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SANet: Small but Accurate Detector for Aerial Flying Object
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Abstract— This paper proposes SANet, a small but accurate
detector for aerial flying objects. The detector introduces an
attention module into the feature extraction module (FEM)
for enhancing the accuracy. This FEM with fewer convolu-
tional kernel channels can reduce the parameters, speed up
the inference time, and mitigate the computational burden.
Furthermore, we optimize the Spatial Pyramid Pooling (SPP)
module to enhance both the accuracy and speed. By analyzing
the structure characteristic of the ResNet and RepVGG network
that are usually utilized to extract features, a feature fusion
module named RepNeck is designed to comprehensively fuse
features extracted by the FEM, further enhancing the speed
and accuracy. Eventually, we develop a neural network with an
impressively small model size of only 4.5M. This network can
achieve the state-of-the-art performance on three challenging
datasets. Apart from its superior performance, our approach
enjoys a real-time detection speed of 14.8 frames per second
(fps) and power consumption of only 2.9W while the CPU and
GPU temperatures are maintained below 50°C' even on an edge-
computing device, highlighting the practicality of our approach
for long-duration flying object detection and monitoring tasks.

I. INTRODUCTION

Flying object detection is a crucial research area in ma-
chine vision and image processing, which guides the behav-
ior of observers including animals and robots. In complex
dynamic environments, autonomous robot systems will need
to detect object motion to understand the movement inten-
tion, predict the future paths, and react appropriately [1]-[5].
Additionally, detecting potentially dangerous objects early
and accurately would provide enough time for autonomous
systems such as Unmanned Aerial Vehicles (UAVs) to re-
spond timely [6]-[9], thereby maintaining or reinforcing
their autonomous intelligence ability in the interaction and
competition. However, the flying object will appear as a
dim speckle on the image from the observer’s or ontology’s
insight, it is arduous for the detection task to extract enough
visual features [10]. As shown in Fig. |, these aerial objects
with a few pixels are almost invisible to the human eye.

The irregular shapes and sizes of aerial objects are influ-
enced by the generated noise around them from the video
codec standard, leading to false or missing detection [11].
The color variation of aerial objects can be significantly
affected by dynamic backgrounds, such as moving clouds
and illumination changes, causing methods based on color
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Fig. 1. Qualitative visualization of small moving aerial objects detection in
many challenging situations. In each subplot, the drone and bird manifest as
faint speckles, occupying just a few pixels, with the majority of their visual
attributes challenging to distinguish. Notably, they exhibit exceedingly low
contrast against the cluttered backgrounds, amidst variations in illumination

extraction to suffer from a poor detection performance [12],
[13]. In particular, aerial detection tasks encompass not only
bottom-up but also top-down object detection. In contrast
to the former with a singular background such as the
sky, the latter faces more complex ground backgrounds
and lighting variations, further complicating aerial flying
objects detection [14]-[16]. The scale of aerial objects can
vary significantly across frames, which presents a significant
challenge to detect objects accurately since flying objects
have no physical boundaries that constrain their movement
in space.

Numerous deep convolutional neural network-based
(DCNN) detection methods have followed the scheme of
feature extraction, feature fusion, target classification, and lo-
calization [17]-[19]. Examples of such methods also include
Cascade R-CNN [20], YOLO [21], [22], and RetinaNet [23],
which have made significant advancements in general object
detection. However, due to the difficulty in learning rich
representations from the tiny and poor-quality appearances of
small objects, these methods often struggle to detect them in
dynamic and cluttered environments. Many researchers have
focused on detecting small objects using improved DCNN-
based algorithms. Zhu et al. [24] propose an improved
algorithm based on the YOLOVS [21], TPH-YOLOVS, for
small object detection by replacing the CNN-based predic-
tion heads with a transformer prediction heads (TPH). To
reduce the complexity and improve the detection speed of
TPH-YOLOVS, they propose the TPH-YOLOvV5++ [25] by
replacing the prediction head of TPH-YOLOvS5 with the
cross-layer asymmetric transformer and trained on VisDrone-
DET2021 [26]. Jiang et al. propose GiraffeDet [27] inspired
by DensNet [28] to detect both the small and big objects
adaptively. They argue that the main factor affecting de-
tection performance is feature fusion rather than feature
extraction. As such, they incorporate more convolutional
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layers in the feature fusion stage. Analogously, Chen et
al. propose TinyDet [29], a lightweight network trained on
COCO [30] for small object detection and reducing compu-
tational complexity. Similarly, CEAFFOD [31] is proposed
by modifying three novel blocks of the single-stage YOLOv4
to detect small objects. However, the aerial small object size
poses a much greater complexity than this datasets [26], [30]
used to train these methods [24], [25], [27]. Additionally,
these methods consume high computational resources. For
instance, the footprint of TPH-YOLOvV5++ [25] reaches 4.7G
and the computational cost of 207.0 GFLOPs. Moreover,
TPH-YOLOVS5++ achieves a low speed of 11.9 fps on the
NVIDIA RTX3090ti GPU. CEAFFOD also suffers from a
low inference speed and high memory usage. MFNet [32] is
an efficient method using multi-feature fusion. However, the
MFNet [32] suffers from lower accuracy in localization and
detection. In conclusion, current object detection methods
face challenges in achieving a balance between accuracy and
speed with low energy consumption.

In real scenarios, multiple challenges such as complex
backgrounds, high energy consumption, and slow reason-
ing speed may coexist simultaneously, which complicates
aerial flying object detection tasks. To address the issues,
a small but accurate network (SANet), is proposed for
accurate aerial object detection. Specifically, we introduce
the spatial attention mechanism to extract the profound
interior features, which increases the ability to discriminate
in dynamic backgrounds, and the feature extraction frame-
work employs a reduced number of convolutional kernels to
reduce the model’s parameters and thereby decrease energy
consumption. By analyzing the characteristics of ResNet [17]
and RepVGG [33] which are commonly utilized to extract
features, a feature fusion module named RepNeck is proposed
to retain and transfer more semantic information to the latter
layer by reassembling pixels rather than convoluting features,
improving detection effectiveness and efficiency. Finally, we
perform systematic ablation studies to validate the efficacy
of the SANet. Extensive comparative experiments on public
datasets demonstrate that our method outperforms the state-
of-the-art approaches. The deployment of our method on the
edge-computing device proves its portability and feasibility
in real-world applications. These findings collectively sup-
port the attainability of a high-accuracy, low-power, low-
latency, and low-memory footprint solution for aerial flying
object detection in monitoring applications. The qualitative
visualization in Fig. | demonstrates the effectiveness of
our approach in detecting small objects even in complex
environments.

II. AERIAL MOVING OBJECT DETECTION PIPELINE
A. Framework Overview

Our framework in Fig. 2 consists of three stages: fea-
ture extraction, feature fusion, and result output. In the
feature extraction stage, we enhance training robustness
using the mosaic technique for image dataset augmenta-
tion. The residual-spatial attention network (i.e. the yellow
block) extracts spatial and convolutional features, with the

attention layer capturing more profound internal and clearer
contour features compared to the initial extraction from
layer one. A convolutional downsampling operation follows,
obtaining high-level semantic features and augmenting the
perception field with the optimized SPPS. In the feature
fusion stage, our proposed RepNeck performs upsampling
operations three times (i.e. the pink block) and incorporates
addition operations with previous layers of the same channels
from the feature extraction stage. Downsampling operations
employ reorg layers [34] (i.e. the orange block) instead
of convolutional layers, reducing parameters, accelerating
inference latency, and preserving more semantic information
for subsequent layers. The downsampled feature is concate-
nated with the upsampled layers, resulting in richer semantic
feature information (i.e. feature maps from the fusion stage).
Finally, a non-maximum suppression operation generates the
output, highlighting crucial feature locations (output feature
map). All these operations are seamlessly integrated within
an end-to-end network.

The computational consumption measured by BFLOPs in
the feature extraction stage is only 5.52 BFLOPs, and the
feature fusion stage is 2.56 BFLOPs. The low computational
costs of our method indicate its lightweight nature.

B. Attention Module for Spatial Features Extraction

The spatial features are attained by refining and exploring
the inter-spatial relationship of features, and the effectiveness
has been demonstrated to highlight informative regions [35].
Specifically, after four convolutional operations for the input
images, to aggregate channel information from a feature map,
the two pooling operations are utilized to generate two 2D
maps: Fsavg € RVP*W and Fypmax € RPHXW. These
maps represent the average-pooled and max-pooled features
across the channel, respectively. They are concatenated and
then convolved by a standard convolution layer to produce
the 2D spatial attention map. In summary, the computational
process of spatial attention is formulated as follows:

F1 = Conv'™*1(F)

F2 = Conv®*3(Fy)

F3ap = 0(Conv™ 7 ([AvgPool(F3); MaxPool(F3)]))
= O'(CO’I’LU7><7[Fsan; Fsmax]

F;tt =F ® anap
Faee = Faee + F 0
TXT

where o represents the sigmoid function and Conv
denotes a convolutional operation with a convolutional kernel
of 7 x 7, the symbol ® represents element-wise multipli-
cation. F%,, denotes the final output and F € RE>*HxW
represents an intermediate feature map.

The attention feature map is incorporated into the con-
volutional layer preceding the attention operation through a
residual connection. Followed by a convolutional layer, the
obtained feature concatenated with the second convolutional
layer will be regarded as the input feature of the downsample
stage.
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Fig. 2. SANet Framework: This framework consists of feature extraction, feature fusion, and result output. The feature extraction component incorporates
spatial attention mechanisms to extract more profound features. In the feature fusion component, high-level and low-level semantic features extracted in
earlier stages are combined, preserving more semantic information through feature recombination. Finally, the system outputs discriminative features. Please

zoom in for the best view.

C. Optimized SPPS for Riching Feature

The complex SPP [36] operation for extracting features in-
fluences the inference efficiency. As such, we simplify it with
a MaxPool size of 7 x 7 to replace the original pool operation
and integrate the module into the downsample stage. The
same operation extension improves efficiency. Concretely,
the inputting feature is defined as F € RE*H*W the process
operation is formulated as:

F. = Conv(F),
Fs = Concate[Fe, MazPool7x7(Fe), )
MazPool7x7(Fc), MaxPoolrx7(F¢)],

Fspps = Conv(Fy),

where Fypps € RYCHXW denotes the final output through
SPPS, and the Concate represents the concatenation opera-
tion along the channel dimension.

D. Proposed RepNeck for Feature Fusion

The statistical data for the aerial object size in TIBNet [37]
ranges from 10 x 5 to 200 x 80, and most of the object
sizes with width and height less than 5% of the image size.
Detecting the various scale objects moving against cluttered
environments is a fundamental challenge, and using a single
high-level feature for detecting small objects is suboptimal.
The top-down architecture which includes lateral connections
for constructing high-level semantic feature maps at all
scales is an effective design. By augmenting the bottom-
up path, accurate localization signals are incorporated into
lower layers of the feature hierarchy, which enhances the
entire feature hierarchy and shortens the information path
between the lower and the topmost features. However, the
bottom-up path method with convoluting operation misses
the semantic information. By analyzing the structure charac-
teristic of ResNet [17] and RepVGG [33] shown in Fig. 3(a)
and Fig. 3(b), respectively, a common characteristic of both
modules has been identified, namely the presence of skip

connections, which not only effectively alleviates the issue
of gradient vanishing in deep networks but also facilitates
the transmission of features extracted from preceding layers
to subsequent layers, ensuring the preservation of semantic
information. This line of thinking remains applicable to
feature fusion as well. As such, we design a feature fusion
method shown in Fig 3(c) utilizing the identity 1 x 1 branches
and three branches for enhancing accuracy and efficiency. We
orderly denote three necks as Neckl, Neck2, and Neck3 from
left to right. The reorg modules (i.e. the orange block) are
utilized to downsample instead of the convolutional layer
among the three necks to preserve the full features. The
details are introduced as follows.

l o

Upsample

f ¥ i fin
[3x3 ] [3xs |[1x ] Ve
-y
N [_3>a 1x1 3x3
S1
Fom
3x3 si
Jay Freckz
S A
(a) ResNet  (b) RepVGG (c) RepNeck

Fig. 3. Sketch of RepNeck architecture. RepNeck has three subpart Neckl,
Neck2, and Neck3. We employ a binary and ternary branching structure in
the RepNeck.

1) Neckl: After feature extraction, the upsample opera-
tions for the feature map are performed three times from top
to bottom (i.e. the purple blocks). Each upsampling operation
increases the resolution by a factor of two compared to
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the previous level. The five convolutional layers are utilized
to extract features between the bottom upsample and the
SPP module, and then enter the feature fusion operation.
Concretely, given the bottom upsampling feature map F €
REXHXW g ¢ REIXHXW denotes the outputting of the
feature map through five convolutional layers and an SPP
module, F,; € RE2XHXW denotes the outputting of the
feature map from the first residual network, and Fp.o €
RE3XHXW denotes the outputting of the feature map from
the second residual network, where the C, C1, C2, and
C3 indicate the channels. The H and W represent the
height and width of the bottom-level upsampling feature
map, respectively. the process of Neckl is formulated as

follows:
Fs = SPP(Conu(F)),
Fr1 = Conv2(Fs) + Conv(Fs), 3)
Fr2 - Frl + CO’I’L’U(Frl),
Frea: = Conv(Fr2),

where the Conv and Conv2 denote the operations performed
after passing through 1 and 2 convolutional layers, respec-
tively. The Fyeq; € RE*HXW g the final outputting of
feature map in the Neckl, and the C4 = 3 x (N +5), while
N represents the number of object categories detected.

2) Neck2: The intact feature information
Fre1 € RC5%5 %% is transferred from the Neckl by
downsampling with the reorg operation colored in the
orange block instead of convolution. F.e; is concatenated
with the middle upsampling feature map F,, € RO6X 5 x5
to obtained the F e € R(C5+C6) x5 %% and then followed
by a parallel branch. The operation process is formulated as
follows:

Fme = Concate[Frm, Frei],

Frmi = Conv2(Fmc) + Convd(Fme) + Conv(Fme), (4)
Freckz = COTLUS(Frml)y

where the Frmm1 € RO X% is the output feature map of
parallel branch network. The Fneck2 € RE4X 5 X% s the
final output feature map of Neck2.

3) Neck3: Similar with the Neck2, we denote the Fy €
RET* 4% ag the top feature map before upsampling op-
eration, and the Frep € RO8X 4 x4 is transformed from
the Neck2, the Fc € R(CT+O8) x4 < {g the concatenation
feature map from the F; and F .2 with the operation of
reorg. The operation process is formulated as follows:

Func = Concate[Fy, Frez),
Frmz = Conv2(Fnc) + Conv6(Conv(Fre)) + Conv(Fue),
Fnecks = Conv(Frm1),

(5)

C4xEXF s the final output of the

where the Fnecks € R
Neck3.

E. Loss Function

We implement three loss functions to optimize our
method: (i) Objectness loss. (ii) Classification class. (iii)
Localization loss. The feature map F is treated as an A x A
grid cell, where B bounding boxes are predicted in each
cell. The objectness loss and classification loss are calculated

based on whether the object is present or not in the cell, as
demonstrated in the following equation.
A% B A2

. N B § .
=2 S Mefi — el +any; X X A1) (e — cfi)?
k=03=0 k=03j=0 : .

Lobjtels

A2 B .
+x st

i pi(c)log(p;(e) + (1 — p;(e))log(l — p;(e))),
i=0j=0 'Y c€classes

(©6)
where, if a bounding box in a grid cell contains the object,
the value of H;-)Jl?j is set to 1. If a bounding box in a grid
cell does not contain the object, the value of ]I;’l?j is set to
0. The hyperparameter av,p; is assigned the value of 5. The
cf; and c}‘i represent the confidence scores of the prediction
and ground truth, respectively. The p;(c) and p;(c) represent
the probability score of the predicted class and ground-truth
class, respectively.

The localization loss can be defined as:

0
Lioe =1 — 10U + =& 4+ s,

__ |BnB| _ s
10U = [50p) @ = w=10m)75° @
s= 7Ti‘z(arct(m% — arctan®)?,

where, B = (i,g),dz,ﬁ) and B = (z,y,w, h) represent the
ground-truth box and predicted box, respectively. The central
points of B and B are denoted by b and b, respectively.
The function d(-) represents the Euclidean distance, and c
represents the diagonal length of the smallest enclosing box
that covers both B and B. The total loss is denoted as

follows:
Losstotal - )\1Lobj+cls + A3Lloc- (8)

where A\ = 1 and A3 = 0.07.

III. EXPERIMENT
A. Implementation Details

1) Training phase: We train our SANet on the
MFNet [32], Det-Fly [38], and TIB-Net [37] using a 1 GPU
with the type of GTX 3090, respectively. We choose the
stochastic gradient descent optimizer (SGD) with an initial
learning rate Miniriqr = 1.3 x 1073, At the 80% and 90%
of setting iterations, the learning rate drops to ten times
the previous learning rate. The values of weight decay and
momentum are 0.0005 and 0.949, respectively.

2) Test phase: In our study, Det-Fly [38], we conducted
inference time and BFLOPs tests on an RTX 3090 GPU.
The testing procedure for the remaining datasets adheres to
the guidelines provided in the original paper. In each testing
experiment, we input the same original resolution image
and measure the accuracy (mAP) on the testing set while
evaluating the inference time and BFLOPs.

B. Methods Comparison Results

MFNet. In Table I. Our method demonstrates a signifi-
cant improvement over the state-of-the-art approaches. Con-
cretely, our method exhibits several advantages, including
the lower computational costs measured in BFLOPs, smaller
parameters, and higher Intersection over Union (IOU) scores,
notably by 2.8% on mAP and 16.7% on IOU over the best
one in this evaluation, MFNet-M [32], and 0.7M on model
size metric over the MFNet-S. These findings highlight
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TABLE 1
QUANTIVE BENCHMARKING RESULTS ON MFNET.

Method Model size (M)l FLOPs (B)] mAP (%) 71 10U (%)t
YOLOVSs [21] 149 - 90.6 49.4
MFNet-S [32] 52 189 90.8 49.1
MEFNet-M [32] 9.9 753 91.5 51.1
MFNet-L [32] 19.5 157.6 90.9 49.0
SANet (ours) 45 8.1 94.3 67.8

' The best and second best method is shown in Red and Blue, respec-
tively. The 1 ({) indicates that larger (smaller) values lead to a better
(worse) performance.

YOLOVSs MFNet-S

bird 0.89 bird 0.92 ~ bird 090

bird 0.88 bird 0.92 bird 0.90

bird 0.8 bird 0.8
Jbird 0.71 e sird 0.80) S ibird 0.80

Fig. 4. Qualitative visualization on comparison with state-of-the-art meth-
ods. Each row represents the different scenarios. Each column demonstrates
the visualization results from YOLOv5s, MFNet-S, MFNet-M, MFNet-L,
and SANet from left to right. SANet has higher confidence scores than
MEFNet, which can demonstrate accurate detection performance. Please
zoom in for the best view.

TABLE 11
QUANTITIVE BENCHMARKING RESULTS ON TIB-NET

Method Backbone mAP (%)1T Latency (ms)] Model size]

Cascade R-CNN [20] ~ MobileNet 78.0 164 384.9M

TIBNet [37] TIB-Net 89.2 290 697.0KB

SANet (ours) - 90.0 26 4.5M
TABLE III

QUANTITIVE BENCHMARKING RESULTS ON DET-FLY

Method Image size mAP (%) T Latency (ms)] Model size (M) | Memory footprint (M)]. FLOPs (B)]

[416,416] 83.3 6.9 139.4 1607 43.6
YOLOV7 [22]  [640,640] 89.9 11.0 139.4 2179 103.2
[1024,1024] 93.8 23.0 139.4 3447 264.3
[416,416] 86.1 149 270.4 1995 79.5
YOLOVTX [22] [640.640] 90.1 15.8 270.4 2603 188.1
[1024,1024] 94.2 335 270.4 4387 481.4
[416.416] 91.6 43 4.5 1135 8.1
SANet (ours)  [640,640] 95.0 6.9 4.5 1441 19.1
[1024,1024] 96.3 13.6 4.5 2209 49.0

that the SANet maintains high accuracy and localization
quality despite its compact size. Furthermore, the qualitative
visualization in Fig. 4 vividly illustrates the superiority of
our method compared to the advanced MFNet, particularly
in challenging background scenarios. Notably, the samples in
Fig. 4 are captured from a distance. Our method consistently
achieves superior detection performance.

TIB-Net. The quantitative comparison results are shown
in Table II. Our method surpasses Cascade R-CNN [20] in
terms of model size, inference speed, and accuracy by a

significant margin. Although our approach possesses a bigger
model size than the TIBNet [37], we achieve higher accuracy
and low latency by a large margin. Due to the extensive
usage of attention layers in TIBNet [37] that can slow down
the inference speed, which is also reflected in our ablation
study in subsection III-C, where we observed the impact of
attention layers on inference speed.

Fig. 5. (a) Trade-off performance of accuracy, latency, BFLOPs on Det-
Fly. This left arrow indicates that the closer to the left, the better, and
vice versa. (b) Qualitative visualization on comparison with state-of-the-
art methods. Each row represents the different scenarios. Each column
demonstrates the visualization results from YOLOv7, YOLOv7X, and
SANet from left to right. Please zoom in for the best view.

Det-Fly. Table III shows the comparison results on the
Det-Fly [38]. Again, the proposed method performs the best
performance in terms of both mAP and latency, further
demonstrating its robustness. Moreover, the model size of our
method is 3% of the advanced method YOLOV7 [22], and the
memory footprint and BFLOPs are lower than YOLOvV7 [22],
demonstrating its low computational complexity. The visu-
alization of the mAP, latency, and BFLOPs of the three
methods in Fig. 5(a) demonstrates that our method (i.e. the
red curve) has a better trade-off among accuracy, latency,
and BFLOPs. Also, Our method achieves superior accuracy
and inference speed with minimal computational resource
consumption, which is favorable for devices with weaker
computational capabilities. Such performance is competitive
for usage on edge-computing devices. The qualitative visu-
alization shown in Fig. 5(b) also exhibits the effectiveness
of SANet compared to YOLOv7 and YOLOv7X. Our model
can accurately locate and detect small flying objects in many
challenging situations with a higher detection score (98.5 vs
80.8 on average), such as dark light, and tangled grass.

TABLE IV
ABLATION STUDY ON DET-FLY

Ablation setting mAP (%)7T Latency (ms)].  Model size (M) FLOPs (B)]

w/o RepNeck 952 (4 1.1) 145(1 0.9) 3.7(, 0.8) 19.1 (L 21.0)
w/o Attention 956 (1 0.7) 7.8(] 5.8) 44(1L 0.1 476 (4 1.4)
wlo SPPS 958 (4 0.5) 138(1 0.2) 45 49.0

SANet 96.3 13.6 4.5 49.0

C. Ablation Study

To validate the contributions of aerial object detection and
scale estimation to performance improvement, we conduct
extensive experiments on Det-Fly [38]. In the following
experiments, the input size of the detector in the test phase
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is set to 1024 x 1024 pixels. we validate the effectiveness
by removing or replacing related modules.

Effect of RepNeck. The experimental results are listed in
Table 1V. We note that the mAP, model size, and FLOPs
decrease. Inversely, the latency increases without RepNeck,
which means the inclusion of RepNeck leads to improve-
ments in accuracy and latency while also introducing a high
computational cost. This is because the RepNeck can matin
feature information with the reorg layers while operating
needs more computational cost. The operation is simply
a way of recombining information instead of convolution.
As such, the latency improves, and model size increases if
adding RepNeck.

Effect of Attention. From Table IV, The pooling oper-
ation does not introduce any extra parameters, except for
the one convolutional layer in the attention module, and the
operation can filter out noisy feature information, we note
that the latency decreases by a large. However, the model
size and FLOPs do not change much compared with SANet
without attention, meaning attention operation enhances the
accuracy but degrades the efficiency.

In Fig. 6, We present color and grayscale feature maps
with/without integrated attention mechanisms. Rows 1 and
3 show feature maps without an attention mechanism, while
rows 2 and 4 depict feature maps with an attention mech-
anism. The first column corresponds to the input image,
and subsequent columns represent outputs from different
layers. Our method, with the attention mechanism, extracts
more prominent features and apparent contours (column 2)
compared to the case without attention. Similarly, sharper
internal and contour features are observed (column 3) when
the attention mechanism is employed. Moreover, the output
feature map from the final layer (last column) demonstrates
that our method selectively focuses on relevant object fea-
tures while ignoring irrelevant information. The qualitative
visualization of detection results in Fig. 6(b) shows that the
attention mechanism improves the accuracy (95.5 vs 86.0
on average). In summary, the feature map and qualitative
visualization analysis confirm the effectiveness of integrating
the attention mechanism in our approach.

Fig. 6.
feature maps are provided to aid in observing the effects without being
influenced by color images. (b) Qualitative visualization. Please zoom in
for the best view.

(a) Feature map extracted from different layers. The grayscale

Effect of SPPS. After replacing the SPP with SPPS in
the downsampling stage, we note that the speed increases
to 13.8ms. This is because the SPP module partitions the

feature map into pieces with different-size pooling opera-
tions, aggravating the complexity problem when performing
pool operations. While the SPPS operation does change
the number of parameters, the model size, and FLOPs. In
addition, we see that the mAP decreases 0.5% because
pooling operations with different sizes can obtain extra noisy
feature information.

To further demonstrate the effects of SPPS on accuracy
and latency, we replace SPP in YOLOvV3-SPP [39] with the
SPPS. As shown in Table V, compared with YOLOv3, the
SPPS improves the accuracy and latency. Inversely, both
accuracy and latency are enhanced compared with YOLOv3-

SPP.
TABLE V

ABLATION STUDY OF YOLOV3 ON DET-FLY

Method mAP (%)1 Latency (ms)J
YOLOV3 [39] 87.8 6.3
YOLOv3-SPP [39] 87.5 6.5
YOLOv3-SPPS 88.4 6.4

D. Deployment for Testing

To demonstrate the deployment capability of SANet on
edge-computing devices, we deploy our SANet on an on-
board computer, NVIDIA Jetson Orin NX device with 16GB
GPU memory and 8 CPU cores. With input frames at a
resolution of 640 x 480, our 416 resolution model can
accurately detect the drones and achieve 14.8 fps without any
optimization and keeping the board temperature well below
50°C. Compared to the static state, the temperature increase
is insignificant when our model runs. Furthermore, the power
consumption on the processors is only 2.9W, confirming that
our network satisfies the portability, practicality, and energy-
efficient requirements. Table VI shows the temperature and
power consumption values of various sensors in two scenar-

10S.
TABLE VI

MODEL DEPLOYMENT TESTING.

Scenarios Tocpu (°C) Tepu (°C) Power (W)
Static Scenarios 46.12 43.69 0.582
Running Scenarios (max) 49.03 47.19 3.500
Increment 291 3.5 2.918

IV. CONCLUSION

This study proposes a lightweight, energy-efficient ap-
proach named SANet for accurately and real-time detecting
aerial small flying objects. It demonstrates a satisfactory
balance between detection accuracy, inference time, and
energy efficiency on public datasets. Our method allevi-
ates resource-constrained surveillance devices’ processing
burden and showcases edge-computing devices’ feasibility
and portability. This work collectively supports the idea
that achieving a solution for aerial flying object detection
in monitoring applications is possible, with high accuracy,
low power consumption, low latency, and a small memory
footprint. Future work involves extending the method to other
flying object domains and improving the detection efficiency.
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