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Abstract: Leader-follower autonomy (LFA) systems have so far only focused on vehicles following1

other vehicles. Though there have been several decades of research into this topic, there has not2

yet been any work on human-vehicle leader-follower systems. We present a system in which3

an autonomous vehicle — our ACTor 1 platform — can follow a human leader who controls4

the vehicle through gestures. We successfully developed a modular pipeline that uses artificial5

intelligence/deep learning to recognize hand-and-body gestures from a user in view of the6

vehicle’s camera and translate those gestures into physical action by the vehicle. We demonstrate7

our work using our ACTor 1 platform, a modified Polaris Gem 2 electric vehicle. This work has8

numerous applications, such as material transport in industrial contexts.9

Keywords: leader-follower; autonomous vehicles; self-driving car; machine learning; neural10

networks; deep learning; YOLO; posenet; pose estimation; gesture recognition11

1. Introduction12

Leader-follower autonomy (LFA) systems, whereby one or more autonomous ve-13

hicles can follow other vehicles without the need for a human operator, is a field that14

has seen continuous development over the last several decades. Studies of LF systems15

include the development of mathematical models [1–5], testing in simulations [1–8], and16

live experiments [4–6,8–10] with both two-robot and multi-robot systems. Demonstra-17

tions of LF systems have been conducted with real applications in mind on land, air,18

and sea [6,10]. The use of neural networks has also been introduced as a substitute for19

traditional mathematical pathfinding [9].20

Despite the work done in vehicle-vehicle (VV) systems, academic LF development21

has largely ignored Human-Vehicle (HV) systems on large-scale autonomous vehicles.22

Though there has been study on human-robot following [11,12] as well as application in23

the commercial sector [13], these studies are more concerned with smaller robots and24

personal interactions rather than medium or large-sized vehicles.25

We have already demonstrated that practical and reliable autonomous human-26

vehicle leader-follower behavior is possible [14] using our test vehicle, known as ACTor27

1 (Autonomous Campus Transport 1, Figure 1). The ACTor is a Polaris Gem 2 modified28

with sensory capability, including a LIDAR and several cameras, and computer control29

through a DataSpeed drive-by-wire system. We use the Robot Operating System (ROS)30

to program interactions between the vehicle, its sensors, and user commands [15,16].31

ROS is a software platform that abstracts the program-level control of the vehicle’s32

hardware for standardization. If a manufacturer chooses to provide ROS support for33

their product, an engineer can integrate that piece of hardware into their control program34

without needing to know that hardware’s proprietary control architecture [17]. The35

previous demonstration used traditional computer vision processing to identify ArUco36
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Figure 1. An image of ACTor 1 [16].

markers, a type of fiducial marker similar to QR codes that are optimized for reliable37

recognition and location in varied circumstances, and associate them with a human38

“leader" [14,18]. Object and human detection was accomplished with the YOLOv3 object39

detection system [19]. The human leader can then walk around, and ACTor 1 will follow40

them until either the follow function is disabled or the human leader walks out of camera41

view.42

In this study, we demonstrate the practical application of deep-learning based43

gesture recognition as a control mechanism for human-vehicle LFA as a more natural44

and versatile alternative to traditional fiducial markers. We also demonstrate that gesture45

recognition can be used to control a vehicle in a real-world scenario. We envision several46

useful applications for such HV systems beyond automobile control, such as material47

transport in loading bays, construction sites, and factory floors.48

In Section 2 we begin by explaining the fundamentals of neural networks, the ges-49

tures chosen for control, and our gesture recognition system. We continue by introducing50

the ACTor 1 platform, briefly outlining the basic principles of ROS and explaining our51

ROS program architecture and implementation on ACTor 1 in Section 3. In Section 4 we52

describe our live demonstrations and their results. Finally, in Section 5, we discuss our53

results and avenues of future study.54

2. Gesture Recognition55

2.1. Neural Network Fundamentals56

Artificial neural networks (NNs) are algorithmic structures designed to perform57

machine learning, whereby a computer program can be “trained" on a dataset in order58

to “learn" to make useful predictions. Neural networks are made up of layers of logically59

connected nodes called neurons. A densely connected neural network (DNN) has an60

initial layer of input neurons, which represent the input data, a final layer of output61

neurons, which represent the result of processing, and layers of hidden neurons in62

between, where processing occurs. Each neuron takes in an input from each neuron63

in the previous layer (or themselves represent the input data in the case of the input64

neurons) and returns an output which is fed to each neuron in the next layer as input,65

except in the case of the output layer, which simply returns the result(s), also called a66

prediction.67

Each connection is associated with a weight value w. Each layer also is given a bias68

value b. During processing, each sample vector is multiplied by the matrix of weights,69

to which the biases are added, and an activation function is applied. The activation70

function is used to constrain the output values as they propagate through the network,71

which prevents highly unbalanced results. Choosing the correct activation function72
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depends on the problem at hand, but in our system (see Section 2.3.2), we use rectified73

linear units (ReLu) ( f (x) = max(x, 0)) for our hidden layers. In this project, we have74

a multiclass classification problem, and thus make use of a softmax function for the75

output layer, which returns a probability distribution for each class. Since we have three76

potential classes, then the softmax function will return three values for each data sample;77

the highest value is in the position of the most likely class. If the sample likely belongs78

to the second class, then that highest probability value will be in position 1.79

The output of each neuron in layer lb, which precedes layer la and is followed by80

layer lc is given as follows:81

y = f (Σn
i=0xiwi + b) (1)

where y is the output of the neuron, n is the amount of connections to the given82

neuron in lb, x represents the input to lb (so the output of each neuron in la), w represents83

the weights associated with the connection to each neuron in la, i represents the value in84

a given vector in position i, f (x) applies the chosen activation function, and b represents85

the bias value. y is then fed forward to each neuron in lc.86

During training, the DNN is shown each sample or batch (subset) of samples in the87

training dataset and their corresponding target result (called the label) and the resulting88

predictions are recorded. A loss value is then computed to measure the error between89

the target label and the prediction. Backpropagation is then applied to adjust each90

weight value accordingly. This is repeated several times; each loop through the dataset91

is called an epoch. If there is one epoch, then the DNN will see each input once. If there92

are two epochs, it will see each input twice, and so forth.93

The designer may also arrange for a subset of the input data to act as validation94

during training. In-between each epoch, the model is run through the validation dataset95

to test its effectiveness on unseen data, and the validation loss and accuracy are reported.96

During the training stage, the engineer’s goal is to minimize validation loss. Other-97

wise, overfitting may occur, where the model performs too well on the training data,98

making it less responsive to unseen data. In our modular system, we use categorical99

crossentropy as our loss value, defined as100

L = −Σn
i=1yi log2 ŷ (2)

where L is the loss value, n is the amount of classes, y is the target value, and ŷ is101

the predicted value [20–22].102

2.1.1. Convolutional Neural Networks103

A common application of DNNs for image recognition is the convolutional neural104

network (CNN), which uses filtering layers. In training, these layers take every possible105

square of pixels of a given size (such as a 3x3 or 5x5 filter) and check them in every106

possible position and return a value corresponding to the percentage of matched pixels.107

These can then be condensed by pooling, which will take regions of these values (such108

as a 2x2 region) and create a smaller matrix with the max of the values in the region.109

The result of the pooling step is then fed to the next convolutional layer, and so forth110

until the image has been converted into a matrix of values with a size that the designer111

deems sufficient. The data from this matrix is then fed into dense layers to produce a112

final classification.113

This essentially means that the network will learn to recognize abstract features114

that might be found on the image. For example, a CNN trained for facial recognition115

might learn the abstract representation of the human nose, eyes, and ears as separate116

filters rather than focus on the entire image at once [20].117
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2.2. Gestures118

To control the ACTor, we decided on a set of two gestures, each corresponding to a119

command. A list of gestures and their corresponding function can be seen in Table 1.

Gesture Command
Hand on Heart Begin Following

Palm out to the Side Stop Following
Neither No Change

Table 1: List of visual gestures and their corresponding functions.
120

The follow command is indicated by the user putting their hand on their chest.121

Upon receiving a follow command, the system is instructed to recognize and track122

the user giving the command (now called the target). The system then maneuvers the123

ACTor to follow the user, but also works with the ACTor’s LIDAR (see Section 4 for124

more information of the ACTor’s systems) to remain a safe distance away from the target.125

Upon receiving a stop command, where the target puts their palm out to the side next126

to them, the system is instructed to stop following the user. If it detects neither pose,127

then it will continue behaving as per the previous instruction. Figure 2 depicts author128

J. Schulte performing each of the three pose cases. Our current dataset1 includes 1959129

follow images, 1789 stop images, and 1795 none images, though when training, the130

program selects a random sample of 1789 images from each subset to ensure training131

balance.132

(a) Command to follow the
user and label them as the tar-
get.

(b) Command to stop follow-
ing the user

(c) No Command: follow pre-
vious command

Figure 2. Each of the three poses depicted by author J. Schulte.

2.3. Neural Network Development133

We have developed a pipeline that efficiently translates camera video (structured134

as a stream of frames) into a command through object detection and pose estimation,135

but we built a more conventional CNN initially to see if it could be used. In this section,136

we describe our CNN construction, training, and results, and then explain our final137

modular pipeline and how it compares with the CNN. Both models were trained and138

tested on the same datasets, as well as under “lab conditions", i.e. with our laboratory as139

a background.140

2.3.1. Building a Convolutional Neural Network141

Before developing our current process, we built and tested a CNN using Keras, a142

leading library for neural network design in Python [23]. We also used TensorFlow, a143

Python library that provides tools for engineers to build machine learning programs for144

1 Our dataset is publically available here: https://www.kaggle.com/dashlambda/ltu-actor-gesture-training-images. We ask that you cite this paper if
you intend to use the images for any purpose.
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a variety of systems and applications. TensorFlow acts as an interface for Keras to enable145

smoother development and deployment of machine learning systems [24]. A diagram of146

our constructed CNN can be found in Figure A13, and a graph of the CNN’s training147

can be seen in Figure 4. Note that only the best model (smallest validation loss value)148

is saved during training and that the model would stop training if the validation loss149

did not improve for five consecutive epochs. As loss decreases, accuracy tends to150

increase as the model learns. Due to the training settings, the model is only saved when151

validation loss improves during training.152

Our basic CNN also failed to properly identify our gestures under laboratory153

conditions (using a live webcam feed in our laboratory) because differences of camera154

angles, backgrounds, lighting, people, and even clothing between pictures can potentially155

confuse a CNN if it is not trained on an large variety of conditions. To quantify this,156

we took 420 pictures of two of the authors in more diverse environments and ran the157

CNN on the new set, which can be seen in Figure 3. This returned a test accuracy of158

26.84%, which is extremely low, with a test loss of 5.2013, which is very high. Thus, we159

concluded that the CNN model is not at all sufficient for gesture recognition.160

(a) Command to follow the
user and label them as the tar-
get.

(b) Command to stop follow-
ing the user

(c) No Command: follow pre-
vious command

Figure 3. Examples of the testing dataset. When compared to the pictures in Figure 2,
it is easy to see that the backgrounds are very different and author J. Schulte is wearing
different clothes. This easily confuses basic CNN models but does not confuse our
modular design.

The use of a CNN for classification would have also impeded our system in the161

long-term: first, we had to determine the position of the gesture in the image, which is162

possible to add to the program but not feasible in terms of development time. Second,163

our limited dataset, which consists solely of pictures of one of the authors, introduces164

the problem of bias. If an engineer is not careful enough and allows their training data165

to be biased, a machine-learning system — especially a neural network model — might166

learn to replicate prejudices shown by humans, even if this was not intended by the167

designer. For example, a facial recognition system that is poorly trained on images168

of non-Caucasian people might misclassify people with darker skin more often, or an169

automated hiring software might learn to prefer hiring men over women [25]. Since our170

dataset consists of a single person, using a CNN for gesture classification introduces171

an extreme bias in the program’s execution. For these reasons, we chose an alternate172

method for gesture recognition.173

2.3.2. Modular Pipeline Design174

To overcome the shortcomings of convolutional neural networks, we have built a175

modular pipeline with software reuse and flexibility in mind. We use a combination176

of complex prebuilt components and comparatively simple components of our own177

construction to efficiently translate a camera frame into commands for the vehicle. This178

design paradigm enabled us to develop our system quickly and without major software179
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Figure 4. Graphs of the the CNN model’s training process. On the left, the categorical crossentropy values for the training and
validation sets are plotted by epoch. On the right, training and validation accuracy (proportion of correctly predicted labels) are plotted
by epoch.

difficulties, since the most complex parts of the recognition module are prebuilt. A180

diagram of our pipeline is shown in Figure 6.181

We decided to use a TensorFlow pose estimation model (posenet) that is readily182

available for single-pose (one person) estimation2. This model takes in an image of size183

192x192 pixels and returns the estimated positions (x and y values) and confidence scores184

(how sure the model is that it has marked the point correctly) of 17 points on the body.185

[24,26].186

To actually classify the pose, we built a simple DNN. It has as an input layer with 51187

neurons (as each pose estimation contains 51 points), one hidden layer with 64 neurons,188

and an output layer with three neurons (one for each command). A diagram can be seen189

in Figure 5.190

Figure 5. Automatically generated diagram of our classification NN. The first column is formatted
as layer_name: LayerType and describes what kind of layer it is. The second and third columns
describe the input and output of each layer. None indicates that the amount of inputs or outputs
might be variable, but the number associated indicates how many values each input or output
should/will have.

A diagram of the modular pipeline’s classifier training process can be seen in Figure191

7. Like in the CNN model, the training process was interrupted after the validation192

2 Available here: https://tfhub.dev/google/movenet/singlepose/lightning/4
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loss did not improve after five consecutive epochs, and only the model with the least193

validation loss was saved during training.194

To generate the input for our gesture recognition model, we start with the object195

detection results from our pre-existing YOLO-based LFA architecture [19]. YOLO oup-196

tuts the edges of a bounding box around each person in the image, which we use to crop197

out a square frame focused on the person for each detection. We then resize this frame198

to the 192x192 target resolution. This is fed into the posenet, which returns the pose199

estimations. These values are then fed into the classifier, which returns the predicted200

command. The command is then sent to the vehicle (see Section 3).201

This pipeline is advantageous because it separates the tasks of image recognition202

and gesture recognition. Image recognition and pose estimation is offloaded to robust203

pre-trained networks, which means we can use limited gesture datasets without in-204

troducing visual bias. Studies of TensorFlow Posenet or YOLOv3’s biases in image205

recognition are outside the scope of this work.206

Our process results in high performance under lab conditions (and as described207

in Section 3, strong performance in live testing). We also ran it on the same testing208

dataset that we used to evaluate our CNN, and found that it had a test accuracy of209

0.8500 and a test loss of 0.4010. Both results are compiled in Table 2. As the table shows,210

since the modular design had a far lower test loss and far higher test accuracy than211

the convolutional design, the modular design is by far better than the CNN. Finally, an212

image of our pipeline’s operation in experimental conditions are shown in Figure 8. The213

figure demonstrates that our pipeline is able to correctly classify gestures in a real-world214

scenario.215

Model Test Loss Test Accuracy
CNN 5.2013 0.2684

Modular 0.4010 0.8500

Table 2: Comparison of CNN and Modular Designs when evaluated on the same testing
dataset. Higher accuracy values and lower loss values indicate better models.

3. Vehicle Implementation216

3.1. ACTor 1 Overview217

The ACTor 1 (Figure 1) is a Polaris Gem 2 modified with a suite of sensors and218

computer control. ACTor 1 can be controlled using any one of three computing units:219

An Intel NUC, a small off-the-shelf desktop computer equipped with an NVIDIA 1070Ti220

GPU, or a Raspberry PI 3B. These computers can interface with the drive-by-wire system221

developed by DataSpeed. The vehicle’s sensors include a Velodyne VLP-16 360 degree222

16 line 3D LIDAR, Allied Vision Mako G-319C camera with a 6mm 1stVision LE-MV2-223

0618-1 lens, and a Piksi Multi GNSS Module. The ACTor’s systems are connected by224

Ethernet and/or CAN buses. A diagram of our hardware capabilities can be seen in225

Figure 9 [16].226

3.2. ROS Fundamentals227

Our research group uses the Robot Operating System (ROS) to interface with the228

ACTor’s hardware [15]. Despite the name, ROS is not an operating system nor does its229

use have to be confined to robots. ROS is a platform that provides an abstraction of all230

hardware with ROS support that allows an engineer to write control programs without231

needing to know the specifics of each piece of hardware.232

ROS systems are structured as a set of implicitly-connected nodes. Each piece of233

hardware or component program has its own node through which it can (indirectly)234

interact with other nodes. For example, a motor would have a node that listens for235

movement commands and broadcast warnings if necessary, a sensor would have a node236

that would broadcast data and listen for commands to change detection parameters, and237
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Figure 6. Our pipeline for gesture recognition and the resultant actions by the vehicle. This diagram is formatted as Component
(Returns). The camera returns a frame, the object detection takes the frame and returns a cropped photo of the person it is currently
targeting, which the pose estimation uses to return the estimated pose data, which is in turn given to the classifier, which predicts a
command, which is then sent to the vehicle, which finally performs an action.

Figure 7. Graphs of the the modular classifier’s training process. On the left, the categorical crossentropy values for the training
and validation sets are plotted by epoch. On the right, training and validation accuracy are plotted by epoch. This classifier is the
component in the fourth box (“classification") in Figure 6.

the control interface would have a third node that would listen for input from the two238

hardware components and broadcast output accordingly. The name of each node is set239

either by the engineer or the hardware manufacturers.240

One of the main advantages of ROS is that the nodes are not explicitly connected.241

A node that wishes to broadcast output does not send that output to any specific node242

but instead broadcasts it on a logical channel called a topic. The act of broadcasting243

to the topic is called publishing. Which nodes are receiving the message, if any, are244

of no concern to the publisher. Nodes listen for messages on topics, which is called245

subscribing. Like the publishers, which nodes are publishing to a topic are of no concern246

to the subscribers. Nodes can publish or subscribe to as many topics as necessary. Like247

the node names, topic names can either be set by the engineers developing and using248

the system or the hardware manufacturer.249

Topics have specific message types. Engineers and manufacturers may use message250

types that come with the library or its packages, such as integers, time information,251

Twist movement commands, and so forth. If these types are not sufficient, then an252

engineer may easily create their own message types.253

Finally, ROS allows users to group programs into launch files. Launch files essen-254

tially contain the programs that need to be run for a system to operate, along with all255

necessary parameter assignments (a user may also re-assign parameters when starting256

the program via command line). Using the dynamic reconfigure package tools, users257

may also redefine parameters during execution. [17,27].258
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Figure 8. Our modular system performing gesture recognition on author M. Kocherovsky. YOLO
determines the location of the author in the frame, which generates the pink bounding box
surrounding him. The posenet component determines the location of the main joints and other key
features on the author’s body, which are displayed as red squares. Finally, the gesture recognition
module has correctly identified the author’s gesture as follow, and has marked him as the Pose
Target, meaning that the vehicle will follow his movements.

3.3. ROS Node Design259

We have nine nodes running concurrently; a full diagram of our ROS nodes3 can be260

seen in Figure 10.261

1. Velodyne Nodelet Manager: This node provides an interface from our control unit262

to the LIDAR. It publishes the LIDAR sensor data for each point on the Velodyne263

Points topic.264

2. Mono Camera: This node provides an interface from our control unit to the camera.265

It publishes the camera frames on the Image Raw topic.266

3. LIDAR Reporter: This node receives raw input from the Velodyne Points topic,267

packages into a convenient format, and and publishes the reformatted data on the268

LIDAR Points topic.269

4. Darknet ROS: This node subscribes to the Camera topic and runs object detection on270

camera frames using YOLO. It then publishes the location of each detected object271

in the image on the Bounding Boxes topic. This node was developed by Joseph272

Redmon, who also made YOLO [19,28].273

5. Detection Reporter: This node subscribes to the Bounding Boxes, LIDAR Points274

and Image Raw topics and integrates their data to produce a coherent stream of275

information. It identifies the human detections reported by YOLO, superimposes276

their location in the image onto the 3D LIDAR point cloud to find their true location277

in three dimensions, idntifies targets based on the given criteria, and attempts278

to keep track of the target from frame to frame. It publishes the consoidated279

information to the Detects Firstpass topic.280

6. Detection Image Viewer: This node subscribes to the LIDAR Points and Detects281

topics and to produce a visualization of the system’s state. For each detection in282

3 Our code is also available here https://github.com/jschulte-ltu/ACTor_Person_Following. We ask that you cite this paper if you intend to use the
code for any purpose.
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Figure 9. An image of the ACTor 1 hardware setup [16].

the image it draws the bounding box given by YOLO, draws the 17 pose points,283

and writes their distance from the vehicle’s LIDAR system, the guesture they are284

performing, and whether or not they are a pose target. It can also superimpose the285

LIDAR point cloud onto the image and report the current action being performed286

by the vehicle. This node is purely for monitoring and visualization.287

7. Gesture Injection: This node subscribes to the Detects Firstpass topic, imple-288

ments our gesture recognition pipeline as described in Section 2.3.2 to identify each289

target’s gesture and the corresponding commands, then republishes the detection290

information with these new identifications to the Gesture Detects topic. This291

node serves as a convenient and effective way to splice in the gesture detection292

pipeline with minimal alterations to our existing code.293

8. LFA (Leader Follower Autonomy) Controller: This node subscribes to the Detects,294

Follower Start and Follower Stop topics and publishes to the Display Message,295

Display RGB, Enable Vehicle, and ULC command topics. This is the last node in296

our LFA pipeline, which takes the detection and gesture information generated by297

the prior nodes and determines the actual commands sent to the vehicle. Those298

commands are published on the Command Velocity topic.299

9. ULC (Universal Lat-Long Controller): This node provides an interface between our300

control unit and the drive-by-wire system. It takes the command from the Command301

Velocity topic and translates them into action by the vehicle.302

4. Experiment and Results303

We ran our experiments on ACTor 1 using its main computing unit, equipped304

with an AMD Ryzen 7 2700 Processor and a ZOTAC GeForce GTX 1070 Ti GPU [16].305

Our testing area was the atrium at Lawrence Technological University. The atrium is306

an open space where we have room to maneuver the vehicle. Our experiments were307

relatively simple; with the system running, a user would stand in front of ACTor 1, give308

a command to start, and then change position to see the ACTor’s reaction. Our team309

can report that the system is capable of following a user when they give the follow310

command, pause when the ACTor is too close to the user (using the LIDAR), and stop311

when the user either gives the stop command or is out of the camera’s field of view.312

Figures 11 and 12 demonstrate our system in operation4.313

4 A video demonstration is available on YouTube at the following link: https://www.youtube.com/watch?v=A_CExLAEiB0
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Figure 10. A Diagram of the main ROS Nodes (ellipses) and topics (arrows) specific to our leader
follower system. Nodes marked in red indicate hardware nodes which publish sensor data.
Blue nodes represent helper nodes. The Darknet ROS node manages object detection, Gesture
Injection runs the pose estimation and classification, and ULC manages interactions with the
vehicle’s drive-by-wire system.

5. Discussion314

5.1. Summary315

We have demonstrated that practical and reliable autonomous human-vehicle316

leader-follower systems are possible and feasible with current technology. We have317

demonstrated that it is possible to use pre-trained neural network models, namely318

YOLO, and newly trained DNN classifiers to recognize gesture commands in dynamic319

environments and translate those commands into actions on an integrated self-driving320

car computer platform through a pipeline architecture. We use modular software design321

and software reuse principles to accelerate development, improve quality, and limit322

technical difficulties.323

5.2. Future Work324

We envision four areas of future development and study. From a software perspec-325

tive, we wish to further optimize our software to achieve faster processing speeds, thus326

making the system more responsive. We also wish to improve obstacle detection and327

path planning to make the system safer and more versatile. In addition, we seek to add328

more gestures to add additional functionality to the system. Finally, we believe that tests329

should be run in more realistic environments and with potential applications in mind,330

such as material transport in manufacturing, construction, and other industrial contexts.331
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Figure 11. Author J. Schulte gives ACTor 1 the follow command. Author M. Kocherovsky sits in
the driver’s seat as a safety precaution. Picture taken by author CJ Chung.

Figure 12. ACTor 1 autonomously follows author M. Kocherovsky in the atrium of Lawrence
Technological University. Author J. Schulte sits in the driver’s seat as a safety precaution. Picture
taken by author M. Pleune.
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Figure A13. Diagram of our Convolutional Neural Network.
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