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®3 AIDHIEEARFEEF P Topl EHRIER S ST L LIGLER
Table 3 Comparison of the Topl accuracy and model parameters of different clients in the AID dataset
itk bR B/ B2 B3 B4 FPWmS FSu6 HFUMT O FF IS B9 K10
51.56 52.43 66.96 51.95 61.25 47.50 61.53 50.00 58.98 57.42

ResNet50
Parms/M  23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57
AA/% 47.50 57.29 62.05 53.51 60.31 48.75 63.70 58.92 62.50 62.89
MobileNetV2 Parms./M 226 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26
AA/% 48.12 49.30 56.69 52.73 56.25 41.87 56.73 45.98 54.68 54.69
Twins Parms./M  22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52
‘ AA/% 66.68 65.80 73.18 68.61 65.44 62.32 64.38 71.10 69.03 67.41
LAY Parms/M  3.46 3.46 3.46 3.46 3.46 3.46 3.46 3.46 3.46 3.46
AA/% 66.56 65.69 73.03 68.51 65.31 62.18 64.27 70.98 68.90 67.31

Taylor Pruning’

AA/% 3.52 3.52 3.52 3.52 3.52 3.52 3.52 3.52 3.52 3.52

AAN/% 63.75 63.75 69.91 73.82 63.75 65.31 63.31 72.76 67.34 66.56

Network Slimming"

Parms./M 3.15 3.34 3.36 3.40 3.41 3.43 3.37 3.41 3.40 3.36

. AAN/% 64.23 64.32 70.33 74.37 64.26 65.75 63.90 73.22 67.87 66.97
HAPE Parms./M 2.92 3.13 3.11 3.20 3.17 3.21 3.12 3.20 3.17 3.12
. AA/% 73.43 70.48 67.85 75.39 70.00 65.62 73.79 72.76 71.87 69.92

Parms./M 0.26 0.23 0.11 0.26 0.24 0.17 0.28 0.21 0.26 0.30
TE: AARCRFIIMERI R ; Parms AURIRTI SR . DL P SRR 2551 (80 7 3i) TE R R R R RIS B0 S8 AR i e L 45 5
%4 NWPU-RESISC45 BiREREE Fif Topl AHEMRBSH B L LWHER
Table 4 Comparison of the Topl accuracy and model parameters of different clients in the NWPU-RESISC45 dataset
Jiik fibs BRI FPm2 FPWm3 B4 FSNmS O BFU6 BT FF WS FFUm9 & 10
AAN/% 48.75 64.37 48.21 53.12 48.63 48.43 46.69 59.91 44.16 46.70

ResNet50
Parms./M  23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57
AA/% 47.23 61.97 47.99 54.95 50.97 50.20 53.49 54.48 46.66 46.52
MobileNetV2
Parms./M 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26
AA/% 39.91 52.39 34.15 41.05 35.54 32.29 38.32 45.24 31.25 34.20
Twins
Parms.M 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52
AA/% 55.91 73.35 60.83 63.20 57.15 60.03 60.73 56.86 56.82 59.42
LiAP
Parms./M 3.25 3.25 3.25 3.25 3.25 3.25 3.25 3.25 3.25 3.25
AA/% 55.08 72.60 60.15 62.28 56.54 59.06 60.01 55.97 56.04 58.78
Taylor Pruning

Parms./M 3.53 3.53 3.53 3.53 3.53 3.53 3.53 3.53 3.53 3.53

AA/% 58.48 72.50 61.27 65.19 57.03 66.25 64.61 67.39 59.27 56.07
Network Slimmingf

Parms./M 3.45 3.41 3.38 3.40 3.44 3.38 3.41 3.42 3.41 3.39

. AA1% 58.60 72.43 61.45 65.04 57.07 66.06 64.70 67.36 59.43 55.96
HAPET Parms./M 2.83 2.73 2.81 2.76 2.85 2.73 2.81 2.75 2.85 2.76
_— AA/% 64.46 71.81 62.61 65.94 64.16 62.60 59.37 67.79 60.10 59.37

Parms/M  0.31 0.15 0.31 0.24 0.15 0.27 0.17 0.24 0.32 0.23
T AAMRE T IR 3 s Parms R SR . L PR 7R 481 (&7 3 ) FEARRUE B 5 AN S RO R bR i (L4 2R
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&5 PatternNet {iEE R EE Fifh Topl B ERMRBSHEX L XBER

Table 5 Comparison of the Top1 accuracy and model parameters of different clients in the PatternNet dataset

WIRES fBhr  BFPunl B2 RPUm3 R4 KRS BFUR6 EPUNGT KNGS A FUNG9 & PN 10
AA/% 90.99 90.04 90.76 88.43 90.00 90.72 91.25 89.13 89.87 89.41
ResNet50
Parms./M  23.57 23.57 23.57 23.57TM 23.57 23.57 23.57 23.57 23.57 23.57
AA/% 89.98 92.24 91.90 89.79 90.52 91.30 91.16 89.40 90.73 92.70
MobileNetV2
Parms./M 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26
AA/% 85.66 84.60 86.50 81.97 84.89 85.15 84.01 79.75 77.47 81.25
Twins
Parms./M  22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52
AA/% 92.55 91.15 89.71 91.38 93.01 92.36 92.41 89.49 91.75 87.54
LiAP
Parms./M 3.20 3.20 3.20 3.20 3.20 3.20 3.20 3.20 3.20 3.20
AA/% 92.37 90.27 89.48 91.45 93.87 92.57 92.32 85.73 91.59 85.59
Taylor Pruning

Parms./M 3.53 3.53 3.53 3.53 3.53 3.53 3.53 3.53 3.53 3.53

AA/% 94.03 93.71 94.88 93.93 93.31 92.28 94.35 93.10 93.76 93.18
Network Slimming?

Parms./M 3.38 3.42 3.39 3.35 3.37 3.38 3.40 3.46 3.46 3.46

AA/% 93.79 92.45 92.35 92.08 93.96 92.12 93.03 88.97 92.95 89.42

HAPES Parms./M 2.75 2.87 2.70 2.77 2.86 2.71 2.80 2.93 2.81 2.89
. AA1% 94.02 93.98 94.74 93.95 93.33 93.06 94.37 93.75 94.39 94.44

Parms.  027M  0.I5M  026M  024M  0.6M  029M  0.I7M  0I5M  02IM  0.29M
T AR IR s Parms AR S MO . I 7R 7R 4551 (& 3 ) AR RUE B R A SRR AR AR e D45

MLHZ T, ASCE I LR TE R 45, HH BT 00 286 B Ak i 36 31 58 B 00 47 5 45
FIH 23 ] vh B S R AU BOR L 2% 1A R 484 APRRYTE, BERSSC LA AR AL BT IR A A
BN s ] AR BOE 5 AR i B R ik 23 A1 A4 1

&6 MEETHEEARREE Fif Topl £HR (%) MERSHE (M)XEERBER
Table 6 Comparison of the Top1 accuracy (%) and model parameters (M) of different clients in the MEET dataset
Tk ik Frhiml Fom2 BPm3 R4 FOUWS O FSUm6 FNRT FSUmS F)Um9 RN 10
AA/% 65.03 55.68 70.74 57.94 64.32 53.17 65.81 61.63 57.66 54.87

ResNet50
Parms./M 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57 23.57
AA/% 66.14 53.69 69.24 59.16 62.59 55.01 64.16 63.02 56.39 56.45
MobileNetV2

Parms./M 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26 2.26
AA/% 62.48 50.26 65.63 55.73 59.39 51.86 60.19 59.40 52.88 53.22

Twins
Parms./M 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52 22.52
AA/% 70.14 60.25 75.93 62.73 67.49 58.28 70.33 65.83 63.15 58.69

LiAP

Parms./M 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58 4.58

AA/% 71.87 58.73 76.42 61.21 66.01 57.12 69.03 64.31 64.80 57.45
Taylor Pruningf
Parms./M 4.75 4.75 4.75 4.75 4.75 4.75 4.75 4.75 4.75 4.75

AA/% 71.54 57.26 78.87 59.45 67.89 55.68 68.35 65.79 66.45 55.87
Network Slimmingt

Parms./M 4.60 4.65 4.55 4.61 4.57 4.54 4.66 4.60 4.63 4.58

AA/% 72.69 58.46 79.20 57.96 67.82 56.18 66.20 66.78 66.70 54.86

AP Parms./M 4.17 3.93 4.15 4.02 4.28 4.08 3.97 4.19 4.23 3.90

o AA/% 75.24 62.83 82.35 62.42 70.67 59.95 72.17 70.31 69.54 60.01
N

Parms.  0.52M  049M  058M  0.52M  046M  0.55M  0.60M  05IM  045M  0.53M
T AARRTIIHER s Parms. AURBIZHO . MM ARZFOR 451 CF i) TR HER R M S B AR bR i e RS 2R
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Federated neural architecture autonomous evolution for collaborative
remote sensing scene classification
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Abstract: Existing federated remote sensing scene classification methods generally assume a fixed client network architecture,

disregarding the significant heterogeneity in computing power, storage, and energy supply among devices such as satellites and drones.



BRI A5« THT ) P 22 0 2 SR 1 S A DRI P ] e S R 2 1509

These limitations make deploying models on resource-constrained terminals difficult, restricting the practical efficiency of federated
systems. Therefore, a novel federated remote sensing paradigm that is capable of dynamically adapting to the heterogeneity of client data
and computational resources must be urgently developed. While safeguarding the data privacy of all parties, this paradigm should
collaboratively explore optimal network architectures that are lighter, more computationally efficient, and tailored to the specific
characteristics of each client’s local data. To address this bottleneck, this study proposes a federated collaborative framework with the
autonomous evolution of neural network architectures. It proposes a neural architecture search mechanism based on path and data
collaborative sampling to achieve lightweight, efficient, and personalized model construction that adapts to local data characteristics. During
the collaborative training phase, each client dynamically screens key subnet architectures through gradient norm-guided path sampling and
focuses on high-value samples through data sampling based on gradient upper bounds, significantly reducing supernetwork training and
communication overhead. In the multiparty deployment phase, evolutionary algorithms are used to search for and validate the personalized
subnet with the optimal verification accuracy on the basis of local data. The proposed framework’s foundational breakthrough lies in its
integrated approach wherein gradient norm-guided path sampling dynamically identifies and prioritizes architecturally critical subnets
during federated training. Simultaneously, gradient-capped data sampling concentrates computational resources on samples with significant
effect on training outcomes. These mechanisms collectively form a synergistic strategy that substantially reduces gradient variance and
training overhead across the hypernetwork while respecting client resource constraints. Following this collaborative hypernetwork
development, each client autonomously executes evolutionary optimization, extracting customized subnetworks that are precisely tailored to
local data distributions through adaptation-driven architecture exploration. By unifying adaptive sampling during training with evolutionary
personalization while on deployment, the framework achieves unprecedented efficiency in generating lightweight but high-performance
models. These models are optimized for diverse edge devices and their unique remote sensing environments while remaining within strict
privacy-preserving federated parameters. Experiments on four benchmark heterogeneous remote sensing classification datasets, namely,
AID, NWPU-RESISC45, PatternNet, and MEET, demonstrate that this method significantly outperforms fixed architectures and mainstream
pruning methods under nonindependent and identically distributed conditions. It can evolve lightweight, high-performance, and dedicated
network architectures for heterogeneous clients while protecting data privacy, effectively enhancing the deployment feasibility and overall
performance of federated remote sensing systems. Ablation studies have confirmed that the integrated path-data sampling strategy is pivotal
to these gains, reducing gradient variance and improving subnet consistency. This work resolves key bottlenecks in federated remote sensing
systems by enabling resource-constrained clients to evolve specialized architectures autonomously. The integration of gradient-guided path
sampling and data sampling optimizes training efficiency, while evolutionary optimization facilitate personalized subnet deployment. The
proposed framework demonstrably enhances deployment feasibility and overall system performance without compromising data privacy,
establishing an effective solution for heterogeneous federated learning in remote sensing scene classification.

Key words: federated learning, remote sensing scene classification, neural architecture search, evolutionary computing, collaborative
learning and optimization
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