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Abstract 

Efficient management of kerbside loading spaces in central business districts is critical for optimising urban freight operations 

and reducing traffic congestion and emissions. Providing information on loading bay availability and expected waiting times 

for vacant bays can inform couriers’ delivery planning and reduce cruising time for parking. In this paper, we develop a 

prediction framework with a suite of models for predicting availability and waiting time, integrating non-homogeneous Poisson 

processes for modelling vehicle arrivals, Coxian phase-type distributions for modelling waiting time, and machine learning 

classifiers for predicting availability. These predictive models are designed to operate under both real-time and sensor-latency 

conditions, providing capabilities that can be integrated into IT-based freight distribution platforms. We validate the framework 

using in-ground sensor data from Melbourne’s central business district, a dense commercial and tourist area, across both 

individual loading zones and loading zone clusters. Real-time evaluations demonstrate the framework's ability to accurately 

predict both bay availability probabilities and expected waiting durations, supporting data-driven decision-making tools for 

urban freight operations. These predictive models provide logistics operators and urban planners with tools to make better 

routing decisions and allocate kerb space more effectively, improving the efficiency of urban freight distribution and loading 

zone utilisation. 

Keywords: Loading zone; last mile delivery, Coxian phase-type distribution, non-homogeneous Poisson process, machine 

learning, predictive model. 

1 Introduction 

Urban freight delivery systems face increasing challenges due to intensified competition for limited kerb space. 

Loading zones (LZs), designated areas for commercial vehicle loading and unloading, are essential infrastructure 

supporting last-mile delivery operations; however, their utilisation is highly variable and difficult to predict 

(Vuchic, 1999). This uncertainty causes unnecessary search time, delivery delays, illegal parking, and local 

congestion, resulting in significant economic and environmental costs (Dablanc, 2007). Research on loading zone 

management has evolved from survey-based analyses to real-time predictive modelling. Earlier studies applied 

statistical distributions such as negative binomial and Weibull to identify temporal patterns of truck parking 

demand (Kalahasthi et al., 2022) and conducted establishment-level surveys to examine relationships among land 

use, freight demand, and dwell time factors, including building attributes and vehicle types (Holguín-Veras et al., 

2016; Kim et al., 2021). Recent studies have demonstrated that real-time information on kerb availability reduces 

cruising distance and time for courier services (Chiara et al., 2022). Machine learning (ML) models have become 

effective tools, with ensemble methods such as CatBoost, XGBoost, and Random Forest applied to analyse 

occupancy factors (Castrellon et al., 2023; Provoost & Kamilaris, 2020), and deep learning techniques, including 

long short-term memory (LSTM) and gated recurrent unit (GRU), employed to capture temporal dependencies in 

bay availability (Lyu et al., 2024; Martinez, Linares, and Casanovas, 2020). Nevertheless, most studies have 

examined arrival patterns or dwell times independently (Jain et al.,2024; Ogulenko et al., 2022), and none 

simultaneously produce bay-level availability probabilities alongside conditional expected waiting times derived 

from the same sensor data. 

This study addresses the identified gap by developing a loading zone prediction (LZP) framework consisting of 

two models. The first model uses a machine learning classifier to predict bay availability at a given time. The 
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second model estimates the expected waiting time when a bay is occupied, employing a Coxian phase-type 

distribution via the mean residual life (MRL) function. The framework incorporates a non-homogeneous Poisson 

process (NHPP) to capture time-varying arrival patterns and benchmarks the Coxian approach against multiple 

regression models from machine learning and deep learning. Because waiting times are not directly recorded by 

sensors, they are inferred from a tagged-driver simulation using observed arrival and departure records. Validation 

uses sensor data from Melbourne's central business district across individual and clustered bays, with evaluation 

conducted in both offline and real-time scenarios, including conditions with sensor data latency. 

2 Loading Zone Usage Data in Melbourne 

This study utilises publicly available on-street parking data from in-ground sensors in Melbourne's central 

business district (CBD) for the full calendar year from January to December 2019 (City of Melbourne, 2019), 

which record vehicle arrival and departure timestamps every two minutes. We define a “loading bay” as a single 

designated space and a “cluster” as a group of spatially clustered bays. Our analysis is restricted to the commercial 

operating hours of 07:30–18:30, excluding dwell times under 2 minutes or over 4 hours as outliers, while explicitly 

accounting for the sensor’s two-minute registration latency in our methodology. As summarized in Table 1, the 

dwell times exhibit a strongly right-skewed distribution; the standard deviation exceeds the mean because a 

minority of exceptionally long durations significantly inflates the average despite the vast majority of stays being 

short. Finally, to examine trends in vehicle turnover, waiting times, and occupancy rates, we aggregated the data 

into 30- and 60-minute time bins. 
Table 1. Summary statistics of the dataset. 

Statistic Value   Statistic   Value  

No. of arrivals   1,246,898   Min duration   2.00 min  
No. of bays   257  25th percentile   6.00 min  

 Mean   20.26 min   Median   13.00 min  

 Std. Dev.   27.88 min  75th percentile   28.00 min  
Skewness   3.327  95th percentile   70.00 min  

Kurtosis   14.456   Max duration   240.00 min  

3 Methodology 

This section explains the methods used to predict loading bay availability and driver waiting times. Availability 

refers to whether a single bay (or at least one bay in a cluster) is vacant upon arrival. Waiting time is the duration 

a driver must wait until a bay becomes available. A key data limitation is that the sensor records only vehicle arrival 

and departure timestamps, not the drivers' queueing times. To address this and generate ground-truth waiting times, 

we design a tagged driver simulation. We model vehicle inter-arrival patterns using an NHPP to capture time-

varying arrival rates, while dwell times are modelled using a Coxian phase-type distribution fitted to observed 

sensor data. For each simulated arrival, the model checks the bay occupancy status; if all relevant bays are occupied, 

the waiting time is calculated as the time difference between the tagged driver's arrival and the next earliest 

departure event. 

The LZP framework consists of models to predict bay availability and waiting times. We predict bay availability 

using statistical methods and ML classification models, specifically support vector classifier (SVC) and LightGBM 

(Ke et al., 2017). When a bay is predicted to be occupied, we estimate the expected waiting time using a statistical 

model based on Coxian phase-type distributions, benchmarked against ML and deep learning regression models. 

We evaluate the framework across both individual loading zones and cluster configurations under two scenarios: 

• S1 with historical data: The driver plans a future visit with no access to live sensor data. Availability 

and expected waiting time are predicted solely from historical patterns. 

• S2 with real-time sensor latency: While en route, the driver reads live sensor data at time 𝑡1(the reading 

time) and plans to arrive at 𝑡2 > 𝑡1. The sensor carries a latency of 𝛿 ≥ 0 minutes, meaning the data read 

at 𝑡1 reflects the true bay state at 𝑡1 − 𝛿. This gives rise to two cases: case A (bay occupied), the sensor 

confirms occupation began at 𝑡0 < 𝑡1 − 𝛿. In this case, the confirmed elapsed occupation is 𝜏 = (𝑡1 −
𝛿) − 𝑡0; in case B (bay free), the bay was unoccupied at 𝑡1 − 𝛿. The uncertainty window, the interval 

from the last state to the planned arrival, has duration Δ = 𝑡2 − (𝑡1 − 𝛿). The special case 𝛿 = 0 

corresponds to zero sensor delay (that is, instantaneous data), giving 𝜏 = 𝑡1 − 𝑡0 and Δ = 𝑡2 − 𝑡1. 

3.1 Statistical models 

We model vehicle arrivals as an NHPP with a piecewise-constant intensity function to capture time-varying 

demand. Let 𝑡 denote continuous time within the operating window (07:30–18:30) and let 𝐾 denote the number of 

equal-length time bins partitioning this window. Within bin 𝑘 = 1,2, . . . , 𝐾, the arrival rate 𝜆𝑘 > 0 (vehicles per 

minute) is assumed constant and estimated as the mean observed arrivals in that bin across all weekdays, that is, 

𝜆(𝑡) = 𝜆𝑘,  𝑡 ∈ [𝑡𝑘−1,  𝑡𝑘), 𝑘 = 1,2, . . . , 𝐾. (1) 
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Let Λ(𝑡) = ∫ 𝜆
𝑡

0
(𝑠) 𝑑𝑠 denote the cumulative mean of arrivals up to time 𝑡. The total arrival count satisfies 𝑁(𝑡) ∼

Poisson(Λ(𝑡)), and for any sub-interval [𝑎, 𝑏], the number of arrivals 𝑁(𝑏) − 𝑁(𝑎), follows a Poisson distribution 

with mean Λ(𝑏) − Λ(𝑎). 

The Coxian distribution (Cox, 1955; Neuts, 1975; Fackrell, 2009) models the absorption time of a continuous-

time Markov chain, with one absorbing state, progressing linearly through 𝑚 > 0 transient states. From state 𝑖, the 

chain transitions to the state 𝑖 + 1 at the forward rate 𝜆𝑖 > 0 or is absorbed (exits) at a rate 𝜇𝑖 > 0, reducing the 

size of the parameter space to (2𝑚 − 1) compared to a general phase-type distribution. The distribution is fully 

specified by the initial probability vector 𝜶 = (1,0, … ,0) — meaning the chain always starts in state 1 — and the 

sub-generator matrix 𝑸, with entries 𝑞𝑖,𝑖+1 = 𝜆𝑖 and 𝑞𝑖,𝑚+1 = 𝜇𝑖. The resulting probability density function is 

𝑓𝑆(𝑡) = 𝜶 𝑒𝑸𝑡  𝒒,   𝒒 = −𝑸𝟏, (2) 

where 𝒒 is the exit rate vector and 𝟏 is a column vector of ones. The number of phases 𝑚 is selected by fitting 

models with increasing 𝑚 and choosing the smallest value for which AIC and BIC cease to improve. We estimate 

parameters (𝜆𝑖 , 𝜇𝑖) using the expectation-maximisation (EM) algorithm (Dempster, Laird, Rubin, 1977), iterated 

until the log-likelihood improvement falls below 10−3. The first two moments, used in subsequent calculations, 

are computed from the Coxian parameters as 

𝔼[𝑆] = −𝜶 𝑸−1𝟏,   𝔼[𝑆2] = 2 𝜶 𝑸−2𝟏. (3) 

We employ Coxian phase-type distributions for two distinct modelling purposes. Where 𝛼 = (1,0, … ,0) is the 

initial probability vector and 𝑄 denotes the sub-generator matrix encoding transition and absorption rates: 

1. Dwell-time modelling: The dwell-time random variable 𝑆𝐷 — the duration any parked vehicle 

physically occupies the bay — is modelled as 𝑆𝐷 ∼ Coxian(𝜶, 𝑸𝐷). Where 𝑸𝐷 is the sub-generator 

matrix of the Coxian distribution fitted to observed parking durations from sensor data. 

2. Waiting-time modelling: The waiting-time random variable 𝑆𝑊 — the time a driver must wait when 

finding the bay occupied on arrival — is modelled as 𝑆𝑊 ∼ Coxian(𝜶, 𝑸𝑊), where 𝑸𝑊 is the sub-

generator matrix fitted to synthetic waiting durations from the tagged driver simulation. 

S1. Historical prediction 

We now use time-dependent 𝑀(𝑡)/𝐺/𝑐 queueing models to predict bay availability and waiting time at a future 

time 𝑡 using historical data. Let 𝑐 denotes the number of parallel loading bays and 𝐷‾ = 𝔼[𝑆𝐷] the mean dwell time. 

For a cluster (𝑐 > 1), we assume homogeneous bays, meaning 𝑆𝐷 is fitted to the pooled dwell times of all bays in 

the cluster. The time-varying occupancy rate, that is, the offered load per server, is 

𝜌(𝑡) = 𝑚𝑖𝑛 (1, 
𝜆(𝑡) ⋅ 𝐷‾

𝑐
) . (4) 

A single bay (C1) is modelled as an 𝑀(𝑡)/𝐺/1 queue, and then the probability that it is occupied is estimated by 

𝑃(occupied at 𝑡) ≈ 𝜌(𝑡). (5) 

Bay cluster (C2) is modelled as an 𝑀(𝑡)/𝐺/𝑐 queue; the Erlang-C formula gives the probability that all 𝑐 bays are 

simultaneously occupied, that is, 

𝑃(all occupied at 𝑡) ≈

(𝑐 𝜌)𝑐

𝑐!
⋅

1
1 − 𝜌

∑
(𝑐 𝜌)𝑘

𝑘!
𝑐−1
𝑘=0 +

(𝑐 𝜌)𝑐

𝑐!
⋅

1
1 − 𝜌

,   𝜌 = 𝜌(𝑡). (6) 

The inspection paradox (Ross, 2019) states that a driver arriving at a random point during an ongoing occupation 

is more likely to arrive during a long stay than a short one; thus, the expected residual stay exceeds the mean dwell 

time. Let, 𝑊𝑡 denote the random waiting time experienced by a driver arriving at time t. The expected waiting time 

𝔼[𝑊𝑡] combines occupancy probability with the residual dwell time, that is, 

𝔼[𝑊𝑡] = ℙ(occupied at 𝑡) ×
𝔼[𝑆𝐷

2]

2 𝔼[𝑆𝐷]
. (7) 

S2. Real-time prediction 

The real-time scenario partitions into two cases depending on whether the sensor confirms the bay is occupied 

or free at time 𝑡1 − 𝛿. We introduce the following notation to model the bay-state evolution over the uncertainty 

window [𝑡1 − 𝛿, 𝑡2]. Let 𝐹𝑆𝐷
(⋅) denote the cumulative distribution function (CDF) of the dwell-time random 
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variable 𝑆𝐷, 𝐹‾𝑆𝐷
(⋅) = 1 − 𝐹𝑆𝐷

(⋅) its survival function, and 𝑓𝑆𝐷
(⋅) its probability density function (PDF); each 

vehicle entering the bay draws an independent dwell time from 𝑆𝐷. Let 𝑠 ∈ [𝑡1 − 𝛿, 𝑡2] denote the departure time 

of the vehicle currently occupying the bay at 𝑡1 − 𝛿 (integration variable). Let 𝑟 ∈ [𝑠,  𝑡2] denote the arrival time 

of the next vehicle to enter after that departure (integration variable). Let 𝑢 denote a generic dummy variable of 

integration within inner integrals. Let 𝑊 denote the random waiting time experienced by the driver who is 

expecting to arrive at time 𝑡2.  

Case A: Sensor confirms bay is occupied at reading time 

Assuming the bay has been occupied since 𝑡0 < 𝑡1 − 𝛿, the confirmed elapsed occupation is 𝜏 = (𝑡1 − 𝛿) − 𝑡0. 
The following mutually exclusive probabilities partition the event space: 

Scenario 1 — Bay is continuously occupied until arrival. 

The vehicle currently occupying the bay at 𝑡1 − 𝛿 remains present throughout [𝑡1 − 𝛿, 𝑡2], the probability is 

𝑃1 =
𝐹‾𝑆𝐷

(𝜏 + 𝛥)

𝐹‾𝑆𝐷
(𝜏)

. (8) 

Scenario 2 — Current vehicle departs; no subsequent arrival before 𝒕𝟐. 

The current occupying vehicle departs at some time 𝑠 ∈ [𝑡1 − 𝛿, 𝑡2] and no new vehicle arrives in [𝑠,  𝑡2], so 

the bay is free at 𝑡2. The factor exp (− ∫ 𝜆
𝑡2

𝑠
(𝑢) 𝑑𝑢) is the probability of zero NHPP arrivals in [𝑠,  𝑡2], therefore, 

P2 = ∫
𝑓𝑆𝐷

(𝑠 − 𝑡0)

𝐹‾𝑆𝐷
(𝜏)

𝑡2

𝑡1−𝛿

⋅ exp (− ∫ 𝜆
𝑡2

𝑠

(𝑢) 𝑑𝑢)  𝑑𝑠. (9) 

Scenario 3 — Current vehicle departs; exactly one subsequent arrival occupies bay at 𝒕𝟐. 

The current occupying vehicle departs at 𝑠 ∈ [𝑡1 − 𝛿, 𝑡2], the next vehicle arrives at 𝑟 ∈ [𝑠,  𝑡2] with 

instantaneous rate 𝜆(𝑟), with no other arrival in [𝑠,  𝑟]; and this next vehicle has not yet departed at 𝑡2 (with 

probability 𝐹‾𝑆𝐷
(𝑡2 − 𝑟)), yielding 

P3 = ∫
𝑓𝑆𝐷

(𝑠 − 𝑡0)

𝐹‾𝑆𝐷
(𝜏)

𝑡2

𝑡1−𝛿

∫ 𝜆
𝑡2

𝑠

(𝑟) exp (− ∫ 𝜆
𝑟

𝑠

(𝑢) 𝑑𝑢) 𝐹‾𝑆𝐷
(𝑡2 − 𝑟) 𝑑𝑟 𝑑𝑠. (10) 

Scenario 4 — Current vehicle departs; next arriving vehicle also departs before 𝒕𝟐, bay free. 

As Scenario 3, but the next arriving vehicle also departs before 𝑡2 (probability 𝐹𝑆𝐷
(𝑡2 − 𝑟)) and no further 

vehicle arrives in [𝑟,  𝑡2], that is, 

𝑃4 = ∫
𝑓𝑆𝐷

(𝑠 − 𝑡0)

𝐹‾𝑆𝐷
(𝜏)

× ∫ 𝜆
𝑡2

𝑠

(𝑟) exp (− ∫ 𝜆
𝑟

𝑠

(𝑢) 𝑑𝑢) 𝐹𝑆𝐷
(𝑡2 − 𝑟) exp (− ∫ 𝜆

𝑡2

𝑟

(𝑢) 𝑑𝑢)  𝑑𝑟 𝑑𝑠.
𝑡2

𝑡1−𝛿

(11) 

Scenario 5 — Multiple turnovers; bay occupied at 𝒕𝟐. 

The complement of Scenarios 1–4: the currently occupying vehicle departs, and two or more subsequent 

vehicles arrive before 𝑡2, with the bay occupied at 𝑡2, that is 

𝑃5 = 1 − (𝑃1 + 𝑃2 + 𝑃3 + 𝑃4). (12) 

The probability that the bay is occupied at the driver’s arrival time 𝑡2, and its complement that it is free, are 

𝑃occupied = 𝑃1 + 𝑃3 + 𝑃5, (13) 

𝑃free = 𝑃2 + 𝑃4. (14) 

The expected waiting time 𝔼[𝑊] is a scenario-weighted sum of residual dwell times. Let 𝑀𝑅𝐿𝑆𝐷
(𝑎) denote the 

mean residual life of 𝑆𝐷 at elapsed occupancy time 𝑎 ≥ 0, that is, the expected remaining dwell time given the 

vehicle has already been present for 𝑎 minutes, 

𝑀𝑅𝐿𝑆𝐷
(𝑎) =

∫ 𝐹‾𝑆𝐷

∞

𝑎
(𝑥) 𝑑𝑥

𝐹‾𝑆𝐷
(𝑎)

. (15) 

Under Scenario 1, the driver waits for the residual dwell time of the current occupying vehicle, which has been 

present for 𝜏 + Δ minutes by time 𝑡2. Under Scenario 3, the driver waits for the residual dwell time of the next 

arriving vehicle, weighted by its possible arrival time 𝑟. Under Scenario 5, the expected waiting time is 

approximated by 𝔼[𝑆𝑊], the mean of the fitted waiting-time distribution. The expected waiting time is then 

𝔼[𝑊|𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑] =
𝑃1

𝑃occupied

⋅ 𝑀𝑅𝐿𝑆𝐷
(𝜏 + 𝛥) +

𝑃3

𝑃occupied

⋅ 𝔼𝑟[𝑀𝑅𝐿𝑆𝐷
(𝑡2 − 𝑟) ∣ ℰ3] +

𝑃5

𝑃occupied

⋅ 𝔼[𝑆𝑊], (16) 
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where ℰ3 denotes the event corresponding to Scenario 3, the P3-weighted conditional expectation of the residual 

dwell time of the next arriving vehicle over its arrival time 𝑟 is 

𝔼𝑟[𝑀𝑅𝐿𝑆𝐷
(𝑡2 − 𝑟) ∣ ℰ3] =

1

𝑃3

∫
𝑓𝑆𝐷

(𝑠 − 𝑡0)

𝐹‾𝑆𝐷
(𝜏)

𝑡2

𝑡1−𝛿

 × ∫ 𝜆
𝑡2

𝑠

(𝑟) 𝑒𝑥𝑝 (− ∫ 𝜆
𝑟

𝑠

(𝑢) 𝑑𝑢) 𝐹‾𝑆𝐷
(𝑡2 − 𝑟) 𝑀𝑅𝐿𝑆𝐷

(𝑡2 − 𝑟) 𝑑𝑟 𝑑𝑠.

(17) 

Case B: Sensor confirms bay is free at reading time 

If the sensor data at 𝑡1 confirms the bay was free at 𝑡1 − 𝛿, there is no current occupying vehicle to track. The 

uncertainty window begins with an empty bay, and occupancy at 𝑡2 depends entirely on new arrivals. We define 

four exhaustive and mutually exclusive scenarios for the free-state case. 

Scenario F1 –The probability that no vehicles arrive during the uncertainty window [𝑡1 − 𝛿, 𝑡2], 

 𝑄1 = 𝑒xp (− ∫ 𝜆
𝑟

𝑠

(𝑢) 𝑑𝑢) . (18) 

Scenario F2 –The probability that exactly one vehicle arrives at 𝑟 ∈ [𝑡1 − 𝛿, 𝑡2] and its dwell time exceeds 𝑡2 −
𝑟, 

𝑄2 = ∫ 𝜆(𝑟)
𝑡2

𝑡1−𝛿

 𝑒𝑥𝑝 (− ∫ 𝜆(𝑢)
𝑟

𝑡1−𝛿

 𝑑𝑢) 𝐹‾𝑆𝐷
(𝑡2 − 𝑟) 𝑑𝑟. (19) 

Scenario F3 – The probability that exactly one vehicle arrives at 𝑟 ∈ [𝑡1 − 𝛿, 𝑡2] , departs before 𝑡2, and no 

further vehicle arrives,  

𝑄3 = ∫ 𝜆(𝑟)
𝑡2

𝑡1−𝛿

𝑒𝑥𝑝 (− ∫ 𝜆(𝑢)
𝑟

𝑡1−𝛿

 𝑑𝑢) 𝐹𝑆𝐷
(𝑡2 − 𝑟) 𝑒𝑥𝑝 (− ∫ 𝜆(𝑢)

𝑡2

𝑟

 𝑑𝑢) 𝑑𝑟. (20) 

Scenario F4 – Multiple turnovers, bay occupied at 𝑡2. The complement of scenarios F1-F3, 

𝑄4 = 1 − (𝑄1 + 𝑄2 + 𝑄3). (21) 

Following the notation established previously, the probability of the bay being occupied at the driver’s arrival 

time 𝑡2, given it was free at 𝑡1 − 𝛿, is 

𝑃occupied∣free = 𝑄2 + 𝑄4. (22) 

The expected waiting time, conditioned on the bay being free at reading time, combines the residual life of the 

arrival in 𝐹2 with the mean synthetic waiting time 𝔼[𝑆𝑊] for F4 is 

𝔼[ 𝑊 ∣ free ] =
𝑄2

𝑃occupied∣free

⋅ 𝔼𝑟[MRL𝑆𝐷
(𝑡2 − 𝑟) ∣ ℰ𝐹2] +

𝑄4

𝑃occupied∣free

⋅ 𝔼[𝑆𝑊]. (23) 

3.2 Machine learning models 

We applied ML and deep learning models to estimate bay availability and waiting times. For immediate bay 

availability, LightGBM and SVC produced availability probabilities. For the waiting time, we used regression 

models including Random Forest, Extra Trees, XGBoost, LightGBM, two deep neural networks (PyTorch and 

TensorFlow), and a Stacking Ensemble that combines base-learner predictions (Géron, 2022; Awan et al., 2020). 

All models utilise a shared feature set including sine-cosine encodings of hour-of-day ℎ and day-of-week 𝑑 

(sin (2πh/24), cos (2πh/24)) and (sin (2𝜋𝑑/7), cos (2𝜋𝑑/7)) to capture cyclic time structure, dwell-time 

statistics (mean, median, standard deviation per bay), binary peak-hour indicators, and historical averages of 

occupancy and waiting times. Regression models were trained by minimising the mean squared error (MSE). 

3.3 Evaluation metrics 

We assessed the goodness-of-fit of the NHPP model using the KS test applied to the inter-arrival time 

distributions within each time bin. The fitted Coxian dwell-time and waiting-time distributions were evaluated 

using four complementary statistics: the Akaike information criterion (AIC) and Bayesian information criterion 

(BIC), which balance goodness of fit against model complexity and penalise over-parameterisation; the KS 𝑝-

value, testing whether the fitted CDF deviates significantly from the empirical distribution; and the Anderson–

Darling (AD) statistic, which places greater weight on discrepancies in the tails of the distribution. 

3.4 ML model validation. 

We validated the models separately for the two prediction tasks. Specifically, we evaluated the classification 

models (bay availability) using the area under the ROC curve (AUC). Aggregating true versus false positive rates 



Kor, Zhang, Fackrell, and Thompson 

across all probability thresholds, AUC measures the model's ability to discriminate between available and occupied 

bays. We evaluated waiting time models using R² and mean absolute error (MAE). R² measures how well the 

model explains the observed variance in the data, ranging from 0 (no better than a mean baseline) to 1 (perfect fit). 

MAE captures the average size of prediction errors in the original time units, giving an interpretable sense of 

average deviations. 

4 Numerical Analysis 

This section presents numerical results for both a single loading zone and a cluster of loading zones under 

historical and real-time scenarios. We selected six representative loading zones in the Melbourne CBD, with bay 

IDs 735, 1175, 1496, 2622, 6075, and 6263, for the single-zone analysis. Also, we considered five adjacent loading 

bays with IDs 6222, 6223, 6229, 6230, and 6231 in the Docklands area as a cluster of loading zones.  

4.1 Single loading zone analysis 

The NHPP model adequately captured inter-arrival dynamics across all bays, with KS p-values exceeding 0.05 

(see Table 2). Mean waiting times, generated via the tagged driver simulation, ranged from 15.62 to 27.90 minutes, 

with availability from 5.10% to 25.05%. A five-phase Coxian model provided the best fit for waiting-time 

distributions across all bays, balancing goodness of fit and complexity, as shown in Figure 1 and Table 3. 
Table 2: Waiting time statistics and NHPP validation results. 

  Bay ID  735 1175 1496 2622 6075 6263 

Total arrivals 3908 1536 6459 7568 8091 8091 

Average waiting time 27.90 25.66 23.06 15.62 23.04 22.21 

Median waiting time 16.41 12.99 9.13 5.81 12.56 12.47 
Maximum waiting time 232.82 173.47 235.78 232.84 231.89 227.27 

Availability percentage 10.26 16.80 20.16 25.05 5.10 6.82 

KS P-Value 0.1695 0.2138 0.4354 0.1694 0.0805 0.094 

Table 3. Statistics of phase-type models for fitting waiting times across different loading bays. 

Bay ID AIC BIC KS P-Value AD Statistic N_Observations R2 

735 31103.92 31159.38 0.43 0.23 3507 0.9968 

1175 11295.10 11341.48 0.39 0.19 1278 0.9902 
1496 44432.59 44491.52 0.44 0.36 5157 0.9977 

2622 44960.99 45020.78 0.46 0.24 5672 0.9975 

6075 63948.52 64011.03 0.43 0.29 7678 0.9982 
6263 62528.79 62591.15 0.43 0.16 7539 0.9990 

After fitting the NHPP and Coxian phase-type distributions to historical data, we evaluated the model in 

individual loading zones. Table 4 shows that, in the absence of live sensor data (Scenario S1), the statistical model 

outperforms LightGBM and SVM in bay availability prediction (AUC: 0.825–0.986) than LightGBM (0.519–

0.982) and SVM (0.468–0.964), particularly for heavily-demanded bays such as bay IDs 6075 and 6263. For 

waiting-time estimation, all models performed similarly in terms of MAE. This MAE indicates that, on average, 

the models predicted waiting times deviate from the actual waiting times by roughly 20 to 25 minutes.  
Table 4. Evaluation results for bay availability and waiting time predictions. 

Bay 

IDs 

LZ availability prediction (AUC)  Waiting time prediction (MAE) 

Statistical 
Model 

LightGBM 
classifier 

SVM  Statistical 
Model 

Random 
Forest 

Extra 
Trees 

XGBoost PyTorch 
NN 

TensorFlow 
NN 

Stacking 
Ensemble 

735 0.8248 0.7451 0.7234  24.16 23.74 24.33 23.58 24.62 22.26 22.20 

1175 0.9864 0.9824 0.9638  20.43  23.55 21.80 23.67 25.87 22.81 22.31 
1496 0.8444 0.6291 0.5612  25.55 28.29 28.29 27.30 26.68 26.60 26.50 

2622 0.8278 0.5927 0.5250  22.08 20.42 20.36 19.93 20.38 19.42 20.44 

6075 0.9580 0.5588 0.4912  23.11 21.07 21.24 20.70 20.13 20.38 20.69 
6263 0.8978 0.5190 0.4684  21.42 19.81 19.83 19.41 18.98 18.85 19.66 

In the second scenario S2 with live data, we examined the models for three different values of δ (sensor latency): 

0, 2, and 5 minutes. Table 5 shows that access to real-time sensor data substantially improves the prediction 

performance across both tasks relative to the historical baseline for bay ID 735. At zero sensor latency (δ = 0), the 

statistical model achieves an AUC of 0.944 for availability prediction, a great improvement over the historical 

AUC of 0.825. However, as sensor latency increases from δ = 0 to δ = 5 minutes, the statistical model's availability 

AUC degrades smoothly (from 0.9435 to 0.9075), whereas the ML models, especially LightGBM, maintain stable 

performance (AUC ≈ 0.913–0.936). This divergence reflects the statistical model's direct dependence on the 

confirmed elapsed occupancy time τ, which becomes unreliable at higher latencies. Similarly, for waiting time 

prediction, access to real-time data improves accuracy relative to the historical baseline. For example, at zero 

latency, the MAE for bay 735 drops from over 24 minutes (historical) to between 18.2 and 20.7 minutes (real-

time). However, both models show moderate degradation as latency increases, with MAE rising by approximately 

1.3 minutes from δ = 0 to δ = 5, suggesting that even moderate sensor delays meaningfully erode precision.  
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Fig. 1. Waiting time empirical histograms and fitted distributions for six selected loading bays. 

Table 5. Accuracy of bay availability and waiting time estimation in a real-time scenario with different latencies for bay ID 735 

 LZ availability prediction (AUC)  Waiting time prediction (MAE) 

δ (min) Statistical 
Model 

LightGBM 
classifier 

SVM  Statistical 
Model 

Random 
Forest 

Extra 
Trees 

XGBoost PyTorch 
NN 

TensorFlow 
NN 

Stacking 
Ensemble 

0 0.9435 0.9125 0.8857  23.42 18.94 18.28 19.06 22.87 19.63 18.24 

2 0.9207 0.9363 0.8935  23.41 19.43 18.90 19.69 23.35 20.06 18.87 
5 0.9075 0.9203 0.8963  23.41 19.76 19.36 20.14 23.62 20.30 19.36 

4.2 Loading cluster analysis 

To ensure a fair comparison of space resources, we analysed the efficiency of pooling bays into a unified cluster 

versus operating them as scattered, independent zones facing proportional demand. According to the resource 

pooling principle in multi-server (𝑀/𝐺/𝑐) queueing theory, a unified cluster of 𝑐 bays achieve a strictly lower 

probability of all bays being simultaneously occupied than 𝑐 separate, independent single-bay queues under the 

same total load. Table 6 confirms this effect in practice, by grouping adjacent bays into a pooled loading cluster, 

the mean probability of finding an available bay significantly improved from 15.0% (the average for an 

independent single bay) to 32.2% (the unified cluster). To evaluate waiting times when the cluster is fully occupied, 

Coxian phase-type modelling confirmed that a five-phase structure provided the best fit for the non-zero waiting 

times ( 

Table 7). Finally, comparing the cluster's waiting-time errors (Table 8) with those of individual bays under both 

historical and real-time conditions (Table 4 and Table 5) reveals a considerable improvement in predictive 

accuracy. Single-bay MAEs remain high (18–28 minutes) across all scenarios, whereas cluster MAEs drop 

significantly to 3.4–4.9 minutes. Although sensor delays degrade the estimation power of both models, the 

statistical model predicts waiting times more accurately, whereas the ML model performs better at predicting 

availability. 

Table 6. Summary of performance metrics for a loading cluster. 

A=Prob. Availability (5-bay cluster) B=Prob. Availability (avg single bay) Absolute increase Δ=A-B) Mean gain ratio (A / B) 

0.322 0.150 +0.172 2.23 

 

Table 7. Coxian Phase-Type Distribution Fit Results for Non-Zero Waiting Times. 

Phases  AIC  BIC  KS 𝑝-value   AD Statistic  

3  100,156.2  100195.2  0.5758   0.6085  

5  100,135.3  100205.6  0.9792   0.1909  

10  100,154.4  100302.6  0.9232   0.1754  

  
Table 8. Accuracy of bay availability and waiting time prediction in a real-time scenario with different latencies on a cluster of LZs. 

 LZ availability prediction (AUC)  Waiting time prediction (MAE) 

Scenario statistical 
model 

LightGBM 
classifier 

SVM  Statistical 
Model 

Random 
Forest 

Extra 
Trees 

XGBoost PyTorch 
NN 

TensorFlow 
NN 

Stacking 
Ensemble 

Historical 0.6386 0.6254 0.6347  3.905 4.9102 4.9487 4.6765 4.5811 4.5439 4.6278 

δ=0 0.8570 0.9024 0.8889  3.480 4.3428 4.3040 4.4294 4.5257 4.3621 4.2646 

δ=2 0.8440 0.8974 0.8832  3.511 4.3623 4.3414 4.4759 4.5208 4.4725 4.2845 
δ=5 0.8218 0.8920 0.8774  3.555 4.3704 4.3513 4.4743 4.5248 4.3843 4.3070 



Kor, Zhang, Fackrell, and Thompson 

5 Conclusion 

This research presents a prediction framework that combines NHPP, Coxian phase-type distributions, and ML 

methods to predict bay availability and waiting times under different conditions. The statistical approach integrates 

NHPP with Coxian phase-type distributions, driven by continuous-time Markov chains and matrix analytic 

methods. Specifically, for real-time predictions under sensor latency, this statistical framework utilises a state-

dependent probability structure of a five-scenario model if the bay is initially occupied, and a four-scenario model 

if the bay is initially free. In addition, ML models were applied using a range of regression and classification 

algorithms. Results indicate that while both approaches are effective, the ML methods achieved higher accuracy 

in estimating waiting times and proved more robust to sensor latency when predicting real-time bay availability. 

Future work could focus on incorporating these predictive insights into real-time routing planning to optimise 

last-mile delivery and improve urban logistics efficiency. Also, further research is needed to address limitations in 

sensor accuracy and potential geographic mismatches between suggested and destination-proximate bays. 
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