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Abstract A method for enhancement of a single shot multibox detector (SSD) for aerial infrared target detection is
proposed. Herein, the relationship between the sensing field and number of feature layers is analyzed, and a
bidirectional feature map fusion mechanism that uses both pooling and deconvolution operations is proposed to
enhance the feature expression ability. The semantic enhancement branch of the shallow feature map is introduced
and the prediction boxes on the high-resolution feature map are increased, so that the positing accuracy of small-size
targets is improved. Comparative experiments on the VOC2007 small object dataset and an aerial infrared target
dataset reveal that the mean average precisions increase by 7.1% and 8.7%, respectively, accompanied by a slight
decrease in detection speed. The results demonstrate that SSD enhancements can achieve good performance in aerial
infrared target detection.
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Fig. 2 Schematics of multiple feature fusion methods. (a) Pooling; (b) transposed deconvolution; (c) bi-direction fusion
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Fig. 3 Diagram of semantic segmentation branch
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Fig. 4 Comparison of detection results of small targets obtained by original SSD and improved SSD.
(a) Original SSD; (b) improved model
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Table 2 Small object detection results of VOC2007 dataset

Detection result

Method mAP
Aero plane Bird Boat Bottle Car Dog Sheep Person
SSD_300 X300 0.537 0.601 0.525 0.426 0.374 0.720 0.556 0.538 0.563
Proposed method 0.608 0.685 0.570 0.534 0.503 0.748 0.597 0.652 0.591
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Fig. 5 Detection results of infrared aerial targets
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Table 3 Aerial target detection results of infrared dataset

Detection result

Method mAP
Fighter_J Helicopter Fighter_S Airliner Bird

SSD_3002X 300 0.618 0.659 0.615 0.266 0.819 0.732

YOLOv3-320 0.641 0.730 0.548 0.314 0.867 0.747
Proposed method 0.705 0.784 0.636 0.485 0.822 0.796
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Fig. 6 Comparison of recall-precision curve of infrared
aerial targets
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Table 4 Number of predictive boxes for each classified network and speed comparison

Number of boxes

Method Total boxes FPS
75 X175 38X 38 19X19 10X10 5X5 3X3 1 X1

Original SSD 0 4 6 6 6 4 4 8732 25.2

Modified SSD 4 4 4 4 4 4 4 30260 9.4
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5 4% 1w

TR T 4 i SSD VR JE W) 25 4G T AE 48 1Y 45
FFIALEE , I 58 33 1 — 25 70 W7 46 B R A2 17 5 BRA
FRAEAEZE S0 A BUR T et 5C = L 46 /0 B A K
RE AR, 7R 4E SSD #ERISERE I, 5] A%k
JZRRAE T SR 58 43 3, FF B T — X 9 R AE
AlA ML 75 VOC2007 B /N H bR BOHE 5 28 v 2
ANECHE B B AT K, 15 2 A9 mAP iR S T
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