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Abstract: Geospatial object detection from high spatial resolution (HSR) remote sensing imagery is
a heated and challenging problem in the field of automatic image interpretation. Despite convolutional
neural networks (CNNs) having facilitated the development in this domain, the computation efficiency
under real-time application and the accurate positioning on relatively small objects in HSR images are
two noticeable obstacles which have largely restricted the performance of detection methods. To tackle
the above issues, we first introduce semantic segmentation-aware CNN features to activate the detection
feature maps from the lowest level layer. In conjunction with this segmentation branch, another module
which consists of several global activation blocks is proposed to enrich the semantic information of
feature maps from higher level layers. Then, these two parts are integrated and deployed into the
original single shot detection framework. Finally, we use the modified multi-scale feature maps with
enriched semantics and multi-task training strategy to achieve end-to-end detection with high efficiency.
Extensive experiments and comprehensive evaluations on a publicly available 10-class object detection
dataset have demonstrated the superiority of the presented method.

Keywords: high spatial resolution (HSR) remote sensing images; geospatial object detection; segmentation;
semantic information

1. Introduction

Geospatial object detection is one of the concerned fields in remote sensing. The development
of high spatial resolution (HSR) remote sensing image sensors accelerates the acquisition of various
aerial and satellite images with adequate detailed spatial structural information. These remote sensing
imagery can facilitate a wide range of military and civil applications, such as marine monitoring [1],
urban area detection [2,3], cargo transportation, and port management, etc. Different from natural
imagery obtained on the ground from a horizontal view, HSR remote sensing imagery is obtained
from a top-down view, which is an approach that can be easily affected by weather and illumination
conditions. Apart from this, the small-size and scale-variable properties of multi-class geospatial
objects as well as the dearth of manually annotated training samples make the detection tasks
more challenging.

Many investigations related to object detection in remote sensing imagery have been carried out.
The existing methods can be generally divided into four main categories: template matching-based
methods, knowledge-based methods, object based image analysis (OBIA)-based methods, and machine
learning-based methods [4]. Template matching-based methods [5–8] are widely applied in remote sensing
field and can be further divided into two classes—rigid template matching and deformable template
matching, which involve two main steps, namely, template generation and similarity measurement [9,10].
For knowledge-based methods, the prior knowledge including geometric and contextual information is
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used to address a hypothesis-testing problem [11–13]. OBIA-based methods contain two main procedures:
image segmentation and object classification, where the appropriate segmentation scale is the key factor
influencing the performance [14]. For the machine learning methods, the following processing steps
are feature extraction, feature fusion, dimension reduction, and classifier training, respectively [3,15].
Owing to the powerful techniques in machine learning area, detection tasks can be formulated as
feature extraction and classification stages. The feature extraction stage relying on the proposals chosen
by selective search (SS) [16] usually involves extracting handcrafted features such as scale-invariant
feature transform (SIFT), histograms of oriented gradients (HOG) [17], which are widely applied in
computer vision and other image related fields. Bag of words (BoW) feature represents the image of
a scene by the collection of local regions by unsupervised learning and it has been widely used in the
geospatial object detection with excellent performance. Sparse coding based features are learned by sets
of over-completed bases to represent data with high efficiency. The subsequent classification stage mainly
deals with training a classifier such as a support vector machine (SVM) [18], conditional random fields [19],
k-nearest neighbors (KNN), and so on [20,21]. In addition to the uncertainty of human feature design and
complex time-consuming procedures, these methods divide the object detection tasks into region proposal
generation and object localization stages, which greatly influences the efficiency of the algorithm.

The popularity of deep neural networks, which are capable of hierarchical feature representation,
has enabled a highly promising method for end-to-end object detection. Owing to the rapid development
of large-scale public natural image datasets such as PASCAL VOC [22] and well-performing graphics
processing units (GPUs), the algorithms based on convolutional neural networks (CNN) have achieved
prominent success in many visual recognition tasks [23,24].

The deep learning methods for object detection can be grouped into two main streams, including
the region-based methods and the region-free (regression-based) methods. Since the region-based
convolutional neural network (R-CNN) [25] has made breakthroughs on the PASCAL VOC dataset,
the procedure consisting of the region proposal-based extractor with a detection network has become
a classical paradigm in recent years. However, these approaches such as RCNN, Spatial Pyramid
Pooling (SPP-Net) [26], and Fast-RCNN [27] are still hindered by the time consumption of the proposal
of generation procedures and detection procedure. Ren et al. [28], put forward a region proposal
network (RPN) to substitute the typical region proposal methods, which shares convolutional features
with a RPN and Fast R-CNN, and achieves end-to-end object detection. In these region-based methods,
the proposed object boxes are generated and then passed to the deep convolutional neural networks
for classification and location regression in the second stage. The other regression-based methods,
including You Only Look Once (YOLO) [29] and Single Shot Multi-Box Detector (SSD) [30], treat object
detection as a single shot problem, and directly predict bounding boxes and classification results
simultaneously. In SSD, small convolutional filters are applied to each feature map to predict box
offsets and category scores rather than fully connected layers in region-based methods. Additionally,
SSD uses multi-representation that detect objects with different scales and aspect ratios. Multi-scale
Convolutional Neural Networks (MS-CNN) [31] and Feature Pyramid Networks (FPN) [32] adopts
the multi-scale feature pyramid form and fuse the output detection in the end.

CNN’s amazing benchmark breaking records and presented innovative structure have
continuously motivated us to explore the better solutions for small, multi-scale object detection. As for
remote sensing imagery, Han et al. [33] proposed R-P-Faster R-CNN which added RPN to the original
Faster R-CNN architecture and this method has achieved higher precision than other CNN-based
models in the Northwestern Polytechnical University very high spatial resolution-10 (NWPU VHR-10)
dataset [24,34]. Another workflow tried to address the geometric modeling problem in object
detection and introduced CNN with deformable convolution layers embedded on Region-based
Fully Convolutional Networks (R-FCN) [35]. To reduce the number of false positive bounding boxes in
distorted aspect ratio, the authors also proposed aspect ratio constrained non-maximum suppression
(NMS) to eradicate false results and improve precision. The method proposed by Kang in [36] also
concatenate multi-layer features of each region proposal using region of interest (ROI) pooling before
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predicting final results in ship detection tasks. Although these region proposal based methods have
achieved promising performance and fit the geometric properties of VHR targets well, they have poor
adaptability in complex practical scenarios and are somewhat time consuming both in training and
inference stage.

To remedy the limit of the two-stage frameworks, we mainly focus on the improvement of
regression-based detection. In order to cover the shortage of small-sized object detection, experiments
have been conducted by making combination of different layers in CNN. Deconvolution single
shot detector (DSSD) [37] introduces additional context into SSD via deconvolution to improve the
accuracy. Deeply supervised object detector (DSOD) [38] designs an efficient architecture and a set of
principles to learn object detectors from scratch, also following the framework of SSD. Furthermore,
GRP-DSOD [39], a network which concatenates high-level semantic features and low-level spatial
features in a single pyramid is proposed by Shen et al. Some researchers [40] even aim to address
the extreme class imbalance problem by re-designing the loss function or classification strategies.
Although the progress made by one-stage detectors are inspiring, their ability for accurate positioning
on multi-scale objects and small objects still has a large room for improvement. Some investigations
such as [41,42] have leveraged scene context information to help object detection. Zhang et al. [43] use
semantic segmentation-aware CNN features to strengthen detection features by activation function
for natural image challenge object detection. Nevertheless, this approach only considers learning
relationship between channels and object classes in a channel-level attention while the scale information
is too restricted to enrich the semantics at higher level layers.

Based on a backbone network that generates a low level detection feature map, semantic information
from features of different level are learned in a hierarchical manner. Smaller objects are detected by lower
layers, while larger ones are detected by higher layers. However, the feature of small objects generated by
shallow layers only capture elementary visual patterns without enough semantic information. This may
affect the performance on small object detection, and the quality of coarse features from top layers would
also be impaired by the inadequate fine features from shallow layers.

To tackle the problem of restricted detection speed as well as inaccurate positioning especially for
small objects, a novel end-to-end single shot detection framework, namely, recurrent detection with
activated semantics (RDAS), is presented here for multi-class geospatial object detection from HSR
remote sensing imagery. Semantic augmentation is divided into two stages and implemented during
the whole network structure. In the first stage, a low-level detection feature map is enriched with
strong semantic meaningful information supervised by bounding-box level segmentation ground-truth.
This can be interpreted as an attention mechanism, where each channel of original low-level features
is activated by a semantic attention map. For higher level detection feature maps, a refined location
module which consists of several identical blocks is employed to enrich semantic information again
and prune out unnecessary locating information in the second stage. By seamlessly incorporated into
the SSD framework, which elegantly customizes it towards fast, accurate, single shot object detection,
RDAS results in a forceful object detector that works reliably on multi-scale and multi-orientation
objects with single input resolution.

The main contributions of this paper can be summarized as follows:

(a) Different from previous two-stage detectors for geospatial object detection in HSR images,
we build a new regression-based detection framework which can play a crucial part in complex
scenarios, detect small sized objects or objects with extremely different scales, and reduce
repetitive detection regions of densely arranged targets.

(b) We improve the traditional single shot detectors by augmented semantic information. Our thought
is achieved by developing a semantic segmentation branch to strength low-level spatial features
with more meaningful high-level semantic features, which ensures the effectiveness of segmentation
information and can be interpreted as an attention mechanism. This object regional attention greatly
suppresses background interference in convolutional features, which turns out to reduce false
detections as well as highlight challenging object patterns.
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(c) We adopt gating functions to control message transmission and enhance the representation power
of modules throughout the networks, which integrates attention from local and global view.

The proposed method with enriched semantics is evaluated on a publicly available remote sensing
object detection dataset and then compared with current state-of-the-art approaches. The experimental
results confirm our elaborate design and demonstrate the effectiveness and efficiency of our method.
With this method, objects in VHR remote sensing images will be better understood by RDAS with less
time consumption and more condensed computation resources.

The rest of this paper is organized as follows. Section 2 describes the details of the proposed
method. Section 3 presents the experiments conducted on NWPU VHR-10 dataset to validate the
effectiveness of the modified framework. Section 4 presents the analysis of the experimental results
and the discussion of the results, respectively. Finally, Section 5 concludes this paper.

2. Proposed Method

Figure 1 shows the overall architecture of RDAS. The framework is mainly composed of two
components, namely segmentation branch and the main detection branch for prediction upon multi-scale
response maps. The backbone VGG16 used in typical single shot detector acts as a sub-network for
detection in RDAS and it is represented in the upper part of Figure 1. The convolutional architecture of
the SSD is extended from the 16-layer VGGNet, by replacing the fully-connected (FC) layers fc6, fc7 with
several convolutional layers and changing pool5 from 2 × 2-s2 to 3 × 3-s1. As represented in Figure 1,
conv4_3 denotes the third convolutional operation in the fourth convolutional block and other identifiers
mean similarly, while fc7 is the last layer of VGG16 because we remove all the dropout layers and the fc8
layer. Since the early network layers are based on VGG16 used for image classification (truncated before
classification layers), the convolutional feature maps from conv6_2 to conv9_2 are added as auxiliary
structure on top of the base network. The conv4_3 up to conv9_2 indicates the detection source layers.
To augment the low level detection feature map with strengthened semantic information, a segmentation
module is introduced as shown in the lower left part of Figure 1. For the high level feature maps,
we explore an alternate direction of recalibrating the feature maps adaptively, to boost meaningful features
with activated semantics, while suppressing weak ones. In the lower right part of Figure 1, a refined
location module which contains several identical blocks called concurrent global attention blocks (CABs),
is presented to strengthen the useful feature maps from the main detection branch. Both segmentation
module and refined location module play an indispensable role of enriching semantic information and
multi-scale information incorporation is achieved in a recurrent way. The rest of this section describes the
details of the proposed method and analyzes the motivation behind our design.
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2.1. Semantic Enrichment at Low Level Layer

In a typical CNN model, convolutional features in a lower layer often focus on local image details,
while the features from deeper layer generally capture more abstracted information. The segmentation
branch was introduced to enrich sematic information at low-level detection feature layer, which was
achieved in a weakly supervised way. The low-level detection layer conv4_3 from original SSD and
segmentation ground truth from bounding-box level were taken as inputs, and a semantic oriented
feature map with the same dimension as the ground truth was generated.

Our segmentation module, identified as a green rectangular in Figure 1, was able to automatically
learn rough spatial regions of objects from the convolutional features. This semantic segmentation to
object was then directly encoded back into the convolutional features, where target-related features are
strongly strengthened by suppressing background interference in the convolutional maps, as shown
in Figure 2.
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Figure 2. The specific framework of segmentation branch attached to low level feature map. The intermediate
feature map from object detection branch (e.g., conv4_3 for SSD300) acts as the input, which generates
a semantically meaningful feature map to activate the original feature map and the output is then used in the
main branch.

Since atrous convolution [44] allows us to explicitly control the resolution at which features
responses are computed within CNNs, the dense prediction tasks such as semantic image segmentation
usually highlight this atrous convolution. We deployed this powerful operator in the segmentation
branch. It allowed us to effectively enlarge the field of visualization of filters to incorporate large
context without increasing the number of parameters or the amount of computation. Specifically,
we added five atrous convolutional layers with 3 × 3 kernel size after the input feature map X from
main branch. The first three atrous convolutional layers had a dilation rate of 2 and the last two
atrous convolutional layers had a dilation of 4. After that, another 1 × 1 convolutional layer was
deployed to generate the intermediate feature map denoted as G(X). This feature map was used to
generate segmentation prediction and provide high semantic information to strengthen the input
feature map from main branch. To this end, there were two paths linked to G(X). The first path included
a 1 × 1 convolution layer with N+1 output channels followed with a softmax layer to generate the
segmentation prediction Y. The second path took another 1 × 1 convolutional layer to generate
a semantic meaningful feature map Z, which enjoys the same output channel number with that of X.
After that, we activated the feature map from main branch by element-wise multiplication. All these
layers were elaborately designed to ensure the size of feature maps was invariable.

As shown in Figure 2, we gave a mathematically definition of the segmentation branch. Let X ∈ RC×H×W

be the low level detection feature map from the main detection branch, C,H,W represents the channel number,
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the height and width of the feature map respectively. The weak annotation G ∈ {0,1,2, . . . N}H×W means the
segmentation ground truth where N is the number of classes in the dataset. The segmentation branch predicts
the per-pixel class assignment where:

Y = F(G(X)) (1)

satisfying:
N

∑
c=0

Yc,h,w = 1, Y ∈ [0, 1](N+1)×H×W (2)

G(X) ∈ RC′×H×W is the intermediate result which will be further used to generate the output
local activation feature map Z:

Z = H(G(X)) ∈ RC×H×W (3)

This sematic meaningful feature map Z is then used to strengthen the original low level detection
feature map X by element-wise multiplication: X′ = X� Z = X� H(G(X)).

In this way, the semantically strengthened low level detection feature map will contain both basic
visual patterns and high level semantic information. The proposed segmentation branch is formulated
in an unified framework which is trained end to end by allowing for computation back propagations
through all layers.

As for the problem of generating segmentation ground-truth given the object bounding boxes,
we denoted this segmentation ground-truth as SG and ensure it has the same resolution as the input of
segmentation branch. This strategy guarantees that there is only one class to be distributed to each
pixel in SG. For a pixel SGhw locates within a bounding-box on an image patch I, we assigned the label
of the bounding box to SGhw. If this pixel was located in more than one bounding boxes, the label of
the bounding box with the smallest size was chosen as the class of the pixel. Otherwise, if it did not
locate in any bounding box, we assigned it to the background class.

2.2. Semantic Activation at Low Level Layer

Motivated by the goal of guaranteeing that our detection network could adaptively filtrate the
representative scales for objects with different sizes, we proposed to introduce a two-level attention
mechanism and broadcasted identity mapping principle to enrich the semantic information of each
prediction layer. This ingenious design was partially inspired by SENets [45], which showed the best
performance in the ILSVRC 2017 classification challenge. In this way, the useful features in a suitable
resolution would be intensified and less useful ones would be weakened correspondingly. The block in
the refined location module called CAB, consisted of two main stages that could be seen as an effective
gating mechanism which combined attention both locally and globally. Figure 3 shows a diagram of
our structure.
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As the previously introduced SE block only excited channel-wise, which proved to be effective
for classification, we introduced variants of SE blocks for object detection. Considering the pixel-wise
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spatial information is more representative for object detection, we introduced another SE block,
which squeezed along the channels and excited spatially. Finally, we proposed the introduction of
concurrent attention blocks that recalibrated the feature maps to be informative both channel-wise and
spatially. The two SE blocks were integrated into CAB and we explained it in two parts: concurrent
attention with channel-level, and global-level and identity mapping.

For the upper branch part in Figure 3, the Squeeze and Excitation block [45] was applied in
our structure as channel level attention, which consisted of: (i) a spatial pooling stage Fsp for global
information embedding; and (ii) an excitation stage Fex for channel-wise recalibration. In this way the
channel-level will output feature map as:

X′ = Fex(Fsp(X)) (4)

Formally, given the input feature map X ∈ RC×H×W , the spatial pooling stage will produce
a vector Z ∈ RC calculated by:

zc = Fsp(xc) =
1

w× h

w

∑
i=1

h

∑
j=1

xc(i, j) (5)

where zc is the c-th element of z.
The excitation stage is composed of two fully-connected layers with different dimensions of

output plus a sigmoid activation.
This can be seen as a gating mechanism to limit the model complexity and aid generalization,

so a dimensionality-reduction layer with parameters W1 with reduction ratio r and a dimensionality-increasing
layer with parameters W2 are produced. Then, we can express the excitation stage as:

e = Fex(z) = sigmoid(W2δ(W1z)) (6)

where δ refers to the ReLU function, W1 ∈ R C
r ×C and W2 ∈ RC× C

r . Here, we choose r = 16.
Then, we can express:

X′s = Fscale(X′) = ec · xc = e⊗ X (7)

where ⊗ denotes channel-wise multiplication.
While our global attention in the bottom branch in Figure 3 takes the feature map X as the input,

and different from the upper branch, we squeeze the feature map along the channels and excites
spatially. The modified excitation stage can be denoted as:

Here, we considered an arbitrary slicing of the input tensor Xc = [x1,1, x1,2, . . . , xi,j, . . . , xH,W],
where xi,j ∈ R1×1×C corresponding to the spatial location (i,j) with i ∈ {1,2, . . . , H} and j ∈ {1,2, . . . ,W}.
The spatial squeeze operation is achieved by a convolution with weight W3 ∈ R1×1×C×1, generating a projected
tensor q ∈ RH×W. Each element of the projection represents the linearly combined representation for all channesl
C for a global location (i,j) in the channel-wise attentioned feature map X′s. This projection can then be passed
through a sigmoid layer to rescale activations to [0,1]. Finally, the global-level attention used to excite X′s can be
calculated by:

Hs = F′scale(X′s) = sigmoid(W3X′s) (8)

In the stage of broadcasted identity mapping, addition operation [46] Fresidual is used to obtain the
final outputs:

XO = Fresidual(X, Hs) = X⊕ Hs (9)

where ⊕ denotes the element-wise addition.
The final combined feature map XO contains both fundamental visual patterns and high level

semantic information. All these layer are well-designed to guarantee the size of feature maps unchanged.
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Since the semantic information from higher level detection layers was already inherited from
previous layers, it was not necessary to adopt the segmentation branch for higher layers. Moreover,
the small resolution of coarse features made it harder to do the segmentation task on them. Due to the
above reasons, we employed an unambiguous refined location module, to strengthen the semantic
information of feature maps from fc7 to conv9_2 in a recurrent fashion.

The refined location module was shown in the right lower part of Figure 1, which included
several identical global attention blocks. Those blocks were attached at each object detection source
layers in the detection branch. As illustrated in Figure 3, concurrent attention blocks can learn the
relationship between channels and object classes, by recalibrating the input feature map both spatial
and channel-wise information. In this way, the refined location module encouraged the network to
learn more representaive feature maps, thus making the final location of bounding boxes more accurate.

2.3. Multi-Task Training

The modified feature maps obtained by semantic activation can be fused to train our newly
presented detector. Similar to the principle in SSD, two 3 × 3 convolutional layers are added on top
of the feature maps of detection branch to obtain the classification scores and bounding box results.
The original object detection loss function Ldet can be represented as:

Ldet({ci}, {ti}) = ∑i Lm(ci, l∗i ) + ∑i [l
∗
i ≥ 1]Lr(ti, g∗i ) (10)

where i is the index of default box in a mini-batch, and ci and ti are the predicted object category and
coordinates of the bounding box being processed by CAB. l∗i means the ground truth class label of
default box i, g∗i is the ground truth location and size of the default box. The multi-class classification
loss Lm means the softmax loss over multiple classes confidences and the smooth L1 loss Lr represents
the regression loss similar to that in Fast R-CNN [27]. The Iverson bracket indicator function [l∗i ≥ 1]
outputs 1 when the condition is true, and 0 otherwise.

For segmentation branch, we introduce another cross-entropy loss function Lseg which is denoted as:

Lseg(I, Gs) = − 1
HW ∑

h,w
log(YGs

h,w ,h,w) (11)

where Y ∈ [0, 1](N+1)×H×W is the segmentation prediction.
By adding the new segmentation loss in conjunction with the original detection loss function,

the final object function we are optimizing is defined as:

L(I, Gs, ci, ti) = Ldet({ci}, {ti}) + αLseg(I, Gs) (12)

where α is a parameter to tradeoff between the task of segmentation and detection.
Current one-stage methods rely on one-step regression and use various feature maps with different

scales to predict the locations and sizes of objects, which is rather inaccurate in some challenging
scenarios especially for small scaled objects. To this end, we supposed to use semantic information
and then modify the original feature layers in the detection branch. That is, CAB provided better
initialization for the final regression. Specifically, we associated n anchor boxes with each regularly
divided cell on the feature map. The initial position of each anchor box relatively to its corresponding
cell was fixed. Processed by CAB, the corresponding feature maps were passed to generate specific
object categories and accurate object locations and sizes. This procedure was similar to the default
boxes used in SSD. Instead of directly using the regularly tiled default boxes for detection, CAB takes
the initial anchor boxes as input for further detection, leading to more precise detection results.
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3. Dataset and Experimental Settings

3.1. Dataset Description

Nowadays, many datasets are published for researchers to compare the performance of various
deep learning based methods and conduct further investigations in remote sensing imagery. However,
obvious drawbacks do exist. On the one hand, the annotations of the objects in these datasets are
difficult to obtain, which restricts the potential of CNN owing to the requirements of large-scale
training samples. Furthermore, datasets are constrained as certain types of objects such as airplanes,
ships or vehicles, but the diversified benchmark for remote sensing imagery has not been established.

In our work, the performance of the proposed approach was tested on a multi-class object detection
benchmark: NWPU VHR-10 dataset proposed in prior studies [33,34]. The NWPU VHR-10 dataset [47] contains
multi-source and multi-resolution object detection imagery, which not only includes optical remote sensing
images, but also includes pan-shaped color infrared images. In addition, there are 800 optical remote sensing
images, where 715 images were obtained from Google Earth Pro with spatial resolutions from 0.5 m to 2.0 m,
and 85 pan-sharpened color infrared images were acquired from the Vaihingen data with a 0.08 m spatial
resolution. Meanwhile, the NWPU VHR-10 dataset contains 650 annotated images, with each image containing
at least one target to be recognized. The comprehensive object types covered airplane, ship, storage tank, baseball
diamond, tennis court, basketball court, ground track field, harbor, bridge, and vehicle. For the positive image
set in VOC 2007 formula, 757 airplanes, 302 ships, 655 storage tanks, 390 baseball diamonds, 524 tennis courts,
150 basketball courts, 163 ground track fields, 224 harbors, 124 bridges, and 477 vehicles were manually annotated
with rectangular bounding boxes, and were utilized as the ground truth. For the fair comparison with baseline
method, the split ratios of the training, validation and testing dataset were set to 20%, 20%, and 60%, respectively.
Then, 130, 130, and 390 images from the positive section in the NWPU VHR-10 dataset were randomly selected
to fill the three subsets.

3.2. Evaluation Indicators

To quantitatively evaluate the performance of various object detectors, we applied the widely
utilized evaluation indicators of average precision (AP) and precision-recall curve (PRC), which are
prevalent and extensively adopted for the object detection framework.

3.2.1. Average Precision

As usually defined, the AP computes the average value of the precision over the interval ranging
from recall = 0 to 1, also known as the area under the PRC. Mean AP (mAP) computes the average
value of AP over all object categories. Since most papers recognize higher AP as the sign of benchmark
breakthrough, the higher the AP, the better the performance.

3.2.2. Precision-Recall Curve

PRC is calculated from four frequently used evaluation components in information retrieval,
true positive (TP), false positive (FP), true negative (TN) and false negative (FN). The precision
indicator measures the proportion of detections that are TP, while the recall indicator generates
the the percentage of positives that are correctly identified. On the basis of these four components,
the precision and recall indicators are defined as follows:

Precision =
TP

TP + FP
(13)

Recall =
TP

TP + FN
(14)

If the area overlap ratio between the predicted bounding box and the ground-truth bounding
box is larger than 0.5, the proposed detection map will be considered to be a TP; otherwise, it will be
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determined as a FP. Additionally, if several proposals overlap with the same ground-truth bounding
box, only the one with maximum overlap is considered as a TP, and the others are considered as FN.
Generally speaking, the value of precision and recall are inversely related.

3.3. Baseline Method

The performance of the proposed algorithm was compared with both the handcrafted feature
based methods of the BoW feature [48], spatial sparse coding BoW (SSCBoW) [49], Fisher discrimination
dictionary learning (FDDL) [50], the collection of part detectors (COPD) [51] method, and the
deep learning feature based methods such as transferred CNN [34], newly trained CNN [34],
rotation-invariant CNN (RICNN) with or without fine-tuning [34], R-P-Faster R-CNN proposed
in [33] and Multi-Scale CNN proposed in [52].

3.4. Implementation Details

Single-Shot detectors integrated with semantics and comparison models were implemented using
the open source Caffe framework [53] and executed on a 64-bit Ubuntu 16.04 computer with CPU Intel(R)
Core(TM) i7-6770K @4.00 GHz× 8 and GeForce GTX1080 GPU with 8 GB memory CUDA8.0 cuDNN5.0.

Our detection network was trained end-to-end by using the mini-batch stochastic gradient descent
algorithm, where the momentum was fixed to be 0.9 and the weight decay was set to be 0.0005.

To validate the effectiveness of our proposed network, we adopted the backbone network VGG16
to ensure a reasonable comparison as applied in [33,34] for NWPU object detection. The pre-trained
SSD model is utilized to initialize the parameters of conv5_1, conv5_2, conv5_3, fc6 and fc7 in the
main detection branch while the rest layers of the segmentation branch are initialized by Xavier
initialization [54]. For the SSD model, the parameters were set the same as the proposed method.
The learning rate (lr) is initialized to 0.0005, with a step strategy of γ = 0.2 and the step size N = 25,000.
The total iteration number of the proposed method was set 75000. For both RDAS with or without
segmentation branches, we used aspect ratios of the default boxes as: [2], [2,3], [2,3], [2,3], [2], [2] for
multi-scales of predictions.

4. Results

Experiments on enriched semantics strategies verified the effectiveness of the proposed method in
remote sensing object detection, especially in the detection of small-sized targets and densely packed
objects. Visualization of the objects detected by the proposed approach in NWPU VHR-10 dataset
is shown in Figure 4. The predicted bounding boxes which match the ground truth bounding boxes
with Intersection-over-Union (IoU) > 0.5 are plotted in different colors according to the categories.
From Figure 4, the newly presented detector could generate satisfactory bounding boxes that covered
most of the targets even when recognizing orientation variant targets or densely arranged objects
such as storage tanks, tennis courts, and especially harbors. Besides, the detection performance for
extremely small scales objects, like ships in Figure 4b and vehicles in Figure 4j was also promising.
Unlike general SSD, which produces a plethora of bounding boxes with low IOU and confidence
scores by multi-scale prediction, our method could exclude most of the false bounding boxes and
suppress some false alarms by refined location module. Although our detectors could cover most
objects, there still existed a small number of overlapped bounding boxes which had a large intersection
with others, as shown in Figure 4h where harbors were closely aligned.
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Figure 4. Visualization of some object detection examples by recurrent detection with activated semantics
(RDAS) in the NWPU VHR-10 dataset. Detection results such as (a) airplanes; (b) ships; (c) storage
tanks; (d) baseball diamonds; (e) tennis courts; (f) basketball courts; (g) ground track fields; (h) harbors;
(i) bridges; (j) vehicles are displayed. The numbers on the bounding boxes denote the confidence score for
each object category.

To explicitly analyze the superiority of our detector, we displayed ships, storage tanks, vehicles,
basketball courts, and baseball diamonds detected by applying SSD, improved methods based on
SSD, and our method in Figure 5. As shown in Figure 5a,d,g,j, only a small fraction of objects with
extremely small sizes were detected by SSD. Nevertheless, the improved single-shot stage based
methods indeed detected more small scaled targets to some extent, while the remaining parts were still
omitted. The newly presented method resulted in a better performance in the given scenes. Not only
small-sized targets such as ships and closely aligned targets such as storage tanks and tennis courts are
successfully detected, but also a basketball court arranged around the tennis court was well detected
in Figure 5l. All the amazing results benefited from the segmentation branch and attention mechanism
used to enrich the semantic information.
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methods and our method. The first column denotes the results of SSD; the second column represents
the results of improved SSD; the third column means the results of our method. (a–l) are the results of
ships, storage tanks, vehicles and tennis courts respectively.

The method of enriching semantics at higher level layer proposed in [43] only introduces channel-level
attention while spatial information also counts in the task of object detection. For the purpose of validating
the effectiveness of two-level attention mechanism introduced in the CAB module, we demonstrate the
experimental results using the segmentation branch combined with channel-level attention and two-level
attention, respectively. In Figure 6a, for one object with irregular shape, more than one bounding box was
predicted to locate the target if we applied channel-level attention; nevertheless, the redundant bounding
boxes were eliminated by two-level attention. As for the false alarm displayed in Figure 6c, the margin of
the river was mistaken as a bridge while it was suppressed in our method.
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Figure 6. Detection results using a method with channel-level attention and a two-level attention
mechanism. The first column denotes the results of segmentation branch combined with channel-level
attention; the second column represents our method with two-level attention mechanism. (a–d) denote
the results of harbors and bridges respectively.
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In the following subsection, quantitative and qualitative analysis will be presented to evaluate
the performance of the SSD with enriched semantics.

4.1. Quantitative Evaluation of NWPU VHR-10 Dataset

To validate the effectiveness of the proposed method, object detection experiments are divided
into methods based on traditional or region-based approaches and regression-based approaches.
In Tables 1 and 2, we display the quantitative comparisons measured by AP values from two main
stream methods, respectively. The best AP value of each category is bold in Table 2. Table 3 shows
the average running time per image of some methods. The recall rate value is displayed in Figure 7.
In review of some region-based methods, the RICNN [34] with fine-tuning method uses AlexNet
pre-trained on ImageNet. Apart from the Zeiler and Fergus (ZF) model, the R-P-Faster R-CNN used the
VGG16 training mechanism, which contains single fine-tuning and double fine-tuning. The deformable
R-FCN with arcNMS was fine-tuned on the ResNet-101 ImageNet pre-trained model. The Multi-Scale
CNN initializes the parameters with VGG16 by the model pre-trained on ImageNet. As shown in
Table 1, the application of multi-scale strategy in region-based method has shown a superior high
average precision value. From Table 2, among all the single-shot stage based methods, the proposed
RDAS, once fine-tuned on the VGG16 ImageNet pre-trained model, obtained the amazing performance
and pushes the benchmark into 89.5%, which is slightly lower than the best result in the region-based
method while greatly cuts down the processing time. Although some innovative methods such as
DSSD, DSOD, GRP-DSOD have achieved surprising improvement on the whole, there still exists some
weakness in performances when compared to the newly presented method as indicated in Table 2.
After segmentation branch was added to the recurrent detection with activated semantics, the APs
among all the objects all increased, including basketball court (0.844 to 0.948), harbor (0.759 to 0.826),
bridge (0.738 to 0.772), and vehicle (0.808 to 0.865) are all increased. Compared with the region-based
method, the APs of ship, ground track field as well as harbor still can be boosted by further strategies.
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Table 1. The AP (Average Precision) values of traditional and region-based methods.

BoW SSC BoW FDDL CPOD Transferred
AlexNet

Newly Trained
AlexNet

RICNN without
Fine-Tuning

RICNN with
Fine-Tuning

R-P-Faster
R-CNN (ZF)

R-P-Faster R-CNN
(Single) (VGG16)

Deformable R-FCN
(ResNet-101) with arcNMS

Multi-Scale
CNN

Airplane 0.025 0.506 0.292 0.623 0.661 0.701 0.860 0.884 0.803 0.906 0.873 0.993
Ship 0.585 0.508 0.376 0.689 0.569 0.637 0.760 0.773 0.681 0.762 0.814 0.920

Storage tank 0.632 0.334 0.770 0.637 0.843 0.843 0.850 0.853 0.359 0.403 0.636 0.832
Baseball diamond 0.090 0.435 0.258 0.833 0.816 0.836 0.873 0.881 0.906 0.908 0.904 0.972

Tennis court 0.047 0.003 0.028 0.321 0.350 0.355 0.396 0.408 0.715 0.797 0.816 0.908
Basketball court 0.032 0.150 0.036 0.363 0.459 0.468 0.579 0.585 0.677 0.774 0.741 0.926

Ground track field 0.078 0.101 0.201 0.853 0.800 0.812 0.855 0.867 0.892 0.880 0.903 0.981
Harbor 0.530 0.583 0.254 0.553 0.620 0.623 0.665 0.686 0.769 0.762 0.753 0.851
Bridge 0.122 0.125 0.215 0.148 0.423 0.454 0.585 0.615 0.572 0.575 0.714 0.719
Vehicle 0.091 0.336 0.045 0.440 0.429 0.448 0.680 0.711 0.646 0.666 0.755 0.859

Mean AP 0.246 0.308 0.245 0.546 0.597 0.618 0.710 0.726 0.702 0.743 0.791 0.896

Table 2. The AP (Average Precision) values of single-shot stage based methods.

SSD300
(VGG16)

SSD512
(VGG16)

DSSD321
(ResNet101) DSOD300 GRP-DSOD300 RDES300 without

Segmentation Branch

RDES300 with
Segmentation

Branch (VGG16)

RDAS512 without
Segmentation

Branch

RDAS512 with
Segmentation

Branch (VGG16)

Airplane 0.958 0.904 0.865 0.816 0.827 0.998 0.996 0.989 0.996
Ship 0.784 0.609 0.654 0.580 0.628 0.700 0.801 0.827 0.855

Storage tank 0.855 0.798 0.903 0.853 0.892 0.897 0.883 0.902 0.890
Baseball diamond 0.899 0.899 0.896 0.866 0.901 0.908 0.948 0.924 0.950

Tennis court 0.894 0.826 0.851 0.847 0.878 0.895 0.896 0.875 0.896
Basketball court 0.829 0.806 0.804 0.816 0.809 0.818 0.884 0.844 0.948

Ground track field 0.012 0.983 0.782 0.833 0.798 0.791 0.807 0.957 0.953
Harbor 0.688 0.734 0.705 0.785 0.821 0.705 0.716 0.759 0.826
Bridge 0.702 0.767 0.682 0.689 0.812 0.732 0.741 0.738 0.772
Vehicle 0.819 0.521 0.742 0.589 0.613 0.851 0.858 0.808 0.865

Mean AP 0.744 0.784 0.788 0.790 0.798 0.830 0.853 0.862 0.895

Table 3. Computation time comparisons for different detection methods.

BoW SSC
BoW FDDL CPOD Transferred

AlexNet

Newly
Trained
AlexNet

RICNN with
Fine-Tuning

R-P-Faster
R-CNN (ZF)

R-P-Faster
R-CNN
(Single)

(VGG16)

Deformable
R-FCN

(ResNet-101)
with arcNMS

Multi-Scale
CNN

SSD512
(VGG16)

RDAS512 without
Segmentation

Branch

RDAS512 with
Segmentaion

Branch (VGG16)

Average running time per
image (second) 5.32 40.32 7.17 1.06 5.24 8.77 8.77 0.005 0.155 0.201 0.11 0.061 0.054 0.057
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Figure 7. Quantitative evaluation results measured by recall rate for all 10 object categories. (1. airplane;
2. ship; 3. Storage tank; 4. Baseball diamonds; 5. Tennis court; 6. Basketball court; 7. Ground track
field; 8. Harbor; 9. Bridge; 10. Vehicle; and 11. Average.) The number on the bars denote the recall
rates for each object category. (a) The blue bar means the recall value obtained with the ZF model
for fine-tuning. The red one means the recall value obtained with the VGG16 model for fine-tuning.
(b) The red bar denotes the recall value obtained with SSD512 with the VGG16 model for fine-tuning.
The blue one means the recall value obtained with our proposed method.

Except the above evaluation indexes, we also take the computational efficiency as an important
factor for evaluating the performance of the proposed algorithm. To quantitatively evaluate the
inference speed, we run RDAS, SSD, as well as some other competitors on our machine to compare the
speed fairly and Table 2 shows the average running time of all previous approaches. From the results
in Table 2, it can be confirmed that our method can achieve a relatively high average precision without
large time consumption.

For object detection in remote sensing, the running time per image of RDAS was slightly slower
than the VGG16-based SSD given its additional modules while it is faster than the two-stage detectors.
Figure 7 demonstrates the recall values of Faster R-CNN fine-tuned with ZF and VGG16 model,
the VGG16-based SSD and the proposed RDAS, which achieves an overall recall rate of 0.9367.
From the overall view, it can be concluded that the recall value of the proposed one-stage detector
with enriched semantics based on VGG16 is higher than the original SSD under the same training
conditions. Compared with region-based methods such as Faster R-CNN, the recall values of tennis
court, basketball court, ground track field, and vehicle were escalated by at least 0.1 on average.
In Figure 7, it can be seen that the classes of airplane, baseball diamond, tennis court, ground track
field and vehicle can obtain high recall values of greater than 0.95; however, the classes of harbor
and bridge presents worse recall values. Furthermore, to balance the trade-off existing between
precision and recall, the following PRC explains the limitation of evaluating the performance of
various CNN architectures.
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4.2. PRC Evaluation of NWPU VHR-10 Dataset

For object detection approaches, PRC acts as one of the elementary indicators of robustness and
effectiveness. The precision vector generated in experiments is measured on the y-axis and the recall
rate on the x-axis. The curve at the top of the PRCs indicates a better performance. In this paper,
we focused on the single-shot based detector and the improved version, i.e., SSD512, RDAS without
segmentation branch and RDAS trained on VGG16 with an optimized hyper-parameter. Figure 8
shows the PRCs of these three methods as well as the traditional comparison methods. From Figure 8,
we can conclude that our RDAS achieves the best recall for all classes since this detector could produce
more precise anchor boxes which cover most objects. In particular, the recall rates of small objects
like airplanes, storage tanks and vehicles increase more than other objects, which further validate the
effectiveness of our method for small object detection. Considering another indicator, it is seen that
most of the classes in RDAS achieve higher precision than SSD and traditional methods especially in
detecting baseball diamonds, tennis courts and ground track fields. Nevertheless, for ships, bridges,
harbors and basketball courts, RDAS requires improvement. Moreover, the segmentation branch was
proved effective in elevating the AP value by preventing PRC from decreasing.
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Figure 8. PRCs (Precision Recall Curves) of three single-shot based object detection approaches, as well as
the comparison methods. PRCs of the ten class objects in NWPU VHR-10 are displayed in (a–j), respectively.

By jointly analyzing the AP values, the recall rate and the PRCs, it can be drawn that the proposed RDAS
algorithm displays a superior detection performance especially for small scaled objects and geometrically
variant objects such as ships, bridges and baseball diamonds. We also confirmed our intuition that the
performance can be further boosted by the addition of segmentation branch, and introducing high level
semantic knowledge to the early stage of the detection network can contribute to a stronger object detector.

5. Conclusions

In this paper, a novel single-shot detector named Recurrent Detection with Activated Semantics
(RDAS) structure is presented for addressing the small-scaled object fast detection problem in VHR
remote sensing imagery. Since low level detection feature maps usually lack high level semantic
information, a segmentation branch is introduced to provide semantic-related and class-aware features
to activate and adjust the original feature map utilized in the detection branch. We also deploy the
concurrent attention block to combine context information both locally and globally and enhance the
representation power throughout the network. Considering the complex distribution of geospatial
objects and the low efficiency of the current two-stage based detection methods for HSR remote sensing
imagery, the robust properties of segmentation branch and concurrent attention blocks are considered
and combined in the original SSD object detection As the original feature map from standard SSD
is substituted by recalibrated ones, this modified version is capable of detecting small objects under
a more complicated visual appearance.

Our workflow was experimented using the NWPU VHR-10 dataset. The quantitative evaluation
results indicate that the proposed SSD with enriched semantic information approach excels
state-of-the-art benchmarks for object detection in both accuracy and speed. A detailed investigation
confirmed that the added segmentation module attached at low-level feature map shows better
performance for geometrically diverse objects such as baseball diamond, bridge and vehicle, and it
can be easily applied in existing two-stage frameworks or single shot object detectors with stronger
backbone network. In our future work, a more effective and accurate object detection architecture will
be considered for HSR imagery geospatial object detection.
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