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Supplementary Material

In this supplementary material, we provide the following
information to support the main paper:
1. Sec. A provides additional details of pretraining feature

extractor, including the purpose of proxy task training,
3D coordinate and confidence GT generation, decoder
architecture, positive/negative sample generation, and
training strategy.

2. Sec. B details the adjustment parameter refinement, in-
cluding time cost and loss convergence.

3. Sec. C provides comprehensive details regarding the
Manual Check Points (MCPs), encompassing the acqui-
sition methodology, spatial distribution overview, and
residual statistics.

4. Sec. D provides additional experiments and discussions.

A. Pretraining Feature Extractor
Why Use Proxy Task Training. This approach
is motivated by the fact that our adjustment parameter
solver (Sec. 3.3) involves thousands of iterations rather than
a straightforward feed-forward pass. Consequently, the cor-
responding computational graph is dynamic and dependent
on the convergence state, rendering the process essentially
non-differentiable. Forcing an end-to-end approach would
result in highly unstable gradient signals, thereby impeding
the effective training of the feature extractor. Furthermore,
Planar Block Adjustment (PBA) optimization requires the
simultaneous processing of all images within a region. In
an end-to-end setting, backpropagating through a computa-
tional graph that encompasses thousands of iterations over
the entire dataset would be computationally prohibitive in
terms of both time and memory. To address these chal-
lenges, we decouple the optimization problem. Specifi-
cally, we pre-train the feature extractor via a tailored proxy
task, priming the feature space for subsequent geometric
optimization. Subsequently, the feature extractor is frozen,
and global parameter optimization is performed exclusively
through iterative solving.

We adopt geographic coordinate regression as the spe-
cific proxy task for training the feature extractor. Our ad-
justment methodology hinges on the principle of feature
consistency. This is predicated on the assumption that pix-
els across multiple images corresponding to the same phys-
ical location (i.e., homologous points) yield feature repre-
sentations that are not only highly similar but ideally the
most similar to each other. Consequently, the alignment
of feature maps intrinsically implies the alignment of the
images themselves. To satisfy this assumption without re-

sorting to end-to-end training, we leverage the geographic
coordinate regression task. In this framework, extracted fea-
tures are mapped to their corresponding geographic coordi-
nates via a simple Multilayer Perceptron (MLP). This im-
poses two critical constraints on the feature extractor: (1)
to accurately regress the coordinates of each pixel, the ex-
tracted features must exhibit strong spatial discriminability;
and (2) to regress homologous points from different images
to the same coordinate, their corresponding features must be
highly consistent. These requirements align perfectly with
the core assumptions underpinning our adjustment frame-
work.

Dataset Details. We train the feature extractor for the ge-
ographic coordinate regression task using a dataset compris-
ing 221 sets of multiview imagery. Derived from satellite
sources including GF-3, GF-7, SV-2, and WV-2, this dataset
encompasses diverse terrain types such as forests, moun-
tains, urban areas, water bodies, and farmlands. Within each
group, images are pre-processed to ensure uniform dimen-
sions and pixel-wise alignment. Furthermore, each dataset
entry includes ground truth annotations for 3D coordinates
and confidence maps. We conduct training across all groups
concurrently; in each epoch, the model iterates through the
entire collection of data groups. During the traversal of
each group, we randomly select a pair of images. Subse-
quently, we extract cropping windows from both images
that share an overlapping region but vary in randomized
position, scale, and orientation. These crops are then re-
sampled to a resolution of 1024 × 1024. Leveraging this
random cropping strategy ensures that the training samples
vary with every iteration. This effectively simulates train-
ing on a dataset exceeding one million image pairs, thereby
substantially enhancing the model’s performance.

3D Coordinates GT Generation. As indicated by Eq. 1
in the main paper, deriving the 2D geographic coordinates
of a pixel via Rational Polynomial Coefficients (RPC) re-
quires an input elevation value; conversely, obtaining this
elevation value necessitates sampling elevation data using
those very 2D coordinates. To resolve this cyclic depen-
dency, we employ an iterative refinement strategy to gen-
erate pixel-wise 3D coordinate ground truth across the en-
tire image. Prior to this iterative process, we perform
high-precision geometric correction on the imagery utiliz-
ing Ground Control Points (GCPs). To initialize the 3D co-
ordinate computation, the elevation of each pixel is set to



Figure 1. Parallax Map Generation. To generate a comprehensive parallax map for each image in a group, parallax is first computed via
exhaustive pairwise matching against all other images and then aggregated.

the average elevation of the covered area. In each subse-
quent iteration, we calculate 2D geographic coordinates us-
ing RPC based on the current elevation estimates, and then
sample the elevation data at these coordinates to update the
elevation values. The iterative process terminates when the
convergence criterion is met: specifically, when fewer than
1% of pixels exhibit an elevation change exceeding 0.1 m.
This methodology yields precise, pixel-wise ground truth
for 3D coordinates.

Confidence GT Generation. We utilize the paral-
lax of ground features as the reference basis for train-
ing confidence estimation. As detailed before, each train-
ing data group is pre-processed to ensure identical spa-
tial extent and pixel-wise alignment. In this aligned setup,
ground points with minimal parallax appear well-registered,
whereas those with significant parallax exhibit substantial
coordinate discrepancies across different views. Leverag-
ing this property, we employ a stereo matching algorithm
to generate a parallax map for each image. The matching
algorithm serves a dual purpose: it identifies features with
high geometric parallax and detects unstable, variable re-
gions that are inherently difficult to match, such as clouds
and water bodies. Within each group, we perform pairwise
matching between every image and all other images using
the CasP [2] algorithm. For each matched pair, the Eu-
clidean distance between the pixel coordinates in the two
images is calculated to represent the parallax value. If a
single point yields varying parallax values across different
pairwise comparisons, the median value is adopted. The
calculation process of the parallax map is shown in Fig. 1.

Since the feature extractor involves a 16× downsampling
of the input images, we apply a corresponding downsam-
pling operation to the parallax maps. Specifically, we ap-
ply a sliding window with a kernel size of 16 × 16 and a
stride of 16. Within each window, the median of all com-
puted parallax values is calculated. The absence of valid
parallax measurements within a window indicates the pres-
ence of unstable or intractable features. In such cases, the
window is assigned the maximum possible parallax value.
Finally, the median value of the aggregated parallax map is
mapped to a confidence score of 0.5. Fig. 2 shows the ex-
amples of confidence ground truth and the equation below
provides the exact transformation from parallax to the final
confidence ground truth,

Cgt = max

(
0,min

(
1,

2 · median(P )−min(P )− P

2 · (median(P )−min(P ))

))
(1)

where Cgt represents the confidence ground truth, P
represents the calculated parallax, min(·) , max(·) and
median(·) represent the minimum, maximum and median
value of the given sequence respectively.

Decoder Architecture. The decoder employs a stream-
lined MLP architecture. Specifically, it is composed of a
hidden processing stage and a final output stage. The hid-
den stage consists of two stacked residual blocks featuring
skip connections [5]. Each block comprises a sequence of
three 1 × 1 convolutional layers with channel dimensions
of [512, 1024, 512]. The output stage incorporates two ded-



icated heads, one for geographic coordinates and one for el-
evation, collectively generating the final 3D coordinate pre-
dictions.

Positive and Negative Sample Generation. During the
random cropping process for a pair of training images, we
explicitly calculate the spatial transformation matrix de-
scribing the geometric relationship between the two crops.
Given that the underlying source imagery is pixel-aligned,
we utilize this transformation matrix to map pixel coordi-
nates from one crop to the other, thereby identifying precise
pixel-wise correspondences within the overlapping regions.
Leveraging these correspondences, we sample the respec-
tive feature maps to construct positive pairs for contrastive
training. Conversely, to generate negative pairs, we apply
random offsets to these correspondences, intentionally in-
ducing misalignment between the feature points.

Training Strategy. The model is trained for a total
of 5000 epochs. We employ a customized learning rate
scheduling strategy throughout the training process. Ini-
tially, we implement a warm-up phase of 500 epochs, during
which the learning rates for the encoder and decoder are lin-
early increased to their respective peak values of 1 × 10−4

and 1 × 10−3. Following this, the learning rates are main-
tained at these peak levels for a subsequent 1500 epochs.
For the final 3000 epochs, a cosine annealing schedule is
applied to gradually decay the learning rates to zero.

B. Refining Adjustment Parameters

Time Cost. Tab. 1 presents the computation time re-
quired for parameter adjustment across the various datasets.
Notably, during the first hierarchical level, the early stop-
ping mechanism was triggered at the 645th and 574th iter-
ations for the Beijing-b and Guangzhou-b datasets, respec-
tively. For the Guangzhou-b dataset, the first hierarchical
level is partitioned into only 3 grid cells due to spatial extent
constraints, whereas all other datasets are initialized with
8 grid cells. Attributable to our quadtree-based coarse-to-
fine optimization strategy, the computation time exhibits an
approximate 4× increase as the hierarchy progresses from
lower to higher levels. Additionally, the computation time
scales quadratically with the number of images included in
the adjustment.

Loss Convergence. Fig. 3 illustrates the loss conver-
gence curves observed during the parameter adjustment
process for each dataset. The loss values are scaled by a
factor of 1 × 104. Across all hierarchical levels, the loss
demonstrates a steady and consistent descent, indicating
stable convergence.

Table 1. Computation Time for Refining Adjustment Parame-
ters across different datasets.

Datasets Time (s)
Level-1 Level-2 Level-3

Beijing-a 223.36 917.28 /
Beijing-b 146.03† 913.03 3671.04
Guangzhou-a 36.04 146.25 /
Guangzhou-b⋆ 18.73† 69.62 209.89
San Jose-a 36.05 143.59 /
San Jose-b 34.91 147.18 561.38
† Early stopped.
⋆ Initialized with 3 grid cells, 8 grid cells for other datasets.

C. Manual Check Points
We acquire Manual Check Points (MCPs) through a rigor-
ous manual annotation process. Initially, we employ Ar-
cGIS Pro to pinpoint MCPs on multiview imagery that has
undergone initial geometric correction. Throughout this
process, we adhere to three primary criteria: (1) Points
must be located on ground features that exhibit negligible
parallax; (2) The selected locations must possess distinct
visual features across all images to ensure precise corre-
spondence; and (3) The points should be uniformly dis-
tributed throughout the overlapping regions. Subsequently,
we fine-tune the position of each MCP on every image to
ensure precise alignment with the homologous ground fea-
tures. Fig. 9 depicts the spatial distribution of MCPs for
each dataset. Fig. 5 illustrates the locations of a single set
of MCPs across multiview imagery, while Figs. 6, 7, and 8
provide overviews of the MCPs within each dataset . Fi-
nally, Tab. 2 presents the residual statistics for the MCPs in
each dataset.

Table 2. Residual statistics of MCPs across various datasets.

Datasets Residual (m)
Mean Median @1m @3m

Beijing 0.59 0.52 86.56 100
Guangzhou 0.78 0.62 75.00 100
San Jose 0.32 0.30 100 100

D. Additional Experiments
D.1. Adjustment on Real-World Dataset
As mentioned in Sec. 4.1, we construct the evalua-
tion benchmarks by injecting artificial perturbations into
datasets that have undergone high-precision geometric reg-
istration. These artificial perturbations primarily serve to
controllably standardize the initialization error magnitudes
across diverse datasets, thereby enabling a systematic eval-
uation of the adjustment methods in terms of precision and
robustness, rather than replacing real-world dataset. Since



the perturbations are strictly applied to the RPCs while pre-
serving the original image content, they can be considered
a first-order error approximation that faithfully simulates
the vast majority of real-world RPC inaccuracies. Fur-
thermore, we provide supplementary comparative results
utilizing the raw RPCs (without perturbations) and report
the comprehensive runtime of each baseline under identical
hardware and a unified implementation. The results pre-
sented in Tab. 3 demonstrate that the model’s adjustment
performance on real-world data aligns consistently with that
on the simulated datasets.

Table 3. Performance of PBA on real-world datasets.

Methods Beijing Guangzhou San Jose
med (m) time (s) med (m) time (s) med (m) time (s)

SIFT [6] 6.28 1317.45 4.84 196.18 0.99 208.03
SP [3]+SG [7] 7.46 600.78 10.13 76.26 0.79 135.15
LoFTR [9] 5.73 617.96 4.37 79.86 0.85 148.01
ASF [1] 6.63 1605.82 5.33 226.14 0.85 392.04
RoMa [4] 7.54 2919.40 11.80 448.11 0.78 613.02

ours 2.15 1105.17 1.31 181.75 0.52 180.61

D.2. Feature Consistency and Discriminability
In Sec. 4.5, we validated and qualitatively visualized
the consistency and discriminability of the dense features
across diverse viewpoints, regions, and geometric transfor-
mations. Here, we provide a supplementary quantitative
evaluation by measuring the feature similarity separabil-
ity between corresponding and non-corresponding points in
Tab. 4. For comparison, we also report this metric using fea-
tures extracted solely by the frozen DINOv3 [8] backbone.

Table 4. Separability of feature similarities for matched vs. non-
matched points measured by AUC in cross-domain scenarios.

Domains Ours DINOv3 [8]

Illumination 0.9798 0.6149
Season 0.9908 0.8225
Sensor 0.9717 0.9454
Viewpoint 0.9988 0.9795
Geometry 0.9995 0.8631

D.3. Corner Cases
As a deep learning-based alternative to classical geomet-
ric algorithms, our approach inevitably encounters failures
in certain corner cases. Nevertheless, owing to the inher-
ent robustness of our model demonstrated in Sec. D.2, the
proposed approach successfully overcomes the majority of
these challenging scenarios. The remaining failure cases are
primarily attributed to extreme temporal variations, severe
textureless regions, or repetitive patterns. These scenarios
typically lack distinct correspondence cues, thereby intro-
ducing intrinsic feature ambiguity. Fig. 4 illustrates the per-
formance of our method across several such corner cases.
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Figure 2. Examples of confidence ground truth derived from parallax maps across varying viewpoints.



Figure 3. Loss convergence curves during adjustment parameter optimization across various datasets.



Figure 4. Performance of our method and PBA-Lo in corner cases.

Figure 5. Examples of homologous MCPs across multiview imagery from various datasets.



Figure 6. Overview of MCPs in Beijing Dataset.

Figure 7. Overview of MCPs in San Jose Dataset.



Figure 8. Overview of MCPs in Guangzhou Dataset.

Figure 9. Spatial distribution of MCPs across various datasets.
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