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Abstract: Accurate crowd detection (CD) is critical for public safety and historical pattern analysis, yet 12 

existing methods relying on ground and aerial imagery suffer from limited spatio-temporal coverage. The 13 

development of very-fine-resolution (VFR) satellite sensor imagery (e.g., ~0.3 m spatial resolution) provides 14 

unprecedented opportunities for large-scale crowd activity analysis, but it has never been considered for this 15 

task. To address this gap, we proposed CrowdSat-Net, a novel point-based convolutional neural network, 16 

which features two innovative components: Dual-Context Progressive Attention Network (DCPAN) to 17 

improve feature representation of individuals by aggregating scene context and local individual characteristics, 18 

and High-Frequency Guided Deformable Upsampler (HFGDU) that recovers high-frequency information 19 

during upsampling through frequency-domain guided deformable convolutions. To validate the effectiveness 20 

of CrowdSat-Net, we developed CrowdSat, the first VFR satellite imagery dataset designed specifically for 21 

CD tasks, comprising over 120k manually labeled individuals from multi-source satellite platforms 22 

(Beijing-3N, Jilin-1 Gaofen-04A and Google Earth) across China. In the experiments, CrowdSat-Net was 23 

compared with eight state-of-the-art point-based CD methods (originally designed for ground or aerial 24 

imagery and satellite-based animal detection) using CrowdSat and achieved the largest F1-score of 66.12% 25 

and Precision of 73.23%, surpassing the second-best method by 1.71% and 2.42%, respectively. Moreover, 26 
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extensive ablation experiments validated the importance of the DCPAN and HFGDU modules. Furthermore, 27 

cross-regional evaluation further demonstrated the spatial generalizability of CrowdSat-Net. This research 28 

advances CD capability by providing both a newly developed network architecture for CD and a pioneering 29 

benchmark dataset to facilitate future CD development. The source code is available at 30 

https://github.com/Tong-777777/CrowdSat-Net. 31 
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1. Introduction 37 

 38 

In recent years, population growth, continued urbanization and rapid economic development in many 39 

regions have led to an increase in the frequency of crowd activities in public areas. Such crowds can pose a 40 

series of public safety risks, including traffic congestion (Gazzawe and Albahar, 2024), crowd crushes 41 

(Al-Nami, 2023), security incidents (Feliciani et al., 2022) and public health risks (Pokhrel and Chhetri, 2021; 42 

Joiner et al., 2024). Alleviating these risks, for example through crowd control, has become an essential aspect 43 

of ensuring public safety in densely populated gatherings. Crowd detection (CD), which involves estimating 44 

the location and count of the individuals in a crowd in a specific place (Sam et al., 2020; Wan et al., 2021; Han 45 

et al., 2023), plays a crucial role in mitigating these risks. By managing and controlling crowd movements 46 

(Weng et al., 2023; Rezaee et al., 2024) effectively, CD can help reduce the likelihood of accidents and create 47 

a safer environment. In addition to crowd management, long-term CD can analyze future crowd distribution 48 

patterns by mining historical data trends, providing valuable insights for urban planning and infrastructure 49 

optimization (Luo et al., 2025). The definition of a crowd varies across research domains. In this research, we 50 
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adopt a broad definition: A gathering of individuals, whether isolated, dispersed or clustered, or any 51 

combination of these, is regarded as a crowd for detection. 52 

To achieve CD effectively, early research relied primarily on analyzing imagery captured by ground 53 

surveillance or fixed cameras (Lempitsky and Zisserman, 2010; Zhang et al., 2021; Mo et al., 2024). These 54 

cameras provide diverse perspectives, varying scales and different illumination conditions with which to 55 

detect crowds. However, their coverage was inherently limited to specific areas within the camera’s field of 56 

view. With the development of airborne and unmanned aerial vehicle platforms, aerial datasets, such as the 57 

DLR Aerial Crowd Dataset (Bahmanyar et al., 2019), Meynberg’s dataset (Meynberg et al., 2016) and Mliki’s 58 

dataset (Mliki et al., 2019), have been introduced for CD, enhancing the development of models to monitor 59 

and analyze crowd dynamics over large areas. Although aerial imagery provides many advantages for 60 

monitoring, especially its potentially fine spatial resolution, its effectiveness for long-term analysis is 61 

constrained by infrequent data updates. For example, in Hebei Province, China, the standard update cycle for 62 

aerial photography typically exceeds three years (Hebei Provincial People’s Government, 2011), which limits 63 

its ability to capture continuous short-term variations in crowd distributions. 64 

With advances in remote sensing satellite technology, fine spatial-temporal resolution imagery has 65 

increasingly been applied to detect small-scale (i.e., small area) objects, such as ships, airplanes and tiny 66 

buildings (Gao et al., 2020a,b; Yi et al., 2023b). Compared to aerial imagery, satellite sensor imagery 67 

(hereafter, satellite imagery) offers a broader spatial coverage and shorter revisit intervals (e.g., the 68 

Worldview-4 satellite has a revisit period of approximately 4.5 days (Rumora et al., 2020)), increasing the 69 

potential for consistent, large-scale monitoring and historical analysis. Nowadays, very-fine-resolution (VFR) 70 

satellite imagery from sources like the Beijing-3N (BJ3N) and Jilin-1 Gaofen-04A (JL4A) satellites, as well as 71 

the Google Earth platform, has enabled the discrimination of individuals with the naked eye (as shown in Fig. 72 

1). This advance potentially allows more detailed and extensive monitoring, providing a valuable tool for 73 

applications requiring accurate object detection and tracking over wide areas. In light of this, as a primary 74 

contribution of this research, we presented a novel CD dataset, namely, CrowdSat, derived from the BJ3N and 75 
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JL4A satellites, as well as the Google Earth platform, covering 32 provincial-level divisions in China (except 76 

Guizhou Province and Macao). CrowdSat contains over 120k manually labeled individuals and consists of 77 

diverse regions with strong heterogeneity (e.g., built-up areas, snowy regions, beaches, desert regions, etc.). 78 

Compared to ground imagery, CrowdSat provides a much broader coverage, making it a more appropriate 79 

source for large-scale monitoring. Moreover, with its high revisit frequency, CrowdSat enables more 80 

continuous analysis of human activity patterns compared to aerial imagery, which is typically updated less 81 

frequently, especially at a large scale. To the best of our knowledge, CrowdSat is the first-ever CD dataset 82 

based on VFR satellite imagery, and it is intended to facilitate research on large-scale crowd analysis while 83 

uncovering historical patterns of human movement. 84 

 85 

 86 

Fig. 1. Examples of VFR satellite imagery for CD. (a) Yuesha Island, Inner Mongolia, China, acquired by the Google Earth platform 87 

on Feb. 22, 2023 (© Google Earth 2025) with a spatial resolution of 0.30 m. (b) Shanghai Disney, China, acquired by the JL4A 88 

satellite on Feb. 16, 2023 with a spatial resolution of 0.31 m. (c) Harbin Ice and Snow World on Feb. 2, 2024 and (d) the Xi'an 89 

Emperor Qinshihuang's Mausoleum Site Museum in China on Oct. 29, 2023, both acquired by the BJ3N satellite with a spatial 90 

resolution of 0.30 m. 91 



 

 

5 

 92 

Compared to ground and aerial imagery, VFR satellite imagery is more stable and provided with greater 93 

consistency through time and can, thus, capture several sudden or unexpected crowd gathering cases. VFR 94 

satellite imagery, thus, has a greater range of potential applications. For example, VFR imagery can support 95 

post-disaster assessment and emergency management, long-term monitoring of urban mobility and public 96 

space usage, large-event planning and evaluation, and humanitarian and public-health interventions in refugee 97 

or quarantine areas. It can also assist with the sustainable management of tourism and cultural heritage sites by 98 

revealing how crowd densities evolve through time at popular destinations. These diverse applications 99 

highlight the need for advanced CD techniques based on VFR satellite imagery, particularly for tasks requiring 100 

precise individual-level information. 101 

In the realm of CD, previous methods focused primarily on estimating crowd counts (Shu et al., 2022; Khan 102 

et al., 2023; Yi et al., 2023a). Counting, however, provides only coarse information and is insufficient for 103 

high-level tasks, such as individual tracking, activity recognition, anomaly detection and crowd flow or 104 

behavior prediction (Laradji et al., 2018; Song et al., 2021). Recent research, therefore, pays more attention to 105 

fine-grained localization of individuals and formulates CD as segmentation- (Meynberg et al., 2016), density 106 

map- (von Borstel et al., 2016), detection- (Ren et al., 2015) or point-based prediction (Zhou et al., 2019, 2020). 107 

In this research, we adopt a point-based formulation, which represents each person by a single point while 108 

retaining accurate localization and requiring relatively simple manual annotation. 109 

Notably, the aforementioned approaches are employed primarily in images captured by ground surveillance 110 

or fixed cameras, or aerial vehicles. As illustrated in Fig. 2, individuals in such imagery exhibit typically clear 111 

and distinguishable features. When these clear signals become tiny and ambiguous in VFR satellite imagery, it 112 

is unclear whether the aforementioned methods can still work effectively. In the remote sensing field, related 113 

progress has already been made on dense small-object detection or counting using satellite imagery. Yuan et al. 114 

(2025) conducted comparison between YOLOv11, Single Shot MultiBox Detector (SSD), Faster 115 

Region-based Convolutional Neural Network (R-CNN) and Cascade R-CNN, for car detection using xView 116 
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images and bee-box detection using SkySat images, which shows that multi-scale feature extraction and 117 

anchor-free design are important for small objects. Guo et al. (2022) proposed a density map-based vehicle 118 

counting method for remote sensing imagery with limited spatial resolution, demonstrating that regressing 119 

vehicle density maps can yield accurate counts even when individual vehicles occupy only a few pixels. Bashir 120 

and Wang (2021) combined residual feature aggregation-based super-resolution with an object detector to 121 

enhance small-object detection in satellite and aerial images. Delplanque et al. (2023) proposed a single-stage 122 

CNN, which localizes each animal as a point. Wu et al. (2023) developed an ensemble of U-Net-based models 123 

to detect wildebeests from VFR satellite imagery over heterogeneous savanna landscapes, converting 124 

annotations to segmentation masks and using context-aware post-processing to obtain individual counts. 125 

These studies show that fine spatial resolution feature maps, multi-scale feature fusion and contextual priors 126 

can recover partially tiny and ambiguous signals of small objects in satellite imagery. Dense crowd detection 127 

using VFR satellite imagery, however, presents additional challenges. First, the signal of each individual in 128 

VFR satellite imagery is weaker than that of the small objects considered in previous remote sensing studies. 129 

As shown in Fig. 1, the signal size of each individual is approximately 3×3 pixels. During the convolution 130 

process, particularly in the pooling stages, this small-sized signal can lead to attenuation or even loss of the 131 

signal (Liu et al., 2021; Tong and Wu, 2022; Wei et al., 2024). Second, multi-scale feature fusion, which 132 

integrates the upsampled coarse and fine spatial resolution features, is potentially a useful method to alleviate 133 

this issue. However, traditional upsampling methods, such as nearest neighbor and bilinear interpolation, often 134 

fail to recover fine spatial details, leading to over-smooth boundaries (Li et al., 2024) and misalignment 135 

between the high-frequency details in the upsampled features and fine spatial resolution features (Dai et al., 136 

2017), making it challenging to detect small-sized objects effectively. 137 

 138 
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 139 

Fig. 2. Examples of ground and aerial imagery. (a) Image from the ShanghaiTech Dataset
1
, and (b) image from the DLR Aerial 140 

Crowd Dataset
2
. 141 

 142 

To overcome the aforementioned limitations, this paper proposed a novel point-based convolutional neural 143 

network (CNN) method, CrowdSat-Net, which was specifically designed for large-scale and long-term CD. 144 

CrowdSat-Net introduces two key contributions: 1) a Dual-Context Progressive Attention Network (DCPAN) 145 

to improve the individual instance feature presentation and 2) a High-Frequency Guided Deformable 146 

Upsampler (HFGDU) to replace traditional upsampling methods, which aims to recover the fine spatial 147 

information of individuals during the upsampling process. 148 

In summary, the contributions of this research are three-fold: 149 

1) To the best of our knowledge, this is the first research to utilize VFR satellite imagery for CD, which 150 

aims to facilitate studies on the characterization of human spatial distributions and temporal activities at 151 

 
1 https://github.com/desenzhou/ShanghaiTechDataset 

2 https://www.dlr.de/en/eoc/about-us/remote-sensing-technology-institute/photogrammetry-and-image-analysis/public-datasets/dlr-acd 
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a large-scale (both spatially and temporally). 152 

2) To achieve this task, a novel CD dataset, CrowdSat, was collected by multi-source satellite platforms, 153 

which comprises over 120k labeled individuals and consists of diverse regions with strong 154 

heterogeneity, facilitating the development of CD methods. Additionally, during labeling, a point-like 155 

background removal strategy was introduced that uses multi-temporal VFR satellite imagery as 156 

auxiliary data to reduce mislabeling rates. 157 

3) A novel point-based CD method using the CNN, termed CrowdSat-Net, was proposed to detect 158 

individuals in satellite imagery efficiently. Additionally, two innovational modules, DCPAN and 159 

HFGDU, were introduced to enhance individual feature presentation and recover the lost 160 

high-frequency information of individual features during upsampling. 161 

The remainder of this paper is structured as follows: Section 2 provides a comprehensive overview of 162 

CrowdSat, detailing its data collection and preprocessing, labeling process and data analysis. Section 3 163 

presents the architecture of CrowdSat-Net, explaining its key components and design. Section 4 presents 164 

extensive experimental evaluations, while Section 5 discusses the broader applicability, inherent limitations of 165 

CrowSat and CrowSat-Net, and future directions. Finally, Section 6 summarizes the key findings of this 166 

research. 167 

 168 

 169 

2. CrowdSat Dataset 170 

 171 

In this paper, CrowdSat was presented for large-scale CD and the analysis of historical human movement 172 

patterns. To better understand the details of CrowdSat, this section provides a comprehensive overview, 173 

covering three key aspects: data collection and preprocessing, data labeling and data analysis. 174 

 175 

2.1. Data Collection and Preprocessing 176 
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 177 

To ensure representative data for large-scale CD, three complementary remote sensing data sources, 178 

including the Google Earth platform and the BJ3N and JL04A satellites, were considered. The Google Earth 179 

imagery used in CrowdSat has an approximate spatial resolution of 0.30 m and originates primarily from 180 

Maxar (DigitalGlobe) WorldView-series satellites (e.g., WorldView-3/4). These data are pan-sharpened 181 

products produced by fusion of 0.30 m panchromatic and 1.20 m multispectral bands. It is noted that all 182 

Google Earth imagery used in this research was accessed solely for academic, non-commercial research 183 

purposes and in compliance with the Google Maps/Google Earth Additional Terms of Service. The released 184 

CrowdSat dataset does not include any Google Earth images. However, Google Earth imagery for some 185 

regions suffers from cloud or haze contamination, mosaic seams, compression artifacts or relatively sparse 186 

visible crowds, which limits its usefulness for dense crowd annotation. To complement these cases, we 187 

additionally used imagery from the BJ3N and JL04A satellites. The BJ3N satellite operates in a 188 

Sun-synchronous orbit at an altitude of 610 km, with a 5-day revisit period and an LTAN of 11:00. It captures 189 

RGB and panchromatic bands with a spatial resolution of 1.20 m and 0.30 m, respectively. The JL04A satellite 190 

follows a Sun-synchronous orbit at 535 km, with a shorter 3-day revisit period and an LTAN at 10:30, 191 

allowing for more frequent observations. The JL04A imagery used in CrowdSat has a spatial resolution of 0.31 192 

m for the panchromatic band and 1.24 m for the multispectral bands. 193 

 194 
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 195 

Fig. 3. Spatial distribution map of collected VFR satellite imagery for some locations where crowds typically gather. Part of the 196 

imagery displayed in this figure was obtained from the Google Earth platform (© Google Earth 2025). 197 

 198 

To ensure broad spatial coverage and diverse conditions, we selected imagery spanning 32 provincial-level 199 

divisions in China (except Guizhou Province and Macao, due to fewer satellite images in these areas). Our 200 

dataset collection follows two main principles. First, the collected imagery must be visually reliable for 201 

annotation, i.e., cloud- or haze-free, with minimal shadow contamination and high radiometric quality. Second, 202 

the selected regions need to contain a sufficient number of clearly visible individuals. Within each 203 

provincial-level division, we first identified typical public gathering places (e.g., city squares, commercial 204 

streets, transport hubs and scenic sites), then reviewed imagery from BJ3N, JL04A satellites and the Google 205 

Earth platform manually, and selected the scenes that best satisfy these two principles. These regions exhibit 206 

substantial heterogeneity, encompassing various landscapes and urban settings, as illustrated in Fig. 3. These 207 

scenes include open public areas (e.g., the Forbidden City), built-up areas (e.g., Kashgar People’s Square), 208 

snowy regions (e.g., Harbin Ice and Snow World), areas with lush vegetation (e.g., the Emperor Qinshihuang’s 209 

Mausoleum Site Museum), beaches (e.g., Qingdao Jiaozhou Bay National Marine Park), desert regions (e.g., 210 
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Yuesha Island), etc.. All the imagery was acquired between Feb. 20, 2023, and Jan. 2, 2025. In addition, before 211 

using the collected imagery, preprocessing steps such as geometric correction, clipping and radiometric 212 

normalization were performed to enhance the consistency between images from different sources. 213 

Using the original 1.20 m BJ3N or 1.24 m JL4A multi-spectral imagery directly makes it challenging to 214 

distinguish individuals. To address this limitation, a state-of-the-art pan-sharpening technique known as 215 

area-to-point regression kriging (ATPRK) (Wang et al., 2015, 2016), which attained smaller relative 216 

global-dimensional synthesis error (ERGAS) and larger spectral angle mapper (SAM) values than classical 217 

fusion methods, was employed to increase the spatial resolution of the BJ3N and JL4A imagery to 0.30 m and 218 

0.31 m, respectively. The fused imagery with finer spatial resolution enables a more accurate interpretation for 219 

subsequent analysis. 220 

 221 

2.2. Data Labeling 222 

 223 

Labeling individuals in VFR satellite imagery presents unique challenges compared to ground and aerial 224 

imagery. Due to the relatively blurred edges of individuals in VFR satellite imagery, it is difficult to delineate 225 

their contours. This increases the likelihood of mistaking other ground objects as individuals. For example, as 226 

shown in Fig. 4(a), objects within the red and cyan circles exhibit visual characteristics similar to individuals. 227 

However, the objects in the red circles correspond to road asphalt, while those in the cyan circles are street 228 

lamps. Similarly, other stationary objects, such as stone pillars, may also be labeled incorrectly, which can 229 

further mislead network training. 230 

 231 
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 232 

Fig. 4. Examples of mislabeling. (a) and (b) were captured in the same region on Feb. 16, 2023 from the BJ3N satellite and Aug. 7, 233 

2024 from the Google Earth platform (© Google Earth 2025), respectively. The objects in the red and cyan circles correspond to road 234 

asphalt and street lamps, respectively.  235 

 236 

To alleviate the above issue, multi-temporal VFR imagery from the Google Earth platform was used as 237 

auxiliary data, due to the extensive spatial and temporal coverage of Google Earth imagery (Li et al., 2023; Shi 238 

et al., 2023; Ni et al., 2024). For example, Fig. 4(b) was captured in the same region at a different time, making 239 

it easier to distinguish individuals from other small objects. By cross-referencing imagery captured at different 240 

time points, fixed objects were identified as non-individuals, reducing labeling errors. Moreover, to further 241 

ensure accurate annotations, a center-point labeling strategy was employed. Specifically, for each individual, a 242 

single point was placed at the center of the 3×3 pixel region to present the approximate position in the imagery. 243 

This approach prevents boundary ambiguity and minimizes the risk of mislabeling non-human objects. 244 

To facilitate the use of the data in a deep learning architecture, following the collection of classical remote 245 

sensing datasets, such as LEVIR-CD (Chen and Shi, 2020) and WHU-CD (Ji et al., 2018), the collected 246 

imagery was cropped into 256×256 pixel patches without overlapping. Patches without individuals were 247 

removed, resulting in a total of 3,447 labeled patches. 248 

 249 

2.3. Data Analysis 250 

 251 
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Compared to ground and aerial imagery, CrowdSat sets new benchmarks with its vast scale, diverse density 252 

distribution and comprehensive multi-environment coverage. It presents four key characteristics.  253 

1)Multi-Density Representation. As illustrated in Fig. 5, the CrowdSat dataset consists of a total of 3,447 254 

patches, covering 120,141 individuals. The number of individuals in each patch varies significantly, with a 255 

maximum of 808 individuals and a minimum of 1 individual. On average, each patch contains 34.9 individuals, 256 

while the median number per patch is 14.0. This wide range of crowd densities across different patches offers 257 

a comprehensive representation of various crowd scenarios, making the dataset valuable for evaluating crowd 258 

detection methods under diverse conditions. 259 

 260 

 261 

Fig. 5. Crowd count distribution in CrowdSat. 262 

 263 

2) Extensive National Coverage. CrowdSat spans China (except Guizhou Province and Macao) and 264 

includes samples from 32 Chinese provincial-level divisions. As illustrated in Fig. 6, the number of patches 265 

per province ranges from 0 to 393, and the corresponding number of individuals ranges from 0 to 10,716. 266 

Provinces with frequent large public gatherings, such as Shandong (393 patches; 10,716 individuals) and 267 

Shanghai (330 patches; 6,374 individuals), contribute more samples, whereas sparsely populated or remote 268 
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regions, such as Tibet and Qinghai, contain fewer but still representative scenes. Guizhou and Macao currently 269 

have no labelled patches that satisfy our selection principles (cloud- and haze-free, minimal shadow 270 

contamination and a sufficient number of visible individuals). The vast coverage of CrowdSat provides a wide 271 

range of crowd types, promoting the generalizability of the dataset to various scenarios. 272 

 273 

 274 

Fig. 6. Distribution of patches and individuals per province in CrowdSat. 275 

 276 
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3) Multi-Season Adaptation. CrowdSat was collected between Feb. 20, 2023 and Jan. 2, 2025, covering all 277 

four seasons. This wide temporal span allows models to adapt inherently to seasonal variations in terms of 278 

lighting conditions (e.g., summer glare and winter haze) and crowd movement patterns. 279 

4) Diverse Environmental Representations. CrowdSat contains samples from distinct environmental 280 

categories across China, such as open areas, snowy regions, beaches, desert regions, etc.. As shown in Fig. 7, 281 

CrowdSat is dominated by open public areas, where mass gatherings occur commonly. Built-up areas and 282 

vegetated areas together account for most of the remaining samples, consisting of dense commercial streets, 283 

residential blocks and urban parks where crowd activities take place everyday. Beaches form a medium-sized 284 

component of the dataset, whereas snowy regions and desert regions are less frequent but still represented by 285 

dozens of patches and several thousand individuals. Traffic junctions contain a noticeable number of patches 286 

but fewer individuals per patch. By systematically encompassing scenarios from historical landmarks to 287 

modern transportation hubs, this cross-environment integration can alleviate location-specific bias. 288 

 289 

 290 

Fig. 7. Distribution of patches and individuals across different scene types in CrowdSat. 291 

 292 

 293 

3. Methods 294 
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 295 

3.1. Overview of CrowdSat-Net 296 

 297 

To detect crowds in large-scale VFR satellite imagery effectively, a novel point-based CNN, CrowdSat-Net, 298 

was proposed. It was specifically designed to address two key challenges: 1) gradual blurring and loss of small 299 

object signals during feature extraction and 2) high-frequency information loss during upsampling operations. 300 

An overview of the CrowdSat-Net architecture is illustrated in Fig. 8. At the beginning, the label image is 301 

transformed into a Focal Inverse Distance Transform (FIDT) map (Liang et al., 2022a) using the FIDT method. 302 

CrowdSat-Net adopts a two-stage stacked Hourglass Network (Newell et al., 2016) (a typical network used for 303 

point feature extraction), with key modifications to increase the accuracy of CD. First, to improve small-object 304 

feature representation, a novel module, that is, DCPAN, is embedded in the image preprocessing stage. Second, 305 

during the upsampling operation, the traditional method (e.g., bilinear interpolation) is replaced with a novel 306 

module, HFGDU, which aims to restore lost high-frequency information. Within each Hourglass Network, a 307 

location map is generated, and the loss is computed using the FIDT map and the location map through the 308 

Focal Loss function (Lin et al., 2017b), a strategy known as Intermediate Supervision. The total loss   is 309 

computed as the sum of Focal Losses from each Hourglass Network. Finally, the location map from the last 310 

Hourglass Network is processed using a Local-Maxima-Detection-Strategy (LMDS) to obtain the final 311 

individual localizations. 312 

 313 

 314 
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Fig. 8. Overview of the proposed CrowdSat-Net. First, the labeled image is transformed into the FIDT map. During each training 315 

iteration, CrowdSat-Net enhances the basic features in the image preprocessing using the DCPAN module. Then, these enhanced 316 

features pass through the two-stacked Hourglass Network. In each Hourglass Network, the traditional upsampling method is 317 

replaced with the HFGDU module to recover the lost fine details. Each Hourglass Network generates a location map, which is 318 

compared with the FIDT map to calculate the Focal Loss. The total loss L is the sum of Focal Losses from each Hourglass Network. 319 

After training, the location map conducted by the last Hourglass Network is transformed into the actual localization result using the 320 

LMDS method. 321 

 322 

The remainder of this section introduces important components in detail, including the FIDT map, DCPAN, 323 

HFGDU, LMDS and model evaluation. 324 

 325 

3.2. Focal Inverse Distance Transform (FIDT) Map 326 

 327 

It is critical to identify individual localization in CrowdSat-Net. Traditional methods, such as binary-like 328 

maps (Liu et al., 2019), segmentation-like maps (Xu et al., 2022), topological maps (Abousamra et al., 2021) 329 

and independent instance maps (Gao et al., 2020c), struggle to distinguish overlapping objects in dense crowds 330 

due to their reliance on fixed thresholds or semantic boundaries. To overcome this problem, the FIDT (Liang 331 

et al., 2022a) method was employed, which enables overlap-free head localization by assigning higher pixel 332 

responses closer to head centers, thereby ensuring accurate localization in dense crowds. The FIDT is defined 333 

as follows: 334 

 335 

  
 

 (   )(   (   )  )  
                                                                     (1) 336 

 337 

where   represents the FIDT map,   and   are weight factors, set to the default values of 0.02 and 0.75, 338 

respectively (Liang et al., 2022a).   indicates a constant, which aims to prevent division by zero.  (   ) 339 
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denotes the distance between the pixel at location (   ) and its nearest annotated pixel at location (     ), in 340 

the set of all annotation 𝐁: 341 

 342 

 (   )     (     ) 𝐁√(    )  (    )                                            (2) 343 

 344 

3.3. Dual-Context Progressive Attention Network (DCPAN) 345 

 346 

The image preprocessing stage aims to extract fundamental feature representations from the original inputs, 347 

serving as the foundation for downstream network architectures. Conventional implementations in the 348 

Hourglass Network employ typically a standard convolutional layer followed by a ResNet layer (Zhou et al., 349 

2019), which ignores the gradual signal attenuation of small objects. This limitation can compromise model 350 

sensitivity to fine-grained features and increase false negative rates in individual detection. 351 

To address the above issue, we first excluded the standard convolutional layer and then proposed the 352 

DCPAN module embedded after the ResNet layer, shown in Fig. 9. The DCPAN module combines 353 

synergistically a base spatial attention (SA) Encoding and two parallel branches (multi-scale feature extraction 354 

(MSFE) and local contrast enhancement (LCE) branches), aiming to improve the small-object signal 355 

presentation. Specifically, given a feature map          generated by the ResNet layer, where  ,   and 356 

  denote the channel, height and width of the feature, respectively, the DCPAN module generates 357 

small-object feature enhancement weights through three key operations detailed as follows. 358 

 359 
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 360 

Fig. 9. Flowchart of the DCPAN module, which consists of three main components: SA Encoding, MSFE and LCE branches. The 361 

SA Encoding component extracts the base SA feature from the original features X. The MSFE branch captures contextual 362 

information from this base feature, while the LCE branch focuses on extracting its local contrast. Finally, the outputs of the MSFE 363 

and LCE branches are fused through element-wise addition, and the result is passed through a sigmoid activation function to obtain 364 

the enhancement weight map   . This map is subsequently applied to the original feature X via element-wise multiplication. 365 

 366 

1) SA Encoding. Small objects lack distinct semantic features, but exhibit unique spatial patterns. We first, 367 

thus, extracted the base spatial attention cues      , achieved as follows: 368 

 369 

        ( )       
 

 
∑   

 
                                                         (3) 370 

 371 

where             and             represent the max-pooled and average-pooled features, 372 

respectively. These two features are then concatenated to form the base spatial feature             . 373 

2) MSFE Branch. Although the base spatial feature can improve the presentation of prominent objects by 374 

highlighting global significant regions, the global pooling operations (e.g., max/avg) in SA Encoding fail to 375 

model positional dependencies between objects, leading to suboptimal results in cluttered scenes (Fu et al., 376 
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2019). To alleviate this issue, a simple MSFE branch, which employs parallel dilated convolutional layers with 377 

complementary dilation rates, was proposed: 378 

 379 

             (     )               (     )                                              (4) 380 

 381 

where        and        are the dilated convolutional operations with dilation rates of 2 and 4, respectively. 382 

Then, the              of these layers are concatenated and fused using a 1×1 convolutional layer: 383 

 384 

          (      (             ))                                                   (5) 385 

 386 

3) LCE Branch. Standard pooling operations always blur high-frequency details, leading to degraded 387 

accuracy on fine-grained detection tasks (Fu et al., 2019). To address this problem, the LCE branch highlights 388 

locations with large heterogeneity by a local contrast generator  : 389 

 390 

      (    )   (|               (    )|)                                     (6) 391 

 392 

where             represents the contrast-sensitive weight map and |  |  denotes absolute value 393 

computation.   is the learnable contrast enhancement operator composed of a 3×3 convolutional layer, batch 394 

normalization, ReLU activation and a 3×3 convolutional layer. 395 

Finally, the enhancement weight map    is generated by applying a sigmoid activation to the element-wise 396 

addition of       and     . This weight map is then multiplied pixel-wise with the original feature   to obtain 397 

the final feature.  398 

 399 

3.4. High-Frequency Guided Deformable Upsampler (HFGDU) 400 

 401 
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Within each Hourglass network, the coarse spatial resolution features are upsampled and then fused with 402 

fine spatial resolution features to increase the ability to detect small objects. However, as mentioned in the 403 

Introduction, traditional upsampling methods, such as nearest neighbor and bilinear interpolation, often fail to 404 

recover fine spatial details, leading to over-smooth boundaries (Li et al., 2024) and misalignment of 405 

high-frequency features (Dai et al., 2017), making it challenging to detect small objects effectively. 406 

To alleviate the above challenge, the HFGDU module was introduced. As shown in Fig. 10, HFGDU 407 

alleviates the dual challenges of high-frequency detail recovery and geometric-aware feature alignment 408 

through a three-stage architecture: Initial Upsampling, High-Frequency Detail Compensation (HFDC) and 409 

Deformable Alignment Fusion (DAF). 410 

 411 

 412 

Fig. 10. The structure of the HFGDU module. It contains three main components: Initial Upsampling, HFDC and DAF. Initial 413 

Upsampling uses the bilinear interpolation to match the spatial resolution of coarse and fine features. HFDC recovers the 414 

high-frequency details of the upsampled features, while DAF refines the spatial alignment of the high-frequency features. 415 

 416 

1) Initial Upsampling. Given an input coarse spatial resolution feature map                  
and a fine 417 

spatial resolution feature map                  
, to match the spatial size, we first applied the simple 418 

bilinear interpolation to         to obtain an upsampled feature map  ̃              
. However, bilinear 419 

interpolation always smooths feature boundaries, failing to recover the lost high-frequency details that are 420 
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critical for small object detection. 421 

2) HFDC. To recover the lost fine details during upsampling, we introduced a learnable high-pass filter     422 

to extract high-frequency components from the upsampled feature map: 423 

 424 

       ( ̃  )                                                                   (7) 425 

 426 

where the filter     is designed based on a Laplacian-like kernel, which is initialized with a center weight of 1 427 

and surrounding weights of -1/8, to enhance edge structures. The extracted high-frequency feature map     is 428 

then refined using a residual compensation generator     : 429 

 430 

          (   )                                                               (8) 431 

 432 

where      is composed of a 3×3 convolutional layer followed by two additional 3×3 convolutional layers 433 

with ReLU activations, and a final 3×3 convolutional layer with a Sigmoid activation to constrain the 434 

compensation magnitude. The map       is then integrated with the upsampled feature map to generate the 435 

compensated high-frequency details map      : 436 

 437 

       ̃   (       )                                                      (9) 438 

 439 

where   means element-wise multiplication. This step helps in recovering the fine high-frequency components, 440 

which can increase potentially the clarity and sharpness of the upsampled feature representation. 441 

3) DAF. After compensating for high-frequency details, we employed DAF to refine the spatial alignment 442 

between the upsampled feature       and the fine spatial resolution feature      . Traditional upsampling 443 

methods rely on fixed-grid sampling, which may cause spatial misalignment. To alleviate this, we introduced a 444 

deformable convolution layer   that predicts spatial offsets    : 445 
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 446 

          (        )                                                        (10) 447 

 448 

where          denotes the deformably sampled feature map used to correct misalignment, and the offsets    449 

are adaptively learned from the feature map: 450 

 451 

    (      (           ))                                                   (11) 452 

 453 

In Eq. (11),   is a lightweight offset prediction network composed of two stacked 3×3 convolutional layers 454 

that estimates local displacements. This helps the model to align features dynamically based on the underlying 455 

structure. 456 

Furthermore, to integrate selectively aligned features while suppressing redundant information, we 457 

introduced a feature modulation gate   that acts as an adaptive attention mechanism: 458 

 459 

                                                                             (12) 460 

 461 

where      is the final fusion map and   denotes element-wise multiplication, and the modulation gate   is 462 

computed as: 463 

 464 

   (    (      (           )))                                                    (13) 465 

 466 

where   is the sigmoid activation. By integrating these three components, HFGDU aims to preserve 467 

high-frequency details and dynamically align features effectively, which can contribute to improving the 468 

detection of small objects in the Hourglass Network.  469 

 470 
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3.5. Local Maxima Detection Strategy 471 

 472 

The FIDT map generated by the last Hourglass Network can identify the center point of each individual 473 

effectively, but it struggles with filtering false positives. To alleviate this issue, the LMDS was introduced to 474 

determine the correct position of each individual (Liang et al., 2022a). Specifically, a 3×3 max-pooling 475 

operation is employed to generate all candidate points, and an adaptive threshold, denoted as 𝛿, is used to filter 476 

out false positives. This threshold is defined empirically as 100∕255.0 times the maximum value of the FIDT 477 

map, and only points with values greater than or equal to 𝛿 are selected. Additionally, if the maximum value of 478 

the FIDT map is smaller than a tiny fixed threshold (set to 0.10) (Liang et al., 2022a), it indicates that there are 479 

no detected individuals in the input image. 480 

 481 

3.6. Model Evaluation 482 

 483 

To analyze the performance of the proposed CrowdSat-Net model comprehensively, both localization and 484 

counting metrics are introduced in this research. For localization metrics, the first step in assessing localization 485 

performance is to match the predicted individual point  ̂ with the ground reference individual point  . If the 486 

point-marching distance between  ̂ and   is less than a threshold  , they are considered matched. In this study, 487 

  was set to 2 pixels, and the nearest neighbors method (Kramer, 2013) was employed for matching, with each 488 

point being assigned to its single closest neighbor. After matching, the match matrix and counts of the number 489 

of True Positive (TP), False Positive (FP) and False Negative (FN) are obtained. Then, Precision, Recall, 490 

F1-score (Wang et al., 2020a) and Mean Localization Error (MLE) (Sam et al., 2021) were adopted based on 491 

TP, FP, FN and point-marching distance to evaluate the performance of the proposed model. The formulae are 492 

as follows: 493 

 494 
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 499 

where * ̂ +         
 and *  +         

 denote the coordinates of the matched predicted and ground-reference 500 

points, respectively, and     represent the number of TP. || ̂    ||  corresponds to the Euclidean distance 501 

between the predicted and ground-reference points. For counting metrics, the Mean Absolute Error (MAE) 502 

and Root Mean Squared Error (RMSE) were included, which are defined as follows: 503 

 504 
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 507 

where   
    

 and   
   are the predicted and ground-reference counts in the  -th image patch, respectively. 508 

 509 

 510 

4. Experiments 511 

 512 

In this section, comprehensive experiments on the Crowd-Sat dataset were conducted to examine the 513 

effectiveness of the proposed CrowdSat-Net method. Specifically, Section 4.1 details the experimental setup. 514 

Section 4.2 presents a series of ablation studies to validate the contributions of the DCPAN and HFGDU 515 

modules. Subsequently, Section 4.3 compares the CrowdSat-Net method with eight recent state-of-the-art CD 516 

benchmark methods (originally designed for ground or aerial imagery and satellite-based animal detection) to 517 

assess its performance. Section 4.4 examines the sensitivity of localization performance to the point-matching 518 
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threshold. Section 4.5 presents the computational efficiency and memory usage of different CD models. 519 

Section 4.6 illustrates the performance of various backbones in CrowdSat-Net. Section 4.7 analyzes the 520 

performance of CrowdSat-Net across different crowd density levels. Finally, Section 4.8 examines the 521 

cross-regional generalization of the CrowdSat-Net method by applying it to unseen foreign regions. 522 

 523 

4.1. Experimental Setup 524 

 525 

In this research, the labeled patches in CrowdSat were divided randomly into training and validation sets in 526 

a 4:1 ratio. To increase the robustness and generalization of models, we applied augmentation techniques, 527 

including horizontal flipping, vertical flipping and CutMix (Yun et al., 2019). After augmentation, patches 528 

without individuals were removed, resulting in 10,357 training patches and 704 validation patches. 529 

After preparing the dataset, we trained the CrowdSat-Net model, all baseline models and other CD models 530 

for 150 epochs using the Adam optimizer (Adam et al., 2014) with a base learning rate of 0.0003 and a weight 531 

decay of 0.001, on the same augmented dataset described above to ensure fair comparison. For all models, the 532 

batch size was set to 8, and they were implemented in PyTorch 1.21. All experiments were conducted on a 533 

Windows 10 workstation equipped with a 13th Gen Core i7-13700 CPU and a 24 GB NVIDIA GeForce RTX 534 

4090 GPU. 535 

 536 

4.2. Ablation Experiments 537 

 538 

4.2.1. Ablation of DCPAN and HFGDU. 539 

 540 

To examine the contributions of the DCPAN and HFGDU modules in CrowdSat-Net, a basic ablation 541 

experiment was conducted. In this experiment, the baseline refers to CrowdSat-Net with the DCPAN module 542 

removed and the HFGDU module replaced by bilinear interpolation. 543 
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As presented in Table 1, introducing either DCPAN or HFGDU outperforms the baseline in terms of 544 

localization and counting metrics. For example, with DCPAN alone, the F1-score and Precision increase by 545 

0.90% and 4.36%, respectively, while the MLE decreases by 0.02. The MAE and RMSE decrease by 0.83 and 546 

2.74, respectively. A similar trend is observed when only HFGDU is enabled, that is, the F1-score rises to 547 

65.52%, and MLE, MAE and RMSE are reduced to 0.40, 12.69 and 35.55, respectively. Notably, combining 548 

both modules achieves the best overall performance, with F1-score and Precision increased, and MLE, MAE 549 

and RMSE decreased compared with the baseline. 550 

 551 

Table 1 Basic ablation study for DCPAN and HFGDU. 552 

Methods DCPAN HFGDU F1-score (%) Recall (%) Precision (%) MLE MAE RMSE 

Baseline × × 64.42 60.77 68.54 0.42 13.04 37.94 

CrowdSat-Net 

√ × 65.32 59.16 72.90 0.40 12.21 35.20 

× √ 65.52 61.10 70.63 0.40 12.69 35.55 

√ √ 66.12 60.27 73.23 0.39 12.07 34.37 

 553 

4.2.2. Ablation Study of Different Feature Enhancement Modules in CrowdSat-Net. 554 

 555 

To further examine the effectiveness of DCPAN, a comparison with two well-known feature enhancement 556 

modules (spatial attention (SA) (Wang et al., 2017) and efficient channel attention (ECA) (Wang et al., 2020b)) 557 

was performed. In this experiment, all components were the same as the baseline method except for the feature 558 

enhancement module. The result is displayed in Table 2. It is seen that DCPAN achieves greater performance 559 

than SA and ECA, achieving the largest F1-score of 65.32% (+0.46% over SA, +0.58% over ECA) and Recall 560 

of 59.16% (+1.32% over SA, +1.02% over ECA). It also produces the smallest MAE (12.21) and RMSE 561 

(35.20), decreasing MAE by 0.93 and 1.23 and RMSE by 2.67 and 3.49 compared to SA and ECA, 562 

respectively. 563 
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Architecturally, DCPAN extends SA by integrating two novel branches: the MSFE and LCE. Specifically, 564 

MSFE utilizes dilated convolutions for multi-scale contextual information, mitigating false negatives 565 

effectively caused by the fixed receptive field of SA. Furthermore, in contrast to SA, the LCE enhances feature 566 

representation by amplifying local feature responses through contrast-based spatial attention. These 567 

innovations increase the localization accuracy of DCPAN collectively. Compared to ECA, which focuses on 568 

channel-wise attention exclusively, DCPAN alleviates spatial signal blurring through its dual-branch design. 569 

 570 

Table 2 Comparison of DCPAN with SA and ECA in CrowdSat-Net. 571 

Methods F1-score (%) Recall (%) Precision (%) MLE MAE RMSE 

SA (Wang et al., 2017) 64.86 57.84 73.82 0.38 13.14 37.87 

ECA (Wang et al., 2020b) 64.74 58.14 73.03 0.41 13.44 38.69 

DCPAN 65.32 59.16 72.90 0.40 12.21 35.20 

 572 

4.2.3. Ablation of Different Upsamplers in CrowdSat-Net. 573 

 574 

To reveal comprehensively the effectiveness of HFGDU, a comparative analysis with four established 575 

benchmark upsamplers, including bilinear interpolation, Content-Aware ReAssembly of FEatures (CARAFE) 576 

(Wang et al., 2019), Deconvolution (Long et al., 2015), Pixel-shuffle (Shi et al., 2016), Dense Upsampling 577 

Convolution (DUC) (Zhao et al., 2017) and Dysample (Liu et al., 2023b), was conducted. 578 

The result in Table 3 demonstrates that HFGDU exhibits greater localization performance over existing 579 

upsamplers, achieving the largest F1-score and Precision. This is attributed to its dual-domain enhancement 580 

mechanism: 1) The HFDC module employs a learnable Laplacian operator to amplify boundary gradients, 581 

mitigating the inherent edge blurring in bilinear interpolation effectively and yielding a 0.33% Precision gain, 582 

a 1.11% Recall increase and a 0.80% F1-score increase over bilinear interpolation. 2) The DAF mechanism 583 

based on dynamic migration prediction reduces the feature misalignment error by jointly optimizing the spatial 584 

correspondence between coarse and fine spatial resolution features. While Dysample achieves the largest 585 
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Recall, its Precision lags obviously behind HFGDU (-2.79%). While Deconvolution achieves a larger Recall, 586 

its fixed transposed convolution kernels lead to checkerboard artifacts, decreasing Precision by 2.44%. 587 

Although CARAFE generates upsampled cores via content-sensing, it struggles with small objects in dense 588 

scenes, leading to over-smooth results and a lower F1-score (65.17%) than bilinear interpolation (65.32%). 589 

Pixel-shuffle performs upsampling by first expanding the channel dimension and then rearranging the 590 

channels into a finer spatial grid. However, in this small-object detection task, its accuracy gain is limited. 591 

DUC yields slightly larger F1-score and Recall than bilinear interpolation, but the overall accuracy gain 592 

remains limited and still smaller than for HFGDU. 593 

 594 

Table 3 Comparison between different upsamplers in CrowdSat-Net. 595 

Methods F1-score (%) Recall (%) Precision (%) MLE MAE RMSE 

Bilinear interpolation 65.32 59.16 72.90 0.40 12.21 35.20 

CARAFE (Wang et al., 2019) 65.17 59.47 72.08 0.38 13.07 36.92 

Deconvolution (Long et al., 2015) 65.38 60.74 70.79 0.41 12.76 35.84 

Dysample (Liu et al., 2023b) 65.62 61.42 70.44 0.42 13.68 38.86 

Pixel-shuffle (Shi et al., 2016) 64.98 59.44 71.66 0.42 13.35 37.14 

DUC (Zhao et al., 2017) 65.46 60.12 71.84 0.41 12.88 36.14 

HFGDU 66.12 60.27 73.23 0.39 12.07 34.37 

 596 

4.3. Comparison Between CrowdSat-Net and Benchmark Methods 597 

 598 

This section aims to compare the performance of the proposed CrowdSat-Net with six state-of-the-art CD 599 

methods (originally designed based on ground or aerial imagery): Point to Point Network (P2PNet) (Song et 600 

al., 2021), SCALNet (Wang et al., 2021), Crowd Localization TRansformer (CLTR) (Liang et al., 2022b), 601 

Point quEry Transformer (PET) (Liu et al., 2023a), Focal Inverse Distance Transform Map for Crowd 602 

Localization (FIDTMCL) (Liang et al., 2022a) and Auxiliary Point Guidance Crowd Counting (APGCC) 603 
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(Chen et al., 2024). Also, two satellite-based animal detection approaches, HerdNet (Delplanque et al., 2023) 604 

and U-Net-based ensemble model (Wu et al., 2023) (hereafter, UNE), were included. 605 

As illustrated in Figs. 11 and A.1, five representative scenes, including traffic junctions, snowfields, dense 606 

urban regions, desert regions and other common impervious regions, were selected from 704 validation 607 

patches to demonstrate the detection performance across various scenarios. It is seen that SCALNet exhibits 608 

noticeable missed detections, particularly in cluttered junctions and dense urban areas where individual signals 609 

are easily confused with crosswalk markings, shadows and building edges within the yellow circles. 610 

FIDTMCL and APGCC alleviate this issue to some extent and detect more individuals in complex scenes. 611 

However, some of their predictions remain blurred around object boundaries (such as buildings, trees and 612 

tents), which leads to missed individuals at the periphery of gatherings. HerdNet captures several prominent 613 

clusters of individuals, yet the predictions are biased to high-density crowds and ignore frequently isolated 614 

individuals along roads or fences. P2PNet produces sparse predictions and often detects only a few scattered 615 

individuals in regions that contain clear gathering. The transformer-based methods, i.e., CLTR and PET, 616 

achieve limited visualization performance and, in densely populated areas, almost fail to detect crowds while 617 

producing anomalous outputs. UNE and CrowdSat-Net achieve greater detection performance with fewer 618 

missed or false detections, and, in the high- and low-density areas, their predictions are more accurate than 619 

those of the other benchmark methods. 620 

Quantitative analysis on all 704 validation patches is shown in Table 4. It is clear that CrowdSat-Net 621 

achieves state-of-the-art localization performance with an F1-score of 66.12%, a Precision of 73.23% and an 622 

MLE of 0.39. Compared to the second most accurate method (UNE), CrowdSat-Net increases the F1-score by 623 

0.80% and Precision by 6.38% and decreases the MLE by 0.36. Notably, CrowdSat-Net outperforms 624 

SCALNet by 5.71% in terms of F1-score, 8.41% in terms of Recall and 0.88 in terms of MLE, highlighting the 625 

effectiveness in small-object detection. Although APGCC achieves a larger Recall and the smallest MAE and 626 

RMSE, its Precision is 7.53% smaller than that of CrowdSat-NET, and its MLE is 0.75 larger, revealing 627 

inherent limitations in point-based auxiliary supervision for the precise localization of small objects. HerdNet 628 
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obtains an MLE of 0.50, but its F1-score is only 60.18%. P2PNet and CLTR present relatively greater counting 629 

performance, yet their localization performance is limited.  630 

 631 

Table 4 Accuracy of nine CD methods on the CrowdSat dataset. 632 

Methods F1-score (%) Recall (%) Precision (%) MLE MAE RMSE 

SCALNET (Wang et al., 2021) 60.38 51.86 72.26 1.27 13.31 34.18 

P2PNet (Song et al., 2021) 49.60 49.17 50.04 1.14 10.17 38.24 

CLTR (Liang et al., 2022b) 13.50 13.27 13.73 1.24 9.26 22.06 

PET (Liu et al., 2023a) 11.36 12.54 10.41 1.57 15.64 41.48 

FIDTMCL (Liang et al., 2022a) 64.41 60.78 70.80 0.98 12.67 34.76 

APGCC (Chen et al., 2024) 64.34 63.05 65.70 1.14 8.31 17.32 

HerdNet (Delplanque et al., 2023) 60.18 57.31 63.35 0.50 14.49 38.93 

UNE (Wu et al., 2023) 65.32 63.87 66.85 0.75 9.12 23.44 

CrowdSat-Net 66.12 60.27 73.23 0.39 12.07 34.37 

 633 
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 634 
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 635 

Fig. 11. Visual comparisons between different CD methods for the CrowdSat dataset. (a) Original image. (b) Reference. (c) SCALNet. (d) FIDTMCL. (e) APGCC. (f) 636 

HerdNet. (g) UNE. (h) CrowdSat-Net. (I) Traffic junctions. (II) Snowfields. (III) Dense urban regions. (IV) Desert regions. (V) Other common impervious regions. Some of 637 

the images in panels (I)-(V) were obtained from the Google Earth platform (© Google Earth 2025). 638 
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 639 

4.4. Sensitivity Analysis of Localization Performance to the Point-Matching Threshold 640 

 641 

 642 

Fig. 12. Sensitivity of localization performance to the point-matching threshold across different CD methods. 643 

 644 

To further examine the influence of the point-matching threshold, we conducted a sensitivity analysis with 645 

respect to the threshold γ. All methods (except for CLTR and PET) were evaluated under the selected values, 646 

i.e., 0.0, 1.0, 1.5 and 2.0. As illustrated in Fig. 12, CrowdSat-Net exhibits greater localization performance 647 

over all benchmark methods in two aspects. First, CrowdSat-Net generally achieves the greatest accuracy 648 
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under all values of  . Notably, when   is set to 0, which means that a prediction is counted as correct only if its 649 

pixel coordinates exactly coincide with those of a ground-reference point, CrowdSat-Net still obtains the 650 

largest F1-score of 42.44%, Recall of 38.69% and Precision of 47.00%. These values exceed the second most 651 

accurate results by 9.30%, 7.60% and 7.34%, respectively. Second, CrowdSat-Net is less sensitive to the 652 

selection of   than the other methods. For example, when   changes from 2.0 to 0.0 pixels, the F1-score and 653 

Precision of FIDTMCL decrease from 64.41% to 17.59% and from 70.80% to 19.04%, respectively. P2PNet 654 

and APGCC also show a similar trend. These steep drops illustrate that many of their predicted points lie near 655 

the matching point and are only counted as true positives when a relatively large   is used. 656 

 657 

4.5. Computational Efficiency and Memory Usage 658 

 659 

This section assesses the practical applicability of different CD methods by comparing the computational 660 

cost per 256×256 pixel patch in terms of FLOPs, the number of parameters, runtime latency and peak GPU 661 

memory. As presented in Table 5, CrowdSat-Net is the most computationally demanding model. It has the 662 

largest FLOPs and parameter count, and its latency and peak memory are higher than those of the other 663 

methods. This overhead mainly stems from the Hourglass structure itself and the additional DCPAN and 664 

HFGDU modules. Despite this larger computational cost, CrowdSat-Net yields notable localization 665 

performance on CrowdSat, as discussed in Section 4.4. Moreover, in terms of practical deployment, for 666 

scenarios where computational resources are very limited and slightly lower localization accuracy is 667 

acceptable, methods such as SCALNET or APGCC may be preferred. For applications that require accurate 668 

localization of extremely small objects under strict matching criteria, CrowdSat-Net offers a more appropriate 669 

solution. 670 

 671 

Table 5 Computational efficiency and memory usage for different CD methods (per 256×256 pixel patch). 672 

Methods FLOPs Params Runtime Latency Peak GPU memory 
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SCALNET (Wang et al., 2021) 7.32G 18.64M 1.96ms 94.45M 

P2PNet (Song et al., 2021) 26.18G 19.22M 2.21ms 122.99MB 

CLTR (Liang et al., 2022b) 16.03G 59.89M 14.51ms 273.23MB 

PET (Liu et al., 2023a) 221.06G 52.98M 12.24ms 300.85MB 

FIDTMCL (Liang et al., 2022a) 35.60G 66.58M 15.02ms 317.24MB 

APGCC (Chen et al., 2024) 23.49G 18.56M 2.039ms 113.88MB 

HerdNet (Delplanque et al., 2023) 7.55G 18.16M 3.07ms 106.67MB 

UNE (Wu et al., 2023) 40.19G 17.26M 2.87ms 182.42MB 

CrowdSat-Net 297.29G 94.12M 20.25ms 701.05MB 

 673 

4.6. Performance of Different Backbones in CrowdSat-Net 674 

 675 

To investigate the performance of different backbones in CrowdSat-Net, we integrated DCPAN and 676 

HFGDU into three representative backbones, namely, U-Net (Ronneberger et al., 2015), Deep Layer 677 

Aggregation (DLA) (Yu et al., 2018) and HRNet (Sun et al., 2019), all of which include coarse and fine spatial 678 

resolution fusion strategies. As shown in Table 6, when γ=2, the F1-scores range for the three backbones are 679 

59.80–62.30%, which are below those of the benchmark methods, such as UNE, FIDTMCL and APGCC 680 

(64.34–65.32%). However, as γ decreases, the accuracy of the three backbones becomes greater than that of 681 

the benchmark methods gradually. For example, when γ=0, the three backbones still retain F1-scores between 682 

35.43% and 37.36%, while UNE, FIDTMCL and APGCC fall to 22.48%, 17.59% and 24.53%, respectively. 683 

With γ changes, the accuracies of the three backbones are more stable than those of the benchmark methods. 684 

Furthermore, compared to the Hourglass backbone, the three backbones produce clearly smaller localization 685 

accuracy at all point-matching thresholds, but they have fewer parameters than the Hourglass backbone, which 686 

makes them suitable replacements for Hourglass in applications that operate with more tolerant 687 

point-matching thresholds. 688 

 689 

Table 6 Comparison between different backbones in CrowdSat-Net. 690 
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Methods γ Params F1-score (%) Recall (%) Precision (%) MLE MAE RMSE 

U-Net 

(Ronneberger et 

al., 2015) 

0 

17.79M 

35.43 38.09 33.13 0.00 

16.56 33.77 

1 55.29 59.43 51.69 0.36 

1.5 60.24 64.75 56.32 0.46 

2 60.39 64.92 56.46 0.47 

DLA (Yu et al., 

2018) 

0 

17.15M 

35.51 37.63 33.61 0.00 

15.59 33.54 

1 54.96 58.25 52.02 0.35 

1.5 59.72 63.30 56.53 0.50 

2 59.80 63.38 56.61 0.46 

HRNet (Sun et al., 

2019) 

0 

10.16M 

37.36 36.88 37.85 0.00 

13.91 34.45 

1 57.50 56.77 58.26 0.35 

1.5 60.95 60.17 61.75 0.41 

2 62.30 61.50 63.11 0.40 

 691 

4.7. Performance of CrowdSat-Net with Different Crowd Densities 692 

 693 

This section examines the performance of CrowdSat-Net systematically across different crowd densities to 694 

highlight its adaptive advantages in complex environments. The crowd count ranges were derived from the 695 

reference crowd count distribution using quantiles (0.1, 0.3, 0.6, 0.8, 0.95). The crowd density levels were then 696 

categorized as follows based on these quantile-derived ranges: 1–5 individuals within an image were classified 697 

as extremely sparse, 6–20 as sparse, 21–45 as moderate, 46–100 as relatively high, 101–800 as high and 800+ 698 

as extremely dense. 699 

As illustrated in Fig. 13, CrowdSat-Net demonstrates consistent robustness in moderate-to-high crowd 700 

density scenarios, achieving peak F1-scores of 73.03% in the 46–100 group and 69.60% in the 21–45 group. 701 

However, performance degradation was observed in both extremely sparse and extremely dense scenarios. For 702 

extremely sparse groups (1–5 individuals), Precision decreases to 35.81%, and in extremely dense crowds 703 

(800+), Recall drops to 39.23%. To explain these situations, a visual diagram of these situations is shown in 704 
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Fig. 14. In extremely sparse scenes, the obvious decrease in Precision is attributed to an increased 705 

susceptibility to false positives caused by background clutter, such as image noise and other small objects (e.g., 706 

road asphalt, stone pillars and street lamps). Additionally, in extremely dense crowds, the decrease in Recall is 707 

due to severe occlusion among individuals, making true positive detection challenging. 708 

 709 

 710 

Fig. 13. Performance of CrowdSat-Net on CrowdSat across different crowd densities. The lines show the Precision, Recall and 711 

F1-score evaluated on subsets of images grouped by crowd densities, while the grey bars in the background indicate the number of 712 

images in each group. 713 

 714 
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 715 

Fig. 14. Examples of the localization performance of CrowdSat-Net in extreme scenarios: (a) Extremely sparse. (b) Extremely 716 

dense.  717 

 718 

4.8. Cross-Regional Generalization of CrowdSat-Net 719 

 720 

In this research, we used CrowdSat to cover a broad range of scenes, e.g., snowy regions, vegetated areas, 721 

beaches, desert regions, etc., so that the generalization ability of CD models can be examined under diverse 722 

conditions. To further assess cross-regional generalization, we additionally tested CrowdSat-Net and the 723 
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benchmark methods (HerdNet, UNE, SCALNet, P2PNet, FIDTMCL and APGCC) on six unseen global 724 

regions that are not included in CrowdSat. These regions are Red Square (Moscow, Russia), Metropolitan 725 

Cathedral (Mexico City, Mexico), Phra Nakhon (Bangkok, Thailand), Djemaa el Fna (Marrakesh, Morocco), 726 

India Gate (New Delhi, India) and National Mall (Washington, D.C., USA). Also, these regions exhibit 727 

distinct characteristics. Red square and Djemaa el Fna are large plazas surrounded by tall buildings, where 728 

shadows and open areas with dark colors make individuals present low contrast. Metropolitan Cathedral and 729 

India Gate contain complex traffic junctions, with moving vehicles mixed with pedestrians on roads. Phra 730 

Nakhon and the National Mall include extensive vegetated areas in which dark green grass shows similar 731 

texture characteristics to individuals. All images were annotated with the same point-based protocol as 732 

CrowdSat. Their image sizes, collection dates, sources, spatial resolution, count of individuals and scenes 733 

included are summarized in Table 7. 734 

 735 

Table 7 Description of cross-regional test regions. 736 

Regions 

Image Size 

(pixels) 

Date Source 

Spatial 

Resolution 

Count Scenes 

Red Square 512 × 512 Sep. 27, 2023 Google Earth 0.3 m 394 Open public areas; built-up areas 

Metropolitan 

Cathedral 

1280 × 1405 Oct. 11, 2024 Google Earth 0.3 m 898 Built-up areas; traffic junctions 

Phra Nakhon 1402 × 1754 Jan. 11, 2025 Google Earth 0.3 m 725 

Open public areas; vegetated 

areas; traffic junctions 

Djemaa el Fna 2003 × 1514 Mar. 14, 2024 Google Earth 0.3 m 773 

Open public areas; built-up areas; 

traffic junctions 

India Gate 2337 × 677 Oct. 26, 2024 Google Earth 0.3 m 519 

Open public areas; vegetated 

areas; traffic junctions 

National Mall 2718 × 2079 Mar. 3, 2024 Google Earth 0.3 m 575 Vegetated areas; traffic junctions 

 737 
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 738 

Fig. 15. F1-scores of different CD methods for the unseen regions under varying point-matching thresholds. (a) γ=0. (b) γ=1. (c) 739 

γ=1.5. (d) γ=2. 740 

 741 

As displayed in Fig. 15, across all six unseen regions, CrowdSat-Net achieves the largest or second-largest 742 

F1-score for all point-matching thresholds. CrowdSat-Net produces mean F1-scores of 36.83%, 62.32%, 743 

67.83% and 69.34% for γ=0.0, 1.0, 1.5 and 2.0, respectively. Figs. 16 and A.2 show the predictions of 744 

CrowdSat-Net in the six unseen regions. For low-contrast plazas, CrowdSat-Net detects most individuals 745 

successfully in open areas and along building façades. At complex traffic junctions, CrowdSat-Net is able to 746 

separate most of the individuals from nearby vehicles. In vegetated areas, CrowdSat-Net can still localize a 747 

large proportion of isolated individuals that are scattered across the grass. However, several obvious false 748 

positives and negatives are also observed in these regions: false positives mostly occur on background objects 749 

that exhibit visual characteristics similar to individuals, such as road asphalt, street lamps, stone pillars, etc.. 750 
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False negatives are concentrated in highly dense clusters where adjacent individuals overlap. These limitations 751 

will be further discussed in Section 5.3. 752 

 753 

 754 

Fig. 16. The visual localization performance of CrowdSat-Net in unseen foreign regions. (a) Metropolitan Cathedral. (b) Djemaa el 755 

Fna. (I) Original image. (II) Evaluation. The images in (a)-(b) were obtained from the Google Earth platform (© Google Earth 2025). 756 

 757 

 758 
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5. Discussion 759 

 760 

5.1. Limitations of the CrowdSat Dataset 761 

 762 

While CrowdSat demonstrates advantages for CD via VFR satellite imagery, several inherent limitations 763 

must be acknowledged to ensure its appropriate application and interpretation, which are as follows: 764 

1) Limited Coverage Area. While CrowdSat was collected in regions with diverse environmental conditions, 765 

its coverage range is within China, which may limit the generalizability of models in extremely rare global 766 

environments, such as polar regions and dense tropical forests. 767 

2) Occlusion Constraints. The reliance of CrowdSat on optical imagery limits its effectiveness inherently in 768 

occluded environments. Buildings, dense tree canopies and their shadows can obscure individuals, making 769 

crowds only partially detectable or undetectable in some scenes. 770 

3) Minimum Detectable Crowd Size. At a spatial resolution of 0.3 m, more than one individual may fall 771 

within a single pixel in extremely high-density gatherings, but such cases are very rare in CrowdSat. To 772 

compete with current CD models, which can also not resolve sub-pixel individuals, we adopt a labelling 773 

protocol that restricts annotations to at most one individual per pixel. This strategy may lead to an 774 

underestimation of the number of individuals. 775 

4) Temporal Resolution Constraints. Although VFR satellites offer relatively frequent revisit times (e.g., 776 

BJ3N: every 5 days), the short-lived and time-specific nature of crowd activities makes them difficult to 777 

capture reliably. Cloud cover and atmospheric conditions often extend the effective revisit interval. 778 

 779 

5.2. Applicability of CrowdSat-Net 780 

 781 
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In this research, CrowdSat-Net demonstrated reliable localization performance of individuals, and it is 782 

expected that CrowdSat-Net and its two innovative modules (DCPAN and HFGDO) have the potential for 783 

broader applications. 784 

 785 

5.2.1. Generalized Small Object Detection 786 

 787 

While CrowdSat-Net was proposed for large-scale CD, its core design supports generalized small-object 788 

detection for satellite imagery. Many non-human objects share similar attributes with human crowds: low 789 

pixel occupancy (typically 4-10 pixels per object), irregular spatial distributions and high contextual 790 

heterogeneity. Potential applications include 1) wildlife monitoring, such as detection of migratory ungulates, 791 

penguin colonies or marine species from VFR satellite imagery; 2) transportation surveillance, including 792 

identification of vehicles in road networks, parking lots or logistics hubs; and 3) environmental mapping, such 793 

as recognition of vegetation clusters or deforestation patterns in ecological studies. For example, 794 

CrowdSat-Net achieves an F1-score of 83.16%, a Precision of 83.69% and a Recall of 82.67% on the AED 795 

dataset (Naude et al., 2019), which was collected in Africa and contains 1,649 RGB images with 12,455 796 

manually annotated elephants (point annotation), showing a great localization performance in more general 797 

small-object detection tasks. 798 

 799 

5.2.2. Modular Integration with Existing Remote Sensing Frameworks 800 

 801 

DCPAN and HFGDO can be potentially integrated into various backbone architectures. Specifically, these 802 

two modules can be embedded into widely used coarse and fine spatial resolution fusion architectures, such as 803 

Feature Pyramid Network (FPN) (Lin et al., 2017a), U-Net (Ronneberger et al., 2015) and HRNet (Sun et al., 804 

2019). For example, in U-Net, each standard skip connection can be embedded with DCPAN, and the 805 

traditional upsampling method (bilinear interpolation) can be replaced with HFGDO. 806 



 

 

45 

 807 

5.3. Limitations of CrowdSat-Net 808 

 809 

To explore the limitations of CrowdSat-Net, we selected several representative scenes, including stadiums, 810 

parks, bridges, beaches, road junctions and desert tourist areas, where CrowdSat-Net exhibits noticeable 811 

localization errors, as shown in Fig. 17. First, a non-negligible fraction of false negatives occurs in shadows or 812 

under occlusions by trees and buildings (row 2). In these regions, CrowdSat-Net tends to miss individuals or to 813 

produce only a few sparse detections along trees or buildings. Second, in highly dense scenes, such as bridges 814 

and beaches, the signals of adjacent individuals overlap heavily, which makes CrowdSat-Net difficult to 815 

separate all of them into distinct instances and leads to false negatives within compact groups. Third, false 816 

positives are frequently observed on high-contrast background patterns, including stadium markings, beach 817 

umbrellas, E-bikes and road markings. The textures of these objects are highly similar to those of individuals, 818 

causing the network to overestimate the number of individuals in these scenes. Finally, in sparsely populated 819 

regions, isolated objects such as small kiosks or shadows of infrastructure in desert regions may also be 820 

misclassified as individuals. 821 

 822 
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 823 

Fig. 17. Error maps of CrowdSat-Net on representative scenes. (a) Original images. (b) Evaluation. Some of the images were 824 

obtained from the Google Earth platform (© Google Earth 2025). 825 

 826 

5.4. Future Research 827 

 828 
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Based on the limitations identified in CrowdSat and CrowdSat-Net, we propose two key directions for future 829 

research: 830 

1) Large-Scale and Multi-Source Dataset Expansion. The CrowdSat dataset primarily covers Chinese 831 

regions, which may limit its geographical generalizability, especially for extremely rare global environments. 832 

To enhance model robustness, future datasets should incorporate global crowd patterns (by leveraging 833 

multi-source optical satellite imagery (0.3 m spatial resolution) and SAR constellations) and encompass more 834 

complex background environments (such as dense urban environments, mixed land cover regions and varied 835 

climatic conditions) to improve model adaptability across diverse scenarios. 836 

2) Temporal-Aware and Super-Resolution-Based Crowd Detection Frameworks. To decrease the false 837 

detection rates in extremely sparse crowd regions, future models may integrate multi-temporal image 838 

sequences with dynamic change detection mechanisms. One possible solution is a dual-branch design, where 839 

one part of the model focuses on detecting individuals in an image while the other tracks how they persist over 840 

time, reducing false detections due to static, small-sized background objects. On the other hand, to alleviate the 841 

individual signal occlusion in extremely dense crowd regions, super-resolution techniques may be employed 842 

to enhance image clarity, making it easier to distinguish individuals. 843 

 844 

5.5. Ethical Considerations 845 

 846 

While this research focuses on the use of VFR satellite imagery for constructive and socially beneficial 847 

applications, such as urban planning, public safety monitoring, post-disaster response, etc., we acknowledge 848 

the broader discussion of the dual-use potential of CD using VFR satellite imagery. Recent research (Ghamisi 849 

et al., 2025) highlights the need to consider the privacy risks associated with fine spatial resolution remote 850 

sensing data carefully. It is important to note that this research utilizes historical satellite imagery, not 851 

real-time data. Additionally, while this research can detect the presence of individuals, the individuals are 852 

represented as indistinct black or white dot-like shapes in VFR satellite imagery, making it impossible to 853 
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identify them. Nevertheless, we support future research to develop privacy protection frameworks to ensure 854 

the ethical and responsible use of AI-driven geospatial analysis. 855 

 856 

 857 

6. Conclusion 858 

 859 

This research investigated CD from VFR satellite imagery and introduced both a new dataset and a tailored 860 

CD framework. Specifically, we constructed CrowdSat, a large-scale CD dataset derived from multiple VFR 861 

satellite sensors with over 120k labeled individuals across heterogeneous scenes, together with a 862 

multi-temporal background-removal strategy to reduce point-level mislabeling. Building on this dataset, we 863 

proposed CrowdSat-Net with the innovative DCPAN and HFGDU modules to enhance small-object feature 864 

representation and recover high-frequency details during upsampling. The key findings of this research are 865 

summarized as follows. 866 

1) VFR satellite imagery overcomes the limitations of small-scale (both spatially and temporally) ground 867 

and aerial imagery, offering a promising pathway for large-scale crowd analysis in various applications. 868 

2) CrowdSat-Net outperforms five advanced CD methods (designed for ground or aerial imagery) based 869 

on CrowdSat, achieving the largest F1-score of 66.12%and Precision of 73.23%. 870 

3) The DCPAN and HFGDO modules are effective in increasing CD accuracy, increasing the F1-score by 871 

1.70% and Precision by 4.69%. 872 

4) CrowdSat-Net performs reliably in moderate and relatively high crowd density scenarios, with 873 

F1-scores of 69.60% and 73.03%, respectively. 874 

5) CrowdSat-Net demonstrates great cross-regional generalization in regions across the globe, with 875 

F1-scores of 75.00% and 73.70% in the Metropolitan Cathedral, Mexico and the National Mall, USA, 876 

respectively. 877 
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Overall, for large-scale CD, VFR satellite imagery offers an appropriate source, and CrowdSat-Net provides 878 

an effective solution. Future research will focus on constructing larger-scale CD datasets and developing more 879 

refined and generalized model architectures. 880 
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 1069 

Fig. A.1 Visual comparisons between representative CD methods (P2PNet, CLTR and PET) for the CrowdSat dataset. (a) Original 1070 

image. (b) Reference. (c) P2PNet. (d) CLTR. (e) PET. (I) Traffic junctions. (II) Snowfields. (III) Dense urban regions. (IV) Desert 1071 

regions. (V) Other common impervious regions. Some of the images in panels (I)-(V) were obtained from the Google Earth platform 1072 

(© Google Earth 2025). 1073 
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 1074 

Fig. A.2. The visual localization performance of CrowdSat-Net in other unseen foreign regions. (a) India Gate. (b) Red Square. (c) 1075 

National Mall. (d) Phra Nakhon. (I) Original image. (II) Evaluation. The images in (a)-(d) were obtained from the Google Earth 1076 

platform (© Google Earth 2025). 1077 


