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Abstract A novel detection framework is proposed based on a multiscale convolutional neural network (MSCNN)

to overcome low precision and insufficient generalization ability associated with existing object detection methods for

multiscale objects with complex scenes. First, an essence feature pyramid network is constructed to enhance the

extraction ability of multiscale features. Then, the focal classification loss is introduced as classification loss function

to enhance the learning capability of the MSCNN over complex samples. The proposed method achieves a mean

average precision(mAP) of 0.960 over the challenging NWPU VHR-10 dataset. In comparison with the RetinaNet

detection method, the mAP of the proposed MSCNN on small- and medium-scale objects increases by 1.5% and

1.9%, respectively

. The proposed method is found to be accurate and robust for multiscale objects.
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Fig. 1 Target detection framework of MSCNN
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Fig. 2 Structures of EFPN and dilated bottleneck. (a) Structure of EFPN module; (b) dilated bottleneck structure;

(¢) dilated bottleneck structure with 1 X1 Conv
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Table 1 Definition of bounding box areas based on

distribution of instance scales
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Table 2 Comparison of the detection precision of different algorithms on NWPU VHR-10 dataset

Method RICNN™/ FRCN-VGG-16"%) YOLOM™ SSD'*#) R-FCN"*) FRCN-Deform'™"' FPN!'®!  MSDN!™ MSCNN
Airplane 0.884 0.830 0.874 0.956 0.961 0.983 0.964 0.998 0.994
Ship 0.773 0.776 0.847 0.937 0.983 0.892 0.931 0.972 0.953
Storage tank 0.853 0.525 0.427 0.617 0.725 0.817 0.914 0.838 0.918
Baseball diamond ~ 0.881 0.963 0.931 0.995 0.994 0.984 0.947 0.991 0.963
Tennis court 0.408 0.629 0.658 0.860 0.907 0.859 0.944 0.973 0.954
Basketball court 0.585 0.688 0.870 0.944 0.978 0.927 0.959 0.999 0.967
Ground track field 0.867 0.984 0.975 0.987 0.981 0.988 0.990 0.986 0.993
Harbor 0.686 0.819 0.800 0.950 0.924 0.946 0.921 0.972 0.955
Bridge 0.615 0.793 0.903 0.966 0.934 0.947 0.838 0.927 0.972
Vehicle 0.711 0.639 0.704 0.745 0.884 0.816 0.900 0.901 0.933
mAP 0.726 0.764 0.799 0.894 0.928 0.917 0.931 0.956 0.960
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Table 3 Ablation experimental parameters of MSCNN

Average precision

Backbone
Ioy=0.5:0.95 Iou=0.5 Ioy=0.75 Small Medium Large
RetinaNet 0.690 0.945 0.809 0.532 0.559 0.682
EFPN 0.706 0.960 0.824 0.547 0.578 0.701
EFPN-NoProj 0.700 0.950 0.819 0.544 0.562 0.698

2) EFPN-NoProj

A% F RetinaNet H 5 Kzl B 2%, EFPN £ #F
TRRAE PR G S 1R 3 B R HL AR TR R B
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Fig. 3 Network structure of EFPN-NoProj
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Table 4 Average precision and average recall under different IOU thresholds and different bounding box areas

Average precision

Average recall

(I()U :0.5 :0.95)

Average precision

(I()U :0.5 :0.95)

Small Medium  Large Small Medium Large

Backbone
Iy =0.5:0.95 Ioy=0.5 Iou=0.75
RetinaNet 0.690 0.945 0.809
MSCNN 0.706 0.960 0.824
EFPN-NoProj 0.700 0.950 0.819

0.532 0.559 0.682 0.573 0.586 0.754
0.547 0.578 0.701 0.600 0.605 0.755

0.544 0.562 0.698 0.597 0.600 0.753

APy (1 17 46 I K5 B, AH %% T RetinaNet 45 1
1.5% @AP;, Fl 1.5% @ AP;; 3 25 . RI MSCNN H
o A 0 HE % B A B vy 1Y) 93 2 BE ) A2 AE 8] UTORS HE
B4 MSCNN HLf% T 0.600 @ small ., 0.605 @ medium
1 0.755@large 14 43 01 3, #1355 T RetinaNet B
KA T 2.7% @small 1.9 % @medium F1 0.1% @
large M3 4, D0 X /N RUBE HARTE A4 R | B A
— A #, F L, 5 RetinaNet M 2% 4 b,

MSCNNZ“TFF"&E’J%%RiEm,HHT TEEEET

OB Be . B, MSCNN ] L 78 5 9 B B AG:
25N RE R H xR

Pl 4 SRy S 90 A &5 S L AR R e LA
JIT 2 5 vk e 6% [ i X 22 28 22 RUBE H bn i 47 UE B A6
DU X 1 43 POl 3 R R R 1 TRBL L I

T A5 HE A AR X8 4R 1/ B AR L LLRCAS R ) Bk
YA ORTT RN A bs . PR U7 i Y RE 4
T ) RS

G5 P — DR W] T AR SCRT $R O7 B B0 AT

4 BT MSCNN i ] # Ak 46 I 2% 2R
Fig. 4 Visual detection results of MSCNN
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