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Abstract

The demand for methods for video analysis in the field
of surveillance technology is rapidly growing due to the
increasing amount of surveillance footage available. In-
telligent methods for surveillance software offer numerous
possibilities to support police investigations and crime pre-
vention. This includes the integration of video processing
pipelines for tasks such as detection of graffiti, suspicious
luggage, or intruders. Another important surveillance task
is the semi-automated search for specific persons-of-interest
within a camera network. In this work, we identify the ma-
jor obstacles for the development of person search systems
as the real-time processing capability on affordable hard-
ware and the performance gap of person detection and re-
identification methods on unseen target domain data. In
addition, we demonstrate the current potential of intelligent
online person search by developing a real-world, large-
scale surveillance system. An extensive evaluation is pro-
vided for person detection, tracking, and re-identification
components on affordable hardware setups, for which the
whole system achieves real-time processing up to 76 FPS.

1. Introduction

Image and video data acquired by surveillance cameras
is an indispensable asset in the fight against crime and ter-
rorism. Therefore, the number of surveillance cameras con-
tinues to grow rapidly, despite public concerns about data
privacy. A city-scale video surveillance camera network
quickly results in large amounts of video data that can no
longer be manually analyzed by video investigators. Sifting
through video footage is a strenuous task for human oper-
ators, requiring a high degree of concentration at all times,
therefore leading to an increased potential for mistakes over
time. It is especially the case when several camera streams
have to be monitored simultaneously.

Intelligent video surveillance is an active research field
that mitigates these problems by providing algorithm-based

Figure 1: Real-world camera view. The scene is cluttered,
contains small persons, and many occluded areas.

assistance to system operators or automating specific tasks
completely. Assisting tools may support the recognition
of suspicious activities [28, 43], the re-identification (re-
id) [55, 64] or tracking [3, 36, 52] of persons visible in
the camera network. A comprehensive framework should
be able to automatically detect a person involved in an as-
sault using activity recognition algorithms and notify au-
thorities. Subsequently, security personal can use person
search methods to track the perpetrators’ escape routes and
arrest them. In this work, we focus on the search part
and design, implement, and thoroughly evaluate a system
allowing the online search of all occurrences of a person-
of-interest in a real-world camera network. This system is
able to process incoming video data in real-time to allow
searching the current footage without delay or collecting
further evidence after an incident has happened. Mitiga-
tion strategies are proposed and evaluated to improve re-
sults in person detection, tracking, and re-id in real-world
data (see Figure 1) and their associated challenges. Further-
more, the run-time of each method is improved to enable
the whole system to run in real-time on affordable consumer
hardware. The effectiveness of the proposed approaches is
proven using video frames acquired by real-world surveil-
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lance cameras. In summary, our contribution is threefold:
(1) we propose a collection of lightweight individual mod-
ules for person detection, tracking, and re-id in real-world
settings and prove their efficiency; (2) we design and im-
plement an entire system for online person search and ad-
dress several challenges related to real-world deployment;
(3) finally, we prove the real-time capability of our system
and achieve up to 76 frames per second (FPS) on affordable
consumer hardware and therefore offer realistic baselines
for real-world applications.

2. Related Work
Person Detection With the increasing success of deep
learning, several public datasets emerged which focus on
pedestrians in real-world conditions [10, 24, 34, 42, 49, 58]
as well as realistic simulated worlds [12, 13]. The avail-
ability of such datasets facilitated the adaptation of meta-
architectures, e.g. SSD [30], YOLO [5, 37] and Faster R-
CNN [38], to the task of pedestrian detection [57]. There
are hereby different approaches to the task, such as us-
ing instance segmentation [14, 33] or points [11, 54] for
detection guidance. Recent approaches focus specifically
on pedestrian detection in crowded scenes [16, 29, 31, 67]
and their specific challenges such as occlusion [59] and de-
tection of person at small-scale [21]. However, such ap-
proaches mainly address improvement towards better accu-
racy and do not consider run-time improvements. Model
speed improvements are achieved through specially de-
signed lightweight architectures [9, 47, 53] or quantiza-
tion [6, 8] which both improve the run-time and memory
footprint of the model with acceptable drop in accuracy.
Single-camera Tracking Similar to this work, a majority of
single-camera tracking algorithms build on the tracking-by-
detection paradigm. Following this procedure, the single-
camera tracking is divided into the detection and the follow-
ing track association stages. An important clue to whether
a detection belongs to an already existing track is delivered
by the position in the camera frame. Bochinski et al. [3]
solely rely on the position in their association procedure by
computing the overlap between unassigned detections and
existing tracks. While this approach delivers fast results
due to reduced complexity, the quality of the results drops
for occlusion. To tackle this problem, the SORT tracker [2]
incorporates a Kalman filter with a linear motion model to
predict and use the motion direction and velocity of peo-
ple for the association. Further improvements include the
tracking of overlapping objects and enabling the continua-
tion of tracks after mid-term whole-body occlusions based
on visual features [4, 50, 52]. More recent works integrate
the track association step into the detector [1, 66] or build
on 3D CNNs [36], which process videos and output whole
tracks instead of detections. For a real-time capable pro-
cessing pipeline, simple methods such as enhanced versions

of the SORT [2] tracker are often preferred, as in this work.
Person Re-identification A variety of datasets have been
published in recent years that mimic real-world scenarios
for person re-id [22, 23, 25, 39, 51, 62]. However, complex
state-of-the-art architectures tend to overfit training data.
Therefore, research efforts focus on generalizable methods
which either aim at learning robust visual features from a
single dataset [20, 26, 45, 65] or a combination of multi-
ple datasets [7, 19, 44, 48, 61]. Due to the availability of
appropriate datasets, we rely on the second approach. Re-
cent works apply data augmentation strategies [48], intro-
duce a separate mapping network [44], or integrate either
instance [7, 19] or batch [61] normalization layers. How-
ever, an additional network increases computation time, and
some normalization layers tend to omit relevant informa-
tion. As a result, we focus on baseline approaches and es-
tablished best practices [32, 56] in conjunction with several
data augmentation strategies [35, 63].

3. Background and Motivation
Person Search is the task of finding all occurrences of a
person-of-interest in a database containing large amounts of
image or video data. The starting point of a search is usually
an image of the person [17]. Nonetheless, recent works con-
sider input from textual descriptions of a person’s semantic
attributes [18, 46]. In general, person search is the com-
bination of person detection and re-id. To this aim, whole
images or video frames are used, which differs from per-
son re-id, for which person crops are typically processed.
Person search is typically considered a semi-automatic ap-
proach since the operator provides the probe image. A per-
son re-id CNN extracts feature vectors for this query image
and each detected person in the gallery database. Afterward,
the similarity in visual appearance is measured by comput-
ing a distance metric between the feature vectors. As a re-
sult, a ranked list of persons in the gallery sorted by their
distance to the query feature vector is returned. Over time
multiple entries of a single target are added to the gallery.
However, the contribution of such duplicated entries is lim-
ited since being close in time, location, and from the same
camera. Therefore, we additionally incorporate a single-
camera tracking step after detection. It clusters occurrences
of persons within a camera and thus improves the rankings.
Furthermore, aggregating feature over multiple time steps
leads to more robust features for person search. Momentary
occlusion of body parts loses in influence, and representa-
tions of people within a track are improved through views
from multiple camera angles.
Real-World Deployment of person search is a challenging
problem regarding several aspects. While current state-of-
the-art methods for person detection, tracking, and re-id in-
dicate high and near-perfect results on benchmark datasets,
most approaches seem to overfit the distributions of those
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Figure 2: Overview of the modules of our system. Colored frames illustrate the different Docker containers. Each camera
stream is processed in an instance of the single-camera processing container (blue), which sends the extracted data to the
data storage container (orange). The privacy and the search module interact with the data storage container to process search
requests and to comply with legal requirements. To visualize search results, clients have access to the image database.

datasets. Therefore, different luminosity, brightness, or
view angle are often enough to confuse overfitted mod-
els. As a result, great computational efforts are required
for disappointing results due to poor generalization. For in-
stance, an independent study reported that the recognition
accuracy of the face recognition system installed in London
over a large number of cameras was below 20% in the pe-
riod studied [41]. However, public safety agencies, such as
police departments, are often severely limited in financial
resources. Therefore, such a system is required to perform
with affordable hardware. Nevertheless, the processing of
surveillance video streams is required in real-time to ensure
rapid intervention after an incident. Searching for persons
should be possible in current video frames without delay to
track the movements of possible suspects. Furthermore, to
ensure admissibility of re-id results in a court of justice, a
person search system is required to deliver high re-id accu-
racy in real-world data at any time of the day, in any season
or weather. Moreover, a real-world system requires flexibil-
ity and scalability. In the case of mass gathering events and
states of high alert, supplementary mobile cameras are of-
ten used in addition to fixed and static surveillance cameras.
Thus, it should be possible to include these new sources
in the re-id system without impairing the overall perfor-
mance. Similarly, it must be possible to connect additional
servers or databases without interruption of the services. Fi-
nally, strict laws regarding data protection are implemented

in most countries. Often only short-term storage of footage
is allowed on ring-buffer memory. Hence, the system needs
to comply with these regulations and implement appropriate
mechanisms in all layers.

4. Real-world Person Search System

This section outlines the proposed real-world and real-
time person re-id system. An overview of the complete sys-
tem is provided in Section 4.1. Subsequently, the separate
system modules are presented in detail.

4.1. Overview

Our system for real-world person search is designed for
high flexibility and scalability. It consists of separate mod-
ules that communicate with each other and is illustrated in
Figure 2. Video streams produced by surveillance cam-
eras are the input for the single-camera processing com-
ponent. Each video feed has its separate processing in-
stance where persons are detected and tracked within the
camera view. A re-id CNN generates a feature representa-
tion of the persons’ whole-body appearances, as the basis
for person retrieval. The extracted information is forwarded
to the data storage module. It stores meta information of
tracks, corresponding feature vectors, and image or video
data for visualization purposes. The task of the privacy
module is to ensure legal requirements. This module is con-
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nected to the database and regularly reviews the age of the
stored data. The search module receives search queries from
clients, processes them, and returns a ranked list of tracks
enriched with metadata. In Figure 2, each color represents
a Docker container with standardized interfaces. Scaling up
the system is achieved by simply connecting new servers
to host more single-camera processing containers. Further-
more, adding or removing camera streams to the processing
pipeline solely requires starting or stopping a Docker con-
tainer with adjusted configuration parameters.

4.2. Single-camera Processing

The single-camera processing component analyzes the
video streams of the surveillance cameras and creates tracks
of persons with associated person embeddings from a re-id
model. First, we rely on the YOLOv4 [5] architecture to de-
tect the persons present in each frame, as it provides a favor-
able trade-off between speed and accuracy [9]. Afterward,
detections are passed to the single-camera tracker. We im-
plement the SORT [2] as well as the DeepSORT [52] track-
ing approach in our system. Common issues are dropped
frames caused by a poor IP camera connection which im-
pairs the performance of such trackers due to their motion-
based design. We address this by assigning frame numbers
to the incoming frames. When missing frames are detected,
the tracker is fast-forwarded by feeding empty frames to
maintain accurate motion estimates for the tracked objects.
In contrast to SORT, person embeddings are used in Deep-
SORT for the association step, which support person re-id
after occlusions. However, leveraging such embeddings re-
quires distance computations in every update step and thus
much more computation time. We address this problem by
introducing a so-called Track Merging Module (TMM) that
extends the SORT tracker. In this version, tracks terminated
by the SORT tracker are not directly stored in the database
and deleted by the track management. Instead, such tracks
receive a new track state pending. When a new track is
created by the SORT tracker, the TMM compares its vi-
sual embedding to the aggregated features of every pend-
ing track by computing the Euclidean distance to those (see
Sec. 4.5). In case that the distance to a track is below a
threshold δTMM = 0.25, this track is treated as the contin-
uation of the pending track, and the latter is re-opened. The
threshold is adjustable to account for the different charac-
teristics of scenarios to ensure an acceptable level of false
positive matches. Tracks are otherwise closed and stored in
the database after spending p = 30 subsequent frames in
the pending state. Therefore, time-consuming person em-
bedding comparisons are only occasionally necessary, and
yet temporarily occluded tracks may be resumed.

To extract features for person re-id, we use the OS-
Net [64] network architecture trained on multiple datasets.
Moreover, several optimizations are applied to improve the

generalization ability of the trained model. A thorough de-
scription of design choices and extensive experimental eval-
uation is provided in Section 6.3. We chose this model since
it offered the best compromise between generalization and
speed in our preliminary experiments.

In case that the video processing module shows a delay
against the incoming video stream, we apply a frame skip-
ping strategy. When the FIFO buffer reaches its maximum
size, the oldest entries are discarded and the tracker’s move-
ment predictions are adjusted as described earlier. In addi-
tion, we apply multiprocessing with the producer-consumer
architecture to separate the reading and decoding operation
of the video stream from the processing loop and speed up
the computation. Furthermore, we rely on asynchronous
calls to our database to prevent network and storage delays
from producing processing overhead.

4.3. Data Storage

The data storage component only persists data for ag-
gregated tracks instead of single detections. Three types
of information have to be stored for each aggregated track.
Metadata: Contains information about the camera a track
was captured on, start and end times, bounding box posi-
tions, and a reference to the associated image data.
Feature data: We only store one feature vector per track.
This feature vector is the average of all extracted feature
representations for one track. Storing only one aggregated
feature saves storage space and speeds up computation time
during the re-id task.
Image/video data: To display retrieval results in a mean-
ingful way, we store images of the detected person within
one track. Concurrent network access is required for the
data storage in order to guarantee flexibility and scalabil-
ity, e.g. the data storage is accessed from multiple servers
processing multiple camera streams. Therefore, instead of
a compact system, such as SQLite, we use Docker to host a
MySQL server as a relational database management system
(RDBMS), which is well-suited to the structure and size of
our data. It offers fast access times, flexible SQL queries
that allow for filtered searches, and distributed access over
the network. Since video management solutions are typ-
ically already used by security authorities, separate video
data storage is often not necessary. Therefore we intend
for our system to be connected to a pre-existing video man-
agement system individually. For development, we use a
network shared file system hosted on the same machine to
mimic a pre-existing video management system, where our
image data is stored.

4.4. Privacy Module

The privacy module ensures compliance with Art. 17
of the European Union’s General Data Protection Regu-
lation (GDPR) by enforcing maximum storage times for
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personal data such as feature representations and images.
Through a configurable maximum storage time, this mod-
ule frequently checks the database for entries that exceed
the storage time limit. It ensures data integrity by attempt-
ing to delete the referenced image data from the file system
first and only deleting the meta and feature data entry along
with the files system reference from the SQL database if
the first step was carried out successfully. To prevent users
from simply disabling the privacy module to bypass legal
regulations, we store a timestamp of the most recent contact
between our database and the privacy module in a secured
database within our data storage module. We only allow
our single-camera processing and search modules to access
the database if the timestamp does not exceed the privacy
module’s update frequency.

4.5. Search Module

The task of the search module is to process incoming re-
quests from client applications. It features a standardized
interface for making search queries and transferring the re-
sults. Besides the query images, search requests contain
the camera streams and time intervals to be searched. It is
possible to conduct a typical person search or to provide a
watch list of person images. In the first case, a ranked list
of tracks included in the database sorted by their distance is
created based on a query image. For this, the probe image is
embedded into the visual feature space using the re-id CNN,
and subsequently, the Euclidean distance is calculated to
relevant tracks from the database to measure the similar-
ity. Since we normalize the features beforehand, the same
ranking accuracy is achieved as with the cosine distance.
However, in our experiments, the calculation requires only
two thirds of the runtime compared to the cosine distance.
The metadata of the best matching track is returned to the
requesting application. In the second case, query features
are extracted analogous to the offline search. However, in-
stead of comparing the feature vector to those stored in the
database, only new database entries are considered. If the
distance to a track is below an adjustable threshold, a notifi-
cation with metadata associated with the track will be sent.

5. Implementation Details
We use configurable Docker containers to deploy and de-

velop the system, allowing us to set up the components lo-
cally with only one or two cameras or on a distributed net-
work of cameras and servers by simply running the desired
number of instances of the single-camera processing con-
tainer. We support a drop-in replacement for our detection
and re-id feature extraction models to offer enough flexibil-
ity for consumers to evaluate different models on real-world
data of the target domain.

Except for the data storage container, the Docker con-
tainers build on the same base image. The data storage con-

tainer is based on the latest official MySQL server Docker
image. For the processing Docker image, we use the base
image pytorch/pytorch:1.8.1-cuda10.2-cudnn7-devel which
supports running CNNs within a Docker container on the
host system’s GPU. It includes Python 3.7.10 with PyTorch
1.8.1 and is provided by PyTorch on Docker Hub. To build
our image from the base image, we include application code
as well as the trained CNN models. The containers are in-
terconnected either locally via a Docker network or over via
their IP addresses. To customize and set up our system, we
provide configuration files. This allows for the seamless in-
tegration and removal of processed camera streams, by sim-
ply creating a configuration file and starting a single-camera
processing container or stopping it.

6. Evaluation
We conduct our experiments on two systems with afford-

able components. Setup 1 contains NVIDIA GTX 1080 Ti
graphics cards along with 64GB RAM and the Intel Xeon
E5-2630 CPU. Setup 2 consists of the NVIDIA RTX 2080
Ti, 32GB RAM and the Intel Core i7-9700K.

Computation times are measured based on the first video
of the test set of the MTA dataset [22]. If not stated oth-
erwise, we use 320 × 320 pixels as input size for detection
and the SORT+TMM tracker. Both CNN models operate in
half-precision mode. The detector processes 30 frames per
batch. The feature extractor processes the detections within
these 30 frames at once as long as a maximum batch size of
64 is not exceeded.

6.1. Detection

For better generalization of the person detector towards
surveillance scenarios, we fine-tune a YOLOv4 [5] model
on the PANDA dataset [49], which is a gigapixel video
dataset for real-world human-centric approaches and con-
tains scenes with a large field of view and large crowds.
These characteristics make it more suitable for transfer
learning than other common recognition datasets such as
COCO [27]. We choose YOLOv4, which is a one-stage
person detector, due to its favorable speed against two-stage
detectors and its superior accuracy against other one-stage
detectors for person detection in surveillance context [9].
The dataset consists of a video subset of 15 video sequences
at 2 FPS (10 for training, 5 for testing) and an image sub-
set composed of 555 static images (390 for training and 165
for testing). Due to the organization of competitions, the
annotations for both test sets are kept private. To prevent
overfitting, we extract an image validation set with 134 im-
ages as described in [9]. For training, we scale each image
with a factor of 0.25 and generate crops with a resolution
of 1920 × 1080 px. The YOLOv4 model is trained with
Darknet using the default training settings, an input size of
960× 544 px, and 6,000 iterations.

574



(a) Trained on COCO [27] dataset. (b) Trained on PANDA [49] dataset.

Figure 3: YOLOv4 detection results on real-world surveillance data for different training data. Figure 3b shows an improved
detection recall for people far away from the camera and occlusions. However, it produces false positives for mirrored
reflections.

Image Size Prec. Setup 1 (ms) Setup 2 (ms)
160 × 160

FP16
6± 1 5± 0

320 × 320 9± 1 6± 0
640 × 640 19± 1 10± 1
160 × 160

FP32
6± 1 5± 0

320 × 320 10± 1 8± 0
640 × 640 24± 1 19± 1

Table 1: Detector processing frametimes largely depend on
the the input image size. The table also shows that the per-
formance gain from a half precision model is most promi-
nent for our biggest image size.

Figure 3 provides a qualitative comparison of models
trained on COCO and PANDA and applied to real-world
surveillance data. Results indicate that both detectors re-
port accurate results for people close to the camera. How-
ever, using the model trained with PANDA is beneficial for
detecting small people in the background due to the datasets
characteristics. It is worth noting that the COCO model
does not generate any false positive detection, whereas the
PANDA model produces a few, especially in the back-
ground (e.g. reflection in the window). We decide to use
the PANDA model since a high detection recall assures that
most persons in the scene are available for search. Finally,
we observe no difference between full- (FP32) and half-
precision (FP16) processing for detection accuracy.

Table 1 presents frame processing times for different pa-
rameter combinations. The input image size considerably
influences the computation time. Since our model deliv-
ers promising results even with an input image resolution
of 320 × 320 px, we are theoretically able to detect per-
sons in more than 100 frames per second which is sufficient
to meet the real-time requirement. The difference between

Tracker Setup 1 (ms) Setup 2 (ms)
SORT 1± 1 1± 1
SORT+TMM 1± 1 1± 1
DeepSORT 15± 88 6± 5

Table 2: Tracker processing frametimes are not significantly
influenced by our TMM.

FP32 and FP16 computation is small for low input resolu-
tions and becomes more significant as the image size in-
creases. However, since no difference in detection accuracy
is observable, it is advantageous to use the faster FP16 com-
putation in real-world application.

6.2. Single-camera Tracking

In this section, we compare the processing times of three
different tracking variants. Besides SORT, we consider our
enhanced version with the TMM and DeepSORT. Concern-
ing tracking metrics, DeepSORT outperforms the SORT al-
gorithm on the MOT benchmarks and produces fewer frag-
mentations. Track fragmentation is acceptable to a certain
extent for person search systems. Fragmented tracks only
lead to multiple results of the same person in the search
ranking. Identity switches have worse effects since they
corrupt the track features used for the retrieval. Results
in Table 2 show that the computation time of using either
the original or the improved version of SORT is negligible.
Distance computations between visual features rarely need
to be carried out in the TMM variant, so the overhead has
minimal impact. In contrast, processing a frame with the
DeepSORT algorithm took 15ms and 6ms on average and
thus, influences the real-time capability.

The second row in Figure 4 depicts qualitative tracking
results (SORT+TMM). Images are sampled evenly from the
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Backbone mAP R-1
MobileNetv2 16.6± 8.0 31.3± 18.2
ResNet-18 15.9± 7.1 31.1± 17.4
ResNet-50 16.2± 7.1 30.5± 16.8
ResNet-101 17.4± 7.8 32.4± 18.2
OSNet-x0.25 18.8± 8.1 34.8± 18.8
OSNet-x0.5 21.4± 10.0 38.8± 21.0
OSNet-x0.75 22.6± 10.4 40.1± 21.6
OSNet-x1.0 24.3± 10.4 42.3± 20.8

Table 3: Generalization of person re-id models after training
on two datasets and validating on a third. The OSNet-x1.0
performs favorably compared to other model architectures.

Method mAP R-1
Baseline 24.3± 10.4 42.3± 20.8
Random Dataset Sampler (RDS) 26.0± 11.7 45.2± 23.0
Color Jitter (CJ) 25.3± 12.7 44.9± 22.8
Random Cropping (RC) 24.2± 10.7 42.1± 20.9
Random Erasing (RE) 24.8± 9.4 43.1± 18.8
Random Patching (RP) 23.6± 9.0 41.7± 18.8
Random Rotation (RR) 25.5± 9.6 43.7± 19.8
RDS + CJ + RR + RE 26.4± 9.7 45.0± 18.4
RDS + CJ + RR (FP32) 26.9± 10.6 45.6± 20.8
RDS + CJ + RR (FP16) 26.9± 10.6 45.7± 20.8

Table 4: From the individual data augmentation and train-
ing strategies, random dataset sampling leads to the largest
improvements for the leave-one-out cross-validation.

tracks. The shown tracks last for multiple seconds and do
not break off or switch if the person walks through shaded
areas or next to another person.

6.3. Re-identification

We use transfer learning for training our person re-id
models. Therefore, we selected three research datasets
with characteristics similar to real-world surveillance im-
agery and diversity regarding camera views. Concretely, we
fine-tune our models on Market-1501 [62], DukeMTMC-
reID [39], and PRAI-1581 [60]. Market-1501 and
DukeMTMC represent flat camera views with mostly good
resolution, whereas PRAI-1581 is a drone dataset captured
from high altitudes. Hence, it provides low-resolution
footage of persons from steep views. We perform leave-
one-out cross-validation, i.e., we use two datasets for train-
ing and the third one for testing in each run. Mean and
standard deviations for the mean average precision (mAP)
and the rank-1 accuracy (R-1) are reported as evaluation
metrics.

We compare generalization abilities of different back-
bone models in Table 3. For training the models, we rely
on the original setups and settings from the papers. Since
multiple works showed that baseline methods are able to
outperform complex state-of-the-art models [32, 56], espe-

Precision Setup 1 (ms) Setup 2 (ms)
FP16 15± 28 10± 16
PF32 17± 34 11± 14

Table 5: Feature extractor processing frametimes improve
slightly with a half precision model.

cially concerning generalization on unseen domains [22],
similar baseline approaches are used in our experiments.
The OSNet [64] outperforms the MobileNetv2 [40] and the
ResNet [15] models by a large margin, despite the smaller
network size in comparison with e.g. ResNet-50 or ResNet-
101. In total, OSNet-x1.0 achieves the best results.

To further improve this model, we evaluate different
data augmentation methods and the random dataset sampler
(RDS) in Table 4. The random dataset sampling procedure
is beneficial compared to typical random sampling. With
the RDS, each batch contains an equal number of images
from the datasets and therefore regularizes the CNN with
regarding different domains. Except for random cropping
and random patching [64], all data augmentation strategies
improve the re-id. Color jitter changes the brightness, con-
trast, and saturation of the images and thus leads to robust-
ness against different lighting conditions. Randomly rotat-
ing images during the training of re-id models was proposed
by Moritz et al. [35], especially to simulate different view-
ing angles for cameras in high altitudes. Surprisingly, ran-
dom erasing leads to an improvement despite other works
[32] reporting that it harms generalization by forcing the
CNN to overfit data to cope with artificial occlusions. How-
ever, if the best working approaches are combined, random
erasing deteriorates the results, and thus we do not use it
for training the final model. Reducing the precision of the
model does not lead to a significant change in performance
but slightly lowers the computation time (see Table 4 and
Table 5). Hence, the use of the FP16 model is advantageous.

We present a qualitative retrieval result of our person
search system with real-world data in Figure 4. The image
on the left depicts the query image, while the other ones
display the first ten positions in the ranking. The real-world
dataset consists of 30,000 tracks from three cameras. Mul-
tiple sequences per camera were used, so that the person-of-
interest occurred nine times in total. The first ranking po-
sitions contain eight matches from all of the three cameras.
The model generates visual features that are independent of
the camera characteristics. The bottom row visualizes that
each search result represents a track and not only a single
image.

6.4. Real-time Capability

This section evaluates the pipeline speed measured in
FPS, intending to assess the real-time capability. We com-

576



Figure 4: Person re-id results on real-world surveillance data. The first row shows a top 10 ranking for a query image, of
tracks marked with a green (match) or red (mismatch) border. The bottom row depicts sample images from the SORT+TMM
generated tracks.

Det. Size Tracker Setup 1 (FPS) Setup 2 (FPS)

160× 160
SORT+TMM 49.0 76.4
DeepSORT 30.3 51.3

320× 320
SORT+TMM 38.2 59.0
DeepSORT 19.0 48.3

640× 640
SORT+TMM 25.8 40.4
DeepSORT 12.4 30.4

Table 6: The overall system performance on the MTA
dataset [22] as described in Section 6. Even our more af-
fordable setup 1 (GTX 1080 Ti) achieves real-time process-
ing speeds with a reasonable detector size of 320 × 320 px
and the SORT+TMM tracker.

pare the most important design choices concerning the
trade-off between speed and accuracy, namely detector in-
put size and the selection of the tracking component. Re-
sults are presented in Table 6. We argue that at least 35 FPS
are required in our experiments to ensure real-time process-
ing for real-world camera streams sending 30 FPS. The pro-
cessing speed very much depends on the number of people
visible in the scene. Therefore, time buffers enable handling
situations when more persons than usual show up.

In general, the second hardware setup is significantly
faster due to the improved computational power of the
newer graphics card. The setup allows applying the Deep-
SORT tracker and forwarding images of size 320× 320 px
in real-time, even for crowded scenes. Moreover, a detec-
tor input size of 640 × 640 px is possible in conjunction
with the SORT+TMM tracker, which improves the detec-
tion of persons in the background. Using this image size
together with DeepSORT leads to a processing speed of
30.4 FPS, where crowded scenes possibly cause frames to
be skipped. Our first hardware setup achieves real-time ca-
pability as well for a detector image size of 320 × 320 px

images and the SORT+TMM tracker. In summary, our sys-
tem meets real-time requirements with affordable hardware
and can process camera streams with up to 76 FPS.

7. Conclusion
In this work, we have presented a real-world person

search system for large-scale surveillance scenarios. We ad-
dressed specific challenges posed by surveillance footage in
uncontrollable environments as well as further real-world
requirements such as real-time processing and a high de-
gree of flexibility. Using CNNs, specifically selected and
trained concerning the trade-off between generalization and
speed, paired with improved track association without com-
putational overhead through our TMM, our system achieves
real-time processing speeds with affordable hardware se-
tups. The system processes camera streams with up to 76
FPS, while more balanced settings in terms of quality and
processing speed still exceed 35 FPS without using the most
recent hardware. Our system offers a blueprint with a set
of techniques and best practices for developing a complete
person search pipeline tailored to the domain generaliza-
tion challenge of person re-identification without sacrificing
cost-effective deployment options and affordable hardware
requirements. The practicality of our system on unseen real-
world data has become evident through our qualitative anal-
ysis with unlabeled real-world surveillance data.
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