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Abstract
Semantic labeling of 3D models has been a challenging task in recent years. Due to the various categories and
shapes of 3D objects in different scenes, it is hard to develop
a versatile method suitable for most scenes. In this paper,
we propose an Active Learning based method to tackle the
problem. The proposed method takes a 3D mesh model generated from images using SfM and MVS, as well as the calibrated images, as the input, and outputs a semantic mesh
model in which each facet takes a fine-level semantic label.
Starting with a small annotated image set, we progressively fine-tune a Convolutional Neural Network (CNN) with
the ever-enlarging annotated image set for image semantic
segmentation. In each iteration, by back-projecting the pixel labels to the 3D model and fusing them in 3D space, a
semantic 3D model is generated. The semantic 3D model
functions as a supervisor to select a batch of worthy images
for annotation to boost the performance of the CNN in next
iteration. This process iterates until the label assignment of
the 3D model becomes steady. By making full use of the 3D
geometric information, the proposed method could significantly reduce the annotation cost without losing the labeling quality of 3D models. Experimental results of fine-level
labeling on two large-scale ancient Chinese architectures
demonstrate the effectiveness of the proposed method.

1. Introduction
3D semantic modeling from images has gained its popularity in recent years. Its goal is to obtain both 3D structure and semantic knowledge of a scene. 3D semantic
models help humans and automatic systems know ”what”
is ”where” in a specific scene, which is a stated goal of
computer vision and has a variety of applications in fields like Automatic Piloting, Augmented Reality and Service
Robotics. Over the last decades, tremendous progress has
been made in the field of 3D geometric reconstruction,
which enables us to reconstruct large-scale scenes at a high
level of details. At the same time, deep learning tech-

niques have led to a huge boost in 2D image understanding, such as semantic segmentation and instance recognition. Thus, combining deep learning and geometry reconstruction to acquire 3D semantic models interests more and
more researchers nowadays. Generally, there are two ways
to achieve this goal, the first is to jointly optimize the 3D
structure and semantic meaning of the scene [10, 4, 8], and
the second is to assign semantic labels to the estimated 3D
structure [25, 19, 16]. This paper falls into the second category, i.e. we focus on labeling existing 3D geometry models, especially fine-level labeling of large-scale mesh models.
With the help of state-of-the-art Structure-from-Motion
(SfM) [20, 23, 9] and Multi-view Stereo (MVS) [29, 22, 21]
algorithms, detailed 3D model could be reconstructed from
hundreds and thousands of images. An example is shown
in Fig. 1, which is a 3D mesh model with 5.6M facets reconstructed from 1632 high-resolution images. A straightforward way to label this model is to annotate each facet
directly. However, this process is quite cumbersome because there is no effective tool for manual annotation in
3D space, and current deep learning based labeling pipeline
like [17, 18] cannot deal with such large-scale 3D models. Thus, a feasible method for large-scale 3D model labeling is to firstly perform pixel-wise semantic segmentation
on 2D images and then back-project these labels into 3D space using the calibrated camera parameters and fuse them
together. Apparently, in this way the quality of the 3D semantic labeling highly depends on that of the 2D semantic
segmentation. Current 2D semantic segmentation methods
tend to fine-tune a pre-trained Convolutional Neural Network (CNN) within the transfer learning framework, but
still require a large number of manually annotated images
for cross-domain datasets. However, in specialized domains
such as fine-level labeling of ancient Chinese architectures
as shown in Fig. 1, only experts with special knowledge
and skills can annotate them reliably. Therefore, reducing
the cost of annotation is meaningful. In doing so, we propose a novel method that could dramatically reduce the annotation cost by integrating Active Learning (AL) into the
fine-tuning process. AL is an established way to reduce the

labeling workload by iteratively choosing images for annotation to train the classifier for better performance. In this
paper, we start to fine-tune a CNN for image semantic segmentation with limited number of annotated images, and
use it to segment all other unannotated images. Then all
predicted image labels are back-projected into 3D space and
fused on the 3D model using Markov Random Field (MRF).
Since the 3D semantic model takes both 2D image segmentation and 3D geometry into consideration, it could be used
as a reliable intermediate to select most worthy image candidates for annotation and then proceed the next fine-tune
iteration. In this paper, our main contributions are:
1) An incremental fine-tuning method for fine-level sematic labeling of large-scale 3D model within the Active
Learning framework, which could dramatically reduce the
amounts of annotation.
2) A 3D semantic label fusion method that takes both 2D
image semantic segmentation and 3D geometry consistency
into consideration. The 3D semantic model yielded by the
method serves as a supervisor to select worthy images.
3) A demonstration of semantic labeling on large-scale
scene models, in which actively selecting images for annotation leads to substantial savings in annotation cost.

2. Related Works
In recent years, plenty of works have been published for
attaching semantic information to 3D models. Lafarge et al.
[13] propose a method to extract 3D primitives in a 3D model by exploiting the geometric characteristics of the model. The 3D model is segmented into patches to be fitted
and replaced with 3D semantic primitives, and the accuracy
of the original surface is then improved. Armeni et al. [2]
propose a method to parse indoor scenes acquired as laser
point clouds. The point cloud is firstly divided into parts
and then templates like chair are applied to match the 3D
points in each part. Häne et al. [10] introduce a method to
perform dense 3D reconstruction and semantic segmentation of the 3D model simultaneously. The method employs
a pre-trained decision tree for image segmentation. Then
the semantic model is reconstructed with label images and
depth maps together. The extensive works [4, 8] reduce the
heavy memory cost of [10] by introducing octree structure
and block scheme respectively. Valentin et al. [25] propose
a method to assign semantic labels to existing 3D meshes.
The feature of a facet in a mesh is acquired with a cascaded classifier which takes image, geometric and contextual
features as the input. The final label assignment of the 3D
model is yielded by minimizing the energy defined on the
Conditional Random Field (CRF) problem. Rouhani et al.
[19] deals with a similar problem but the differences are the
classifiers and the features of the mesh elements. McCormac et al. [16] use a trained CNN for the Simultaneous Localization and Mapping (SLAM) system. The 3D model is

reconstructed with SLAM and the probabilities of assigning
a semantic label to the surfel in the model is continuously
updated with the predictions of the video frames through
the CNN. Bláha et al. [3] propose a method to add semantic
knowledge to the 3D model and refine the geometry simultaneously. The semantic labels of image pixels are acquired
with a pre-trained classifier and feeded into a MRF formulation. Then the mesh is refined with the presence of the
semantic label assignment. The process iterates to improve
the geometry and the quality of semantic labeling of the 3D
model. For the methods in [10, 4, 8, 19, 16], a pre-trained
classifier is employed, thus a substantial amount of annotated images is essential for these methods.
To solve the problem of lack of annotated images, AL
is applied in many methods. AL based methods take unannotated samples as the input. Through iteratively selecting
several unannotated samples for annotation, the ability of
the classifier is progressively enhanced. AL based methods could be designed for classification [30, 14, 1], semantic segmentation [12, 26, 24, 27] and object detection [28].
Vezhnevets et al. [26] propose a method for image segmentation in which pixels in an image are firstly clustered into superpixels. Then the segmentation problem becomes a
classification problem of superpixels. Konyushkova et al.
[12] also oversegment the images but for supervoxels. They
propose a criterion that combines feature uncertainly and
geometric uncertainty together, thus keeping the geometric
consistency between images. Zhou et al. [30] propose an
AL based method for image classification. They develop
a criterion for candidate image selection which takes the
entropy and divergence of the samples into consideration.
The solution found with this kind of criterion has a theoretical guarantee proven in [6]. In this paper, AL is applied for
image segmentation. However, the final purpose of the proposed method is not only to get a well-performed 2D classifier but more importantly also to obtain a well labeled 3D
model. To meet the demand, we develop a criterion taking
both 2D and 3D information into consideration to efficiently
select images to boost the performance of the CNN, leading
to better label assignment of the 3D model.

3. Proposed Method
The pipeline of the proposed method is shown in Fig. 1.
The proposed method takes a 3D mesh model reconstructed with SfM and MVS, as well as the calibrated images,
as the input, and outputs a semantic mesh model in which
each facet is attached with a semantic label. Under the AL
framework, the proposed method iteratively performs the
following three steps: 1) A semantic segmentation CNN
is fine-tuned with the ever-enlarging annotated image set.
Then pixel-wise semantic labels for unannotated images are
acquired using the fine-tuned CNN. 2) The pixel labels in
all images are back-projected to the 3D mesh model using
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Figure 1. The pipeline of the proposed method.

the calibrated camera parameters. Then a MRF optimization is applied to fuse the labels and give each facet a single
label by taking both 2D semantic labels and 3D geometry
into consideration. 3) After that, we use the fused semantic
3D model as a supervisor and apply batch image selection
method to select several ”worthy” images for annotation.
After being manually annotated, these images are incorporated into the training set for next iteration. This TrainingFusion-Selection process continues until the label configuration of the model becomes steady, i.e. the percentage of
the facets with different labels in previous and current iterations is lower than a threshold η.
Note that the effectiveness of the proposed method
comes from two observations:
1) In order to meet the needs of 3D reconstruction, images are always captured redundantly so that many neighboring images have large common visible areas. In addition, symmetry structures and repeating textures which are
common in architectural scenes lead lots of images to have
similar semantic contents, though they are captured at quite
different locations. Thus, it is feasible to select a subset
from a large number of images that semantically represents
the whole image set.
2) In the subset image selection process, the 3D model
could play an important role because it contains the 3D geometric consistency information between images which is
missing from 2D image semantic segmentation. As a result,
for each facet in the 3D mesh model, its semantic label in
the fused 3D semantic model is more reliable than that in
a single image. Thus, the fused semantic 3D model could
play as a supervisor for ”worthy” images selection.
In the following subsections, each part of the proposed
method will be detailed.

mentation. Since the batch image selection method will progressively select the worthy candidates to improve the label
configuration of the model, the initial images are not so important. In practice, the initial images can either be given
manually, or greedily selected by covering most facets.
The initial images are sent to expert for annotation and
form the initial training set, which is used to fine-tune a segmentation CNN. Since the annotated image set is small, it is
better to fine-tune than to train a CNN from scratch. In our
experiments, we choose DeepLab V2 [7] for image segmentation. To start with, DeepLab V2 is pre-trained on COCO
[15]. In the following iterations, the images selected by the
batch image selection process are sent to expert for annotation and then added into the training set. The extended
training set will be used to continuously fine-tune DeepLab
V2 which has been trained in the previous iteration. Note
that DeepLab V2 is not the only choice, other segmentation
CNNs could also be applied in the proposed method.

3.2. Semantic Fusion
With the fine-tuned CNN, all unannotated images are
segmented to get their pixel-wise semantic labels. Since our
purpose is to assign a label to each facet in the 3D model, we
back-project the label of each pixel onto the 3D mesh model using ray intersection. For each facet in the 3D model,
it may receive multiple labels from pixels at different images, which forms a label probability distribution. In addition, the adjacency of facets provide geometric constraints
on their label assignments. With these constraints, we regard the facet label assignment as an energy minimization
problem on a MRF that takes both 2D and 3D information
into consideration. By minimizing the energy, the label of
each facet will be yielded.

3.1. Fine-tuning
We employ AL as our basic scheme to progressively assign semantic labels to the mesh model. At the beginning,
all images are unlabeled and we aim to iteratively select
reasonable number of images to train a CNN for image seg-

3.2.1

Facet Likelihood

After being segmented by the CNN, each image pixel p has
a label lp . By back-projecting all pixel labels to 3D space
using ray intersection, each facet f (f ∈ F) in the mesh

model aggregates the labels of the pixels that lies in the projection of f in all visible images. Then the lth entry of the
likelihood distribution df of f representing the probability
P r(lf = l) of assigning label l to f could be assessed as
P|I| P
i=1
p∈Ω ,l =l 1
l
(1)
df = P r(lf = l) = P|I| P f,i p
i=1
p∈Ωf,i 1

where Ωf,i is the projecting zone of facet f in image i; I is
the total image set.
To make the best of annotated images, we separately acquire facet likelihood distributions on annotated image set
Ia and unannotated image set Iu , and balance them with a
factor α(α ∈ [0, 1] ), as
P|Iu | P
P|Ia | P
i=1
p∈Ω ,l =l 1
i=1
p∈Ωf,i ,lp =l 1
l
+(1−α) P|I | P f,i p
df = α P|I | P
a
u
i=1
p∈Ωf,i 1
i=1
p∈Ωf,i 1
(2)
In the rest part of the paper, df refers to that in Eq. 2.
3.2.2

Geometric Constraint

The geometric constraints are utilized to regularise the label
configuration of the model. Generally speaking, adjacent
facets should have the same semantic label, except for those
that lie in the part that the local differential of facet normals
is high. In this paper, we employ the geometric constraints
of adjacent facets (f, q) in [13] which works well on connected meshes, which is the case in our problem.
(
1
if lf 6= lq
Vf,q (lp , lq ) =
min(1, s||Wf − Wq ||2 ) otherwise
(3)
where s is a scale factor; Wf and Wq are 6 × 1 vectors combining the principal curvatures kmin , kmax of a
facet and their corresponding principal direction vectors
wmin , wmax


kmin · wmin
W=
(4)
kmax · wmax
3.2.3

Energy Minimization

We regard the facet labeling problem as an energy minimization problem on a MRF. Similar to [13], the Gibbs energy of the posterior probability distribution of the MRF is
X
X
E(l) =
Df (lf ) + λ
Vf,q (lf , lq )
(5)
f ∈F

(f,q)∈A

where F is the facet set; A is the adjacent facets set; λ is
l
a constant. Here, Df (lf ) = 1 − dff where df is defined
in Eq. 2, and Vf,q (lf , lq ) is defined in Eq. 3. Finally, the
energy E is minimized with the α-expansion algorithm [5],
and a semantic 3D model is generated in which each facet
has a semantic label.

3.3. Batch Image Selection
Once the 3D semantic label is acquired, it cloud be used
as a supervisor to measure the segmentation quality of each
image and help us to select worthy images for annotation.
As stated at the start of Sec. 3, this operation is based on
the fact that in most cases for each pixel, its semantic label in the 3D semantic model (by ray intersection) is more
reliable than that in the image segmentation, because the
energy minimization in Eq. 5 combines both 2D and 3D
information. One may argue that it is more straightforward
to directly select unreliable facets in the 3D model for annotation. However, compared to the 2D annotation case,
3D annotation are much more difficult, especially for largescale 3D models. Thus it is more reasonable to use the 3D
semantic model in current iteration as a supervisor to boost
the performance of 2D image semantic segmentation, which
in return further improves the quality of 3D facet labeling.
To develop a criterion for image selection in our problem, we introduce the observation uncertainty which measures the differences of labels in the image and those on the
3D model. and observation divergence which measures the
diversity of the predicting result of all of the facets viewed
by the selected image set.
3.3.1

Observation Uncertainty

In Eq. 2, the distribution df of facet f which represents the
probabilities of assigning each label to f is acquired. Combining the geometric constraints, each facet f would finally
be given a specific label lf , which can also be regarded as
a distribution dˆf in which only the lf th entry equals 1. If
a facet f is visible in image i, we can get the lth entry of
observation distribution of,i of facet f in image i, as
P
p∈Ω ,l =l 1
l
(6)
of,i = P f,i p
p∈Ωf,i 1

Then, the observation uncertainty of facet f in image i is
defined as the Total Variation Distance (TVD) between of,i
and dˆf
Uf,i = Ψ(of,i , dˆf ) =

1X l
|of,i − dˆlf |
2

(7)

l∈L

where Ψ is the TVD between two distributions. The reason for using TVD is that the TVD of two distributions is
convenient to compute and is bounded within [0, 1], so that
the balance between observation uncertainty and observation divergence would be easy to find.
Given a batch of images Is (Is ⊂ I), the total observation uncertainty of the facets viewed by those images is
defined as
X X
TU,Is =
Γ(af,i , f, Is )Uf,i
(8)
i∈Is f ∈Fi

where Fi is the set of facets that is visible in image i; af,i
is a factor that represents how reliable the facet f is viewed
by image i, while in our experiment, we set af,i to the area
of the facet projection Ωf,i . Γ(af,i , f, Is ) is defined as
(
af,i
Γ(af,i , f, Is ) =
0

if af,i = max{af,j , ∀j ∈ Is }
otherwise
(9)
Γ guarantees that each facet would only be added once to
TU,Is . All the others but with the largest af,i are ignored.

the approximation of TD,Is is then expressed as
X
T̃D,Is = S 2 −
Sl2
where
S=

Observation Divergence

The divergence is an estimate of how different the samples
are. To promote the ability of the CNN for image segmentation, the training images should be as different as possible
from each other. While AL based methods usually measure
the diversity between images directly, we take advantage of
the 3D model and measure the diversity of the predicting
result of the facets viewed by a certain image set. Similar
to the symmetric KL divergence in [6], we employ the TVD
measure to estimate the divergence between two facets and
define each element in the divergence matrix R as

R(f, q) =

X X

Γ(af,i , f, Is )Γ(aq,j , q, Is )Ψ(of,i , oq,j )

i∈Is j∈Is

(10)
The total observation divergence of the visible facets of image set Is is
(11)
TD,Is = mT Rm
where m is a binary vector with |F| entries (m ∈
{0, 1}|F |×1 ). If a facet f can be viewed by at least one
image in Is , the corresponding entry is 1; otherwise, the
corresponding entry is 0.
Since in our problem, the amount of facets is very large,
usually millions. This makes the divergence matrix R very
big, and calculating TD,Is is time-consuming. For simplicity, which is also proven to be efficient, we reshape the distribution of,i so that the biggest entry in of,i becomes 1 while
the rest of them 0. Thus, the simplified form õf,i is
õlf,i

=

(

1 if olf,i = max{ojf,i , ∀j ∈ L}
0 otherwise

(12)

According to our observations, of,i is usually a sparse vector with only a few entries larger than 0, and often has an
entry far larger than the others. Therefore, the simplified
form õf,i is an reasonable approximation of of,i .
Given the simplified form õf,i , many originally non-zero
entries in R become zero. By clustering the facets visible by
Is with õf,i s and rearranging the entries of R accordingly,

X
l∈L

Sl ,

Sl =

X

X

Γ(af,i , f, Is )

i∈Is f ∈Fi ,õl =1
f,i

The derivation process is in the supplementary material.
3.3.3

3.3.2

(13)

l∈L

Batch Image Selection Criterion

By combining observation uncertainty (Eq. 8) and observation diversity (Eq. 13), our batch image selection criterion
can be expressed as
q
max TU,Is + β T̃D,Is
(14)
Is
s.t. Is ⊂ Iu,t and |Is | = k
where Iu,t is the unannotated image set in tth iteration; k is
the batch
q size; β is a constant balance factor. Note that we
use T̃D,Is instead of T̃D,Is . This is because the range of

[0, S], while that of T̃D,Is is [0, S 2 ]. Therefore, we
TU,Is isq
choose T̃D,Is in our criterion.
The simplest way in AL is to select the most uncertain image from unannotated image set for annotation (i.e.
k = 1), then retrain the classifier, and iterate. However, a
more effective way is to find a batch of uncertain images for
annotation (i.e. k > 1). In this case, the optimization problem of Eq. 14 is actually NP-hard. It is not practical to find
the optimal solution to the problem. Therefore, we greedily and successively select k images from the unannotated
image set so that each time a new image is selected the objective is maximized. As the amount of image samples are
limited and the computational load is not heavy, this process
would not cost too much time.
3.3.4

Handling Inconsistency

The criterion presented in last section works well when 3D
mesh models are highly consistent with the images. However, this condition is hard to be fulfilled in a real scene. There
are two main reasons for the inconsistency. One is that 3D
models are redundant (the red box in Fig. 2) or incomplete
(the blue box in Fig. 2) due to inappropriate viewpoints or
low textures, and the other is that moving objects (the green
boxes in Fig. 2) are captured in images while they are not
reconstructed in 3D models. Both of these cases would lead
to some part of the 3D model having high observation uncertainty even though the image segmentation and the label
assignment of the 3D model are correct. However, the redundant parts in the 3D model are usually small or narrow

Figure 2. The inconsistency between images and the 3D model.
In the left column is the real image with redundant part in the red
box, incomplete part in the blue box and moving objects in the
green boxes. In the right column is the 3D model with semantic
labels. The color code is shown in Fig. 3.

holes filled by wrong facets, as the red box shows in Fig. 2.
Thus they have little influence on the image selection process. But the incomplete model and the images with moving
objects (the blue and green boxes in Fig. 2) have strong influence on the image selection process because of the high
observation uncertainties of the facets in those images.
To deal with the incomplete model and the images with
temporal objects, we introduce a label-dependent completeness factor C(C ∈ [0, 1]|L|×1 ). Each entry in C is the completeness of the objects with a certain semantic label. Since
it is hard to precisely assess the completeness of an object,
we set C empirically. Given C, we acquire the completeness factor cf,i of the facet f on image i as
P
C lp
p∈Ω
cf,i = P f,i
(15)
p∈Ωf,i 1
Then the af,i in Eq. 8 & 10 is updated with cf,i
af,i ← af,i · cf,i

(16)

In this way, we decrease the reliability of some facets visible
by some images that might contain incomplete part of the
model or moving objects in the projection of those facets.

4. Experimental Results
In this section, we evaluate the proposed method on two large-scale datasets collected by ourselves, NanChan
Temple dataset and FoGuang Temple dataset, as to the best
of our knowledge there are no publicly available datasets
of large-scale outdoor models with semantic labels. Both
datasets contain ancient Chinese architectures with complex structures and multiple semantic categories. The mesh
models of the two datasets are reconstructed using stateof-the-art SfM+MVS+Meshing methods [9, 22, 11]. We
define 12 semantic labels on these datasets: sky, vegetation, earth ground, hard ground, roof, beam, pillar, concrete
wall, wooden wall, window, door, clutter. Sample images,
corresponding color coded annotated images, and the color
ribbons of 12 labels are shown in Fig. 3. To quantitatively
evaluate the proposed method, the mesh model of NanChan
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Figure 3. The sample images and corresponding color coded annotated images, as well as the colors for the 12 semantic labels.
Table 1. The configuration of the proposed method

Parameters
η
α
s
λ
β
k
C

Values
3%
0.5
0.2
0.2
1
5
[0.9,0.2,1,1,1,1,1,1,1,1,1,0.8]

Where
Sec. 3
Eq. 2
Eq. 3
Eq. 5
Eq. 14
Eq. 14
Eq. 15

Temple dataset is annotated manually as the ground-truth.
However, the range of FoGuang Temple dataset is much
lager than that of NanChan Temple dataset, it is hard to annotate manually. Therefore, we only evaluate the proposed
method qualitatively on FoGuang Temple dataset.

4.1. Quantitative Evaluation
We quantitatively evaluate the proposed method on NanChan Temple dataset. The NanChan Temple dataset contains 1632 images taken by a hand-held camera. The whole
scene contains four buildings and a yard. The mesh model
contains 2.8M vertices and 5.6M facets.
To the best of our knowledge, there are no existing methods tackling the same problem of fine-level 3D semantic labeling of large-scale scenes. Therefore, we simply compare
the proposed method with a greedy method. The difference
between the two methods is that at the end of each iteration in the greedy method, the candidate images for next
iteration is selected that cover the most facets of the model
excluding the facets covered by the annotated images. To
be consistent with the greedy method, we choose the same
three initial images as those in the greedy method. Tab. 1
shows the parameter settings in experiments. Fig. 4 shows
the models of both methods in four iterations. The proposed

Table 2. The accuracy of the proposed method and the greedy method on NanChan Temple dataset. C are the coverages of the amount
(out of the brackets) and the areas (in the brackets) of facets. Ad and Ao are the accuracies of label assignments acquired with λ = 0 and
λ = 0.2 respectively.
Greedy
Ours
Iteration |Ia,t |
C
Ad
Ao
C
Ad
Ao
1
3
22.45%(24.92%) 67.78% 69.99% 22.45%(24.92%) 67.78% 69.99%
8
44.29%(48.40%) 82.08% 86.01% 24.64%(26.57%) 83.53% 87.83%
2
3
13
56.69%(61.72%) 84.40% 88.11% 29.56%(31.32%) 89.33% 93.18%
18
65.74%(70.29%) 87.31% 91.38% 35.47%(37.46%) 90.05% 93.55%
4
5
23
72.15%(75.54%) 88.35% 92.59%
6
28
76.64%(79.56%) 89.10% 93.27%
33
80.03%(82.49%) 89.55% 93.70%
7
iter=1, Greedy

iter=1, Ours

iter=2, Greedy

iter=3, Greedy

iter=4, Greedy

iter=2, Ours

iter=3, Ours

iter=4, Ours

(a)
Greedy
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Ours

Ground-Truth
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Figure 4. The models of the greedy method and the proposed method on NanChan Temple dataset. (a) Models of the greedy method (the
first row) and those of the proposed method (the second row) in first four iterations. (b) Detailed views of the the models of the greedy
method (the first column) and the proposed method (the second column) in the fourth iteration. In the third column are the detailed views
of the reference model with the same viewpoints.

method terminates after 4 iterations. Therefore, only four
models are shown in each row. In Fig. 4 (a) are the models
of the greedy method (the first row), and those of the proposed method (the second row). In Fig. 4 (b) are detailed
views of the the results of the greedy method (the first column) and the proposed method (the second column) in the
fourth iteration, as well as those of the ground-truth with the
same viewpoints. In Fig. 4, the result shows that compared
to the greedy method, the proposed method produces better

final result in many details, such as the pillars and windows.
Tab. 2 shows the accuracies of the results of both methods. Ia,t is the annotated image set in tth iteration. In Tab.
2, C is the coverages of the amount (out of the brackets)
and the areas (in the brackets) of facets. Ad and Ao are the
accuracies of label assignments acquired with λ = 0 (i.e.
ignoring the geometric constraint in Eq. 5) and λ = 0.2
respectively. Here, the accuracy is the ratio of the areas of
the facets with correct labels to the areas of all of the facets.

Greedy

Greedy

Greedy

Ours

Ours

Ours

Greedy

Ours

Figure 5. The models of the greedy method and the proposed method on FoGuang Temple dataset. In the first row are four views of the
model of the greedy method in 8th iteration. In the second row are four views of the model of the proposed method in 5th iteration. In the
first column are the overviews, and in the rest columns are the detailed views of the two model.

From Tab. 2, we can find that the accuracies of the label assignments acquired with λ = 0.2 are higher than those with
λ = 0, which implies that the geometric constraint helps to
improve the labeling quality of 3D models. The proposed
method terminates after 4 iterations and the final accuracy reaches 93.55%. However, it takes the greedy method
6-7 iterations and over 75% coverage of both the amount
and the areas of facets to get comparable results. The result
shows that simply considering the coverage of the selected
images is not suitable as these images may be semantically
similar to each other, thus they are not desirable for remarkably promoting the performance of the CNN.

4.2. Qualitative Evaluation
We qualitatively evaluate the proposed method on
FoGuang Temple dataset. The FoGuang Temple dataset
contains 5809 images. The whole scene contains ten buildings and four yards. The mesh model contains 5.66M vertices and 12.33M facets. The parameter settings is the same
as that in NanChan Temple dataset. The proposed method
terminates after 5 iterations, and the greedy method get visually comparable result after 8 iterations. The final coverages of the annotated image set in the greedy method are
78.35% (the amount of the facets) and 81.28% (the areas
of the facets). Fig. 5 shows the final labeling result of the
proposed method and the greedy method. In the first row
are four views of the model of the greedy method in the 8th
iteration. In the second row are four views of the model of
the proposed method in the 5th iteration. The overviews of
the two models are in the first column, and detailed views
are in the rest columns. From Fig. 5 we can find that the final label assignment of the proposed method is similar with
that of the greedy method in most parts, but the proposed
method performs better in details. However, it can be noticed that the final label assignment of the proposed method
still contains a few incorrect labels. Further research needs

to be done for dealing with this case.

5. Conclusions and Remarks
In this paper, we propose an Active Learning based
method for fine-level labeling of large-scale 3D models reconstructed from images. The proposed method demands
limited human labor and in the meantime keeps the quality of the semantic labeling of the 3D model. To save human labor, we devise a criterion for selecting images from
the unannotated image set which would greatly boost the
ability of the CNN for image segmentation. In this criterion, we use the semantic 3D models as a supervisor and introduce the observation uncertainty and observation divergence which takes both the 3D geometry consistency and
the 2D image segmentation result into consideration. The
experimental result shows that the proposed method works
well in labeling 3D models with a small number of annotated images on two large-scale scenes.
The proposed method has two limitations. One is that, as
the annotated image set becomes larger and larger, the time
consumed by training and predicting of the CNN tends to
be longer. This is because the training set enlarges in every
iteration. Fine-tuning the CNN with only the newly added
annotated image could be possible, but it takes sophisticated skills to adjust the parameters of the CNN. The other is
that the proposed method cannot well handle models with
prevalent incompletely reconstructed objects or moving objects, such as street view models in which pedestrians exist
only in images but not in the model. This is a challenging
task, and it could be our future work.

Acknowledgment
This work was supported by the Natural Science Foundation of China under Grants 61632003, 61333015 and
61421004.

References
[1] M. M. Al Rahhal, Y. Bazi, H. AlHichri, N. Alajlan, F. Melgani, and R. R. Yager. Deep learning approach for active
classification of electrocardiogram signals. Information Sciences, 345:340–354, 2016.
[2] I. Armeni, O. Sener, A. R. Zamir, H. Jiang, I. Brilakis,
M. Fischer, and S. Savarese. 3d semantic parsing of largescale indoor spaces. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pages 1534–
1543, 2016.
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