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Fusion of bounding box Gaussian modeling and feature aggregation

distribution for fine-grained recognition of remote sensing aircraft images
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Abstract: Objective As a basic branch of computer vision, object detection plays an important role in subsequent tasks
such as image segmentation and object tracking. It aims to find all the objects in the image and determine the location and

category of the objects. It is used in industrial testing and has profound and extensive applications in aerospace, autono-
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mous driving, and other fields. Aircraft detection in remote sensing images is of great significance to both military and civil-
ian fields such as air traffic control and battlefield dynamic monitoring. As a result of the large differences in object size in
remote sensing aircraft images, the acquisition process is affected by factors such as lighting and occlusion, resulting in
similar characteristics of different types of aircraft, poor detection of small objects, and the inability to achieve fine-grained
distinction within categories. In object detection, the loss function is used to measure the difference between the model pre-
diction and the actual object, which directly affects the performance and convergence speed of the model. Adjusting the
model parameters so that the value of the loss function reaches the minimum value can improve the accuracy of the model in
the test set. The loss function of YOLOVS5 consists of position loss, category loss and confidence loss. YOLOVS uses the
intersection over union (IoU) and the derivative algorithm complete IoU by default, and provides IoU, generalized loU,
and distance loU for replacement. However, for small object detection, especially with anchor box-based algorithms such
as YOLOvS, the loU series indicators cannot meet application needs well. Different types of remote sensing aircraft have
fine-grained characteristics, which are reflected in subtle differences between classes, large differences within classes, and
detail accuracy within classes. For fine-grained recognition tasks, extracting local information is crucial. The feature
fusion module PANet used by YOLOvS5s cannot achieve global feature fusion and is not conducive to extracting fine-grained
features. To solve the above problems, this article proposes a model improvement algorithm based on YOLOvSs. Method
In view of the shortcomings of IoU in small object detection based on YOLOvS5, this article introduces Gaussian Wasserstein
distance into the calculation of bounding box overlap to improve the detection performance of the network. Different from
the ToU series of algorithms that calculate the similarity between different prediction boxes and real boxes based on the set
of pixels contained in the bounding box, the Gaussian Wasserstein distance abandons the set, models the bounding box as
a two-dimensional Gaussian distribution, and proposes a new metric called normalized Gaussian Wasserstein distance to
calculate the similarity between frames, which fundamentally solves the problem of IoU in small object detection based on
YOLOvS5. In response to PANet’ s shortcomings in fine-grained detection, this article introduces the gather-and-distribute
feature aggregation module in Gold-YOLO into YOLOv5s to enhance the YOLOv5s network ’s ability to extract fine-grained
features through convolution and self-attention mechanisms. 1) The method combining Gaussian Wasserstein distance and
traditional IoU is used to improve the loss function of YOLOv3s. 2) The gather-and-distribute feature aggregation module is
introduced in the neck part of YOLOvS5s to enhance the network ’ s local feature extraction capabilities. Through the above
two methods, the overall detection accuracy is improved. To test the advantages of this algorithm in fine-grained and small
object recognition on military aircraft, this paper uses the remote sensing aircraft fine-grained classification dataset MAR20
and the remote sensing aircraft small object dataset CORS-ADD to conduct experiments. In the field of remote sensing mili-
tary aircraft identification, different types of aircraft often have similar characteristics, resulting in different types of aircraft
having similar characteristics, making it difficult to achieve intra-class identification. This article uses the open-source
object detection remote sensing image dataset military aircraft recognition 20 (MAR20) to achieve fine-grained recognition
of remote sensing military aircraft. The dataset contains a total of 3 842 images, including 20 military aircraft models (SU-
35, C-130, C-17, C-5, F-16, TU-160, E-3, B-52, P-3C, B-1B, E-8, TU-22, F-15, KC-135, F-22, FA-18, TU-95,
KC-10, SU-34, SU-24). The CORS-ADD dataset is a complex optical remote sensing aircraft small object dataset that is
manually annotated and constructed by the Space Optical Engineering Research Center of Harbin Institute of Technology. It
contains a total of 7 337 images, including 32 285 aircraft instances, and the object size ranges from 4 X 4 pixels to 240 X 240
pixels. Different from the single data source of previous remote sensing datasets, the CORS-ADD dataset comes from satel-
lite platforms such as Google Maps, WorldView-2, WorldView-3, Pleiades, Jilin-1, and IKONOS, covering airports, air-
craft carriers, oceans, land, and other scenarios, as well as aircraft objects such as bombers, fighter jets, and early-
warning aircraft at typical airports in China and the United States. Result To test the algorithm improvement effect of the
two improved modules on remote sensing aircraft recognition based on YOLOvSs, this article compares the model perfor-
mance of the original YOLOv5s with the introduction of normalized Gaussian Wasserstein distance (NWD) (r is the weight
parameter used to adjust the ratio of ToU and NWD) and GD. The experimental result shows that the introduction of NWD
and GD can improve the recognition accuracy to varying degrees, and the improvements are effective. When the ratio of

IoU to NWD is 1:1, the recognition effect of the MAR20 dataset is the best; when the ratio of loU to NWD is 1:9, the rec-
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ognition effect of the CORS-ADD dataset is the best. Experimental results show the following: For the MAR20 dataset,
compared with that of YOLOvSs, YOLOv8s, and Gold-YOLO, the mAP of improved YOLOvSs increased by 1. 1%, 0. 7%
and 1. 8% respectively; for the CORS-ADD dataset, mAP increased by 0. 6%, 1. 7%, and 3. 9%, respectively. Conclu-
sion An improved YOLOvSs network is proposed to solve the problems of large object size differences and high intra-class
similarity in the process of remote sensing aircraft image recognition. On the basis of YOLOvSs, the loss function of
YOLOVS5s is improved by combining the Gaussian Wasserstein distance with the traditional IoU metric, which improves the
detection effect of objects of different sizes, thereby improving the detection accuracy of the model. At the same time, to
solve the problem of the characteristics of different types of aircraft being similar and the difficulty of distinguishing between
sub-categories, this article uses the gather-and-distribute feature aggregation module in Gold-YOLO to enhance the ability
of the YOLOvSs network to extract fine-grained features. A comparison shows that the improved YOLOvSs has a better
model detection accuracy than that of YOLOvSs, YOLOv8s, Gold-YOLO, and Faster R-CNN. To improve the image pro-
cessing speed of the model without reducing the accuracy of the model and to reduce the consumption of computing
resources as much as possible to achieve lightweight deployment in the future, this article will consider using the C3_DSConv
network to replace the C3 network of the YOLOV5s detection part to improve the model check speed and make it lightweight.

Key words: object detection; improved YOLOvSs; remote sensing aircraft imagery; fine-grained recognition; feature
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AL GD 2l 1 3y i AN [ R HARBY IR RE ), £
it TARBY BOR B —43 & (Low-GD) Fil i3 i BER B —
43 % (High-GD) P4~ 4332

1) Low-GD WHB45# . Wil 6 (a) ik, B2, B3,
B4 . B5 /%32 YOLOv5s 7E backbone JZ % H B 4RAE A o
AR B REAIE X 5% (Low-FAM ) B REAIE € R /38—y B4
(Y RT, 23 5% BS 2O ERAE A B (bilinear
upsampling) (Shelhamer 55 ,2017) , Xf B3 . B2 JZ #17
F- 234k, (average pooling) , £ Ji7 i 12 Concat #F174¢
MR A9 o (KB 5 B (Low-TFM) #§_E 2 chan-
nel [ % H 285 14~ L (Conv) |2 . 21> RepCony
JZR A G BUR RIS B, 5 1 Splic 2V 15
#| Inject_P4 F Inject_P3, B J5 ££ Inject J2 1Y £ J2 fil
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2) High-GD W #5454 . 41l 6 (b) T /5% , High-
GD 55 Low-GD F [ £ 2544 KAk E2E AL 5 Bir b Ak
R 57 (High-FAM ) it 32 -2 3t A4 Low-GD 1) Inject
JZ 4t P3 A P4 [ 2 3] PS CRRAE 1] BS ) K/, i s
Concat #E 47 FEAE B & JF o @ B 5 K Al & (High-
TFM) 4§ High-FAM 75 £ i 5 4 78 1 14> 2 3k 1 3
71 (multi-head attention ) #i#t ( Zhang 1 Gao, 2020) .
1> /45 2% (feed-forward network ) 5 it (Oh Fl
Park , 2011 ) Fl5% 2% 3% # (He 55,2016 ) 41 J /) Trans-

former £ B 3 17 @l & J5 , 7€ Split )2 Y1 Jr , 15 %
Inject_N4 F1 Inject_N5. High-GD HI Low-GD [
Inject CRFAE 73 & ) B B2 58 42 A [ 119

25 LR AR SCIE FH Y GD R4k 3R A B L
T I YOLOvSs 4 Neck #BJ7, fe KB et st e o
Low-GD {3 PANet () I SR AE Rl B Bt , HT High-GD
U PANet 19 T R ARG B BE. T8 3d 5E — BB,
B RUEE 105 BT RAE TS, IR Rl& 1 FRIE
Iy REBIANE R JZ , DRk ot 11258 FPN 254 [ A 915
BER WAL B2 R INAE R A1 B0 R 8558 T Neck
B4 B M5 B Rl A e 7, AT & R A T X backbone
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L) LN
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Fig. 6 Two branches of the GD module ((a) Low-GD; (h) High-GD)

2 LWEHH

2.1 MRXMNKEHESE
2.1.1 MAR20

TE 8 B RAILIR B A8k, AN [R]85 1 RBILAE
A HA AL R, FEOR RIS 1 CHLE A A
PIRFIE , AN 55 SEBZE N U . AR SO R IR 9 H A

Kz I 32 2% 52 A5 U5 B2 MAR20 (military aircraft recog-
nition 20) , 32 B 1 JE& 4 CALARRL R . 1z 8
I 3 842 i EI15 , 45 20 FP 4 H R AHLAL S (SU-
35.C-130.C-17.C-5 . F-16 . TU-160E-3 B-52 . P-3C ,
B-1B.E-8 . TU-22 F-15.KC-135 .F-22 .FA-18 .TU-95 .
KC-10.SU-34,SU-24) , {& #5435 2 A1—A20, ¥ il
WE 7 fis .

MAR20 243 5 20 Fl RALAL S (14 22 341 A5 451,
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BRI AR P YR H A DL 1 TR

B17  MAR20 e 20 Fh KALAL S5
Fig. 7 Examples of 20 aircraft models in the MAR20 dataset

#1 MAR20 EEEXHLFAHBEHHIER
Table 1 The distribution of the number of MAR20

aircraft instances of each type

KL B EK LS S
Al 1 646 All 507
A2 1729 Al12 702
A3 1176 Al3 1652
A4 642 Al4 1778
A5 1262 Al5 618
A6 441 Al6 2632
A7 680 Al7 1397
A8 944 Al8 308
A9 1086 A19 1236
A10 924 A20 981

2.1.2 CORS-ADD

CORS-ADD (complex optical remote-sensing air-
craft detection dataset) Z¢ 48 £E (Shi 2%, 2023) /& M4 /R
VT R A2 (D2 TR 58 O TS n ik 4
(952 2t RN H AR 4 A5 7 337 i
FUE A RHLSE ] 32 2854, H AR Ay K/ LA
4 x 4R R F 240 x 240 R E A A T LA I IR
B A B — (R SR R, CORS-ADD B4 4 1) £ s
kT Google Map . WorldView-2 , WorldView-3 , Ple-

iades  Jilin-1 . IKONOS % T2 V-5 , W AL i 2
BRI R b 45 2 Pl s, 2 5 v R R S T 4
RINLG P Z KERL S DRI TS L AE C L H AR, B
4N 8 FIraR o

18  CORS-ADD ¥ila 4 CHLEE ]
Fig. 8 Examples of aircraft models in the CORS-ADD dataset

AR YR ST B o A A e BRI AR AR 30 ik 42 Ak
EBEHLI o3, AR E 2 A T A RUR PRI S SR 45 2R 1
FAE . YRR g A A 4R i T S 45
h 3 45T 192 A 193 Wi, 7EEHE AR 43501l 15 90%
5% 5%

2.2 EERE

S5 R H Linux B2 7E R 48, IR JZ %7 ) PyTorch
1. 10. 0 fE 42, cuda Wi A< 11. 3., DA NVIDIA GeForce
RTX 3090 GPU = 8 4 3245, A7 12 GB, L5 fif
H T % 21858 K Pycharm , iF 75 4 Python 3. 8.

2.3 HirWNEXIEEIER

AT VAR B RE PR RE AN Sk FH R Bk
JE VE M 48 Br o0 7 S490KS 2 221 {5 (mean average preci-
sion, mAP) , ¥ £ AP /R HE# R (precision, P) il 4
0] (recall, R) H1 £ T BT AL, mAP H1 2538531 AP (9
SEEEAF H, mAP R F s AU B B (0 i
45,2023),

2.4 HRASKIES5XIEE SRS
2.4.1 FADKSEE
AT MEREE T YOLOvSs 138 B AL A, B4
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Rk, RXE, TK, 2EER, TEE
MENFESHEESHIERA D ZIE R AR IR

AR i 37 A SR R B 4t YOLOvSs 3R
343 HIAE MAR20 #1 CORS-ADD W54 % 4 | ik
TP UE o SEH6 e AR R AR R 92 U5 T k47, ¥k e
2] %0 0..001, ik 5 K/ A 32, 285 100 AR
Y, M2 I s

AL T E YOLOvSs 543 5151 A NWD Fi
GD JE AR PERE  SCb g R e 2, F2w,rh
SCHEF B T A ToU 5 NWD F I AL B 50, N
T AT PR A I R S8 (5 7E B A T R
PO BT o X i IR AL/ B AR EdE 42 CORS-ADD T
5, M ToU BT FL B R B NWD I Fe 1) b T, 30
TG BERE 2 4R T), 24 ToU 5 NWD i 1:9 B, 351
BRI UER NWD 895 LA /N BRI 85, 56
K25 FR I, NWD A GD B 51 A X RE I U5
AN FFEEE A EE T, BT O A AL

*2 HMZEE
Table 2 Ablation experiment
mAP@0.5/%
Tk
MAR20 CORS-ADD
YOLOv5s 96.90 94.70
FIANWD(r=0.1) 98.20 95.15
FIANWD(r=0.5) 99.00 95.06
F5IANWD(r=0.9) 08.48 94.75
5[ AGD 98.20 95.29
Pk YOLOvSs 99.10 95.36

TE R R 7R 45 9 de (L4

BT TH A S0 Y B e SR LSRR R, AR S
1E YOLOvSs H [a] B 51 A NWD Al GD A B, 43 5] 78
MAR20 fil CORS-ADD ¥ 4~ % ¥l 4£ b ¥ ok ot
YOLOvSs B 3 55 YOLOvS5s . YOLOvS8s . Gold-YOLO
F1 Faster R-CNN 506} FL 5256, S 45 R inZk 3 Fis .
S 3 W AR SCAR A X T 8K 48 48 MAR20 1 CORS-
ADD EA R ARG B2

X T U5 4 MAR20, BCiE YOLOvSs () mAP 35
#| T 99.10%, YOLOvSs, YOLOvS8s . Gold-YOLO Al
Faster R-CNN 73 51| 247 96. 90% . 98. 30% ., 97. 20% #I
98. 70% , mAP 43 5l #& 5 T 2. 20%.0. 80% ., 1. 90% £l
0. 40%.

Xt T4 CORS-ADD, 2 #F YOLOvSs it mAP
iIKF T 95.36%, YOLOvSs . YOLOvSs , Gold-YOLO I

Faster R-CNN 43 %1 35 94. 70% . 93. 61%. 91. 40% 1l
89. 10% , mAP 73 5 T 0. 66%. 1. 75%.3. 96% Al
6.26%.

£3 XLt

Table 3 Comparative experiment

mAP@0.5/%
Ik

MAR20 CORS-ADD
YOLOv5s 96.90 94.70
YOLOv8s 98.30 93.61
Gold-YOLO 97.20 91.40
Faster R-CNN 98.70 89.10
i YOLOvSs 99.10 95.36

E O TR R % 9 e L4 R

2.4.2  FEAUARRL TR BIRCR

& 9—I&] 11 43 51 5 YOLOv5s . YOLOv8s Fl 2k i#F
YOLOvSs A= B 1 1R 76 50 1 1 T 904k R, X fr 2k
b B F R Y TE A A S AR A LB T X
2 1 BUE ) 2 /s R AR R 73 S AR AR LL 3], AR
ARV R PR IO Ry — A %o R

ARSI TR MR S 21 x 21 BOSERE , 55— 51
RE—Fh BTN, B — 1T ER—FhFO 5, 5 —
ASTCER W LI R AT R 1 S5, T2 ) S 3]
X ., B9 FR A 1 A A 19 7 i (.
“0. 26" KN A 26% 1 AT BRI I A19, i 5F 21 51
52017 UM 0. 047 KRR A 4% M8 SR 2K
A20,

WE 9 iR, YOLOvSs A 6 RSBl 43- 25 1 %
It T 90%, TN AL A15  A18 432K RN
A3 R 45% 49% . 43% , ITE 50% LI, R I FE
EXMLTRL R RE. WE 10 i,
YOLOv8s IR YOLOVSs A #5427, 14 Fh2 5)
(53 JETE R R L T 90% , (E IR V8 JE K AR X f £ T
R L H A, AT UL YOLOvSs %5823 26 51 1 KALA
REAR G5B W&l 11 7R, AR SCECHE ) YOLOVSs 43
AR HE T 90% AT 18 B, 5 Fh2 5l 4 23 25 TE
FIRF T 100% , IRVEHLFEIEXT A L0 R YOLOvVSs
o R L, RO AT

ot B o— [ 11 By xF He L, vl LU E ek ik
YOLOv5s 575 A5 5 10 TR A JH OF e 2 30 o) A7 I L
XL IR B> HonRER /N, SLHgs REL, xf
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Fig. 9  Visualization of confusion matrix of YOLOvS5s
SYRIETHAS S BB

Al 0.07 0.08 0.05 0.22
A2 0.06 0.02
A3 0.01 0.03
A4 0.06

A5 0.10 0.02 0.03
A6
A7 0.03
A8 0.01
A9 0.03
Al0
All 0.03
Al2 0.05
Al3 0.08
Al4 0.10 0.05
Al 5 0.07
Al6 0.04
Al7 0.01
Al8 0.03
Al9 o6 017
A20 0.05
TR FN oa
— Nt oS0 O — AN T O 0O
9% %99<3233333933338E
Ir
HI

10  YOLOvS8s IR IB M nT #i 4k

Fig. 10  Visualization of confusion matrix of YOLOv8s
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Fig. 11 Visualization of confusion matrix of improved YOLOvS5s

T MAR20 HAFEAI LR AL, 2kt YOLOvSs 7EASC
3R B S R AR EE RO TR BE
2.5 SRR RG]

SEBR AR 12— [&] 14 o e
D5 TEAGIUAE b 5 1 43 51) A 24 1) 44 0 HG A (O
15 BEAE H bR A I v g A 2 AR AR X S 25 SR Y AR
R,

E 12 (a) F1E 13 (a) 78 YOLOvSs F1 YOLOv8s

X AL A FERE O, 43 50K A3 BEA Sl A9 FTALS.
12 (h) F1E 13 (b) & 78 YOLOvSs 1 YOLOv8s %
A5 735 EAR A RS O . BT 12(c) AT 13
(e) 7, 76 H br /N 1% B0 5, YOLOvSs Al
YOLOv8s ¥ AN g XF A1, A19 #F 47 1R 4F 1% X 4,
YOLOvSs #4#43 A19 1243 25 A1, YOLOv8s 1 Al
WK NALG,

MHEZ T, B 14 8w b3 n) 5340 A 7 o itk

(a) AITRRHIRCR (b) ASTHIIRCR () ATRIA TR IR

K12 YOLOvSs B SEBRiIRER
Fig. 12 The actual recognition renderings of YOLOv5s

((a) the recognition of A13;(b) the recognition of A5;(c) the recognition of A1 and A19)
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(a) A13TH ARG

(b) ASTHAIRL R

(c) ATFIAT9H A5

K13 YOLOv8s Y 5L FRii s R
Fig. 13 The actual recognition renderings of YOLOv8s
((a) the recognition of A13; (b) the recognition of A5;(c) the recognition of A1 and A19)

(a) A13TH ARG

(b) ASTHAIRL R

(c) ATFIAT9TH A5

Fl 14 Bk YOLOVSs (52 PRl R
Fig. 14 The actual recognition renderings of improved YOLOvS5s
((a) the recognition of A13;(b) the recognition of A5;(c) the recognition of A1 and A19)
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