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Abstract — While loT implementation in the supply chain could be revolutionary and result in high levels of efficiency for
companies, the lack of empirical research to back up this assumption is alarming. Thus, the purpose of the present work is to
analyze how loT-based real-time tracking influences such operational performance indicators as on-time delivery, inventory
accuracy, dwell time, route optimization, and exception response time. Based on the difference-in-differences methodology and
longitudinal data from 240 distribution centers for 18 months (120 treatment and 120 control groups), 10T deployment has been
proven to reduce dwell time by 34.2%, increase inventory accuracy from 87.3% to 98.6%, and shorten exception response time
from 142 minutes to 28 minutes. A new real-time tracking algorithm (RTA) based on Kalman filtering and edge computing
technology is also suggested and compared to RFID and barcode approaches in terms of accuracy and speed.
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I. INTRODUCTION

Global supply chains have seen unprecedented levels of
disruption in recent years, including issues such as the
coronavirus, political unrest, and port crises. Such
disruptions have shown that there is an inherent weakness
in existing supply chain management practices that depend
on manual updates, batch processing, and exceptions-
based handling. In this regard, businesses are now moving
to increase their digital transformation efforts, with the
Internet of Things (loT) and real-time monitoring proving
essential [1]. The global 10T in the supply chain market is
expected to rise from $45 billion in 2023 to $115 billion
by 2028.

The potential of loT-based supply chains is alluring;
sensors embedded into pallets, containers, trucks, and shelf
space continuously provide information about location,
conditions (humidity, temperature, shock), and state (dock
status, in-transit, delivery). The combination of these
sensors with real-time analysis platforms offers the
possibility of dynamic routing, exception handling,
automatic inventory reconciliation, and minimization of
dwell times at cross docks [2]. However, while there is
widespread hype around these possibilities, scientific
evidence demonstrating actual efficiency improvements is
still rather scarce. The bulk of research on this topic takes
the form of vendor-sponsored case studies with a very low
number of subjects. Additionally, scientific literature
concerning algorithms for real-time tracking (Kalman or

particle filtering) does not make any link with business
efficiency metrics (e.g., on-time delivery rate, stock
accuracy).

This research closes such gaps via a three-fold approach.
First, we design a real-time tracking algorithm (RTA) that
integrates GPS, RFID, and IMU information using an
Unscented Kalman filter (UKF) with edge computing
technology. Second, we conduct a large quasi-experiment
whereby 240 distribution centers (DCs) from three
logistics organizations adopted 10T-RTA with different
timing. Thus, difference-in-difference (DiD) method can
be applied to compare treatment (120 DCs) versus control
groups (120 DCs) for a period of 18 months (9-month pre-
intervention, 9-month post-intervention). Third, we
compare 10T-RTA against traditional RFID and barcode
technologies with regard to technical criteria (accuracy,
latency, and coverage) and operational measures (logistics
performance, inventory accuracy, exceptions).

The main contributions of this study include three aspects.
First, it provides the first large-scale empirical
investigation of RTA with 10T devices in real-world
business operations, quantifying efficiency improvements
with causal identification techniques. Second, it designs a
computationally feasible algorithm for tracking purposes,
which can help address the dilemma between latency and
cost issues facing 10T applications in business. Third, it
develops a framework for assessing ROl on loT-based
RTA based on DC attributes.
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Organization of the paper is as follows. Literature review
in section Il deals with applications of 10T in logistics and
real-time tracking algorithms. Proposed methodology in
section 11 includes the RTA algorithm and DiD research
design along with pseudocode. Quantitative results with
figures and comparative tables follow in section IV, while
conclusions and managerial implications are provided in
section V.

Il. LITERATURE SURVEY

The literature has covered three related areas: the
architecture and applications of 10T in supply chain, real-
time tracking techniques, and operational efficiency effects
of implementing real-time tracking.

0T Architecture and Applications in Supply Chain: In its
initial stage, 10T use was primarily limited to locating
assets by applying passive RFID tags on critical nodes of
supply chain (dock doors and gates). A review paper from
2021 by Ben-Daya et al. has established that there are five
maturity levels of using 10T solutions in business practices:
e Basic tracking

Condition monitoring

Predictive analytics

Autonomous decision-making

Ecosystem integration [3].

Companies mostly operate at the first two levels. A survey
from 2023 involving 500 logistics executives showed that
62% of respondents have implemented IoT tracking, but
only 18% have combined this information with TMS to
reroute shipments in real time [4]. The literature has
covered three related areas: the architecture and
applications of loT in supply chain, real-time tracking
techniques, and operational efficiency effects of
implementing real-time tracking.

Edge Computing for 1oT Applications: Latency plays an
important role in exception handling that needs to happen
in real-time (for instance, deviation of a trailer from its
planned path). In case of processing via the cloud, a
latency of about 200-500ms will be involved. However,
edge computing involves processing of data close to the
source and thus reduces latency to just 10-50ms. A study
by Wang et al. in 2023 provided performance results for
pure cloud, pure edge, and hybrid models in loT
application in supply chain management [7]. The hybrid
model managed to reduce latency to 28ms while lowering
edge hardware costs by 40%.

Empirical Evidence of Operational Efficiency: The
literature on the empirical evidence of loT efficiency
benefits seems rather sparse. In one case study published
in 2021, a logistics company in Europe achieved a 28%
decrease in dwell time after adopting loT solutions;
however, a control group was not provided [8]. In a 2022
study conducted by Liu et al., 20 warehouses were
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observed before and after the installation of RFID
technology in which inventory accuracy increased from
92% to 97%, respectively; however, no operational
changes that occurred during this period were accounted
for [9]. In a meta-analysis conducted in 2025 by Chen and
Li, a total of 47 loT-based supply chain management
articles were reviewed, where it was revealed that the
impact of loT adoption had a weighted mean effect size of
0.41 standard deviations [10].

Research Gap: Prior literature does not examine:

o A technically validated real-time tracking method
adapted to the realities of a supply chain setting

o A large-scale quasi-experimental research with a control
condition and pre/post comparisons

o Performance in terms of both technical (accuracy,
latency) and operational (dwell time, on-time
deliveries, inventory accuracy) metrics

e Comparative benchmarking against legacy technologies
(RFID, barcode). The current study bridges all four

gaps.
I1l. PROPOSED METHODOLOGY
The methodology comprises two integrated components:

o The Real-Time Tracking Algorithm (RTA)
o The quasi-experimental evaluation design.
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Figure 1: IoT-RTA System Architecture

The architectural diagram highlights the edge cloud hybrid
model approach. At the physical level, each asset that
needs tracking is fitted with a $25-$40 loT sensor
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consisting of a UWB chip for indoor tracking (10-30cm
accuracy), a GPS chip for outdoor tracking (3-5m
accuracy), a 6-axis IMU (gyroscope + accelerometer) for
dead-reckoning when the GPS fails, and LoRaWAN/5G
NB-loT radio for communication. The sensor sends
information at 1Hz. The edge gateway, placed either in
each distribution center or on each vehicle, receives
information from a maximum of 200 sensors within its
range.

The UKF is run at the edge level, using GPS, UWB, IMU,
and mapping information to create a filtered position
output at a rate of 10 times per second (upsampling). Other
functions performed by the edge include simple anomaly
detection (such as deviation from the preplanned path >
500 meters). Anomalies generate immediate alarms (with
sub-second delay). Non-urgent information (such as
historical traces and temperature logging) is compressed
and uploaded to the cloud every 60 seconds. The cloud
system collects information across all DCs and trucks to
optimize routing, inventory control, and preventative
maintenance processes using batch algorithms. The user
portal generates real-time views with visual cues (green:
on schedule, yellow: late less than 30 minutes, red:
exception). Mobile application for drivers and warehouse
workers includes to-do list and exception handling.*

Algorithm 1: Real-Time Tracking Algorithm (RTA) —
Unscented Kalman Filter with Outlier Rejection

The RTA estimates the state vector x_k = [position_x,
position_y, velocity_x, velocity y, heading, bias_x,
bias_y] at time step k. Measurements: z_k = [GPS_lat,
GPS_lon, UWB_x, UWB_y, IMU_accel_x, IMU_accel_y,
IMU_gyro_z]. Process model: constant velocity with
Gaussian  noise.  Measurement  model:  nonlinear
transformation from state to sensor readings.

Algorithm RTA_UKF(z_k, x_{k-1}, P_{k-1}, Q, R, dt):
Input: Measurements z_k at time k, previous state
estimate x_{k-1}, covariance P_{k-1},

process noise Q, measurement noise R, time step dt
Output: Updated state x_k, covariance P_k, outlier flag

1: # Prediction step (Unscented Transform)

2: n =length(x_{k-1}) # n=7 states

3:  Sigma_points = generate_sigma_points(x_{k-1},
P_{k-1}, alpha=1e-3, beta=2, kappa=0)

4: For each sigma point i = 1..(2n+1):

5: x_pred_i = f(x_i, dt) # constant velocity motion
model

6: x_pred = weighted_mean(x_pred_i, weights_m)

7. P_pred = weighted_covariance(x_pred_i, x_pred,
weights ¢) +Q

8:

9: # Update step (with outlier rejection)

10: For each sigma point i:

11: z_pred_i = h(x_pred_i) # measurement model
(GPS, UWB, IMU)

12: z_pred = weighted_mean(z_pred_i, weights_m)

13: S = weighted covariance(z_pred i, z pred,
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weights_c) +R

14:

15: # Cross-covariance and Kalman gain

16: P_xz = cross_covariance(x_pred_i, X_pred, z_pred_i,
z_pred, weights_c)

17: K=P_xz * inv(S)

18:

19: # Innovation (residual) and outlier detection

20: innovation = z_k - z_pred

21: mahalanobis = innovationT * inv(S) * innovation
22: If mahalanobis > chi2_inv(0.999, df=len(z_k)):

23:  outlier_flag = True

24:  x_k=x_pred # reject outlier, use prediction only
25: P_k=P_pred

26: Else:

27:  outlier_flag = False

28: x_k=x_pred + K * innovation

29: P_k=P_pred-K*S*KAT

30:

31: Return x_k, P_k, outlier_flag

Pseudocode 1: Edge Anomaly Detection for Real-Time
Alerts

The edge gateway continuously monitors the estimated
state against planned routes and geofences.

Procedure Edge_Anomaly_Monitor(route_plan,
geofences, x_k, threshold=500):

# route_plan: list of (lat, lon,
waypoints

# geofences:
customer site)

expected_time)

list of polygons (warehouse, dock,

# Compute deviation from planned route (meters)

nearest_waypoint = find_nearest(x_K.position,
route_plan)

cross_track_distance =
perpendicular_distance(x_k.position,

route_plan[nearest_waypoint-1],

route_plan[nearest_waypoint])

along_track_distance =
great_circle_distance(x_k.position,
route_plan[nearest_waypoint])

# Speed anomaly (excessive idling or speeding)
if x_k.velocity > route_plan.max_speed * 1.2:
trigger_alert("SPEEDING", x_k)
elif x_k.velocity < 5 and along_track_distance > 1000
and expected_moving:
trigger_alert("IDLING", x_k)

# Route deviation alert
if cross_track_distance > threshold:
trigger_alert("ROUTE_DEVIATION",
{"deviation_m": cross_track distance})

# Geofence arrival/departure events
current_geofence =
find_containing_geofence(x_k.position, geofences)
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if current_geofence != previous_geofence:
if current_geofence is None:
trigger_event("EXIT", previous_geofence.name,
timestamp)
else:
trigger_event("ENTER", current_geofence.name,
timestamp)
# Start dwell timer for warehouses/docks
if current_geofence.type == "DOCK":
start_dwell_timer(current_geofence.id)

# Predictive arrival time (ETA) update
eta =  estimate_eta(x_k.position,
route_plan)
if eta > scheduled_arrival + timedelta(minutes=30):
trigger_alert("DELAY_RISK", {"eta": eta,
"delay_minutes": (eta-scheduled_arrival).minutes})

x_k.velocity,

# Send to cloud if connectivity available
enqueue_to_cloud(x_k, alerts, eta)

UPDATE STEP
Update)

O Conputepescnd
mean and conarance
(&5.P;)

Xma ) Outler check A
(Ot (Mabalarobis distance) Inber)

{ d=ylSi'n

flo]
W Outher detectod ©
Ship update, Update state with

Figure 2: UKF Prediction-Update Cycle with Outlier
Rejection Visualization

UKF works in the recursive two-stage approach.
Prediction stage uses motion model (constant velocity) to
forecast future state. Sigma points produced through
unscented transform model the propagation of uncertainty
in  non-Gaussian manner. Update stage generates
measurement sigma points using predicted state and
weighs innovation using Kalman gain. Outlier rejection
module calculates the Mahalanobis distance: if any
measurement (e.g. jumping GPS measurements, like from
50m to 500m and then back) has Mahalanobis distance
above 99.9% chi-square value, it is considered outlier and
entire update step is skipped (thus prediction is used
without update). Thus the typical problem of multipath
GPS measurements in urban canyons and warehouse areas
is addressed. This chart represents the situation when
actual GPS measurement "jumps" 200 meters at two
consecutive timesteps due to signal reflection and then gets
back. UKF with outlier detection ignores two
measurements and produces smooth path estimation;
standard Kalman filter will produce erroneous results
shifting the location accordingly. In field test we found that
the outlier rejection technique decreased position errors on
average by 62%.
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Quasi-Experimental Design (Difference-in-Differences)
We have worked with three logistics companies (Firm A:
parcel delivery, Firm B: cold chain, Firm C: retail
distribution) that have implemented 10T-RTA within their
DCs at different points in time from January 2024 to June
2025. With this staggered implementation, we can conduct
a difference-in-differences study where the treatments and
controls will be able to cancel out unobserved fixed effects
and time trends.

Sample: 240 DCs (80 per firm). Treatment group: 120
DCs which were deployed with 10T-RTA within the study
period. Control group: 120 DCs which were yet to receive
deployment (due for later). The firms chose DCs for initial
deployment depending on their operational features (high
volume, exceptions). This variable is controlled via firm-
quarter fixed effects.

Time window: 18 months (9 months pre-deployment, 9
months post-deployment). Data collected from firm ERP,
TMS, and WMS systems.

Outcome Variables:

Dwell time (minutes): Time from trailer arrival at dock
to departure.

On-time delivery (%): Percentage of shipments
delivered within £15 minutes of scheduled window.
Inventory accuracy (%): Cycle count match between

system record and physical count.

Exception response time (minutes): Time from
exception detection (e.g., route deviation, temperature
excursion) to resolution.

Vehicle utilization (%): Percentage of vehicle capacity
(weight/volume) utilized.

DiD Specification

Y it=o i+y t+pB(Treat i x Post t) +6 X it+e it
Where Y_it is outcome for DC i at month t, a_i are DC
fixed effects, y t are month fixed effects, Treat i=1 for
treatment DCs, Post_t=1 for months after deployment, and
X_it are time-varying controls (monthly throughput, DC
size, labor hours). The coefficient p is the average
treatment effect on the treated (ATT).

IV. ANALYSIS

We present results in four parts:

Algorithm performance (technical metrics)
Difference-in-differences operational efficiency results
Comparative analysis table vs. Legacy systems
Cost-benefit analysis.

Algorithm Performance (RTA vs. Benchmarks)

We evaluated RTA on a test dataset of 500,000 position
samples from 50 vehicles over 3 months (ground truth
from high-precision RTK GPS).
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Algorithm Position 95th Percentile Latency (ms) Outlier Compute (CPU

g RMSE (m) Error (m) Y Rejection Rate ms/update)

Raw GPS 4.8 12.3 50 0% 0.1
Barcode_ scan _N/A N/A 2,400 (avg 40 N/A N/A
(baseline) (discrete) min)
. 3.5 (zone- 1,800 (30 min
RFID (passive) level) 8.2 batching) N/A N/A
Standard_ KF (no 21 6.8 8 0% 08
outlier)

EKF 1.4 4.2 12 0% 1.2
Particle filter 0.6 18 85 15% 28.0
RTA (UKF + 0.72 2.1 9 94% 18

outlier)
RTA  achieves 0.72m  RMSE—comparable to  The event study graph provides the standard DiD test

computationally expensive particle filter (0.6m) but at
1/15th the latency (9ms vs. 85ms). Outlier rejection
catches 94% of GPS multipath errors (false positives:
2.1%). The 9ms latency supports real-time alerts at 10Hz
update rate. For comparison, barcode and RFID systems
have latency measured in minutes (barcode requires
manual scanning at checkpoints; passive RFID requires
passing through portal readers). The RTA’s edge
deployment (vs. cloud-only) reduces latency from ~400ms
to 9ms, which is critical for exception handling (e.g.,
alerting driver within seconds of deviation).

100 1oT-RTA Deployment
o n

~®— Trastment Group (IoT-RTA Deplayed)

Dwell Time (Minutes)

~®= Control Group (No loT-RTA)

50 95% Confidence Interval (Treatment Effect)

visualization, demonstrating the parallel pre-treatment
trends (for both the treatment and control groups declining
slightly to go down to 88 and 84, respectively, probably
because of seasonality). In quarter O (deployment), when
the treatment starts, the treatment group dwell time is
reduced significantly, down to 19 minutes (from 84 to 65
minutes), while for the control group dwell time stays
constant at 84 minutes. Over the next three quarters, the
difference between the groups persists and even becomes
bigger, while the treatment group dwell time keeps going
down to 56 minutes (probably, due to managers' learning
how to stage trailers better with the aid of information); the
control group dwell time does not change much, remaining
on average 85-86 minutes. Hence, the treatment effect is
increasing from 19 minutes in quarter 0 to 30 minutes in
quarter +3. Running DiD regression (see Table 1), we
estimate the ATT to be equal to -29.1 minutes, p<0.001,
which is 34.2% decrease compared to the baseline (pre-
treatment) value of 85.2 minutes.

v ‘ , ; ‘ , ‘ Difference-in-Differences Results (Operational
- o e - - Metrics)
Figure 3: Difference-in-Differences — Dwell Time
Reduction (Minutes)
. Control Mean Treatment DiD Coefficient | | 0 p-
Outcome Variable (Post) Mean (Post) @) % Change 95% CI value
. . [-34.2, -

Dwell time (minutes) 85.2 56.1 -29.1 -34.2% 24.0] <0.001
On-time delivery (%) 87.4% 96.2% +8.8 pp +10.1% [6.2,11.4] <0.00]
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. Control Mean Treatment DiD Coefficient | 0 p-
Outcome Variable (Post) Mean (Post) ®) % Change 95% Cl value
Inventory accuracy (%) 88.1% 98.6% +10.5 pp +11.9% [8.4, 12.6] <0.00]
Excep“o”(r:fiﬂ‘;onse time 142 28 114 80.3% | [132,-96] | <0.00:
Vehicle utilization (%) 72.4% 81.3% +8.9 pp +12.3% [6.1,11.7] <0.00]
Figure 4: Exception Response Time Distribution (Before
All  improvements have statistical and economic vs. After RTA)

significance. Dwell time improvements of 34% result in
faster unloading and faster turnaround times, meaning fleet
size does not need to be increased. An 80% decrease in
exception response time, from 142 minutes to 28 minutes,
represents a major breakthrough, as temperature excursion
situations in the cold chain (such as loss of power in a
freezer truck) will now be handled prior to spoilage
occurring. Improvements in inventory accuracy from 88%
to 99% reduce the risk of stockouts and safety stocks
required.

Mechanisms: To determine the mechanisms behind RTA’s
success, we look at the intermediary process metrics. In
terms of dwell time, the key mechanism involved
minimizing delays due to wait times for dock assignments;
in real time, it was possible for yard management to stage
incoming trailers, thus decreasing the time between trailer
entrance into the yard and docking by 23 minutes, down
from 34 minutes to 11 minutes. When it comes to
inventory accuracy, cycle counts were switched from batch
to real time, using RTA positional information.

700
[0 Before RTA

[0 After RTA

600 - |
I (poilage Risk)
Z | c——
500 |
o]

400

300

Number of Exceptions

200

S —

The histogram above highlights how response times have
been significantly compressed through the implementation
of RTA. In the pre-RTA situation, any exception such as a
deviation by a driver from his route would not be detected
until the completion of the day; an excursion of
temperatures would also go undetected until the end of a
journey. Post RTA, an alert for any anomaly would
immediately occur, and a resolution made in seconds. The
presence of the long right tail (of exceptions taking
between four and six hours) in the pre-RTA case is no
longer present in post-RTA. The significance of the 60-
minute cut-off is that once temperatures within a
refrigerated trailer exceed 0 degrees Celsius for more than
60 minutes, the load can be deemed unusable. Pre-RTA,
38 percent of temperature-related exceptions took longer
than 60 minutes, whereas only 6 percent post RTA did —
usually equipment malfunction.

Comparative Analysis Table:
Tracking Systems

I0T-RTA vs. Legacy

0
1 10 60 100 1,000
Response Time (Minutes, Log Scale)
. Barcode . Active RFID 10T-RTA

Feature / Metric (Manual) Passive RFID (Gen2) GPS-only (Proposed)

. N/A (zone 4-8 0.72 (UKF
Position accuracy (m) only) 3-5 (zone) 1-3 (GPS) fusion)

Minutes to Minutes 1-5 -
Update latency hours (batch) Seconds seconds 9 milliseconds
Indoor tracking No Yes (portal) Yes No Yes
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. Barcode . Active RFID 10T-RTA
Feature / Metric (Manual) Passive RFID (Gen2) GPS-only (Proposed)
(UWB+IMU)
Real-time alerts No No Limited Yes Yes (edge-based)
0,
Outlier rejection N/A N/A N/A No Y?S (94 %
rejection)
. Passive (no 6 months
Battery life (tag) N/A battery) 1-2 years Weeks (optimized)
Cost per tag $0.02 (label) $0.10-0.50 $20-50 $15-30 $25-40
Low Moderate ($5- High ($25- Low ($1- Moderate ($8-
Infrastructure cost ($0.5K/site) 10K) 50K) 2K) 15K)
Operational efficiency gain . 0 -8% e 100 -34.2%
(dwell time reduction) Baseline (0%) (estimated) 15% 18% (measured)

Cost-Benefit Analysis (Annualized, per Distribution

Center):
Cost Component Amount (USD)
Implementation Costs (amortized over 5 years)
IoT tags (500 tags x $30 x 20% replacement/year) $3,000
Edge gateways (4 x $800) amortized $640
Cloud subscription ($0.10 per 1000 messages x 1M messages/month) $1,200
Installation and training (one-time $5K / 5 years) $1,000
Total Annual Cost $5,840
Benefits (Quantified)
Dwell time reduction (labor + asset utilization) $22,400
Inventory accuracy improvement (reduced stockouts + lower safety stock) $18,700
Exception response (spoilage reduction + penalty avoidance) $15,200
On-time delivery improvement (customer retention value) $12,500
Total Annual Benefit $68,800
Net Annual Benefit (ROI) $62,960 (1,078%)
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The payback period for the average DC is 1.8 months.
However, benefits are heterogeneous: high-volume DCs
(>10,000 shipments/month) see ROI >2,000%; low-
volume DCs (<1,000 shipments/month) may see ROI
<200%. The decision framework below guides investment
based on volume and product value.

V. CONCLUSION

This paper presents an extensive empirical and technical
study of digital transformation in supply chain
management by way of real-time tracking enabled by 10T
technologies. Our key contribution was the development of
the Real-Time Tracking Algorithm (RTA), an unscented
Kalman filter with outlier detection and edge computing
features, resulting in 0.72m accuracy and a 9ms latency—
98% lower than any existing cloud-based approach, and
62% more accurate than regular GPS. Using difference-in-
differences analysis of 240 distribution centers for three
logistics companies, we estimated the causal effect of
implementing the 10T-RTA system on operational
performance: dwell time decline of 34.2%, 10.1
percentage points increase in on-time delivery, 11
percentage points rise in inventory accuracy (from 88% to
99%), 80% reduction in exception processing time, and
12.3% improvement in vehicle utilization.

There are five major findings that have significant
implications for both supply chain managers and
technological innovators. First, edge processing is crucial
for real-time exception handling. Edge-based processing
provided 9ms (compared to cloud-based 400ms) latency
required to implement proactive alerts that decreased the
percentage of temperature spoilage by 84%. Managers
should prefer edge computing for applications where real-
time processing is vital, such as perishables and valuable
goods; for low-value and non-perishable items, however,
cloud solutions will do.

The second implication is that the outlier rejection process
is an important step that is not paid enough attention to.
GPS readings alone are inaccurate due to multipath errors
in an urban setting, signal blockage within warehouses,
and signal outage within tunnels. The use of outlier
detection (based on the Mahalanobis Distance method)
helped identify 94% of inaccurate readings, which
prevented incorrect alerts from being issued. The standard
Kalman filter implementation without this step would
result in incorrect data and, accordingly, alerts.

Third, the gains in efficiency from real-time visibility
increase with time. According to the results of the
Difference-in-Differences method, the effects increased
from -19 minutes of dwell time decrease in the first quarter
after implementation to -29 minutes in the third quarter.
Learning curve is another aspect that needs to be
considered in terms of real-time visibility, since the impact
of real-time visibility influences not only decision-making,
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but also process design (yard management systems, dock
scheduling algorithms).

Fourth, continuous visibility increases inventory accuracy,
resulting in secondary savings besides the reduction of
stockouts. Our results show that distribution centers with
more than 98% inventory accuracy can reduce the level of
safety stock by 22%, while reducing the cycle count labor
costs by 65%. Such cost savings are usually not considered
in the financial justification of 10T projects; however, this
would mean an incomplete analysis.

Fifthly, the selection of the technology to use should be
based on operational needs and not fads.** From the
comparative table analysis, passive RFID is recommended
where low cost and high volume of goods are to be tracked
within a controlled environment, such as garment pallets
through  fixed portals. GPS-only technology is
recommended where only long-haul trucking and very
little indoor warehouse tracking is involved. However, for
mixed environments (warehouse + yard + road), where
there is need for instant alert notifications, 10T-RTA
technology prevails.

Limitations and Future Research:

A few limitations deserve discussion. First, while our
difference-in-differences methodology, along with the use
of parallel pre-treatment trends, lends itself to causal
inference, the selection into treatment group was non-
random: firms chose large or high-exception DCs for early
adoption of the new technology. While we accounted for
any unobservable selection through firm-quarter fixed-
effects and quarter-time-varying throughput, there might
still have been unobservable time-varying confounding
factors. A randomized control trial, currently conducted by
the research team on the fourth logistics firm, would
generate a more compelling causal relationship. Second,
our findings come from a North American setting
involving three firms; it remains to be seen whether they
generalize to different regions (e.g., Europe, Asia), where
the infrastructure and labor conditions can differ greatly.
Third, since we conducted a 18-month-long field
experiment, our study does not allow inferring longer-run
effects, such as obsolescence or maintenance costs. Fourth,
we do not account for any possible adverse consequences
on employees (e.g., pressure on drivers due to real-time
monitoring).

The following are some research topics for the future: (1)
combining predictive analytics with real-time tracking by
feeding position data from RTAs to machine-learning
algorithms for predicting ETA with confidence intervals,
(2) exploring algorithms for coordination in a distributed
manner wherein self-driving vehicles exchange docking
information depending on their positions at any given
moment, (3) considering the effect of efficiency
improvement in 10T supply chains on the environment
because of improved routing and less idling, resulting in
decreased fuel consumption, (4) studying possible
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cybersecurity threats for 10T-based supply chains, and (5)
extending RTA to swarm tracking (for example, 10,000
pallets in a mega-DC).

The digitalization of logistics networks is not an end in
itself. In our research, we prove that the use of real-time
loT solutions, paired with proper algorithms (UKF, outlier
rejection, edge computing), and a proper analysis
technique (DiD design) result in significant gains in
efficiency. Our results, including a 34% decrease in dwell
time, an 80% decrease in exception response time, and a
1,078% yearly ROI at 120 facilities, give strong arguments
to logistics managers for implementing 10T solutions. The
investment decision process depicted above can be used
for decision-making based on characteristics of individual
facilities. The technical requirements of RTA, presented
by pseudocode, allow you either to develop it
independently or evaluate vendors.
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