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Abstract  Object detection methods based on deep learning are the current research focus of computer vision.
However, when detecting small objects, existing detectors often suffer from missing detection. Every pixel of
hyperspectral images contain the spectral information of small object materials. Therefore, they can provide
additional support for improving the detection performance on small objects. However, the adjacent bands of
hyperspectral images are highly correlated. It is thus necessary to select representative bands to reduce the
computational redundancy. In response, this paper proposed a hyperspectral small object detection model, which
used the radial basis activation function (RBAF) to carry out spectral screening and object detection. Specifically, in
view of the band redundancy of hyperspectral images, an attention mechanism based on the RBAF was designed for
spectral screening. As for the high texture fuzziness and low distinguishability against the background of small
objects, the resolution of input images was reconstructed first. Then, a radial basis object output network
(RBOON) based on the RBAF was constructed to enhance object classification. For model simplification, spectrum
screening and resolution reconstruction were integrated into an attention-based resolution reconstruction network
(ABRRN). With the combination of the ABRRN and RBOON, the detection model can screen the specific spectrum
and suppress false alarms and thus improve the accuracy of small object detection. Hyperspectral small object
detection experiments show that the proposed method improves the two detection accuracy criteria, namely AP50
and AP50:95, by 5.4% and 0.2%, respectively, which means it is better than other methods.
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Fig. 1 Schematic diagram of the radial basis activation function for spectral screening (RBAF-SS)
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Table 1  Overall structure of the detection network

Output shape /

Stage Sub-network Block Layer details . . .
(pixel X pixel X pixel)
Input — — — — 384 X192X25
Conv+ReLLU
Conv
ABRRN — Deconv 768 X384 X6
) RBAF-SS
GAP
Element-wise multiplication
ABRRN — 1536 X 768X 3
Same as the above ABRRN
. Conv+BN+ReLLU
Down sampling . 384XX192X64
Max pooling
Conv+BN+ReLU )
ResBlock Identity
. Conv+DBN 384 X192 X 64
(no down sampling) . .
Element-wise Addition
Conv+BN-+RelLU
ResBlock . Conv+BN
. Conv+BN 192X96 X128
(down sampling) . .
5 ResNet-18 Element-wise addition
backbone ResBlock Same as the above ResBlock
. . 192X 96X 128
(no down sampling) (no down sampling)
ResBlock Same as the above ResBlock
. . 96 X 48X 256
(down sampling) (down sampling)
ResBlock Same as the above ResBlock
‘ ) 96 X 48 X 256
(no down sampling) (no down sampling)
ResBlock Same as the above ResBlock _
‘ ‘ 48X 24X 512
(down sampling) (down sampling)
) DCN-+BN+ReLU
Up sampling block 96X 48X 256
. Deconv+BN-+RelLU
Up sampling . )
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0
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4 RBOON — . . 96X 48X1/2/2
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layers. (a) Faster RCNNM (ResNet-50); (b) YOLOv3P? (Darknet-53); (c¢) FCOSFZ ( ResNet-50);
(d) CenterNet?” (ResNet-18): (e) proposed method (ResNet-18)

R T 2 B R A B 5 D7 6 kg 4 i e
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PAE 0.40.,0. 45,0, 50,0. 55.0. 60,0. 65 A ToU [
R BERS N 2.1%.2.5%.4. 0%.9. 2%,
16.1%0.26. 1% AR THA 4 FEET Sigmoid /9 H 5
0 T AR I T AR AR TN H A A
1) MR
4.3 WNEESHRLE

R A B2 A /Iy H AR R DU P R A A% O FE R
2 2 TR 3 43 5h 4 Bkt AT VA R IORS B2 5 A
S THREEES . X T AP FE PR F5 A8 AP5S0
H1AP50:95, 43 3 51 T & XF /N B bk L o 45 H bR A
FREPRIRGE B . R B RS, TE T Rl S IR 4
sk 3 Fros), T AN Ik 7EHE S | 4k 7k

50— Faster RONN (ResNet-50)
—— YOLOV3 (Darknet-53)
FCOS (ResNet-50)
40+ ~# CenterNet (ResNet-18)
= Ours (ResNet-18)

040 045 050 055 0.60 0.65
IoU threshold

8 AFEFFELESR ToU BIfH TR R
Fig. 8 False alarm rate of different approaches under

different IoU threshold
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Table 2 Detection accuracy and ablation experiment

AP50 /%

AP50:95 /%

Methods - - - Time /s
Small Medium Small Medium All
Faster RCNNH-
59.4 69. 5 62.2 21.8 30. 4 24.2 0. 044
(ResNet-50)
YOLOv3™-
51.8 67. 4 56. 2 18.5 28.5 21.3 0. 015
(Darknet-53)
FCOS™
25.0 46.7 31.1 9.0 9.7 8.6 0. 041
(ResNet-50)
#£3 THESLE
Table 3 Ablation experiment
AP50 /% AP50:95 /%
Methods - - . - ,O . Time /s
Small Medium Small Medium All
CenterNet™?"
60. 2 70. 4 63.1 21.5 28.3 22.7 0.011
(ResNet-18)
Proposed-ABRRN
64.9 73.8 67.4 23.4 27.0 24,4 0.020
(ResNet-18)
Ours-RBOON
60. 7 70. 6 63.5 21.6 28. 4 22.9 0.011
(ResNet-18)
Proposed
65.0 74.2 67.6 23.5 26.7 24. 4 0. 020

(ResNet-18)

Hi%% 3 AT H L M TR CenterNet ™, A
5 ABRRN H1 RBOON 14 i 2 71 /4 2% 46 I ks
&, Hidh ABRRN ¥ AP50 Fil AP50: 95 43 5l #2 T+
T A 3%AN L 70, /N B bR BB TSR 4. 7%
FL 9%, RIS, FRERTHE & T 0. 010 s, LA ] F iy
B LIEZ . RBOON WhE—E L F4TT
KRS BE L 78 AP50 F1 AP50:95 [ 4» J132 7+ 0. 4%
F10. 2% , [RIBTHER 5 544 CenterNet*AH[A] ,

7£ ABRRN Fil RBOON Ay [F/E R A 5T
T AP50 Ml AP50: 95 43 Bl 35 #) 67. 6% FI
24. 4% 7E 3 B RIURS BE b ¥ A0 T SR AR X IR Ok
Faster RCNN'Y 78 i 45 H b o, A 0F 58 7 ik 10
AP50.:95 BEAIEF Faster RCNNMY, Hoa] 19 X 5 iy
By e s SnEm O e, BRT
ARG T IR FEA ST W] e L) K 3R TN B AR
DPKS FE T H AR
5 45 b7

BT B A A I X /0N B Ar A IS BEAS 2 i ]
K H CenterNet HFRKIHELE , 5] A =i EIE .
KT RBAF #3 ABRRN #l RBOON, PL3E & /~NH
FrERIRG B2 . 76/ B bR G Bl 4 L, Se sk
T AR HE VA AE G a5 0 ) R T AR
i e e LA RS B . AR 9T B 7R R B 67, 6%

1 AP50 F1 24. 4% 19 AP50:95, %% CenterNet 43
BT T 5. 4% A 0. 2%, R BBy T AR SR 22
RBAF FEAH 2 HoAth 55 D6 3% 3158 ML B8 40 3k o, 563 31
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