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Fig. 1 Schematic diagram of the UNet architecture
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Fig. 2 Illustration of domain shift
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Fig. 3 Architecture of knowledge distillation
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Fig. 4 Design flowchart of the proposed model
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Fig. 5 UNet architecture used in this research
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Fig. 7 Squeeze-and-excitation block
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Fig. 8 FPN-SE-DA-UNet architecture

250145 (Page 6 of 14)


https://doi.org/10.12086/oee.2026.250145

B OSCIE, 4 S TRE, 2026, 53(1): 250145

https://doi.org/10.12086/0ee.2026.250145

Pre-trained

Teacher m

. ™m
i

Soft labels

Predic

Kullback-leibler divergence

To be trained

Data Student model

—> Predictions

B9 iR RiE4EHM
Fig. 9 Architecture of knowledge distillation
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Fig. 10 Dataset samples used in this research
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1 HEAGFTE A GRE R EAARE KBS H & K IRA9-F39 K bl

Table 1 The number of images per scene and the average ratio of mask size to background area

Scenel Scene2 Scene3 Scened Scene5 Scene6 Scene7 Scene8 Scene9 All
Number 605 2361 693 1869 1441 1724 1097 1210 11761
Ratio 0.00074 0.00064 0.00058 0.00090 0.00082 0.00098 0.00088 0.00074 0.00091 0.00082

42 SHELE
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T PyTorch VRIEZ# 2 HERL AR Ayt G 7 2 ) 21145 g
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Adam fitfb#%, H T FPN-SE-DA-UNet A% M52 4%,
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KREEFEFIH GPU WAF Il 43 KT BE IR B e, ROk

L334T 30 4~ epoch, batch size B R 16, HJUH2F 2 HK
(L) B¢ 0.0001, i 2k 1T Hp el | 32 107 A o 2R AR 1A
4 0.008
TEIR ST R ZE IR i R, ASHIFFORE 52K R AR
L& N
L=Li+Lj+ Ly, (12)
Lia = kX R(Teacher, Student, T) , (13)
e L WZRIEIUR s Kk ONZEM ARG R OAGIA KL X
JEIG , P TN 45 R 5 AR AR JU Y b 25 22 1)
AR s T o R AR IR 2R A
IR b, kBCEN 0.1, THRE N 2, BRI
R rbEE RO T4, HAVE 240 FPN-SE-DA-UNet
Pfr—2

4.3 1RBITIN M RERTEE

B IE T4 FPN-SE-DA-UNet A8 () 1ERE , ASHIFSY
PEHL T 8 P A ARERIEATE S BB E R X BRZH A 10
I, 34 FCNP'| SegNet”™ . AttentionUNet'”', LWUNet,
SegNeXt”, Swin-UNet”!, PIDNet”', PP-LiteSeg"”,
K H ToU F1 DICE WiHi§ brxf 4 5 RUHEF TR BEPTAl . Ry
PR, Frf v BRI AR R I R &,
TR G VIR . 2% IGRBES, B
FPN-SE-DA-UNet f45—2, A5 AR BRI 45 2R 4n
%3 FR, ERATSLE AT AREE R AN E 11 PR

M 3 A DLW %% B, A Ik T FCN. SegNet,
AttentionUNet, LWUNet., SegNeXt. Swin-UNet, PIDNet

k2 MEYGRE
Table 2 Hyperparameter settings

Epoch Batch size A L,

30 16 0.008 0.0001

* 3 AR A A M AL MR 4 R ATk

Table 3 Performance comparison of experimental results among multiple models

Evaluation index FCN SegNet AttentionUNet LWUNet SegNeXt Swin-UNet PIDNet PP-LiteSeg Ours
loU 0.1251 0.3076 0.4576 0.2254 0.3385 0.4043 0.3911 0.4337 0.5229
DICE 0.2196 0.4695 0.6276 0.3674 0.5054 0.5753 0.5622 0.6049 0.6866
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Fig. 11 Visualization of selected experimental results
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Fo Hk, ARFFE5IATEEIHLEH SEBlock, (HAHEA
REBEINE R EE, BRI RHERREE ). 2K
I, AttentionUNet tiE %N T E A1 T#EHIC, il
BT 8 R AL B OCHE X, AT ZE I oA B A i R 81
wE, HIEBNAE P E S SINGEAEEN 2R, &
ST I T SRR AE XS S, RIRIAEAS 2% ] IR 5
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AN, W 11 fras, FON I 2 R AE B R SF i/

H RSB RKR, BoSmmEma PR EaERk,
e/ BARArBIRE T R 2, JLF AR LT
TEAL# o Swin-UNet i i 5k 45 A # 2 % 1 ) Swin
Transformer #4587 U JE i i & 28 W45, % 2% e
g WA MU AR A R AR, R /N B AR BT 55 oA
WRRUR, RETE—E R LA PR REG . PP-
LiteSeg MR R HIBAL, L8 N maPRs L
GG, Bt T PR RNLEEREL, A
BRI BRI R R AR, /N H iR s
FRIERIRTURBEEA R, 1411 i FPN-SE-DA-UNet N fig
FEAT A A HERERAEAR B, e T O RRIE I v S
AR BT, I AR INZRAE R B RAIE 3 A % 5%,
M BESEO RS H B E CHLITERL B, JFXT RALAL
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W FPN #iHe, 53] FPN-UNet; ¥RA07ER A ML)
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21 FPN-SE-DA-UNet., 437l %}_F iR £ #4147 ToU
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JEARTE 12,

M 4 FE 12 AT RAE H, UNet B T2549 3 T
B X /NEPRE S RIRE A YA IR, AURETE LT
fr g A R R A “7 o 7E5I A FPN U5
i 7 RIRDG /N H AR 2r#IBE ), ToU 5 DICE ¥4 —
SEREHETE, H Y mask BEMS A EE AL 2 Xk, 5l
A SIHLH)E , FPN-SE-UNet 7£ FPN-UNet i J3E6E
BNSE T X E R OCEERRIE Y 2% ), ToU & DICE #
— 8T, il mask BB B BN G RS (S B .
FEGIA G H G NS, BRIz A g 115 23
5%, IoU 5 DICE thA T H W7+, M FPN-SE-DA-UNet
My mask K FH, RALRBWALERE M A&, RIS R
WREAE— RS LR T, B0 0E T A5 A X AR A 4
RESETHAY AR -

4.5 EENHFIRRISLL

EAEAM ST AR SE TE R LKL/ H AR AL
O EUESS P RE, BRI T 53 A =FhvR WA TE

DAN™, R JH IoU M DICE PiTiE bRt AT ERETEAS, 45
AN 5 . Hoh CBAM, ECA 2SRRI 2
e ML, SEERE KA G, HaX RS
FIBLHIX R AN AR MU, Ty M R, Exd/NE
FRAEUE S WO AE . DAN L& BN i, 4y
FIALER 47 [ RN 4l T8, YA — MEHOR A ST B L
FROE, 2 5 I 55 R AE ik ol 5 | i b6 B A Fa 2 . SE i
BT SR E S TIAL, BN SEA L, YT
FESWEL, ELRES T XS [ 4 BE (5 B T 10, LA/
SR I BART TR N HAR RHLAG > FIEfE

4.6 BEYIILSIE

TEMNGRid e, AU RS 77 2] LR AU
FUERAE 55 B PIAHZ SR, INIADITERTE T AR
K/NHA L LA FIPEREAIRL MR, SCIREE RN 6
2T R o BE RN TNgad # xR 55 5
RHE 3 A1 0 FAT: 55 B AT, A R IS AY T 4 13 T8
S FAREAFIE A B 57, A /NI R JE Ik 58 0o

B IPLEIVE X BT I, 40 CBAM™ . ECA™ . MBS H bR A (3L 1E, oS BRI
k4 HeshaR

Table 4 Ablation study results

Evaluation index UNet FPN-UNet FPN-SE-UNet FPN-SE-DA-UNet
loU 0.2674 0.3366 0.3791 0.5229
DICE 0.4194 0.5014 0.5491 0.6866

Input True mask UNet FPN-UNet FPN-SE-UNet FPN-SE-DA-UNet
B 12 JHakE w3 R T AR
Fig. 12 Visualization of selected ablation study results
%5 TREE N AEIN KL R AT
Table 5 Comparison of test results for different attention modules
Evaluation index SE CBAM ECA DAN
loU 0.5229 0.3562 0.2799 0.1144
DICE 0.6867 0.5244 0.4359 0.2042

250145 (Page 10 of 14)


https://doi.org/10.12086/oee.2026.250145

XS, 2 S TR, 2026, 53(1): 250145

https://doi.org/10.12086/0ee.2026.250145
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Table 6 Comparison of experimental results for different A values at L,=0.0001

Evaluation index 0.0001 0.008 0.001 0.01 0.1 1
loU 0.4591 0.5229 0.5221 0.4893 0.2731 0.2258
DICE 0.6228 0.6867 0.6808 0.6568 0.4257 0.3681

&7 1=0.008 b+ PR L, #9553 22 R 3tk

Table 7 Comparison of experimental results for different L, at 1=0.008

Evaluation index 0.00001 0.0001 0.001 0.01 0.1
loU 0.4798 0.5229 0.00338 0
DICE 0.6483 0.6867 0.00651 0

IR BRI BIERE o 2% 2T SRR BB B T B 25
W, RN ZR SR | e T S e RS
Lt w2 i B g b iR oK, S IR H 2 A0,
BRI LIS ST LR ANG o Load 2 S B IR AL
WAt /)N, BERUAEA BRES PIME DL e o i A A, kS
JEZRR, mat SR UERE, 24 L,=0.0001 H.A=0.008 i, %
JE T A R A3l HLAE 2 T 55 54 HE 4340 X 55T 55 22 1)
SEPRT AU, DTSR Y A3 B BE A B B

4.7 ZRIBRBIXTLE

AHFFE 5 ) FPN-SE-DA-UNet A4 %5 RGNS
BRI SRR, MR R . il L SEPR R
PRSI PRI T 5K, RLUITZREF () FPN-SE-DA-UNet
VE R ZOMSRUIRZRNR, 1580 T4 B, 554h,

UG UFAIRZE IR A R, AP FPN-SE-DA-UNet E
BETIRSE, SECS IR B0 2E AR R —
#3%] Light-Teacher, Jf It 4 B #2 Ul 25 1% 2| 19 Light-
teacher 5 MRS 2 1Y Student AU 4> #E|PERE, LK 4E
Rk 8. [ 13 iR,

Sy AR R, AT OISR B 2R A AR R TR SR
IoU. DICE J5 Tfi AH # T 2 i A 8 43 0 BEAR T 9.3% .
12.9%. 8.8%, {HAEWIRITIH T T 49.1%, LIEARHY
R BRI T e R S AR T . F T A R
AR Y FE 48177 2K 1) Light-teacher Jo 4 2 2 AE 8
FEEXAES, WA FHIRE A 7 oU.
DICE J5 ¥4 Bl i TR . ARl F eI 2R B vh
SIA T BORBAL A B ARES , 2% 2] B T #OmE R )
SIRE T SARE TR, R 8 Bk Bk, 7E4 1 mask

%8 HF-FARAEIHRLER

Table 8 Teacher-student model experimental results

Model Total parameter quantity loU DICE Frame rate
Teacher 40738434 0.5229 0.6866 39.9
Light-teacher 36938722 0.3985 0.5694 59.5
Student 36938722 0.4557 0.6260 59.5
Input True mask Teacher Light-teacher Student

B 13 #UF-52 AR A SR 52 Ih 45 R ST ALK

Fig. 13 Visualization of selected experimental results from the teacher-student model
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Abstract

Objective With the rapid development of global air transportation system and unmanned aerial vehicle technologies, all kinds of aircraft
are increasingly being applied for use in the security of civil and airspace monitoring and public safety. So, we need better and more correct
aerial target recognition. Thanks to the development of deep learning and computer vision, Convolutional neural network based detection
methods are being used for recognition of aircraft. Among them, the semantic segmentation can complete the localization of the pixel level
target, therefore, it can provide much more detailed information to extract the aircraft contour and analyze the posture of the aircraft.
However, compared to the medium and large aircraft, the small aircraft has fewer pixels in the image and its discriminative features are
weaker, which is easily affected by the complex background and is hard to be precisely and steadily segmented by the current model. At the
same time, in the practical application scenario, because of the difference in the use of imaging devices, the environment, and the
distribution of data, it is easy to produce the domain shift phenomenon, and the model’s generalization ability is greatly reduced. And all
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these high-accuracy segmentation methods need very complex network structure and occupy lots of computational resources, which is hard
to satisfy the real-time requirement of practical systems. So combining domain adaptation and light-weighting modeling approach to get
both high accurate real-time small aircraft semantic segmentation of background. This is worth researching and putting into practical
engineering.

Methods The paper focuses on the problem of poor segmentation accuracy of small aircraft in cross-domain situation, and carries out
some model design and exploration within the scope of a deep learning-based semantic segmentation framework. The classical U-Net plus
an additional feature pyramid network (FPN) which is a multi-scale feature fusion structure to improve the model's ability to represent
small aircraft targets. In addition to this, a Squeeze-and-Excitation(SE)channel attention is added to the network bottleneck such that it can
learn to adjust the weight of each feature channel adaptively, thereby increasing the models ability to react to important discriminative
features. To solve the different feature distribution caused by the different scenes and imaging conditions, we proposed a method to align
the deep feature distribution between the source and target domains by the MMD, which can also enhance the model’s generalization to the
target domain. On this basis, we use a teacher-student network and introduce a knowledge distillation approach, where the high-accuracy
model with domain adaptation serves as the teacher. Using the teacher’s soft label to supervise the training of a light student model, we can
greatly reduce the number of parameters and computational cost of the student model, but still have good segmentation effect. Experiment
is conducted on the multi-scene small-aircraft dataset with explicit source-target domain split. To validate the effectiveness and real-time
performance of the above proposed method through comparison experiment and ablation experiment respectively.

Results and Discussions Small aircraft cross domain semantic segmentation performance, experimental results show that the proposed
FPN-SE-DA-UNet is good at both accuracy and generalization. Feature pyramid network comes in to play in order to integrate information
from different scale, and solve the loss of fine-grained features caused by the repeated down-sampling process. SE channel attention makes
model better at noticing important discriminative features and leads to better target completeness and stability in segmentation results.
Cross domain experiment shows that using the maximum mean discrepancy based domain adaptation to align the source and target domain
feature can get much higher IOU and DICE score on the target domain test set, which is 0.5229 and 0.6866 respectively. Both is much
better than all multiple semantic segmentation model. Also with the same model, it is possible to make a small student model by adding
knowledge distillation. The student model is scored at 0.4557 IoU and 0.6260 Dice. The student model gets an average inference speed of
59.5 f/s on an NVIDIA GeForce RTX 3090, there is a slight drop in segmentation accuracy, this is about a 49.1% increase in real-time
performance over the teacher model, it is a reasonable trade-off for accuracy vs. real-time performance. From the above we can see that the
proposed method is able to obtain a stable small aircraft segmentation for cross-domain scenarios without sacrificing real-time application
requirements.

Conclusions To solve the problems of low segmentation accuracy, poor generalization ability, and weak real-time performance in cross-
domain semantic segmentation of small aircraft, this study proposes a domain adaptation based semantic segmentation model, FPN-SE-DA-
UNet, it introduces the FPN module to obtain richer multi-scale feature information, which can enhance the ability to capture small targets.
On the other hand, the SE attention module is used to highlight more informative channel information in the network, and it introduces a
domain adaptation strategy to align the features of the source domain and target domain, which can improve the model’s ability to
generalize. On this basis, a lightweight student model is constructed with the help of a knowledge distillation strategy. It has good
segmentation results and good inference efficiency, and the computational complexity has been greatly reduced. Experiments verify the
effectiveness and practicability of the proposed method in cross domain semantic segmentation of small aircraft.

Keywords: semantic segmentation; attention mechanism; domain adaptation; knowledge distillation
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