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Abstract— The integration of satellite imaging technology and

deep learning has revolutionized large-scale economic monitoring
[1]. This paper proposes an automated system for vehicle detection
in high-resolution satellite images to analyze economic activities.
Utilizing the YOLOVS architecture [2], finetuned on a custom
dataset of 5,000 annotated satellite images, our model achieves a
mean Average Precision (mAP) of 89.2% at an IoU threshold of
0.5. The system is tested across diverse environments, including
urban, rural, and industrial zones, and demonstrates robustness
under varying lighting and weather conditions [3]. A strong
correlation (Pearson coefficient = 0.75) is observed between
vehicle density and regional economic indicators such as GDP
growth, transportation demand, and industrial output [4]. The
framework offers a scalable, real-time solution for policymakers
and urban planners, providing a costeffective alternative to

traditional economic data collection methods [5].
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I. INTRODUCTION

1.1 Background and Motivation

Traditional economic monitoring methods, such as
surveys and tax records, are labor-intensive and lack
real-time capabilities [6]. Satellite imagery provides

high-resolution, frequent, and wide-area coverage,
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enabling real-time insights into economic activities
[7]. Vehicles serve as a proxy for transportation and
logistics, making their detection a critical indicator

of economic health [8].

1.2 Problem Statement

Despite advancements in object detection,

satellitebased vehicle detection faces challenges [9]:

Small object size: Vehicles occupy few pixels in

high-altitude images [10].

Occlusions and shadows: Buildings and trees

obscure vehicles [11].

Varying lighting conditions: Changes in time and

season affect visibility [12].

1.3 Contributions
This paper contributes:

* A high-accuracy YOLOVS model fine-tuned
for satellite imagery (89.2% mAP) [2].

* A comprehensive dataset of 5,000 annotated
satellite images [13].
Economic correlation analysis linking vehicle
density to GDP and industrial activity [14].
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* A scalable, real-time monitoring framework

for policymakers [15].

1.4 Paper Structure

The paper is organized as follows: Section 2 reviews
related work; Section 3 details the methodology;
Section 4 presents experimental results; Section 5
discusses implications; Section 6 concludes and

suggests future work. II. RELATED WORK

2.1 Traditional Approaches

Early methods included Haar cascades [16] and
SVMs [17], which relied on handcrafted features and

performed poorly in complex scenes.

2.2 Deep Learning-Based Methods
Recent advancements leverage CNNs:

« Faster R-CNN: High but

computationally expensive [18].

accuracy

* YOLO variants: Real-time detection with good
precision [2].
*  Mask R-CNN: Adds instance segmentation but

is slower [19].

2.3 Satellite-Specific Challenges

Small  object  detection: Requires
highresolution input [20].
. Multi-spectral analysis: Improves detection

in shadows [21].
2.4 Economic Applications

«  Traffic flow analysis: Predicts urban congestion
[22].
« Industrial activity monitoring: Tracks truck

movements in logistics hubs [23].
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1II. METHODOLOGY

3.1 Dataset Collection and Annotation

Sources: Google Earth (0.5m/pixel) [24],
Sentinel-2 (10m/pixel) [25].

Classes: Cars, Trucks, Buses [26].

Annotation Tool: Labellmg (Pascal VOC
format) [27].

Dataset Statistics:

Class | Training | Validation | Test | Total
Cars 3,000 1,000 1,000 | 5,000
Trucks | 1,500 500 500 | 2,500
Buses | 500 200 200 | 900

3.2 Model Architecture (YOLOVS)

Backbone: CSPDarknet53 [28].
Neck: PANet [29].
Head: Three detection layers for small,

medium, and large objects [30].

Hyperparameters:

3.3 Training Pipeline

Preprocessing: Resize and normalize images
[31].

Augmentation: Random flips, rotations, and
brightness adjustments [32].

Loss Function: CloU Loss [33].

Hardware: NVIDIA RTX 3090 (24GB
VRAM) [34].

3.4 Evaluation Metrics

Precision, Recall, mAP@0.5, F1-Score [35].
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IV. EXPERIMENTAL RESULTS

4.1 Detection Performance

Precision | Recall | mAP@0.5 | F1-
Model | o/ %) | (%) Score
YOLOVS5s | 88.5 87.3 89.2 0.879
Faster R-
CNN 82.1 80.4 | 83.5 0.812
YOLOv4 | 85.7 84.2 | 86.8 0.849

Key Observations:

YOLOVS5s outperforms YOLOv4 by 5.7% in
mAP [36].

Faster R-CNN struggles with small vehicles due
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5.1 Strengths

Real-time processing (~45 FPS on GPU).
« Scalable to global satellite feeds.

5.2 Limitations

Weather dependency (clouds reduce accuracy
by ~15%).

Small vehicle false positives (e.g., rooftops
misclassified as cars).

5.3 Policy Implications

« Urban Planning: Traffic management using

real-time data.

to anchor box limitations [37]. « Logistics Optimization: Truck route
Parameter Value 4.2 Ablation Study
Input Size 640x640
Batch Size 16 Configuration mAP@0.5 (%)
Epochs 100 Baseline (YOLOV5s) 89.2
Optimizer SGD + Multi-Scale Training 90.1 (+0.9)
Learning Rate 0.01 (Cosine decay) | + Test-Time Augmentation | 89.8 (+0.6)
Augmentation Flip, Rotate, HSV

Multi-scale training improves mAP by 0.9% [38].

4.3 Economic Correlation Analysis

Vehicle Density by Zone:

Zone Avg. .
Type Vehicles/km? | D0minant Class
Urban 120 Cars
Industrial | 80 Tracks
Rural 20 Mixed

GDP Correlation:

Pearson Coefficient: 0.75 [39].
« Case Study: 10% increase in truck density
with 2.3% GDP growth

industrial regions [40].

correlates in

V. DISCUSSION

1943

planning based on industrial activity.
VI. CONCLUSION AND FUTURE WORK

6.1 Summary

Our YOLOv5-based system achieves 89.2% mAP,

proving effective for economic monitoring.

6.2 Future Directions

«  Multi-spectral fusion (infrared + RGB) for
all-weather detection.
« Integration with 10T sensors for groundtruth

validation.
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