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Abstract

Automation of earth-moving industries (construction, mining and quarry)
require automatic bucket-filling algorithms for efficient operation of front-end
loaders. Autonomous bucket-filling is an open problem since three decades
due to difficulties in developing useful earth models (soil, gravel and rock)
for automatic control. Operators make use of vision, sound and vestibular
feedback to perform the bucket-filling operation with high productivity and
fuel efficiency. In this paper, field experiments with a small time-delayed
neural network (TDNN) implemented in the bucket control-loop of a Volvo
L180H front-end loader filling medium coarse gravel are presented. The total
delay time parameter of the TDNN is found to be an important hyperparam-
eter due to the variable delay present in the hydraulics of the wheel-loader.
The TDNN network successfully performs the bucket-filling operation after
an initial period (100 examples) of imitation learning from an expert oper-
ator. The demonstrated solution show only 26% longer bucket-filling time,
an improvement over manual tele-operation performance.
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1. Introduction

Wheel-loaders are multi-purpose machines fitted with different kinds of1

attachments such as buckets and forks. In construction industry, wheel-2

loaders are mostly used with a bucket to transport materials such as soil,3

gravel and rock. Due to the lack of useful models of earth (soil, gravel or4

rock) for real-time control, automatic bucket filling has been an open problem5

for three decades [1].6

Tele-operation of earth-moving machines is commercially available for7

mining industry [2] and is being researched for construction application [3–8

5]. Tele-operation is considered as a step towards fully automated machines,9

but it results in reduced productivity and fuel efficiency [6–8]. Incorporat-10

ing driver assistant functions such as automatic bucket-filling can improve11

the usefulness of tele-operation by enabling one remote-operator to control12

multiple machines. Tele-remote operation, without automatic bucket-filling,13

results in 70% longer cycle time of operation and a productivity loss of 42%14

compared with manual operation [8]. Driver assistant functions can po-15

tentially improve performance when operating machines on tele-remote, es-16

pecially the bucket-filling operation which is difficult to perform with the17

constrained perception of the remote operator [8].18

Fig. 1 shows our experimental wheel-loader, a Volvo L180H machine,19

with an operator performing bucket-filling on medium-coarse gravel. Op-20

erators make use of vision, sound and vestibular feedback to perform the21

bucket-filling operation with high productivity and fuel efficiency. To avoid22

both translation and lift stalls, the expert operators make intermittent use23

of the tilt action when moving the machine forward, and lifting the bucket24

upwards. Expert operators also prevent wheel-spin during bucket-filling by25

a combination of lift and tilt actions or by reducing the applied torque by26

lowering the throttle.27

Research aiming to automate earth-moving machines has a long history28

[9–11] but a commercial system with autonomous earth-moving machines has29

not been demonstrated [12]. However, recently Dobson et al. [13] presented30

a solution for autonomous loading of fragmented rock for load-haul-dump31

(LHD) machines using an admittance controller actuating the tilt piston32

only, i.e., the bucket-filling is performed using only the curl movement of33

the bucket. LHD machines have (1) longer buckets and (2) higher breakout34

forces (the maximum amount of force the machine generates while curling35

the bucket) compared to wheel-loaders and are specifically build this way36
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Figure 1: Volvo L180H wheel-loader with an operator filling the bucket with medium
coarse gravel.

for underground mining applications. Dobson et al. [13] reports 61% less37

bucket-filling time and 39% increase in the bucket-weight compared to a sin-38

gle manual operator. However, the control scheme presented in [13] cannot39

be used for wheel-loaders because they have lower breakout force which re-40

quire both lift and tilt pistons to be actuated simultaneously to complete the41

bucket-filling operation.42

Automatic bucket-filling via model-based control is a challenging problem43

because it has proven difficult to develop a good model of the interaction44

forces between the bucket and pile [14]. Classical control theory has been45

applied to this problem in the form of trajectory control [15], compliance46

control [16] and feed-forward control [12] without clear success.47

An automated digging control system (ADCS) for a wheel-loader based48

on finite-state-machine and fuzzy-logic was demonstrated by Lever [17] on49

a range of rock-loading tasks. Wu [18] simulated trajectory control in rock50

piles with fuzzy logic and used neural-networks to model wheel-loader com-51

ponents. Most of the previous work require accurate models of the machine52

and therefore are susceptible to breakdown in the presence of modeling errors,53

wear and changing conditions.54

We take a machine learning approach to automate the bucket-filling op-55

eration for front-end loaders and focus here on medium-coarse gravel. This56

approach is motivated by the difficulties in modeling the material to be loaded57
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and in estimating the interaction forces between the material and the bucket.58

Since an inexperienced human can learn the bucket-filling task with some59

practice, in particular with homogeneous materials, we consider the possi-60

bility to develop an end-to-end machine learning approach to this problem.61

Initially, the aim was to predict the control actions (joystick signals) of a62

wheel-loader operator as the bucket moves through the pile. The prediction63

of control actions is a time-series regression problem, which also appears in64

many other contexts such as prediction of rainfall [19] and energy consump-65

tion of buildings [20].66

Artificial neural networks (ANN) or simply neural networks are models67

capable of learning behavior of complex systems from data. Different types68

of neural networks have been used for financial time-series prediction, such69

as time-delayed network [21], ensemble of networks [22], convolution network70

[23] and recurrent network [24]. Neural networks have also been used in71

other time-series prediction application such as battery state estimation [25],72

prediction of energy consumption [26] and the control of HVAC systems [27].73

In former work we found that a linear regression model is unable to cap-74

ture the on-off nature of joystick commands, but the bucket-filling problem75

is tangible with machine learning and a multi-layer classifier for lift/tilt ac-76

tions [28]. Several machine learning models for prediction of the control77

actions of wheel-loader operators are investigated in Dadhich et al. [29] and78

it was concluded that a relatively simple three-layer time-delayed neural net-79

work (TDNN) outperforms several other machine learning models, such as80

regression-trees.81

In this work, we modify a regular feed-forward TDNN so that the hidden82

layer implements a softmax function and is exposed to multi-level categorical83

outputs (6 classes each for lift/tilt) during training. From an implementation84

point of view, our architecture is inspired by the concept of regression by85

classification [30].86

A convolution neural network (CNN) with a fixed-size 1-D convolution87

layer at the input is equivalent to the TDNN [31]. Both TDNN and 1-D88

CNN use a finite-length context window to learn spatio-temporal patterns89

in the data. Alternatively, recurrent neural networks (RNN) with feedback90

connections resulting in an infinite-length context window are used to model91

sequential data. In this work, the choice to use a shallow TDNN is motivated92

by the limited size of training data (limited duration of imitation learning93

accepted) and simplicity. Training of deep RNNs is more challenging due94

to problems with exploding/vanishing gradients [32] and the function of the95
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resulting network is more complex.96

In this paper, we present, analyze and demonstrate a solution based on a97

time-delayed neural network (TDNN) and imitation learning for autonomous98

bucket-filling in a wheel-loader. The proposed method is not designed for a99

particular machine or pile. Thus, in principle, the method involving the100

use of TDNN and imitation learning can be used in other machines and on101

different pile environments.102

The main contributions of this paper are (1) presenting an TDNN-based103

solution for bucket-filling, (2) studying the effect of different design-choices104

and hyperparameters on the bucket-filling performance and, (3) presenting a105

comparison of the performance of the automatic bucket-filling algorithm and106

an expert operator.107

2. Time delayed neural network108

Artificial neural-networks (ANNs) are bio-inspired models and computa-109

tional systems consisting of interconnected elements called neurons (or units)110

[33]. These neurons are typically arranged in layers, thus ANNs typically have111

a layered architecture. The most simple ANNs have three layers, an input112

layer (sensors), a hidden layer (processing) and an output layer (actuators),113

and a feed-forward architecture where information flows from input to output114

in a sequential way. A three layer feed-forward ANN is shown in Fig 2. A115

single hidden-layer neural network is a universal function approximator, i.e.,116

it can compute any continuous function [34] with an appropriate selection of117

neuron parameters. Thus, ANNs are useful in a wide range of applications118

where the relationship between inputs and outputs is complex and has to be119

fitted to data.120

The time-delayed neural-network (TDNN) was first introduced by Waibel121

et al. [35] for phoneme recognition in speech. TDNNs are useful when the122

information about the input-output relationship is spread across time and123

input signals. The TDNN architecture enables the network to discover fea-124

tures and temporal relationships between features independent of position in125

time [35]. In a TDNN, each neuron has connections to every neuron in the126

previous layer and also to past (time-delayed) activations of the neurons in127

the previous layer. A three layer TDNN is shown in Fig. 3, which includes128

time delays at the input layer only. The delay step, DS = nts, and the to-129

tal delay time, TDL = knts, are hyperparameters of the input layer of the130

TDNN. In Fig. 3, with n = 4, k = 2, ts = 50 ms and p = 1, implies that the131
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Figure 2: A three-layer artificial neural network with p input features, m hidden units and
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n, sampling time ts, delay step nts and total delay time knts. The network has m hidden
units and q outputs. This TDNN architecture includes time-delays at the input layer. The
total number of parameters (neuron weights and biases), nP , is p(k + 1)m + mq + m + q.
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input layer has three features, which are x1, x1(t - 200 ms) and x1(t - 400132

ms). Furthermore, if m = 4, i.e., there are four hidden units, then there are133

a total of 12 connections between the input layer and the hidden layer.134

Each neuron in the hidden and output layers of the TDNN in Fig. 3135

include an activation function, which depends on the cumulative sum of all136

incoming inputs weighted by connection weights, wc, for each connection, c,137

between two units. Furthermore, each neuron n of this TDNN has a bias, bn,138

which is independent of the input connections and is added to the weighted139

cumulative sum. The outputs of the hidden layer in Fig. 3 are140

ah = φh

 k∑
i=0

p∑
j=0

whijxj(t− ni) + b1h

 , (1)

and the outputs of the output layer are141

yl = φl

(
m∑

h=0

wlhah + b2l

)
, (2)

for each unit h and l, respectively. The activation functions, φh and φl, are in142

general non-linear functions. The total number of parameters (weights and143

biases), nP , for the TDNN in Fig. 3 is p(k + 1)m+mq +m+ q.144

Commonly used activation functions in ANNs include log-sigmoid, tan-145

sigmoid, rectifier and the softmax function. These non-linear functions enable146

the network to capture non-linearities in the input-output relationship. A147

comparison of different activation functions in [36] argues that a rectifier148

function lead to better results in many applications and is more plausible in149

a biological perspective than log/tan-sigmoid functions. A softmax activation150

function is commonly used on outputs of all neurons of the last layer of neural151

networks performing classification tasks. Softmax normalizes an array, A, of152

real numbers to another array Asm of real numbers of the same dimension153

as A, so that ai ε(0, 1] and
∑
ai = 1 ∀ ai εAsm. Thus, the softmax function154

creates a probability distribution from an array of output values. Therefore,155

the softmax function is useful for decision making networks that need to156

select one outcome among several possible outcomes.157

There are several different types of ANN that can be used to model input-158

output relationships that are spread across time and input signals, such as159

recurrent ANN. The high cost of producing training samples is our main160

motivation for considering a TDNN model with relatively few parameters161

7



and low model complexity. As shown below, a TDNN model is sufficient to162

obtain a functioning solution for the type of material considered here after a163

short period of training by an expert operator.164

3. Methodology165

3.1. Experiment setup166

The Volvo L180H wheel loader, shown in Fig. 1, is equipped with sensors167

to record the pressures in the lift and tilt hydraulic cylinders. The machine is168

modified to read and write signals on the Canbus connected to the machine169

ECUs (electronic control units). This gives the possibility to record internal170

signals like the engine RPM, and the position and velocity of the lift and tilt171

joints. The speed of the machine can be estimated from the sensor on the172

drive axle, which measures angular velocity. However, we directly use the173

drive-axle angular speed as one of the input features to the neural network174

model.175

The bucket linkage of the Volvo L180H wheel-loader is depicted in Fig.176

4, showing the location of lift and tilt angle encoders. From Fig. 4, the lift177

angle is defined as the angle between the machine’s horizontal to the OE178

link (the boom). The tilt angle is the angle between the OE link and the179

GDF link (the tilt lever). The angle sensors are absolute encoders with 0.12◦
180

resolution.181

The wheel-loader is also equipped with a load-weighing system which182

shows the weight in the bucket with ±1% error. The load-weighing system183

uses the lift pressure sensors and data from three IMUs, mounted one each184

on the boom, the front-frame and the rear-frame, to estimate the weight in185

the bucket. The final weight is obtained when the bucket is being lifted after186

the end of bucket-filling.187

The data from the machine, such as the drive-axle angular speed, engine188

rpm, gear, steering, throttle, lift/tilt cylinder angles, angular velocities and189

the joystick signals applied by the operator are logged. The joystick outputs190

between 0–5 volts (2.5 V at neutral position). The range used for actuation of191

pistons is 0.7–2.3 V (extension) and 2.7–4.3 V (retraction) while 2.3–2.7 V is192

considered as deadzone, to prevent unintended use. Since bucket-filling with193

wheel-loader on medium coarse gravel involves only the extension of pistons,194

the range 0.7–2.3 V is the only useful part of joystick signal. While using the195

joystick signal for training the neural-network, we have range-normalized it196

from 2.3–0.7 to 0–1 range, where one represents maximum velocity demand.197
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Figure 4: Bucket linkage for Volvo L180H wheel-loader.

The data from the pressure transducers in the lift/tilt cylinders is used198

to calculate the net force applied by the hydraulics on the lift/tilt pistons,199

Fpiston = ACPC − ARPR, where AC , AR and PC , PR are the areas and mea-200

sured pressures on the cylinder and rod side of the piston, respectively. The201

data is logged at 50 Hz and the signals from the lift/tilt cylinders and drive-202

axle speeds are filtered with a 60 ms (three time steps) moving-average filter.203

The material used in the experiment is medium coarse gravel with fine204

particles up to 64 mm in diameter. This material is not as difficult to scoop205

as blasted rock, but more complex than fine gravel and sand. In total, 96206

bucket-filling examples are recorded with an expert operator, who is one of207

the best at Volvo’s test facility in Eskilstuna, as found out in [37]. The data is208

collected in a controlled manner, i.e. the operator is instructed to maintain a209

engine speed of 1300 RPM (∼50% throttle), to obtain maximum power from210

the engine.211

During data collection, the operator performs the bucket-filling operation212

and then lifts the bucket to measure the weight. The material is unloaded at213

the same place as it was loaded. This procedure leads to a variation of the214

shape and slope of the material in the pile. Therefore, many bucket fillings215

are needed to discover general scooping patterns that applies to different pile216
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shapes. However, the slope of the pile is maintained at about 30–35◦ for each217

scooping, thus providing some control over the experimental conditions.218

3.2. The different phases of the scooping operation219

Our review of the recorded data and discussions with wheel-loader op-220

erators reveal that the bucket filling process is separated into four distinct221

phases. Before the start of phase one, the bottom of the bucket should222

be aligned with the horizontal plane defined by the contacts between the223

wheels and the ground. The bucket-filling algorithm then implements the224

four phases and the transitions between them as depicted in Fig. 5 and de-225

scribed below. The most interesting is the phase three, where the neural226

network operates. The rest of the phases are pre-determined after analyzing227

the manual operation data.228

1. Approach: The throttle in phase one is 45%, which is sufficient to229

maintain a speed of about 3 km/h when approaching the pile. The230

next phase starts when the pressure in the lift cylinder rises above 80231

bar, which occurs due to an internal control loop trying to compensate232

for the forces from the pile in order to keep the bucket in the same233

initial position.234

2. Lift: The algorithm starts lifting the bucket with 40% lift action in235

order to achieve sufficient pressure on the front-wheel tires to avoid236

wheel-spin. This strategy is used by all operators. The next phase237

starts when the lift cylinder pressure exceeds 120 bar.238

3. Bucket filling: The control of lift and tilt actions are determined with239

the artificial neural network. During this phase, a constant throttle240

value is used. The next phase starts when the tilt angle exceeds 105◦.241

4. Exit the pile: The last phase is needed to exit the pile and finish the242

bucket-filling process. A lift command with 40% actuation is send243

until the lift angle becomes zero, i.e., when the lift arm is parallel to244

the horizontal plane.245

When the bucket-filling algorithm terminates the driver resumes control to246

weigh the bucket, unload and restart the bucket-filling experiment.247

3.3. Lift and translation stall248

A lift stall is defined when the lift command is not close to zero, i.e., their249

is an intend to do lifting but the lifting speed of the boom is close to zero.250
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Phase 1 : Approach

         Phase 3 : Bucket filling 

Phase 2 : Lift

Phase 4 : Exit the pile

(a)

(b)

Figure 5: Bucket-filling phases (a) The four phases in the bucket-filling algorithm are (1)
Approach towards the pile (2) Lift with no tilt (3) Bucket-filling with neural-network and
(4) Exit the pile. (b) Top: The pressure in the lift cylinder determine the switch between
the first to second phase (P > 80 bar) and the second to the third phase (P > 120 bar).
Middle: The joystick signals during the manual operation indicate the on-off use of tilt
action. Bottom: Phase 3 ends when the tilt angle exceeds 105◦.
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stall

Translation stall

Figure 6: Lift and translation stall during one bucket fill. The high value of lift action
(middle) and low value of lift velocity indicate a lift stall (top). Low values of the drive-axle
speed (bottom) albeit the high value of throttle (middle) indicate translation stalls.
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Similarly, a translation stall is defined when the machine’s forward speed251

approaches zero but the throttle pedal is pressed.252

Fig. 6 shows an example of lift and translation stalls during one bucket-253

filling by the operator. The operators through experience learn to perform254

the bucket filling with minimal lift and translation stalls. If the machine stall255

frequently, it can be felt uncomfortable while sitting in the machine.256

3.4. Performance metrics257

The bucket weight (in tons), measured by the load weighing system, and258

the time spent in phase three (in seconds) are the performance metrics used259

to evaluate the performance of the bucket-filling algorithm. A full bucket260

of the experimental wheel-loader with medium course material weighs ∼7.2261

tons with a recommended 105% bucket-fill factor. However, many operators262

go for 110% bucket fill-factor which weighs ∼7.6 tons. The expert operators263

take between 6-8 seconds for a typical bucket-fill with our experimental setup.264

3.5. Wheel spin265

Wheel-spin is the undesirable event when the applied forces on the wheel266

exceeds the available friction force, resulting in a loss of traction. Wheel267

spin damages tires and results in significant increases in the operational cost268

[38]. The problem to measure and avoid wheel-spin is difficult and has been269

studied in [6]. In this work, we do not focus on estimating or compensat-270

ing wheel-spin, which is both an interesting and challenging problem. In271

our experiments, in order to avoid wheel-spin, we use moderate values of272

the throttle during phases one to three (40–55%). However, for more diffi-273

cult materials such as very coarse gravel and rock, higher values of throttle274

throughout the bucket-filling process may be required.275

3.6. Neural-network276

Motivated by the results of former studies [28, 29] two network architec-277

tures are considered for the automatic bucket-filling algorithm. The regres-278

sion model (Fig. 7a) is a TDNN with one hidden layer, as shown in Fig.279

3. This network produces output signals in each time step and is trained280

using the mean-squared-error between the predicted and targeted lift and281

tilt signals from the operator training dataset.282

The architecture of the classification model is motivated by the observed283

behavior of the expert operator. It can be noted in Fig. 6 (middle) that the284

lift and tilt signals appear to be used by the operator at different levels (high,285
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Figure 7: Two time-delayed neural network architectures that have been trained for
bucket-filling. The middle layer and last layer are fully connected in both networks. (a)
The regression architecture is the simple three-layer neural network with one hidden layer
with 12 units (m = 12). (b) The classification architecture implements the middle layer
as a softmax layer for lift/tilt joystick outputs that has one neuron for each of six classes
for both lift and tilt. The twelve neurons are fully connected to the two output neurons.
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Class Definition
1 jS < 0.1
2 0.1 ≤ jS < 0.3
3 0.3 ≤ jS < 0.5
4 0.5 ≤ jS < 0.7
5 0.7 ≤ jS < 0.9
6 jS ≥ 0.9

Table 1: Definitions of the six classes of lift/tilt joystick actions used for training the
middle layer of the classification TDNN model. The symbol jS represents the normalized
joystick signal for both lift and tilt.

medium, low), in particular the tilt signal. This behavior is a consequence of286

the fact that it is difficult for a human operator to smoothly modulate two287

joysticks simultaneously while observing the pile, modulating the throttle288

and focusing on the sounds and vibrations from the machine. We mimic this289

multi-level joystick behavior of the operator with the classification model290

(Fig. 7b). For this purpose, the normalized lift and tilt joystick signals have291

been discretized into six classes (levels) as shown in Table. 1.292

In the classification architecture, instead of a regular hidden layer, the293

middle layer implements a classifier that predicts one of six classes for each294

of the lift and tilt joystick actions. The top six neurons in the middle layer of295

Fig. 7b output soft-values for the lift classes, while the bottom six neurons296

output soft-values for the tilt classes.297

The input data is range-normalized with “mapminmax” function, to have298

all inputs in the range [−1, 1]. The middle layer implements a tansig function299

(Eq. 3) in the regression model and a softmax function (Eq. 4) in the300

classification model. The output layer in both models implements a rectified301

liner unit, ReLu(x) = max(0, x).302

tansig(x) =
2

1 + e−2x
− 1 (3)

softmax(xi) =
exi∑m
i=1 e

xi
(4)

The two networks are trained with resilient backpropagation (Rprop) algo-303

rithm [39] minimizing mean-squared-error (MSE). Rprop is a gradient based304

optimization with self tuning step size. It is a fast, robust and memory ef-305

ficient variant of the backpropagation algorithm [40]. In the classification306
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Figure 8: Simulation result of one test example from the middle layer of the classification
model.
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model, the cost function also includes the class outputs from the middle307

layer. To avoid overfitting, we use L2-regularization of the TDNN weights.308

We use cross-validation [41], which does not require splitting the data309

into training, validation and test sets and makes efficient use of the available310

data to estimate the test error. In k-fold cross-validation, the data is divided311

in approximately equal sized k sets of which one set is left-out for testing and312

k− 1 are used for training. By shifting the left-out testing set, k models are313

trained and the test error is estimated by averaging the error committed by314

each of the k-models on the corresponding left-out training set. In this paper,315

we use cross-validation to study the effect of different hyperparameters, such316

as the TDL, on the difference between the operator actions and the model317

predictions.318

Both TDNN models are trained with 96 bucket fillings by the expert319

operator (imitation learning). Fig. 8 and 9 show one test example output320

from the trained classification model. The TDNN model captures the trends321

in the output signal with some delay. This delay in the simulated output322

is expected as there is an inherent delay in the hydraulics of the machine,323

due to which the features (angles/velocity/force of lift/tilt pistons) trail the324

output (control actions).325

3.7. Model deployment326

We used MathWorks environment to develop and deploy the bucket-327

filling algorithm. Matlab’s neural-network toolbox has an implementation328

of TDNN, which has been used to write and train the neural networks. A329

real-time PC (Speedgoat), compatible with Simulink Real-Time operating330

system, is used to run the bucket-filling algorithm in the wheel-loader. The331

real-time PC connect to pressure sensors and to the ECUs (Engine control332

units), via the CanBus protocol.333

The real-time PC has an Intel Celeron 1.5 GHz processor with 4 GB334

RAM. The base model is executed at 1 kHz while the neural network model335

runs at 50 Hz. The deployed program has an average task execution time of336

58 µs.337

The TDNN models, when deployed in the machine, produce noisy out-338

puts during the bucket filling process. A low pass infinite-impulse-response339

post-processing filter is used to smoothen the signals sent to the machine.340

The filter, shown in Eq. 5, is designed for a smooth time response without341

introducing large time delays.342
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Figure 10: Low-pass filtering of the neural network output.

H(z) =
1 + 2z−1 + 1z−2

1 + 1.511z−1 − 0.609z−2
(5)

An example of the output produced by the neural network in a field test343

and the corresponding filtered output is shown in Fig. 10.344

4. Experimental results and analysis345

A series of experiments are conducted to make the different design choices346

using a one-factor-at-a-time approach, and to compare the automatic-bucket347

filling algorithm with the expert operator. To select one of the two TDNN348

architectures in Fig. 7 and determine the parameters, such as the input349

delay and the throttle, we compare their performance one to one. The tests350

in sections 4.1–4.4 are performed with six test trials (N = 6), while the test351

in section 4.5 is performed with twenty trials (N = 20). The experiments352

are costly to conduct and involves driving the wheel-loader to a test facility353

each time, which motivates the limited number of trials in the experiments.354

4.1. Classification vs regression model355

The aim of this experiment is to evaluate the performance of the regression356

and classification architectures. We ran six trials for each model type and357

present the results in terms of the performance metrics in Table 2. The358

regression model is two times slower than the classification model. Upon359

investigating the signals produced by the regression model, we observe that360

the regression model produces smaller lift/tilt actions, resulting in longer lift361
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Model type Weight (tons) Time (s)
Regression 7.48±0.19 23.70±3.43

Classification 7.45±0.24 11.44±0.48

Table 2: Comparison of regression and classification models with six trials (N = 6). The
neural-network hyperparameters for both models are TDL = 160 ms, DS = 20 ms, which
gives ∼800 parameters (nP ). In this experiment 45% throttle is used.

and translation stalls. This is because the regression model averages different362

output signals. The classification model captures the multi-level behavior of363

control actions and therefore manages to manipulate the lift/tilt joystick to364

navigate with less lift and translation stalls. In the subsequent experiments,365

presented in sections 4.2–4.5, only the classification model is used.366

4.2. Training367

All models, presented in this paper, are trained with 96 bucket-filling ex-368

amples by an expert operator. We find that the classification model does not369

function when training is carried out with 32 or 64 examples. The neural net-370

work does not produce sufficiently high values of lift/tilt action in phase three371

and the bucket freezes in a continuous lift and translation stall. Thus, we372

conclude that about 100 bucket-filling examples are sufficient to generate an373

operational bucket-filling neural-network model for this particular machine374

and material.375

We investigate if the random initialization of neural-network weights and376

the training protocol plays a role in how the network performs. In this377

study, three models of the same type (classification, TDL = 160 ms, DS =378

20 ms) are trained and evaluated. An evaluation with Welch’s T-test [42]379

show statistically significant differences between the three models for the380

bucket-filling time (p < 0.01, all combinations). The results are presented381

in Table A1 in the Appendix. We conclude that the random initialization382

results in slightly different trained networks, with small differences in the383

corresponding performance. Although the cost function is minimized in the384

training of the network, we think that this (undesirable) effect can be avoided385

by training with more data.386

All inputs do not necessarily contribute equally in the trained network.387

The middle-layer weights of the trained networks can be analyzed to inves-388

tigate if this is the case. Fig. 11 shows the relative importance of the input389

features and the delayed features in terms of the middle layer weights. It can390
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Lift Tilt
Lift Force 0.8979±0.0291 1.0544±0.026
Lift Angle 0.4094±0.0374 0.4227±0.0389

Lift Velocity 0.3884±0.0342 0.4225±0.0322
Tilt Force 0.301±0.0338 0.3321±0.0273
Tilt Angle 0.3329±0.0315 0.3457±0.0254

Tilt Velocity 0.3654±0.0483 0.3424±0.0284
Machine Speed 0.3561±0.0242 0.4194±0.0368

Table 3: Weights of middle-layer connections affecting the lift and tilt outputs.

be observed in Fig. 11 that the lift pressure at time t−160 ms and t−400 ms391

consistently are the most significant input features in all trained networks.392

Some other features, such as the lift force at t, t−240 ms, lift angle at t−240393

ms, t − 640 ms and the lift velocity at t − 80 ms and t − 640 ms are also394

consistently significant. The weaker connections tend to vary between the395

different trained networks.396

Alternatively, the root-mean-square (RMS) value of the weight vector397

for each input feature obtained by concatenating the delay dimension of the398

middle layer weight matrix provide some insight into the importance of indi-399

vidual features. Following the design of the middle layer of the classification400

TDNN model, the weights connecting the top six neurons in the middle layer401

are used to calculate the connection strengths for lift. Similarly, weights con-402

necting to the bottom six neurons affect the tilt. Table 3 show the RMS403

values when the same model (L640) is trained 10 times. From this analysis,404

it is clear that the lift force is the most important feature but none of the405

other features appears to be insignificant.406

4.3. Throttle407

The recorded data with the expert operators, in uncontrolled trails, reveal408

that they make aggressive use of throttle when filling a bucket. However, in409

our algorithm, the throttle is kept constant in line with the design princi-410

ples of a wheel-loader and the operator guidelines for correct bucket-filling411

behavior.412

To evaluate the role of the throttle in the bucket-filling process with our413

TDNN solution, a few different throttle levels are investigated during bucket-414

filling (phase 3) and the results are reported in Appendix in Table A2. It is415
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Figure 11: Average of the positive weights from the twelve neurons in the hidden layer of
the L640 model, trained four times with different initial weights. The vertical axis of each
plot shows input features of the neural-network, whereas the horizontal axis shows the
delayed inputs, where each step is 4 units (= 80 ms). A dark shade of a pixel corresponds
to a higher value (black=1, white=0). Pixels with values higher than 0.3 are highlighted
with red squares to distinguish the strong and weak connections. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of
this article.)
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Name TDL(ms) DS(ms) No. of parameters (nP )
S160 160 40 ∼500
L160 160 20 ∼800
S320 320 80 ∼500
L320 320 40 ∼800
S640 640 160 ∼500
L640 640 80 ∼800

Table 4: Description of models with different delay configurations in the input layer.

observed that for a higher value of the throttle (' 55%), the bucket weight416

increases at the cost of longer filling time.417

4.4. Input-layer delay418

The inherent dynamics of a wheel-loader from the motion of the joysticks419

to the bucket movement is complex, in particular because it includes variable420

time-delays in the range of 250–400 ms. The dynamics between the movement421

of bucket and pile is even more complex and as a result, no high-fidelity422

models exists for closed-loop control.423

The hydraulic pressure in the cylinders (which provide lift/tilt forces used424

as input features) are affected both by the reaction forces on the bucket by425

the pile and the actions of the operator, executed ∼200–400 ms ago. Thus, in426

order to produce lift/tilt actuator commands in real-time, the model needs to427

do time-ahead prediction. We use a TDNN architecture to accomplish this,428

which incorporates the dynamics present in the system to produce an appro-429

priate actuator command for the lift and tilt joysticks. The TDNN model430

implements a moving window of delayed inputs to capture the dynamics.431

In this experiment, the total delay length (TDL) and delay step (DS) are432

selected from {160, 320, 640} ms and {20, 40, 80, 160} ms, respectively, to433

produce six models of two different size with a constant number of parameters434

(nP ). The description of these models with their given name is presented in435

Table 4.436

The results of delay variation (N = 6) in the input layer are presented in437

Fig. 12. In this experiment, we use the classification model as shown in Fig.438

7b with 45% throttle in the third phase. It is observed that increasing the439

TDL value (including more history) in the model decreases the bucket-filling440

time. The results show that the model uses long term (>320 ms) patterns441

in the data to predict better control signals. This appears related to the442
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Figure 12: Effect of delay variation in the input layer of the classification network. Refer
to Table 4 for further information about the axis labels. A model with longer history of
machine data performs significantly better than a model based on a shorter history. This
implies that the delay step (DS) does not play any important role. Models with more
parameters where TDL ={160, 320} ms perform better, however this is not true for TDL
=640 ms.
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presence of a variable delay of 250–400 ms in the wheel-loader hydraulics443

system. For smaller value of TDL, the model with more parameters (L160,444

L320) gives better performance. This suggests that high flexibility provides445

an advantage in this regime where the TDL is smaller than the delay in446

hydraulics. But when TDL = 640 ms, a model with more parameters (L640)447

does not provide an advantage over a smaller model (S640).448

With k-fold (k = 12) cross-validation, it is found that the six classification449

models and the regression model perform about equally well in the simula-450

tions, in terms of the root-mean-square-error (RMSE, Eq. 6) between the451

operator (yi) and the predicted control actions (ŷi). However, the field test452

performance of the six models differ considerably. A plot of 12-fold cross-453

validation error for the six models for lift/tilt predictions is shown in Fig.454

A1 in the Appendix.455

RMSE =

√∑N
i=1(ŷi − yi)2

N
(6)

We conclude that minimizing the RMSE in search for a better model for456

this problem is not recommended. Instead, the model should be optimized457

on the performance metrics defined by the field experts.458

4.5. Model vs expert operator459

The training data was logged in a controlled environment (pile located460

under a roof) with specific instructions to the operator to maintain a constant461

engine RPM during the bucket-filling process. The last experiment carried462

out focuses on comparing the performance of one model with the expert463

operator. During this experiment, the operator is asked to use the machine464

like in a production scenario. The analysis of the control actions reveal that465

the operator is more aggressive with the throttle in this case, reaching up to466

70% of full throttle at the end of bucket filling. As a result, the operator467

managed to finish most bucket-fillings in less than 7 s.468

Fig. 13 shows the result of a comparison test between the chosen model469

(L640) and the operator. We conclude that the neural-network model is470

similar to the expert operator in terms of bucket weight, with slightly longer471

bucket-filling time. The longer bucket-filling time is likely because the neural-472

network model is operating at constant throttle of 55%, while the operator473

is modulating the throttle to avoid lift and translation stalls.474
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Figure 13: Comparison of the performance of the expert operator in production with one
of the classification neural network models (L640 with 50% throttle and twenty trials,
N = 20).

4.6. Control actions475

The control actions produced by the operator and the model are time-476

series signals of different lengths. Dynamic Time Warping (DTW) is a477

method used to compare and find patterns in time-series of different lengths478

[43]. The DTW distance between two time-series is a measure of how similar479

the two time-series are. The DTW distances of control actions produced by480

the operator reveals how similar the actions of the operator are between dif-481

ferent bucket-fillings, and similarly for the control actions produced by the482

model between different trials of automatic bucket-filling.483

Fig. 14 illustrates the DTW distances for lift and tilt control actions484

produced by the operator and the model in the comparison test performed485

in section 4.5. The scooping that is the most similar to all other scoopings,486

determined by the minimal sum of DTW distances to all other scoopings,487

is chosen as the reference for both the operator and the model. It can be488

seen that the control signals produced by the model are more similar to each489

other (smaller DTW distances) compared to the operator control actions. In490

Fig. 15, the reference bucket-filling example used for calculating the DTW491

distances in Fig. 14, is illustrated for both the model and the expert operator.492

The model output and operator actions are not particularly similar, but the493
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Figure 14: DTW distance between the lift and tilt control actions produced by the model
and the operator. The average value of lift and tilt DTW distance for the model shows
that the control actions produced by the model are more uniform across trials compared
to the operator. However, the variance in the lift and tilt DTW distances for the model
shows that the model is not repeating the same control actions during each bucket-filling.

model still manages to fill the bucket efficiently. This supports the expert494

know-how in the field, which suggests that there is not a single way to fill the495

bucket. The slightly longer bucket-filling time of the model is likely related496

to the lower magnitude of the actions produced by the algorithm, especially497

the throttle, towards the end of the bucket-filling process.498

4.7. Failures499

The bucket-filling algorithm based on the classification model presented500

in this paper has been successful in all the 136 trials carried out. But be-501

fore that, there were many unsuccessful trials, which are also interesting to502

analyze.503

The first unsuccessful attempt to make a complete bucket-filling algorithm504

was based on only three scooping phases (phase two was omitted). The neural505

network was started immediately after phase one, when the pile is detected.506

The reason for the failure of this approach is that the first lifting action507

by the operator occurs even before phase two starts, and thus it was never508

included in the training data. This occurs because an experienced operator509

anticipates the delay in the hydraulics and acts pro-actively with control510

signals. One idea for how to solve this problem is to train and start the511
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Figure 15: The control actions applied in the bucket-filling examples that are most similar
to all other scoopings (based on minimization of DTW distance). The model output
is not particularly similar to the operator output, but the model has learned the right
behavior regarding the modulation of tilt action, which enables it to perform bucket-
filling efficiently. The operator modulates the throttle, while the throttle is kept constant
at 55% in the bucket-filling algorithm.

model earlier than the first lift action, and by having a longer TDL (1–2 s) in512

the TDNN network. There are a few risks associated with this approach; (1)513

the possibility that the network will start lifting before the pile is reached and514

that a failure mode is built into the system, and (2) if the network doesn’t515

produce a high lift action, wheel-spin may occur which damages the tires.516

The neural-network trained on data recorded in dry and controlled medium517

gravel pile fails to perform bucket-filling in (1) wet and compact material,518

and (2) pile with a long and low slope. It suggests that different networks519

are needed to be trained with data collected in different conditions. Then,520

with a collection of networks trained in different conditions, a suitable model521

can be used for the present condition.522

5. Conclusions and future work523

Automation of construction, mining and quarry industry require auto-524

matic bucket-filling functions for front-end loaders. Modeling the pile and525

the bucket-pile interactions is considered an intractable problem and thus526

traditional closed-loop control is not possible. Operators use their vision,527

sound and vestibular system to perform the bucket filling process efficiently.528

In this paper an imitation learning model trained on expert operator data529
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is presented, analyzed and demonstrated with field trials. We find that a530

time-delayed neural network (TDNN) architecture with input data obtained531

from the machine is sufficient to efficiently perform the bucket-filling task au-532

tomatically. The neural-network based bucket-filling algorithm for a wheel-533

loader loading medium coarse gravel performs slightly worse than our expert534

operator with correct bucket weights and only 26% longer bucket filling time.535

We find that a classification-based model performs better than a classical536

regression model because the operators tend to modulate the joysticks be-537

tween different levels. The total delay time (TDL) parameter of the TDNN538

model is found to be an important hyperparameter for this task due to the539

variable delay present in the hydraulics of the wheel-loader. An TDL value540

higher than the value of the delay in the hydraulics results in smaller bucket-541

filling time. The analysis of the middle layer weights show that all of the542

input features used to train the model are significant for the prediction of543

the control actions.544

The work presented here can be improved in several different directions.545

The bucket-filling algorithm can be built to handle different type of pile546

shapes and materials by training different models for different environments547

and selecting the best model based on sensing (for example by point-cloud548

scans), prior to starting the algorithm. It is likely that the model trained549

on one type of material (such as the medium coarse gravel considered here)550

should not work as good as an expert operator on another pile like soil. With551

a reinforcement learning algorithm, such as the deep-deterministic policy gra-552

dient, the neural-network parameters can be tuned after each bucket-filling553

to maximize a reward function based on the chosen performance metrics. In554

this way, the neural-network can adapt to changing conditions and over time555

and improve its performance.556
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Appendix749

Weight (tons) Time (s)
Train 1 7.62±0.33 12.83±0.59
Train 2 7.45±0.24 11.44±0.49
Train 3 7.31±0.13 10.37±0.16

Table A1: Performance of three different training runs of one model type with N = 6. The
models in this experiment are based on the classification architecture with TDL = 160
ms, DS = 20 ms, such that nP ∼ 800. In this experiment 45% throttle is used.
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Throttle Weight (tons) Time (s)
45% 6.84±0.19 7.66±0.27
50% 6.81±0.10 6.98±0.26
55% 7.20±0.08 7.78±0.10

Table A2: Performance of two different model type with variation in throttle with N = 6.
levels. The models in this experiment are based on the classification architecture with
TDL = 640 ms, DS = 80 ms, such that nP ∼ 500.

0.04 0.06 0.08 0.1 0.12
RMSE Lift

Regression
L160

S160

L160

S320

L320

S640

L640

0.06 0.08 0.1 0.12
RMSE Tilt

S160

L160

S320

L320

S640

L640

Regression
L160

Figure A1: Root-mean-square-error (RMSE) and their average values and spread in quar-
tiles obtained by cross-validation (12-fold) procedure for the six classification and one
regression model on the operator data. The outliers are shown with the plus (’+’) symbol.
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