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Abstract—Visual inspection plays a predominant role in in-
specting infrastructure surface. However, the generalization of
existing visual inspection systems to large-scale real-world scenes
remains challenging. In this paper, we introduce Det-Recon-
Reg, an intelligent framework separating the complex inspection
procedure into three stages: Detect, Reconstruct, and Register.
(1) For defect detection (Detect), we present the first high-
resolution defect dataset tailored for large-scale defect detection.
Based on the dataset, we evaluate the most effective real-time
object detection algorithms and push the boundary by proposing
CUBIT-Net for real-world defect inspection. (2) For infrastruc-
ture reconstruction (Reconstruct), we propose a learning-based
multi-view stereo (MVS) network to adapt to large-scale scenes,
taking as input the multi-view images and outputting the point
cloud reconstruction, where its performance has been validated
on the standard MVS datasets, including BlendedMVS, DTU,
and Tanks and Temples datasets. (3) For defect localization
(Register), we propose an effective registration method based on
the geographic information system that registers the detected
defects onto the reconstructed infrastructure model to establish
a global reference for maintenance measures. The real-world
experiments further verify the effectiveness and efficiency of
our proposed framework. More details about our proposed
dataset, code, and appendix are available on our project page:
https://cuhk-usr-group.github.io/large-scale-inspect-framework/.

I. INTRODUCTION AND RELATED WORK

Defect diagnosis and monitoring are essential to ensure the
functional safety of the infrastructure, with visual inspection
being the primary method [1]–[4] to inspect critical surface
defects such as cracks and spalling. The integration of un-
manned robotic platforms [5]–[7] and learning-based visual
inspection methods [8]–[10] provides an effective and efficient
alternative to manual visual inspection. Nevertheless, existing
inspection systems [1]–[4] only provide the local position of
the detected defects and are limited to small-scale scenes such
as a wall. Large-scale infrastructure inspection, the core task
of which is to accurately and efficiently localize the global
position of detected defects, remains an open and challenging
question. To answer this question, we propose Det-Recon-
Reg, an intelligent framework for large-scale infrastructure
inspection based on the unmanned aerial vehicles (UAVs) and
learning-based techniques by decoupling the inspection task
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into a three-stage procedure: Detect (defect detection), Re-
construct (infrastructure reconstruction), and Register (defect
localization).

Detect The performance of the existing defect detection
methods is limited by the lack of a publicly available high-
resolution defect dataset [11]. We thus boost the commu-
nity by constructing the first high-resolution defect dataset
CUBIT-Det1 aiming for common defects (crack, spalling,
moisture) detection on large-scale infrastructures (building,
bridge, pavement). Based on the CUBIT-Det, we conduct ex-
tensive experiments to benchmark the state-of-the-art (SOTA)
real-time detection algorithms [12]–[19] for defect inspection
and propose CUBIT-Net to achieve better trade-off between
detection accuracy and efficiency.

Reconstruct Dense point cloud model of the infrastruc-
ture is reconstructed from multi-view images and serves as
the physical entity for defect localization. Existing defect
inspection systems [2], [20], [21] adopt geometry-based multi-
view stereo (MVS) methods for infrastructure reconstruction.
Recently, learning-based MVS methods [22]–[26] significantly
outperform the traditional counterparts regarding reconstruc-
tion accuracy and completeness. However, to the best of our
knowledge, the potential of the learning-based MVS meth-
ods has yet to be investigated and applied in the field of
infrastructure inspection. To fill this research gap, we propose
our MVS network and extensive experiments on the typical
MVS datasets, including BlendedMVS, DTU, and Tanks and
Temples datasets, demonstrate the SOTA performance of our
proposed method. We further deploy the proposed method
into real-world reconstruction to demonstrate its effectiveness,
efficiency, and scalability to large-scale scenes.

Register Existing inspection systems [1]–[4] conduct defect
segmentation and back-project the segmented defect from the
image pixel onto the reconstructed point cloud [1], [3] or
triangular surface model [2], [4]. However, the traditional
segment-then-project localization method only provides the
local position of the inspected defects with qualitative visu-
alization, and subsequent maintenance measures are hard to
be taken without global localization. The related research has
not provided a robust global understanding for the integration
of defects and model in a three-dimensional representation. To
address this issue, we propose an effective registration method
based on geographic information system (GIS) that accurately
registers detected defects onto the reconstructed model with
geographic information. To our best knowledge, we are the
first to leverage the GIS in defect localization task, paving the

1CUBIT stands for CUHK Building Information Technology.
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Fig. 1. The structure of the proposed Det-Recon-Reg framework for large-scale infrastructure inspection. We adopt multi-UAV coverage path planning to
collect multi-view images for reconstruction and close-range facade images for surface defect detection. Detect: We deploy the proposed CUBIT-Net trained
on our proposed CUBIT-Det dataset to detect surface flaws. Reconstruct: We leverage the proposed MVS network to predict multi-view depth maps and fuse
them to reconstruct the infrastructure. Register: We identify the global position of the detected defects based on GIS.

way for future maintenance measures by establishing global
defect reference.

To this end, we take a solid step towards automating
large-scale infrastructure inspection by presenting a Detect-
Reconstruct-Register (Det-Recon-Reg) inspection framework
(as shown in Fig. 1). Extensive experiments on the defect
detection dataset and standard MVS datasets validate the ef-
fectiveness and efficiency of the proposed defect detection and
learning-based MVS method, respectively. We also apply our
framework to real-world inspection to verify its efficacy and
robustness in defect detection, infrastructure reconstruction,
and defect localization. Our main contributions are fourfold
as follows:

• We propose a Det-Recon-Reg inspection framework to
automate large-scale infrastructure inspection. The ef-
fectiveness and efficiency of this framework have been
verified in the real-world inspection task.

• We construct the first high-resolution defect detection
dataset, named CUBIT-Det. Based on it, we propose
CUBIT-Net for real-world defect detection.

• We propose a learning-based MVS network for point
cloud reconstruction and further deploy it into real-world
application for large-scale infrastructure reconstruction.

• We present a GIS-based defect registration method to
accurately localize the detected defects onto the recon-
structed infrastructure model.

II. METHODOLOGY

In this section, we successively illustrate the methodology
for each stage of the proposed Det-Recon-Reg inspection
framework as shown in Fig. 1, where we rely on multi-
UAV coverage path planning [27] to acquire multi-view aerial
images for reconstruction and close-range facade images for
defect detection.

A. Detect
Dataset Establishment The performance of existing meth-

ods on large-scale defect detection is hampered by the lack

of a high resolution open source dataset [11]. We therefore
established the first high-resolution dataset tailored for large-
scale infrastructure defect detection, named CUBIT-Det. The
dataset comprises 5, 527 images with a maximum resolution
of 8000 × 6000 captured by the onboard cameras of the
UAVs. The data set covers three of the most ubiquitous
types of infrastructure, including buildings (65%), pavement
(29%), and bridge (6%), and targets for inspecting the three
most critical types of surface defect, including crack (82%),
spalling (12%), and moisture (6%). The high-resolution im-
ages are collected from different viewpoints and distances
under various illumination conditions, inherently offering more
structural context information and model robustness for real-
world inspection.

Detection Method Based on CUBIT-Det dataset, we bench-
mark SOTA real-time detection methods [13], [14], [16]–[19]
to evaluate their performance for large-scale defect detection.
Based on the benchmark results, we choose YOLOv6-n [19] as
the basis since it achieves the best trade-off between the detec-
tion accuracy and latency. To further amplify this advantage, as
shown in blue box of Fig. 1(a), we replace the original pyramid
pooling module by our proposed Global Information Packet
Fusion Pyramid Pooling (GIPFPP) module. This module has
a fast processing speed while fusing multi-scale information.
The structure of the proposed GIPFPP module is detailed in
Fig. 2. This module bifurcates the input feature map along the
channel dimension into a top and bottom branch. The feature
map traverses the top branch through three Packet Conv,
three Maxpooling layers, and two Packet Conv successively,
and merges with the feature map from the bottom branch that
passes through one Packet Conv. We name this upgraded
model as CUBIT-Net.

The Packet Conv is similar to usual convolutional struc-
ture comprising three operations: convolution, normalization,
and non-linear activation. In the convolution phase, we em-
ploy a grouped depth-wise convolution technique: the input
feature map is evenly divided into 4 groups along the channel
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Fig. 2. The structure of proposed GIPFPP module.

dimension. The size of the convolution kernel for the ith
group is either 2i − 1 ({1, 3, 5, 7}) (carrot-orange circle)
or 2i + 1 ({3, 5, 7, 9}) (indigo circle). Within each group,
depthwise convolution is performed, and all the feature maps
are concatenated back to the original dimension. Large kernel
excels in extracting global features from large receptive field,
while small kernel specializes in extracting local features from
small receptive field, which are complementary. Although the
introduction of larger convolution kernels imply more param-
eters, the way of ‘packaging the feature map then convolving
depthwise’ effectively reduces the number of parameters and
latency. Besides, we utilize group normalization instead of
batch normalization in the Packet Conv to reduce sensitivity
to batch size changes. GELU (Gaussian error linear unit)
is adopted as the activation function as it offers superior
smoothness and alleviates vanishing gradient issues compared
to most commonly used ReLU. The benchmark and ablation
experiments in Section III-A demonstrate the effectiveness of
the proposed CUBIT-Net and GIPFPP module. We deploy
CUBIT-Net trained on CUBIT-Det to perform the real-world
defect inspection task.

B. Reconstruct

Method Overview Learning-based MVS methods [22]–[26]
have significantly outperformed the traditional counterparts in
terms of point cloud reconstruction accuracy and completeness
by separating the MVS into a two-stage procedure includ-
ing learning-based multi-view depth estimation and multi-
view depth map fusion. We propose our learning-based MVS
network (see Fig. 1(b)) tailored for large-scale infrastructure
reconstruction by following the coarse-to-fine depth estimation
paradigm [23]. Given an unordered set of multi-view images
{Ii}Ni=0 acquired from (N +1) viewpoints, our network infers
the depth map D0 for the reference image I0 with N neigh-
boring source images {Ii}Ni=1. The input images are iteratively
treated as the reference image to predict the per-view depth
maps {Di}Ni=0, which are fused to the final point cloud recon-
struction. Our network comprises three modules: 1) Enhanced
multi-scale feature pyramid extraction; 2) Sparse point-guided
adaptive cost volume aggregation (Sparse ACVA); 3) Cost
volume regularization and continuous depth estimation.

Enhanced Multi-Scale Feature Pyramid Extraction
Given multi-view images {Ii}Ni=0 and their camera intrinsics
and extrinsics, most recent MVS methods [22]–[26] leverage
the feature pyramid network (FPN) to extract multi-scale
(L + 1 scale) features {fl,i ∈ RFl×H/2l×W/2l}Ll=0 for each
input image Ii, where Fl is the channel number at the lth
level (l = 0, 1, 2), H and W is the height and width of

Regularization

(a) Homography warping (b) Cost volume aggregation (c) Regularization and depth estimation

Fig. 3. The schematic demonstration for (a) homography warping, (b) cost
volume aggregation, (c) regularization and depth estimation. COP denotes the
center of projection.

the input image, respectively. We observe that the depth
estimation around the object boundary of the specular and low-
textured surfaces confronts with over-smoothing estimation
issues (see Fig. 9 of the Appendix) due to the lack of low-level
spatial features including local edges and textures. We hence
introduce a four-layer bottom-up pathway (BPA, refer to Fig. 7
of the Appendix for detailed configuration) to augment and
smooth the transition of the spatial features between the feature
extraction module and the cost volume aggregation module,
shown to achieve more accurate and complete depth estimation
and point cloud reconstruction through ablation study.

Sparse Point-Guided Adaptive Cost Volume Aggregation
For feature level l, given extracted deep features {fl,i}Ni=0, we
first uniformly discretize the depth range [dmin,l, dmax,l] of
the reference-view 3D space into (Ml + 1) depth hypotheses
dm,l = dmin,l+m · (dmax,l−dmin,l)/Ml, m ∈ {0, 1, ...,Ml}
(green rectangles in Fig. 3(a)). As multi-view stereo is essen-
tially equivalent to solving the pixel correspondences across
multi-view images, we adopt the homography to establish the
pairwise pixel correspondences between the reference-view
feature map fl,0 and the source-view feature map fl,i, where
each dm,l determines a homography between the reference-
view pixel pl,0 and ith source-view pixel pl,i:

pl,i = Ki[R(K−1
0 pl,0dm,l) + t] (1)

where K0 and Ki denote the scaled intrinsic camera param-
eters for reference and ith source view. R and t refer to the
relative rotation and translation between the two views. To es-
tablish feature correspondence, we adopt differentiable bilinear
interpolation to sample pixels from fl,i, where pl,i specifies
pixel location. After interpolation, we derive the warped
source-view feature map f̃l,i,dm,l

corresponds to reference-
view feature map fl,0 under the depth hypothesis dm,l.

We repeat the above process for each depth dm,l from
(Ml + 1) depth hypotheses, i.e., we conduct the homography
transformation and feature warping (Ml + 1) times to get
(Ml + 1) warped feature maps f̃l,i,dm,l

(blue rectangles in
Fig. 3(a)) aligned to the reference feature map fl,0 (yellow rect-
angle in Fig. 3(a)). After feature warping, we stack the warped
feature maps along the depth dimension to get the source-
view feature volume {Vl,i ∈ RFl×(Ml+1)×H/2l×W/2l}Ni=1

(blue volume in Fig. 3(b)) for the ith source view and stack
the reference feature map fl,0 (Ml + 1) times along the
depth dimension to get the reference-view feature volume Vl,0

(yellow volume in Fig. 3(b)).
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We then adopt the proposed Sparse ACVA to adaptively
aggregate multi-view feature volumes into a single cost volume
Cl (orange volume in Fig. 3(c)) measuring multi-view feature
matching similarity. We observe that images from different
perspectives have pixel differences due to variations in illumi-
nation, occlusions, and image content. In addition, a source im-
age close to the reference view that is devoid of occlusion can
provide more precise photometric and geometric information
than a distant image with partial occlusion. We hence propose
Sparse ACVA to compute the source-view weight based on
the sparse point reconstruction given by structure-from-motion
(SfM) and learn the reference-view weight from the training
data. In this way, we adapt to scene variation compared to
heuristic-based aggregation methods [28], [29] and alleviate
the computational cost compared to the re-weight network-
based methods [30]–[32]. The Sparse ACVA is formulated as
follows:

Cl = M(Vl,0, · · · ,Vl,N )
= M(Bl,0, · · · ,Bl,N )

= AvgPool(αlBl,0 ⊙
N∑
i=1

Si
N∑

i=1
Si

Bl,i)
(2)

where Bl,i ∈ RK×(Fl/K)×(Ml+1)×H/2l×W/2l is the batched
volume by separating Vl,i into K batches along the channel
dimension, where setting K as the small integer reduces
memory footprint and speeds up the inference speed. αl

is the learnable parameter to learn reference-view weight
and {Si}Ni=1 are the scene-dependent feature matching scores
between {Ii}Ni=1 and I0 computed based on their common
sparse point hints from the SfM. We adopt the normalized
feature matching score as the source-view weight. The ⊙
denotes the Hadamard product measuring the feature match-
ing similarity between the reference view and neighboring
source views. We further aggregate them via average pooling
along the channel dimension to get the final cost volume
Cl ∈ RK×(Ml+1)×H/2l×W/2l .

The Algorithm 1 elaborates the pseudo process for com-
puting the scene-dependent matching score {Si}Ni=1 between
the source-view image {Ii}Ni=1 and reference-view image
I0. {pij ∈ R3×1, j ∈ {0, 1, ..., ni − 1}}Ni=1 denotes the
inhomogeneous coordinates of the sparse points triangulated
by reference image I0 and ith source image {Ii}Ni=1 and ni

represents the number of points for the ith source image.
{c0, ci} ∈ R3×1 stands for the inhomogeneous coordinate of
the center of projection for the reference view and source view,
respectively. The baseline angle of pij is denoted as θj . To
enable our network to adapt to the input scene variation, we
first accumulate the Si based on a piecewise gaussian function
which favors the baseline angle θ0 and then normalize Si as

Si∑N
i=1 Si

to serve as the ith source-view weight.
Cost Volume Regularization and Continuous Depth Esti-

mation Following the common practices [22]–[26], for feature
level l, we adopt a multi-scale 3D CNN to regularize the
noise-contaminated cost volume Cl to predict the probability
volume Pl with same dimension (violet volume in Fig. 3(c)).
Existing MVS methods conduct depth estimation through
regression [22] (for each pixel, its depth estimation is the

Algorithm 1: Matching Score Computation

Input : {pij ∈ R3×1, j ∈ {0, 1, ..., ni − 1}}Ni=1;
Reference-view and source-view camera
extrinsics R0 ∈ R3×3, t0 ∈ R3×1,
{Ri}Ni=1 ∈ R3×3, {ti}Ni=1 ∈ R3×1.

Output : Matching score {Si}Ni=1 between I0
and {Ii}Ni=1.

Initialization: Favoring baseline angle θ0 = 5°;
Standard deviation of the piecewise
gaussian function σ1 = 1 and σ2 = 10;
Matching score Si = 0.

Referece-view camera center c0 = −RT
0 t0;

for i = 1 to N do
Source-view camera center ci = −RT

i ti;
for j = 0 to ni − 1 do

θj =
180°
π arccos

(c0−pij)·(ci−pij)
||c0−pij ||2||ci−pij ||2

if θj ≤ θ0 then
Si = Si + exp(− (θj−θ2

0)

2σ2
1

)

else
Si = Si + exp(− (θj−θ2

0)

2σ2
2

)

end
end

end
return Si

weighted sum of the depth hypotheses, where the weight
is the probability from Pl) or classification [33] (for each
pixel, its depth estimation corresponds to the depth hypothesis
with the maximum probability). The regression suffers from
ambiguity caused by the imbalance between the single optimal
depth value and various possible weight combination while the
classification leads to discrete depth estimation. To tackle this
issue, we refine the discrete depth estimation by adding the
depth residual between the target and discrete depth to achieve
continuous depth estimation:

Dl,discrete = argmax
dm,l∈[dmin,l,dmax,l]

Pl(dm,l)︸ ︷︷ ︸
discrete depth estimation

(3)

Dl,residual =
(dmax,l − dmin,l)

Ml︸ ︷︷ ︸
depth interval

maxPl(dm,l)︸ ︷︷ ︸
normalized depth residual︸ ︷︷ ︸

depth residual

(4)

Dl,est = Dl,discrete + Dl,residual︸ ︷︷ ︸
continuous depth estimation

(5)

We take the depth estimation at the finest level (l = 0) as
the final depth map for reference image I0.

Loss Function To obtain normalized depth residual, we
adapt the generalized focal loss [25], [34] to supervise the
difference between the predicted probability volume Pl and
ground-truth probability volume Pl,gt. We compute the Pl,gt

as the normalized depth residual between the ground-truth
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Fig. 4. Defect registration method for globally locating the individual defect.

depth and the discrete depth hypothesis. The total loss of the
network L is the weighted sum of the per-level loss Ll.

L =
L∑

l=0

λlLl (6)

and

Ll =
∑

x∈{xvalid}
−βl|Pl,gt(x)−Pl(x)|γl ·

((1−Pl,gt(x)) log(1−Pl(x)) +Pl,gt(x) log(Pl(x)))
(7)

where {xvalid} denotes the valid pixel set, βl is the balancing
factor, and γl is the focusing factor.

Depth Map Fusion With multi-view depth maps {Di}Ni=0,
we conduct depth map filtering by applying the probability
threshold τ to remove depth outliers and enforcing the number
of consistent views Nc to ensure depth consistency. We
then fuse the filtered multi-view depth maps into the final
point cloud by following the SOTA MVS methods for a fair
comparison [24]–[26]. We follow the proposed MVS method
above for infrastructure reconstruction from multi-view aerial
images as shown in Fig. 1(c).

C. Register

Method Overview The core task of large-scale infrastruc-
ture inspection is to globally locate the detected defects. To
achieve this goal, we present a GIS-based defect registration
method to register detected defects onto the reconstructed
model with high accuracy and efficiency.

Model Georeferencing Georeferencing refers to assigning
real-world coordinates to an image (or model) based on its
geographic location. As shown in Fig. 1(c), we first develop
our WebGIS platform based on Cesium [35], a robust, scalable,
and secure GIS platform for 3D geospatial data. We then
import the reconstructed model and conduct model georefer-
encing to align the model with its real-world topology based
on the geographic information. The aligned model serves as
the physical entity for the localization of the detected defects.

Defect Localization We follow the geographic transforma-
tion paradigm shown in Fig. 4 to project the detected defects
from the image coordinate onto the geo-referenced model. For
jth defect in the ith image (denoted as defect ij), we first cap-
ture the geographic coordinate of the image center O through
real-time kinematic (RTK) positioning system. We then shift
O to O′′ along the depth dimension (blue vector d⃗(ij)) to
align with the infrastructure facade. Then, we transform the
relative distance between O′ and bounding box center of the
defect ij into the metric distance (i.e., violet vector l⃗(ij) from

TABLE I
QUANTITATIVE BENCHMARK RESULTS ON CUBIT-DET

Model Params. (M) ↓ GFLOPs ↓ mAPtest
0.5 (%) ↑ / mAPtest

0.5:0.95 (%) ↑ Latency (ms) ↓

Faster R-CNN (Res50 [36]) [12] 42.62 477.24 71.5 / 43.3 76.9

PP-YOLO (Res50 [36]) [13] 48.99 136.43 76.4 / 45.1 14.5

PP-YOLOv2 (Res50 [36]) [14] 56.91 146.50 77.3 / 47.1 13.8

PP-YOLOE-s [15] 8.02 20.73 64.6 / 38.9 9.4
PP-YOLOE-m [15] 24.63 62.93 74.2 / 44.8 11.2

PP-YOLOE+-s [15] 8.02 20.73 70.6 / 44.0 8.1
PP-YOLOE+-m [15] 24.63 62.93 78.8 / 50.9 8.9

YOLOv5-n [17] 1.76 4.10 73.4 / 39.9 1.8
YOLOv5-s [17] 7.18 15.80 78.5 / 47.2 3.3
YOLOv5-m [17] 20.86 47.90 80.4 / 51.3 7.1

YOLOv7-t [18] 6.01 13.01 71.1 / 39.7 1.9
YOLOv7 [18] 36.49 61.94 77.5 / 47.8 8.4

YOLOX-n [16] 2.24 17.75 73.0 / 39.5 4.4
YOLOX-t [16] 5.03 39.00 75.3 / 49.2 5.8
YOLOX-s [16] 8.94 68.51 77.9 / 49.4 7.6
YOLOX-m [16] 25.30 73.80 78.2 / 52.2 13.7

YOLOv6-n (Baseline) [19] 4.63 29.03 76.3 / 47.9 2.2
YOLOv6-s [19] 18.50 115.64 79.0 / 48.2 5.3
YOLOv6-m [19] 37.90 225.55 80.4 / 54.1 9.8

CUBIT-Det (Ours) 4.14 (-0.49) 28.02 (-1.01) 77.5 (+1.2%) / 50.3 (+3.1%) 2.2

TABLE II
ABLATION EXPERIMENTS FOR PROPOSED CUBIT-NET

Method Non-linear Act. Conv. Norm. mAPtest
0.5 (%) ↑/ mAPtest

0.5:0.95 (%) ↑ Latency (ms) ↓ Param. (M) ↓ GFLOPs ↓

Baseline (YOLOv6-n) 76.3% / 47.9% 2.23 4.63 29.03

Baseline + GIPFPP (GELU) ✓ 77.4% / 49.0% 2.26 4.63 29.03
Baseline + GIPFPP (GELU + Packet Conv) ✓ ✓ 77.2% / 49.2% 2.17 4.14 28.02
CUBIT-Net (GELU + Packet Conv + Group Norm.) ✓ ✓ ✓ 77.5% / 50.3% 2.22 4.14 28.02

O′′ to defect ij). Finally, we obtain the global location of
defect ij (red star) by shifting geographic coordinate of point
O′′ along the tangential vector l⃗(ij). Following this paradigm,
we automatically identify the global position of each detected
defect. The defect category and appearance are also recorded
to facilitate the maintenance measures. Especially, the defects
that are repeatedly detected have been removed by geographic
comparison.

III. BENCHMARK AND ABLATION EXPERIMENTS

In this section, we demonstrate the efficacy of the pro-
posed defect detection and MVS method on the corresponding
datasets. Please refer to the Appendix for more details
of benchmark visualization, dataset, evaluation metric,
implementation, and ablation study. Due to the lack of
public dataset, we validate the effectiveness of our registration
strategy through real-world experiments.

A. Detect

Dataset and Evaluation Metrics We spilt proposed
CUBIT-Det dataset into three parts: 3980 of images for
training (72%), 442 for validation (8%), and the remaining
1105 (20%) for testing. Nine SOTA real-time object detection
methods [12]–[19] have been trained and evaluated. For eval-
uation metrics, we adopt mAP0.5 (%) from Pascal VOC and
mAP0.5:0.95 (%) from MS COCO to demonstrate the detection
accuracy, and latency (ms) to show the detection speed.

Benchmark Results The benchmark results are shown
in Table I. In comparison to SOTA methods [12]–[19], our
method demonstrates higher detection accuracy in terms of
mAP0.5:0.95 and concurrently possesses competitive detection
speed and lightweight parameters, suitable for onboard deploy-
ment of the UAV for real-time defect inspection. See bench-
mark visualization in Fig. 2(a) and Fig. 3 of the Appendix.

Ablation Study Table II shows the ablation experiments
for CUBIT-Net. The introduction of the GIPFPP with GELU
significantly improve detection accuracy with a minor loss
of detection speed. Then, Packet Conv reduces the model
parameters by about 10% while maintaining the detection
capability. Lastly, group normalization mitigates the sensitivity
to batch size, further improving detection accuracy. After
switching from the original module to GIPFPP module, the
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TABLE III
QUANTITATIVE BENCHMARK RESULTS ON BLENDEDMVS VALIDATION

SET FOR EVALUATING DEPTH ESTIMATION PERFORMANCE

Methods EPE ↓ e1 (%) ↓ e3 (%) ↓

MVSNet [22] 1.49 21.98 8.32

CVP-MVSNet [37] 1.90 19.73 10.24

CDS-MVSNet [38] 1.80 22.88 9.28

Vis-MVSNet [31] 1.56 21.68 8.36

EPP-MVSNet [39] 1.17 12.66 6.20

UniMVSNet [25] 1.17 11.27 4.96

TransMVSNet [24] 1.05 13.74 5.47

CasMVSNet (Baseline) [23] 1.43 19.73 10.24

Ours 1.02 (-0.41) 10.15 (-9.58%) 4.54 (-5.7%)

TABLE IV
QUANTITATIVE BENCHMARK RESULTS ON STANDARD MVS DATASETS

FOR EVALUATING RECONSTRUCTION PERFORMANCE

Methods Year
DTU Evaluation Set (22 Small-Scale Scenes) Tanks and Temples (14 Large-Scale Scenes)

Accuracy (mm) ↓ Completeness (mm) ↓ Overall Score (mm) ↓ Mean F-score (%) ↑ Mean F-score (%) ↑
(Intermediate Set) (Advanced Set)

Colmap [40] 2016 0.400 0.664 0.535 42.14 27.24
R-MVSNet [33] 2019 0.385 0.459 0.422 48.40 24.91
AttMVS [30] 2021 0.383 0.329 0.356 60.05 31.93
PatchMatchNet [41] 2021 0.427 0.277 0.352 53.15 32.31
AA-RMVSNet [32] 2021 0.376 0.339 0.357 61.51 33.53
EPP-MVSNet [39] 2021 0.413 0.296 0.355 61.68 35.72
CDS-MVSNet [38] 2022 0.365 0.281 0.323 61.58 -
NP-CVP-MVSNet [42] 2022 0.356 0.275 0.315 59.64 -
Vis-MVSNet [31] 2022 0.369 0.361 0.365 60.03 33.78
IterMVS [43] 2022 0.373 0.354 0.363 56.94 34.17
BH-RMVSNet [44] 2022 0.368 0.303 0.335 61.96 34.81
IS-MVSNet [45] 2022 0.351 0.359 0.355 62.82 34.87
TransMVSNet [24] 2022 0.360 0.271 0.316 63.52 37.00
DCS-MVSNet [46] 2023 0.316 0.372 0.344 53.48 -
IGEV-MVS [47] 2023 0.331 0.316 0.324 - -
N2MVSNet [26] 2023 0.336 0.295 0.316 62.14 -
CostFormer [48] 2023 0.378 0.313 0.345 57.10 34.31
DispMVS [49] 2023 0.354 0.324 0.339 59.07 34.90

CasMVSNet [23] (Baseline) 2020 0.325 0.385 0.355 56.84 31.12

Ours (N = 5, Nc = 5) 0.285 (-0.04mm) 0.427 0.356
63.33 (+6.49%) 38.54 (+7.42%)Ours (N = 7, Nc = 3) 0.364 0.262 (-0.123mm) 0.313 (-0.042mm)

Ours (N = 7, Nc = 4) 0.317 0.323 0.320

We first sort the table in chronological order and then sort by Mean F-score of the Advanced Set.
The − denotes that the method does not report the MVS performance on the benchmark.

mAP0.5:0.95 of baseline model [19] is improved by 3%, while
the number of parameters is reduced by 10%.

B. Reconstruct

Datasets and Evaluation Metrics DTU dataset consists of
124 objects where each object is captured from 49 viewpoints
under 7 illumination conditions, with ground-truth point clouds
for evaluation. Tanks and Temples (TNT) dataset contains
realistic and challenging indoor and outdoor scenes with vary-
ing depth ranges and illumination conditions. BlendedMVS
dataset comprises 113 scenes with over 17,000 high-resolution
images with ground-truth depth maps. DTU and TNT datasets
adopt the Overall Score (mm) and Mean F-score (%) to
compute the summary measure of the reconstruction accuracy
and completeness, respectively. BlendedMVS dataset adopts
the end point error (EPE), 1-threshold error (e1) and 3-
threshold error (e3) to evaluate depth estimation quality.

Benchmark Results For reconstruction, we train our MVS
network on the DTU training set and evaluate it on the
DTU evaluation set (22 scenes) by following the standard
evaluation protocol. We further finetune the trained model
on the BlendedMVS training set and benchmark the large-
scale reconstruction performance on TNT dataset (14 scenes).
The benchmark results on the DTU and TNT dataset in
Table IV demonstrate the SOTA reconstruction performance
of our method. The Fig. 5 presents the rendered reconstruction
error on complex scenes of TNT dataset with varying depth
ranges, our method produces less error in comparison to SOTA
methods. For depth estimation, we benchmark our method on
BlendedMVS validation set in Table III, where our method
predicts more accurate and complete depth maps.

Ablation Study We conduct ablation study on DTU eval-
uation set to validate the effectiveness of each component
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Fig. 5. The visualization of the reconstruction error (darker color indicates
larger error) on complex indoor scenes of TNT dataset with varying illumina-
tion condition, surface texture, and depth range. In comparison to the SOTA
methods [23], [24], [50], our method demonstrates higher reconstruction
accuracy and completeness (number denotes F-score).

TABLE V
ABLATION EXPERIMENTS FOR PROPOSED MVS METHOD
(N = 5, W ×H = 1152× 864, τ = 0.3, AND Nc = 3)

Models
Feature Extraction Cost Volume Aggregation Depth Estimation Mean Error Distance (mm) ↓
FPN FPN+BPA Heuristic Sparse ACVA Regression Continuous Acc. Comp. Overall

Baseline (CasMVSNet) ✓ ✓ ✓ 0.364 0.370 0.367
Baseline+BPA ✓ ✓ ✓ 0.364 0.344 0.354
Baseline+BPA+ACVA ✓ ✓ ✓ 0.348 0.331 0.340
Baseline+BPA+ACVA+Continuous ✓ ✓ ✓ 0.362 0.274 0.318

of our proposed MVS method. We choose CasMVSNet [23]
as our baseline method consisting of FPN for feature extac-
tion, heuristic-based method for cost volume aggregation and
regression-based depth estimation. The ablation experiments
in Table V demonstrate that the BPA, Sparse ACVA, and
continuous depth estimation strategy successively improve the
overall reconstruction performance to the state of the art. We
analyze the efficiency of the Sparse ACVA (33.73% memory
footprint reduction and 15.65% runtime improvement) in the
Table VIII of the Appendix.

C. Register

We establish the GIS-based virtual environment [35] to
demonstrate global localization of defects. The reconstructed
infrastructure model is imported into this virtual space and
geo-referenced, simultaneously. The detected defects, repre-
sented as red bounding boxes in Fig. 6(a), are then respectively
registered onto the reconstructed model and marked as green
symbols in Fig. 6(b).

Localization Accuracy We compute the defect localization
error as the offset between the registered defect location
and the center of the bounding box of the detected defect.
To achieve this goal, we restore each viewpoint of onboard
camera within the established virtual environment with same
geographical and optical parameters (Fig. 6(b)). We then mask
the defect image over the virtual one to compute the defect
localization error and transform the error in pixel to physical
metric in cm. We compute mean absolute error (MAE), root
mean square error (RMSE), and interquartile range (IQR)
which is the difference between the 1st quartile (Q1) and
the 3rd quartile (Q3), as shown in Table VI, verifying the
effectiveness of our registration method.
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TABLE VI
DEFECT REGISTRATION ERROR FOR LARGE-SCALE INFRASTRUCTURE

(COMPUTED OVER 923 CLOSE-RANGE FACADE IMAGES)

Registration Error (cm) Mean MAE RMSE IQR

Horizontal 0.490 2.350 4.746 0

Vertical 0.592 1.037 2.385 0

Diagonal 1.360 4.056 7.149 3.747
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Fig. 6. The visualization of the defect registration results. (a) demonstrates
accurate defect detection results (red rectangle boxes) from our proposed
CUBIT-Net for real-world warehouse inspection. (b) shows the corresponding
registered defects (green symbols) in GIS-based virtual environment. (c)
represents the offset between the results in (a) and (b).

IV. REAL-WORLD EXPERIMENTS

We deploy our framework on various large-scale scenarios
to verify its effectiveness and efficiency. Here, we take a
large-scale high-rise warehouse (36m × 27m × 100m) as a
representative instance. Refer to Appendix for more details.

Effectiveness (1) Detect: We collect 923 close-range facade
images (1152 × 832) for defect (crack, spalling, moisture)
detection and our CUBIT-Net achieves 82% mAP0.5 detection
accuracy. As shown in Fig. 6(a), our method can accurately
detect multi-scale cracks. (2) Reconstruct: We collect 826
multi-view aerial images (1152 × 832) for infrastructure re-
construction and deploy our proposed MVS method to achieve
dense and complete infrastructure reconstruction. Our method
has significantly outperformed (see Table I of the Appendix)
the industrial reconstruction solutions used in the existing
inspection systems [2], [20], [21]. We conduct more real-world
experiments to demonstrate the superiority of our proposed
MVS method as shown in Fig. 7. For scene Warehouse, Tulou,
Campus and Library with different scene scale, depth range,
surface texture, and brightness level, our method outperforms
the SOTA methods [23], [24], [43] by achieving more accurate
and complete depth estimation, especially in scene Library
with specular reflection and low-textured surface. (3) Register:
We adopt proposed GIS-based registration method for defect
global localization. The localization accuracy guaranteed by
RTK (horizontal and vertical positioning error is ±2cm and
±4cm, respectively) and our effective depth estimation strat-
egy has reached cm-level as in Table VI.

Efficiency and Scalability (1) Detect: Our CUBIT-Net
achieves a detection speed of 22.7 FPS on the edge detector
NVIDIA Jetson Orin NX, which is well-suited for real-time
detection tasks. We first convert our model to the ONNX
format, then generate a TensorRT inference engine, and finally
utilize Triton for deploying the model on the edge detector.
(2) Reconstruct: Our MVS method (44.928 mins: 24.378
mins for SfM, 6.569 mins for view selection, and 13.981
mins for MVS) is 8.88 times faster than industrial solution
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Fig. 7. The depth map estimation on the complex outdoor scenes with
varying surface texture, illumination condition, and depth range. Our method
outperforms the SOTA methods [23], [24], [43] from depth estimation quality,
especially in scene Library with specular reflection and low-textured surface.

(DJI Terra, 399 mins) on the 3090Ti GPU. (3) Register:
The computation of the global defect locations takes 16.426
ms on the i9-10920X CPU (excluding the uploading time
of the reconstruction model and defect images to the GIS
environment). Besides, the proposed framework can extend
from small-scale to large-scale scenes benefiting from our
MVS network (see Fig. 4 and Table II of the Appendix).

V. CONCLUSION

We have presented a Detect-Reconstruct-Register frame-
work towards automated large-scale infrastructure inspec-
tion. We have constructed a large-scale high-resolution defect
dataset and proposed a tailored effective defect detection algo-
rithm. We have also presented a learning-based MVS network
for large-scale infrastructure reconstruction and a GIS-based
registration method for defect global localization. Extensive
experiments on benchmark datasets and real-world scenarios
cross-validate the effectiveness, efficiency, and scalability of
the proposed framework.
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