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Abstract

In this report, we present our method for achieving pre-
cise localization results in the CroCoDL Localization 2025
Challenge. We propose a localization pipeline built on
top of Hierarchical Localization, combining several mod-
els as follows: a) global feature extraction is performed us-
ing MegaLoc with a DINOv2-L backbone, combined with
Mast3R for re-ranking; b) SuperPoint and RDD are used
for feature extraction; c) SuperGlue and LightGlue are used
for feature matching, depending on the scene.

1. Approach

We first established a baseline using the default configura-
tion and model provided in the croco_benchmark code
base. We used a combination of Megaloc[2], SuperPoint[4],
and SuperGlue[7] with their default settings. The number of
retrieved images was set to 10 for both triangulation and lo-
calization. The results of this pipeline are shown in Table 1,
with an average localization accuracy of 87.47%. Based on
this baseline, we applied the following techniques to im-
prove localization performance.

We changed the number of retrieved images for localiza-
tion. As the number increased, localization accuracy im-
proved, but this also increased the computation time for im-
age matching and especially for RANSAC PnP. We chose to
use 30 retrieved images for localization, as it provided ac-
curate results while keeping the runtime short. From our
observation, testing with 40 or 50 retrieved images took
much longer to compute poses and gave only minor im-
provements.

At this stage, we identified difficult cases mostly con-
centrated in SUCCULENT are spot_map/ios_query,
spot_map/hl_query, hl_map/ios_query,
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ios_map/ios_query, hl_map/spot_query.

Table 1. Baseline pipeline performance on HYDRO and SUCCU-
LENT.

(a) HYDRO

map

iOS HL Spot
qu

er
y iOS 89.43% 96.31% 74.20%

HL 92.55% 98.69% 92.55%
Spot 83.99% 96.46% 98.88%

(b) SUCCULENT

map

iOS HL Spot

qu
er

y iOS 80.95% 77.12% 65.74%
HL 90.49% 95.44% 70.71%
Spot 85.79% 85.05% 100.00%

The default MegaLoc uses DINOv2 [6] ViT/B-14 as
its backbone. We replaced it with a larger backbone,
ViT/L-14. This change brought significant improve-
ments, especially in difficult scenes such as SUCCULENT,
spot_map/ios_query, hl_map/ios_query, and
hl_map/spot_query. In addition, after obtaining the
list of retrieved images using the new backbone, we re-
ranked them by running image matching between the
queries and the retrieved images using Mast3R [5]. The
retrieved images were then sorted by the number of inliers
computed from 2D-2D matches using RANSAC.

For feature detection and matching, we tested several
detector–matcher pairs, including ALIKED[8]/LightGlue
and RDD[3]/LightGlue. On the SUCCULENT
ios_map/ios_query scene, RDD with LightGlue
achieved higher performance compared to the default
SuperPoint/SuperGlue setup. The RDD configuration was
adopted from the 4th place solution of the Image Matching



Challenge 2025 [1].

2. Results and discussion

Table 2. Combined best results on HYDRO and SUCCULENT.

(a) HYDRO

map

iOS HL Spot

qu
er

y iOS 92.87% 99.26% 85.26%
HL 93.36% 98.98% 96.13%
Spot 87.57% 96.65% 98.88%

(b) SUCCULENT

map

iOS HL Spot

qu
er

y iOS 85.58% 85.19% 75.40%
HL 92.96% 94.69% 76.81%
Spot 90.72% 88.51% 100.00%

Running the entire dataset is time-consuming, and we are
limited in compute resources, so we conducted experiments
on selected scenes and combined their results, as shown in
Table 2.

From the baseline results in Table 1, the aver-
age accuracy was 87.47%. By increasing the num-
ber of retrieved images for localization to 30, the
pipeline reached 89.20% accuracy. Switching to DI-
NOv2 ViT/L-14 and RDD/LightGlue for SUCCULENT
ios_map/ios_query further improved the overall ac-
curacy to 90.59%. Finally, applying Mast3R re-ranking in-
creased the accuracy to 91.05%. Details of the best com-
bined results from all experiments are shown in Table 2.

3. Conclusion
For this challenge, we applied multiple techniques for
image retrieval, feature extraction, and image matching
that showed promising localization results. The entire
pipeline can run on a consumer GPU and CPU, making
it very efficient. However, we did not have enough time
to explore more approaches for cases with high domain
shift, such as SUCCULENT spot_map/ios_query
and spot_map/hl_query. Some initial experiments
showed good results using line matching, reconstruction,
and learning-based techniques, which we plan to explore
further in the future.
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