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Abstract. This study analyzes feature fusion methods based on Convolutional Neural Networks (CNN) and
Canonical Correlation Analysis to enhance the effectiveness of vehicle detection and classification in remote
sensing images. The experimental investigations were conducted on the Cars Overhead With Context (COWC)
dataset. Initially, fine-tuning was performed on ResNet18, DenseNet121, and VGG16 models using 20% of the
data, and feature vectors were extracted from their output layers. Each model was evaluated individually, as well
as through feature fusion using various statistical approaches—CCA (Canonical Correlation Analysis), DCCA
(Discriminative Canonical Correlation Analysis), MCCA (Multiple Canonical Correlation Analysis), and
DMCCA (Discriminative Multiple Canonical Correlation Analysis). The results demonstrated that among
individual CNN models, DenseNet121 achieved the highest accuracy (=87.45%). However, the features fused
via DMCCA, when classified with an SVM, achieved the best overall performance with an accuracy of
approximately 91.52%, along with superior precision, recall, and F1-score values.

Keywords: Remote sensing, COWC, Discriminative Multiple Canonical Correlation Analysis, DMCCA,
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1 Introduction

The rapid growth of data volume and the diversity of information coming from various sources
today demand new approaches in scientific research and practical systems. For example, in remote
sensing, images are captured across different spectral ranges; in biomedical fields, multiple diagnostic
signals such as EEG, MRI, and ECG are utilized; while in multimedia systems, image, speech, and
text modalities are often combined simultaneously. In such contexts, feature fusion methods play a
crucial role [1]. The main objective of feature fusion is to represent features obtained from different
sources or models within a unified space, thereby exploiting more information, enhancing
discriminative power, and improving classification accuracy. Statistical methods are among the most
reliable and theoretically grounded approaches for addressing this task [2]. This paper provides a
comprehensive overview of statistical methods applied in feature fusion, analyzing their theoretical
foundations, practical implementations, advantages, and limitations.

Feature fusion is the process of combining features extracted from multiple data sources or models
into a single feature vector. This process can be performed at three levels: Early Fusion, which directly
merges raw data or low-level features; Intermediate Fusion, which projects features into a new space
through various transformations or statistical mappings; and Late Fusion, which statistically
combines decisions at the classifier output level [3].

Statistical approaches are widely used at the intermediate fusion stage because they transform
feature spaces into more compact, discriminative, and noise-robust representations. Among the
commonly applied statistical methods are Principal Component Analysis (PCA) [4], Linear/Fisher
Discriminant Analysis (LDA/FDA) [5], Canonical Correlation Analysis (CCA) [6], Discriminative
Canonical Correlation Analysis (DCCA) [7], Multiple Canonical Correlation Analysis (MCCA) [8],
and Discriminative Multiple Canonical Correlation Analysis (DMCCA) [9].
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Problem Statement

Let us assume that we have a set of features extracted from different sources (modalities) or
multiple models:

XW g gromy x(@) g pnxme | x®) ¢ gnxme (1)
where n denotes the number of objects, mp is the dimensionality of the features obtained from the
p-th source, and X() = [xip), xép), . x,(lp)]T represents the feature matrix corresponding to the the
p-th source.

The general objective of feature fusion is to project these features into a unified latent space and
thereby enhance the ability to distinguish (classify) different classes. For this purpose, an appropriate
projection matrix W® € R™P*¢ is determined for each source, and the projected features are
obtained as

Y® = w®Tx® p =12 .. P. (2)
Based on these projections, a common fused feature representation is formed as
Z=f(yWy? . y®)epRpq, (3)

where f(-) is a fusion function (e.g., concatenation, summation, or weighted combination), and d
denotes the dimensionality of the common latent space (d < mp).
In general, the feature fusion problem can be expressed as the following optimization task:

max  J(F(YD), fr@), ... Fr®)) (4)

w®,  we
where J(-) represents the selected statistical criterion—such as variance correlation (CCA, MCCA),
or discriminative correlation (DCCA, DMCCA)).

2 Solution methods

The feature fusion problem aims to represent information obtained from multiple sources within a
common latent space and to improve classification performance. The solution methods can
generally be divided into two categories:

* Fusion of two sources of features (CCA, DCCA)

* Fusion of multiple sources of features (MCCA, DMCCA).

3.1 Fusion of Two Sources of Features (CCA, DCCA)

In many data processing scenarios, features obtained from multiple sources (e.g., sensors or
different data formats) are available. For instance, optical and radar images of the same region, or
textual descriptions and corresponding images, may represent different modalities of information.
Although these data sources differ in form, fusing their features can significantly enhance the overall
quality of classification or analysis. Therefore, two-source feature fusion (also referred to as bimodal
feature fusion) represents an essential component of multimodal analysis.

3.1.1 Feature Fusion Based on CCA

Canonical Correlation Analysis (CCA) is a statistical method used to identify the maximal
correlations between two different sources of data. First introduced by H. Hotelling in 1936, its main
idea is to project both data sources into a new space through suitable linear transformations, such that
the correlation between the projected features is maximized. Thus, CCA reveals the underlying
common structure between two data sources and enables the identification of their strongest

interrelationships.
Let two sets of features from different sources be given as:
X(l) € Rnxml,X(Z) € Rnxm2 (6)
The optimization problem of CCA can be formulated as:
T
wO c. ow@®
@ W) = 12
w(rﬂ,%m J(W W ) max (7)

L w@
e \/W(l)TCnW(l)-\/W(Z)TCZZW(Z)
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where
1 T 1 T 1 T 1 T
Ci1 = —_x@® X(l), Cpp = —x®@ X(Z), Cip = —_x@ X(Z), Cpy = —x@ x@ (8)
n n n n
Maximizing the above ratio leads to the following pair of generalized eigenvalue problems:
C12C55 Coa W™ = 22C, ;W)
-1 (2) 2 (2) (9)
C21C11 CoW' = A%Cp, W
Here, W® and W® denote the projection matrices for the two sources. Using these matrices,
the projected features are obtained as:

W — Oy
7O =w TX ) (10)
7@ — W@ x@

Finally, the fused feature vector is constructed as
Y = f(zM,Z2@) € R4 (11)
where f denotes the feature fusion function.

3.1.2 Feature Fusion Based on DCCA

Discriminative Canonical Correlation Analysis (DCCA) is a discriminative extension of CCA
that enables more effective integration of multimodal data according to class information. It
maximizes within-class correlations while minimizing between-class correlations, thereby achieving
higher performance in classification and identification tasks.

Let two sets of features be given:

x g Rnxml,X(z) € RmXm (12)
and the corresponding class labels be
y; €{1,...,c} (13)
The DCCA optimization problem can be formulated as follows:

@ @) =
W IO W)

T T
w@® C(W)W(Z) w@ C(b)W(z)
12 _ ﬁ 12 (14)
\/W(l)TCl(‘f)W(l) : \/W@)TCZ(;”W(Z) \/Wu)Tcﬁ’)Wu) : \/W(Z)TCZ(Z)W(Z)
where C™) and C®) denote the within-class and between-class covariance matrices, respectively,
and B is a balancing parameter that controls the trade-off between within-class and between-class

correlations.
To solve this optimization problem, the following block generalized eigenvalue problem is

formulated:
O C12 W1 _ Cll 0] W1
[621 oLl =21 Cyp [, | (15)

As a result, the projection matrices W and W ® are obtained, and the projected features are
defined as:

max
w@® w@)

W — Ty
Z w TX ) (16)
7@ —w@ x@.

Finally, the fused feature vector is constructed as:
Y = f(zM,2@) € Rrxd (17)
where f(*) denotes the feature fusion function.

3.1.2 Fusion of Multiple Sources of Features (MCCA, DMCCA)

Multi-source feature fusion is one of the key directions in modern data analysis. By integrating
features obtained from different sources, it becomes possible to achieve richer, more stable, and more
discriminative representations. The choice of the fusion method depends on several factors, including
the number of sources, the availability of labels, computational resources, and the nature of the task.
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The primary goal of this approach is to represent features from multiple sources within a unified space
and to generate a more informative and discriminative feature vector for subsequent analysis tasks
such as classification, clustering, and identification.

3.2.1 Feature Fusion Based on MCCA

Multiple Canonical Correlation Analysis (MCCA) is a generalized extension of the classical CCA
method designed to handle three or more data sources. While CCA aims to maximize the correlation
between two sources, MCCA simultaneously considers the overall correlation among all available
sources. It has been successfully applied in various domains such as remote sensing, where it enables
the fusion of multispectral and hyperspectral images; biometrics, through the integration of features
such as face, voice, and fingerprint; and multimodal sentiment analysis, by combining textual, audio,
and video features. Through this comprehensive approach, MCCA provides a more complete
representation of shared information across multiple modalities, thereby enhancing robustness and
generalization in downstream applications.

Let us assume that we have a set of features obtained from different sources or multiple models:

XM g grxmy x(@) ¢ pnxme | x(®) ¢ gnxme (18)

First, both the within-source and between-source covariance matrices are computed as follows:

c,, = Lx"x® 1 . p.
n (19)
Lo yv@
Cpq = ;X X :p :'/: q

Hence, the overall block covariance matrix can be expressed in the following form:

C11Ci2--Chp
¢ = |GGz Cor| (20)
Cp1Cpz - Cpp
The MCCA optimization problem is formulated as:
w® e w@
max _ JW®D,..,w®) = max Zpzq P (21)

w@, w® w@, w® yP @7 »
Zp=1 wte CPPW P

This optimization leads to the following generalized block eigenvalue problem:

(C—D)W = ADW, (22)
where C is the total covariance matrix and D is the block-diagonal matrix that contains only the
within-source covariance terms. The solution is obtained by selecting the eigenvectors corresponding
to the largest eigenvalues, which define the projection matrices W ®.

The projected features are then computed as

70 =w® ' x® =1, P (23)
and the fused feature representation is obtained as
Y =f(zW,z®, .., 72P)) e grxd (24)

3.2.2 Feature Fusion Based on DMCCA

Discriminative Multiple Canonical Correlation Analysis (DMCCA) is a discriminative extension
of the MCCA method that incorporates class information into the feature fusion process. While
MCCA maximizes the overall correlation among multiple sources, DMCCA additionally enhances
the discriminative power of the projections by considering class-specific information.

Let us assume that we have a set of features obtained from different sources or multiple models:

XW g grimy x(2) g pnxme | x®) ¢ gnxme, (25)

First, both the within-source and between-source covariance matrices are computed as follows:
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€, =~x®Tx® , =1 p.
n

pp )
1 T (26)
The overall block covariance matrix can then be written as:
C11Cy2-+-Cip
C = CZchZ'_“CZP _ 27)
Cp1Cpy+Cpp

Next, for each source p, the within-class and between-class covariance matrices are defined as:
c

s® :Z Z (Xi(p) _ (p)) (X<p) uﬁp)) ,

j=1 Xi€C;
¢ T
5P = an (b = 1) (P = u @),
j=1
is the feature vector of the i-th sample from the p-th source, ,u(p) is the class mean of class

(28)

where X i(p)

j for the p-th source, and u® is the global mean vector.
The block-structured within-class and between-class covariance matrices are expressed as:

5(1) 0« 07
(2)
Sw=| 0w (-’ ; (29)
(') O S(P)
W0 . 0]
Sb S(Z) O
Sp=] 0% (30)
0 6 S(P)
The DMCCA optimization problem is formulated as:
w® C, W@ 4 aWTS,w
WD, . w®) = Lpq b 1)
WA we

B oW ®) 3P W(p)TcppW(m + aWTS, W
where «a is a regularization parameter that controls the trade-off between overall correlation and
discriminative ability.

This problem can be transformed into the following generalized eigenvalue formulation:

(C—D+aS,)W =A(D + aS,, )W (32)

where C is the total covariance matrix, and D is a block-diagonal matrix that contains only the within-
source covariance blocks.

The solution is obtained by selecting the eigenvectors corresponding to the largest eigenvalues,
which define the projection matrices W®). The projected feature sets are then computed as

70 =w® x® p=1,.. P (33)
and the fused feature representation is formed as
Y =£(zW,z®,..,z®) e Rrxd (34)

3 Results

All experiments were conducted on a computer with the following technical specifications: Windows 10
(64-bit), Intel(R) Core(TM) i9-12900K CPU @ 5.2 GHz, 64 GB RAM, and an NVIDIA RTX 3090 Ti GPU
with 24 GB of memory.

To evaluate the effectiveness of the aforementioned feature fusion approaches, the Cars Overhead With
Context (COWC) [10] dataset was utilized. This publicly available dataset is designed for vehicle detection
from aerial imagery. The dataset consists of images collected from six different sources, with a spatial
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resolution of approximately 15 cm per pixel. The vehicles in the dataset range in size from 24 to 48 pixels.The
objects in the dataset are categorized into four classes: car, pickup, uncertain vehicle type, and car-like object.

Fig. 1. Samples from the COWC dataset

Fig. 2. Example of a remote sensing image from the COWC dataset used for vehicle identification

In the experiments, several convolutional neural network (CNN) models — ResNetlS8,
DenseNet121, and VGG16 — were employed along with different feature fusion methods. The dataset
was divided into training and testing subsets with an 20/80 split. Each CNN model was individually
fine-tuned on 20% of the data, and the features were extracted from the fully connected layer of each
network. These extracted features were then fused using various correlation-based fusion methods,
namely CCA, DCCA, MCCA, and DMCCA. The fused feature representations were used for
classification with a Support Vector Machine (SVM). For performance evaluation, the following
metrics were used: Accuracy, Precision, Recall, and F1-score. All models were tested on the same set
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of images, ensuring a fair and consistent comparison. The experimental results are presented in Table

1.
Tab. 1. Classification results on the COWC dataset

Ne | Model Feature Fusion | Accuracy | Precision | Recall F1-score
1. | ResNetl8& Individual 86.12 85.9 86 85.95
2. | DenseNetl121 Individual 87.45 87.2 87.3 87.25
3. | VGGI16 Individual 85.76 85.6 85.7 85.65
4. | ResNetl&+

DenseNet121 CCA 88.54 88.3 88.4 88.35
5. | ResNetl8+

DenseNet121 DCCA 89.63 89.4 89.5 89.45
6. | ResNetl8+

DenseNetl121 + MCCA 90.21 90 90.1 90.05

VGG16
7. | ResNet18+

DenseNetl121 + DMCCA 91.52 91.09 91.21 91.14

VGG16

As shown in the table, although the individual CNN models produced relatively close results,
feature fusion significantly improved overall performance. The lowest accuracy was obtained by
VGG16 (85.76%), while DenseNet121 achieved the highest individual accuracy of 87.45%. When
the features of ResNet18 and DenseNet121 were fused using CCA, the accuracy increased to 88.54%,
indicating that identifying correlation between two feature sources via CCA plays an important role
in enhancing classification performance. However, the DCCA approach further improved the results,
reaching an accuracy of 89.63%. This demonstrates that DCCA, unlike CCA, additionally considers
inter-class discriminative information. When combining features from all three models using MCCA,
the accuracy rose to 90.21%, confirming the benefit of utilizing multi-source correlation. Finally, the
DMCCA approach achieved the best overall performance with 91.52% accuracy and an F1-score of
91.35%. These results clearly highlight the main advantage of DMCCA: it not only maximizes inter-
source correlations across multiple modalities but also enhances their class separability
(discriminative capability). The effectiveness of DMCCA-based feature fusion can also be observed
in the confusion matrix shown in Figure 3.
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Fig. 3. Confusion matrix for the COWC dataset using the DMCCA + SVM method.

4 Conclusion

In this study, the effectiveness of deep learning—based models and their discriminative correlation
fusion methods for remote sensing image analysis was comprehensively investigated using the Cars
Overhead With Context (COWC) dataset. During the experiments, features extracted from the
ResNet18, DenseNet121, and VGG16 architectures were evaluated both individually and through
various fusion approaches, including CCA, DCCA, MCCA, and DMCCA. The results demonstrated
that although each individual CNN model achieved high accuracy (around 87%), combining their
features by considering inter-model correlations significantly improved performance.

In particular, the DMCCA approach achieved the highest results on the COWC dataset —
Accuracy: 91.52%, Precision: 91.09%, Recall: 91.21%, and Fl-score: 91.14%. These findings
indicate that DMCCA not only maximizes the correlation among features extracted from different
models but also preserves their class discrimination capability (discriminative power). While two-
view methods such as CCA and DCCA enhanced individual models, multi-view approaches such as
MCCA and especially DMCCA provided a more comprehensive modeling of complex inter-feature
relationships across three sources. As a result, feature fusion based on DMCCA proved to be effective
not only for the COWC dataset but also potentially for other remote sensing datasets. This approach
shows great promise for applications requiring high accuracy and robustness, such as vehicle
counting, automated urban area analysis, and satellite monitoring systems.

For future work, the DMCCA model can be further enhanced by developing its sparse or nonlinear
kernel versions, as well as by integrating the learned projections into end-to-end deep learning
frameworks. In this way, more flexible and efficient forms of discriminative correlation learning can
be achieved.
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KOPPENAUMUOHHOE ObbEAUHEHUE NPU3HAKOB ANA
KNACCUOUKALUNUN OBBEKTOB HA CITYTHUKOBbIX USOBPAXKEHUAX

" ®asvinoe IILX., *FOcynos O.P., 'Xanoamoe H.X.

*sh.fazilov@gmail.com
'Hayuno-nccienoBaTenbCKuii HHCTHTYT Pa3BUTHS IH(POBBIX TEXHONOTHI M HCKYCCTBEHHOTO
HHTEJIIEeKTa, TalmkeHT, Y30eKucTaH.
2CamapkaH/ICKuii rocy1apcTBeHHbIH yHuBepcuteT uMenu Illapoda Pammmosa, Camapkan,
Y306ekucraH.

AHHOTauusl. B TaHHOM HCCIIeNOBaHWN aHANM3UPYIOTCS METOIBl OOBEAMHEHHS NMPU3HAKOB, OCHOBAHHBIC Ha
cBepTOYHBIX HeHpOHHHBIX ceTsX (CNN) M KaHOHHYECKOM KOPPEIALIHNOHHOM aHalU3e, C IEeNbI0 MOBBIIICHS
3¢ dexTHUBHOCTH OOHApyXKEHHS W KIACCH(PHUKAINK TPAHCIOPTHBIX CPEACTB HAa MAHHBIX TUCTAHIIMOHHOTO
30HAUPOBaHU. DKCIIEpUMEHTAIBHBIC HCCIIeIOBaHNS OBLIH MpoBeIeHBI Ha Habope naHHbIX Cars Overhead With
Context (COWC). Ha mepBom 3Tame Oblila BBIITONHEHA TOHKast HacTpoiika (fine-tuning) moneneit ResNetl§,
DenseNet121 u VGG16 ¢ ucnons3oBanueM 20% HabOpa AaHHBIX, TOCJIE YETO U3 MX BBIXOJHBIX CIOEB OBLIH
W3BJICUCHBI BEKTOpPHBbIC Mpu3Haku. Kakmas mojenb Obula OICHEHA KaK HWHIAMBHIYalbHO, TaK U B COCTaBe
00beANHEHHBIX IPU3HAKOB, MOJYYEHHBIX C TOMOIIBIO Pa3InYHbIX cTaTucTHYecKuX moaxonoB: CCA (Canonical
Correlation Analysis), DCCA (Discriminative Canonical Correlation Analysis), MCCA (Multiple Canonical
Correlation Analysis) u DMCCA (Discriminative Multiple Canonical Correlation Analysis).
PesynbraTel mokazanu, uto cpean oTAenbHBIX CNN-Mozenell HaumBBICITYIO TOYHOCTHh MPOAEMOHCTPHPOBAIA
momenb DenseNetl21 (=87.45%). Ompnako oObenuaéHHBIe mpu momomu DMCCA  mpu3HaKw,
KJIaccu(UIIMPOBAHHBIE C HCITONB30BaHueM SVM, 00eCTIeTriTH JIy4IIyIo 0OIy0 IPOU3BOAUTEIHHOCTE — OKOJIO
91.52% TouHOCTH, a TaKXKe MMPEBOCXOAAIINE TIOKa3aTenu precision, recall u F1-score.

KitoueBble caoBa: Jlucranuuonnoe 3oHaupoBanue, COWC, JIMCKpUMUHATHUBHBIM MHOXXECTBEHHBIN
KaHOHWYECKHU KoppesimuoHHbIii aHamu3, DMCCA, O0wsennaenne npusHakos, SVM, Knaccngpukars.
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Annotatsiya. Ushbu tadqiqotda masofadan zondlash tasvirlarida avtomobillarni aniqlash va tasniflash
samaradorligini oshirish magsadida konvolyutsion neyron tarmoglar (CNN) va kanonik korrelyatsiya tahliliga
asoslangan belgilarni birlashtirish usullari tahlil qilindi. Tajribaviy ishlar Cars Overhead With Context (COWC)
datasetida olib borildi. Dastlab ResNet18, DenseNet121 va VGG16 modellarida 20% ma’lumot asosida fine-
tuning jarayoni o‘tkazilib, ularning chiqish qatlamlaridan olingan belgilar (feature vektorlar) ajratib olindi. Har
bir model alohida holda va ularning belgilarini turli statistik usullari — CCA (Canonical Correlation Analysis),
DCCA (Discriminative Canonical Correlation Analysis), MCCA (Multiple Canonical Correlation Analysis)
hamda DMCCA (Discriminative Multiple Canonical Correlation Analysis) yordamida birlashtirish orqali
sinovdan o‘tkazildi. Natijalar shuni ko‘rsatdiki, alohida CNN modellar ichida DenseNet121 eng yuqori aniqlikka
(= 87.45%) ega bo‘ldi, birog DMCCA yordamida olingan birlashtirilgan belgilar SVM tasniflagichi bilan
qo‘llanilganda eng yuqori aniqlik (= 91.52%), accuracy, precision, Recall va F1-score ko‘rsatkichlariga erishildi.

Kalit so‘zlar: Masofadan zondlash, COWC, Discriminative Multiple Canonical Correlation Analysis, DMCCA,
Feature Fusion, SVM, Tasniflash.
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