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ABSTRACT With the widespread application of drone in commercial and industrial fields, drone detection
has received increasing attention in public safety and others. However, due to various appearance of small-
size drones, changeable and complex environments, and limited memory resources of edge computing
devices, drone detection remains a challenging task nowadays. Although deep convolutional neural net-
work (CNN) has shown powerful performance in object detection in recent years, most existing CNN-based
methods cannot balance detection performance and model size well. To solve the problem, we develop a
drone detection network with tiny iterative backbone named TIB-Net. In this network, we propose a structure
called cyclic pathway, which enhances the capability to extract effective features of small object, and integrate
it into existing efficient method Extremely Tiny Face Detector (EXTD). This method not only significantly
improves the accuracy of drone detection, but also keeps the model size at an acceptable level. Furthermore,
we integrate spatial attention module into our network backbone to emphasize information of small object,
which can better locate small-size drone and further improve detection performance. In addition, we present
massive manual annotations of object bounding boxes for our collected 2860 drone images as a drone
benchmark dataset, which is now publicly available1. In this work, we conduct a series of experiments on our
collected dataset to evaluate TIB-Net, and the result shows that our proposed method achieves mean average
precision of 89.2% with model size of 697.0KB, which achieves the state-of-the-art results compared with
existing methods.

INDEX TERMS Drone detection, tiny iterative backbone, TIB-Net, cyclic pathway, spatial attention, drone
benchmark dataset.

I. INTRODUCTION
With the rapid development of drone technology, more and
more drones have been utilized for commercial and other
purposes, which threaten public safety and air traffic to
some extent [1]. Therefore, the issue of drone detection has
received considerable critical attention in recent years, which
aims to detect drone at the early phase when the drones only
occupy less than 1% area of each image.

In previous studies, most object detection methods like
HOG [2], SIFT [3], SURF [4], et al. extract handcrafted
features for object detection. However manually designed
features are not robust enough to handle complex situa-
tions like various shapes and scales of drones, changeable
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illumination condition [5]–[7]. Therefore, the overall detec-
tion performance of these methods is not acceptable in
practical applications.

In the past few years, some CNN-based object detec-
tion methods show powerful performance in object detec-
tion. Compared with the traditional methods, the CNN-based
methods can extract much richer high-level representation
features by transmitting feature maps through a series of
alternating network layers, which promote the development
of object detection greatly. Most of these CNN-based meth-
ods like Faster-RCNN [8], YOLOv3 [9], and SSD [10] have
achieved state-of-the-art results on some common object
detection benchmarks, such as PASCAL VOC [11], MS
COCO [12], and so forth. However, these methods are mainly
designed to handle multi-scale object detection, therefore
their network architecture may not take full advantage of the
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FIGURE 1. The statistics about drone size in our collected dataset which
contains 2860 images.

object semantics information captured by low-level feature
maps, which is especially significant to drone detection task.
In addition, these popular methods suffer from large model
files (larger than 10Mb) to store model parameters, which is
redundant to solve drone detection task and introduce extra
financial costs.

Recently, Yoo et al. proposed a novel efficient backbone
network named Extremely Tiny Face Detector (EXTD) [13],
which achieves comparable performance with much less
parameters by adjusting network architecture in an iterative
way. The EXTD is especially fitted to capture small-size
faces and can solve the problem of excessive parameters,
which ultimately achieved comparable performance to other
popular methods when handling faces with various scale and
conditions. In our extensive research, the above-mentioned
method can be directly applied to detect drones as well,
since drone detection shares similarities with face detec-
tion to some extent, especially both tasks are one-class
detection task and have model size requirements. However,
most small-size objects in our collected images are much
more blurred than theirs, and the original EXTD cannot
handle them well. Therefore, we make further efforts to
improve detection performance, especially when the drones
are blurred or extremely small. Note that the size of object
is defined as the object’s bounding box area by default in
this paper. Generally, the information from the appearance
of drone is not sufficient, because the size of drones in our
dataset is much smaller than other common objects, and most
of the drones occupy less than 0.1% area of each image
(1920 × 1080 pixels), as shown in Figure 1. To address the
problem, we consider transmitting more low-level feature
information into the deep layer of feature extraction network.
However, the detailed information diminishes gradually as
the network getting deeper, hence, the key point to handle
small object detection task is to maintain as much low-
level feature as possible while keeping the high-level feature

fully extracted. To achieve a balance between them, we pro-
posed a structure called cyclic pathway and integrate it into
the iterative network-sharing backbone of EXTD, so that the
network can fully utilize information from different levels of
the network, and then further improve the performance of
extreme small object detection.

Besides the sufficiency, the effectiveness and the quality
of information extracted by network is equally important to
drone detection. Considering that drones occupy little area
in images, the noise from background is more likely to
bring serious interference into feature extraction process, and
deteriorate detection performance in the end. To filter out
the redundant information from feature maps, we consider
utilizing spatial information in raw image data, and induce the
network to learn where to pay attention. Therefore, we inte-
grate spatial attention module into part of the convolutional
blocks in network to enhance the ability of capturing spatial
information, and to improve the efficiency and accuracy of
drone detection ultimately.

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

(1) We propose a detection network with tiny iterative
network named TIB-Net for drone detection, and the net-
work integrates with cyclic pathway structure to obtain more
texture and contour information, which can significantly
improve the accuracy of drone detection, especially to small-
size drone.

(2) To further improve the accuracy of TIB-Net, we embed
spatial attention module into part of the convolutional blocks
of TIB-Net. The spatial attention module can weaken the
redundancy and the noise by enhancing the utilization of spa-
tial information, and it improves the detection performance
with little extra cost.

(3)We collect massive drone images in real-world environ-
ment and construct a practical drone dataset, which provides
a benchmark to evaluate the performance of various drone
detection method.

The rest of the paper is organized as follows. Related works
about object detection is shown in Section II. The details
of our method are presented in Section III. In Section IV,
the experiments and the analysis of experimental results are
reported. Finally, the summary is given in Section V.

II. RELATED WORK
In this section, we first introduce some deep learningmethods
for object detection. Furthermore, lightweight backbones for
deep neural network are introduced as well. At last, we ana-
lyze attention mechanism in the field of computer vision.

A. FROM COMMON OBJECT DETECTION TO
DRONE DETECTION
Due to the powerful learning ability and advantages in deal-
ing with occlusion, scale transformation, and complex back-
ground, deep learning-based methods for common object
detection has been a hot topic in recent years. Two-stage
detectors like models in the R-CNN family [8], [14]–[16]
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generate a set of regions proposal first, and then classifies the
region candidates. TheYOLO family [9], [17], [18] ofmodels
is a series of one-stage models designed for fast real-time
object detection, which regards object detection as a single
regression problem. These methods generate bounding box
coordinates and class probabilities based on image pixels.
SSD [10] is another excellent one-stage real-time detector,
which takes one single shot to detect multiple objects within
the image. Considering the extreme imbalance problem in
one-stage detector, RetinaNet [19] was proposed with the
focal loss. To overcome the problem in multi-scale object
detection, Lin et al. proposed feature pyramid networks
(FPN) [20] to detect objects of different sizes in an image.

With the widespread use of drone and the extensive growth
of public safety attention, more and more scholars focus
their research on drone detection, which has its particular
characteristics compared with common object detection, such
asmost drones are too small to capture effective and sufficient
features. In early studies, most methods detect drones by
radar system, but there exist some limitations [21], such as
some hardware is insensitive to low speed drone targets at a
long distance. Thus, the methods based on computer vision
have been proposed increasingly in recent years. In former
stage of these methods, handcrafted features were widely uti-
lized. Dong and Zou proposed a drone detection method with
online feature classification based on HOG [22]. Wu et al.
proposed a detection algorithm based on saliency map, which
integrates the object detection and tracking into a dynamic
Kalman model [23]. Due to the powerful ability of fea-
ture extraction and excellent performance of deep learning,
more and more CNN-based methods were applied to pro-
cess drone detection task. To make use of temporal informa-
tion from a sequence of frames, Rozantsev et al. combined
CNN and motion compensation algorithm together to deal
with complex outdoor environments [24]. Aker and Kalkan
adapted original YOLOv2 network, and proposed a novel
data augmentation algorithm to create an extensive artificial
dataset [25]. Hu et al. improved original YOLOv3 method
and applied it to drone detection task. As a result, the
approach eventually improved the accuracy of drone detec-
tion while ensuring the detection speed [26].

B. FROM COMMON BACKBONES TO
LIGHTWEIGHT BACKBONES
There are many distinct backbones of convolutional neural
networks (CNNs), which can extract much abstract high-
level feature from images. VGGs [27] are a classic practi-
cal backbone, which has basic capacity to extract abstract
features. He et al. proposed ResNet [28] with the intuition
that each layer should contain the residual structure as one of
its components. In GoogLeNet [29], Inception module was
heavily used to handle multiple objects scales better with
fast processing speed. NASNet [30] and EfficentNet [31] are
also proposed to constructmore effective backbone. Recently,
Liu et al. proposed CBNet [32], which adopts multi-branch
parallel backbone with iteratively feeding the output features

of the previous backbone to improve performance. However,
all these feature extraction backbones not only afford a large
quantity of parameters that make model size burdensome, but
also cause the high computational cost.

In consideration of the limited computing and storage
resources, more lightweight feature extraction backbones are
designed gradually. The SqueezeNet [33] utilize 1×1 (point-
wise) filter instead of 3 × 3 filter even in bottleneck layer.
The MobileNet family [34], [35] adopts depthwise separable
convolutions to handle the trade-off between accuracy and
latency. In addition, the ShuffleNets [36], [37] apply point-
wise group convolution and channel shuffle operation in the
network architecture to decrease model complexity. To fur-
ther reduce the parameter size, Yoo et al. proposed EXTD
network [13], which generates the feature maps by iteratively
reusing a shared lightweight and shallow backbone network.
As a result, the generated model contains an extremely small
number of parameters. In this iterative way, the semantic
information can spread throughout the entire network. In our
research, we can further improve the detection accuracy of
small object by enhancing low-level information in network.

C. ATTENTION MECHANISM IN COMPUTER VISION
Based on the ideal of increasing representation power by
focusing on important features and suppressing unnecessary
ones, some scholars have explored the ways to utilize the
attention mechanisms to improve network performance in the
field of computer vision.

To assign the capacity of network across different por-
tions of the input data, Almahairi et al. proposed Dynamic
Capacity Network [38], which utilizes coarse model based
on spatial attention to locate regions of interest, and then
refines the region by fine model. In this way, the network can
focus more on the important regions of the input. In addition,
Wang et al. proposedResidual AttentionNetwork [39], which
is constructed by stacking multiple attention modules. The
module consists of mask branch and trunk branch, and it
can capture mixed attention to improve the detection perfor-
mance. To utilize the channel attention, Hu et al. proposed
Squeeze-and-Excitation (SE) networks [40]. In this net-
work, the SE block is a computational unit, which improves
the representational power of feature extraction network,
and it adaptively recalibrates channelwise feature responses
by modelling interdependencies among channels explicitly.
To blend the cross-channel and spatial information together,
Woo et al. proposed CBAM (Convolutional Block Attention
Module) [41] to apply channel attention module and spatial
attention module sequentially, so that the network can learn
‘what’ and ‘where’ to concentrate in the channel and spatial
levels respectively.

III. PROPOSED METHOD
In this section, we describe the two main parts of our pro-
posed TIB-Net in detail. The former is the structure of cyclic
pathway, and the latter is a combination of spatial atten-
tion and iterative sharing backbone network. Therefore, we
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FIGURE 2. Comparison of network architecture between original EXTD and our TIB-Net, and we roll out the iterative backbone successively in TIB-Net
for better illustration. The invert residual block integrated with Spatial Attention (SA) Module is denoted as BCB (basic component block), and
‘×4’ means that the BCB group, which is framed by red box, is repeated 4 times and connected in the same way as the previous blocks.

first introduce the overall network architecture of proposed
method in Section A. Then, we present the details of our
proposed cyclic pathway in Section B. Next, we show the uti-
lization of spatial attention in Section C. Finally, we present
the training details of our proposed model.

A. NETWORK ARCHITECTURE OF TIB-NET
The FPN-like and SSD-like framework of original EXTD
network is shown in Figure 2 (a), which can detect multi-
scale face with an extremely tiny number of parameters and
achieve excellent performance when dealing with small-size
faces. The iterative architecture achieves a balance between
accuracy and model size. However, if we apply this method
to drone detection directly, the experimental results show that
many drones are detected inaccurately, and some extreme
small drones even cannot be detected. In our analysis, most
drone targets in our dataset occupy much smaller portion in
the field of view than the faces, and it causes some of essential
detailed information to be lost along with the increasing
iterative times, which implies that employing origin network
directly to detect drones would be suboptimal. Therefore,
we propose TIB-Net based on iterative architecture, which
integrates with cyclic pathway and spatial attention module
to utilize information more efficiently.

To depict the architecture of TIB-Net in detail and make
it easy to illustrate, in Figure 2 (b), we roll out the itera-
tive backbone successively. In the architecture, we adopt the
similar iterative blocks of EXTD as the backbone, and the
cyclic pathway and spatial attention module are integrated
into the network as well. Following the same setting as
EXTD, the backbone consists of M similar basic component
blocks and loops N times (generally M = 6 and N = 4),
and we use BCBi (basic component block) to present the

ith invert residual block integrated with spatial attention mod-
ule (i ≤ M ), as shown in Figure 6. Each BCB module
comprises several specific convolutional layers and imple-
ments a nonlinear transformation F (·). In the iteration pro-
cess, we denote x0 as the initial input feature map, and the
BCB modules are connected in a fixed order. The sequential
process is defined as follows:

xki =


x0, i = 1, k = 1
FN (x

k−1
N ), i = 1, k > 1

Fi−1(xki−1)+ I
k−1, i > 1

(1)

In the kth iteration (k ≤ N ), the input of BCBi is the output
of BCBi−1 (denoted as xki−1), or the fusion of the output of
BCBi−1 and the output of cyclic pathway from BCBi in the
k − 1th iteration (denoted as I k−1).

B. CYCLIC PATHWAY
Considering preserving as much detailed information while
keeping model size affordable, we proposed a structure called
cyclic pathway, which transmit low-level features to high-
level layers by fusing the output feature maps of different
layers. The output of cyclic pathway can transmit the infor-
mation from the previous iteration, so that more previous
low-level information can be fully utilized. To be specific,
cyclic pathway resizes the feature map of k − 1th iteration,
then combines it with the feature map of current kth iteration
by element-wise sum operation. In this way, we enhance
the information of extreme small drones and obtain better
performance eventually.

In our analysis, there are three factors associated with the
information transfer of cyclic pathway, which have signifi-
cant influence in the final performance of drone detection,
and we discuss these factors as following:
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FIGURE 3. Comparison of different feature updating strategy.

1) FEATURE UPDATING STRATEGY
The first factor is feature updating strategy. There are two
possible sources of the feature maps which is inputted to
cyclic pathway. One is that remaining the original low-level
feature map unchanged in whole process and providing it to
each cyclic pathway, and the other is that updating the input
of cyclic pathway at each iteration. We call them as feature
updating strategy. As illustrated in Figure 3 (a), the network
adopts No Updating strategy, and preserves the same original
feature map in the loop. As a result, this strategy would trans-
mit the most original feature during the iteration and maintain
detailed information in a high level. Then, Figure 3 (b) shows
the Updating Iteratively strategy that updates the input feature
map of the cyclic pathway. In each iteration, we upsample
the output of previous iteration, then we merge it into the
input of previous iteration by element-wise sum operation.
This strategy means that each iteration would learn from its
nearest iteration and reduce the learning difficulty.

FIGURE 4. Comparison of different fusion interval.

2) FUSION INTERVAL
Apart from feature updating strategy, the distance between
the ends of cyclic pathway called fusion interval (FI),
which determines the way we connect the previous feature
maps, affects network performance as well. In Figure 4,
we set the end of cyclic pathway at different blocks.
Generally, the further distance between the ends of cyclic
pathway, the higher-level abstract feature would be captured
and fused by network, however, the more detailed informa-
tion the network would dropout at the same time. Therefore,
there is a trade-off in fusion interval setting.

FIGURE 5. Comparison of different pathway depth.

3) PATHWAY DEPTH
After the feature updating strategy and feature distance deter-
mined, there remains another factor denoted as pathway
depth (PD) affecting detection performance, which controls
the depth of fused feature. As Figure 5 shows, we can set
the pathway depth by translating cyclic pathway in a vertical
direction along the backbone. The depth of pathway normally
determines the level of detailed information retention. The
deeper the cyclic pathway, the more detailed information it
can transfer, however, the more noise it may introduce at the
same time. Therefore, the optimal setting of pathway depth
benefits the performance of drone detection network as well.

C. SPATIAL ATTENTION IN DRONE DETECTION
Small-size drone detection usually shows worse performance
than medium or large object detection in most case, and
it partly results from the extremely limited information in
its appearance and the noise from surrounding environment.
Therefore, we emphasize the feature of small object by apply-
ing spatial attention mechanism to further capture important
information and filter out some noise. Generally, there are
three ways to apply attention mechanism, which are channel
attention, spatial attention and hybrid (fused channel-spatial)
attention. To obtain channel attention, we need to squeeze the
spatial dimension of the input feature map for aggregating
spatial information at first, and then capture channel atten-
tion after a series of operations. To obtain spatial attention,
we first aggregate channel information and then obtain spatial
attention map by a standard convolution layer. As for hybrid
attention, it applies channel attention and spatial attention
sequentially.

In consideration of the small size of target drones, the pro-
cess of learning channel attention would cause too much
beneficial information lost because of squeezing the spatial
dimension. Therefore, we only introduce spatial attention into
the invert residual block of drone detection network, which is
shown in Figure 6.

To capture spatial attention effectively, we adopt the same
spatial attention module introduced in CBAM (Convolutional
Block Attention Module) [41]. In Figure 6, we integrate
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FIGURE 6. The structure of basic component block (BCB), which is
composed of inverted residual block and spatial attention module.

spatial attention (SA) module into different inverted resid-
ual (IR) blocks, and the expansion factor, stride and chan-
nel of IR blocks are represented by t , s and c respectively.
Here, we denote the overall structure as basic component
block (BCB), and use different colors for different BCB of
TIB-Net. Considering a feature map xin ∈ RC×H×W passes
the BCB from the bottom to the top, where C , H and W
refer to channel, height and width respectively, the SA mod-
ule would process it to focus on key information and filter
out noise, then we obtain the enhanced output feature map
xout ∈ RC×H×W . As illustrated on the left side of Figure 6,
the overall procedure of SA module can be summarized as
follows:

xout = SA (xin) = RM (HM (xin)) (2)

In equation (2), we extract spatial attention heatmap from
xin, and then enhance the information of xin based on the
extracted heatmap. More specifically, RM (·) means residual
multiplication operation, and it adequately mix up the spatial
attention and original feature by element-wise multiplication,
which can be computed as follows:

RM (f (x)) = f (x)⊗ x (3)

where ⊗ denotes element-wise multiplication. Here,
we apply HM (·) as f (·), and HM (·) contains a series of
operations to generate the spatial attention heatmap and can
be formulated as follows:

HM (x)=σ
(
conv7×7 ([AvgPool (x) ;MaxPool (x)])

)
(4)

where the pooling operations are along the channel axis,
and then the concatenate of their output feature maps would
be sent to convolutional layer with 7 × 7 convolution fil-
ters and activating layer with sigmoid function successively.
By concatenating the output feature maps of average pooling
operation and maximum pooling operation, we can aggregate
the channel information, and then obtain the attention infor-
mation along with spatial axis.

As a result, the integration of spatial attention module can
emphasize the useful information and suppresses the noise,

which efficiently improves the quality of the feature map
flowing within our TIB-Net. With the iterative process, this
architecture would provide more abundant semantic informa-
tion of spatial attention from lower-level feature maps, and it
would repeatedly show the intermediate level features and the
various scale of drones to the network. Meanwhile, the SA
module has been designed to be lightweight as well, so the
overhead of parameters and computation is negligible in most
cases.

D. TRAINING DETAILS
In the experiments, we set number of overall training itera-
tions to 300K and choose stochastic gradient descent opti-
mizer (SGD) with initial learning rate 10−3. Then, we drop
the learning rate, which is divided by 10 at 120K-th iteration
and 240K-th iterations, to 10−4 and 10−5. Following original
EXTD, the weight decay is 0.0005 and the momentum is 0.9.

We apply multi-task loss function to update weight param-
eters of TIB-Net. Specifically, the classification cross entropy
loss function and the regression Smooth L1 loss function are
shown in (5) and (6) respectively.

Lcls
(
pi, p∗i

)
= −

[
p∗i log (pi)+

(
1−p∗i

)
log (1−pi)

]
(5)

Lreg
(
loci, loc∗i

)
=

{
0.5

(
loci − loc∗i

)2
, if

∣∣loci − loc∗i ∣∣<1∣∣loci−loc∗i ∣∣− 0.5, elsewise
(6)

The multi-task loss function Ldet including the classifica-
tion loss and the bounding box regression loss is defined as
follows:

Ldet (pi, loci) =
1
Ncls

∑
i
Lcls

(
pi, p∗i

)
+ λ

1
Nreg

∑
i
p∗i Lreg

(
loci, loc∗i

)
(7)

where the predicted label and bounding box are denoted as
pi and loci respectively. p∗i represents the ground truth label
(0 or 1) and loc∗i represents the ground truth of bounding box.
Here, the regression loss of negative samples (p∗i = 0) is not
included into total loss. Moreover, λ is a balance parameter to
adjust weight between classification task and regression task,
and we set λ to 1 in this work.

IV. EXPERIMENTAL RESULTS
To evaluate the performance of TIB-Net fairly, we conduct
the experiments on our collected drone dataset due to lack of
drone data in public. We first verify the effectiveness of the
TIB-Net’s components, thenwe compared it with other object
detection methods on accuracy, speed, and model size.

A. EXPERIMENTAL SETTING
Experiments are based on the machine learning library
PyTorch 1.0. We conduct experiments on a PC with Intel
Xeon(R) CPU, a NVIDIA TITANXp (12 GBmemory) GPU,
CUDA 9.0, CUDNN 7.5.1 and 32GB of memory. The oper-
ating system is Ubuntu 16.04 LTS.
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FIGURE 7. Display of images in our collected drone dataset, which shows the variety of the dataset.

During the training period, the size of input image is
resized to 1333 × 800 in order to reduce the computational
expense, and we keep other configuration unchanged of these
baselines except the reduction of the initial learning rate
and batch size. In addition, the data augmentation is sim-
ply flipping the images, and batch size on a single GPU is
4 images.

B. DATASET AND EVALUATION METRICS
The application of deep learning methods requires a quantity
of sample images from real-world context, because there
is much variation in visual drone appearance captured by
camera. Therefore, we collected enough drone images in real-
world scenario for network training. We collected the drone
images in Nanjing University of Aeronautics and Astro-
nautics, China. The drone dataset contains 2860 images of
different types of drones, such as multi-rotor drones and
fixed-wing drones, as shown in Figure 7 (a)-(c). The reso-
lution of collected images is 1920 × 1080 pixels. We cap-
ture drone images by fixed camera on the ground, and it is
approximately 500 meters away from the drone in the air.
The scenes cover a variety of lighting throughout the day
and night, as shown in Figure 7 (d)-(f). In addition, each

image is labelled with bounding box information in a Pascal
VOC format. Moreover, we show several difficult samples
from our dataset, which contain extreme small drone, blurred
drone or complex environment, as shown in Figure 7 (g)-(i).
In the experiments, we choose 75% from the collected data
as training set, and the rest as test set.

To evaluate the effectiveness of the proposed method,
we employ the mAP (mean average precision) value,
model size, and detection time to measure detection per-
formance. To get mAP value, we need to calculate pre-
cision rate and recall rate first, and they are defined as
equation (8) and (9).

precision =
TP

TP+ FP
(8)

recall =
TP

TP+ FN
(9)

where TP, FP, and FN represent the number of correct pos-
itive prediction, incorrect positive prediction and incorrect
negative prediction respectively. The AP (average precision)
averages the precision at different recalls levels, which can
evaluate detection performance in a balanced way. Moreover,
themAP (mean average precision) is the average of AP at dif-
ferent classes. TheAP value andmAP value can be formulated
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TABLE 1. Effects of various components on performance (CP: cyclic
pathway, SAM: spatial attention module).

as following as following:

AP =
∫ 1

0
p (r)d (r) (10)

mAP =
1
N

∑N

i=1
APi (11)

Here, p and r represent precision rate and recall rate respec-
tively, and N is the total of all categories. In this paper, N = 1
in our drone detection task.

C. EXPERIMENTAL RESULTS AND ANALYSIS
To demonstrate the effectiveness of our proposed compo-
nents, we compare TIB-Net with original EXTD, and the
results are presented in Table 1. In Table 1, we can observe
that the introduction of cyclic pathway with No Updating
strategy improves themAP of drone detection by 2.7%,which
demonstrates the importance of this structure design. As for
spatial attention module, it also improves the mAP by 1.4%.
Therefore, we can clearly find out that TIB-Net improve
the performance of drone detection by integrating these two
components. We think cyclic pathway provides more infor-
mation from low-level feature map which contains much
detail, and on the other hand, the integration of SA module
can emphasize where to focus and filter out some noise.
Notably, in the comparison of model size, these structures
can improve the accuracy of detection with almost negligible
extra parameters, so we can easily deploy TIB-Net on the
edge computing devices.

As for different feature updating strategy, No Updating
strategy shows better performance than the other one does
in Table 1. We conjecture that it is because cyclic pathway
introduces more information of low-level feature map, which
is extremely significant to small object detection. It is worth
noting that updating iteratively gets even worse result than
original EXTD, we suppose that the major reason is updating
iteratively will bring serious redundancy, and the network
cannot converge to a good solution during the training, so that
the model cannot learn more effective information than orig-
inal EXTD, which cause the worse result.

Based on No Updating strategy, we evaluate the effect of
fusion interval (FI). As shown in Figure 8 (a), the size of inter-
val between fused feature maps has a significant influence on
detection performance. In Figure 7, we get the best detection
result when the interval is set to one. From the result, we can

FIGURE 8. Comparison on (a) different fusion interval and (b) different
pathway depth.

also find that with the interval getting larger, detection per-
formance deteriorates. We infer that, if the interval is set too
small (such as ‘0’), we cannot obtain enough abstract feature.
In contrast, if the interval were set too large, the mutually
reinforcing capabilities between feature maps would weaken,
which reduce the gain brought by fused information. There-
fore, adjacent blocks play more important role in information
transferring when detecting small objects.

As presented in Figure 8 (b), the pathway depth (PD)
influence detection performance as well. We conduct these
evaluation experiments of different pathway depth based
on the above optimal settings of feature updating strategy
and fusion interval. From the results, we can find detection
performance grow worse when the pathway gets deeper.
It is because although we reserve more abstract information,
information loss would deteriorate the feature representation
with the resolution of feature map decreasing.

Throughout the ablation studies, we determine the optimal
setting of cyclic pathway: we choose No Updating as feature
updating strategy, set FI to 1 and PD to 0. In addition, these
experiments also demonstrate that the effectiveness of cyclic
pathway. Note that the following experiments of TIB-Net are
all based on the above optimal setting.
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FIGURE 9. Comparison on PR (precision-recall) curve on our collected
dataset. The curves from our method are illustrated by ‘red’.

Furthermore, we conduct experiments to compare the
performance of our method with other common detection
methods. Considering lightweight model size and detection
performance comprehensively, we choose the YOLOv5-s as
the representative of the YOLOv5 family (s, m, l, x) here.
Figure 9 shows a comparison of the TIB-Net with several
other detection methods on PR curve, and all of them tend to
decrease smoothly first and then drop sharply after the recall
value is over 0.8. We can observe that the TIB-Net has obvi-
ous advantages in the PR curve excluding the method of Cas-
cade RCNN (based on ResNet50) which owns extreme large
model size. The results illustrate that our proposed method
has superior detection performance in drone detection.

TABLE 2. Performance comparisons with the common object detection
methods.

The detailed results comparisons among our method and
other methods are shown in Table 2. It is obvious that the
mAP of ours is much higher than other methods based on
lightweight backbone. Furthermore, we can find out our
method has better performance even than some methods
based on heavyweight backbones, e.g., Faster RCNN (based
on ResNet50). In our analysis, the drones in our dataset tend
to occupy a small portion of the field of view in real-world
environment, and accordingly most common detection meth-
ods may not be suitable for detecting such small-size targets.

FIGURE 10. Some examples of drone detection results from TIB-Net. The
red bounding boxes represent detection results, and the green bounding
boxes is the ground truth of correct localization.

FIGURE 11. Some main failure detection results. The red box represents
detection result, the green box is the ground truth, and the yellow box is
the false positive detection.

Meanwhile, our proposed method can effectively solve this
problem by integrating iterative structure and spatial attention
mechanism, and eventually detecting small drones in the
complex context.

For further analysis, we visualize some success results
of drone detection on our collected dataset by TIB-Net,
as shown in Figure 10. We can observe that our method is
robust to the size and aspect of drones, even when the drone
is blurred or blend into the background.

Moreover, we display some main failure detection results
sequentially, which are false detection, missing detection and
inaccurate detection, as shown in Figure 11 (a), (b) and (c).
As for the false positive results, we think it is due to the
background complexity, which cause the misinterpretation
of network. Themajor cause of inaccurate detection andmiss-
ing detection are always due to the extremely small size of the
drone, which is hard be accurately detected, and sometime it
may be ignored.

V. CONCLUSION
In this paper, we proposed a novel lightweight network
(TIB-Net) for drone detection, which can be applied in anti-
drone area. As for TIB-Net, we introduce cyclic pathway
to iterative backbone to take advantage of low-level fea-
ture information, while keeping model size in a lightweight
level. And we further improve the performance by integrating
spatial attention module into TIB-Net, which can enhance
the useful information and filter out the noise flowing in
network. The experimental results demonstrate that com-
pared with other common existing drone detection methods,
the proposed approach has obvious advantages in detection
performance and model size. However, we also know that
the approach still leaves much to be improved in the future.
For example, the inference time of network still cannot
meet the standard real-time requirements. For future work,
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wewill focus more on the deployment and optimization in the
resource-constrained equipment to accelerate inference and
then achieve real-time drone detection.
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