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ABSTRACT Convolutional neural network (CNN) is a powerful tool for many data applications. However,
its high dimension nature, large network size and computational complexity, and the need of large amount
of training data make it challenging to be used in edge computing applications, which are becoming
increasingly popular, relevant and important. In this paper, we propose a descriptor based approach to
accelerate convolutional neural network training, reduce input dimension and network size, which greatly
facilitates the use of CNN for edge computating and even cloud computing. By using image descriptors to
extract features from original images, we report a simpler convolutional neural network with fast training
speed, low memory usage and outstanding accuracy without the need for a pre-trained network as opposed
to the state of art. In indoor localization, our SURF descriptors accelerated CNN (SurfCNN) can reach an
average position error of 0.28 m and orientation error of 9.2◦. Compared to the conventional CNN that uses
original images as input, our algorithm reduces the dimension of the input features by a factor of 48 without
impairing the accuracy. Further, at an extreme feature reduction of 14,440 times, our model still retains an
average position error retained at 0.41 m and orientation error at 14◦.

INDEX TERMS CNN, Localization, SURF, SLAM.

I. INTRODUCTION

INternet of things (IoT) has found widespread use in differ-
ent industries by integrating computing, communications

and control functions into a network formed by sensor nodes,
edge devices and remote servers. The raw data collected by
sensors are eventually sent to cloud servers with or without
processing at the sensor and edge nodes. The distribution of
computing to IoT network components is tailored based on
the capacity of communications links, computing resources
at each level, and the delay requirement of the applications.
As more intelligence is being built into IoT, neural networks
play an important role in data processing. Among various
deep learning tools, convolutional neural networks (CNN)
are capable of extracting features from high dimensional
data such as images, videos, etc., that suits the application
specific tasks. Such neural network, however, requires high
dimensional optimization procedure in which the training
time is significantly longer when the input dimension is large.
This poses significant challenges to communications links to
transport a large amount of raw data to a cloud server for

CNN training and inference. If inference is shifted to edge
and/or sensor nodes, the computing resources are usually
very limited in comparison to the CNN computational com-
plexity. Therefore, ways to reduce the CNN dimension and
complexity are necessary to facilitate the use of CNN in IoT
applications. It is well known that image descriptors extract
features from images through deterministic means that are
orders of magnitude faster than CNN. The drawback of a
descriptor is that, the output feature size is usually large com-
pared to those from CNN as most of the image information is
retained during extraction regardless of whether it is needed
for the target application. Inspired by the characteristics of
CNN and image descriptors, here, through the demonstration
from an indoor localization application, we combine both
technologies by first using an image descriptor to extract
features from images. The feature set, which has significantly
reduced dimension compared to the images, is input to a
CNN to extract more useful features with further reduced
dimension. The combined techniques result in a significant
fewer parameters in the CNN and reduced training and test-
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ing time, which substantially lower the required communica-
tions and computing resources and the overall latency.

People normally spend over 87% of their daily lives in-
doors [1]. Consequently, indoor localization is important to
many applications ranging from indoor navigation to virtual
reality [2]. Unlike outdoor localization where the global po-
sitioning system (GPS) is prevalent, indoor localization relies
on readings from sensors such as received signal strength
indicator (RSSI), light detection and ranging (LIDAR), in-
ertial measurement unit (IMU) and images from cameras as
GPS signals are too weak [3]. In particular, image based
localization is popular in many fields including robotics [4]
and simultaneous localization and mapping (SLAM) [5] for
its high accuracy and low cost.

Image based localization methods can be categorized into
two sub-categories: feature based and direct methods [6]. In
direct methods, all the image pixels are used for location
estimation process, making it computationally expensive de-
spite of its capability to generating dense maps [7]. On the
other hand, feature based methods extract features from the
images and estimate the location using these features. Con-
sequently it is much faster than direct methods. For feature
based methods, there have been various feature detectors for
feature extraction, including scale-invariant feature transform
(SIFT) [8], sped up robust feature (SURF) [9], features from
accelerated segment test (FAST) [10], binary robust indepen-
dent elementary features (BRIEF) [11] and oriented FAST
and rotated BRIEF (ORB) [12], etc. A typical procedure
for feature based localization is as follows: features are first
extracted using one of these algorithms. Then, descriptors are
estimated to identify the area around each feature for match-
ing. Following, either the consecutive image descriptors are
matched to find the relative pose (position and orientation)
between them [13], or each image descriptors are matched
against a large database of key frames or landmarks with
known locations to identify what is the closest match to infer
the current pose of the camera [14].

Although good performances have been achieved by these
classical methods, they have drawbacks. For example, the
accuracy of all these methods rely on a good estimation
of initial pose location. In addition, the pose accuracy is
determined by the matching between descriptors. Therefore,
wrong correspondences can accumulate errors. Finally, large
database is required for image retrieval methods with a size
proportional to the area of the scene.

Recently, convolutional neural network (CNN) [15], which
is capable of extracting features from high dimensional data
including images, videos, etc., has been a popular choice for
indoor localizaiton. Multiple CNN architectures including
AlexNet [16], GoogleNet [17] and ResNet [18] achieve state
of the art performance in multiple applications. For image
based indoor localization, it is typically implemented by
training an end to end architecture to learn the global pose of
a single image with respect to a known reference frame [19].
However, CNN requires high dimensional optimization pro-
cedure in which the training time is long when the input

size is large. Furthermore, CNN need to be re-trained or fine
tuned when the testing scene is significantly different from
the training scene.

To reduce the complexity of CNN, we propose, for the
first time according to the authors’ knowledge, to use the
image features’ descriptors instead of the image itself as
input to CNN to learn the global image pose. Among all
features descriptors and detectors, SURF descriptors are
used extensively in computer vision applications such as
face recognition [20], visual simultaneous localization and
mapping (SLAM) [21] and object detection [22]. In addi-
tion, [23] demonstrates that the SURF descriptor reaches the
highest accuracy in image matching for indoor localization.
Typically, SURF can convert an image with around 1 million
pixels into feature set with fewer than 20 thousand values by
taking the strongest 300 features’ descriptors, sorted by the
corresponding Hessian threshold. This significantly reduces
the data dimension without noticeable loss of image informa-
tion. The proposed method aims to combine the advantages
of both the classical methods and the direct CNN method
while mitigating their disadvantages. Our system does not
require an initial pose and the correspondences between
descriptors or a large database. Moreover, it reduces the
complexity of the direct CNN by reducing the input dimen-
sions to CNN for model simplification, easier training and re-
training on different environments, and faster inference. This
greatly facilitates its use in edge and cloud computing with
less demanding data storage, transmission and computation
requirements.

II. RELATED WORK
A. DESCRIPTORS RELATED CNN MODEL
CNN has been used to extract the descriptors of an input
image which is either a full image or a pair of non corre-
sponding patches of the image. For example, Siamese CNN
is proposed in [24] to learn the descriptors of small patches
of images to achieve patch matching at 95% recall rate. The
same approach is employed in [25] but using pairs of non
corresponding patches where the network learns 128-D de-
scriptors whose Euclidean distances reflect patch similarity.
[26] uses similar idea of using pair of patches to learn a
similarity score from. Further, unsupervised learning [27]
with VGG-16 network architecture [28] is introduced [29]
to learn compact binary descriptor for efficient visual object
matching.

B. IMAGE-BASED LOCALIZATION
Using images for localization is a part of the visual
SLAM [6]. In the past, most classical visual SLAM systems
used either handcrafted local features extracted (feature-
based methods) or the whole image without extracting any
features (direct methods). In feature-based methods, [13],
[30] employ ORB descriptor matching to find the corre-
spondences between consecutive frames and then uses the
8-point algorithm [31] with bundle adjustment [32] to find
the relative pose between frames. Other techniques [33], [34]
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FIGURE 1. Illustrations of image feature extraction using SURF descriptor. Red dots represents the location of (from left to right:) 10, 50, 100 and 300 SURF
features of (from top to bottom:) office, stairs, fire, pumpkin, heads and chess scenes.
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FIGURE 2. The histogram of features for Stairs, Office, Fire, Chess, Heads and Pumpkin scenes.

rely on finding the 2D-3D correspondence via descriptor
matching between the 2D image and 3D model using e.g.,
structure from motion (SfM) [35].

Paper [7] is a direct method that uses the full image
information. It provides a denser map but without affect-
ing the pose estimation significantly compared to [13]. In
addition, [36] uses image retrieval techniques to search for
the similarity between the current image and images in the
database. Consequently, the position at which current image
was taken can be estimated.

With the boom of deep learning, neural networks are used
in visual SLAM and image based localization by mapping
directly from single image space to absolute position while
circumventing challenges in classical methods. For example,
transfer learning [37] and the pretrained GoogLeNet [38]
are employed in [19] to regress the pose of the camera. In

later publications, the same authors improve the accuracy by
modifying the loss function according to the geometry, the
relation between position and orientation [39], or the uncer-
tainty calculation [40]. Further, [41] generates uncertainty
for the camera poses using Gaussian process regressors.
Several orientation representations and data augmentation
are introduced in [42] along with a complex networks with
shared convolutions to learn the position and orientation. Re-
cently, [43] adopts long-short term memory (LSTM) [44] to
similar model to memorize good features. In [18], pretrained
ResNet-34 is applied for regressing camera pose. It adopts
encoder-decoder design and uses skipped connection to move
the features from the early layers to the output layers.

Despite the outstanding performance of the neural
networks-based systems, the training of these networks is
time consuming. The complexity of training increases if the
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model needs to be fine tuned when the testing images are
taken in completely different environments from what the
training images taken from. To reduce the training com-
plexity, we propose a novel technique to reduce the input
dimensions and consequently the parameter size of the CNN.

III. NETWORK MODEL
In this section, we apply our model to image based indoor lo-
calization application. The task is that given an image I taken
by a camera with unknown intrinsic parameters with cor-
responding SURF descriptors vector D, the network learns
the camera pose in the form of global Cartesian position
[x, y, z]T and orientation in quaternion form [qw, qx, qy, qz]

T .
Note, in contrast to the rotation matrix and Euler angles,
quaternion is a stable form to represent orientation. Conse-
quently, both position and orientation can be combined to
form the output pose vector P [x, y, z, qw, qx, qy, qz]

T of size
7 of the camera pose.

A. DATASET
Since our system is designed for working in indoor envi-
ronments, the training and testing are performed on 3 well
known indoor datasets:

1) Microsoft RGB-D 7 scenes [45] dataset: It is composed
of 7 scenes with constantly changing views and varying
camera heights as seen in Fig. 1. It contains both the
RGB image and depth map with corresponding pose.

2) RGB-D SLAM Dataset and Benchmark [46]: It is a
benchmark for the evaluation of visual odometry and
visual SLAM systems. It contains RGB and depth
images with the ground truth trajectory. We choose to
work with 4 scenes, each of which provides sequences
for training with ground truth poses and others for
testing without ground truth positions. An online tool
is available for evaluation of the testing scenes.

3) The ICL-NUIM dataset [47]: It is a recently developed
benchmark similar to the RGB-D SLAM benchmark
dataset for RGB-D, visual odometry and SLAM algo-
rithms. We will work on the office room scene with 4
sequences, one sequence for training and the other 3
for testing.

B. SURF DESCRIPTORS
The SURF algorithm [9] starts with computing the interest
points or features. To find the correspondences between these
features, the description of the area around these features is
computed for robust matching. This is called the descriptor.
In the original SURF implementation, there are two ways to
find the descriptor of the detected feature depending on its
rotational invariance. To make the descriptors invariant to ro-
tations, the dominant orientation of a neighbourhood around
the feature is calculated using Haar-wavelet transform in both
x and y direction. Subsequently, the area around the feature
is divided into 4×4 grid along the dominant orientation.
As opposed to the computationally expensive counterpart
SIFT [8], Haar-wavelet transform [48] is obtained for both

FIGURE 3. The architecture of Surf-CNN

vertical and horizontal directions. The absolute values of all
vertical and horizontal responses are summed to form the
descriptor vector of all the sub-regions around the feature
with size 64. In the case where the orientation information
needs to be maintained within the SURF descriptor, the dom-
inant orientation calculation step is skipped and the resulting
vector is called Upright SURF (U-SURF) descriptor. In our
models, we use both SURF and U-SURF descriptors and
demonstrate that using U-SURF does enhance the orientation
calculation compared to the ordinary SURF descriptor.

Fig. 2 displays the histogram of features for images of the
7 scenes dataset. As shown, the number of features ranges
from 100 to 4000. To make the input dimension feasible, we
choose to work with the full 300 features or fewer. Here, each
feature has 64 values and the maximum input vector size
is 300×64. Compared to the origin image of 480×640×3
pixels, use of the discriptor reduces the CNN input size by at
least a factor of 48.

Further, the location of the 300, 100, 50 and 10 most
important SURF features are shown in Fig. 1 as red dots. It
is seen that the SURF algorithm focuses on feature points
such as edges and corners, making them good representative
of images that uniquely describe every feature’s surrounding
area. Consequently, the majority of the information in the
image is retained in SURF descriptors.

C. THE LOSS FUNCTION
We choose to represent the output pose as one 7 dimensional
vector instead of having two outputs for position and orien-
tation in [19].Having one output vector makes it easy to train
using one loss function instead of having two parts of the loss
function with a weight factor between them that needs to be
tuned for every scene. Consequently, the objective function
is

loss(D) =
∥∥∥P̂ − P

∥∥∥
2

(1)

where D is the image descriptors vector, P̂ is the predicted
pose, and P is the ground truth pose.

D. ARCHITECTURE
Our model is composed of as few as 7 layers as shown
in Fig. 3. Here, 5 convolutional layers with max pooling
layers are adopted to reduce the dimensions of the layers out-
put, RELU activation function and batch normalization [49],
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TABLE 1. Dimensions of CNN layers where N is the number of SURF features

layer Dimensions
Input (N,64,1)
conv 1 (64,7,7)
conv 2 (128,5,5)
conv 3 (256,5,5)
conv 4 (256,5,5)
conv 5 (256,3,3)
FC 1 2048
Output 7

resulting in faster learning. The first convolutional layer
has strides of (2,2), and the remaining 4 layers have (1,1).
They are followed by a fully connected (FC) layer of 2,048
neurons with ReLU activation function. To prevent over-
fitting, dropout with probability of 0.5 [50] is adopted. The
output layer has 7 neurons with linear activation for the
pose [x, y, z, qw, qx, qy, qz]

T . The details of the architecture
is shown in Table 1. The hyper-parameter tuning procedure
to arrive at the architecture is summarized as follows. We
begin the first layer with filter size 7×7 and then decrease
it subsequently to 5×5 and 3×3 as the dimension of the
feature map decreases along the network. The number of
filters in the first layer is 64 and then increased to 128 and
256 in the subsequent layers following the well known CNN
architectures [51]. The number of layers is chosen based
on experiments on the positional error. Moreover, the trade
off between the number of convolutional layers and the posi-
tional error of the heads scene of the 7 scenes dataset is shown
in Fig. 4. As shown, increasing the number of convolutional
layers up to 5 layers leads to a reduction of the error to 0.17
m; however, the error starts to increase with the addition of
more layers to 0.65 m with 10 convolutional layers. One
reason for the error increase is that every convoltional layer
has a pooling layer which downsamples the feature maps, so
with 10 convolutional layers, the input shrinks in size to a
level where the important features are lost. Moreover, using
SURF descriptors with low dimensions helps reducing the
number of layers compared to other CNN-based algorithms
that uses pretrained networks as the descriptors represent the
extracted features from the image which makes the learning
process easier than using the raw images. Unlike the previous
works [19], [40], [41], our system does not require any pre-
processing such as cropping or subtracting the mean for the
images. The extraction of the SURF descriptors shown in
Fig. 3 only takes 0.9 seconds per image on average and can
be done off-line or in real time.

IV. PERFORMANCE ANALYSIS
To compare the SURF and the U-SURF descriptors, we plot
the position and orientation errors for the 7 scenes dataset
as bar plot in Fig. 5. As shown, the U-SURF descriptors,
having the orientation information of the features detected,
have more precise orientation estimates than using the SURF
descriptors with an average error margin of 6◦. In addition,
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FIGURE 4. The effect of increasing the convolutional layers on the positional
error for Heads scene of the 7 scenes dataset.

using the U-SURF enhances the position estimation, not
only with the same extent as orientation but also with an
average error difference of 4.5 cm. Evidently, using the U-
SURF descriptors is better than using the SURF descriptors
for the localization application where the orientation of the
features plays an important role. As U-SURF descriptors are
rotationally variant, every rotation in the image will give
different descriptors depending on the orientation of the area
around the feature which will benefit localizing the image
and especially finding the orientation of the image as shown
on Fig. 5.

The main advantage of our SURF accelerated CNN (Sur-
fCNN) is the increase of the speed of training and testing and
the reduction in the memory requirements for storing both
the input data and network parameters, which accordingly
lowers the amount of data for transmission in edge computing
and cloud computing applications. Regarding input data we
reduce the input image dimensions from 480×640×3 to
descriptor vectors with sizes ranging from 300×64 to 1×64
with a reduction factor ranging from 48 to 14,400. This sub-
stantial reduction is critical for low memory systems as the
SURF descriptors extraction process can be done efficiently.
Further, Table 2 shows the number of layers and number
of learning parameters of our SurfCNN with features size
ranging from 1 to 300 in comparison with the previous work.
As shown, SurfCNN reduces the number of layers to 7 layers
compared to 24 or more layers in the previous work. In
particular, a reduction factor of 1.6 or more is achieved for
the number of learning parameters when all 300 features are
adopted and 6.2 or more when as few as 1 feature is used.
Furthermore, in previous works, pre-trained network may
take weeks to train while our model does not require to be
pre-trained.

Fig. 6 shows the trade-off between training time and
average position error for the 7 scenes dataset with various
number of features for our SurfCNN. It illustrates that the
relation between the number of features and training time is
nearly linear with a minimum time of 15 minutes for using
1 features and max time of 90 minutes for 300 features.
Additionally, the inverse relationship between the average
error and training time is shown where a maximum average
error of 0.41 m with only 15 minutes training time and 0.28 m
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FIGURE 5. The bar plot for the position error (left) and orientation error (right) of U-SURF (in brown) and SURF (in blue) for the 7 scenes dataset.

TABLE 2. The number of layers for the current work SurfCNN with 300x64
input features, the average number of parameters and the median error in
position, compared with PoseNet [19], Pose-LSTM [43] and
Pose-Hourglass [52]

Network Layers Pretrained Network Pretrained Parameters Total Parameters
SurfCNN 300 7 None 0 1.31× 107

SurfCNN 100 7 None 0 6.61× 106

SurfCNN 1 7 None 0 3.47× 106

PoseNet 24 GoogLeNet 1.10× 107 2.35× 107

Pose-LSTM 28 GoogLeNet 1.10× 107 2.15× 107

Pose-Hourglass 35 ResNet-34 2.30× 107 4.50× 107

for 90 minutes are obtained. The training was done using
NVidia TITAN XP GPU and Adam solver [53] with a learn-
ing rate of 0.0001. Using this visualization, we can choose
the number of features needed for SurfCNN according to the
target training time, the computational resource availability
and maximum allowable error. Overall, SurfCNN is superior
to other work that use the full images as input.

The median position/orientation error for the U-SURF
descriptors of features sizes 300, 100, 50, 10, 1 along with
the state of the art previous work including PoseNet [19], G-
Posenet [41], Posenet-U [40], Pose-L [43], BranchNet [42]
Pose-H [52], VidLoc [54], RelocNet [55] and Mobile-
PoseNet [56] for the 7 scenes dataset are shown in Ta-
ble 3. As shown, with 300 U-SURF features, our system
displays 0.28 m position error and 9.17◦ orientation error.
Compared to the previous works, the accuracy of our model
is comparable but we are advanced as to adopt only half the
number of parameters and much smaller input dimension.
Among all other models, Pose-H [52] demonstrates a better
accuracy with 5 cm error margin whilst Pose-H employs
an enormously complex network and needs to be trained

seperately in every scene. VidLoc achieves 0.25 m positional
error but with using up to 400 frames which is very hard to
feed to the network with frame size of 224 × 224 × 3 and
require very expensive computational power. Further when
the number of features is reduced to as low as 1 feature
with training time around 15 minutes, an average positional
and orientation error of 0.41 m and 14.54◦ is achieved.
This is better than PoseNet and Posenet-U with an order-of-
magintude reduction in the input and number of parameters.
The error is acceptable in indoor environments while the
input dimension is only 1×64. This opens the door for on-
line training or training on embedded systems as the agent
with the camera mounted on it has to train every time it goes
to a different scene.

Among all individual scenes, our system outperforms all
the previous work in the scenes of heads and fire. This is be-
cause the images in these scenes have the distinctive features
and low field of view as shown in Fig. 1. Consequently, as
few as 200 features with input dimension 200×64 is needed
to outperform all the previous work that used input size of
224×224×3 after cropping the input images. In the stairs
scene, the system has very close performance to [52]. By
analyzing the histogram of the stairs scene in Fig. 2, it is
found that the maximum number of features in this scene
is 500, which makes choosing 300 features is sufficient for
learning. However, the chess, office and pumpkin scenes
are wide view angle images and the number of features is
large. Therefore 300 features are insufficient to represent the
input. Nevertheless, in these 3 scenes, SurfCNN still has a
median error that is acceptable in indoor localization and
competitive to the other work with substantial reduction in
input dimension and lower training time.

We further demonstrate that our model is valid for different
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TABLE 3. The median error in position (m)/ orientation (degrees) for the 7 scenes, with 5 input sizes 300×64, 100×64, 50×64, 10×64 and 1×64, compared with
PoseNet [19], G-Posenet [41], Posenet-U [40], Pose-L [43], BranchNet [42], Pose-H [52], VidLoc [54], RelocNet [55] and Mobile-PoseNet [56].

Dataset Training Testing SurfCNN
300

SurfCNN
100

SurfCNN
50

SurfCNN
10

SurfCNN
1 PoseNet Posenet-U G-Posenet BranchNet Pose-L Pose-H VidLoc RelocNet Mobile-PoseNet

Chess 4000 2000 0.19/8.10 0.23/10.20 0.26/10.50 0.29/11.15 0.31/11.57 0.32/8.12 0.37/7.24 0.20/7.11 0.18/5.17 0.24/5.77 0.15/6.17 0.18/NA 0.21/ 10.9 0.19/8.22
Office 5000 1000 0.35/7.05 0.38/9.50 0.42/10.31 0.47/11.65 0.5/12.10 0.48/7.67 0.48/7.68 0.28/8.83 0.30/7.05 0.30/8.08 0.21/8.83 0.26 /NA 0.31/10.3 0.27/8.54
Pumpkin 3000 1000 0.36/10.80 0.38/9.52 0.39/13.20 0.41/15.11 0.42/17 0.49/8.42 0.61/7.08 0.37/6.94 0.27/5.10 0.33/7 0.25/7.01 0.36/NA 0.40/10.9 0.34/8.46
Red kitchen 5000 1000 0.37/10.25 0.45/12.35 0.47/13.20 0.53/14.10 0.56/16.52 0.59/8.64 0.58/7.54 0.35/8.15 0.33/7.40 0.37/8.83 0.27/10.20 0.31/NA 0.33/10.3 0.31/8.05
Stairs 2000 2000 0.28/10.14 0.32/11.25 0.34/12.22 0.45/12.52 0.53/13.20 0.48/13.80 0.48/13.10 0.37/12.50 0.38/10.30 0.40/13.70 0.29/12.50 0.26/NA 0.33/11.4 0.45/13.6
heads 1000 1000 0.17/12 0.19/12.50 0.21/13 0.25/14 0.26/18.19 0.32/12 0.31/12 0.21/13.80 0.20/14.20 0.21/13.70 0.19/11.60 0.19/NA 0.15/13.4 0.18/15.5
fire 3000 1000 0.24/8.20 0.26/9.25 0.28/10.52 0.29/11.20 0.30/13.20 0.47/14.40 0.43/13.70 0.38/12.30 0.34/8.99 0.34/11.90 0.29/10.80 0.21/NA 0.32/11.8 0.37/13.2
Average 0.28/9.17 0.31/10.65 0.33/11.85 0.38/12.81 0.41/14.54/ 0.45/11.63 0.46/9.94 0.30/9.94 0.28/8.37 0.31/9.85 0.23/9.58 0.25/NA 0.28/11.28 0.30/10.79
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FIGURE 6. The training time (in blue) and the average error (in orange)
versus the number of features.

datasets other than the 7 scenes dataset, by comparing with
PoseNet [19]. Firstly we validate our system with the RGB-D
SLAM Dataset and other public datasets.

We also extend this work on our locally generated data
using a robot mounted with multiple sensors including cam-
era, LIDAR, odometer and SONAR to collect RGB images
with ground truth poses. As shown in Table 4, the median
translational/rotational error are consistent with the previous
results of the 7 scenes dataset and our system outperforms
PoseNet in all scenes.

TABLE 4. The median translational (m)/ rotational (degrees) error for the
RGB-D dataset (fr1/xyz, fr2/xyz, fr1/rpy and fr2/rpy and our own measured
data

Dataset Training Testing SurfCNN PoseNet
fr1/xyz 798 1017 0.13/0.10 0.18/0.14
fr1/rpy 720 970 0.03/0.39 0.10/0.50
fr2/xyz 3663 3736 0.05/0.03 0.12/0.12
fr2/rpy 3290 3462 0.02/0.10 0.10/0.14
Our data 1300 500 0.40/6.50 0.60/8.30
Average 0.12/1.42 0.22/1.84

We further extend the comparison with traditional classical
systems that do not depend on learning. Here, SurfCNN
is compared with two state of the art systems, the feature
based method ORB-SLAM [13] and the direct method LSD-
SLAM [7]. As shown in Table 5, for the scenes from ICL-
NUM dataset and RGBD SLAM benchmark, SurfCNN on
average outperforms both ORB-SLAM and LSD-SLAM.
This is also in agreement with the comparison with the deep
learning-based methods. Moreover, SurfCNN can still work
with a low number of features as shown in Table 5 while other

feature matching methods like ORB-SLAM will fail to match
images with low number of features. Also, SurfCNN uses a
sparse representation of the image which will be faster than
minimizing the photometric error using all the image pixels
done by LSD-SLAM.

TABLE 5. The median error of position (m) for ICL-NUIM dataset (office room
0, 1 and 2), the RGB-D dataset (RGBD-1: fr3/long office household) compared
to SurfCNNfor ICL-NUIM dataset (office room 0, 1 and 2), the RGB-D dataset
(RGBD-1: fr3/long office household) compared to SurfCNN

Dataset SURFCNN (m) ORB-SLAM (m) LSD-SLAM (m)
ICL/office 0 0.45 0.43 0.52
ICL/office 1 0.50 0.76 0.78
ICL/office 2 0.52 0.79 0.68
RGBD 1 1.50 1.20 1.80
Average 0.75 0.80 0.95

V. CONCLUSION
We have implemented image based indoor localization (Sur-
fCNN) that uses SURF descriptors to reduce the input di-
mension of CNN. Taking advantages of both SURF descrip-
tors and CNN, our network has a competitive performance
with the state of the art without the need for a pretrained
network. Given a sufficient number of features, SurfCNN
reaches the same accuracy as state of the art with only half
the parameters and excluding the pretrained network. This
advantage is essential in real time application where memory
size is limited and edge/cloud computing applications. The
proposed approach is also versatile to other CNN related
applications in addition to indoor localization.
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