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Abstract

Deriving flights from ADS-B data is challenging due to inaccurate messages and poor network coverage,
particularly near airports. This paper presents and evaluates an ADS-B to flights algorithm that uses the
readsb legs algorithm for flight segmentation and a neural network for takeoff and landing airport deter-
mination. The proposed algorithm is compared against existing algorithms and published flight datasets
using ADS-B data from ADSB.lol, OpenSky, and ADS-B Exchange. Evaluation is performed against flight
records from the Bureau of Transportation Statistics (BTS), FAA SWIM SFDPS, and EUROCONTROL. The
proposed flight segmentation algorithm performs similarly to OpenSky’s published flights. The neural net-
work consistently outperforms OpenSky’s airport determination method and a nearest-airport approach.
Using OpenSky ADS-B data, the neural network improves landing airport accuracy from 90.89% to 95.51%
on BTS, 89.00% to 94.62% on SFDPS, and 82.97% to 90.31% on EUROCONTROL.
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1. Introduction

Companies such as FlightAware and FlightRadar24 derive flights from multiple sources (Figure 1).

FlightAware’s Data Sources

FlightAware began as a free interface into a single data feed from the FAA. Today, FlightAware provides the
most accurate and comprehensive flight tracking by fusing data from thousands of sources around the world.

Data Sources
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More data means better flight tracking. But first, it requires
sophisticated processing capabilities.

Tha HyperFMd@ maching learning and rules engine uses thousands of

proprietary modeis and algorithms to compile, evaluate and aggregate
over 10,000 aircraft position messages per second.

Figure 1. https://www.flightaware.com/about/datasources/
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ADS-B networks like ADSB.lol are the most accessible. Government sources have imperfect flight
data. They may censor or require the user to censor some flights. OpenSky and others derive flights
using only ADS-B.

2. Background and Related Work

In this paper, a “flight” is when an aircraft makes a takeoff and landing. When an aircraft lands
before taking off again and landing at the same airport, that is considered 2 separate flights.

2.1 Theory

ADS-B networks have incomplete coverage and the messages they receive are not always accu-
rate. These issues are discussed in [1, 2, 3] and elsewhere. For ADS-B to flight derivation a chal-
lenge is that ADS-B networks have worse coverage near the ground. Some flights have 0 messages
when the aircraft is on the ground. Therefore algorithms must guess which airport the aircraft took
off or landed at. Figure 2 demonstrates this as well as inaccurate on_ground, barometric altitude,

baro_altitude_ft and ground speed, ground_speed_kt message data.

2.2 Existing ADS-B to flights datasets

2.2.1 OpenSky
T used flights_4 table data.

2.2.2  ADSB Exchange
Data is released for the first of every month, partitioned by takeoff_time.

2.3 Existing ADS-B to flights related published algorithms

2.3.1 OpenSky

The heuristic algorithm is described in Section 3.2 of Strohmeier et al. [4]. I found the algorithm
described does not match the output of the flights_4 table since at least 2024.

2.3.2  Sun et al.: Flight Extraction and Phase Identification

Sun, Ellerbroek, and Hoekstra [5] use a machine-learning algorithm to segment ADS-B message
sequences into flights using the time gap between messages.

2.3.3 plane-notify

Sweeney [6] uses a state machine algorithm based on on_ground, altitude and time gap between mes-

sages. Airports are chosen by selecting the nearest airport to the identified takeoff/landing message
using Ourairports.com data, 4.4.1.

2.3.4 OpenAP [7], Traffic [8]

OpenAP uses fuzzy logic to detect flight phases; however, it does not have functionality to segment
a sequence of ADS-B messages into separate flights. Traffic uses a heuristic based on callsign and
time gap between messages.

2.3.5 Readsb Legs

readsb [9] uses a state machine incorporating hysteresis on altitude, speed and time gap between

messages to segment messages into “legs”. Legs are not flights but are close. The legs feature
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Figure 2. Hard ADS-B -> Flight Airport determination example. The nearest airport, US-3394 to the first flight’s endpoint is
not the correct landing airport nor is the more major airport, KCXO. https://globe.adsbexchange.com/?icao=a96262&lat=
30.170&lon=-97.400&zoom=7.2&showTrace=2026-04-01&leg=1



https://globe.adsbexchange.com/?icao=a96262&lat=30.170&lon=-97.400&zoom=7.2&showTrace=2026-04-01&leg=1
https://globe.adsbexchange.com/?icao=a96262&lat=30.170&lon=-97.400&zoom=7.2&showTrace=2026-04-01&leg=1
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is available on websites that use tar1090 [10] including globe.adsbexchange.com, map.opensky-

network.org, adsb.lol, and others.

2.4 Previous ADS-B to Flights evaluation

Goens et al. [11] use EUROCONTROL Airport Operator Data Flow (APDF) aggregate flight counts
at 10 major airports to evaluate an ADS-B to flights dataset derived as follows from OpenSky ADS-B
data.

The assignment process starts by grouping the state vectors based on the aircraft’s
Mode S transponder code (field icao24) and the flight’s ID (callsign). Each group is
further segmented if there is a gap greater than 30 minutes between subsequent state
vectors, with each segment assigned a splitnumber. [11, p. 4]

They found general agreement with some discrepancies e.g “The two major exceptions are Istanbul
(LTFM) and Paris Charles de Gaulle (LFPG). Coverage at these airports is limited in 2022 and 2023”.

3. ADS-B Networks

3.1 ADSB.lol

This network releases publicly downloadable historical ADS-B data from 2023-02-16 to present on
GitHub.

3.2 ADS-B Exchange

This network releases publicly downloadable full days of ADS-B data on the first of every month.
ADS-B Exchange has better coverage than the other 2 networks. This can be seen in Table 4 in the
better performance and lower percentages of gold ICAO addresses with zero detected flights.

3.3 OpenSky
T used ADS-B data from the state_vectors_data4 table.

4. Reference Flight Datasets

A ground truth dataset for this problem would contain all flights for a given aircraft over a specified
time period. Ideally, it would include flights that are challenging to derive from ADS-B data. I found
the following publicly available datasets to be the most suitable, although all contain both expected
and unexpected errors in flight segmentation and airport determination. A few examples of these
errors are provided. Discrepancies between surveillance-derived and flight event datasets were also
found by Hotle et al. [12].

4.1 Bureau of Transportation Statistics (BTS) On-Time Performance data

Historical Flight Data from 1987 to present day (with at least a 2 month lag) is publicly downloadable
from https://www.transtats.bts.gov/Fields.asp?gnoyr_VQ=FG]J. It contains flight data provided by
major US airlines in FAA airspace. Flight rows have WHEELS_OFF and WHEELS_ON columns, which I
use for takeoff_time and landing_time, respectively.

On 2026-03-01, BTS records incorrectly assign flights AS960 (PHOG-KSMF) and AS959 (KSMF-
PHOG) to registration N205AS (ICAO address ala4a7). The correct aircraft is N205HA, ala546.
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4.2 FAA SWIM SFDPS

The Federal Aviation Administration (FAA) System-Wide Information Management (SWIM) Flight
Data Publication Service (SFDPS) is downloadable in real time. I recorded this feed for 6 months.
Types of flights that may not be in this feed but do broadcast on ADS-B include visual flight rules
(VFR) flights and military flights. I derive flights from the raw messages.

For the aircraft in Figure 2, SFDPS reported these flights: KHYI — KCXO, 15:10-16:41; and KCXO
— KHYI, departing at 20:13 with no recorded arrival. This may have contributed to FlightRadar24
similarly incorrectly reporting a landing at KCXO (Figure 8).

4.3 Eurocontrol Aviation Data Repository for Research (ADRR)

ADRR publishes historical flights data of commercial and business aviation flights with a 1 year delay
in release [13]. On 2024-06-01, 3c6573 diverted from its EDDF — KDFW flight to KOKC, then flew

KOKC — KDFW. ADRR records KDFW as the first flight’s destination and omits the subsequent non
EU airspace flight, as expected (globe.adsbexchange.com/?icao=3c6573).

4.4 Supporting Data
441 Ourairports.com [14]

Airports dataset with airport_elevation_ft, lat, lon and other information including a qualitative
type field that labels airports as small, medium or large.

4.4.2 Mictronics Registration Data

BTS and Eurocontrol flights do not have ICAO addresses. The flights are identified by aircraft reg-
istration. Therefore, a registration -> ICAO mapping must be created. ADSB.lol ADS-B messages
include registration data from Mictronics [15], a database constructed from government sources and
individual contributors. o

Table 1. Aircraft categories of gold reference flights

BTS SFDPS Eurocontrol
2026-03-01 2026-03-01 2024-06-01
n=15951 n=23,013 n=28050

Category / description (%) (%) (%)

AO: No category information 0.24 0.03 1.66
Al: Light (e.g., Cessna 172) 0.09 5.73 1.34
A2: Small (e.g., CRJ-200) 5.50 20.54 7.99
A3: Large (e.g., Boeing 737 / Airbus A320) 90.82 67.21 75.66
A4: High-vortex large (Boeing 757) 1.66 1.18 0.43
A5: Heavy (e.g., Boeing 777) 1.10 2.46 12.14
A6: High-performance aircraft 0.00 0.05 0.00
AT: Rotorcraft 0.11 0.01 0.09
B0-D2: Other reported categories 0.03 0.01 0.07
Missing category (null / blank) 0.46 2.78 0.61

Table 2. Airport characteristics of gold reference flights

BTS SFDPS Eurocontrol

2026-03-01  2026-03-01 2024-06-01

n = 15,951 n = 23,013 n = 28,050

Airport characteristic TO/LD (%) TO/LD (%) TO/LD (%)

Airport size / type
Small airport 0.00/0.00 4.33/4.39 0.36/0.35

Continued on next page
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Airport characteristic BTS SFDPS  Eurocontrol
Medium airport 8.92/9.26 20.90/18.92 20.93/21.10
Large airport 91.08/90.74 74.72/76.67 78.66/78.51
Unknown / unresolved airport 0.00/0.00 0.04/0.02 0.00/0.00
No IATA or ICAO 0.00/0.00 1.35/1.40 0.07/0.08

Only small regional and/or general aviation airports have no assigned IATA or ICAO codes.

5. Methods

5.1 Flight Segmentation

The basis for the proposed flight segmentation algorithm uses the readsb legs algorithm. This pro-
posed algorithm outperforms the other existing algorithms in Section 2.3, Table 3.

Leg boundaries do not necessarily correspond to takeoff/landing time. Figure 3 illustrates this dis-
tinction. The proposed algorithm assigns takeoff_time to the first airborne message in the leg and
landing_time to the first subsequent ground message in the leg. If no subsequent ground message
is available, it uses the last message in the leg.

Another issue is that legs have no concept of the end of the available data. If it is given data starting
at 00:00 while the aircraft is broadcasting, this is where the first leg starts and therefore where the
first takeoff is identified. Similarly, if the aircraft is still flying at the end of the ADS-B message
sequence, e.g. 23:59, a landing will be produced. In the flight segmentation algorithm, I calculate
flights for a target_day but provide ADS-B messages from target_day —1 through target_day +1.
The flights produced are filtered to retain only those with a takeoff_time on target_day. I assume
flights are less than 24 hours.

A0275C - ADS-B Exchange - 1 March 2026
readsb leg 1 readsb leg 2

Takeoff Landing Takeoff Landing
00:40:34 )6:44:5 08:27:44 13:08:49
7 ' N\

readsb boundarjf

‘E 07:29:45 / ‘
4 . | B H ; :
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Figure 3. a0275c is on ground but still broadcasting messages. The leg boundary time is because readsb creates a new leg
if the aircraft has spent more than 45 minutes on the ground. https://globe.adsbexchange.com/?icao=a0275c&lat=35.923
&lon=-94.062&zoom=4.3&showTrace=2026-03-01&leg=1&timestamp=1772325571
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The readsb legs algorithm has errors which the flight segmentation algorithm will have too. For
example, Figures 4 and 5 show that 2 flights are identified as being 1 leg due to incorrect on_ground
values. Consequently, the segmentation algorithm produces only an incorrect flight, 18:47:13.875,
KSCK -> 20:23:32.531, KSCK over this time period for a60529.

- @ gbbemiibetine s e 17 NS s V] AT Kb e 10 - B st 17T 40313 .

Figure 4. A60529 legs failure, https://globe.adsbexchange.com/?icao=a60529&lat=37.893&lon=-121.255&zoom=14.7&sho

wTrace=2026-03-01&leg=3&timestamp=1772390834

5.2 Airport Neural Network

Gated Recurrent Unit (GRU) Neural Networks have been used in similar problems [16, 17, 18, 19]. For
determining the takeoff airport of a flight, the first 10 minutes of messages after the takeoff_time
are used. For performance considerations, features are generated on 32 of the messages. If there are
more than 32 messages in the first 10 minutes, then quadratic spacing is used to select more messages
closer to the takeoff_time. Using the lat, lon of the takeoff message, all airports within 200 km are
considered as candidates, limited to the 32 nearest if applicable due to performance considerations.

For each airport candidate, features for the selected 32 messages are derived from time, lat, lon,
baro_altitude_ft, ground_speed_kt, track_deg, baro_rate_fpm, and on_ground. No absolute fea-
tures of the aircraft or airport are used. lat, lon, and track_deg are made relative to each candidate
airport, Figure 6. The altitude above the airport, baro_altitude_ft - airport_elevation_ft, is also
a feature. Determining the landing airport is the same process but uses the 10 minutes of messages
before the landing_time.

The model was trained using ADSB.lo]l ADS-B data and airport labels from BTS and SFDPS flight
data for February 1-20, 2026, and validated on data from the same sources for February 21-27, 2026.

5.3 Evaluation

To compare a test flight dataset to a gold flight dataset, we consider segmentation and airport accu-
racy separately. A test flight matches a gold flight if its takeoff_time and landing_time are within
60 minutes of the gold flight’s values. This value was chosen arbitrarily; tolerances greater than 30
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Landing Landing
KLVK KSCK
19:11:41 20:21:29
Takeoff Takeoff
KSCK KLVK
{ 18:47:22 19:25:24
4000 4 : : Dotted lines: flight estimates. - 140
Fapa A e 120
;O T ", \

3000 - ¢ e \,
T - 100
& i =

| vy
£ ! - 80 §
é 2000 - 2

=
EI - 60 ,_g‘
g 2
& 1000 A f40 g
20
0 -0
T T T T T T T
18:45 19:00 19:15 19:30 19:45 20:00 20:15 20:30

Time (UTC), 2026-03-01

mmmm on_ground=False == on_ground=True

Figure 5. ADS-B messages of Figure 4. on_ground is always false, which is incorrect from 19:11:41 to 19:25:24.
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minutes minimally change metrics, as shown in Table 8. A gold flight can only be matched to 1 test
flight.

6. Results

TO: takeoff; LD: landing. Zero flights ICAOs (%): The percentage of ICAOs in the gold set that
have zero flights in the test set. This occurs when the ADS-B source contains no or insufficient
messages for the test source to output a flight. Airport acc.: Calculated on matched flights; null
airports are considered incorrect. Airport null rate: Calculated on matched flights. Time bias:

The mean signed difference between the test and gold takeoff/landing times, calculated on matched
flights.

Table 3. Algorithm comparison using OpenSky ADS-B

Test flights Segmentation Airport acc.
Method T P/R/F1(%) TO /LD (%)
BTS | 2026-03-01 | Gold ICAOs: 4,719 | Gold flights: 15,951
Sun 17,821 80.31/89.72/84.76 93.80/89.53
plane-notify 16,804 87.79/92.48/90.07 93.99/91.95
Traffic 22,785 62.59/89.40/73.63 90.79/85.29
SFDPS | 2026-03-01 | Gold ICAOs: 9,117 | Gold flights: 23,013
Sun 26,530 74.43/85.81/79.72 90.30/87.74
plane-notify 25,513 79.54/88.18/83.64 90.48 /89.50
Traffic 33,536 59.85/87.22/70.99 87.02/83.99
Eurocontrol | 2024-06-01 | Gold ICAOs: 7,875 | Gold flights: 28,050
Sun 33,757 62.69/75.44 /68.48 82.39/77.78
plane-notify 23,656 81.07/68.37/74.18 88.63/85.48
Traffic 47,862 43.88/74.88/55.34 80.95/76.20

Table 4. Flight segmentation and airport accuracy by ADS-B source

Test flights Segmentation Zero flights  Airport acc.
Method / ADS-B T P/R/F1(%) ICAOs(%) TO/LD (%)

BTS | 2026-03-01 | Gold ICAOs: 4,719 | Gold flights: 15,951

mﬁa/risss/é&sl&lo' 16,628 89.02/92.80 /90.87 1.04 gg;g;gggg
mﬁa/rif;é r%’i:;”Sky 16,878 88.83/93.99/91.33 0.74 gé:;g;gisi
sﬁa/r:s;s/é\f%x 17,276 88.67/96.03 /92.20 0.68 gg:gg;gg:gi
SFDPS | 2026-03-01 | Gold ICAOs: 9,117 | Gold flights: 23,013
mﬁa/risgs/éﬁ)slm"l 25,552 80.65/89.55 /84.87 4.49 Zgzigjgigé
mﬁa/r%s;é r%r;&nSky 25,663 80.56/89.84 / 84.95 4.68 gi:gg;gg:;g
mﬁa/risgs/;)?%x 26,566 80.00/92.35/85.73 4.14 gg:?i;gg:gi
Eurocontrol | 2024-06-01 | Gold ICAOs: 7,875 | Gold flights: 28,050
mﬁa/risgs/li&slm(’l 23,165 70.18/57.96 / 63.49 2.79 gg:g;ﬂ;z;‘;
Zﬁa/'f;;é r%‘:g”s“y 27,025 83.03/80.00 /81.49 1.82 gg:gg;gg:gg

Continued on next page
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Flight segmentation and airport accuracy by ADS-B source (continued)

Test flights Segmentation Zero flights Airport acc.
Method / ADS-B T P/R/F1(%) ICAOs(%) TO/LD (%)
Nearest / ADSBX 96.80/93.26
NN / ADSBX 28,564 85.43/86.99/86.20 0.18 97.41/94.82

Since ADS-B Exchange only provides a single day of data, all test_srcs were run with only the target_day, 2026-03-01, thus
there are lower segmentation scores than for Table 5.

Table 5. Flight evaluation by reference dataset

Test flights Segmentation Zero flights Airportacc. Airportnullrate  Time bias
Method T P/R/F1(%) ICAOs(%) TO/LD (%) TO/LD (%) TO/LD (min)
BTS | 2026-03-01 | Gold ICAOs: 4,719 | Gold flights: 15,951
OpenSky 83.24/75.29 12.86/10.98
OpenSky-Nearest 16,963 90.10/95.82/92.87 0.81 84.03/73.86 0.00/0.39 2.12/-1.80
OpenSky-NN 90.10/87.27 0.00/0.00
Nearest 92.95/90.89 0.00/0.00
NN 16,748 92.26/96.87 /94.50 0.81 97.00/95.51 0.00/0.00 1.01/0.64
SFDPS | 2026-03-01 | Gold ICAOs: 9,117 | Gold flights: 23,013
OpenSky 77.25/72.80 17.52/10.70
OpenSky-Nearest 25,388 81.90/90.35/85.92 6.36 78.61/71.50 0.00/0.47 2.44/-4.30
OpenSky-NN 86.53/85.28 0.04/0.00
Nearest 89.71/89.00 0.00/0.00
NN 25,378 83.54/92.12/87.62 5.34 95.19/94.62 0.01/0.00 1.05/-1.86
Eurocontrol | 2024-06-01 | Gold ICAOs: 7,875 | Gold flights: 28,050
OpenSky 77.77/78.77  19.93/15.98
OpenSky-Nearest 27,407 89.03/86.99/88.00 3.28 84.06/77.57 0.00/0.04 2.70/-3.53
OpenSky-NN 89.16 / 86.59 0.37/0.38
Nearest 87.24/82.97 0.00/0.00
NN 25,722 87.71/80.43/83.92 3.49 93.32/90.31 0.12/0.04 1.88/-1.67

Table 6. Eurocontrol algorithm airport accuracy on training and nontraining airports (2024-06-01)

Training
Training n  accuracy (%)
Method TO/LD TO/LD

Nontraining

Nontraining n accuracy (%)
TO/LD TO/LD

TO/LD

Drop (pp)

Nearest 97.65/97.11

21,454 /21,350

86.70/82.17 10.95/14.94

NN 1,108/1,212 4497/ 98.03

93.03/89.82  5.89/9.11

Some airports in Eurocontrol are also present in the training data such as London Heathrow (EGLL)

Table 7. Flight evaluation by reference dataset

Test flights Segmentation Zeroflights  Airportacc. Airportnullrate Time bias
Method T P/R/F1(%) ICAOs (%) TO /LD (%) TO/LD (%) TO/LD (min)
BTS | 2026-03-01 | Gold ICAOs: 4,719 | Gold flights: 15,951
ADS-B Exchange 15,086 94.31/89.19/91.68 1.84 100.00/99.97 0.00/0.00 0.61/0.91
SFDPS | 2026-03-01 | Gold ICAOs: 9,117 | Gold flights: 23,013
ADS-B Exchange 22,929 84.48/84.17/84.33 9.28 99.75/99.75 0.00/0.00 0.44/-1.40

The SWIM airport data for the example in Figure 2 is incorrect.
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7. Discussion

7.1 Flight Segmentation Algorithms are too good for the BTS and SFDPS datasets

In Table 4, for BTS and SFDPS, recall goes up as the quality of the ADS-B network increases, e.g.,
recall in ADS-B Exchange > OpenSky > ADSB.lol. Precision decreases. While the flights in the BTS
and SFDPS datasets are generally very accurate, they are missing many correct flights. Therefore,
as more correct flights are detected by the better networks, precision decreases. Eurocontrol does
not have this issue due to the dataset being in worse network coverage, resulting in less accurate
ADS-B-derived flights.

While there are examples of the reference datasets producing correctly segmented flights with wrong
airports (Figure 2) I don’t believe it is a significant occurrence, that substantially affects evaluation
conclusions.

7.2 Flight Segmentation

Table 5 shows that the flight segmentation of OpenSky and the proposed algorithm is similar. The
proposed algorithm slightly outperforms on BTS and SFDPS, while OpenSky outperforms on Euro-
control. There is no definitive evidence that the proposed flight segmentation algorithm is better or
worse than OpenSky.

7.3 OpenSky’s poor airport accuracy

OpenSky is using an QurAirports.com dataset from before 2022. I found the effect of this on accu-
racy to be <2%. As described in Strohmeier et al. [4], OpenSky outputs null for airports that are far
in altitude or distance from the first/last message of a flight segment. Its non-null airport accuracy
is 95.53/84.58, 93.66/81.52, 97.12/93.74 for takeoff/landing on BTS, SFDPS, and Eurocontrol, respec-

tively. This remains lower than the neural network for BTS and SFDPS but is higher for Eurocontrol.
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The neural network has worse performance on the matched flights of the OpenSky dataset than on
the matched flights of the proposed algorithm. I found that this is due to OpenSky’s takeoff/landing
times being further from the first/last message of the sequence; thus, the neural network had a less
useful 10 minutes/32 points of information.

7.4 Features not used

7.4.1 Flight Segmentation

Changes in callsign are not used. Some aircraft do not change callsign between consecutive flights.
Some aircraft such as General Aviation aircraft always use their registration as callsign. Like all
ADS-B fields callsign may be inaccurate.

7.4.2  Airport Neural Network

Most flights for a given ICAO address are continuous, meaning the takeoff airport of a flight is the
same as the landing airport of the previous flight. The takeoff or landing airport may be easier to
determine as shown in Figure 2. There are cases where flights are not continuous, such as when
an ICAO address is reassigned to another aircraft, when military aircraft reuse ICAO addresses, or
when aircraft use Privacy ICAO Addresses (PIA).

7.5 ADS-B Exchange Results

Compared with OpenSky and the proposed algorithm, ADS-B Exchange has lower recall but higher
precision: it misses more reference flights, but a greater proportion of the flights it reports are correct.

7.6 LLM algorithm improvement attempt

Asking ChatGPT-6 Astra XHigh Codex to improve the flight segmentation algorithm produced an
algorithm that scored better on the evaluation metrics but would also produce spurious flights lasting
5 minutes. It found a way to overfit to the test data even though I explicitly told it not to.

8. Conclusion

The airport neural network outperformed a nearest airport approach on the proposed algorithm
flight segments and OpenSky flight segments. It also outperformed the OpenSky airports.

It does not use features that could hurt generalization.

Appendix 1. Supplementary tables

Table 8. Matching-tolerance sensitivity against BTS on 2026-03-01, with a fixed scoring window of 01:00-23:00 UTC (inclu-
sive). Both methods use OpenSky ADS-B; Algorithm denotes algorithm-nn. All metrics are percentages.

OpenSky Algorithm
Tolerance (min)  Precision  Recall F1  Precision Recall F1
60 90.10 95.82 92.87 92.26  96.87 94.50
45 89.62 9531 92.38 92.23 96.84 94.48
30 88.75 94.38 91.48 92.12 96.72 94.37

10 80.39 8549 8286 88.00 9239 90.14
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