


TABLE I: Prior NLOS measurement studies in urban/suburban environments in various frequency ranges with various equipment designs.

Ref. Freq. TX RX Environment BW NLOS Links Elev.

[16] 28 GHz Omni Rotating Horn Urban Narrowband 75 Balcony

[17] 73.5 GHz Fixed Horn Fixed Horn Urban 1 GHz 16 Street

[18] 28 GHz Array Array Urban 400 MHz 70 Street

[19] 28 GHz Fixed Horn Fixed Horn Urban 250 Mcps 47 Balcony

[20], [21] 28 GHz Fixed Horn Rotating Horn Urban 800 MHz 20 Street

[21]–[23] 38 GHz Rotating Horn Rotating Horn Urban 400 Mcps 18 Street, Rooftop

[24] 142 GHz Rotating Horn Rotating Horn Urban 1 GHz 17 Street

[25] 28 GHz Rotating Horn Rotating Horn Suburban 800 MHz 25 Rooftop

[26] 28,39 GHz Array Array Urban 100 MHz Continuous Balcony

[27] 28 GHz Horn Horn Urban 500 MHz 16 Rooftop

[28] 32 GHz Horn Horn Suburban 500 MHz 124 Rooftop

This work 28 GHz Omni Rotating Horn Urban Narrowband 979 Street, Balcony, Roof

separation between users can help enable algorithm design for

Beyond-5G networks [29]–[31].

Using the UMi measurements, we evaluate path loss models

with high generalizability. Path loss models are key in de-

termining coverage for Beyond-5G networks, especially for

mmWave signals which tend to attenuate rapidly in the pres-

ence of blockages (e.g., buildings, foliage, and street clutter).

The most common model for UMi mmWave propagation is

3GPP-UMi-NLOS model defined by 3GPP [32], [33]. An-

other common model is edge diffraction, such as Diffraction-

Inspired-NLOS [1]. There are newer models such as Street-

Clutter-NLOS [16] and even Over-Top-NLOS [34] for UMa

scenarios. The baseline is Slope-Intercept (referred to as Slope-

Intercept-NLOS in this paper).

We use the extensive data that we collected and evaluate

the NLOS path loss models listed above based on Root Mean

Square Errors (RMSE) between the model and data. Using

the best path loss model (Street-Clutter-NLOS), we obtain

an overall best-fit RMSE of 6.4 dB for UMi propagation,

compared to 11.9 dB from the standard 3GPP NLOS model

(3GPP-UMi-NLOS). We use Street-Clutter-NLOS to provide

NLOS coverage estimates for 90% of users.

The remainder of this paper is organized as follows. Sec-

tion II discusses related mmWave NLOS measurement cam-

paigns. Section III introduces our measurement campaign.

Section IV introduces the path gain models evaluated on the

measurements collected. Section V summarizes the results,

and Section VI concludes this paper.

II. RELATED WORK

Previous mmWave NLOS measurement studies were con-

ducted in urban [16]–[24], [26], [27], [35] and suburban

environments [25], [28], [36].

These measurement studies used different mmWave or sub-

Terahertz (THz) frequencies (e.g., 28/73/142 GHz) and use

either directional horn antennas [1], [16], [17], [19], [20], [22],

[24], [25], [27], [28] or phased array antennas [18], [26]. Some

of these measurement platforms considered in [19] use more

complex waveforms and wider bandwidths, but in general

these campaigns lack the scale of measurement provided in

this paper. A summary of related NLOS measurement studies

at mmWave and sub-THz is shown in Table I.

Our largest existing NLOS campaign [1] used a rotat-

ing horn antenna platform and consists of 120 NLOS links

collected from locations in Lower Manhattan. We use this

dataset and 859 links collected in Upper Manhattan to compare

path gain models using measurements from Upper and Lower

Manhattan, and different BS elevations in the UMi scenario.

III. MEASUREMENT CAMPAIGN

In this section, we describe our measurement campaign.

A. Equipment

We use a 28 GHz narrowband channel sounder consisting

of a separate transmitter (TX) and receiver (RX) (described

in detail in [1], [2]). The omni-directional TX has 0 dBi gain

and transmits a +22 dBm continuous-wave tone. The RX is a

rotating horn antenna (24 dBi, 14.5 dBi in azimuth, 10 degree

3 dB beamwidth) connected to a mixer that downconverts the

received signal to 100 MHz intermediate frequency (IF). The

IF signal is recorded by a power meter (20 kHz bandwidth).

B. Locations

The measurement campaign incorporates two location cat-

egories: UMi and UMa. These classifications are important as

they correspond to the varied placements of the RX, effectively

simulating different BS positions within an urban landscape.

At each location, the RX remains stationary, ensuring con-

sistent and controlled data collection. Measurement maps are

shown in Fig. 2, and locations are shown in Fig. 3.

In the UMi locations, the BS is positioned below the urban

clutter, such as nearby buildings. This setup is designed to

replicate typical urban scenarios where the BS might be a

small cell located on a lightpole or side of a building. The

specific UMi measurement locations include MUD, LAW1,

LAW2, CU, BN, and RIV (as illustrated in Fig. 3), offering a

comprehensive urban coverage model. 7thAVE is another UMi

location which was measured in [1] and is used for comparison

later in Section V. Within these UMi sites, the RX deployment

varies in elevation. The elevation of the BS is 15–20 m in

MUD, LAW1, LAW2, and 7thAVE. The BS is 1 m high in

CU, BN, and RIV.

The UMa locations represent a scenario where the BS

is placed above the height of neighboring buildings. The

elevation of the BS is 50 m above ground in JLG1 and JLG2

and about 15 m above neighboring building rooftops.





B. Street-Clutter-LOS Model

The Street-Clutter-LOS model is based on some key param-

eters: the distance between TX and RX (r1), the signal wave-

length (�), and an absorption per meter coefficient (1) [16].

Notably, r1 denotes the distance between TX and RX before

the UE travels around a street intersection. The coefficient 1

quantifies absorption due to average street clutter encountered

in the Before-Corner segments. Street-Clutter-LOS path loss

is equal to:
✓

�

4⇡r1

◆2

e�1r1 (2)

Here, the path loss PStreet�Clutter�LOS is modeled by con-

sidering the free-space path loss ( �

4⇡r1
)2 and an exponential

term that accounts for absorption due to street clutter, charac-

terized by 1.

C. Street-Clutter-NLOS Model

The Street-Clutter-NLOS model assumes that the 28GHz

signal travels through urban canyons, scattering along adjacent

buildings [16]. Key parameters include the distances r1 and r2
(representing the TX-RX distance before and after turning the

corner, respectively), signal wavelength (�), absorption coef-

ficients 1 and 2 of unit Nep/m, and an effective scattering

width of the street intersection �scat. 1 is shared with the

Street-Clutter-LOS model, while 2 accounts for absorption

in the After-Corner segments. The scattering width, �scat, is

calculated considering the number and width of street poles

in the urban environment:

�scat equals Npoles ⇥ �pole where Npoles = 4 and �pole =
0.24m for 4 poles with a width of 0.24m, typical of NYC.

The Street-Clutter-NLOS path loss is equal to:

�2�scat

(4⇡)3r1r2(r1 + r2)
e�(1r1+2r2) (3)

This model captures the scattering of the signal as it bends

around corners in an urban canyon. The exponential term

e�(1r1+2r2) accounts for the absorption losses before and

after the corner. The exponential term and scale factor rep-

resents the scattering effects at the corner, influenced by the

scattering width �scat.

D. Diffraction-Inspired-NLOS Model

The Diffraction-Inspired-NLOS model, as mentioned in

the Related Works (Section II) [1], is a diffraction-inspired

channel model based on a smaller-scale UMi measurement

campaign. Key parameters include distances r1 and r2, and

the signal wavelength (�). The best fit to data in [1] pro-

vided n = 2.27 and ↵ = 0.6 (corresponding to �2.2 dB).

Diffraction-Inspired-NLOS path loss is equal to:

�2

(4⇡)2
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In this model, the path loss PDiffraction�Inspired�NLOS is

derived by considering the diffraction effects around cor-

ners. The term
⇣

1
r1+r2

⌘⇣

1
r1

⌘⇣

1
r2

⌘

represents the geometric

spreading and diffraction losses, while the parameter ↵ cap-

tures additional empirical attenuation.

E. 3GPP-UMi-NLOS Model

The 3GPP-UMi-NLOS model, part of an extensive 5G study

conducted by a consortium of universities and companies,

offers channel models tailored for mmWave frequencies [32],

[33]. The Urban Micro (UMi) scenario, relevant to our study,

considers a mobile UE at a height less than 25 m. Key

parameters include the 3D Euclidean distance between TX

and RX (d3D) and the signal wavelength (�). A similar model

is also provided for UMa scenarios as well.

This model reflects the empirical path loss in urban micro-

cell environments. The logarithmic terms account for distance-

dependent and frequency-dependent losses, respectively, with

coefficients derived from extensive measurements.

F. Over-Top-NLOS Model

The Over-Top-NLOS model represents a path over the top

of clutter, such as buildings [34].

This model assumes that the BS is placed at the rooftop of a

building where the antenna elevation is zBS above surrounding

buildings of height zc. The UE is assumed to be placed at

an elevation of zm from the ground. Ground reflection is

represented with coefficient �g . Teff is the effective power

transmission coefficient through the exterior wall. This model

integrates the effects of diffraction and reflection over the

building tops, capturing the additional losses due to the

elevated path. Over-Top-NLOS path loss is equal to:

�2(zBS � zc)
2e�|zc�zm||�g|

2

8⇡2r4
(5)

In this model, the path loss POver�Top�NLOS is influenced

by the elevation difference (zBS � zc), which determines the

diffraction losses over buildings. The term e�|zc�zm| ac-

counts for the additional absorption through the clutter, while

the factor |�g|
2 incorporates the transmission and reflection

effects at the ground.

V. MEASUREMENT RESULTS

In this section, we begin by comparing path loss models

with the collected data. We also examine the AoA of the

received signals to help assess the use of beam tracking and

MU-MIMO in Beyond-5G networks.

A. Path Gain Model-Data Comparison

In the UMi evaluation, we compare the models Slope-

Intercept-NLOS, Street-Clutter-NLOS, Diffraction-Inspired-

NLOS, and 3GPP-UMi-NLOS to the UMi After-Corner mea-

surements collected. For the Before-Corner measurements

collected, we check how well they correspond with the Street-

Clutter-LOS model. In the UMa evaluation, we compare the

fit of the Over-Top-NLOS and Street-Clutter-NLOS models to

the UMa After-Corner measurements.

Comparing UMi Path Gain Models Our analysis shows

that the Street-Clutter-NLOS, Diffraction-Inspired-NLOS, and



Street-Clutter-LOS models, as detailed in Section IV, align

well with the measurements taken in the UMi scenarios.

These models demonstrate reasonable accuracy, with an av-

erage RMSE of 6.4, 6.6, and 6.4 dB, respectively, for all the

measured UMi After-Corner routes in Upper and Lower Man-

hattan. This level of accuracy indicates a reliable performance

in modeling the signal behavior in these specific urban settings.

However, it is observed that the Slope-Intercept-NLOS and

3GPP-UMi-NLOS models exhibit a slightly lower accuracy,

with an average RMSE of 8.2 and 11.9 dB, respectively,

suggesting a less precise fit for the same measurement set.

For a detailed comparison, the RMSE values for individual

routes are provided in Table III.

Comparing Two Parts of Manhattan With Street-Clutter-

NLOS Model Our measurement campaign, as outlined in

Section III, extensively measures regions within the FCC

Innovation Zone area in Upper Manhattan, including locations

labeled as MUD, LAW1, LAW2, CU, BN, and RIV. Addi-

tionally, we include a smaller set of measurements from Lower

Manhattan (7thAVE), characterized by slightly different build-

ing geometries. We aim to compare the Street-Clutter-NLOS

and Street-Clutter-LOS models in these two regions.

It is important to recall that both Street-Clutter-NLOS

and Street-Clutter-LOS models share the 1 parameter, rep-

resenting the average scattering due to street clutter in the

Before-Corner segments. Considering the consistent presence

of foliage across streets, we set the 2 parameter in the

Street-Clutter-NLOS model, responsible for the After-Corner

segments, equal to 1. For clarity, we refer to these collectively

as . In our analysis, detailed in Table III, we use 0.019 dB/m.

When adjusting  specifically for the Upper Manhattan

measurements in Fig. 2(b), a  of 0.029 dB/m offers the

best fit resulting in RMSEs of 5.8 and 5.6 dB for the Street-

Clutter-NLOS and Street-Clutter-LOS models, respectively.

For Lower Manhattan measurements in Fig. 2(c), a value of

0.000 dB/m yields the most accurate results for the Street-

Clutter-NLOS and Street-Clutter-LOS models, with RMSEs

of 8.6 and 9.3 dB, respectively. This suggests that the average

scattering due to street clutter is significantly different between

these two parts of Manhattan. We note that Upper Manhattan

measurement locations tended to be narrower with more street

clutter the signal could scatter off of (e.g., foliage, buildings,

cars, lightpoles, etc.). Lower Manhattan measurement loca-

tions tended to have wider street areas, more skyscrapers, less

foliage, and less general street clutter for the given area.

Comparing Balcony vs. Street Level With Street-Clutter-

NLOS Model In our measurement campaign, we collected

several UMi measurements at two different elevations: Bal-

cony Level and Street Level. This part of the study focuses

on comparing the accuracy of the Street-Clutter-NLOS and

Street-Clutter-LOS models based on these varying elevation

measurements, in hopes of better understanding how the

change in RX elevation impacts UMi propagation.

When adjusting the absorption parameter  for the Balcony

Level measurements, we find that a  value of 0.028 dB/m of-

fers the most accurate fit for both the Street-Clutter-NLOS and

Street-Clutter-LOS models. The resulting RMSEs for these

models are 6.1 and 6.2 dB, respectively. This demonstrates a

relatively high level of accuracy at the Balcony Level.

In contrast, for measurements taken at Street Level, the

optimal  value increases to 0.044 dB/m. With this adjustment,

the best fit for the Street-Clutter-NLOS and Street-Clutter-LOS

models results in RMSEs of 4.4 and 4.4 dB, respectively. The

need for a higher  value at Street Level is consistent with our

expectations. At a lower elevation, the RX faces more direct

obstructions, such as trees and cars, which are less prevalent

at the higher Balcony Level. This increased obstruction at

Street Level naturally leads to a higher absorption parameter,

reflecting the impact on signal propagation.

These observations underscore the importance of consider-

ing the urban landscape’s vertical dimension when developing

and tuning propagation models for UMi scenarios, where the

elevation of the BS could impact the amount of immediate

obstructions faced by the mmWave signal, and as a result, the

Beyond-5G network coverage.

Foliage Density Analysis We build a linear model correlating

the foliage density in measured Before-Corner and After-

Corner segments with the absorption parameter , as utilized

in the Street-Clutter-LOS and Street-Clutter-NLOS models

(refer to Section IV). This model would aid in quantifying

the impact of urban foliage on mmWave signal absorption.

A primary challenge in this analysis is the accurate assess-

ment of foliage density for each street segment. To address

this, we utilize the NYC Tree Map database, a comprehensive

resource that catalogs every tree in New York City [37]. We

manually tally the number of trees present in each segment

under consideration. We define the Before-Corner segment as

the area between the RX and the furthest street intersection

where the TX turned the corner. We define the After-Corner

segment as the area between where one enters the corner and

the furthest the TX was able to travel. We calculate the area

of these segments, and through this analysis, we establish if a

clear relationship between foliage density and the  absorption

parameter exists.

For each Before-Corner dataset, we find the optimal 1 by

fitting. We use the foliage densities for Before-Corner street

segments to create a linear fit which maps foliage density to

1. We perform a similar approach for the After-Corner street

segments and their respective foliage density values. We find

the optimal 2 for each dataset by fitting. We create a linear

fit which maps After-Corner foliage density values to 2.

The result is a more optimized version of the Street-

Clutter-NLOS model with 1 and 2 determined by foliage

density. This model performs 0.1 dB better than the Street-

Clutter-NLOS model with 6.3 dB RMSE, which is a negligible

improvement. This indicates a limited relationship between

foliage and  (recall that  accounts for scattering from

lightpoles and street clutter, not just foliage). More complex

models have shown to provide a relationship between path

loss and foliage [34]. The detailed RMSE per UMi dataset is

shown in Table III.

K-Folds Cross Validation on UMi Balcony Level Data



TABLE III: NLOS models evaluated on Upper and Lower Manhattan UMi measurements.

Best-Fit RMSE of UMi NLOS Models (dB)

Dataset Slope-Intercept-NLOS Street-Clutter-NLOS Diffraction-Inspired-NLOS 3GPP-UMi-NLOS Foliage

Parameters b,n  ✏ N/A =f(foliage)

7thAVE-W14ST 8.9 11.5 6.3 20.0 10.9

7thAVE-W15ST 11.4 15.0 9.1 19.3 13.6

7thAVE-W16ST 12.1 17.0 10.0 22.7 16.0

MUD-122-E 6.9 2.7 5.5 10.8 3.0

MUD-121-E 9.8 5.3 8.3 8.1 6.2

MUD-121-W-19 7.8 5.0 4.0 7.1 4.0

MUD-121-W 5.2 4.5 5.7 6.6 4.2

MUD-122-W 5.9 4.1 8.6 8.1 4.4

MUD-123-W 5.5 4.3 10.2 11.1 4.5

LAW1-118-E 8.6 3.0 4.4 6.6 3.4

LAW1-119-E 6.0 3.3 3.6 9.8 2.9

MUD-BWY-N 10.4 9.3 5.1 18.5 8.8

MUD-BWY-S 9.0 10.6 5.3 20.4 10.1

LAW1-120-W 9.0 7.6 3.5 16.7 7.1

LAW1-121-W 4.8 1.7 6.7 14.6 1.7

LAW2-114-E 9.9 8.9 5.6 14.6 8.3

LAW2-114-W 8.4 3.2 3.9 8.7 2.9

BN-116-W 9.3 4.4 5.5 8.7 4.9

BN-115-W 8.2 3.8 6.8 9.8 4.2

CU-116-E 8.5 5.0 8.1 7.9 5.6

CU-115-E 8.5 6.0 10.2 9.2 6.3

RIV-BWY-N 7.0 5.0 8.2 3.1 5.9

Average: 8.2 6.4 6.6 11.9 6.3

Fig. 4: Measured path gain for UMi scenario using measurements from Upper and Lower Manhattan. Fitted lines for Slope-Intercept-NLOS, Street-Clutter-
NLOS, Diffraction-Inspired-NLOS, 3GPP-UMi-NLOS, and Street-Clutter-LOS models are included as well as  value.

K-Folds Cross Validation is a method where we test on

one unseen dataset and do so for all options/folds of what the

unseen dataset could be (K-Folds, or 5-Folds in this case). In

this method, the first step is Algorithm 1. We first initialize the

k sweep array. It spans from 0 to 0.06 with 60 increments,

representing different  values between 0.000 and 0.060 with

precision of 0.001. For each  value, we load the relevant

dataset and compute the path loss and RMSE for both NLOS

and LOS scenarios. These RMSE values are then stored and

plotted against the k sweep array to identify the optimal 

value, also referred to as k trained.

As visualized in Table IV, the second step is to now infer

path loss for unseen data. We select 5 MUD datasets, in

which 4 will be used for training and 1 will be used for

inference. Choosing one dataset to infer path loss for gives

us five combinations/splits to compute RMSE and determine

the average RMSE across all 5 splits. Average RMSE across

5 training/inference splits of the data is 5.1 dB for the NLOS

case and 5.2 dB for the LOS case.

In the final step shown in Fig. 5, we verify the path loss

predictions from Table IV by training  from all 5 MUD

datasets. After doing so, the optimal  is 0.048 dB/m with an

RMSE of 5.1 dB. This agrees with the 5.2 and 5.1 LOS/NLOS

Average Inference RMSE estimated through K-Folds Cross

Validation (Table IV).

UMa Path Gain Models We find that the Over-Top-NLOS



Algorithm 1 Sweep  to optimize NLOS/LOS models

1: k sweep linspace(0, 0.06, 60)
2: for i = 1 to length(k sweep) do

3: k under test k sweep[i]
4: Load data from files

5: Compute distances and measured path losses

6: if NLOS then

7: Compute theoretical path loss for NLOS using k under test
8: Compute RMSE for NLOS (measurement vs. theoretical)

9: else

10: Compute theoretical path loss for LOS using k under test
11: Compute RMSE for LOS (measurement vs. theoretical)

12: end if

13: Store RMSE values

14: end for

15: Plot RMSE values against k sweep
16: Identify and plot the optimal kappa value

17: Set k trained optimal kappa value

TABLE IV: Evaluate trained NLOS/LOS model on unseen data.

Data Split 1 Split 2 Split 3 Split 4 Split 5

MUD-123-W Train Train Train Train Infer

MUD-122-W Train Train Train Infer Train

MUD-121-W Train Train Infer Train Train

MUD-121-E Train Infer Train Train Train

MUD-122-E Infer Train Train Train Train

Per-Split Inference RMSE (dB)

Street-Clutter-LOS 2.4 4.1 7.3 5.9 6.3

Street-Clutter-NLOS 7.7 3.8 7.2 3.2 3.5

Street-Clutter-LOS Average Inference RMSE (dB)

5.2

Street-Clutter-NLOS Average Inference RMSE (dB)

5.1

model is consistent with the UMa measurements collected.

This model achieves an average RMSE of 4.3 dB across all

UMa NLOS routes measured, which is 6.6 dB more accurate

than the Street-Clutter-NLOS model. Recall that the Street-

Clutter-NLOS model assumes that the mmWave signal primar-

ily follows the urban canyon from the base, turning the corner

to reach the mobile. The Over-Top-NLOS model assumes that

the mmWave signal primarily propagates directly over the tops

of buildings separating the rooftop base from the mobile. Over-

Top-NLOS and Street-Clutter-NLOS model comparisons to

UMa data are illustrated in Fig. 6, as well as Slope-Intercept-

NLOS and 3GPP-UMa-NLOS which perform equally well as

Over-Top-NLOS.

B. AoA Evaluation

We inspect the AoA of the signals received in both UMi and

UMa scenarios. We want to see if the 28 GHz signals arrive

directly from the TX to the RX (geometric direct shot) or if

they take a different path, such as through the urban canyon.

We do this by quantifying its fit/divergence from the geometric

direct shot path between TX and RX.

1) UMa AoA: We analyzed the AoA of the transmitted

signal by identifying the angle of highest received power from

the rotating RX. Detailed AoA results for each UMa location

are shown in Fig. 7 and Table VI. We plotted the AoA from

consecutive measurements of both Before-Corner and After-

Corner segments in blue and orange, respectively, along with

the geometric direct shot AoA.

For Before-Corner segments, the average error compared

to the geometric direct shot is 2.0 degrees (standard deviation

Fig. 5: We verify the path loss predictions from Table IV by training  from
all 5 MUD datasets.

TABLE V: Path loss modeling for the UMa scenario. Over-Top-NLOS
appears to be the dominant propagation mechanism, with a 7 dB improvement
compared to Street-Clutter-NLOS.

JLG Best-Fit RMSE of UMa NLOS Models (dB)

Model LASALLE OLDBRWY AMS Avg.

Slope-Intercept-NLOS 3.3 3.6 4.9 3.9

Street-Clutter-NLOS 8.3 11.0 14.0 11.1

Street-Clutter-NLOS
+ Over-Top-NLOS

3.4 5.2 3.6 4.1

Over-Top-NLOS 3.3 5.1 4.4 4.3

3GPP-UMa-NLOS 3.1 3.6 7.0 4.6

9.5 degrees). For After-Corner segments, the average error is

3.5 degrees (standard deviation 18.5 degrees).

JLG1 The recorded peak angle aligns with the geometric

direct shot, especially in the After-Corner segment. The av-

erage bias for the After-Corner segment is 5.7 degrees, with

a large standard deviation of 27.2 degrees, where some error

from reflections with AoA approximately 180 degrees away,

likely indicating reflections from large buildings behind the

RX. Given JLG1’s rooftop location, 20 m higher than nearby

buildings, such signal propagation over the top of buildings is

reasonable.

JLG2 Similar to JLG1, the recorded peak angle aligns with

the geometric direct shot, especially in the After-Corner seg-

ments. The average bias for closer and further After-Corner

segments are 0.3 and 4.4 degrees, respectively with standard

deviation around 14 degrees for both cases. Some reflections

with AoA approximately 180 degrees away likely indicate

reflections from large buildings behind the RX. Given JLG2’s

rooftop location, 20 m higher than nearby buildings, such

propagation is reasonable to observe.

2) UMi AoA: We analyzed the AoA of the transmitted

signal by identifying the angle of highest power using a

rotating RX collecting power measurements at 360 degrees

with 1 degree intervals. Detailed results for each UMi location

are shown in Fig. 8 and Table VII, including consecutive

measurements for both Before-Corner and After-Corner seg-

ments, plotted in blue and orange, respectively, along with the

geometric direct shot AoA.

For Before-Corner segments, the average error compared to

the geometric direct shot is 3.1 degrees (standard deviation

10.1 degrees). For After-Corner segments, the average error is

18.5 degrees (standard deviation 16.8 degrees). These findings

improve our understanding of urban mmWave signal propaga-

tion in the UMi scenario, particularly when both the BS and





(a) 7thAVE (b) MUD

(c) LAW1 and LAW2 (d) BN

(e) CU (f) RIV

Fig. 8: Relative AoA vs. TX/RX Direction for all UMi measurement locations.

Fig. 9: Data rate estimates for 100m and 200m pre-corner distances.

We assume a 100 MHz bandwidth for mmWave FWA.

The degradation in gain (Gdeg) is calculated using a two-

step process: first, determining the effective beamforming

gain from After-Corner measurements for 90% coverage, then

calculating the difference from the nominal 14.5 dB gain. The

path gain (Gpath) is derived using 1 = 2 = 0.019 dB/m,

optimal for Upper and Lower Manhattan. r1 is either 100 m

or 200 m, with r2 being the variable of interest.

To estimate SNR and data rate, we use the following

parameters: 100 MHz bandwidth, 9 dBi receiver gain, 9 dB

receiver noise figure, and -85 dBm noise floor. The transmitter

power is 28 dBm, with gain of 23 dBi and, respectively. We

also consider a shadow fading margin (SFM) of 7.5 dB which

is a function of Street-Clutter-NLOS best-fit RMSE.

The SNR is calculated using the equation:

SNR = PTX+GTX+GRX�Gdeg�Gpath�SFM�NFRX

Including an overhead factor (⇢) of 0.6 and an implemen-

tation penalty (IP ) of 3 dB, the data rate is determined by:

Ratedata = ⇢B log2(1 + 10
SNR�IP

10 )

These calculations provide a preliminary understanding of

data rates in urban mmWave settings. However, future work

should incorporate factors like modulation, channel coding,

and MAC resource scheduling to refine these estimates. Fig. 9

presents data rate estimates for 100 m and 200 m Before-

Corner distances. As can be seen in the figure, even with 100 m

separation between deployments, the estimated data rate drops

from 330 Mbps to 34 Mbps after traveling just 50 m into the

corner. The average length of a NYC block is over 150 m,

and at 150 m, the data rate drops by a factor of over 60 times

compared to entering the corner.

VI. CONCLUSION

This study conducted extensive mmWave measurements in

the COSMOS FCC Innovation Zone in Manhattan, resulting

in over 20 million data points to evaluate path loss models.

The results in this paper show that our Diffraction-Inspired-

NLOS and Street-Clutter-NLOS models outperform the stan-

dard 3GPP-UMi-NLOS model by over 5 dB. Our Over-Top-

NLOS model also performs well with an RMSE of 4.3 dB,

suggesting its viability for elevated deployments.

Key insights include the impact of foliage and street clutter

on path loss, with higher path loss associated with higher

foliage density. Base station height is crucial, with lower

heights experiencing more signal attenuation. Analysis of AoA

indicates potential for MU-MIMO when in UMa scenarios.

These findings provide insights for Beyond-5G mmWave

networks, emphasizing the importance of environmental fac-

tors and specific deployment scenarios. In particular, MU-

MIMO may be feasible over rooftops, but is limited at balcony

levels common in urban deployments. Where such rooftops

are available, the dominant angle of arrival (AoA) deviates

by only 2 to 3.5 degrees from the direct transmitter/receiver

direction. This small deviation allows for effective spatial

separation between users, facilitating the future development

of MU-MIMO algorithms for Beyond-5G networks. For UMi

scenarios, we offer reliable around-corner coverage estimates

through extensive measurements.
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