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e : Ny — Method Backbone | DIm 2@ [R@5 | R@10 | R@I1 | R@5 [ R@I0 || R@I | R@5 | R@10 | R@I | R@5 | R@I0
Ay Aoweision Conv-AP [1] || ResNet50 | 8,192 || 904 | 952 | 964 | 834 | 905 | 923 | 80.1 | 903 | 93.6 | 73.1 | 848 | 87.6
! [ — » CosPlace [7] ResNet50 | 512 | 834 | 945 | 957 || 82.8 | 89.7 | 92.0 | 753 | 859 | 88.6 | 819 | 90.2 | 92.7
— - ~Osing only : N GCL [29] ResNet50 | 2,048 || 80.7 | 91.5 | 939 | 795 | 88.1 | 90.1 | 494 [ 65.1 | 71.0 | 69.5 | 81.0 | 85.1
_(Circled Components | - —— MixVPR [2] || ResNet350 | 4,096 || 91.5 | 955 | 963 | 880 | 927 | 946 | 852 | 92.1 | 946 | 86.7 | 92.1 | 940
i " | Tl e EigenPlaces [8] || ResNet50 | 2,048 || 925 | 968 | 97.6 | 89.1 | 938 | 950 | 69.9 | 829 | 87.6 || 930 | 962 | 97.5
- il ! from Input Image BEs  Global Representation CricaVPRT [32] || DINOv2 | 4,096 || 91.8 | 959 | 969 | 889 | 950 | 95.7 | 87.5 | 929 | 949 | 905 | 952 | 968
e rre— : BoQ [3] ResNet50 | 16,384 | 924 | 965 | 974 | 914 | 945 | 961 | 862 | 944 | 96.1 | 908 | 956 | 96.5
BoQ* [3] DINOv2 | 12,288 || 93.7 | 97.1 | 979 || 938 | 968 | 970 || 925 | 959 | 967 | 96.5 | 98.1 | 987
b b i I SALAD [20] DINOv2 | 8448 | 924 | 963 | 974 | 922 | 964 | 97.0 || 921 | 962 | 96.5 | 946 | 97.5 | 97.8
(a ) Global patte rns can be effective ly Ca pt ured in fre quency DDA-VPR (Ours) || DINOv2 | 4,096 | 939 | 97.7 | 988 | 94.4 | 97.4 | 97.8 | 929 | 959 | 97.2 | 98.7 | 98.7 | 99.1
domain. (b) DDA-VPR aggregates features in both domains Results of VPR on four benchmarks

* Quantitative Comparisons:
DDA-VPR consistently outperforms existing methods

across datasets and ranks second in R@5 on SPED.

* Dual-Domain Aggregation for Visual Place
Recognition (DDA-VPR): aggregates robust global
representations by leveraging complementary cues
from both spatial and frequency domains.

* Triple Fusion Mechanism: bridges the domain gap
between spatial and frequency features to produce —
highly discriminative representations. R

. Multi-Scale Contextual Attention (MSC-Attn): Qualitative comparisons of top-1 retrieval image

explores multiscale information and preserves crucial * Qualitative Comparisons: |
details during downsampling DDA-VPR successfully retrieves accurate matches under

various challenging conditions.
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: MSC | Triple Pitts30k NordLand
Method | Spatial | Frequency | .\ | Fysion [[R@1 | R@5 | R@10 | R@l | R@5 | R@10
Model 1 v 91.4 | 95.8 95.5 79.7 | 91.0 92.9
Spatial Domain ™ Query Model 2 v/ 90.9 | 954 | 948 || 78.6 | 904 | 925
"EEEE Model 3 v v 927 | 96.6 07.3 81.3 | 92.2 93.6
> [TTT] "‘ Model 4 v v v 934 | 97.1 97.9 82.1 | 93.2 94.7
o > (e 2 e (T DDA-VPR | v / /| v 939977 | 988 | 839 | 948 | 96.9
. P N , e Rep?é:%iiiﬁm Effects of each component
Local Feature ¥ Frequency Domain Y o o o
S -~ Irinte Fasion * Effect of the Dual-Domain Pipeline:
Pipeline of DDA-VPR Comparing Models 1, 2, and 3 shows that leveraging
* Triple Fusion: information from both spatial and frequency domains
integrates different domain features and bridges the brings significant improvements over only using individual
inherent domain gap. domain information.
fuses complementary information from spatial and * Effect of Multi-Scale Contextual Attention:
frequency features, ultimately generating robust global Comparing Models 3 and 4 shows that MSC-Attn
representations. ensures the preservation of fine-grained cues essential for
F;_Soﬁmax(qs(Ff)\/@(Fs) )VS(FS), F}_SoftmaX(Qf(Fs)\/k_f(Ff) )vf(Ff). distinguishing between visually similar locations during
P b downsampling.
L Sofm (qu(Fszf;_;’(FSf)T)st(i;\sf)’ where i — cat(F': ). » Effect of Triple Fusion Mechanism:
Comparing Model 4 and DDA-VPR shows that triple
e MSC-Attn: fusion strategy effectively bridges domain gaps and
integrates multi-scale contextual information and enhances feature integration.
preserves fine-grained details during downsampling in both S S S
spatial and frequency domains. /\ 53
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-~ -l |:|--~--------»~-—>§->|:|zuommeeamre Effect of different number of downsampling layers
Input — o . _ .
o ®->|:|:|I:|:| ®- 5 ®- s C(I:) ® Feature Flaten . Effec’F of Dov.vnsampI!ng Depth in MSC-Attn: |
<FEE rotesente varne | (©) Feature Concatenation Multi-scale information enhances feature aggregation.
"ETEI g Cingitting & = o = 3x3ConvbSIt<rdee=2 However, further increasing the number of layers beyond 2
> . .
@"DIE'I ® - @ 5 é QSOP““&X[@)V leads to performance degradation, likely due to the loss of
. critical information at small feature resolutions.
Architecture of MSC-Attn
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e | Limitations
b —pQP), K”?2=DKP"), VP2=pWV" . .
Q Q). (K™, (V7; Effectiveness of frequency-domain features may
K = cat(K; KP1;KP2), V = cat(V; V21, vD2). degrade with poor image quality (e.g., heavy compression),
) QP2 K7\ .. which can distort spectral characteristics and reduce
F; = Softmax ( ) V.
VD robustness.



