Exploring Veo 3’s Capabilities for Generating Urban Traffic Scenes in 76 Cities
Worldwide
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Fig. 1. Counts of objects detected by YOLOv11x. ISO-3 code of the respective country are shown in brackets.
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Fig. 2. Mean sound intensity levels (in dBFS) detected in the videos, illustrating the variation in ambient traffic noise captured by the
model. The higher the value, the "louder" the video is, and vice versa.
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Fig. 3. Counts of objects detected by YOLOv11x for the 10 videos generated for each of New York City (USA) and Kampala (Uganda).
Bars are ordered chronologically (oldest to newest), illustrating that Veo 3 can produce highly similar outputs for the same prompt
across different generations

R wsx s s » & W s 1 X x (w S s) wm
mp (g™ )wm g 8 s ®SS ® W I PrSw » S sp smwm x
s r x s ®» s nwg " » » »nT ss S srprx
rsmwm s W x Tr »ox x s wr s m s ™ smwm s
wp s wr SW rur WS wg r rs XS W wgs r i ow
P St mwrsra wr °owr sg mx o wap gr wm  waws r's s s
» sr X s x X X
T - W TS M OPpPwW WX ‘ s(- ¥ S sSgm s) ™ ¥ x
»r w o s ® xfli s »suswg aus ws g 4s S P rsom rr mgs w
1( s s » rfi s w o » X spr wr ) (s rfi wms  w
oW o » X spr w«x ) us mom w spr uwoow
rfis ms s CRE 1 x or wn wmg pm owms W » rfi x s(/1 w
X /1w wcw /O wmos 1/4 ) »oowm 1/ swS w mxro) m »RRS » x
mr Tr s gr » » rfi wms s swm ox (/1) wp (/1) » s (/)
s w nOoRmom s wrwm o m R X N omSpr p W x rfli
s ms » rxfli ws S XSS r WS M RmWMS W W rom w xfl ss W
»owr s m rfi s mswm s s%r wmp AW w xS s rm »
we r o®mow x s T ws » e s W xS ww m R R » s
wr » » s ffrm ms ps «x » roxs W r fi s m

MUS TP SK W



s T & rs  wawa m ® X rs o w X P ST RS S S pppU TP
s W sp mos r » s SSP SKr WS S S s m s x »
x MX O mS W rfi wms s g rs s » we r

Fig. 4. A comparison between four independent raters for the perceived authenticity of the synthetic traffic scenes.
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(j) N’'Djamena, Chad
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(b) Algiers, Algeria

(e) Bangui, Central African Republic

(h) Kinshasa, Democratic Republic of the
Congo

(k) Tunis, Tunisia
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(c) Asmara, Eritrea

(f) Cairo, Egypt

(i) Lagos, Nigeria

(I) Zanzibar City, Tanzania

Fig. 5. Frames from Veo 3-generated dashcam videos showing daytime urban traffic scenes in major African cities.
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(a) Almaty, Kazakhstan

(d) Bangkok, Thailand

(g) Damascus, Syria

(j) Dubai, United Arab Emirates

(m) Kabul, Afghanistan

(b) Baghdad, Iraq

(e) Beijing, China

(h) Dhaka, Bangladesh

(k) Istanbul, Turkiye

(n) Karachi, Pakistan

(c) Baku, Azerbaijan

(f) Colombo, Sri Lanka

(i) Doha, Qatar

(I) Jakarta, Indonesia

(o) Kathmandu, Nepal

Fig. 6. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in major Asian cities (1).
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(a) Kuala Lumpur, Malaysia (b) Malé, Maldives (c) Mumbai, India
(d) Muscat, Oman (e) Phnom Penh, Cambodia (f) Pyongyang, North Korea
(g) Riyadh, Saudi Arabia (h) Seoul, South Korea (i) Tel Aviv, Israel
(j) Tehran, Iran (k) Tokyo, Japan (I) Yangon, Myanmar

Fig. 7. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in major Asian cities (11).
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(a) Amsterdam, Netherlands

(d) Berlin, Germany

(g) Dubrovnik, Croatia

(j) Lisbon, Portugal

(m) Oslo, Norway

(b) Athens, Greece

(e) Brussels, Belgium

(h) Helsinki, Finland

(k) London, United Kingdom

(n) Paris, France

(c) Barcelona, Spain

(f) Copenhagen, Denmark

(i) Kyiv, Ukraine

(I) Moscow, Russia

(o) Rome, Italy

Fig. 8. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in major European cities.
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(a) Sofia, Bulgaria (b) Stockholm, Sweden (c) Tirana, Albania

(d) Vatican City, Vatican (e) Warsaw, Poland (f) Zurich, Switzerland

Fig. 9. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in various European cities.

(a) Havana, Cuba (b) Mexico City, Mexico (c) New York City, United States

(d) Panama City, Panama (e) Toronto, Canada

Fig. 10. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in major North American cities.
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(a) Auckland, New Zealand (b) Funafuti, Tuvalu (c) Suva, Fiji

(d) Sydney, Australia

Fig. 11. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in major cities across Oceania.

(a) Asuncion, Paraguay (b) Buenos Aires, Argentina (c) Lima, Peru

(d) Montevideo, Uruguay (e) Quito, Ecuador (f) Rio de Janeiro, Brazil

(g) Santiago, Chile

Fig. 12. Frames from Veo 3-generated dashcam videos depicting daytime urban traffic scenes in major South American cities.
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