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ABSTRACT. Camera poses estimation is a critical process that ensures the success of
Three-Dimensional (3D) modelling. We present a Convolutional Neural Network (CNN )-
based multi-model ensemble method for indoor and outdoor multi-view stereo reconstruc-
tion capable of learning across multiple domains, including images from both indoor and
outdoor environments. Fach domain’s images have distinct properties and shooting view-
points, which leads to difficulty in efficient learning such a large difference and requires
large amount of computational resources. In order to reduce complexity of the end-to-
end single model, the proposed model is divided into multiple learning agents consisting
of domain-specific agents and domain relationship agent. The domain-specific agent is
trained independently on its own set of unique image characteristics, for ezample, one for
indoor datasets and another for outdoor datasets. The domain relationship agent then
ensembles and analyzes the multiple domain features and finalizes the estimation. In
terms of average root mean square error, we compare the performance of the combined
domain single model with the suggested ensemble CNN model. The experimental results
indicate that the proposed model outperforms the others, with rotation and translation
prediction errors of 0.112012266.

Keywords: 3D reconstruction, Convolutional neural network, Deep learning, Transfer
learning, Ensemble CNN

1. Introduction. Nowadays, 3D modeling techniques are widely adopted in a variety of
fields, for example, robotics, aircraft, Unmanned Aerial Vehicles (UAVs) [1-3], navigating
autonomous vehicles [4], mobile robotics and augmented reality [5], virtual application
skeleton-based action recognition [6] simulation and various components of large-scale lo-
calization. The basic techniques commonly used in finding structures for 3D modeling are
Structure from Motion (SfM) and Simultaneous Localization and Mapping (SLAM) [7].
These techniques require feature extraction from two-dimensional images, for example,
determining the angle of the object within the image and approximating geometric struc-
ture and camera poses to help estimate 3D model structural parameters. The ability of
a feature detector such as Speeded Up Robust Features (SURF) [8], Oriented FAST and
Rotated BRIEF (ORB) [9] or SIFT [10] methods used to discover corresponding feature
points is critical. To detect feature points and match images, initial images are iteratively
compared to find rotations and translations, within each image pair. The prediction time
is proportional to the image size. Typically, Random Sample Consensus (RANSAC) is
employed to assist the camera pose estimation algorithm in selecting feature point pairs.
If the pairing discovered in the first stage is accurate, the camera pose will be estimated
correctly. As a result, when the predetermined number of matches is satisfied, prioritized
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search strategies [11-13] will complete the procedure. Situations such as motion blurring,
light variation, and errors from different image order may all lead to feature matching
failure. Moreover, if the estimation of the feature points is insufficient or their positions
are errors, this makes it incapable of finding sufficient corresponding features between
pairs of images, resulting in degraded rotation and translation prediction.

3D objects are widely used in computer vision applications ranging from human-
machine interactions to autonomous vehicles and robotics [14]. Deep Learning (DL) has
achieved impressive success in 2D fields [15-17,20,39] with various applications such as face
recognition and image classification [18,19,41], pattern recognition, image enhancement,
object detection [20,21,54], and semantic segmentation [22,23]. Since everything we per-
ceive in the real world is in 3D space, 3D data can help improve the performance of
computer vision-based applications [24].

In the recent years, several 3D databases have been made available to the public [25-27].
These advancements have enabled computer vision researchers to work with real-world
objects, and DL-based 3D shape analysis research, including 3D classification, segmenta-
tion, retrieval, and reconstruction [55]. However, unlike the regular sampled 2D images,
3D shapes are irregular triangle meshes or point clouds; it is a challenging task for DL
to extract distinguishing features [28] that can characterize the shapes and parts of a 3D
object. In addition, knowledge from previously trained networks can be transferred to
train on new problems. Conventional machine learning and deep learning algorithms, so
far, have generally been designed to operate on solving specific tasks. When the feature
space changes, the models must be rebuilt from scratch. Most models require a large
amount of information to learn, especially, when solving complex problems. This leads
to difficulty in labeling the ground truth for each image in these large training datasets.
ImageNet’s dataset, for example, consists of over a million images divided into several
categories. Transfer learning attempts to derive the based learning model and apply the
knowledge obtained for one task to solving a relevant one.

Transfer learning research begins with learning a target job and then modifies CNNs
to predict camera poses from input images and extract valuable features that are robust
to motion blur and illumination for localization problems. Kendall et al. [29] transferred
learning from PoseNet and demonstrated that it was ineffective to predict camera poses
using the high-dimensional output of fully connected layers, as they cannot produce the
best results due to overfitting with the PoseNet training data.

[30] proposed a sorting algorithm that took advantage of scene semantics to create
consistency between indoor and outdoor models. The research detected building windows
and used as a key in reconstructing the three-dimension scenes since they were visible
both inside and outside. The detected windows were then classified as indoor or outdoor
using semantic classifiers and imported to Patch-based Multi-View Stereo (PM-VS) [31].
The results were compared to those of SfMs and they illustrated the efficiency of PMVS
even in the case of noisy windows and misaligned indoor and outdoor position.

3D reassembly is an innovative and practical application which integrates indoor and
outdoor 3D reconstruction algorithms into a single application. However, dense geometry
of window detection is necessary since it affects the assembling of the 3D images. In [32],
the authors adopted deep learning technology to automatically learn specific area patterns
from a single input image. The dimension of the features was reduced after transferred
learning from fully connected layer of VGG19. Finally, a regression estimation method
was employed. Based on the Support Vector Regression (SVR) principles, this resulted
in rotation and translation estimates with lower prediction error and independence from
object geometry. The SVR’s kernel functions were used to transform the original dataset
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(linear /nonlinear) into higher dimensional space so that the data became linearly separa-
ble and make hyperplane decision boundary among classes. The larger the dimensional
space, the longer the processing time. This resulted in a very long prediction time when
dealing with a huge dataset. Furthermore, testing using pictures taken with various imag-
ing characteristics (for example, learning with direct shooting to the objects but testing
with parallel shooting to them) may lead to unsatisfactory results.

Later, there was a study on transfer learning using the neural network instead of SVR
to learn on different image characteristics especially with shooting point of views [33].
Pooling was adopted to reduce the number of features and the neural network parameters
were adjusted during training time on multiple epochs until reaching the minimum pre-
diction errors. Parallel processes from neuron nodes of one layer to another layer allowed
faster decision and offered higher accuracy.

Nevertheless, it was quite a complicated task to understand a wide range of image char-
acteristics. If the model was previously trained on certain picture attributes, it will need
to be retrained in order to learn about new aspects. Adjusting the model and dealing with
all of the data volatility would be challenging. In this case, the model must be trained on
substantial samples of all possible aspects from such as both indoor and outdoor datasets
to recognize all desired cases. Another difficulty would be dealing with imbalanced datasets
since we could not get sufficient looks of the underlying classes, resulting in poor accuracy
for classes with less observation. Even if a deep learning model is fine-tuned to surpass
the competition, the model may still have flaws in certain situations. Consequently, it is
reasonable to assume that a strategy that makes use of a variety of deep learning tech-
niques will deliver superior performance. Several researches have been published in the
literature to this objective, with the goal of increasing the accuracy of prediction by inte-
grating models into one another. As a result, there is a study that presents the concepts
of ensembling [50,51,53], which is the process of integrating various learning algorithms
in order to gain their collective performance, i.e., to improve the performance of existing
models by combining several models into a single reliable model. Models are stacked to-
gether to improve their performance and obtain a single final prediction to ensure the most
stable and accurate prediction possible. To reduce training complexity while increasing
model accuracy, we proposed a multi-domain model in which each sub-model was trained
independently on its own set of unique image characteristics, such as one for indoor and
one for outdoor datasets, followed by an aggregate model to refine the final solution. The
suggested model’s hierarchical structure enabled it to estimate rotation and translation
more accurately for indoor and outdoor camera pose estimation.

We demonstrated that estimation for rotation and translation can be calculated con-
currently for all images without the need for an initial image for iteratively computing
pairwise estimation, resulting in faster predictions and the ability to understand the im-
age characteristics well regardless of the change in brightness, thereby alleviating the
constraint associated with shooting methods. This led to a better understanding of more
versatile and efficient shooting. Additionally, our study was shown to be applicable to
images with less dense geometry and a wide variety of challenging datasets. We illustrated
the effectiveness of our approach compared to the SIFT-based methodology especially for
handling large texture region and repeating structure on the same datasets [32,33].

The remainder of this paper is organized as follows. Section 2 describes framework for
3D reconstruction parameter estimation for combined domain single model and the pro-
posed ensemble of CNN models for indoor and outdoor multi-view stereo reconstruction.
The simulation experiments are discussed in Section 3. Finally, Section 4 concludes this

paper.
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2. Methodology. In this research, we proposed an estimation of rotation and translation
parameters of 2D pictures used to reconstruct 3D images based on transfer learning from
a CNN model. However, training a CNN for multiple domains containing a variety of
image attributes using a single model is a challenging task since the final model may have
a deep and complicated architecture, which not only requires high computational cost
but also can damage the accuracy and validation of the model [34]. Multiple domains
can contain significantly different aspects of the shot, and the perspective and factors
related to image acquisition resulted in a need for a large training dataset in order to
cope with such a wide range of local characteristics. Moreover, introducing a new domain
data requires the model to be retrained from scratch resulting in a lengthy development
time. As a result, we introduced the CNN-based multi-model ensemble method for indoor
and outdoor multi-view stereo reconstruction. We divided our agents into domain-specific
agents and domain relationship agents to offer flexibility in learning on multiple domains
of picture data to evaluate and estimate the required parameters. The efficacy of the
based-line end-to-end single model and the recommended ensemble CNN model were
explored and compared for indoor and outdoor image domains with highly diverse image
acquisition formats and image properties.

2.1. Proposed framework for 3D reconstruction parameter estimation. The sug-
gested system was divided into two parts: the first part is a preprocessing data section,
which extracted significant properties from the image and sent them to the second part
(ensemble CNN model), for learning and estimating by the learning agent network model.

For the preprocessing process, we transferred knowledge from the pre-trained CNN
model of the prototype VGG19 trained with ImageNet [35] dataset and extracted the
features from the fully connected layer 7 with feature dimension of 4096. Since our work
did not require classification of data, 4096 features were dropped from the fully connected
layer 7 of VGG19, which was delivered to our camera pose estimation system. However,
the resulting features had a very high dimension, which might lead to data fragmentation
(sparsity) and made data analysis more complex, slow, and inefficient. Therefore, it was
necessary to reduce feature dimension that might not be highly relevant information for
prediction. The problem was minimized by reducing the data dimension using Latent
Semantic Analysis (LSA) [52], which was based on a mathematical technique called Sin-
gular Value Decomposition (SVD) [36], reducing feature dimension while maximizing the
signal energy into as few coefficients as possible. The compact features were then sent to
the ensemble model to estimate the camera pose parameters.

In this study, we compared the performance between the proposed ensemble CNN model
(see in Figure 2) and a single model trained with multiple domains (see in Figure 1). The
preprocessing of the data was handled in exactly the same way by both models; the only
difference was in the design of the deep learning model.

2.1.1. Combined domain single model. Figure 1 showed a combined domain single model,
which consisted of two single CNN models, one for estimating rotation parameters (71234)
and the other for estimating translation parameters (f153), which were used to learn trans-
ferred features from indoor and outdoor data. Each CNN contained four convolutional
layers to extract spatial characteristics. There were max pooling layers after the second
and fourth layers of each CNN followed by flatten layers to approximate the required
parameters.

2.1.2. Ensemble CNN model (A CNN-based multi-model ensemble method for indoor and
outdoor multi-view stereo reconstruction). The ensemble CNN model was separated into
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domain-specific agents and domain relationship agents to enable the flexibility in learning
a variety of multiple domain image dataset.

For a given dataset, a single algorithm may not be able to make the perfect predic-
tion. Machine learning algorithms have limitations and achieving a high-accuracy model
is challenging. The overall accuracy of the model could be improved if we build and
combine multiple models. The combination can be implemented by combining the out-
puts from each model with two goals in mind: minimizing model error while maintaining
generalization.



1576 B. WATTANACHEEP AND O. CHITSOBHUK

Domain-specific agents had the same structure as a single model’s architecture but
were trained the model with domain-specific data. Two learning agents were used to test
the prototype: one was an indoor leaning agent, and the other was an outdoor learning
agent. The parameter estimation results from all the domain-specific learning agents were
sent to the domain relationship agent, which was used to assess the relationship between
domains and predict the final rotation and translation parameters. We had investigated
two methods of the feature arrangement from each domain-specific agent as illustrated
in Figure 2 Method A (dash-dotted line) extracting features of the output layer of each
domain-specific agent and arranged them into a structure of 7x2 features (4 rotation
(1234) and 3 translation parameters (f13)) while Method B (dashed line) combine features
from the layer before the output layer of domain-specific agent and constructed 128x2
features (64 rotation and 64 translation features) from indoor and outdoor domain-specific
agents.

The domain relationship agent consisted of a 2D CNN with a set of 2 convolutional
layers and 2 max pooling layers followed by dense layers to derive inferences of regression
prediction of the final camera pose parameters.

2.2. Model performance measurement. After predicting the rotation and translation
of the test set, the model accuracy is computed using Root Mean Square Error (RMSE)
[56] measurement.

N
1 Z 2
where N = number of samples; x; = observed values; z; = predictions.

3. Experimental Results. In this research, datasets from three sources were used. The
first one was Dome dataset, indoor photography from the Dome in the CMU Panoptic
Studio [37]. The 209,934 images were taken by shooting around the object, with a variety
of rotation and translations. The dataset was divided into 146,957 training and 62,977
test images. Each image came with the extrinsic camera parameters; a set of 480 pos-
sible patterns of different individual or group movements, for example, moving, walking
around and baseball swings, as shown in Figure 3. The second source was Map dataset,
outdoor aerial photography [38] taken from a drone camera, which flew above four differ-
ent locations — nadir square, Stadthaus, Rathaus, and obelisk oblique square. There were
large translations along the X and Y axes, while the Z-axis varied slightly. It comprised
of 1500 training images and 578 testing images, as illustrated in Figure 4. The third
source was the outdoor Cambridge dataset [29] which had six sub-datasets: GreatCourt,
KingsCollege, OldHospital, ShopFacade, StMarysChurch and Street, as show in Figure 5.
GreatCourt contains 1532 training images and 760 testing images. KingsCollege has the
largest spatial extent of 5000 m? amongst all the datasets. It consists of 1220 training
images and 346 testing images. OldHospital has a spatial extent of 2000 m?, and contains
895 training and 182 testing images. ShopFacade contains 230 training images and 103
testing images. StMarysChurch contains 1487 training images and 530 testing images and
Street contains 3015 training images and 2923 testing images. For the outdoor Cambridge
dataset, we only used the test set to predict rotation and translation using in Section 2.1.2
Method B for benchmarks.

A variety of criteria were explored to determine the most effective model structure,
including filter analysis, CNN layers, activation functions, optimizer type, batch size
(epoch), and the appropriate number of dense layers. Filter size [2, 2] and [1, 2], number
of filters [16, 32, 64, 128], output activation [TANH, RELU, LINEAR/|, Optimizer [Adam
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F1GURE 3. Dome dataset, indoor photography from the Dome in the CMU
Panoptic Studio [37]

(d)

FIGURE 4. Outdoor dataset of aerial photographs [38]: (a) Nadir square;
(b) Stadthaus; (c) Rathaus; (d) Obelisk oblique square

and Adadeltal, batch size [32, 50, 100], number of epochs [200, 500], and number of density
layers [2 (decrease density), 4] were among the parameters. The experiments were divided
into two parts: the first part was a parameter analysis of the combined domain single
model described in Section 3.1 and that of the ensemble CNN model detailed in Section
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F1GURE 5. Outdoor dataset of Cambridge dataset [29]: (a) GreatCourt;
(b) KingsCollege; (c) OldHospital; (d) ShopFacade; (e) StMarysChurch; (f)
Street

3.2, and the second part was performance comparison among the research references [32],
the combined domain single model and our proposed ensemble CNN model using the Root
Mean Square Error (RMSE) as the performance metric illustrated in Section 3.3.

3.1. Parameter analysis of a combined domain single model. In the real world,
we were occasionally confronted with unbalanced datasets, where the amount of data from
several domains was unequally distributed. The indoor dataset was several times larger
than the outdoor dataset approximately 1 : 100 for this experiment, which could impact
the system’s overall performance. When the data from multiple domains are combined for
the purpose of training a model, the proportions of features from larger domains tend to
dominate the results. This means that predictions for domains with large volumes of data
tend to be more accurate, as opposed to domain data with a limited volume, which results
in poor predictive performance. According to the results of the experiment, we discovered
that this effect starts to appear when the proportion of distinct data for each domain is
different by 3 or more times. Consequently, we create a model trained on both the same
(1 : 1) and distinct quantities (1 : 3, 3 : 1). The expectation is that, when evaluated
with our approach, the approximations will provide comparable results even for domain
datasets with unequal distribution. To evaluate the effects of an unbalanced dataset, we
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conducted three trials with different ratios of training images from the two datasets:
1:1,3:1,and 1 : 3 of the number of training images from the indoor dataset relative to
the number of training images from the outdoor dataset, respectively. For performance
evaluation, an equal number of test images were distributed across two domains. The
average RMSE of rotation and translation across various optimizers, activations, epochs,
and other configurations was shown in Table 1.

TABLE 1. The average RMSE values of rotation and translation predictions
from the combined domain single model

. L Minimum RMSE
Ratio of training images .. .
from two domain dataset Activation of rotatlor} and
translation

Set 1 —1: 1 (number of Tanh+linear 0.616
training indoor images = Tanh+linear (Reduce Dense) 0.655
the number of training Tanh+relu+linear 0.474
outdoor images = 1000) | Tanh+relu+linear (Reduce Dense) 0.602
Set 2 — 3 : 1 (number of Tanh+linear 0.675
training indoor images = Tanh+linear (Reduce Dense) 0.548
1500, the number of training Tanh+relu+linear 0.551
outdoor images = 500) Tanh+relu+linear (Reduce Dense) 0.697
Set 3 —1: 3 (number of Tanh+linear 0.620
training indoor images = Tanh+linear (Reduce Dense) 0.684
500, the number of training Tanh+relu+linear 0.495
outdoor images = 1500) | Tanh+relu+linear (Reduce Dense) 0.548

The average RMSE of rotation and translation predictions from training model with
three sets of indoor and outdoor datasets and testing with 578 images each from indoor and
outdoor test set was shown in Table 1. The minimum average RMSE of the training set 1
was 0.47409921 from the model parameters: 4 CNN layers with the number of filters (128,
32, 32, 16) for rotation model and (128, 16, 64, 16) for translation model, of each layer
respectively, adadelta optimizer, 500 epochs, activation function (tanh+relu+linear), and
4 dense layers whereas the minimum average RMSE of the training set 2 was 0.548575566
from the model parameters: 4 CNN layers with the number of filters (64, 32, 32, 16)
for rotation and (128, 16, 32, 16) for translation, of each layer respectively, adadelta
optimizer, 500 epochs for rotation and 200 epochs for translation, activation function
(tanh-+linear (Reduce Dense)), and 2 dense layers. The minimum average RMSE of the
third training set was 0.495257541 from the model parameters: 4 CNN layers with the
number of filters (128, 128, 128, 16) for rotation and (128, 32, 32, 16) for translation, of
each layer respectively, adadelta optimizer for rotation and adam optimizer for translation,
500 epochs, activation function (tanh4relu+linear).

3.2. Parameter analysis of ensemble CNN method. In this section, we trained two
domain-specific agents, one from an indoor (Dome) dataset and the other from an outdoor
(Map) dataset, with an integration of rotation and translation prediction into the same
model. The experimental results with different feature arrangements from each domain-
specific agent as mentioned in Section 2.1.2 named as Methods A and B from the training
sets are shown in Figure 6.

It can be seen in Figure 6 that the minimum average RMSE of training set 1 was
0.131917386317026 with best model parameters as 4 CNN layers with the number of
filters (64, 128, 128, 128), adam optimizer, 500 epochs, and 4 dense layers for indoor
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Minimum RMSE of rotation and translation prediction (Dome and Map dataset)
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F1GURE 6. The minimum average RMSE of rotation and translation pre-
dictions for training sets 1, 2, and 3 with different ratios of training images
from indoor (Dome) and outdoor (Map) datasets

Dome dataset and the number of filters (128, 128, 64, 16), adam optimizer, 500 epochs,
and 4 dense layers for outdoor Map dataset, and activation functions (tanh+linear) for
both datasets.

The minimum average RMSE of training set 2 is 0.137139154124717 with best model
parameters as 4 CNN layers, the number of filters (128, 128, 128, 64) and 500 epochs for
indoor Dome dataset and the number of filters (128, 128, 128, 128) and 200 epochs for
outdoor Map dataset and activation functions (tanh+relu+linear) and adam optimizer
for both datasets.

Accordingly, the minimum average RMSE of training set 3 was 0.11201226608203 with
best model parameters as 4 CNN layers, the number of filters (128, 128, 128, 32) with
adadelta optimizer and 200 epochs for indoor Dome dataset, and the number of filters
(128, 128, 16, 16) with adam optimizer and 500 epochs for outdoor Map dataset, and
activation functions (tanh+linear) for both datasets.

From the experiment, we noticed that the feature arrangement influenced the accura-
cy of the rotation and translation predictions. A feature arrangement Method B that
combined features from the layer before the output layer of a domain-specific agents and
constructed 128x2 features (64 rotation features and 64 translation features) from both
indoor and outdoor domain-specific agents yielded the best results. The model trained on
feature arrangement Method B was tested on the Cambridge dataset and the achieving
median localization errors for both position and orientation were presented in Figure 7.

Comparing the localization accuracy across the datasets, as shown by a cumulative
histogram, can reveal the differences in relative errors between them. It can be shown
that the Street in the Cambridge Landmarks’ outdoor dataset appears to be the most
difficult to analyze. The same observation is pointed out by Walch et al. [40] concerning
this unique behavior on this dataset. This dataset comprises videos recorded in opposite
compass directions with similar spatial positions resulting in large angular deviations
at similar global position. Although, OldHospital has a smaller spatial extent, it has
relatively lower localization accuracy than KingsCollege because of large spatial camera
movements. The cumulative distributions errors show that datasets with large angular
deviations (ShopFacade) resulted in higher orientation errors than scenarios where the
camera did not undergo severe rotations.
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3.3. The performance comparison of the reference model, the combined dom-
ain single model, and the proposed CNN-based multi-model ensemble method.
In this section, we illustrated the performance comparison among the reference technique
[33], the implemented combined domain single model (2.1.1), and our proposed learning
agent network model with different methods of feature arrangements (Methods A and B)
on 3 training sets with various ratios of training images from Dome and Map datasets
and several activation functions as shown in Table 2.

TABLE 2. The minimum average RMSE of the proposed ensemble CNN
model and combined domain single model for multiple data domains

The number of training 3] Combined domain | Ensemble CNN | Ensemble CNN
images divided single model (Method A) (Method B)
Set 1 0.474 0.495 0.131
Set 2 2.501 0.548 0.391 0.137
Set 3 0.495 0.686 0.112

Table 2 shows that the proposed ensemble CNN model with feature arrangement
Method B provides the best performance for all training sets and activation function
options with best minimum average RMSE of 0.112012266 which is 0.362086944 less
prediction errors than the combined domain single model and 0.27951777 less predic-
tion errors than the proposed ensemble CNN model with feature arrangement Method
A, respectively. Moreover, when compared to the reference technique [33], the proposed
ensemble CNN with feature organization Method B achieves lower prediction errors by
0.342181824, 0.411436412, and 0.460477478 for the three training sets and lower average
RMSE by 2.389914218.

Predictions from a variety of reliable models can be combined to improve accuracy. A
good model has skill, which means it can make better predictions than likelihood. Another
important consideration is that the models must be good in a variety of ways, with a range
of prediction errors. The reason that model averaging is effective is that different models
do not always make the same mistakes on the test set when they are compared. The
reason that model averaging is effective is that different models do not always make the
same mistakes on the test set. When multiple neural networks’ predictions are combined,
a bias is introduced, which counteracts the variance of a single trained neural network
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model. The result is predictions that are less sensitive to training data specifics, training
scheme selection, and the serendipity of a single training run.

Table 3 illustrates the implementation of the Cambridge dataset, which is often used to
evaluate the efficacy of camera pose estimation algorithms. A different shooting style was
used in this dataset compared to Dome (indoor with differing view angles to the object)
and Map (outdoor with the downward view angles from a drone flying horizontally).
There are six subsets, the first five of which were locales, and the sixth of which was
the street. The last one was the most difficult combination of images since the images
were generally textureless. The results in Table 3 showed that the results for the first 10
methods were based on Shavit and Ferens [49], where LearnLess (DSAC++) [48] provided
the least median error for subsets 1 to 5. However, no report for the last subset was found
by Brachmann and Rother [48]. Despite this, our technique showed significantly lower
median rotation and translation errors than the others. For subsets 1 to 5, the total of
median errors from our approach was fewer than Brachmann and Rother [48] by 0.51°
and 0.84 m, respectively, and less than Active Search (SfM) [49] by 0.89° and 2.2 m for
subsets 2 to 6. Furthermore, for subsets 1 to 6, the methods in [33,34] reported the median
errors, in which our method provides less median error by 32.21 m, 0.37 m and 39.58°,
1°, respectively.

TABLE 3. Median translation (m) and rotation errors for different pose
estimators — using the Cambridge dataset

. Great- | Kings- Old- Shop- |StMarys-
Algorithm Court | College | Hospital | Facade | Church Street
1.07 m, | 2.31 m, | 1.46 m, | 2.65 m, | 3.67 m,
PoseNet [29] NA | 5400 | 538 | 808 | 848 | 6.50°
1.66 m, | 2.57m, | 1.41 m, | 2.45 m, | 2.96 m,
Dense PoseNet [29] NA | usee | sa4e | Tage | T.96° | 6.00°
. 1.74m, | 257 m, | 1.25 m, | 2.11 m, | 2.14 m,
Bayesian PoseNet [42] | NA | %) oo™ | "5 40 | 7540 | 838 | 4.96°
0.99m, | 151 m, | 1.1 m, | 1.52 m,
LSTM-Pose [43] NA | a5 | 4200 | 7aae | Gege | NA
1.06 m, | 1.50 m, | 0.63 m, | 2.11 m,
SVS-Pose |44] NA 1 osie | 403 | 5730 | 8110 NA
PoseNet+Reprojection | 7.00 m, | 0.99 m, | 2.17 m, | 1.05 m, | 1.49 m, | 20.7 m,
error pose loss [45] 3.7° 1.1° 2.9° 4.0° 3.40° 25.7°
083 m, | 1.07 m, | 0.59 m, | 0.63 m,
VLocNet [46] NA ae | 2410 | 353 | 3910 | NA
2.80m, | 0.30 m, | 0.33 m, | 0.09 m, | 0.55 m,
DSAC [47] 1.5° 0.5° 0.6° 0.40° 16° NA
04m, [0.18m, | 0.20m, | 0.06 m, | 0.13 m,
LearnLess (DSAC++) [48] 0.9° 0.3° 0.3° 0.30° 0.4° NA
. 042m, |044m, [012m, | 0.19 m, | 0.85 m,
Active Search [49] NA 0.6° 1.0° 0.40° 0.5° 0.8°
0.16m, |0.20m, | 022 m, | 011 m, | 0.10 m, | 0.77 m,
VGGI19+CNN [33] 0.18° 0.21° 0.48° 0.20° 0.39° 0.76°
Our now svatems | 0-06 m,[0.18 m,[0.09 m,[0.09 m,[0.09 m, [0.68 m,
y 0.12° 0.05° 0.46° 0.13° 0.08° 0.38°




INT. J. INNOV. COMPUT. INF. CONTROL, VOL.18, NO.5, 2022 1583

4. Conclusion. In this research, we presented the estimation of the rotation and trans-
lation parameters of two-dimensional images used to reconstruct the 3D images using the
proposed ensemble CNN model called a CNN-based multi-model ensemble method. To
ensure flexibility in learning a variety of domains, the ensemble CNN model was composed
of domain-specific agents and the domain relationship agent. The arrangement of features
acquired from domain-specific agents and to be learned by the domain relationship agent
was quite significant and had a large influence on the accuracy of the proposed ensemble
CNN model. The feature arrangement that combined features from the layer before the
output layer of both indoor and outdoor domain-specific agents and constructed 128x2
features (64 rotation features and 64 translation features) produced the best results, ac-
cording to the experiments. Different ratios of training images and several test sets from
indoor and outdoor domain datasets from various locations and shooting perspectives
were evaluated in the experiments. The ensemble CNN model showed the highest pre-
dictive performance compared to the other algorithms. The results revealed that outdoor
prediction has great potential for improvement. Since the Map dataset received by the
drone’s camera produces a large misalignment estimation error, we would like to train a
specialized CNN that learns on additional depth parameters to assist with feature esti-
mation prior to final aggregate estimation. We hope to expand our technique into these
areas in the future.
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