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Weather Data

Load JPEG images and metadata
from the fMoW RGB Dataset

Image Pairing

Group by location = Sort by time - Pair
images 212 months apart - Make 2-
frame video per pair

Query VisualCrossing API for hourly
weather data and identify the season
using metadata

Annotation Generation

Split data between GPT-40 and Gemini
2.0, to generate independent per-image
captions, and describe changes

Emission Data

Europe - Query Open-Meteo API
ELSE - Query OpenAQ API
Pad final dataset with diverse samples
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# Images (train/test)

Weather Sensors Emissions Sensors

fMoW Dataset
Modified Dataset

363,571 / 53,041
177,719 / 14,806

# Annotated Pairs (train/test)
0

152,710 / 10,020

None
CO, O3, NOg, etc.

None
Temp, Humidity, Dew, etc.
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Treemap of Image Counts by Country and Category
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TABLE III: £ ChatENV _ER#ZPERE (BT Qwen), MR N RILARN, S4B @R .

(a) =PrixE

(b) Pilnl g (M) BeE

Annotations Training Training

ChatGPT Base 0.124  0.430 0.824 0.496 0.710 Base 0.108  0.607  0.840  0.627  0.587
LoRA 0.242 0.702 0.889 0.733 0.818 LoRA 0.231  0.597  0.893  0.686  0.800
Lin. PROBE 0.233 0.648 0.884 0.699 0.817 Lin. PROBE 0.233 0.596 0.889 0.684 0.813
Gemini Base 0.122 0.450 0.825 0.490 0.692 Base 0.115 0.597 0.837 0.626 0.569
LoRA 0.208  0.803 0.902 0.763  0.826 LoRA 0.282 0.667 0.900 0.705 0.816
Lin. PROBE 0.289 0.794 0.899 0.752  0.830 Lin. PROBE 0.247 0.647 0.889 0.702 0.759
ChatGPT + Gemini  Base 0.124 0.445 0.825 0.495 0.705 Base 0111 0603 0838 0628 0576
E?R‘;ROBE O G ey R LoRA 0.254 0.646 0.895 0.695  0.809
- : : : : : Lin. PROBE 0.234 0.629 0.886 0.666 0.785
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TABLE IV: Video-LLaVA (7)) Fl LLaVA-NeXT-Video (47) BYH# . - MEAIFEAFERR A TR SR 0%

A S AR MR R A R TR R

By Fr

Annotations Training ROUGE-L SBERT BERT-F1 COMET KCE-F1
ChatGPT Base 0.116 0.118 0.562 0.563 0.540 0.546 0.436 0.444 0.495 0.500
10K 0.255 0.172 0.826 0.696 0.757 0.674 0.785 0.641 0.709 0.649
76K 0.224 0.243 0.859 0.868 0.743 0.776 0.789 0.800 0.736 0.758
Lin. 0.147 0.206 0.675 0.767 0.634 0.731 0.647 0.761 0.622 0.652
Probe
Gemini Base 0.073 0.079 0.551 0.552 0.512 0.519 0.414 0.421 0.450 0.455
10K 0.299 0.243 0.897 0.896 0.818 0.804 0.833 0.831 0.729 0.717
76K 0.246 0.238 0.868 0.894 0.774 0.770 0.805 0.824 0.720 0.732
Lin. 0.194 0.242 0.783 0.819 0.694 0.754 0.716 0.768 0.622 0.636
Probe
ChatGPT+Gemini Base 0.095 0.099 0.557 0.558 0.526 0.553 0.425 0.433 0.472 0.478
15K 0.238 0.208 0.861 0.820 0.770 0.755 0.810 0.806 0.639 0.688
152K 0.234 0.205 0.849 0.809 0.784 0.769 0.816 0.812 0.757 0.704
Lin. 0.215 0.201 0.825 0.705 0.735 0.761 0.748 0.798 0.626 0.685
Probe
v ™

Describe this image and the objects visible.
Given the following data: Season Spring, Temperature 6C,
Humidity 41.9%, Wind speed 7.2 KPH, Wind direction 110deg,
PM10 12.2ug/m3 , NO2 13ppm. European AQI 28.8.

Y

This image captures a large construction site during
spring. Several cranes, construction vehicles, and scattered
building materials are visible . Some buildings shown with visible
foundations, others partially built. Sparse vegetation and leafless
trees are also visible.

What will happen if the construction is done, and many buildings
are built over this patch of land?

The appearance of tall structures will obstruct and redirect wind
flow. The replacement of exposed soil and construction materials
with concrete contributes to urban heat retention. Lingering
construction dust could potentially increase PM10 levels. A
decrease in NO2 levels is expected as construction

to higher European AQI.

-
AA

<~ ground appears to be partially covered in concrete and asphalt. PM10 increased from 12.2
«—>

First Image Input

| Ground Truth Second Image I

| with the data: Season Spring,
Temperature 9C, Humidity

| 42.9%,Wind speed 7.4 KPH, Wind

| direction 260deg, PM10 14.2ug/m3

| NO2 7.9ppm. European AQI 33.2.

to 14.2 pg/m3 likely influenced by emissions from increased vehicular presence and
remaining construction dust. The decrease in NO, from 13 to 7.9 pg/m?® might |
| indicate reduced heavy equipment operation as construction ceased. the rise in AQl |

|
/

ceases. Increased vehicular traffic and human activity can contribute «—>| despite construction ending can likely be attributed to increased vehicular presence and | /

human activity.

Fig. 5: xR 75 ChatENV RBMEAH. . FELERIG FR MRS ORI 00N, PR I T — g St “an

SR A AT T AE VS Y, SRR AT BT TR [

K (HIHE) BB

FIAARF LS, Bt TR AE - S PM10 840, JETI5 NO2 i, Waialeias, PARIRHE £ 58 Ayt

Y,ﬂ**ii;ﬁﬂo

B A )l AT IR R B = R, SRR —
AMEEEE (AR . REARER?”) FE. ChatENV Y
B (2RE) SRS IREHR (46) fHHKSEE%E
AR RGL, XA, What-if 15 5E RS ER B
(B s IR MR « X RITHAT RE DR kT
RIS HIEER o PR SRR SL PR B, AR5 )
AR LRI, FEXLEAF LT, AT EEA R I
HUE PN

ARG T ChatENV, X2 —Fugh U i 1 8l X ER 5
VLM, GE5H A B TR 1 B0 B it B A R e
I A R e KR SRS HR AR, S5 Al R
PO T, DA MU A%, ChatENV 52
T AN HE F RSO IS AR . %R T
AOARLRER A . 2 FUEA B 1 SRS, SEan g
W], ChatENV Fek A B H AL e, XXt
I LRI S5 0 A B
RKTAE: BATEAE () BAELHHELIE (F141, SAR,
2. HSATEE), () FIATCIZ SR B AR T

KMERE, (1) @ idFF2ER) LoRA BB R SCRpSE AR
(iv) TRBEAG - TER BN, XL PR ChatENV
SE PLATITIN ERSE B RE Y B2
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Total Score Number of Samples
3 86
4 166
5 245
6 290
7 224
8 227
Subtotal ( < 9) 1,238
9 655
10 1,004
11 1,327
12 1,659
13 1,991
14 1,825
15 1,562
Subtotal (>9) 10,023
Total 11,261

TABLE V: FEAH B0 B0 731 o
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TABLE VI: £ LoRA #&F, *f Video-LLaVA Fil LLaVA-NeXT-Video R HE4T T RS BIZE, A T 10K/15K
FEAS, JBIR T A I L SR ERE . M A BCT A 3R 8 AR s 5 1S40 o

Annotations Sensor Video-LLaVA LLaVA-NeXT-Video

ChatGPT w/o 0.157 0.564 0.539 0.583 0.429 0.108 0.494 0.491 0.546 0.471

w/ 0.255 0.826 0.757 0.785 0.709 0.172 0.696 0.674 0.641 0.649
Gemini w/o 0.146 0.521 0.551 0.575 0.394 0.108 0.471 0.546 0.546 0.445
w/ 0.299 0.897 0.818 0.833 0.729 0.243 0.896 0.804 0.831 0.717
ChatGPT w/o 0.146 0.512 0.554 0.574 0.430 0.145 0.532 0.534 0.602 0.458
+Gemini w/ 0.238 0.861 0.770 0.810 0.639 0.208 0.820 0.755 0.806 0.688

APPENDIX B
PRATURR IR 4 5 R TR 5%

X} Video-LLaVA FI LLaVA-NeXT-Video BiZUFEATH MIVERAAFSE, S5 B457EFR VI b, WEARIE R E RN
THol. SEERIDVHEAEL, XA I 2R AR [ 55 E R R AT, HEETDERBIES LRALNE. A
M, SE&7E PR FIIZR Qwen BAURE], AU SE R PR G5 B, AT IBOA 1% 2 1Y il
USRI TRy itk
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