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Aerial Infrared Target Detection Based on Improved YOLO v3 Algorithm

LI Yankai, XU Yuanyuan, LIU Ziqi, CHEN Yuqing
(Department of Logistics Engineering, Shanghai Maritime University, Shanghai 201306, China)

Abstract: To further improve the performance of target detection under air combat conditions, a detection
algorithm, namely EN-YOLO v3, based on an air infrared target and the optimization of YOLO v3, is
proposed in this paper. The algorithm uses the lightweight EfficientNet backbone network as the backbone
feature extraction network of YOLO v3 to reduce the number of model parameters and training time.
Additionally, CloU is used as the loss function of the model to optimize the model loss calculation method
and improve its detection accuracy. The results show that compared with the original YOLO v3, the
optimized EN-YOLO v3 target detection algorithm reduces the model size by 50.03% and improves the

accuracy by 1.17%. This can effectively improve the detection of aerial targets in infrared scenes.
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Tablel Lab environment

Parameters Configuration
Operating system Linux

Video memory 16 G

Training framework TensorFlow-GPU 2.3.0
Programming language Python

GPU NVIDIA RTX2080Ti
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Fig.5 Multi-target detection based on EN-YOLOv3 model
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Table 2 Experiment comparison of the same series of algorithms

Backbone feature extraction network mAP@0.5 Model size /MB

Darknet-53 0.8251 235.5
Efficientnet-B1 0.7822 50.9
Efficientnet-B2 0.8216 62.1
Efficientnet-B3 0.8185 78.1
Efficientnet-B4 0.8289 117.7
Efficientnet-B5 0.8203 173.7
Efficientnet-B6 0.8292 238.4
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Table 3 Different model structures established based on ablation experiments
Model Backbone feature extraction network CloU

Darknet-53 Efficientnet-B4
Model 1 v x
Model 2 x v
Model 3 x v v
® 4 AFEBRTH mAP 1 FPS
Table 4 mAP and FPS under different models
Model Model 1 Model 2 Model 3
mAP@0.5 0.8251 0.8289 0.8368
FPS 45 43 43
RS AR RS M5 R
Table 5 Model size and parameter quantity under different model structures
Model General parameters Trainable Non-trainable Model size /MB
parameters parameters
Model 1 61581727 61529119 52608 235.5
Model 2 30562887 30428887 134000 117.7
Model 3 30562887 30428887 134000 117.7
. [2] #ANE, MR, B, & R ER AN H bR A& R
4 LEiE

LA H e 2 AR A A b i — A B
BSCER 2, B ASrl F) E J0 7E S 2 vhAT AR K 2 o
N T RS E— BT B ARR N EE R YRR, A SO0 T
YOLOv3 HEiiAT 7 ihith. BhRMAZHLZH
DarkNet-53, {# [ EfficientNet [ T M4 58 BAEFE
AR, FEACEY R, w2 HE, 2
T 7 NGRIE E s 48 FH CloU 15 2 X 28 452 2 (1) 43 2% bR
FEVT AR AT 25 & o0 p P S L B B T AR 58 Ll
3ANELER, AR RO BN AT A ESEAE, $RTF T
RS FIUIN (RS VHE L o SR I A5 SRR W], AR SCHR
(1] EN-YOLO v3 BETEATNIE B AKT YOLO v3 1
BT, ALK/ YOLO v3 BRI T 50.03%, A&k
FEEL YOLO v3 #2717 1.17%. 7E F B i 78 TAE
H, W DI ARG, dREd R BngE, SKIlAAb
Y R RIS A .
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