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Abstract

We introduce Constellation, a dataset of 13K images

suitable for research on detection of objects in dense urban

streetscapes observed from high-elevation cameras, col-

lected for a variety of temporal conditions. The dataset

addresses the need for curated data to explore problems in

small object detection exemplified by the limited pixel foot-

print of pedestrians observed tens of meters from above. It

enables the testing of object detection models for variations

in lighting, building shadows, weather, and scene dynamics.

We evaluate contemporary object detection architectures on

the dataset, observing that state-of-the-art methods have

lower performance in detecting small pedestrians compared

to vehicles, corresponding to a 10% difference in average

precision (AP). Using structurally similar datasets for pre-

training the models results in an increase of 1.8% mean AP

(mAP). We further find that incorporating domain-specific

data augmentations helps improve model performance. Us-

ing pseudo-labeled data, obtained from inference outcomes

of the best-performing models, improves the performance of

the models. Finally, comparing the models trained using the

data collected in two different time intervals, we find a per-

formance drift in models due to the changes in intersection

conditions over time. The best-performing model achieves

a pedestrian AP of 92.0% with 11.5 ms inference time on

NVIDIA A100 GPUs, and an mAP of 95.4%.

1. Introduction

Urban landscapes are transitioning towards “smart cities”

with the underlying aim of catering to societal welfare [2,

31]. Considering deployment challenges and low-latency

solution requirements, traffic intersections stand out as op-

timal locations for embedding intelligence nodes in smart

cities. A city’s operations can be enhanced through the in-

terlinking of these nodes situated at adjacent intersections.

Dense urban locales are particularly challenging for au-

tonomous vehicles because of occlusions, high density of

car and pedestrian traffic, multitude of vehicles navigating

in diverse trajectories at varied velocities, physical obstruc-

tions, and the unpredictable movements of pedestrians. The

layout of buildings and their electrical power and communi-

cations infrastructure present opportunities to install sensors

on city buildings, use V2X and related technologies and

thereby upgrade autonomous vehicles to cloud-connected

vehicles [8, 10]. The ultimate goals are a dramatic increase

in pedestrian safety and improvements in traffic flow.

Utilizing cameras to monitor and track pedestrian and

vehicular movement is an effective solution for traffic

surveillance and increasing safety at smart intersections. A

great majority of cameras in cities are positioned no higher

than the first floor, which presents complications for ob-

ject detection associated with occlusions and the intricacies

of top-down view transformations. In major metropolises,

cameras can be positioned at higher altitudes, which fa-

cilitates easier generation of bird’s-eye perspective images
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(a) Dawn (b) Daytime (c) Rainy (d) Night

(e) Old Pavement (2019) (f) Faded Pavement (g) Unpaved (h) Repaved

Figure 1. Constellation contains different scenes, with changing time-of-day, weather conditions and background elements for the same

camera. (a-d) Different weather and time-of-day conditions; (e-h) changes to the scene background.

through low-latency perspective transformations.

The overwhelming majority of the available datasets for

object detection in urban settings are collected using low-

altitude cameras. This is convenient from the perspective of

cameras’ installations but frequently results in visual occlu-

sions of objects.

In this study, we introduce Constellation, a dataset con-

taining 13, 314 human-annotated images with bounding box

annotations for pedestrians and vehicles captured at an in-

tersection in New York City using high-elevation cameras

on the COSMOS testbed [26]. This dataset offers the

ability to study pedestrian and vehicle detection in a real-

world urban environment, enabling the development of ro-

bust algorithms that can handle the challenges posed by di-

verse weather conditions, lighting variations, and complex

scenes. Constellation is the first dataset to feature an ac-

tual deployment in an urban metropolis, spanning multiple

years, seasons, weather conditions, and times of day.

Using the Constellation dataset, we compared contem-

porary object detection models and found that single-stage

YOLO models [35] are the best-performing in terms of in-

ference time and precision. Transformer-based RT-DETR

models and Faster R-CNN-based CFINet obtained poorer

results [23, 45]. We then investigated pretraining based

on other similar datasets and custom augmentations to im-

prove model performance. We found that using pretraining

datasets improves the model performance on our Constel-

lation dataset by 1.8% mAP, providing a visible increase

in pedestrian detection performance. We used the best-

performing VisDrone-pretrained YOLOv8x model to au-

tomatically label data from the intersection and used this

newly acquired pseudo-labeled data as a pretraining dataset,

showing that this approach is competitive against using ex-

ternal datasets for pretraining. We release the codebase and

baseline models trained with Constellation.

2. Related Works

Pedestrian and Vehicle Detection A wealth of datasets

from low-altitude on-vehicle or stationary cameras for ve-

hicle and pedestrian detection have been released [11, 25,

33, 34]. Largely, these datasets do not feature scenes of

urban metropolises and focus either on vehicles or pedestri-

ans. Many of the publicly available traffic datasets specif-

ically feature footage captured from street-level elevations.

There exist datasets for drone-based high-altitude object de-

tection, which largely focus on campus areas or highways

rather than urban streetscapes, and some of which lack an-

notated bounding boxes needed for object detection [14–

16, 30, 40, 43]. Images from low-altitude cameras are

friendly for object detection, segmentation, and tracking ap-

plications since vehicles and pedestrians all occupy a large

enough number of pixels (greater than 64x128). Sizeable

pixel areas make it easy for convolutional networks to cap-



ture high-quality feature maps and are present heavily in

standard benchmark datasets like COCO [20].

Real-Time Object Detection For real-time object detec-

tion, single-stage object detectors based on SSD or YOLO

have gained popularity in recent years [4, 12, 22, 27–

29, 36, 42]. Unlike two-stage detectors that feature re-

gion proposal networks which propose potential bounding

boxes, single-stage detection models generate a fixed num-

ber of bounding box proposals based on integrated low-

dimensional feature maps. Recently proposed transformer-

based architectures like the detection transformer (DETR)

lack the real-time performance required for deployment [6].

Recently, Real-Time Detection Transformer (RT-DETR),

which replaces the encoder in DETR with a hybrid en-

coder, has been proposed as an alternative to YOLO archi-

tectures [23].

Small Object Detection Object detection models typi-

cally struggle with small object detection. Tiny pedestri-

ans in a bird’s eye camera view are represented by inade-

quately precise feature maps. This results in poor detection

and tracking accuracy. Many approaches have been pro-

posed to improve small object detection, especially in the

context of aerial object detection captured by VisDrone and

DOTA datasets [38, 40, 41, 47]. We note that aerial ob-

ject detection datasets contain significantly different views

than the static high-altitude infrastructure-colocated camera

placements which we consider in this study.

For YOLO models, adding extra levels of the Feature

Pyramid Network (FPN) has been suggested to improve

the size of the feature maps, and thus the capability to in-

crease small object detection accuracy [17]. Recently, RT-

MDet proposed modifying the YOLO architecture by in-

tegrating large-kernel depth-wise convolutions and soft la-

bels for aerial data [24]. PP-YOLOE models use several

architectural choices to improve upon YOLO [42]. LSKNet

proposes large and selective kernel modules to give mod-

els the contextual information needed [19]. Spatial Trans-

form Decoupling improves upon ViT-based object detectors

by estimating spatial transform parameters through separate

network branches [44]. Changing the resolution of the in-

put through rescaling, slicing, super-resolution, or changing

the model resolution, has been explored extensively for im-

proving the performance of object detectors [1, 7, 32].

In this paper, we bring forward a new dataset aimed at

high-altitude object detection in urban environments. We

seek to motivate models that work in this real-world sce-

nario that differs from existing datasets. Aerial drone-based

imagery fundamentally differs from our use case due to the

difference in capture height and stationarity of the camera;

in many cities, urban laws restrict the collection of drone

imagery, making it unsuitable for real-world deployment.

High-altitude infrastructure-colocated object detection uses

significantly different angles than aerial high-altitude views

Table 1. Training and testing dataset sizes, grouped by the differ-

ent weather conditions.

Weather Split # of Images

Overcast Train 1,205

Test 602

Sunny Train 7,355

Test 1,282

Night Train 1,600

Test 450

Sun/Sharp Shadows Train 70

Test 150

Foggy Train -

Test 600

and requires building models robust to changes in condi-

tions. The data split of the Constellation dataset accounts

for a variety of environmental and time-of-day conditions,

across several years of both training and testing, making

it fundamentally different from other datasets. We evalu-

ate Constellation on state-of-the-art models for aerial object

detection.

3. Dataset Creation and Analysis

Constellation is a dataset of images of a typical street inter-

section in an urban metropolis, acquired by a high-altitude

camera installed on a side of a building. The dataset

contains images collected in two different periods: years

2019/2020 and 2023. There are a total of 28 different time

intervals (in length between 1 minute and 1 day) in the

dataset, with different times of day, time of year, weather,

and background qualities.

The dataset contains 13, 314 human-annotated images

with bounding box annotations for pedestrians and vehicles.

An overview of the dataset grouped by weather condition,

with the suggested training/test set splits we use for evalu-

ation is provided in Table 1 with the number of images per

split. The dataset is split into 5 conditions: (i) overcast, (ii)

sunny, (iii) night, (iv) sunny with sharp shadows, and (v)

foggy. The foggy images in the dataset correspond to a rare

day with wildfire smoke.

Dataset Description An overview of the dataset is shown

in Figure 1. The dataset contains data collected at all times

of day (a-d), which results in a large variability in lighting

conditions as sharp shadows are cast by buildings over the

intersection depending on the time of day. These shadows

result in large brightness changes that object detection mod-

els need to take into account (for example scenes shown in

(a) and (g)). The background is highly variable due to the

changes in shadows and lighting, frequent changes to the

scene background, birds flying over the intersection, parked





tured from the side of a building with a viewing angle that

is slightly less than perpendicular to the street plane. The

frames are transformed using a perspective transformation

such that the viewing angle to the street is exactly 90 de-

grees, to represent the bird’s-eye view perspective. The

images in the dataset have a resolution of 832x832, with

the intersection centered in the frame. The original im-

ages are captured in 1920x1080 resolution and are subse-

quently transformed to obtain a top-down view and cropped

to square images. Following the input size scaling rules for

YOLO models and to enable low processing times without

relying on sliced inference techniques [1], the input image

size is chosen as 832x832. For all frames, axis-aligned

bounding boxes are provided for pedestrian and vehicle

classes. All annotations were done in two rounds where

the work of an initial annotator was reviewed by a second

annotator.

Eighteen of the time intervals are obtained from

videos annotated at 10 frames per second (FPS) in years

2019&2020. Five of these contain 300 frames, and the

other 13 contain 450 frames - for a total of 7,350 anno-

tated frames. In addition to these, the dataset contains 5,964

frames captured and annotated at 20 s intervals in 10 differ-

ent scenes during 2023 to increase variability in the subject,

lighting, weather, time-of-year, and background conditions.

Constellation features many challenging frames with

large crowds where picking individuals apart is difficult; we

show some examples of such scenes in Figure 2, where an-

notation requires thinking and care by human annotators.

Training Set The training set consists of 10,230 frames

divided into 19 subsets collected on different days with dif-

ferent weather and time-of-day conditions. 15 of the subsets

are from 2019 and 2020 (corresponding to 6,160 frames),

and 4 are from 2023 (corresponding to 4,070 frames). All

frames are collected from an intersection in Manhattan.

Test Set The test set consists of 3,084 frames divided

into 9subsets collected on different days with different

weather and time-of-day conditions. This test set contains

12,399 vehicles and 14,229 pedestrian bounding boxes. 3

of the subsets are from years 2019 and 2020 (corresponding

to 1,201 frames), and 6 are from 2023. 5 of the subsets from

2023 feature the intersection before repavement. Each sub-

set contains 70 to 2,000 frames. As part of the dataset, we

provide splits of data depending on the acquisition year for

studies involving the transfer of knowledge from old frames

to new frames.

Pseudo-labeled Data Collection After the initial train-

ing of object detection models based on the data above,

we used the YOLOv8x model in inference mode and

collected 50,557 more images following a tracking-by-

detection paradigm, using the tracked objects to provide ad-

ditional annotations [18]. To deal with scenarios where an

object is not detected, we mask the image to keep only the

pixels where an object was detected (with 8-pixel padding)

and use the median of the past 120 seconds (captured at

1FPS) as the background pixels for the rest of the image.

For generating this dataset, during data collection, we use

the ByteTrack tracking algorithm [46].

4. Experiments

We explored the performance of object detection models

in terms of accuracy in detection and inference time on

our dataset over five experiments: (i) model architecture,

(ii) pretraining dataset and image augmentation, (iii) model

scaling, (iv) semi-supervised training, and (v) performance

drift. For computation, we use eight A100 NVIDIA GPUs

with 40 GB VRAM and a batch size of 16. For YOLOv8x

models trained at 2x resolution, we use a batch size of 8 dur-

ing training due to the higher memory requirements. Since

we focus on small object detection and the sensitivity of

IoU to small bounding boxes, we report AP and mAP for

Intersection over Union (IoU) value of of 0.6.

4.1. Evaluating Model Architectures

Different models offer different trade-offs between detec-

tion accuracy and inference time. For object detection ex-

periments, we explored YOLOv8, RT-DETR, and CFINet

models [12, 23, 36]. An alternative to the one-stage object

detectors considered, CFINet integrates Faster R-CNN with

a coarse-to-fine region proposal network and feature imita-

tion learning [45]. As an alternative to models that were

trained at the input resolution (832x832), we also explore

models trained at 2x resolution. To do so, we naively up-

scale our input images to 1664x1664 resolution using bi-

linear interpolation or by using Real-ESRGAN [39]. This

allows for the CNN layers to process small objects with bet-

ter precision while avoiding the large inference time cost

of applying super-resolution. Table 2 shows the results of

trying these different architectures. All models are trained

for 125 epochs. 2x refers to models trained using bilinear

interpolation, while 2x+SR refers to models trained using

Real-ESRGAN. As the use of Real-ESRGAN adds a siz-

able inference time latency, we give results for two sepa-

rate models. P2, P6 and P2-P6 refer to YOLO architectures

using different detection layers; default models use layers

P3-P5, P2 models use layers P2-P5, P6 models use layers

P3-P6. We propose a modified architecture that uses layers

P2-P6 [12, 21].

Although we achieve the best results when training the

models with high-resolution inputs, we see competitive re-

sults at real-time constraints with the modified YOLOv8x

architectures.

4.2. Evaluating Pretraining Datasets

Pedestrians and vehicles are classes with high amounts of

variance. To help generalize our models better to novel sit-



Table 2. Per-class average precision, mean average precision, and inference time for each model for different architectures, using models

pretrained on the COCO dataset.

Model Name Pedestrian AP@0.5 Vehicle AP@0.5 mAP@0.5 Inference Time (ms)

YOLOv8x [12] 87.4 98.6 93.0 11.5

YOLOv8n (2x) 91.2 98.5 94.8 7.2

YOLOv8x (2x) 91.2 98.4 94.8 43.6

YOLOv8n (2x+SR) 90.1 98.4 94.2 7.2

YOLOv8x (2x+SR) 91.3 98.7 95.0 43.6

YOLOv8x (P2) 89.5 98.6 94.0 15.1

YOLOv8x (P6) 89.4 98.7 94.0 7.6

YOLOv8x (P2-P6) 89.9 98.7 94.3 24.5

DETR-l [23] 86.5 98.1 92.6 9.8

DETR-x [23] 87.3 97.8 92.3 14.5

YOLOv7 [37] 78.8 98.2 92.7 15.4

CFINet [45] 82.8 95.8 89.3 31.4

STD [44] 79.9 90.8 85.3 14.2

LSKNet-S [19] 64.8 90.2 77.5 31.1

PPYOLOE+ [42] 88.5 97.7 93.1 21.6

RTMDet [24] 87.5 98.3 92.9 24.5

Table 3. Comparison between the default augmentations in

YOLOv8 and the new set of augmentations proposed for Constel-

lation.

YOLOv8 Constellation

Blur Blur

MedianBlur -

ToGray ToGray

CLAHE -

RandomBrightnessContrast RandomBrightnessContrast

RandomGamma -

ImageCompression -

MotionBlur

RandomShadow

RandomRain

uations, we explored the integration of Constellation with

previously released datasets in literature to improve model

performance. To this end, we considered the drone-view

VisDrone and Stanford Drone datasets and simulated 3D

data generated using the CARLA simulator. We give an

overview of the datasets we consider for pretraining in Fig-

ure 3.

VisDrone The VisDrone object detection challenge

dataset contains 7,019 images [47]. VisDrone images are

a mix of top-down and ground-level data with different per-

spectives and zoom levels. The dataset contains many dif-

ferent object classes, which we convert to our 2-class setup.

The dataset contains 175,551 vehicles and 88,261 pedestri-

ans.

Stanford Drone Dataset Stanford Drone Dataset con-

sists of 60 videos collected from 8 different scenes [30]. We

use 15 of the videos with a high pedestrian, biker, and vehi-

cle concentration. By moving a sliding window with 20%

overlap, we convert each input frame into a set of 832x832

frames. Post-processing, the dataset has 42,727 images con-

taining 222,456 pedestrians and 35,587 vehicles.

CARLA We use the CARLA simulator to generate ad-

ditional synthetic frames with ground truth annotations [9].

We replicated the placement of the camera artificially in

CARLA and used the same perspective transformation as

shown in Figure 3(b), and collected 26,984 frames with

the same perspective transformation. The dataset contains

91,848 pedestrians and 67,815 vehicles.

Results For pretraining experiments, we initialize and

train YOLOv8x models for 125 epochs on the chosen pre-

training dataset: (i) VisDrone, (ii) SDD, and (iii) CARLA.

After obtaining these pretrained models, we fine-tuned the

model on Constellation for 125 epochs.

Experiments for different pretraining schemes are pre-

sented in Table 4. Due to the similar performance among all

pretraining schemes, we choose to use the COCO-trained

models. Surprisingly, the CARLA-generated dataset does

not obtain competitive performance despite the compati-

bility of the setup for the overlapping pedestrian detection

problem, indicating a big gap between simulation and real-

world performance for this specific problem [13]. Com-

paring the visual features between CARLA renders and the

real-world intersection, we believe this is due to the inade-

quate realism of CARLA renders when used for training.

The detection results are promising. However, for the

application scenarios of high-altitude pedestrian and vehi-



Table 4. Per-class average precision and mean average precision for different pretraining dataset choices for the YOLOv8x architecture.

Pretraining Type (Without Augmentation) Pedestrian AP@0.5 Vehicle AP@0.5 mAP@0.5

COCO 87.4 98.6 93.0

COCO+CARLA 88.6 98.2 93.4

COCO+VisDrone 90.9 98.7 94.8

COCO+SDD 87.4 98.6 93.0

Random Initialization 92.5 98.3 92.5

Table 5. Effect of augmentation on pretraining with a YOLOv8x model after 125 epochs. Mean average precision and per-class average

precision are shown.

Pretraining Type (With Augmentation) Pedestrian AP@0.5 Vehicle AP@0.5 mAP@0.5

COCO 90.7 98.6 94.7

COCO+CARLA 90.1 98.7 94.4

COCO+VisDrone 92.0 98.8 95.4

COCO+SDD 90.0 98.6 94.3

Random Initialization 90.6 98.7 94.7

Table 6. Per-class average precision and mean average precision for the final training with the pseudo-labeled data (BoxMask) used for

pretraining.

Pretraining Type Pedestrian AP@0.5 Vehicle AP@0.5 mAP@0.5

BoxMask+Constellation 90.1 98.4 94.3

Table 7. Per-class average precision and mean average precision for two models trained using the two different subsets of the training set:

using (i) only data from 2019/2020, and (ii) only data from 2023, and similarly analyze their performance on the test set.

Training Dataset Test Split Pedestrian AP@0.5 Vehicle AP@0.5 mAP@0.5

All 76.7 95.8 86.3

2019/2020 2019/2020 74.4 99.0 86.7

2023 77.8 93.5 85.6

All 82.3 97.2 89.7

2023 2019/2020 59.7 97.2 78.5

2023 88.1 97.5 92.8

cle detection where a single detection error could be catas-

trophic (for example, safety warnings and navigation for

disabled individuals), the AP values of the baseline models

for pedestrians are insufficient for real-world deployment.

4.3. Image Augmentation

We assumed that scenes with varying background condi-

tions would benefit from augmentation approaches which

are different compared to classical object detection augmen-

tations, which have to consider varying image quality and

choose augmentations correspondingly. We explored cus-

tom image augmentation approaches tuned for the use case

to improve model robustness on other out-of-distribution

images.

The default set of augmentations for YOLOv8 and the

set of augmentations that we propose are listed in Table 3.

We use the Albumentations library to add the new augmen-

tations [5]. RandomShadow creates random transparent

patches of darkness in the input simulating shadow, which

we postulate should help the model anticipate the sudden

changes in brightness levels due to crisp shadows cast by

buildings. MotionBlur adds random motion blur and helps

simulate the camera blur for fast-moving entities or the pos-

sible effects of raindrops on the camera lens. Random rain

adds an artificial rain effect on top of the scene and is in-

tended to make the model robust to frame-specific corrup-

tion during such weather. We use these augmentations with

the models trained for the different pretraining datasets to

explore whether the addition of these augmentations could

improve model performance.

Table 4 shows the results of various models on the Con-

stellation dataset and Table 5 shows the effect of adding

augmentations. We find a consistent minor improvement

in AP scores for all models with the added augmentations,



which suggests that simulation of different weather condi-

tions might enable the building of more accurate street-level

object detectors. Our best-performing models use the Vis-

Drone dataset for pretraining, resulting in 4.6% improve-

ment in pedestrian AP. Importantly, for vehicles that are

larger objects, the pretraining has very little effect, cor-

responding to only a improvement of 0.1% AP over the

COCO-pretrained model. CARLA and SDD datasets un-

derperform compared to VisDrone as pretraining datasets.

4.3.1 Model Scaling

To examine the trends in model scaling, we plot mAP@0.5

per epoch for training with YOLOv8x vs. YOLOv8n mod-

els in Figure 4. We observe the same trends and consistent

relative ordering of the performance curves in both plots,

implying that model comparison can be conducted with

smaller, faster-to-train networks. Moreover, we find only a

small gap in mAP between the two model architectures for

the best-performing models, corresponding to a difference

in mAP of 1.1%. As intersection monitoring will benefit

from edge computing devices deployed next to cameras to

reduce bandwidth and preserve anonymity, this small dif-

ference shows the suitability of object detection models in

edge deployments.

4.3.2 Semi-Supervised Object Detection

To improve the performance of the models, we deployed

the YOLOv8x model trained on Constellation in inference

mode for real-time data tracking and bounding box collec-

tion as an augmentation approach. Using the tracking-by-

detection paradigm allowed the model predictions to avoid

false positives and false negatives [3]. Another signifi-

cant challenge when using such a model for automatic data

collection is dealing with objects that have not been de-

tected. To reduce this false negative rate in data collected

in this manner, we masked all areas of the image beyond

the bounding box bounds with a median image calculated

over the last 90 seconds of the video stream.

The unlabeled data for semi-supervision was collected

over 4 days, with one frame being saved every 20 sec-

onds. We refer to this dataset as BoxMask. We use this

dataset for a 125-epoch pretraining step, followed by 125

epochs of training on human-annotated Constellation im-

ages. The results are presented in Table 6. We find that

this dataset achieves a similar performance to VisDrone,

suggesting a pretraining stage with more diverse pseudo-

labeled data could be used as a replacement for standard

pretraining datasets.

4.4. Performance Drift

We explored the effect of removing portions of the training

data depending on the year of acquisition from the training

set, to look at how changes in street-level conditions affect

models over time. We ran two experiments (i) using the data

from 2019/2020 only, (ii) using the data from 2023 only.

The same split is used for the test set. YOLOv8x models are

trained for 125 epochs on both splits and test each model on

both splits. We summarize the experiments in Table 7. The

models trained with split (ii) perform significantly better in

the corresponding test set split. We thus postulate that for

deploying object detection models, regularly updated data

collection and refinement need to be a standard procedure.

Future research could focus on minimizing the performance

difference between splits (i) and (ii) through novel training

or augmentation strategies.

5. Ethical Considerations

The Constellation dataset is collected using a camera de-

liberately installed at an altitude that makes it impossible

to discern the pedestrian faces or to read car license plates.

The academic institution at whose facilities the camera is

installed provided an IRB waiver for sharing this “high el-

evation data” with the general public since the data inher-

ently preserves privacy.

6. Conclusion

We created and described the Constellation dataset which

consists of 13K images of traffic intersection scenes ac-

quired by a high-elevation camera deployed in a metropo-

lis. The purpose of the dataset is to support research on

high-altitude object detection in dense urban environments,

which is a key component for AI-based smart city applica-

tions. The analysis of the performance of object detection

models using this dataset highlighted the difficulties in de-

tecting small pedestrians in traffic intersections with chang-

ing backgrounds, lighting, building shadows, and weather

conditions. The experiments with pretraining on similar

datasets show that strategic data augmentation combined

with pretraining can improve detection accuracy. The best

models yield promising results, with the top-performing

model achieving a pedestrian detection AP of 92.0% and an

overall mean average precision (mAP) of 95.4%. We note

that there remains a large gap between pedestrian and vehi-

cle detection performance, which needs to be closed for the

deployment of safety-critical intersection monitoring mod-

els for analytics and tracking applications. We anticipate

that Constellation will help advance object detection meth-

ods for high-altitude pedestrian and vehicle monitoring for

applications such as safety warning generation and collec-

tion of traffic analytics. By releasing the dataset along with

the trained baseline models and the corresponding codebase

we aim to facilitate future research and applications in ur-

ban safety applications.



Dataset Availability

We make the code and datasets available at

https : / / github . com / zk2172 - columbia /

constellation-dataset.
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