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Abstract

Human gait is a key biomarker for health, independence and quality of life. Advances in wearable inertial sensor tech-
nologies have paved the way for out-of-the-lab human gait analysis, which is important for the assessment of mobility
and balance in natural environments and has applications in multiple fields from healthcare to urban planning. Au-
tomatic recognition of the environment where walking takes place is a prerequisite for successful characterisation of
terrain-induced gait alterations. A key question which remains unexplored in the field is how minimum data require-
ments for high terrain classification accuracy change depending on the sensor placement on the body. To address this
question, we evaluate the changes in performance of five canonical machine learning classifiers by varying several data
sampling parameters including sampling rate, segment length, and sensor configuration. Our analysis on two indepen-
dent datasets clearly demonstrate that a single inertial measurement unit is sufficient to recognise terrain-induced gait
alterations, accuracy and minimum data requirements vary with the device position on the body, and choosing correct
data sampling parameters for each position can improve classification accuracy up to 40% or reduce data size by 16
times. Our findings highlight the need for adaptive data collection and processing algorithms for resource-efficient
computing on mobile devices.
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1. Introduction

Automatic real-world human gait analysis using mobile devices is becoming more pervasive and has
applications in a variety of fields including medicine, sports science, fashion and urban planning [1, 2, 3, 4,
5]. Few examples are fall detection [6], biometric authentication [7], human activity recognition [8], gait
and balance assessment [9], injury prevention [10] and assessing brain health [11].

One of the most active research areas in this domain is developing adaptive data collection and analysis
methods to improve gait assessment accuracy and efficiency (e.g., [12]). These methods need to take into
account physiological (e.g., stress and fatigue), biomechanical (e.g., using a walking aid), contextual (e.g.,
fast walking to catch a bus), environmental (e.g., terrain, weather conditions and traffic) and behavioural
(e.g., shopping and exercising) factors that affect gait. They also need to consider constraints related to
device instrumentation (e.g., position, data resolution, noise, battery, CPU and memory).
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To take a step forward in this direction, this study focuses on recognising in what environment walking
takes place (i.e. walking terrain recognition) using a single inertial measurement unit (IMU). While there
are many studies focusing on automatic human activity recognition, with signal processing and machine
learning models differentiating walking from other activities of daily living such as sitting and standing (e.g.,
[13, 14]), up until now only a handful of studies have focused on walking terrain recognition [15, 16, 17, 18]
(these studies are discussed in the next section).

Automatic walking terrain recognition is desired for a number of reasons. First, it will enable to improve
the performance of the gait analysis algorithms through terrain-specific parameter tuning. For instance,
Sher et. al have recently shown that in young and healthy adults step time estimation error can be lowered
by up to 40% by tuning low-pass filter cut-off frequency during pre-processing the data [16]. Second, it will
improve our understanding of terrain-induced gait alterations which is key while designing new interventions
and evaluate their impact (e.g., balance and strength training for elderly, detecting and fixing potholes on
the streets, and while designing new shoes or assistive walking devices). Third, it can be used for assessing
functional independence and activity monitoring in elderly and people with chronic movement disorders
(e.g., Stroke and Parkinson’s patients). Here, the assumption is that individuals who are able to walk on
different terrains are more independent than those who can only walk on flat surfaces or who spend most of
their time in sedentary behaviour.

The current IMUs often come with tri-axial accelerometer and gyroscope sensors providing local accel-
eration and angular velocity measurements in three orthogonal directions. Previous studies have shown that
terrain related gait changes are profound enough to create distinct acceleration and velocity patterns [19,
20, 21], although these patterns may differ from individual to individual [22, 23]. Furthermore, the quality
of the IMU data changes depending on the placement of the wearable device on the body [24, 25], which
should be factored in while sampling the data [26, 27]. Hence, we ask the following two questions: 1)
How does IMU position affect terrain recognition accuracy, and 2) Does minimum data requirements (i.e.,
the minimum amount of wearable sensor data required for achieving high terrain classification accuracy)
change depending on the IMU position?

The first question aims at evaluating to what extent walking terrain classification can be achieved using a
single IMU and whether IMU position affects the ceiling of accuracy. The second question aims at reducing
the data bandwidth (e.g., lowering sampling rate and duration of recording) for near real time data processing
and freeing up the resources of the wearable device.

The remainder of the paper is organised as follows. The Section 2 describes the related work focusing
on IMU-based terrain classification. It also lists the novel contributions of this study. The Section 3 details
the methodology including the description of the datasets, data processing workflow, and the parameters
investigated. The Section 4 presents the results. The Section 5 highlights the key findings, compares them
with those presented in the previous studies, and discusses their relevance within the context of outdoor
gait analysis. It also mentions the limitations of the current work and planned activities in the future. The
Section 6 concludes the manuscript.

2. Related work

Previous research on IMU data processing has primarily focused on gait characterisation; i.e., mainly
extraction of step-related spatial and temporal gait parameters (such as cadence, step length, step time,
swing to stance ratio, double support time, gait asymmetry and variability). Most of these studies analysed
data that was recorded in controlled laboratory settings [28, 29, 30, 31, 32]. In recent years, there has been
attempts translating laboratory research into free-living environments [33, 34]. Although findings from free-
living environment studies suggest terrain-induced gait alterations, only a handful of studies attempted for
automatic terrain recognition from wearable data. A detailed review of these studies is presented below.

2.1. Previous studies on walking terrain classification
Hu et. al [15] collected data from 30 healthy adults (16 males and 14 females, age=23.5 ± 4.3 years,

height=169.3± 21.9 cm, and weight=71.2 ±14.0 kg) while standing still and walking on four outdoor ter-
rains: cobblestone, stairs up, stairs down, uphill, downhill, bank left and bank right. All walking terrains
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including stairs were flat except uphill and downhill. Each participant performed 42 walking trials (six rep-
etitions per terrain) while wearing daily sport shoes. All data collection was done during daylight and on
dry and clear surfaces. In all trials, the participants walked 15 meters (at preferred speed) while carrying six
off-the-shelf IMUs. The IMU positions were lower back, wrist, left thigh, right thigh, left shank and right
shank. The IMU data were recorded at a sampling rate of 100 Hz, scaled between 0 and 1 and divided into
4-second segments with 3-second overlap. Each segment became a data object either in the training or test
dataset. The study reports the performance of three deep artificial neural network classifiers (CNN - convo-
lutional neural network, LSTM - long short time memory and Global-LSTM) when they were trained and
tested using data from one IMU at a time, and using data from all IMUs combined. The highest accuracy for
each IMU position were 84% (lower back, Global-LSTM), 90% (wrist, LSTM), 89% (left thigh, LSTM),
90% (right thigh, Global-LSTM), 88% (left shank, Global-LSTM), 89% (right shank, Global-LSTM) and
92% (all together, Global-LSTM). The study did not provide details on how models were trained (e.g., how
data were split into train and test data, split ratio and number of repetitions). Note that Hu et. al made their
dataset publicly available [35] and we used it in this study.

Sher et. al [16] collected data from 10 healthy adults (6 males and 4 females, age=29±8.7 years,
height=173±7.9 cm, weight=78.2±16.2 kg) while walking on 10 outdoor terrains: pebble beach, sandy
beach, forest, grass, pavement, synthetic rubber running track, stairs up, stairs down, uphill and downhill.
Each participant performed 20 walking trials (two repetitions per terrain) and the duration of each walking
trial was a minute. All data collection was done during daylight and surface conditions were not controlled
(this was deliberate to create a more challenging dataset). In all trials, the participants walked back and forth
at preferred speed between two landmarks which were 14-meters apart. The data collection was done using
a mobile phone with embedded tri-axial accelerometer and gyroscope sensors (the phone position was lower
back). The phone data were recorded at a sampling rate of 400 Hz, low-pass filtered using 10 Hz cut-off fre-
quency, and divided into 2-second segments with 1-second overlap. These segments were further processed
to extract features such as mean, std, skewness, kurtosis and dominant frequency. These features were used
as input for terrain classification. The study reports the performance of seven machine learning classifiers
(NB - naive Bayes, NN - nearest neighbour, FNN - fuzzy nearest neighbour, J48 - decision tree, JRip - a
rule-based classifier, SVM - support vector machine classifier and MLP - multi layer perceptron classifier)
using two different training methods: 1) training a separate classifier for each participant (i.e., personalised
classifier) and 2) training one classifier for all participants (i.e., generalised classifier). The performance of
the classifiers were evaluated using 10-fold cross validation with 90%-10% train-test data split. The person-
alised classifiers had much better performance (>90% classification accuracy) than the generalised classifier
(<33%). Among personalised classifiers, the MLP classifier had the highest classification accuracy (97%).
Compared to [15], this study had a richer terrain dataset based on numbers and topology). However, it had
fewer participants and did not investigate how phone position would have affected the performance of the
classifiers.

Dixon et. al [17] focused on the analysis of IMU data from running participants. They collected data
from 29 healthy adults (15 males and 14 females, age=23.3 ± 3.6 years, height=180 ± 10 cm, weight=63.6
± 8.5 kg) while running on three outdoor tracks: concrete, synthetic and woodchip. All surfaces were flat.
The study cohort included three groups of participants: those with no history of regular running (n=10),
recreational runners who ran between 10 and 30 km every week in the last six months (n=9) and competitive
runners running at least 50 km every week in the last six months (n=10). All participants performed two to
four trials per track. In all trials, the participants ran 90 meters while carrying two tri-axial accelerometers
(one at the lower back and one on the tibia). The accelerometer data were recorded at a sampling rate
of 1024 Hz and divided into 4-second segments with 1-second overlap. Similar to [16], these segments
were further processed to extract descriptive features (including few new ones such as sample entropy,
autocorrelation and wavelet-derived energy) and these features were used as input to the XGBoost classifier
(the full set and the reduced set including 20 best features were tested). In addition, a CNN classifier was
trained using raw time series segments. Both XGBoost and CNN classifiers were trained and tested using
data from one accelerometer at a time, and using data from both accelerometers combined. During training,
the train-test data split ratio was 90%-10%, and training was repeated five times by randomly reshuffling the
data. The performance of the XGBoost classifier were 94% (lower back), 94% (tibia) and 97% (combined)
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for the full feature set, and 90% (lower back), 86% (tibia) and 88% (combined) for the reduced feature set.
The performance of the CNN model was 96% (lower back), 91% (tibia) and 96% (combined).

Different from the studies mentioned above, Ahamed et al. [18] focused on environmental weather
classification using wearable data from recreational runners. They collected data from six healthy adults
while running on a pavement during winter (mean temp.=-10◦C) and spring seasons (mean temp.=6◦C).
The participants included five females (age=47±9.69 years, height=169.2±6.6 cm, weight=67.4±11.5 kg)
and one male (age=29 years, height=170 cm, and weight=75 kg). The criteria for recreational running
was not specified. All participants performed two trials per season. In all trials, they ran at least 6 km
while carrying an off-the-shelf IMU-based wearable device at the lower back. The device was outputting
six gait parameters (pelvic drop, rotation and vertical oscillations, ground contact time, reduction in forward
velocity following foot strike and cadence) at a sampling rate of 100 Hz. These parameters were used as
input to RF classifier for binary classification (winter versus spring). The performance was evaluated under
two training methods: 1) training a separate classifier for each participant with 70%-30% train-test data split
(i.e., personalised classifiers), and 2) training one classifier for all participants (i.e., generalised classifier).
One trial from each season (two trials in total) were used to train the generalised classifier and the rest of the
trials were used to test it. The RF classifier had a classification accuracy of 95% (personalised classifiers)
and 87% (the generalised classifier).

2.2. Novel contributions of this study
The four studies discussed in the previous section have a similar IMU data processing workflow which

can be summarised in four steps. The first step is pre-processing focusing on noise filtering, data normal-
isation and walking onset-offset detection. The second step is segmentation where the time series data is
divided into overlapping segments with fixed size using sliding window. The third step is feature extraction
where each segment is processed to extract numerical values ranging from low level statistical features to
actual gait parameters. The final step is terrain recognition where canonical machine learning classifiers
are trained to create terrain class decision boundaries in the feature space. Note that in studies using deep
learning models steps three and four are combined (i.e., segments are entered into the models directly) as
feature extraction becomes part of the training process.

There are several key design choices that affect the overall terrain recognition accuracy in this workflow.
These choices are the sensor configuration (do we record data from both accelerometer and gyroscope
sensors or is recording from a single sensor sufficient to achieve high performance?), data sampling rate
(how often do we record from the sensors?), segment length (i.e., the window size used during segmentation)
and the machine learning classifier. In addition to accuracy, these design choices determine how much data
is generated and how quickly it is processed.

The novel contributions of this study are:

1. To the best of our knowledge, this is the first study with systematic evaluation of how sampling rate,
segment length and sensor configuration affect walking terrain recognition accuracy in relation to the
IMU position.

2. It also compares the performance of five canonical machine learning classifiers in terms of accuracy
and minimum data requirements. Three of these classifiers, XGBoost, SVM and RF, have been inves-
tigated separately in the literature. Here, we wish to benchmark them using the same dataset.

3. To strengthen the validity of our results, these evaluations are done using two independent datasets.
The first dataset is a new dataset (see next item). The second dataset is the open access dataset [36]
presented in the previous section while describing [15].

4. It presents a new dataset featuring phone IMU data which will be made publicly available after the
publication of this manuscript. The detailed description of this dataset can be found in the next section
(Section 3).

5. It evaluates whether IMUs embedded in mid-range smartphones are good enough to recognise outdoor
walking terrains accurately. Compared to custom-built wearable solutions, creating a system that
runs on a smartphone is desirable given its ubiquity in daily use, and there are increasing efforts in
evaluating the reliability and validity of smartphones in gait analysis (e.g., [37]).
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Fig. 1: Data processing workflow. Human silhouettes show device placements (filled squares) in dataset 1 (cyan) and dataset 2
(magenta). Human images show phone placements in datasets 1: the first phone was attached to the lower back using a fixation belt
and phone holder (left image) and the second phone was placed in the front pocket (right image). The IMU placements in dataset 2 is
depicted in Figure 2 in [15]. On the bottom left, an example of raw accelerometer data and its segmentation using sliding window (2 s)
with 50% overlap is shown.

3. Methodology

Figure 1 shows the overall data collection and processing workflow proposed for automatic walking
terrain recognition. Below, each part is described in detail.

3.1. Datasets

3.1.1. Dataset 1
Participants. Twenty four community dwelling young adults (15 males: 30.3 ± 8.8 years, 76.6 ± 14.8 kg,
175 ± 9 cm and 9 females: 26.2 ± 6.7 years, 70.1 ± 8.8 kg, 169 ± 3 cm) voluntarily participated in the study,
including students and staff members studying and working at Aberystwyth University and are residing in
the Ceredigion county, Wales. All participants were healthy with no history of falls or injuries in the past
year and no apparent neurological or chronic condition that could affect their gait or compromise their safety
in free-living walking conditions. The study was approved by the Aberystwyth University Ethics Committee
Board and all experiments were carried out according to the Declaration of Helsinki. Informed consent was
obtained from all participants.

Instrumentation. A custom-built mobile app was used to record data from mobile phone accelerometer
and gyroscope sensors with an average sampling rate of 400 Hz [38]. The app was designed in Android
Studio (API Level 34). Once opened, it lists all available sensors on the phone and allows the user to
select one or more sensors for recording. At the beginning of each recording, the app prompts the user
to enter a unique identifier including participant ID, walking terrain and trial number. The user starts and
stops the recording manually. At the end of the recording, the data from selected sensors are written into
separate .csv files (e.g., acceleromter.csv), which are stored in a zip file named after the unique identifier
(e.g. Participant01_Forest_Trial1). The zip file is uploaded to an online server. If the phone did not have
an internet connection, it is stored temporarily in the phone’s local file store until the internet connection is
re-established.

The experimental data was collected using two Android phones (Google Pixel 4). One phone was placed
around the lower back (close to the L3 vertebra) using a phone holder and a fixation belt. The orientation
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of the phone was such that the phone’s x, y and z axes were corresponding to participants’ vertical, medio-
lateral (from left to right) and forward axes, respectively. The second phone was placed in one of the thigh
pockets (front). This time the orientation of the phone was such that its x, y and z axes were corresponding
to the participants’ medio-lateral, vertical and forward axes, respectively. To reduce motion artefacts at the
lower back, the belt was tightened as much as possible without discomforting the participants; however, the
fixation of the phone in the front pocket was less controlled due to clothing of participants.

Walking terrains. Participants were asked to walk on 10 different terrains located around Aberystwyth town:
i) forest, ii) sandy beach, iii) pavement (width=100 cm), iv) grass (height=5.08 ± 1.5 cm), v) pebble beach,
vi) synthetic rubber running track (width=125 cm), vii) upstairs (stairs width= 60 cm, stairs height=9 cm),
viii) downstairs, ix) uphill (hill slope=20◦) and x) downhill ( (Fig. 2). Despite stairs descent and ascent are
often considered as distinct activities from normal walking (e.g., [39]), we decided to include them because
they are ubiquitous in free-living environments and lead to clearly visible changes in gait which can be
considered as terrain-induced.

We tried to keep all walking experiments as real as possible and did not control for daily variations of
terrain, weather and traffic conditions unless they were considered as safety hazard (e.g., slippery surface).
If environmental conditions were considered unsafe for walking, the data recording session was postponed
to another day and time. As a result, we were able to collect a rich dataset with gait alterations including
corrective movements to avoid puddles or dried leaves on foot paths, more cautious walking on wet surfaces
after rain, slower speeds while walking against the wind or easier walking on wet sand than on dry sand,
and distractions caused by pedestrians walking nearby.

Data Collection. The experimental data were collected over 6 months between July 2021 (mean temp.=-
17◦C) and December 2021 (mean temp.=6◦C). All walking tests were carried out under the supervision
of at least two experimenters. The participants walked (at a preferred speed) back and forth between two
landmarks (orange cone) for one minute. The distance between the landmarks was set to 14-meters allowing
10-meter steady walk after each turn. Additional 2-meters on each side allowed participants to decelerate
and accelerate safely while turning. Each measurement was repeated twice totalling 20 walking trials per
participant (10 terrains × 2 repetitions). During walking trials, sensor data from two mobile phones were
recorded simultaneously, and after quality control inspection, were uploaded to a secure server for offline
data processing. In addition, each trial was filmed using a GoPro camera (240 frames per second). The
video recordings were used to verify the surface and participant id. They also helped us keep track of
external factors that might have affected gait (e.g, leaves and branches on the ground while forest walking).
Note that a subset of this dataset including single phone measurements from limited number of participants
(n=10) were used in [16].

3.1.2. Dataset 2
This open access dataset [35] included walking data from 30 healthy adults (16 males and 14 females,

23.5±4.3 years, 169.3±21.9 cm, and 71.2±14 kg). The participants walked 15 meters on seven different
terrains including: 1) cobblestone pavement, 2) bank left, 3) bank right, 4) stairs up and 5) stairs down, 6)
uphill and 7) downhill. Additional measurements were taken while the participants were standing still. The
participants wore six IMUs: one on the wrist, one on the lower back, two on the thighs, and two on the
shanks. All sensors recorded data at 100 Hz. Each walking/standing experiment was repeated six times.

3.2. Data analysis

All data analysis were performed offline using custom-built Python scripts on a standard laptop (MSI,
Intel Core i7 processor and 16 GB RAM). Unless stated otherwise, both datasets 1 and 2 were analysed
using the same workflow described below.
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Fig. 2: Dataset 1. a. Outdoor walking terrains (close up snapshots): i) forest, ii) sandy beach, iii) pavement, iv) grass, v) pebble beach,
vi) track, vii) upstairs, viii) downstairs, ix) uphill and x) downhill. b. Uphill full snapshot (ix in a). The orange cones, which were
used as landmarks to mark walking path, were pointed. The distance between the inner cones was 10 m and the distance between the
outer cones was 14 m. The fixation belt and phone holder, which were used to attach the phone to lower back of the subject, were
also pointed c. Examples of lower back and front pocket phone data (vertical acceleration) from walking trials in the forest and on the
pebble beach.
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3.2.1. Data preprocessing
The data was first filtered using a 2nd order Butterworth filter with a cutoff frequency of 10 Hz. This

cut-off frequency allowed preserving the dominant frequency and its harmonics in the data. In addition,
the first and last portions of each walking trial were trimmed to exclude portions that were not relevant to
walking (five seconds in dataset 1 and two seconds in dataset 2).

The data was divided into segments using a sliding window with 50% overlap. The impact of segment
length was evaluated systematically starting from 1-second segment length up to 4-second segment length
with 0.5-second increments (seven segment lengths in total). Assuming that on average each step takes half
second [16, 40, 41, 42, 43], the minimum segment length was chosen to ensure that it was long enough to
include at least one gait cycle (i.e., one left and one right step). Similarly, 50% overlap was chosen to ensure
that it generated overlapping segments with alternating gait cycles (e.g., the first segment included first left
and first right steps, the second segment included first right and second left steps, third segment included
second left and second right steps and so on). The maximum segment length was chosen to be consistent
with the existing literature [15, 17].

To evaluate the impact of sampling rate, the data were downsampled from original 400 Hz to 200, 100
and 50 Hz (dataset 1) and from 100 Hz to 50 Hz (dataset 2). This was achieved by averaging consecutive
data points (i.e., in dataset 1 two consecutive points were averaged to reduce the sampling rate to 200 Hz,
four points to 100 Hz and 8 points to 50 Hz, and in dataset 2 two consecutive points were averaged to
reduce the sampling rate to 50 Hz). This approach was preferred over subsampling approach to reduce the
sensitivity of the data processing workflow to outliers.

3.2.2. Feature extraction
All segments were processed to extract the following time and frequency domain features: mean, std,

min, max, median, skew, kurtosis, number of zero crossings, dominant frequency and dominant frequency
amplitude. The feature extraction step generated 60 features per segment (10 features × six sensor channels
including accelerometer and gyroscope x, y and z channels).

3.2.3. Classifier training and testing
Data segmentation and feature extraction steps created a series of two-dimensional sub-datasets which

included extracted features from each segment. The size of each sub-dataset (number of segments × number
of features) was determined by the segment length; the smaller the segment length, the more segments could
be extracted from each walking trial (Table 1).

Table 1: Total number of segments in sub-datasets.

Segment length (s) 1 1.5 2 2.5 3 3.5 4

Dataset 1 31810 25145 19020 14720 11880 9828 8277

Dataset 2 40466 26183 19036 14741 11893 9840 8276

Five canonical machine learning models were employed using Python library scikit-learn: 1) Support
Vector Machine (SVM), 2) Naive Bayes (NB), 3) Decision Tree (DT), 4) Random Forest (RF), and 5) Gradi-
ent Boosting (XGBoost). SVM, NB and DT were trained using default parameters. Hyperparameter tuning
using trial and error method was applied to optimise the performance of the RF and XGBoost classifiers.
The number of trees and maximum depth in the RF was set to 100 and 10, respectively, and the node impu-
rity was determined using the Gini index. The learning rate, booster and maximum dept in XGBoost were
set to 0.3, softmax and 10, respectively.

The analysis of the dataset 1 included 840 experiments investigating the effect of workflow parameters;
i.e., four sampling rates × seven segment lengths × five classifiers × two device positions × three sensor
configurations. Similarly, the analysis of the dataset 2 included 1260 experiments; i.e., two sampling rates ×
seven segment lengths × five classifiers × six device positions × and three sensor configurations (Table 2).
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Table 2: Data processing workflow parameters investigated in this study. IMU position: LB - lower back; FP - front pocket; W - wrist;
LT - left thigh; RT - right thigh; LS - left shin; RS - right shin. IMU sensors: A - accelerometer, G: gyroscope; A+G: accelerometer
and gyroscope data combined.

Parameters Dataset 1 Dataset 2
Sampling rate (Hz) 50, 100, 200, 400 50, 100
Segment length (s) 1, 1.5, 2, 2.5, 3, 3.5, 4 1, 1.5, 2, 2.5, 3, 3.5, 4
Classifiers SVM, NB, DT, RF, XGBoost SVM, NB, DT, RF, XGBoost
IMU position LB, FP LB, W, LT, RT, LS, RS
IMU sensors A, G, A+G A, G, A+G

Each experiment was repeated 10 times with randomized 80%-20% train-test data splits, and results
were reported as the mean of the 10 repetitions and the standard deviation of the mean, unless stated oth-
erwise. For each repetition, the performance of the classifiers were evaluated based on their overall surface
classification accuracy. The accuracy was calculated as the percentage of correctly classified instances: i.e.,
number of correct predictions divided by the total number of predictions and multiplied by 100.

3.2.4. Statistical analysis
The statistical tests were performed using the statistical functions from Python library SciPy and statsmod-

els. The Shapiro-Wilk test was used to evaluate the normality of the performance results. In both datasets,
the null hypothesis was accepted which confirmed that the data were normally distributed (P > 0.1). Hence,
one way analysis of variance (ANOVA) followed by Tukey’s HSD post hoc test were run to compare the
performance of the classifier(s) within and across IMU position at a significance level of 0.05 or lower.

During statistical tests, the accelerometer and gyroscope data were used together, and the sampling rate
and the segment length of each classifier were optimally set (i.e., the lowest sampling rate and segment
length that achieved accuracy that was within 1% of the maximum accuracy among all pairs of sampling
rate and segment length investigated).

In dataset 1, the best performing classifier(s) were further evaluated by visualising their terrain confusion
matrix and by calculating their precision (true positives divided by true positives plus false positives), recall
(true positives divided by true positives plus false negatives) and F1-score (two times precision times recall
divided by precision plus recall).

4. Results

4.1. Dataset 1

4.1.1. Performance of the classifiers
There was statistically significant difference between the performance of the classifiers (ANOVA, P <

0.01) (Fig. 3b), the XGBoost classifier performed significantly better than the NB (45%, Tukey’s HSD,
P < 0.01) and SVM classifiers (30%, Tukey’s HSD, P < 0.01) regardless of the phone position (Fig. 3a).

In general, the classification accuracy of the lower back classifiers were higher than the accuracy of the
front pocket classifiers (although the difference was not statistically significant). The difference between
two phone locations was 3% (for XGBoost and RF classifiers), 2% (for DT), 10% (for SVM) and 14%(for
NB) (Fig 3a).

Given that the XGBoost was the best performing classifier, we had a closer look at its performance
on recognising each walking terrain. The precision, recall and F1-score show that the performance of the
XGBoost classifier was consistent across all terrains (Table 3). All values were above ≥0.9 for lower back
and ≥0.8 for front pocket. On rare occasions, the XGBoost classifier failed to identify the correct class.
Mislabelling occurred between similar terrains, for instance between pebbled and sandy beach, track and
pavement, and uphill and upstairs (e.g., see the confusion matrix presented in Fig. 4).
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Table 3: Performance of the XGBoost classifier. n is to the number of test segments for each terrain.

Surface Lower back Front pocket
n Precision Recall F1-score n Precision Recall F1-score

DownHill 86 0.95 0.96 0.95 65 0.88 0.91 0.91
DownStairs 94 0.98 0.98 0.98 67 0.91 0.96 0.93

Forest 77 0.96 0.94 0.95 71 0.92 0.99 0.95
Grass 113 0.96 0.96 0.96 87 0.95 0.92 0.94

Pavement 118 0.94 0.92 0.93 84 0.89 0.96 0.93
Pebble 111 0.94 0.93 0.94 66 0.97 0.91 0.94
Sand 123 0.93 0.95 0.94 76 0.89 0.93 0.91
Track 106 0.98 0.95 0.97 62 0.93 0.89 0.91
UpHill 97 0.96 0.95 0.95 64 0.89 0.84 0.86

UpStairs 107 0.90 0.96 0.93 53 1.00 0.81 0.90

4.1.2. Effect sampling rate, segment length and sensor configuration
The optimal sampling rate for each classifier was distinct and varied depending on the phone position

(Fig. 3b). In general, the lower back classifiers required a lower sampling rate (≤100 Hz) than the front
pocket classifiers (≥200 Hz). The systematic evaluation of the downsampling effect corroborated this ob-
servation (Fig. 5). The performance of the lower back classifier at 50 Hz was as good as its performance at
400 Hz (Fig. 5a). On the contrary, the performance of the front pocket classifier increased with increasing
sampling rate, the accuracy at 400 Hz was 40% higher than the accuracy at 50 Hz (Fig. 5b).

The optimal segment length for each classifier was also distinct (except for the DT and XGBoost classi-
fiers, Fig. 3b) and varied slightly with the phone position. The highest classification accuracy for the lower
back classifier was achieved when the segment length was set to 2 s (Fig 5a) whereas the highest classifica-
tion accuracy for the front pocket classifier was achieved when the segment length was set to 2.5 s (Fig 5b).
However, the accuracy of the front pocket classifier was equally good when the segment length was set to
2 s, only 1% lower the highest accuracy (Fig 8a). Compared to the minimum segment length tested in the
study (i.e., 1 s), the optimal segment length improved classification accuracy by 3% (lower back) and 4%
(front pocket) (Fig 8a).

Combining accelerometer and gyroscope data improved the performance of the XGBoost classifier but
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not by much (Fig 5). The difference was 3% (accelerometer) and 13% (gyroscope) for the lower back and
4% (accelerometer) and 6% (gyroscope) for the front pocket.

4.2. Dataset 2

4.2.1. Performance of the classifiers
Similar to the dataset 1, there was statistically significant difference between the performance of the

classifiers (ANOVA, P < 0.01). The XGBoost classifier was significantly better than the other four clas-
sifiers regardless of the IMU position (Tukey’s HSD, P < 0.01) (Fig 6a). On average, the difference in
performance was 13% (RF), 25% (DT), 40% (SVM) and 44% (NB).

Different from the dataset 1, there was a notable change in terrain classification accuracy when device
position was considered (Fig. 6b). The difference between the best (lower back) and runner up (shank
and thigh) positions and between the best (lower back) and worst (wrist) positions were 10% and 25%,
respectively.

4.2.2. Effect sampling rate, segment length and sensor configuration
Downsampling to 50 Hz did not have a negative impact on performance, except for the left shank position

where the accuracy dropped by 10% (Fig. 7). In contrast, the segment length had a more profound effect
on performance (Fig. 7). The classification accuracy increased up to 8% when the segment length was set
to 3 s or higher (Fig. 8b). The trend was similar across all IMU positions (accuracy plateauing after 3 s)
suggesting that there was no benefit of varying segment length with the IMU position.

Combining data from accelerometer and gyroscope sensors was beneficial up to a certain extent. The
improvement in performance was 3% (lower back), 3% (wrist), 6% (left thigh), 6% (right thigh), 5% (left
shank) and 2% (right shank). If data from a single sensor were considered, the classifiers using accelerometer
data performed better than the classifiers using gyroscope data at four out of six positions: 13% (lower
back), 14% (wrist), 4% (left shank) and 5% (right shank). For the other two positions, the classifiers using
gyroscope data were better: 5% (left shank) and 2% (right shank).
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5. Discussions

5.1. Key findings

In this study, we investigated whether individuals alter their gait while walking on different terrains
(i.e., terrain-induced gait alterations), and the current IMUs (found in mobile phones and other wearable
devices) are sensitive and accurate enough to detect these alterations robustly. We evaluated the effectiveness
of canonical machine learning classifiers in automatic terrain recognition and whether the minimum data
required to achieve high accuracy vary depending on the IMU position. Five machine learning classifiers
(NB, SVM, DT, RF and XGBoost) were trained and tested using two different datasets. The first dataset
featured phone recordings from 24 participants, whereas the second dataset featured off-the-shelf wearable
device recordings from 30 participants.

The key findings, which were consistent between two datasets, are the following:

1. The XGBoost classifier outperformed the other classifiers (4% in dataset 1 and ≥10% in dataset 2).
2. The IMU position affected the classification accuracy with optimal position being the lower back.

In dataset 1, the difference between lower back and front pocket was marginal (and statistically not
significant). In dataset 2, the lower back was significantly better than the other positions (≥10%).

3. The IMU position also affected the minimum sampling rate required for high classification accuracy.
Higher sampling rate was beneficial for front pocket (dataset 1) and left shank (dataset 2) positions
improving performance by 40% and 10%, respectively.

4. The minimum segment length required for high performance was 2 s in dataset 1 and 3 s in dataset 2.
Optimising segment length for each IMU location resulted in small improvement in accuracy (≤2%).

5. Compared to data from a single sensor, combining accelerometer and gyroscope data improved the
classification accuracy up to 4% in dataset 1 and up to 6% in dataset 2.

5.2. Comparison with previous studies

5.2.1. XGBoost classifier
To the best of our knowledge, this is the first study evaluating the performance of the XGBoost classifier

within the context of walking terrain recognition complementing [17] where authors focused on running ter-
rain recognition. Table 4 compares the performance of the XGBoost classifier to those reported in previous
terrain recognition studies when IMU was placed on the lower back.

In dataset 1, the performance of the XGBoost classifier was notably better than the generalised MLP clas-
sifier (>60%) and approached the performance of the personalised MLP classifiers (<3%) reported in [16].
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However, this comparison is rather inconclusive given that the low performance of the generalised MLP
in [16] could be due to training on fewer participants (10 instead of 24).

In dataset 2, the performance of the XGBoost classifier was better than the Global-LSTM classifier (6%)
reported in [15]. However, this was not the case for other IMU positions where the deep learning classifiers
outperformed the XGBoost classifier by a wide margin: wrist (23%), left shank (17%), right shank (3%),
left thigh (10%) and right thigh (7%). We discuss that this could be related to the feature extraction step
in our data processing workflow. Compared to the deep learning classifiers which had the advantage of
extracting their own features from each IMU position independently, we trained the XGBoost classifiers on
standard time and frequency domain features. It is likely that these features were not good enough to create
precise decision boundaries between terrain classes. To test this hypothesis, we need to re-train the XGBoost
classifier with more complex features (e.g., waveform length, Wilson amplitude and features extracted from
Wavelet decomposition) and see whether its performance approaches to deep learning classifiers.

Previous research has shown that wrist IMUs can successfully differentiate walking from other activities
of daily living (e.g., [44]) and estimate basic gait parameters such as step counts (e.g., [45]). However, they
may fall short detecting settled gait alterations during walking because arm movements are highly variable
among individuals. This may explain the lower performance of the XGBoost classifier at the wrist position.
In addition, it is worth noting that IMUs on the right side had a higher performance than the IMUs on the
left side. (14% - shank and 3% - thigh). We wonder if this could be related to gait symmetry and laterality
of the participants (information which is not reported in the dataset). In normal gait, differences between
the right and left limb movements are not uncommon (see [46] for an extended review), which may become
more apparent while walking on outdoor terrains.

Overall, the superior performance of the XGBoost classifiers is not entirely surprising as previous re-
search on fall risk estimation [47], Parkinson’s gait modelling [48] and post-stroke rehabilitation assess-
ment [49] have shown that XGBoost classifiers can be better at at handling noisy and multi-dimensional
time series data.

5.2.2. New dataset
The complete version of the dataset 1 is presented here for the first time. Compared to the open access

dataset 2, the dataset 1 features four novel outdoor terrains (i.e., grass, forest, sandy beach and pebble beach)
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and one new IMU position (i.e., front pocket). It has a much higher sampling rate, and the walking trials
were recorded using smartphones instead of off-the-shelf custom devices. In contrast, the dataset 2 has more
participants (30 instead of 24) and IMU positions (six instead of two). The datasets 1 and 2 together form
the largest outdoor walking database for wearable gait analysis.

5.3. Trade-off between accuracy and minimum data
Achieving high classification accuracy using as little data as possible is desired for improving battery,

memory and CPU usage. The effect of lowering sampling rate, decreasing segment length, using data from
a single sensor (instead of two) and reducing the number of features extracted from the sensor data are
discussed below.

5.3.1. Sampling rate
Lowering sampling rate did not affect the performance of the IMUs’ placed at the lower back(in both

datasets) and on the wrist, left thigh, right thigh and right shank (in dataset 2). For these locations, the
performance of the XGBoost classifier at 50 Hz was as good as, if not better than, the performance of the
XGBoost classifier at the maximum available sampling rate which was 400 Hz in dataset 1 and 100 Hz in
dataset 2. In these circumstances, lowering sampling rate would result in 8-fold data reduction in dataset
1 and 2-fold reduction in dataset 2. In contrast, it was necessary to use higher sampling rate for IMUs
placed in the front pocket (dataset 1) and on the left shank (dataset 2). In dataset 1, this could be due to
participants’ clothing (e.g., large pockets). When not secured tightly in the pocket (and this was the case
for most participants), phone vibrations would cause high frequency motion artefacts in the data. It is likely
that these artefacts were more prominent while walking on uneven terrains (or while going up and down)
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Table 4: Studies focusing on walking terrain classification. In the Dataset column, the number of participants and the number of
walking terrains are given in parenthesis. Dataset 1∗ used in [16] is a subset of the dataset 1 used in this study. Also note that dataset 3
investigated gait alterations during running instead of walking (still included in the table for comparison). In the Approach column, we
describe how classifiers were trained and tested: generalised (one classifier for all participants) and personalised (a separate classifier
for each participant). Note that the table includes results only from the lower back as this was the only in common device position
across all studies.

Study Dataset Activity Approach Classifier Accuracy

This study 1 (24,10) Walking Generalised XGBoost 94%

2 (30,7) Walking Generalised XGBoost 90%

[16] 1∗ (10,10) Walking Personalised MLP 97%

1∗ (10,10) Walking Generalised MLP 28%

[15] 2 (30,7) Walking Generalised Global-
LSTM

84%

[17] 3 (29,3) Running Generalised XGBoost 94%

providing salient cues to differentiate between terrains. In dataset 2, it was surprising that higher sampling
was only necessary for the IMU placed on the left shank and not on both sides (or vice versa), which could
be due to the laterality of the participants.

5.3.2. Segment length
In contrast to the sampling rate, the minimum segment length required for successful terrain classifica-

tion did not change with the IMU position. We observed that in genreal the analysis of the dataset 2 required
longer segment lengths than the analysis of the dataset 1. This could be due to the IMU sensors used in the
study or walking speed of the participants (although there is no evidence for either of these postulations).
We speculate that increasing segment length would be beneficial in scenarios when sensor measurements
are noisy (i.e., low signal to noise ratio) or when people are walking at a slower pace so that key signatures
in the data can still be captured with high fidelity.
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5.3.3. Sensor configuration
Our findings suggest that combining data from accelerometer and gyroscope sensors would slightly

improve the classification accuracy regardless of the device location. However, this improvement came at
the cost of doubling the amount of sensor data. When combined with other data sampling parameters (e.g.,
sampling rate), recording data from only one sensor could drastically reduce the amount of data without
dropping accuracy. For instance, in dataset 1, the performance of the lower back XGBoost classifier using
accelerometer data at 50 Hz (i.e., minimal model) was still above 90%, and it was only 3% lower than the
performance of the XGBoost classifier using both accelerometer and gyroscope data at 400 Hz (i.e., full
model). Yet, the minimal model required 16 times less data than the full model. To put this into perspective,
the memory requirement for a minute long recording using 8-byte double data type would be 72 MB for the
minimal model and 1.2 GB for the full model. In addition, the size of the minimal XGBoost model was 38%
smaller than the size of the full model (2.3 MB ≤ 3.9 MB). Similarly, in dataset 2 the performance of the
lower back XGBoost classifier using accelerometer data at 50 Hz was only 2% lower than the performance
of the XGBoost classifier using both accelerometer and gyroscope data at 100 Hz. In this case, the data
reduction was four times.

5.3.4. Feature selection
The preliminary results from our initial investigation suggest that the size of the machine learning clas-

sifiers could be further reduced using feature selection. For instance, in dataset 1 (lower back data, segment
duration: 2 s, sampling rate: 400Hz), the accuracy of the XGBoost models with 12 features (selected using
recursive feature elimination method from Python’s Scikit-learn library) were only 7% (sensor configura-
tion: a+g), 11% (a) and 7% (g) lower than the accuracy of the models with complete feature set. It is also
worth noting that we may not need to record data from all three accelerometer channels. For instance, the 12
features mentioned above were calculated from accelerometer x and z channels which were mostly sensitive
to movements along longitudinal (vertical) and anterior-posterior (forward) axes, respectively.

Our findings are inline with previous studies which showed that sampling rate, segment length and
sensor configuration affect the performance of accelerometer-based human activity recognition systems.
Khan et al. [26] used a statistical approach to determine the optimal sampling rate for a wrist-worn ac-
celerometer during human activity recognition. They lowered the sampling rate until the distribution of the
downsampled data deviated from the reference distribution at the original sampling rate. Their analysis on
six different datasets showed that 50 Hz is more than enough to differentiate between the activities of daily
living such as walking, sitting, going upstairs, playing soccer and vacuuming and detect gait abnormalities
such as freeze (up to 10-fold data reduction was achieved through this process). Fida-et-al [50] evaluated the
performance of the waist-worn accelerometer when segment length was varied between 0.5 s and 3 s with
0.5 s increments, and showed that 1.5 s was sufficient to achieve 90% classification accuracy recognising
activities of daily living and transitions from one activity to another. Jain and Kanhadgan [51] investigated
the importance of combining data from accelerometer and gyroscope in smartphone-based human activity
recognition system which employed a data processing pipeline similar to ours shown in Figure 1. They
showed that sensor fusion improved classification accuracy by 4%. They also showed that combining time
and frequency domain features was beneficial.

5.4. Importance of device position

Our findings suggest that outdoor walking terrain classification using IMU data is possible but perfor-
mance may vary depending on the IMU position. In a way this is not surprising given than human gait is
complex and three-dimensional with each body segment playing a different role (e.g., arm movements for
maintaining stability and shank/thigh movements for controlling ankle) [52, 53]. In addition, previous hill
walking studies report that lower limb joint angles vary depending on the slope and walking speed [54, 55],
suggesting key features contributing to terrain classification may be different for each IMU position.

The IMUs placed at the lower back was closer to the centre of mass, and the data recorded from its
sensors were more symmetric (i.e., right and left steps produced similar acceleration and velocity profiles).
The peaks and troughs in the forward acceleration were closely aligned with step-related temporal gait
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parameters (i.e., heel strike and toe-off time points). It was also possible to differentiate between right and
left steps by analysing the angular velocity along the vertical axis which were correlated to clockwise (left
step) and anticlockwise (right step) hip rotations. On the other hand, the IMUs placed in the front pocket
and lower limbs were more sensitive to the ipsi-lateral side than the contra-lateral side. Hence, the data were
less symmetric (i.e., the steps on the ipsi-lateral side generating larger acceleration and velocity amplitudes).
While the angular velocity around the medio-lateral axis was less informative in the lower back data, it was
highly correlated with the leg swings in the front pocket and thigh data.

5.5. Terrain-induced gait alterations

The inspection of the GoPro videos in dataset 1 gave some insight into terrain-induced gait alterations.
The participants had higher speed and took longer steps while walking downhill (and going down the stairs)
than while walking uphill (and climbing up the stairs). They exhibited more corrective movements, while
walking on the pebble beach, which resulted in smaller steps, side-stepping and reduced speed. This was
presumably to maintain balance. Similarly, the participants had to exert more energy while walking on dry
sand because of reduced ground reaction forces (due to the movement of the sand granules). As a result
of this, they walked slower and their gait mechanics changed (e.g., back arching forward and increased
foot-ground contact time). These changes were not present in participants walking on the compact sand few
hours after high tide.

It is known that cognitive loading also affects gait kinematics [56]. It is possible that some of the
gait changes observed in our study were induced by cognitive-motor interference [57]. For instance, the
experiments involving uphill and downhill walking were performed in a relatively busier area of the town,
and some participants got distracted by the passing pedestrians, dog walkers and cyclists (even though
their paths did not cross). In addition, the participants walking along the forest spent more time looking
at the ground presumably to avoid bumps, logs, branches, rocks and holes at varying size and dimensions.
Similarly, the participants had to constantly watch where they step while walking on the pebble beach (e.g.,
to identify stable rocks with large surface area). In all these scenarios, it was most-likely that walking was
less automatic and required executive decision making inducing gait alterations.

5.6. Potential applications

The study paves the way for automatic assessment of outdoor walking using mobile phone and other
wearable devices. This system can be used in health and community care as an early warning system (ab-
normal walking may be indicative of injury or neurological movement disorders), an outcome measure (to
measure quality of life and independence) or a progress monitoring tool (during and after interventions).
It can also be used for designing better footwear and assistive walking devices, and in urban planning to
prevent falls by creating safer walking paths especially for children and older populations. In this context,
irregular behaviour in temporal and spatial gait parameters may be indicative of surface degradation or pot-
holes). Finally, it can be used to detect terrain transitions and provide sensory feedback to control assistive
walking devices (e.g., exoskeletons, orthotic and prosthetic devices [58]).

5.7. Limitations and future work

Both datasets 1 and 2 include recordings from young, healthy and well-rested adults. These recordings
were also made in a relatively controlled setting where the participants were given clear instructions at the
beginning of the walking trials, and they were asked to walk at a steady pace. To expand our analysis, we
have started collecting data from older adults and participants with impaired walking abilities. Some of these
recordings are taking place in our research laboratory to study gait alterations during unsteady walking [38],
and some in more natural settings such as clinics, households and supermarkets. In particular, we are
interested in neurological gait disorders (e.g., hemiplegic and Parkinsonian gait) and their rehabilitation and
management using an integrated approach [5].

The proposed approach recognises walking environment indirectly from gait alterations associated with
adaptations to terrain. When a change in gait pattern is detected, it cannot differentiate whether this is a
terrain-induced change, pathological (e.g., injury or disease) or due to some other reasons (e.g., footwear).
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This is a limitation considering alternative methods (e.g., vision based methods) capturing walking terrain
directly (e.g., [59]). One approach to circumvent this issue would be GPS verification or user prompting to
acquire location data. However, this approach may not be sufficient to detect terrain differences within the
same geographical location.

The data analysis workflow included canonical machine learning classifiers trained on low level, hand-
crafted features. The workflow can be improved in several ways: for instance, expanding feature set or using
deep learning models to extract features from the raw data automatically. In particular, we are interested in
features that combine information from multiple channels and sensors.

We are working on terrain-aware parameter tuning for accurate estimation of temporal and spatial gait
parameters in outdoor environments. In [16], we demonstrated the utility of this approach by improving step
time estimation up to 40%. Next step is to expand our analysis to other gait parameters including swing to
stance ratio and symmetry between left and right sides of the body.

Finally, we acknowledge that for the most part our interpretation of the experimental results are spec-
ulative as we still lack a theoretical understanding of the neural, physiological and physical mechanisms
governing terrain-induced gait alterations.

6. Conclusion

In this study, we focused on automatic walking terrain recognition in free-living environments. We
presented a data processing workflow for analysing data from a single IMU, and evaluated the performance
of five canonical machine learning classifiers under different data sampling configurations. Our results
from two independent datasets showed that both accuracy and minimum data requirements vary with IMU
position, and choosing correct data sampling parameters can improve classification accuracy up to 40 or
reduce data size by 16 times. Additionally, the scarcity of benchmark datasets for outdoor walking terrain
classification and gait analysis is a pressing issue in the field. To address this need to some extent, we
introduce a new dataset that includes smartphone measurements from 24 participants walking on 10 different
outdoor terrains.
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limb joint angles and their variability during uphill walking. Gait & Posture, 90:434–440, 2021.

[56] D Burtan, K Joyce, JF Burn, TC Handy, S Ho, and U Leonards. The nature effect in motion: visual exposure to environmental
scenes impacts cognitive load and human gait kinematics. Royal Society open science, 8(1):201100, 2021.

[57] Renee Veldkamp, Mieke Goetschalckx, Hanneke E Hulst, Alice Nieuwboer, Kathleen Grieten, Ilse Baert, Carmela Leone, Lousin
Moumdjian, and Peter Feys. Cognitive–motor interference in individuals with a neurologic disorder: a systematic review of neural
correlates. Cognitive and Behavioral Neurology, 34(2):79–95, 2021.

[58] Rui Moura Coelho, Joao Gouveia, Miguel Ayala Botto, Hermano Igo Krebs, and Jorge Martins. Real-time walking gait terrain
classification from foot-mounted inertial measurement unit using convolutional long short-term memory neural network. Expert
Systems with Applications, 203:117306, 2022.

[59] Mina Nouredanesh, Alan Godfrey, Dylan Powell, and James Tung. Egocentric vision-based detection of surfaces: towards
context-aware free-living digital biomarkers for gait and fall risk assessment. Journal of neuroengineering and rehabilitation,
19(1):79, 2022.


