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Highlights

What are the main findings?

e  Fusion of complementary detection models (e.g., YOLOv9 and YOLOvV12) significantly
improves vehicle counting accuracy and reduces density estimation errors, indicating
that combining models with different detection characteristics enhances task-oriented
performance beyond single-model capabilities.

e  C(lassical detection metrics (e.g., mAP) are insufficient to assess model quality in real-
world EO applications, as they do not capture functional aspects such as object count-
ing accuracy, spatial distribution consistency, and the reliability of derived indicators.

What are the implications of the main findings?

e  Evaluation of remote sensing detection models should include functional metrics such
as object counting, density, and occupancy, not only detection accuracy.

e  Model fusion and domain adaptation (fine-tuning) are key strategies for improving
the reliability of EO-based activity analysis.

Abstract

The rapid development of deep learning methods has significantly improved the effective-
ness of object detection in Earth Observation (EO) imagery. However, standard metrics such
as Mean Average Precision (mAP) do not fully reflect their utility in operational analyses.
This paper proposes a multi-stage methodology for evaluating vehicle detection models,
combining classical evaluation with functional analysis encompassing object counting,
density estimation, and occupancy index. The research was conducted on high-resolution
imagery (WorldView, Pleiades) and the xView dataset, evaluating five YOLO variants
alongside transformer-based and two-stage detectors under three training strategies, in-
cluding fine-tuning. The results show that models achieving high mAP values (up to 0.952)
can simultaneously produce significant errors in object count estimation. Models trained
exclusively on xView exhibit a substantial performance drop (mAP@0.50 ~ 0.45) under
domain shift conditions. The best results were obtained using a fusion-based approach
combining YOLOvV9 and YOLOv12, which reduced the mean relative error to 0.14 and the
counting error to 13 objects, maintaining a low density error (0.0023). Functional validation
across 20 parking areas confirmed the stability of the proposed approach. The findings
confirm that functional analysis constitutes a critical complement to classical evaluation in
remote sensing applications.
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1. Introduction

The dynamic development of Earth observation (EO) systems, particularly small satel-
lite constellations, has significantly increased the availability of imagery with high spatial
and temporal resolution. Commercial platforms, such as Planet Labs and BlackSky, enable
the regular acquisition of data with high revisit frequencies, which, combined with the
development of orbital video imaging technologies, allows for the observation of dynamic
phenomena occurring on the Earth’s surface [1-3]. At the same time, technologies for data
acquisition using unmanned aerial vehicles (UAVs are also rapidly evolving, enabling
the generation of very high-resolution imagery and serving as a significant complement
to satellite data [4-6]. Consequently, EO systems are becoming an important tool in the
analysis of anthropogenic activity, infrastructure monitoring, and decision support.

Along with advances in data acquisition technology, there has also been a rapid
development of data processing and analysis methods [7]. This includes both traditional
image processing techniques [8] and modern approaches based on deep learning [9,10],
such as image quality enhancement [11] and object detection. These solutions significantly
enhance the utility of satellite [12,13] and UAV [14,15] data, particularly in the context of
analyzing small objects and complex scenes with high spatial variability.

One of the key indicators of human activity is the presence and distribution of vehi-
cles. In recent years, methods for object detection have been developed for both optical
imagery [16] and radar (SAR) imagery [17]. SAR imagery offers a significant advantage
due to its independence from lighting and weather conditions, making it an attractive
data source for operational applications [18]. However, due to lower spatial resolution,
speckle noise, and more complex signal characteristics, the detection of small objects, such
as vehicles, remains more challenging and typically less accurate in these data [19].

Consequently, EO optical imagery remains the primary data source for tasks that
require high-precision vehicle detection. Vehicle detection in EO imagery is used in traffic
analysis, assessment of transport infrastructure utilization, monitoring of economic activity,
as well as in reconnaissance and security systems. However, in many cases, these analyses
are still performed semi-automatically or manually. In recent years, the development of
deep learning methods has led to a significant increase in object detection performance, as
evidenced by high values of standard metrics such as precision, recall, and mean Average
Precision (mAP) [20,21].

Significant progress has been made in the field of detecting small objects in remote
sensing images, as confirmed by comprehensive literature reviews [22,23]. The challenges
arising from the small number of pixels representing objects, lighting variations, occlu-
sion, and complex backgrounds have been extensively analyzed and systematized [22].
Dedicated approaches include GAN-assisted super-resolution [24] and image degrada-
tion reconstruction methods, both of which aim to improve the representation of small
objects prior to the detection stage. Single-stage detectors, particularly the YOLO fam-
ily, have become the dominant paradigm due to their favorable trade-off between speed
and accuracy, although two-stage methods and transformer-based architectures remain
competitive in scenarios requiring high localization precision [22]. An alternative to the
detection-then-count paradigm is offered by density-map-based and regression-based
counting methods [25,26], which bypass explicit localization and directly estimate object
counts. While such approaches have demonstrated strong performance for crowd and ve-
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hicle counting in aerial imagery—including parking-lot scenarios [25]—they are optimized
for counting accuracy rather than spatial localization. In the very-high-resolution regime
addressed in this study (GSD ~ 0.5 m), individual vehicles are resolvable as discrete objects,
and the detection-based pipeline is preferred because it provides explicit bounding-box
localization required for spatial density mapping and per-area occupancy estimation.

Despite these advances, most of the existing work treats vehicle detection as an end
in itself, focusing on maximizing detection accuracy at the level of individual objects.
Meanwhile, in practical applications, detection is merely an intermediate step leading to
the estimation of higher-level information, such as vehicle density, parking lot occupancy,
traffic volume, or overall area activity. In this context, even minor detection errors can lead
to significant distortions in conclusions, particularly in areas with a low number of objects
or high spatial variability.

There are studies in the literature that use EO data to analyze spatial activity and
dynamic phenomena [27-30], but in most cases they focus on the level of object detection or
classification, while neglecting the analysis of how detection errors propagate to the level of
functional indicators. To the best of our knowledge, there are no studies that systematically
combine the assessment of detection quality with an analysis of its impact on the accuracy
of functional indicator estimates, such as object density or infrastructure occupancy levels.

An additional challenge is the growing availability of multi-temporal data and quasi-
video EO imagery, which enable the analysis of the dynamics of phenomena. Unlike single
scenes, sequential data allow for tracking changes in activity over time but require ensuring
detection consistency between successive observations. A lack of detection stability can
lead to misinterpretations of changes, limiting the reliability of analyses based on EO data.
Recent advances in spatio-temporal change detection, such as ChangeMamba [31], which
leverages state-space models for temporal consistency across sequential EO observations,
provide a promising methodological foundation for extending detection-based functional
analysis into the multi-temporal domain.

Despite the significance of this problem, the literature lacks systematic studies an-
alyzing the impact of object detection quality on the reliability of functional indicators
and their stability over time. In particular, there is a lack of approaches that explicitly
link the assessment of detection quality with an analysis of its impact on the estimation
of spatial indicators. Furthermore, it remains unclear to what extent standard detection
metrics reflect the actual utility of models in land cover analysis.

In light of the identified limitations of standard detection metrics and the lack of a clear
assessment of their impact on the quality of functional indicator estimates, the following
research questions were formulated in this study:

RQ1: To what extent do vehicle detection errors affect the accuracy of functional indicator
estimates?

RQ2: How does the relationship between detection quality and errors in functional indica-
tors manifest itself in practical EO analysis scenarios?

RQ3: How do different types of scenes (e.g., parking lots with varying densities) affect the
reliability of the estimated indicators?

RQ4: Does the fusion of multiple detection models improve the accuracy of functional
indicator estimates compared to single models?

Main contribution:

C1: Propose an approach to evaluating vehicle detection in EO imagery from a functional
perspective, taking into account its impact on the estimation of area activity indicators.
C2: Introduce of a set of functional metrics enabling the quantitative assessment of estima-
tion errors for vehicle density, parking lot occupancy, and traffic intensity proxies.
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C3: Propose a model selection and fusion strategy driven by functional performance indica-
tors, demonstrating that pairing complementary detectors—identified through functional
rather than classical evaluation—improves vehicle counting stability and reduces density
estimation errors beyond single-model performance.

C4: Analyze the impact of model fusion on the reliability of area activity indicators.

The remainder of the paper is organized as follows. Section 2 presents the proposed
multi-stage framework for vehicle detection and functional analysis, including the estima-
tion of vehicle density and parking occupancy, as well as the fusion of detection models.
Section 3 describes the experimental setup and provides a comprehensive analysis of the
results, covering both classical detection metrics and functional indicators such as accuracy
counting, density estimation, and occupancy assessment. Section 4 discusses the obtained
results, including the impact of domain shift, the role of fine-tuning, the limitations of
classical metrics, and the effectiveness of model fusion. Finally, Section 5 concludes the
paper and outlines directions for future research.

2. Materials and Methods
2.1. Data

This work utilizes a proprietary dataset prepared in the YOLO standard, designed for
the task of vehicle detection in satellite imagery. The dataset comprises 640 x 640-pixel
images, which are cropped sections of imagery from WorldView-2 (Westminster, CO, USA),
WorldView-3 (Westminster, CO, USA), and archival Pleiades (Toulouse, France) data.

Images subjected to pansharpening were used in the dataset preparation, allowing
for a high spatial resolution. Pansharpening improves the spatial representation of small
objects, which is particularly important for vehicle detection in high-resolution EO imagery.
However, it may also introduce spectral distortions and local artifacts that can affect
the appearance of objects and background textures. Previous studies indicate that the
influence of pansharpening on deep learning-based object detection depends on both the
fusion method and the target object scale. In this work, the Gram-Schmidt pansharpening
method was used due to its favorable balance between spatial enhancement and spectral
preservation. The input data are characterized by varying spatial resolution—ranging from
approximately 0.3 m (World View-3) to approximately 1 m (Pleiades). Consequently, objects
representing vehicles occupy different sizes in the images, ranging from approximately
135 x 135 pixels for larger vehicles (e.g., trucks) to approximately 20 x 20 pixels for small
passenger vehicles (Figure 1a).

The dataset was divided into three subsets: training, validation, and test, and contains
a total of 24,240 images, including 15,650 in the training set, 5643 in the validation set, and
2947 in the test set. The detection task was formulated as a single-class problem (vehicle),
and all annotations were recorded as normalized bounding boxes.

To expand the analysis and evaluate the models” generalization ability, the publicly
available xView dataset [32] was also used, containing high-resolution satellite imagery
with object annotations. Due to the nature of the research, only classes corresponding
to vehicles were extracted from the original dataset and transformed into a single-class
problem (vehicle), analogous to the approach used in the proprietary dataset. Specifically,
the following xView category identifiers were merged into a single vehicle class: Small Car,
Bus, Pickup Truck, Utility Truck, Truck, Cargo Truck, Truck Tractor, Trailer, Truck Tractor
with Box Trailer, Truck Tractor with Flatbed Trailer and Truck Tractor with Liquid Tank.
Very large vehicles such as trains and aircraft were excluded. This mapping follows the
convention adopted in prior xView-based vehicle detection studies and ensures consistency
with the single-class formulation used in the proprietary dataset. The data were also
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prepared in the YOLO standard, comprising images and corresponding annotations in the

form of normalized bounding boxes.

Figure 1. Example image patches used in the study: (a) samples from the proposed dataset,
(b) samples from the xView dataset.

After processing, the xView dataset contains 14,424 images, including 11,539 in the
training set, 1442 in the validation set, and 1443 in the test set. The total number of object
annotations is 438,603, with an average of approximately 30.4 vehicles per image.

The xView dataset (Figure 1b) is characterized by high object density and significant
scene diversity, covering urban, industrial, and infrastructure areas. Compared to the
proprietary dataset, it contains a significantly larger number of objects per image, leading
to numerous instances of partial object overlap and clusters of objects.

Analysis of bounding box statistics also indicates the presence of objects of varying
scales, ranging from very small (less than 0.01% of the image area) to relatively large
objects occupying up to approximately 24% of the image area, which further increases the
complexity of the detection task.

To quantitatively analyze the distribution of object sizes, an additional analysis of the
statistics of bounding boxes in the pixel space was conducted (Figure 2). The histograms
are presented in normalized form (density), which allows for a direct comparison of the
distributions despite the varying number of objects in the analyzed datasets.

As shown in the figure, the proprietary dataset is characterized by a predominance of
objects ranging in size from approximately 15 to 35 pixels, with the peak of the distribution
occurring around 20-25 pixels. In the case of the xView dataset, a shift in the distribution
toward smaller values is observed, with a distinct peak in the range of approximately
10-20 pixels, indicating a higher proportion of very small objects. At the same time, the
xView dataset exhibits a more concentrated distribution (lower variance), while the author’s
dataset covers a wider range of object sizes, including larger vehicles. These results confirm
significant differences in the characteristics of both datasets and indicate a different level of
detection difficulty resulting from both the scale and density of objects.
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Figure 2. Distribution of object sizes expressed in pixel units for the proprietary dataset and the

xView dataset. The proprietary dataset is characterized by a broader range of object sizes, with a

peak around 20-25 pixels, while the xView dataset exhibits a higher concentration of smaller objects,

typically below 20 pixels.

2.2. Models

This study analyzed the following models: YOLOvV9 [33], YOLOv10 [34], YOLOv11 [35],
YOLOV12 [36] and YOLOV26 [37]. This selection stems from the need to assess the impact of
successive modifications to the architecture of single-stage detectors on the effectiveness of
detecting small objects in satellite imagery. In addition, to broaden the comparison beyond
single-stage detectors and assess the generalizability of the proposed functional evaluation
framework, three representative non-YOLO architectures were included: RT-DETR [38],
Swin Transformer [39], and Cascade R-CNN [40].

The selected models represent different stages in the development of the YOLO
family. The YOLOv9 model serves as a stable reference solution, utilizing an architecture
based on efficient gradient propagation and feature aggregation modules (GELAN). The
YOLOv10-YOLOvV12 models have been optimized for the detection and inference process.
They incorporate, among other things, an end-to-end approach that eliminates the need for
classical non-maximum suppression (NMS), as well as modifications to the backbone and
neck structures and improvements to multi-scale feature representation. The YOLOv26
model builds on these foundations through further improvements in feature extraction and
aggregation, as well as optimization of the overall detection pipeline.

RT-DETR (Real-Time Detection Transformer) [38] is a transformer-based end-to-end
object detector developed by Baidu. Unlike YOLO-family models, RT-DETR eliminates the
need for non-maximum suppression post-processing through an attention-based decoding
mechanism. It processes multiscale features using an efficient hybrid encoder that decou-
ples intra-scale interaction and cross-scale fusion, and employs loU-aware query selection
to focus on the most relevant objects.

The Swin Transformer (Swin-T) [39] is a hierarchical vision transformer using shifted
windows for feature extraction. Its design enables efficient computation of self-attention
within local windows while allowing cross-window connections through the shifting
mechanism, yielding a multi-scale feature representation well-suited for dense predic-
tion tasks. In the context of object detection, Swin Transformer serves as a powerful
backbone within two-stage frameworks, achieving strong performance on small object
detection benchmarks.
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Cascade R-CNN [40] is a multi-stage two-stage detector composed of a sequence of
detectors trained with progressively increasing IoU thresholds. This cascade architecture
addresses the quality mismatch between training and inference: each stage resamples
hypotheses from the previous one, improving localization quality and reducing close false
positives. Cascade R-CNN consistently achieves high localization precision and remains a
competitive baseline for scenarios where accurate bounding-box quality is critical, such as
the vehicle detection task considered in this study.

This comparison of models enables the analysis of the impact of architectural changes
on detection quality and the identification of solutions best suited for detecting small objects
with high spatial density, characteristic of parking scenes in high-resolution imagery. By
including representatives of single-stage (YOLO family), transformer-based real-time (RT-
DETR), transformer backbone (Swin-T), and multi-stage (Cascade R-CNN) paradigms, the
study also demonstrates that the proposed functional evaluation framework is applicable
beyond a single detector family. In particular, this allows for the evaluation of the models’
ability to separate closely spaced objects under conditions of partial overlap and low
contrast relative to the background.

2.3. Methods

This paper proposes a methodology for estimating vehicle density in optical Earth
observation (EO) imagery, focused on the functional analysis of areas such as parking lots.
A diagram of the proposed methodology is presented in Figure 3. Unlike the classical
approach, in which vehicle detection is an end in itself, we adopt a perspective in which
detection results are used to determine indicators describing spatial activity.

The proposed approach is a three-stage process. In the first stage, the effectiveness
of the detection models is evaluated at the level of individual objects. In the second stage,
their suitability for estimating functional indicators, such as vehicle density and parking
lot occupancy, is analyzed. In the third stage, a procedure for fusing the results of multiple
detection models is applied, with the aim of reducing the number of false positives and
false negatives, thereby improving the quality of aggregated indicators.

Additionally, the problem of processing large-format images, which require division
into tiles, was addressed. Let I C R? denote the analyzed satellite image. Then, a set of

tiles is defined:
T={lyclk=1,...,K}, (1)

where each tile Ty has a fixed size and a specific coverage level relative to neighboring tiles.
Independent detection is performed for each tile, and then the results are aggregated. The
final set of detections for the image is obtained by aggregating the results from all tiles and
eliminating spatial redundancy. To eliminate duplicates arising in areas where tiles overlap,
a non-maximum suppression (NMS) procedure was applied [41].

Furthermore, the impact of tiling parameters, such as tile size and coverage level,
on detection quality was analyzed, which allowed for the development of an effective
procedure for reducing duplicate detections in tile overlap areas. The methodology defined
in this way enables a consistent analysis of the vehicle detection process in EO imagery,
covering both the detection and functional levels, while taking into account the practical
aspects of satellite data processing.
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Figure 3. Overview of the proposed multi-stage framework for vehicle detection and functional
indicator estimation.

2.3.1. Detection Quality Assessment

In the first stage, a classical evaluation of vehicle detection models was conducted on
a test set. The objective of this stage was to determine the quality of the models at the level
of individual detections and to lay the groundwork for further functional analysis. These
metrics serve as a reference point for further functional analysis, but do not directly reflect
the quality of aggregated indicator estimates.

For each image (in the test set), the prediction results were compared with reference
data using a matching criterion based on the Intersection over Union (IoU) metric. A
prediction was considered correct (True Positive, TP) if it corresponded to a reference object
of the same class and satisfied the condition:

Apred n Agt

IoU= —= >
ApredUAgt

@

7
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where A,; and Ag: denote the areas of the prediction bounding box and the reference
bounding box, respectively, and T is the adopted agreement threshold. Based on this, three
detection categories were distinguished: True Positives (TP), False Positives (FP), and False
Negatives (FN).

A set of standard detection metrics, supplemented by a frame localization quality
measure, was used to evaluate model quality. The set of metrics used can be found in
Table 1.

Table 1. Definitions of vehicle detection evaluation metrics.

Metric Formula Comment Objective
.. The percentage of correct detections
_ _TP p &
Precision P= 17 among all detected objects. T
The model’s ability to detect all
_ _TP y
Recall R= 1r7rv reference objects. T
isi A trade-off between precision and
2:P ‘Recall p
Fl-score F1 = 5isiont Recall recall. T1
. 1 . Area under the precision—recall
Average Precision (AP) AP = [ Precision(Recall)dRecall curve. 11
mAP@0.50 mAP@0.50 = AP—_g50 Average precision for IoU = 0.50. ™1
mAP@0.75 mAP@0.75 = AP—o75 Average precision for IoU = 0.75. T1
N .
MAP@0.50:0.95 mAP = & Y. AP;, 7€[0.50, 0.95] Averaged AP value across multiple +1
i=1 IoU thresholds.
L TP
Mean matched IoU IoUpean = 7p L. ToU; Average frame matching quality. 1
i=1

However, it should be emphasized that loU-based metrics are insufficient for evaluat-
ing the usefulness of models in functional analysis. In particular, even when the condition
IoU > 7 is satisfied, the size and shape of the prediction frames may differ from the
reference frames. Consequently, models may achieve high detection metric values while
simultaneously generating errors in the estimation of the number of objects or their spatial
distribution. For this reason, an additional stage of functional analysis was introduced.

2.3.2. Functional Analysis

In the second stage, a functional analysis of vehicle detection results was proposed,
in which object detection is treated as an intermediate step leading to the estimation of
indicators describing the analyzed area.

Let I C R? denote the polygon representing the parking lot area, and let B; C R?
denote the detection frame of the 7 th vehicle. To assign the detection to the parking lot
area, three strategies were considered:

(1) centroid-based: ¢(B;) € P,

(2) intersection-based: B; N\ P # o,

(3) area-ratio-based: % >,

where ¢(B;) denotes the frame’s centroid, |-| denotes the area, and « € (0,1) is a
fixed threshold.

In the subsequent analysis, the intersection-based approach was adopted as the pri-
mary assignment method, while the other methods were used to assess the stability of the
obtained results.
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Based on the assigned detections, the number of vehicles in the area was determined:
N = |{BiZBi QP#QH

Vehicle density was defined as:
_N
A

where N denotes the number of vehicles, and A = |P| denotes the area of the analyzed zone.

D 3)

The parking occupancy rate was calculated as the ratio of the number of vehicles
within the parking zone to its capacity or reference value

Npark

Occ = C

(4)

where ‘C’ denotes the parking capacity or the reference value, estimated through manual
interpretation of high-resolution imagery by counting marked parking spaces within each
analyzed zone.

To assess the quality of the estimates, the following error measures were introduced:

AN = Nyyog — Nyes ()
5= Npred - Nref (6)
B Nref

where N, r denotes the reference value, and Ny, denotes the value estimated by the model.
Metrics defined in this way allow for the evaluation of models in aggregate terms,
providing a basis for inferring their ability to correctly estimate spatial indicators.

2.3.3. Fusion of Results

To increase the reliability of the detection results and reduce the impact of the errors
characteristic of individual models, a procedure for fusing detection results based on spatial
aggregation of predictions was introduced.

Let M; and M, denote two detection models, and S; and S, the corresponding detec-

tion sets:
S, = {Bi”, BY, ..., B,Sl)} )
Sy = {B§2>, B, ..., Bff)} ®)

where B l-(k) C R? denotes the detection frame of the i-th object obtained by the model M.
The detection set after fusion is defined as:

Sfused = NMS(Sl U 52) )

where NMS(-) denotes the non-maximum suppression operator acting in geometric space,
whose purpose is to eliminate redundant detections with a high degree of overlap. The
IoU threshold for the fusion NMS operator was set to 0.50, consistent with the matching
threshold used in the primary detection evaluation (Equation (2)) and with common
practice in the object-detection fusion literature [41,42], ensuring that the duplicate-removal
criterion is aligned with the same geometric agreement standard used elsewhere in the
evaluation pipeline.

The introduction of fusion stems from the observation that different detection models
may exhibit complementary error characteristics, encompassing both differences in de-
tection completeness (recall) and localization precision. In particular, objects missed by

https://doi.org/10.3390 /1518132166


https://doi.org/10.3390/rs18132166

Remote Sens. 2026, 18, 2166

11 of 24

one model may be correctly detected by the other, leading to a reduction in the number of
false negatives. At the same time, the aggregation of detection sets results in an increase
in the number of duplicates, which is effectively reduced through the application of the
NMS procedure.

It should be emphasized that more advanced fusion strategies are proposed in the
literature, such as Soft-NMS [41] or Weighted Boxes Fusion (WBF) [42], which additionally
take into account detection confidence information and enable more precise frame aggrega-
tion. However, in this work, a classical NMS-based approach was used as a deliberately
simplified solution, allowing for the isolation of the influence of model complementar-
ity itself on the quality of results, without introducing additional factors related to the
parameterization of the fusion process.

From the perspective of functional analysis, fusion directly affects the stability of
estimates of aggregated metrics, such as the number of objects or their spatial density,
limiting the propagation of detection errors to higher levels of analysis. In particular,
reducing false negatives improves counting accuracy, while eliminating duplicates limits
the risk of overestimating the number of objects.

In this work, the fusion procedure was applied to the two models with the highest
performance as determined by functional analysis, which yielded a solution combining high
detection sensitivity with a limited level of systematic errors. This approach enables more
stable and reliable estimates of functional indicators under diverse observational conditions.

3. Results
3.1. Implementation Details

All YOLO-family models (YOLOv9, YOLOv10, YOLOv11, YOLOv12, YOLOv26) were
trained under a unified experimental protocol. RT-DETR, Cascade R-CNN, and Swin
Transformer (Swin-T), due to architectural differences, was trained with an adjusted batch
size. All experiments shared the following configuration unless stated otherwise:

e Input resolution: 640 x 640 px

e  Epochs: 250, with early stopping patience of 30

e  Optimizer: SGD, initial learning rate 0.01, cosine annealing schedule, weight de-
cay 0.0005

e  Batch size: 16 (YOLO-family models), 8 (RT-DETR, Cascade R-CNN, Swin-T)

e Augmentation: standard Ultralytics (version 8.3.0) pipeline (mosaic, random flip,
HSV jitter)

e Inference: confidence threshold 0.25, NMS IoU threshold 0.45

e Random seed: 42 (fixed throughout to ensure reproducibility)

e  Hardware: NVIDIA A100 GPU (80 GB VRAM), CUDA 12.4, cuDNN 8.8.1.

For Strategy 111, xView-pretrained weights were used as initialization with the learning
rate reduced to 0.001. The fusion model (YOLOv9_12) applied NMS over the union of both
detection sets using an IoU threshold of 0.50.

3.2. Detection Quality

The first stage of the research involved evaluating the quality of vehicle detection
models. The objective of this stage was to determine the models” performance at the
level of individual objects and to establish a reference point for further functional analysis.
As part of the experiment, three model training strategies were considered: (I) training
from scratch on a proprietary dataset, (II) training on the xView dataset, and (III) transfer
learning, in which weights pretrained on the xView dataset were further fine-tuned on the
proprietary dataset.
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The models were evaluated on a test set from the proprietary dataset, which allowed
an analysis of their suitability for the target application scenario. Additionally, models
trained exclusively on the xView dataset were evaluated on two test sets: the proprietary
dataset and the xView dataset. The metric values obtained for the xView test set are given
in parentheses, allowing for a direct comparison of the impact of the data domain on
detection quality (Table 2). To illustrate the proposed functional evaluation methodology,
five parking areas were selected as representative test cases covering a range of vehicle
densities and observational conditions. A broader statistical validation of the functional
metrics across an extended set of parking areas is presented in Discussion (Section 4).

The conducted research showed that the effectiveness of vehicle detection in high-
resolution satellite imagery is strongly dependent on both the characteristics of the training
data and the adopted learning strategy. Models trained exclusively on the xView dataset,
despite their high performance on the dataset’s own data, exhibit limited generalization
ability to imagery from other sensors (e.g., WorldView), which stems from differences
in resolution, radiometric properties, and data processing methods. Consequently, a
significant decline in detection quality is observed, particularly in terms of recall.

The best results were obtained for models fine-tuned on the proprietary dataset,
confirming the key role of domain adaptation in remote sensing tasks. In this variant,
the models achieved the highest metric values and stable performance under target data
conditions. Accordingly, Strategy III weights were used for both component models of
the YOLOV9_12 fusion, as this training variant yielded the highest detection performance
across all evaluated architectures.

In light of the obtained results and the identified limitations of classical evaluation
metrics, particularly mAP, further analysis was directed toward a functional evaluation
of detection models. The objective of this stage was to determine the actual utility of the
models in the context of remote sensing analyses, taking into account detection complete-
ness, the number of false positives, and the accuracy of object localization. The functional
analysis focuses on evaluating detection completeness, the number of false positives, and
object localization accuracy, enabling the identification of differences between models that
are not fully reflected by standard quantitative metrics. Particular attention was paid to the
YOLOV9 and YOLOv12 models as solutions with complementary detection properties.

As part of the functional analysis, a detailed evaluation of the detection models’
performance was conducted, going beyond standard quantitative metrics. The aim of this
stage was to determine the actual usefulness of the models in the context of remote sensing
analysis, with particular emphasis on their ability to correctly identify objects in complex
high-density scenes and under variable observation conditions. The analysis considered
aspects such as detection completeness (the number of detected objects relative to the
reference), the number of false positives (false detections), as well as object localization
accuracy expressed through metrics based on the IoU coefficient.

The functional analysis utilized five test areas comprising parking lots with varying
degrees of vehicle density. The input data consisted of segments of World View-2 satellite
imagery subjected to pansharpening using the Gram-Schmidt method. Despite the high
spatial resolution (0.5 m), the detection of passenger vehicles remains a challenging task
due to the small size of the objects in the image. Although a spatial resolution of 0.5 m can
be considered high in the context of satellite EO imagery, passenger vehicles are still repre-
sented by a relatively limited number of pixels, typically ranging from approximately 8 to
15 pixels along the vehicle length, depending on the acquisition geometry and vehicle type.
Consequently, vehicles remain small objects from the perspective of deep learning detectors,
making reliable localization and the separation of closely spaced vehicles significantly more
difficult, particularly in densely occupied parking areas (Figure 4).
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Table 2. Detection performance of YOLO models under different training strategies. Values in
parentheses indicate results obtained on the xView test set.

Strategy Model mAP@0.50 mAP@0.75 mAP@0.50:0.95 Precision Recall F1-Score Matlliiaeac;lIoU
YOLOv9 0.938 0.831 0.734 0.773 0.940 0.849 0.856
YOLOvV10 0.925 0.840 0.742 0.825 0.901 0.861 0.867
YOLOv11 0.930 0.845 0.748 0.839 0.902 0.870 0.866
YOLOv12 0.931 0.861 0.783 0.858 0.898 0.877 0.885

I

O(u)r YOLOV26 0.946 0.851 0.755 0.798 0.935 0.861 0.862

database RT_DETR 0.855 0.754 0.585 0.816 0.811 0.814 0.681
Cascade
RONN 0.782 0.620 0.555 0.881 0.773 0.824 0.846
Swin-T 0.798 0.660 0.592 0.895 0.798 0.844 0.859
YOLOV9_12 0.952 0.864 0.785 0.864 0.921 0. 892 0.883
YOLOvV9 0.219 (0.790)  0.014 (0.376) (8:2% (8:SZ; (8';;) (8:22% 0.683 (0.768)
YOLOvIO  0.228 (0.785)  0.023 (0.422) (g:ggg) (8:25% (gégi) (8:222) 0.692 (0.783)
YOLOVIT  0228(0.802)  0.018 (0.398) (8:2;;;’) (8:22; (8%1‘21) (8§§§) 0.688 (0.774)
YOLOv12  0.224(0.818)  0.017 (0.413) (8%;) (8:222) (giéﬁ) (8:222) 0.688 (0.774)

(IT) 0.053 0.660 0.214 0.324

WView YOLOv26  0.169 (0.820)  0.012 (0.429) (0.445) (0.850) 0860)  (0.855) 0.682 (0.778)

vehicles

( ) RT DETR 0.4064 0.092 0.147 0.502 0.278 0.358 0.679
- (0.712) (0.491) (0.300) (0.764) (0.811)  (0.786) (0.729)
Cascade 0.143 0.003 0.037 0.482 0.213 0.296 0.651
R-CNN (0.577) (0.201) (0.268) (0.617) (0.789)  (0.692) (0.709)
SwinT 0.114 0.002 0.028 0.584 0.165 0.257 0.647

(0.589) (0.253) (0.296) (0.837) (0.627)  (0.717) (0.758)

0.455 0.095 0.176 0.672 0.275 0.390 0.694
YOLOv9_12 (0.884) (0.557) (0.538) (0.881) (0.864)  (0.872) (0.772)
YOLOvV9 0.944 0.870 0.788 0.848 0.914 0.880 0.874
YOLOv10 0.941 0.872 0.791 0.856 0.905 0.880 0.880
YOLOv11 0.940 0.872 0.791 0.867 0.903 0.884 0.878
YOLOv12 0.630 0.441 0.400 0.677 0.592 0.632 0.801

F(HD YOLOv26 0.940 0.875 0.793 0.823 0.900 0.881 0.880

me-

tuning RT_DETR 0.902 0.698 0.647 0.838 0.872 0.855 0.812
Cascade
RONN 0.821 0.719 0.537 0.812 0.878 0.843 0.828
Swin-T 0.847 0.731 0.611 0.839 0.865 0.851 0.833
YOLOv9_12 0.956 0.874 0.793 0.861 0.957 0.904 0.886

An additional challenge is posed by observation conditions—some vehicles are in the
shade or under tree canopies, while dark-colored vehicles (gray, black) often blend into the
background (asphalt surface). In contrast, for light-colored vehicles, local artifacts resulting
from the reflection of sunlight are observed. These factors significantly affect detection
quality and pose a realistic challenge for the analyzed models (Figure 5).

https://doi.org/10.3390 /1518132166


https://doi.org/10.3390/rs18132166

Remote Sens. 2026, 18, 2166

14 of 24

The results confirm significant differences between the models in terms of their actual

performance in object detection and counting tasks. As shown in Table 3, the model fusion-
based approach (YOLOV9_12) achieves the lowest values for mean relative error (0.14),
counting error (13.0), and density error (0.0023). At the same time, the global relative error
for this model remains close to zero (—0.015), indicating no significant systematic over- or
underestimation of the number of objects.

Figure 4. Test parking areas used in the functional analysis, extracted from WorldView-2 imagery
(pansharpened using the Gram-Schmidt method, GSD = 0.5), with analyzed regions marked in
yellow. All scenes are located in Central Europe. Approximate area of each analyzed parking zone:
(a) parking_0 (15,863 m?), (b) parking_1 (11,611 m?), (c) parking_2 (6273 m?), (d) parking_3 (3479 m?),
(e) parking_4 (4098 m?).

Figure 5. Challenges in vehicle detection in satellite data (WorldView-2, GSD = 0.5, Central Europe):
shadows, occlusion by trees, low contrast, and reflection artifacts for bright objects. Yellow circles
indicate selected regions of interest, while capital letters (A-D) link these regions to the corresponding
enlarged examples shown next to the satellite images.

Compared to single-class models, YOLOv12 achieves a similar level of relative ac-
curacy (Table 3), but is characterized by a higher counting error and a more pronounced
tendency to underestimate the number of objects. In turn, the YOLOvV9 model exhibits
significantly larger relative errors and a systematic underestimation of the number of vehi-
cles, which limits its usefulness in quantitative tasks. The remaining models (YOLOV10,
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YOLOv11, YOLOV26) are characterized by even larger errors, confirming their lower sta-
bility in the analyzed scenario. To further contextualize these results, three non-YOLO
architectures were included in the functional evaluation: RT-DETR, Swin Transformer
(Swin-T), and Cascade R-CNN. All three models exhibited higher functional errors than
the best-performing YOLO variants.

Table 3. Comparison of detection-based vehicle counting performance and density estimation
accuracy across models.

Model Mean Abs. Mean Abs. Count Global Rel. Mean Density
Rel. Error | Error | Error | Error |
YOLOv9_12 0.14 13.0 —0.015 0.0023
YOLOv12 0.14 16.4 —0.045 0.0024
YOLOV9 0.33 65.8 —0.41 0.0068
YOLOv26 0.50 79.8 —0.53 0.0087
YOLOv11 0.56 92.8 —0.61 0.0096
YOLOvV10 0.71 120 —0.79 0.0135
RT-DETR 0.81 128 —0.82 0.0142
Swin-T 0.78 131 —0.85 0.0148
Cascade 0.69 142 —0.86 0.0151

Another important aspect of the analysis was evaluating the impact of the method

used to assign detections to ground truth objects. As shown in Table 4, the results obtained
for different matching strategies (centroid, intersects, overlap ratio) are similar, and in all
cases, the YOLOv9_12 model achieves the best results. The slight differences in error values
between the assignment methods indicate that the final assessment of detection quality
depends only to a limited extent on the chosen matching strategy, which confirms the sta-
bility of the obtained results. Therefore, for the purposes of further functional analysis, the
intersects method was adopted as the approach ensuring stable and representative results.

Table 4. Impact of assignment method on vehicle counting accuracy.

Assignment Method Best Model Mean Abs. Rel. Error
Centroid YOLOv9_12 0.142
Intersects YOLOv9_12 0.139

Overlap ratio YOLOv9_12 0.145

A comparison of relative errors for individual parking lots indicates distinctly different
characteristics of the YOLOv9 and YOLOv12 models and confirms the validity of their
integration (Table 5). The YOLOvY model exhibits high variability in the results across the
analyzed areas—ranging from full agreement with the reference in the case of parking 4 to
a very strong underestimation in parking_1 and parking_2. This means that despite the
high detection completeness observed in the global analysis, its performance at the local
level is less stable, particularly in scenes with higher vehicle density or more challenging
observation conditions.

Table 5. Variability of vehicle counting error across parking areas for different detection models.

Parking Nyt YOLOV9 Rel. Error YOLOv12 Rel. Error  YOLOV9_12 Rel. Error
Parking 0 305 —0.08 —0.03 —0.02
Parking_1 253 —0.95 —0.07 —0.07
Parking_2 123 0.47 —0.010 —0.10
Parking 3 65 0.13 —0.02 0.03
Parking_4 38 0.00 —0.05 —0.05
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Against this backdrop, the YOLOv12 model demonstrates significantly greater stability
across different test areas. In its case, relative error values remain at a low and consistent
level, indicating more predictable model behavior regardless of the scene’s specifics. At the
same time, this model consistently shows a slight tendency to underestimate the number
of vehicles, which is consistent with earlier observations regarding its more conservative
detection strategy.

The most balanced results were obtained for the integrated YOLOv9_12 model, which
in most cases achieves the lowest relative error values. This is particularly evident for
parking 0, parking_1, and parking_3, where fusion allows for the reduction in errors
present in the individual models. The results indicate that combining both models allows
for the utilization of their complementary properties: on the one hand, YOLOvV9’s ability
to detect a greater number of objects, and on the other, YOLOvV12’s greater stability and
precision. Consequently, the fusion-based approach leads to more reliable counting results
under diverse scene conditions.

When analyzing the results, Parking_3 is an interesting case, as it showed a very high
degree of agreement with the reference data, while slightly overestimating the number of
vehicles. Therefore, an additional visual analysis was conducted for this area (Figure 6). The
red rectangles mark the reference objects, while the green rectangles mark the detections
obtained by the YOLOvV9_12 model. In the analyzed case, the model detected all vehicles
included in the reference database, as well as additional objects that were not marked during
the annotation process. Independent visual verification confirmed that the additional
detections correspond to real vehicles not included in the original annotation, consistent
with the known tendency of human annotators to underreport objects under ambiguous
observational conditions [43]. When analyzing the broader context of the scene, it can be
observed that the model effectively identifies vehicles not only within the parking lot but
also in its surroundings. Objects located on the road and vehicles partially obscured by
tree canopies are correctly detected, which confirms the model’s high resistance to local
observational disturbances.

These findings are directly confirmed by the analysis of counting results and object
density mapping for the integrated model (Table 6). In all analyzed cases, the YOLOv9_12
model achieves a low relative error, ranging from —0.098 to 0.031, indicating a high agree-
ment between the number of detections and the reference data (Table 7). At the same
time, the density error values remain very low and stable (up to approximately 0.0023),
confirming the model’s ability to correctly map the spatial distribution of vehicles.

It is particularly important that the model maintains a low error level both in areas
with a large number of objects (parking 0, parking_1) and in smaller scenes (parking 3,
parking_4). In the case of parking_3, a slight overestimation of the number of vehicles is
observed (& = 0.031), but this does not significantly affect the accuracy of density mapping,
which remains very high. For more complex scenes, a slight tendency to underestimate
the number of objects is observed, but its scale remains limited and does not significantly
affect the quality of the final results.

Comparing these results with the error analysis for individual models (Table 7), it
can be seen that model fusion effectively reduces both the high variability characteristic of
YOLOVY and the systematic underestimation observed in the YOLOv12 model. As a result,
the YOLOV9_12 model not only provides more stable results across different test areas but
also higher reliability in the context of quantitative and spatial analyses.

https://doi.org/10.3390 /1518132166


https://doi.org/10.3390/rs18132166

Remote Sens. 2026, 18, 2166

17 of 24

. P
L 1 ; J F

Figure 6. Detection results for Parking_3. Red boxes denote reference objects, while green boxes
indicate model detections. The model successfully detects all reference vehicles and identifies
additional objects, including partially occluded vehicles.

Table 6. Per-area vehicle counting and density estimation accuracy using the fused detection model.
* Reference counts were established through manual visual interpretation of high-resolution satellite
imagery. Human annotators in remote sensing tasks tend to exhibit a systematic bias toward False
Negatives [43]. For Parking_3, independent visual verification confirmed that two additional detec-
tions returned by the model correspond to real vehicles absent from the original annotation. The
reference count should therefore be treated as a conservative estimate.

Parking Nt Npreq (Yolov9_12) Rel. Error | Density Error |
Parking 0 305 298 —0.02 0.0005
Parking 1 253 235 —0.07 0.0023
Parking 2 123 111 —0.10 0.0019
Parking 3 65* 67 0.03 0.0006
Parking_4 38 36 —0.05 0.0015

These conclusions are also reflected in the analysis of the parking occupancy rate
(Table 7), which directly translates the detection results into a functional interpretation. The
obtained values Occy,; are in high agreement with the reference values Occ,.f, and the
differences between them are small, ranging from —0.071 to 0.030. Additional statistical
analysis indicates that the average difference is approximately —0.021 with a standard devi-
ation of 0.036, confirming moderate variability in the results and the absence of significant
systematic error.

The highest agreement was achieved for parking_3, where the model accurately repro-
duced the occupancy level, confirming its high effectiveness under conditions of moderate
vehicle density. At the same time, it should be noted that the largest deviations are observed
for scenes with a more complex spatial structure (e.g., parking_1 and parking_2), indicating
a significant influence of observation conditions and object density on estimation accuracy.
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Table 7. Integrated evaluation of vehicle counting, density, and occupancy estimation across parking
areas. Parking capacity values (C) were estimated through manual visual interpretation of high-
resolution satellite imagery by counting marked parking spaces within each analyzed zone.

Parking Nyef Npred ) Def Dyred C Occyef Occpred AOcc
Parking 0 305 298 —0.023 0.0205 0.0200 345 0.884 0.864 —0.020
Parking 1 253 235 —0.071 0.0221 0.0198 510 0.496 0.461 —0.035
Parking 2 123 111 —0.098 0.0196 0.0177 170 0.724 0.653 —-0.071
Parking 3 65 67 0.031 0.0187 0.0193 67 0.970 1.000 0.030
Parking 4 38 36 —0.053 0.0091 0.0106 190 0.200 0.189 —0.011
Mean - - —0.043 0.0180 0.0175 - 0.655 0.633 —0.021
Std - - 0.043 0.0047 0.0036 - 0.293 0.300 0.036
Min - - —0.098 0.0091 0.0106 - 0.200 0.189 —-0.071
Max - - 0.031 0.0221 0.0200 - 0.970 1.000 0.030

For the remaining areas, a slight tendency to underestimate occupancy is observed,
which is a direct consequence of the previously identified underestimation of the number of
objects. At the same time, it should be emphasized that the use of model fusion allows for
more effective object detection under difficult observation conditions, including vehicles
located near trees, those in the shade, as well as objects with low contrast relative to the
background (dark vehicles) and objects with local radiometric artifacts resulting from
radiation reflection (white vehicles). The observed tendency toward underestimation is
systematic in nature, but its scale remains limited and does not significantly affect the
functional interpretation of the analyzed areas.

At the same time, it should be emphasized that even in the case of parking lots with a
large number of parking spaces (e.g., parking_0, parking_1), the differences between the
reference and estimated values remain limited, which indicates the stability of the model
regardless of the scale of the analyzed area. This indicates that the proposed approach
maintains consistency of results for both small and large areas, which is important from the
perspective of operational applications.

Analysis of density values (D,¢f, Drey) and the occupancy rate leads to consistent
conclusions—the YOLOv9_12 model provides a reliable representation of both the number
of objects and their spatial distribution, which translates to a correct estimation of the
utilization rate of the analyzed areas. The low variability of density errors further confirms
the stability of the spatial detection mapping, regardless of local scene conditions.

4. Discussion

The analysis of the results allowed for an in-depth assessment of the effectiveness of
vehicle detection models in high-resolution satellite imagery, both in terms of traditional
detection metrics and in the context of their actual operational utility. Unlike standard
approaches based solely on metrics such as mAP, this study also included a functional
analysis encompassing object counting, density estimation, and occupancy rate, which
enabled the identification of significant differences between models that were not apparent
at the level of classical evaluation.

4.1. Impact of Training Strategy (Domain Shift)

The results clearly indicate that the effectiveness of detection models is strongly
dependent on the consistency between the training and test data domains. Models trained
exclusively on the xView dataset, despite high performance on data from the same source,
exhibit a significant decline in detection quality on WorldView imagery. This phenomenon
is particularly evident in the drop in recall values, indicating the models’ limited ability to

https://doi.org/10.3390 /1518132166


https://doi.org/10.3390/rs18132166

Remote Sens. 2026, 18, 2166

19 of 24

detect objects under new observational conditions. Similar observations have been reported
in the literature, where it has been shown that differences between datasets, resulting,
among other things, from varying sensor characteristics, spatial resolution, and radiometric
properties, significantly affect the generalization ability of deep learning models in remote
sensing [19,44].

4.2. The Importance of Fine-Tuning

The best results were obtained for models fine-tuned on the proprietary dataset,
which confirms the role of domain adaptation in object detection tasks. In this variant,
the models achieve high and stable metric values, and the differences between individual
architectures are reduced. This means that in the analyzed scenario, adapting the model
to the characteristics of the target data is more important than choosing a specific model
version. These results confirm observations presented in the literature, according to which
domain adaptation and fine-tuning often have a greater impact on model performance
than the choice of a specific network architecture, particularly in remote sensing tasks
characterized by high data variability [44].

4.3. Limitations of Classical Metrics (mAP)

The analysis conducted showed that classical evaluation metrics, such as mAP, are
insufficient for a comprehensive characterization of detection quality in remote sensing
applications. Models achieving similar mAP values exhibit significant differences in the
accuracy of object counting and the estimation of their spatial distribution. In particular,
mAP does not account for the impact of detection errors on aggregated metrics, such as
density or the level of occupancy of the analyzed areas, which limits its usefulness in
operational analyses. Similar conclusions were reported in [45] where it was shown that
mAD, particularly in the COCO evaluation protocol, does not correlate well with count-
ing quality. In contrast, the Fl-score better reflects the model’s utility, as standard mAP
(COCO, multiple IoU thresholds) tends to overemphasize localization accuracy rather than
detection completeness. To quantitatively assess this relationship, Spearman rank correla-
tion was computed between mAP@0.50 (Table 2, Strategy I) and mean absolute counting
error (Table 3) across all eight evaluated single models. The analysis yielded r = —0.905
(p = 0.002), indicating a strong and statistically significant negative correlation—models
with higher mAP do not necessarily achieve lower counting errors. This result provides
direct quantitative evidence that classical detection metrics are a poor proxy for functional
performance and strongly supports the use of dedicated functional metrics as a necessary
complement to mAP-based evaluation.

4.4. Effectiveness of Model Fusion

The use of an approach based on the fusion of the YOLOv9 and YOLOv12 models
yielded the best results in the analyzed scenario. The integrated model achieves the lowest
values for relative errors, counting errors, and density errors, while maintaining high
stability across different test areas. The fusion enables the use of the models” complemen-
tary properties—YOLOV9’s high completeness and YOLOvV12's greater stability—which
translates into more reliable analysis results.

It should be noted that YOLOv12 trained under Strategy III shows a notably lower
mAP@0.50 (0.630) than the other YOLO variants (all above 0.93, Table 2), which were used as
fusion components. We attribute this to reduced confidence calibration during fine-tuning
rather than a loss of object-level detection capability, since the fusion operator (Equation
(9)) acts on raw detection boxes prior to NMS, allowing YOLOvV12 to still contribute
correctly localized boxes to the fused set. This is supported by Table 5, where YOLOv9_12
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outperforms YOLOV9 alone in most test areas, indicating that YOLOv12’s contribution is
substantial and not merely incidental to YOLOv9's performance.

Beyond quantitative accuracy, the fused model also demonstrates robustness to chal-
lenging observational conditions identified in Section 3, including partially occluded
vehicles, dark-colored vehicles blending into asphalt backgrounds, and varying acqui-
sition geometries. As illustrated in Figure 6 and discussed in the context of Parking_3,
the YOLOvV9_12 model successfully detects vehicles under tree canopies and in shaded
areas—conditions under which single models tend to produce false negatives. This sug-
gests that the fusion strategy not only reduces the counting error, but also improves
the resilience to the scene-level variability inherent in satellite EO imagery. Specifically,
YOLOVY’s high recall allows it to capture vehicles missed by YOLOv12 under challenging
lighting and occlusion conditions, while YOLOv12’s higher precision limits the number of
false detections generated by YOLOVY in scenes affected by reflection artifacts—together
providing a more effective balance than either model achieves individually.

4.5. Functional Analysis

The use of functional analysis allowed us to identify differences between models
that are not apparent at the level of classical metrics. In particular, it was demonstrated
that models with similar mAP values can differ significantly in terms of object counting
accuracy and the estimation of their spatial distribution. These results confirm that in
remote sensing tasks, additional evaluation metrics that reflect the actual operational use
of the models must be considered.

It should be noted that although density-map-based and regression-based counting
methods constitute a recognized alternative, they are primarily designed for low-resolution
or heavily occluded scenes where individual objects cannot be resolved. In the VHR regime
considered here (GSD ~ 0.5 m), individual vehicles are spatially separable, and detection-
based counting additionally provides explicit spatial localization required for per-zone
functional indicators such as occupancy rates and density estimates. Detection-based
counting is, therefore, the methodologically appropriate choice for this application context.

4.6. Statistical Validation of Functional Metrics

To validate the generalizability of the functional evaluation framework beyond the
five case study areas presented in Section 3, the YOLOv9_12 fusion model was applied to
an extended set of 20 parking areas of varying size (787-15,863 m?) and density of vehicle.
The results confirm the stability of the proposed approach across diverse scene conditions
(Table 8).

The mean absolute relative error across all 20 areas is 0.043 (std = 0.030), and the mean
density error is 0.0007 vehicles/ m? (std = 0.0005). The relative error ranges from —0.100 to
0.031, with 17 out of 20 areas showing an absolute relative error below 0.10. A systematic
tendency toward slight underestimation is observed (global relative error = —0.040), con-
sistent with the findings from Section 3. These results confirm that the YOLOv9_12 fusion
model maintains reliable counting performance across parking areas of different scales
and occupancy levels. To further assess the robustness of these results, two additional
statistical analyses were performed. A leave-one-out (LOO) analysis, in which each parking
area was successively excluded and the mean relative error recomputed on the remaining
19 areas, yielded a LOO mean range of —0.044 to —0.037 (std = 0.0018), confirming that no
single parking area disproportionately influences the aggregate result. Additionally, a 95%
confidence interval for the mean relative error was estimated as [—0.057, —0.024], indicat-
ing that the observed systematic underestimation tendency is consistent and statistically
distinguishable from zero.
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4.7. Limitations

The effectiveness of vehicle detection is strongly dependent on the spatial resolution
of the imagery. In the case of lower-resolution data, the representation of vehicles is
significantly limited, which makes their detection considerably more difficult, especially
for small objects. Consequently, the effectiveness of the proposed approach may be lower
for images of lower spatial quality.

Table 8. Extended functional validation of vehicle counting and density estimation using the
YOLOV9_12 fusion model.

Parking Area (m?) Nyef Npred Rel. Error Density Error
Parking 0 15,863 305 298 —0.023 0.0004
Parking 1 11,611 253 235 —-0.071 0.0016
Parking 2 6273 123 111 —0.098 0.0019
Parking 3 3479 65 67 0.031 0.0006
Parking 4 4098 38 36 —0.053 0.0005
Parking 5 2555 30 28 —0.067 0.0008
Parking 6 2089 20 18 —0.100 0.0010
Parking 7 7418 93 92 —0.011 0.0001
Parking 8 1242 20 20 0.000 0.0000
Parking 9 11,507 121 116 —0.041 0.0004

Parking_10 2747 35 35 0.000 0.0000
Parking 11 1727 27 26 —0.037 0.0006
Parking 12 1449 28 27 —0.036 0.0007
Parking 13 1211 22 21 —0.045 0.0008
Parking_14 1181 32 30 —0.063 0.0017
Parking 15 2410 47 47 0.000 0.0000
Parking 16 2310 38 37 —0.026 0.0004
Parking 17 787 15 14 —0.067 0.0013
Parking 19 5207 70 65 —-0.071 0.0010
Parking 20 3281 67 65 —0.030 0.0006
Mean - - - —0.040 0.0007
Std - - - 0.034 0.0005
Min - - - —0.100 0.0000
Max - - - 0.031 0.0019

It should also be emphasized that the effectiveness of the models depends on the
characteristics of the input data. Under different observational conditions, different archi-
tectures may prove superior; therefore, in applied research, it is reasonable to compare
multiple models and select the solution best suited to a specific case, rather than necessarily
the latest model achieving the highest benchmark results.

An additional limitation is related to the variability of observation geometry in com-
mercial EO imagery. The analyzed scenes include acquisitions obtained under different
viewing conditions, including off-nadir observations, which may affect the apparent geom-
etry of vehicles, shadow characteristics, object visibility, and the effective spatial represen-
tation of small targets. Such factors may influence both localization accuracy and detection
reliability, particularly in densely built-up or partially occluded areas. Due to the limited
consistency and availability of acquisition metadata for all archival scenes, a systematic
analysis of the influence of the look angle was outside the scope of this study and remains
an important direction for future research.

5. Conclusions

This paper proposes a multi-stage approach to evaluating vehicle detection models
in optical Earth imagery, taking into account not only classical detection metrics but also
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functional analysis, including the estimation of the number of objects, their density, and
the occupancy rate of parking areas.

The results clearly indicate that standard metrics, such as mAP, are insufficient for a
comprehensive assessment of model performance in remote sensing applications. Models
achieving similar mAP values may differ significantly in terms of object counting accuracy
and representation of their spatial distribution, which has a direct impact on the reliabil-
ity of operational analyses. The analysis also demonstrated that model performance is
strongly dependent on the compatibility of the training and test data domains. Models
trained exclusively on the xView dataset exhibit limited generalization ability to World-
View imagery, whereas fine-tuning on the target data leads to a significant improvement in
results. The best results were obtained for an approach based on the fusion of YOLOv9
and YOLOvV12 models, which allowed for a reduction in counting error and stabilization of
density estimates, while simultaneously limiting systematic errors.

The results confirm that the functional approach constitutes a significant complement
to the classical evaluation of object detectors and enables a more reliable assessment of
their usefulness in practical remote sensing applications, such as land use analysis or
infrastructure monitoring. In particular, the proposed methodology allows for a better
correlation between detection quality and its actual utility in operational tasks, where
detection is only an intermediate step in the decision-making process. The results also
indicate the need to extend standard evaluation protocols with functional metrics that
account for the propagation of detection errors to the level of aggregated indicators.

In future research, it is reasonable to extend the analysis to imagery with varying spa-
tial resolutions and other types of scenes, as well as to incorporate multi-temporal data to
assess the stability of detection in a dynamic context. In this regard, recent spatio-temporal
change detection methods, such as ChangeMamba [31], offer a concrete methodological
pathway toward multi-temporal stability analysis of functional indicators. Another impor-
tant direction for future work is the development of adaptive model fusion methods and
the integration of information from various data sources, including radar imagery (SAR).
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Abbreviations

The following abbreviations are used in this manuscript:

EO Earth Observation

UAV Unmanned Aerial Vehicle
SAR Synthetic Aperture Radar
DL Deep Learning

YOLO  You Only Look Once

NMS  Non-Maximum Suppression
ToU Intersection over Union
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TP True Positive

FP False Positive

FN False Negative
AP Average Precision

mAP mean Average Precision

N Number of vehicles

A Area of the analyzed region
D Vehicle density

Occ Occupancy rate
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