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Abstract: Object detection in remote sensing images has been frequently used in a wide range of
areas such as land planning, city monitoring, traffic monitoring, and agricultural applications. It is
essential in the field of aerial and satellite image analysis but it is also a challenge. To overcome this
challenging problem, there are many object detection models using convolutional neural networks
(CNN). The deformable convolutional structure has been introduced to eliminate the disadvantage
of the fixed grid structure of the convolutional neural networks. In this study, a multi-scale Faster
R-CNN method based on deformable convolution is proposed for single/low graphics processing
unit (GPU) systems. Weight standardization (WS) is used instead of batch normalization (BN) to
make the proposed model more efficient for a small batch size (1 img/per GPU) on single GPU
systems. Experiments were conducted on the publicly available 10-class geospatial object detection
(NWPU-VHR 10) dataset to evaluate the object detection performance of the proposed model.
Experiment results show that our model achieved a 92.3 mAP. This is a 1.7% mAP increase when
compared to the best results in the models using the same dataset.

Keywords: deep learning; object detection; remote sensing; deformable convolutional network;
weight standardization

1. Introduction

In recent years, object detection in remote sensing images has been frequently used in a wide range
of areas such as land planning, city monitoring, traffic monitoring, and agricultural applications. Object
detection is essential in the field of aerial and satellite image analysis but it is also difficult. The problem
is that the objects in the images are of various dimensions and sizes. In addition, these high-resolution
images from planes or satellites have complex and scattered backgrounds of excessively detailed
ground objects. Object detection methods using deep learning techniques have received increasing
attention in recent years and as a result of this, they have achieved state-of-the-art performance [1].
Among these object detection methods, the faster region-based convolutional neural network (faster
R-CNN) [2] is quite successful. This method consists of two steps. In the first step, a region proposal
network (RPN) generates several hundred or thousands of candidate region proposals. In the second
step, the object/non-object classification is done by feature extraction of region proposals.

In the faster R-CNN method, feature extraction is performed by using a convolutional neural
network (CNN) [3]. As the CNN has a fixed input sampling frame, it fails to detect objects with
high complexity and clutter in remote sensing images. At this point, the deformable convolutional
concept [4] is introduced. It makes convolution operation on different areas of each input sample
depending on the offsets, regardless of the fixed geometric shape of the standard convolution process.

It is very important to use high-resolution features to detect small objects in remote sensing
images. However, these features are in the shallow CNN layers. Feature pyramid network (FPN) [5]
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has been introduced to extract these features. Batch normalization (BN) [6] is often used in the training
phase of remote sensing images. BN achieves successful results in training with large batch sizes.
However, large batches require the same amount of multiple GPU power (such as systems with 8 or
16 GPUs). Weight standardization (WS) [7] has been introduced for successful training with small
batch numbers in single GPU systems. The publicly available 10-class geospatial object detection
(NWPU-VHR 10) [8] dataset was used for testing the model we proposed. The studies using this data
set are summarized below:

• Cheng at al. [9] developed a practical and rotation-invariant framework for multi-class geospatial
object detection and geographic image classification based on the collection of part detectors
(COPD). The COPD is composed of a set of representative and discriminative part detectors,
where each part detector is a linear support vector machine (SVM) [10] classifier used for the
detection of objects.

• Peicheng et al. [11] proposed a novel and effective approach to learning a rotation-invariant
CNN (RICNN) model for advancing the performance of object detection, which is achieved
by introducing and learning a new rotation-invariant layer on the basis of the existing
CNN architectures.

• Li et al. [12] proposed a novel deep-learning-based object detection framework including region
proposal network and local-contextual feature fusion network designed for remote sensing images.
They called the proposed model the rotation insensitive and context enhanced object detection
(RI-CAO) network. They developed a double-channel feature fusion network that can learn local
and contextual properties along two independent pathways.

• Wang et al. [13] proposed an anchor-free and sliding-window-free deconvolutional region proposal
network (DODN) and constructed a two-stage deconvolutional object detection network. Instead of
using an anchor mechanism, they used a deconvolutional neural network followed by a connected
region generation module to generate reference boxes.

In this study, a multi-scale Faster R-CNN method based on deformable convolution is proposed
for single/low GPU systems. Our contributions are as follows:

• Faster R-CNN feature extractor backbone, which uses the standard convolution grid structure
for object detection, has been updated to use deformable convolution and a new backbone has
been proposed.

• FPN has been added to the faster R-CNN structure to use the features in the higher layers as well
as in the shallow layers for the detection of small objects in remote sensing images.

• In order to increase the success of the training in single GPU systems, WS structure is used instead
of BN and very successful results are obtained.

• Our study is the first to propose a model by combining deformable convolution, feature pyramid
network, and weight standardization techniques with faster R-CNN.

In the second section of this study, deformable convolution network, weight standardization
and feature pyramid network structures are explained. The third section describes the structure of
the improved faster R-CNN model, which we have introduced using the structures mentioned in the
second section. The fourth section discusses the dataset, which is used to observe the contribution of
the proposed model and the results of experiments and comparison of our method with the others
in terms of success. The fifth section presents the conclusions, and finally, the sixth section discusses
future work.

2. Related Works

2.1. Faster R-CNN

The faster R-CNN method consists of two networks. These are the RPN and the object detecting
network (ODN) (Figure 1). The RPN scales the regions, which are called anchors, according to their
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rate of object availability (usually 70%) and sends the regions that exceed a certain rate to the object
detection network. Anchors play an important role in the faster R-CNN algorithm. The anchor is
actually a specific box of dimensions. The Faster R-CNN has nine anchors of different sizes. In the
regional proposal network phase, these anchors are hovered over the image to identify areas that may
contain objects.
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Figure 1. Faster R-CNN structure.

The outputs of the regional proposal network are not fixed due to the different dimensions of
the anchors. The input of the object detection network is fixed. Region of interest (ROI) pooling is
used to resolve the mismatch between two networks. With the help of ROI, the size of the regions is
equalized. Two operations are performed in the object detection network. The first is the classification
of background and foreground objects within the region. The foreground object that emerged by
classification is represented by multiple boxes due to the different anchor dimensions. At this point,
the box with the highest rate is selected by the maximum suppression method and the object is
thus detected.

2.2. Deformable Convolutional Network

The regular convolutional unit samples the input property map at fixed locations and generates
the output by calculating the weighted sum of the samples. Recently, deformable convolution has
been proposed to overcome the limitations of standard convolution (Figure 2).

Regular convolution is operated on a regular grid R. Deformable convolution is operated on R but
with each point augmented by a learnable offset ∆Pn. Convolution is used to generate 2N number of
feature maps corresponding to N 2D offsets ∆Pn (x-direction and y-direction for each offset).

Regular convolution calculated as follows:

y(p0) =
∑

Pn∈R

w(Pn)·x(Po + Pn) (1)

Deformable convolution calculated as follows:

y(p0) =
∑

Pn∈R

w(Pn)·x(Po + Pn + ∆Pn) (2)

Pn is used to sort the R positions, w and Po denote the weight and pre-specified offset for output
location, respectively. In Equation (1), the output property map is computed for each location of
position p0 in y. In addition to Equation (1), in Equation (2), offset ∆Pn is taken into account.
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As shown in Figure 3, deformable convolution selects values from different locations for standard
convolution in the input image or property maps. As a result of this, the deformable convolution
which is fixed to larger objects selects more receptive areas and exposes more features related to objects.
This makes it easy to detect small objects in remote sensing images.
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2.3. Feature Pyramid Network

Feature pyramid network combines low-resolution semantically powerful features,
with high-resolution semantically weak features using a top-down path and lateral connections.
Feature pyramid network which is built on a single input image scale and which has rich semantic
features at all levels can be quickly detected without sacrificing speed or memory. The structure of the
feature pyramid network is shown in Figure 4.
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2.4. Weight Standardization

The idea of weight standardization is very simple. Traditional techniques such as cluster, layer,
sample, and group normalization basically perform normalization in feature activation, while WS
performs normalization in weight (convolution filter) (Figure 5).
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In weight standardization, instead of directly optimizing the loss L on the original weights Ŵ,
we reparameterize the weights Ŵ as a function of W, i.e., Ŵ = WS(W), and optimize the loss L on W
by stochastic gradient descent (SGD):

Ŵ =

Ŵi, j | Ŵi, j =
Ŵi, j − µwi

σwi + ε

 (3)

y = Ŵ ∗ x (4)

where

µwi =
1
I

I∑
j=1

Wi, j , σwi =

√√√
1
I

I∑
i=1

(
Ŵi, j − µwi

)2
(5)

In Equation (3), ε is used to prevent partition operation from infinity but it is a very small value
(nearly 0). In addition, in Equation (5), µwi denotes the weighted sum of input channels within
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the kernel region of each output channel and σwi denotes the square root of the difference between
reparameterize the weights andµwi. In Equation (4), the output property map of a standard convolution
layer with the bias term set to 0 is calculated. Ŵ in Equation (4) is re-parameterized to obtain WS in
Equation (5).

3. Proposed Improved Faster R-CNN Method for Remote Sensing Object Detection

The model we recommend is based on the latest faster R-CNN, a state-of-the-art object detection
system. We attempted to solve the weakness of the regular convolution structure used in the faster
R-CNN model for detecting small and mixed objects in remote sensing using the deformable convolution
technique. With the FPN technique, the high-resolution features in the shallow layers of the remote
sensing images are transferred to the network. WS technique, which reduces batch size in order to
provide deep learning training without performance problems in low power/single GPU systems such
as single GPU, was added to our model. In our opinion, this is the first study in which these techniques
are used in conjunction with the faster R-CNN algorithm and provides an effective remote sensing
object detection model for a system with low/single GPU power.

In the proposed method, ResNet50 [14] with deformable convolution is used to extract
high-resolution features. The object is detected using the multi-scale features via the FPN module.
The output_stride, which is the ratio of the input resolution to the output resolution, is set to 32 to
produce a more intense attribute map. The network structure of our proposed method is shown in
Figure 6.Appl. Sci. 2020, 10, x FOR PEER REVIEW 7 of 12 
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In the proposed model, features are extracted by the ResNet50 backbone, which is a deformable
convolution network. While the standard ResNet50 backbone consists of a convolution neural network,
the proposed model uses a deformable convolution network. This allows the backbone to extract
features from more receptive areas.

In the model, using FPN structure, features obtained from P2, P3, P4, P5 layers are given to the
faster R-CNN model and object detection is performed. In order to provide more effective training on
low GPU systems, the WS structure completes the training with one image per GPU. When this value
is considered 32 BN, sometimes 64 images/GPU, the effectiveness of WS appears.

4. Experiments and Results

4.1. Experiments Environment and Evaluation Criteria

Experiments were performed using the MMDetection toolkit [15] on a desktop PC with Intel®

Core™ i5 2.4 GHz CPU, 6 GB RAM (Intel®, Santa Clara, CA, USA), single Geforce GTX 1080 graphics
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card (NVIDIA, Santa Clara, CA, USA) and Ubuntu 16.04 LTS operating system (Canonical, London,
United Kingdom) . Program codes were written in Python [16] using the PyTorch deep learning
library [17].

We used the precision-recall curve (PRC) and average precision (AP) criteria to evaluate the
performance of our proposed model. These two criteria have been standardized in the field of study
and have been used in many object detection studies [18–21].

(1) Precision-Recall Curve (PRC): Precision determines the accuracy of true positive detections
and Recall determines the proportion of true positives identified as true. TP, FP, and FN are used to
indicate the number of true positives, the number of false positives, and false negatives, respectively.
So, the PRC value is calculated as follows:

Precision =
TP

(TP + FP)
(6)

Recall =
TP

(TP + FN)
(7)

If the area overlap ratio between the predicted limit box and the ground reality limit box exceeds
0.5, the detection is considered true positive. Otherwise, the detection is considered false positive.
In addition, if more than one detection coincides with the same basic accuracy limiting box, only one is
considered true positive, others are considered false positive.

(2) Mean Average Precision (mAP): Recall = 0 to Recall = 1 that is, calculating the average value
of Precision over the range in the area under PRC, therefore, the higher the mAP value, the better
the performance.

4.2. Data Set Preparation

The NWPU-VHR10 dataset was used for testing the proposed network model. There are 10 classes
in this dataset (aircraft, ship, storage tank, baseball diamond, tennis court, basketball court, ground
track field, harbor, bridge, and vehicle). The dataset consists of 800 images with spatial resolution
ranging from 0.5 to 2 m (650 positive image sets, 150 negative image sets). Since the number of training
objects in this dataset is small, the success of the proposed model will be low. In order to prevent this,
the data enhancement technique was used. In the phase of data increase blurring, rotating vertically,
rotating horizontally, gamma conversion, and random image brightness operations are applied to the
images in the dataset. Figure 7 illustrates sample data augmentation.
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4.3. Experiments with Different Training–Test Dataset Rates

In order to evaluate the performance of the proposed model, we conducted experiments with
different training-test dataset ratios. 10 sets of experiments were performed for each ratio with
randomly selected image sets according to the selected training/test ratios. By calculating the arithmetic
mean of the 10 different mAP results, the final mAP value was obtained. Table 1 shows the arithmetic
mean results of the experiments by adjusting the dataset according to these ratios.

Table 1. Effect of different training-test data rates on performance.

Training–Test Rate (%) 90–10 80–20 70–30 60–40 50–50 40–60 30–70 20–80 10–90

Arithmetic Mean mAP 0.870 0.871 0.923 0.907 0.892 0.841 0.812 0.677 0.587

When the results in Table 1 were examined we observed that with the further reduction of the
number of images in the train dataset, the performance was significantly reduced (success is reduced
almost 40%). However, it can be seen from the results that the model we proposed shows very
successful performance with little data (0.812 mAP rate with 30% training data). The most successful
rate is 70%–30%, which is widely adopted and used frequently in the literature. Increased training data
is expected to increase success, while overfitting and lack of test data reduce success (e.g., 90–10 and
80–20 rates). The PR Curves obtained arithmetic mean results of the experiments performed according
to the ratios in Table 1 are shown in Figure 8.
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When the PR curves are examined, it is seen that the lack of data directly affects the performance.
This effect becomes more pronounced in the F-measurement results. The proposed faster R-CNN
model is stable, despite significant changes in dataset rates. This can be attributed to the fact that
the deformable convolution structure extracts attributes from more domains and the FPN gives the
attribute from different levels to the detection network.

4.4. Proposed Improved Faster R-CNN Compared with Other Studies

In order to evaluate the performance of our proposed model on the VHR10 dataset objectively,
we compared it with other models using the same dataset in the field. Comparison results are shown
in Table 2. Values marked in bold are the highest AP values obtained in the class.

Table 2. Performance of different models on the NWPU-VHR10 [8] dataset.

Class COPD [9] RICNN [11] RI-CAO [12] DODN [13] Ours

Plane 0.6225 0.8835 0.9970 0.9392 0.9958
Ship 0.6937 0.7734 0.9080 0.9297 0.8813

Storage Tank 0.6452 0.8527 0.9061 0.9925 0.9378
Baseball Diamond 0.8213 0.8812 0.9291 0.9633 0.9788

Tennis Court 0.3413 0.4083 0.9029 0.9612 0.8576
Basketball Court 0.3525 0.5845 0.8013 0.7097 0.9306

Ground Track Field 0.8421 0.8673 0.9081 1.0 0.9767
Harbor 0.5631 0.6860 0.8029 0.9688 0.9744
Bridge 0.1643 0.6151 0.6853 0.8115 0.6897
Vehicle 0.4428 0.7110 0.8714 0.8009 0.9352

mAP 0.5489 0.7263 0.8712 0.9077 0.9231

When Table 2 is examined, it is obvious that the method we propose gives better results compared
to other studies. We achieved a 1.7% mAP increase over DODN, which shows by far the best
performance in other studies. This is because firstly, DCN has feature extraction from more receptive
areas compared to CNN, and secondly, FPN’s features obtained from different layers are given to the
detection network. In addition, the use of WS instead of BN resulted in successful training with the
Nvidia GTX 1080 GPU, which is a very weak GPU when compared to very powerful GPUs such as
Nvidia TITAN X or Nvidia TITAN XP.

Although our method provides the best performance, detection accuracy for the bridge object
category is still low. The reason for this is the imbalance between classes in the dataset we used in
the study. This affected the results. While the object detection success of the classes with a higher
number of training samples (e.g., plane) increased, the success rate of the classes with fewer training
samples (e.g., bridge) decreased. Data augmentation did not change this result. This problem can be
solved using the focal loss, loss function [22] which is proposed to eliminate imbalance between classes.
In future studies, the model we propose aims to eliminate the imbalance between classes by using
focal loss.

Using our improved faster R-CNN model and class-specific object category classifiers,
we performed ten classes of object detection in our test data set. Figure 9 shows a series of object
detection results of the proposed model in which true positives, false positives, and false negatives
are represented respectively by green, red, and blue rectangles. Despite the major changes in the
orientation and size of the objects, the proposed model successfully identified and localized most of
the objects.
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5. Conclusions

In this study, the faster R-CNN model is considered because it has obtained very successful
results in object detection. Since the regular convolution used in the faster R-CNN structure has a low
success in domains containing very small and mixed objects such as remote sensing, we propose
a faster R-CNN object detection model reinforced with deformable convolution. Also, FPN used
in the proposed model combines low resolution, semantically strong features with high resolution,
semantically weak features, and successfully identifies objects of different sizes and shapes (such as
bridges and cars). In order to test the robustness of the proposed model, nine different training-test
ratios were used. As a result of these tests, our model has achieved very successful results with little
training data. WS is used instead of BN in order to make the proposed model more efficient for a small
batch size (1 img/GPU) in single GPU systems. This allows home users to train with mid-low GPUs
without the need for expensive servers with multiple GPUs.

The VHR10 dataset was used to evaluate the object detection performance of the model we
proposed. Experimental results show that our model achieves better results than current models using
the same dataset (1.7% mAP increase over the best model).

6. Future Work

Due to the imbalance between the classes in the dataset we used, the detection rate of the bridge
class was lower than the other classes. Data augmentation did not change this result. In the next study,
we aim to use the focal loss function [23] which eliminates the problem created by datasets that have
an imbalance between classes. In addition to this, how to optimize the network structure to balance
the conflict between performance and efficiency is a key issue to consider in our future work.
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