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Abstract

An exploration of cross-arbitrary-modal image invariant
feature extraction and matching is made, with a purely
handcrafted full-chain algorithm, Homomorphism of Orga-
nized Major Orientation (HOMO), being proposed. Instead
of using deep models to conduct data-driven black-box
learning, we introduce a Major Orientation Map (MOM),
effectively combating image modal differences. Consider-
ing rotation, scale, and texture diversities in cross-modal
images, HOMO incorporates a novel, universally designed
Generalized-Polar descriptor (GPolar) and a Multi-scale
Strategy (MsS) to gain well-rounded capacities. HOMO
achieves the best comprehensive performance in feature
matching on several generally cross-modal datasets, chal-
lenging compared with a set of state-of-the-art methods
including 7 traditional algorithms and 10 deep network
models. A dataset named General Cross-modal Zone
(GCZ) is proposed, which shows practical values. Codes
with datasets are available at https://github.com/
MrPingQi/HOMO_Feature_ImgMatching.

1. Introduction
Image invariant feature extraction and matching is a funda-
mental technique in computer vision, crucial for tasks in-
cluding direct ones of image registration, homography esti-
mation, camera localization, structure from motion and in-
direct ones of image fusion, multi-source analysis, etc. The
ability to accurately match keypoints between images un-
der varying conditions such as lighting, viewpoint, or even
sensor type is vital.

Cross-modal matching, where images are captured by
different sensors, poses greater challenges. With the rapid
development of sensor technology, wide varieties of image
modalities have emerged. Integrating general cross-modal
images by automatically and effectively establishing spatial
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Figure 1. Examples all achieved by the traditional handcrafted
non-data-driven framework of the proposed HOMO.

relationships is a new key task for image matching.
Research on general cross-modal feature matching is

currently underdeveloped, and a basic general paradigm is
still lacking. Nowadays, more techniques are focusing on
multi-view optical images [15, 53, 59] or speci�c source
data, primarily visible-infrared [44, 54]. Although some at-
tempts have been made [21, 30, 31, 61], few studies explic-
itly address this question: if there is a highly invariant basic
feature across arbitrary modalities of image data. Simply
put, if such a technique exists without being constrained by
modal type, any images containing the same scene could
automatically establish spatial relationships.

Based on this, this study aims to provide an image fea-
ture extraction and matching framework capable of effec-
tively handling non-speci�c sources while accommodating
rotation, scale, and texture diversities. Rather than rely-
ing on black-box network model learning, our initial aim
is to explore a clearly de�ned feature that can be theoreti-
cally derived. In this work, we introduce HOMO-Feature
(Homomorphism of Organized Major Orientation), a novel
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handcrafted feature extraction and matching framework de-
signed for universal cross-modal image matching.

The main contributions of this work are as follows:
� 1. We proposed a method for extracting a novel orienta-

tion feature, named Major Orientation Map (MOM), pro-
ducing high invariance at a low-level feature domain in
cross-modal images and strong interpretability.

� 2. Based on MOM, a full-chain universal cross-modal
image matching algorithm named HOMO is developed.
Using a Multi-scale Strategy (MsS), a keypoint enhancing
method of Difference of MOM (DoM) and a Generalized-
Polar (GPolar) descriptor with orientation consistency
discrimination (OCD) module are designed. Comprehen-
sive experiments show the method signi�cantly effective
on wide range of modalities, while accounting for arbi-
trary rotations and large scale differences, along with two
novel evaluation metrics designed.

� 3. A General Cross-modal Zone (GCZ) dataset is pro-
posed to evaluate matching methods, which also shows
practical value for model training. To the best of our
knowledge, GCZ marks the �rst dataset containing more
than 10 modalities for a same scene among publicly avail-
able real-world cross-modal image matching datasets.

2. Related Works

2.1. Invariant image feature matching
Represented by SIFT [36�38], algorithms extract local fea-
tures from the neighborhood of speci�c positions in the im-
age, where these features remain invariant when changes
occur in the scene, such as movement, rotation, scaling, etc.
This enables matching of the features between the scenes
after the changes, which is the core idea of these technolo-
gies [1, 2, 4, 29, 48]. During the early stage, methods
mainly dealt with single-modal images, predominantly opti-
cal ones, where they also pointed out their own multi-source
challenges, such as lighting, color, or temporal differences.

Algorithms based on deep neural networks have gained
attention in recent years [13, 15, 17, 27, 27, 28, 34, 39, 49,
59, 60, 65]. Especially the use of Transformer (Attention)
[55] has proven advantageous in multi-view scenes [6, 22,
24, 53, 54, 56, 57, 70] , which globally perceives potential
3D patterns and handles viewpoint differences. However,
the complexity of cross-modal problem is much high as it
is no longer limited to imaging environments but extends to
different sensor modalities.

2.2. Cross-modal feature matching
The demand for cross-modal matching was initially focused
on medical imaging [35, 71], such as matching patients�
CT and MRI scans. Cross-modal image research in various
�elds has gradually gained attention [7, 11, 58, 66]. Cross-
modal images such as visible-infrared [7] or optical-SAR

[11] are among the most common needs. When the modal
changes, the extracted features should withstand complex
distortions caused by different imaging mechanisms of sen-
sors, while also maintaining distinctiveness to ensure suc-
cessful matching within the feature set. Striking a balance
between invariance and distinctiveness is key to the cross-
modal algorithm�s effectiveness. Cross-modal image fea-
ture matching has gained attention in recent years using
deep learning techniques [8, 12, 14, 44]. One state-of-the-
art model, XoFTR [54] built on the LoFTR model, achieves
matching of multi-view RGB-thermal images.

These methods have a limitation of speci�c image modal
inputs, which raises the question of whether a generaliz-
able feature or model exists that can handle a wide range of
cross-modal data without differentiation.

2.3. General cross-modal feature matching
The proposition of general cross-modal matching (GCMM)
faces the most complex challenges. This concept has not
yet been explicitly introduced, where we distinguish it from
the multi-modal techniques. Researches have been con-
ducted in exploring GCMM [25, 41, 67, 69]. A notable
work is RIFT [30], which introduces a maximum index
map (MIM) insensitive to modal differences on multiple
sources, but overlooks the spatial distortions. Other meth-
ods [20, 21, 31, 33, 61�64] have made their contributions to
unspeci�ed cross-modal sources. However, achieving a uni-
versally effective approach for various cross-modal images
that simultaneously handles rotation and scale distorsion re-
mains a challenge. In the deep learning �eld, researches are
still relatively limited [25, 35, 67, 69], partly constrained by
the lack and dif�culties of GCMM dataset creation. MIN-
IMA [46] is a recent work that proposes a data augmen-
tation strategy to train existing models [49, 53, 54, 57] to
gain cross-modal capabilities, which is the �rst deep learn-
ing method explicitly designed for GCMM.

3. Methods
3.1. Major orientation map

NoisedBlurringReversalChangeOriginal Distortion

Figure 2. Local texture distortions in cross-modal images with
their invariant gradient orientations.

To achieve cross-arbitrary-modal matching, we aim to
derive a fundamental invariant feature, which determines
the effect of the whole algorithm. By observing a large
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matching. As shown in Fig. 9, an iterative mechanism
guides matching at the current scale using the information
sk(k = 1, . . . , N �1) from the matched points at the previ-
ous scale. Among input keypoints ik(k = 1, . . . , N), those
have already been effectively matched require no further de-
scriptor extraction or participation in matching at next layer
of scale. This process can be viewed as a continuous �l-
tering of valid matches outward from the initial set of key-
points. In this algorithm, we de�ne a valid match as having
more than 50 matched points (which is suf�cient to deter-
mine matching failure); otherwise, the sk is blocked.

Additionally, each layer�s valid match is considered as
spatial reference to guide matching at next layer. Speci�-
cally, the matching pairs are input into the outlier removal in
next layer and treated as samples participating in the calcu-
lations, continuously. This approach effectively accelerates
the process of obtaining a stable spatial relationship among
keypoints while reducing the computational burden of �nd-
ing optimal matches through layer-by-layer �ltering.

Finally, the matches from all scales ok(k = 1, . . . , N)
are unioned, followed by a �nal outlier removal. The fea-
ture matching method does not have special requirements
in HOMO and is not the main focus of this study. There-
fore, we used the most commonly adopted feature matching
with nearest-neighbor (NN) and outlier removal with ran-
dom sample consensus (RANSAC) [19] in the experiments.

4. Experiments
4.1. Implementation Details

VIS IR SAR Depth Map Other

Figure 10. An example area and modalities of our proposed Gen-
eral Cross-modal Zone (GCZ) dataset (real-world data).

Dataset Preparing. For better evaluation, we have pre-
pared a large-scene cross-modal dataset, named GCZ. A
selected example area is shown in Fig. 10. The original
dataset contains more than 10 types of sensors, provid-
ing wide modalities, in which we choose 6 representative
sources for experiments. This dataset has been manually
registered, providing a standardized groundtruth that en-
ables generating samples for testing and network training.
The dataset will be published with our works.

Additionally, the public MRSI dataset [30, 61] and sam-
ples from other databases [3, 5, 9, 25, 32, 40, 43, 45, 50, 52,
54, 68] are collected to test the generalization of HOMO.
Evaluation methods. In the experiments, Number of
Correct Matches (NCM), Distribution of Correct Matches
(DCM), RMSE of 100 Check Points (RMSECP100), and Suc-
cessful Rate (SR/%) are used, where the middle two are
novelly introduced evaluation approaches.

� NCM is the number of correctly matched points, of which
the loss does not exceed 3 pixels, calculated with labels.

� DCM is calculated as follows:

�
����

����

DCM = lg(Sarea × Suniform × NCM + 1),
Sarea = Ahull{P}

MI×NI
,

Suniform =
1
n

�n
i=1 mi

max(m1,m2,...,mn) ,
mi = minj �=i,j=1,...,n



(xi � xj)2 + (yi � yj)2

(13)
where Ahull is the convex hull area of the matched points
P = {pi = (xi, yi)} in reference image, and MI , NI are
image width and height. The DCM re�ects the breadth
Sarea, uniformity Suniform, and quantity SDCM of correctly
matched points.

� RMSECP100 is calculated by presetting 10× 10 uniformly
distributed checkpoints. After matching, the RMSE be-
tween the transformed points using a homography matrix
and the label-derived coordinates is calculated.

� SR is the ratio of successfully matched images to the total
number. We de�ne a successful match as a sample with
NCM exceeding 50 (commonly adopted).

Compared methods. We compared our HOMO with the
following publicly available methods:
� Traditional feature-based methods include SIFT [38],

PSO-SIFT [41], PIIFD [7], MS-PIIFD [20], RIFT [30,
33], LNIFT [31], and CoFSM [61], which are all cross-
modal ones except for SIFT.

� Detector-based networks include SuperPoint [13] + Su-
perGlue [49] / LightGlue [34] (SP+SG/LG) and D2-Net
[15]. LG tuned by [46] (MINIMALG) is also adopted.

� Detector-free networks include LoFTR [53], ELoFTR
[57], ASpanFormer [6], TopicFM [22], and XoFTR [54].
LoFTR tuned by [46] (MINIMALoFTR) is adopted.
In addition, for fairer comparison and clearer evaluation

of HOMO�s advantage, we tuned (trained) the D2-Net and
LoFTR with our GCZ dataset to gain cross-modal robust-
ness, which are marked �self-tuned�.
Experiment platform. All traditional methods are tested
using MATLAB R2021a on Windows 11 with CPU Intel
Core i5-13600KF, 32GB RAM. All network methods are
tested in which D2-Net and LoFTR are trained (tuned) using
Python 3.8 on Ubuntu 20.04 with CPU Intel Xeon Platinum
8474C, GPU RTX4090D, 80GB RAM.
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4.2. Experiment 1: Feature invariance
First, we use the GCZ dataset, covering the widest modali-
ties, to conduct core invariance feature evaluation. The ex-
perimental design is as follows:
� All traditional methods use the same keypoints as HOMO

to eliminate interference of keypoints detectors, which
ensures that comparisons focus on feature invariance. All
traditional methods and D2-Net use the same matching
approach of NN. All results are processed by RANSAC.
SRIF is omitted as it is not fully open-source.

� All methods have rotation invariance operations disabled
to focus solely on cross-modal invariance of features.

� The cropped samples from GCZ are used as non-rotation,
non-scaling standard data.

The average NCMs of each cross-modal are separately
shown in Fig. 11 and Fig. 12 based on method frameworks.

In traditional group shown in Fig. 11, the proposed
HOMO has signi�cantly outstanding matching perfor-
mance, achieving the highest NCM across all groups. As
the MsS is removed (HOMO-single), it still outperforms
the compared methods in the most cases and surpasses the
multi-scale method MS-PIIFD in several groups.

In deep network group shown in Fig. 12, the HOMO, as a
non-data-driven traditional method, also demonstrates sig-
ni�cant advantages. Most compared methods only perform
well in categories with small modal differences, such as IR-
VIS. In groups with lower modal difference, the XoFTR,
trained for cross-modal optical scenes, obtains a bit more
matches than HOMO, but marginal. Among the com-
pared methods, none of the existing networks are effective
across every cross-modal group. MINIMALG achieves the
best generalization. Compared to LG, it shows improve-
ment in cross-modal scenes, but still falls short overall.
MINIMALoFTR also shows improvement, but its adaptabil-
ity is highly unbalanced.

Notably, after tuning D2-Net and LoFTR directly on the
GCZ dataset, both methods show signi�cantly improved
generalization, but D2-Net still underperforms. After tun-
ing, LoFTR exhibits signi�cant improvement and obtains
suf�cient matches across all groups, but it still dose not sur-
pass HOMO. The improvements also demonstrating the ef-
fectiveness and value of the proposed GCZ dataset.

4.3. Experiment 2: Matching performance
After validating the core features, we further conduct a
comprehensive image matching evaluation using GCZ and
MRSI datasets and selected cross-modal samples of the
HPatches and METU-VisTIR. One in each image pair is re-
spectively rotated by 30�, 45�, 90�, 120�, 180�, while being
resized by 1.2×, 1.5×, 2×. This setup tests the methods�
rotation and scale invariance under cross-modal conditions.

The detailed quantitative results are shown in Fig. 14.
For RMSECP100, since most compared methods fail in var-

Figure 11. NCM comparison by traditional handcrafted methods.

Figure 12. NCM comparison by deep learning network methods.

ious modalities, we recorded the values for different rota-
tions within the VIS-IR, where all algorithms performed ef-
fectively. Matching failures were assigned a high value of 5.
For clear presentation, we categorized the results based on
sensor sources within each dataset into �ve groups: VIS-IR,
-SAR, -Depth, -Map, and -Other. An example group of vi-
sualized matching results from the GCZ dataset by the four
best-performing methods is shown in Fig. 13.

The effectiveness of HOMO is signi�cant. Networks
show a substantial decline in performance when the image
rotation angle exceeds 30�, indicating low rotation invari-
ance. We found that even when networks are tuned with
rotated datasets, they cannot gain rotation invariance. Maps
present a special case due to their extremely sparse textures;
even HOMO fails to achieve more than 50 NCM in 45% of
samples but still far outperforms other methods. In VIS-
IR, the RMSECP100 of HOMO remains relatively stable,
performing on par with MS-PIIFD and SRIF. It is slightly
inferior to some networks at small angles, but the differ-
ence is minimal. This also highlights that HOMO�s greatest
strength lies in its broad cross-modal capabilities.

Several matching examples on public datasets compared
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Figure 13. Examples of visual feature matching results under different simulated rotations and scale ratios compared by the best-performing
methods. Matches after RANSAC are drawn. (yellow: traditional handcrafted methods, green: deep-learning network methods)

(a) Average NCM (b) Average DCM (c) Average SR (d) Average RMSECP100 (e) Legend

Figure 14. Quantity evaluations comparison. For the reading convenience, methods with representative comparison value are shown.

by representative methods are shown in Fig. 15. As a tradi-
tional framework, HOMO has relatively weaker 3D-multi-
view capabilities compared to deep networks. In multi-
view scenes, XoFTR achieves more global matches, while
HOMO�s matches are concentrated in regions with minimal
viewpoint changes. This is a current limitation and provides
a direction for further exploration and improvement.

XoFTR

HOMO

METU-VisTIRD2-Net 
self-tuned

HOMO

HPatches
RIFT

HOMO-single

HOMO

MRSI
RIFT

HOMO-single

HOMO

MRSITrad. Dect.-based Dect.-free

Figure 15. Representative examples of HOMO compared with
typical methods of 3 frameworks on cross-modal samples.

4.4. Experiment 3: Ablation study
The complete ablation testing results are presented in Tab.
2 of the Supplementary Material. When modules are re-
moved from HOMO, the average NCM decreases, indi-
cating that each module contributes positively.The impact
of OCD within GPolar is the most signi�cant, particularly

when there is a large angular difference between images. In
such cases, many descriptor reverses, as illustrated in Fig. 8,
leading to a sharp decrease in NCM. While the average ef-
fects of the deep form of GPolar appears small, it primar-
ily manifests in scenes with complex textures. Its impact
is relatively minor under the MsS. However, when using
a HOMO-single, the deep form is necessary for enhancing
feature stability. Overall, when the core modules are re-
placed with classical methods � such as replacing MOM
with gradient-based approaches [7, 38], or replacing GPo-
lar with HOG [10], GLOH [42], or LogPolar [16] � a sig-
ni�cant drop in NCM is observed, which demonstrates the
substantial contribution of the proposed method.

5. Conclusion
In this research, a non-data-driven method HOMO is pro-
posed for the purpose of cross-arbitrary-modal image in-
variant feature extraction and matching. The traditional
framework of three-stage approach cored on MOM fea-
ture, GPolar descriptor, and Multi-scale Strategy signi�-
cantly outperformed the compared traditional and network
methods through comprehensive experiments. For feasibil-
ity of evaluation and further study, we have also introduced
a novel general cross-modal dataset.
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