 
(marching cube extraction for the mesh) is completed within 2 
seconds. 

IV. CONCLUSION 

This paper proposes DepthMesh, a novel dual-end 
complementary online depth estimation and mesh 
reconstruction method. The method constructs a coupled 
online depth estimation and mesh reconstruction framework 
leveraging incremental TSDF raycasting. It effectively reuses 
planar prior information from the online mesh to optimize the 
depth estimation process, while the estimated depth results in 
turn refine the mesh quality. This dual-end complementary 
mechanism simultaneously improves both the speed and 
accuracy of online mesh reconstruction. 

Experiments with qualitative and quantitative evaluations 
on the public ScanNetV2 dataset and a self-collected dataset 
demonstrate that the proposed method achieves superior depth 
accuracy and mesh quality compared to most deep learning-
based methods. It produces satisfactory reconstruction results 
even in regions with weak textures and large disparity 
variations. Moreover, the proposed method achieves a depth 
estimation speed of 45 ms per frame on mobile devices while 
maintaining a mesh reconstruction accuracy better than 3 cm. 

In future work, we will further consider integrating deep 
learning methods to improve the prior depth and normal for 
weakly textured and non-overlapping image regions, thereby 
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optimizing depth maps and reducing computational time. 
Considering our method can provide segmentation label 
information, we will attempt to incorporate the image 
segmentation results into the mesh reconstruction process to 
improve the mesh flatness and quality, reduce the number of 
meshes, and enhance the applicability of this algorithm in 
various complex scenarios. 
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